
SYSTEMS AND METHODS FOR DETERMINING AN INITIAL MARGIN 

CROSS-REFERENCE TO RELATED APPLICATIONS 

[0001] This application is a continuation-in-part of US Application Serial No. 16/046,190 filed 

July 26, 2018, which is a continuation of US Application Serial No. 14/303,941 filed June 13, 

2014 (now US Patent No. 10,102,581), which claims the benefit of US Application Serial No. 

61/835,711 filed June 17, 2013, the entire contents of each of which are incorporated herein by 

reference. 

TECHNICAL FIELD 

[0002] This disclosure relates generally to financial products, methods and systems, and more 

particularly to systems and methods for collateralizing risk of financial products. 

BACKGROUND 

[0003] Conventional clearinghouses collect collateral in the form of an "initial margin" ("TM") 

to offset counterparty credit risk (i.e., risk associated with having to liquidate a position if one 

counterparty of a transaction defaults). In order to determine how much IM to collect, 

conventional systems utilize a linear analysis approach for modeling the risk. This approach, 

however, is designed for financial products, such as equities and futures, that are themselves 

linear in nature (i.e., the products have a linear profit/loss scale of 1:1). As a result, it is not well 

suited for more complex financial products, such as options, volatile commodities (e.g., power), 

spread contracts, non-linear exotic products or any other financial products having non-linear 

profit / loss scales. In the case of options, for example, the underlying product and the option 

itself moves in a non-linear fashion, thereby resulting in an exponential profit / loss scale. Thus, 

subjecting options (or any other complex, non-linear financial products) to a linear analysis will 

inevitably lead to inaccurate IM determinations. 

[0004] Moreover, conventional systems fail to consider diversification or correlations between 

financial products in a portfolio when determining an IM for the entire portfolio. Instead, 

conventional systems simply analyze each product in a portfolio individually, with no 

consideration for diversification of product correlations. 

[0005] Accordingly, there is a need for a system and method that efficiently and accurately 

calculates IM for both linear and non-linear products, and that considers diversification and 

product correlations when determining IM for a portfolio of products. 
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SUMMARY 

[0006] The present disclosure relates to systems and methods of collateralizing counterparty 

credit risk for at least one financial product or financial portfolio comprising mapping at least 

one financial product to at least one risk factor, executing a risk factor simulation process 

comprising a filtered historical simulation process, generating product or portfolio profit and loss 

values and determining an initial margin for the financial product or portfolio. 

[0007] The present disclosure also relates to systems, methods and non-transitory computer-

readable mediums for efficiently modeling datasets. A system includes at least one computing 

device comprising memory and at least one processor. The memory stores a margin model and a 

liquidity risk charge (LRC) model. The processor executes computer-readable instructions that 

cause the system to: receive, as input, data defining risk factor data and additional data 

associated with at least one financial portfolio, where the at least one financial portfolio 

comprises at least one financial product and one or more currencies. The instructions also cause 

the system to execute the margin model, causing the margin model to execute a risk factor 

simulation process involving the received risk factor data. The risk factor simulation process 

comprises a filtered historical simulation process. The instructions also cause the system to 

generate, by the margin model, portfolio profit and loss values for the at least one financial 

portfolio based on output from the risk factor simulation process; and determine an initial margin 

for the at least one financial portfolio based on the portfolio profit and loss values. The 

instructions also cause the system to execute the LRC model, causing the LRC model to 

determine a portfolio level liquidity risk for the at least one financial portfolio, based on the 

additional data and portfolio profit and loss data from the margin model. The LRC model 

determines the liquidity risk based on one or more equivalent portfolio representations of the at 

least one portfolio. 

BRIEF DESCRIPTION OF THE DRAWINGS 

[0008] The foregoing summary and following detailed description may be better understood 

when read in conjunction with the appended drawings. Exemplary embodiments are shown in 

the drawings, however, it should be understood that the exemplary embodiments are not limited 

to the specific methods and instrumentalities depicted therein. In the drawings: 

[0009] Fig. 1 shows an exemplary risk engine architecture. 
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[0010] Fig. 2, 2A and 2B, collectively "Fig. 2," shows an exemplary diagram showing various 

data elements and functions of an exemplary system according to the present disclosure. 

[0011] Fig. 3 shows an exemplary implied volatility to delta surface graph of an exemplary 

system according to the present disclosure. 

[0012] Fig. 4 shows a cross-section of the exemplary implied volatility of an exemplary system 

according to the present disclosure. 

[0013] Fig. 5 shows an exemplary implied volatility data flow of an exemplary system according 

to the present disclosure. 

[0014] Fig. 6 shows a graphical representation of an exemplary transformation of delta-to-strike 

of an exemplary system according to the present disclosure. 

[0015] Fig. 7 shows an exemplary fixed time series of an exemplary system according to the 

present disclosure. 

[0016] Fig. 8 shows a chart of the differences between an exemplary relative and fixed expiry 

data series of an exemplary system according to the present disclosure. 

[0017] Fig. 9 shows a chart of an exemplary fixed expiry dataset of an exemplary system 

according to the present disclosure. 

[0018] Fig. 10 shows an exemplary clearinghouse account hierarchy of an exemplary system 

according to the present disclosure. 

[0019] Fig. 11 shows another exemplary clearinghouse account hierarchy of an exemplary 

system according to the present disclosure. 

[0020] Fig. 12 shows another exemplary clearinghouse account hierarchy of an exemplary 

system according to the present disclosure. 

[0021] Fig. 13 shows another exemplary clearinghouse account hierarchy of an exemplary 

system according to the present disclosure. 

[0022] Fig. 14 shows another exemplary clearinghouse account hierarchy of an exemplary 

system according to the present disclosure. 

[0023] Fig. 15 shows an exemplary hierarchy of a customer's account portfolio of an exemplary 

system according to the present disclosure. 

[0024] Fig. 16 is a functional block diagram of an example risk management system according 

to the present disclosure. 
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[0025] Fig. 17 is a functional block diagram of an example margin model of the risk 

management system shown in Fig. 16 according to the present disclosure. 

[0026] Fig. 18 is a functional block diagram of an example LRC model of the risk management 

system shown in Fig. 16 according to the present disclosure. 

[0027] Fig. 19 is a flowchart diagram of an example method of determining risk exposure and 

adjust parameters of the model system shown in Fig. 16 according to the present disclosure. 

[0028] Fig. 20 is a flowchart diagram of an example method of determining at least one initial 

margin according to the present disclosure. 

[0029] Fig. 21 is a flowchart diagram of an example method of generating a volatility forecast 

according to the present disclosure. 

[0030] Fig. 22 is a flowchart diagram illustrating an example method of determining an initial 

margin based on a volatility forecast according to the present disclosure. 

[0031] Fig. 23A is a functional block diagram of an example signal flow for determining the 

volatility forecast in connection with Fig. 21 according to the present disclosure. 

[0032] Fig. 23B is a functional block diagram of an example signal flow for determining an 

initial margin in connection with Fig. 22 according to the present disclosure. 

[0033] Fig. 24 is a flowchart diagram illustrating an example method of determining an LRC 

value for at least one portfolio according to the present disclosure. 

[0034] Fig 25 is a functional block diagram of an example signal flow for determining an LRC 

value by an LRC model according to the present disclosure. 

[0035] Fig. 26 is an illustration of example grouping methods for determining the LRC value 

according to the present disclosure. 

[0036] Fig. 27 is a flowchart diagram of an example method of generating synthetic data 

according to the present disclosure. 

[0037] Fig. 28 is a functional block diagram of an example computer system, according to the 

present disclosure. 

DETAILED DESCRIPTION 

Introduction  

[0038] The present disclosure relates generally to systems and methods for efficiently and 

accurately collateralizing counterparty credit risk. Notably, the systems and methods described 

herein are effective for use in connection with all types of financial products (e.g., linear and 
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non-linear, complex), and with portfolios of financial products, whether fully or partially 

diversified. 

[0039] As indicated above, conventional systems utilize a linear analysis approach for modeling 

risk of all types of financial products, including those financial products that are not themselves 

linear in nature. Moreover, conventional systems fail to consider diversification or correlations 

between financial products in a portfolio when determining an initial margin ("TM") for the 

entire portfolio. As will be appreciated, diversification and product correlations within a 

portfolio can offset some of the overall risk of the portfolio, thereby reducing the IM that needs 

to be collected. 

[0040] The systems and methods described herein address the foregoing deficiencies (as well as 

others) by providing new systems and methods that efficiently and accurately calculate IMs for 

both linear and non-linear products, and that consider diversification and product correlations 

when determining IM for a portfolio of products. 

[0041] In one aspect, the present disclosure relates to a novel multi-asset portfolio simulation 

system and method (also referred to herein as ICE Risk Model (IRM) system or margin model 

system). IRM, in one embodiment, utilizes a unique technique for determining IM that includes 

(without limitation) decomposing products (e.g., complex non-linear products) into their 

respective individual components, and then mathematically modeling the components to assess a 

risk of each component. For purposes of this disclosure, "decomposing" may be considered a 

mapping of a particular financial product to the components or factors that drive that product's 

profitability (or loss). This mapping may include, for example, identifying those components or 

factors that drive a financial product's profitability (or loss). A "component" or "factor" (or 

"risk factor") may therefore refer to a value, rate, yield, underlying product or any other 

parameter or object that may affect, negatively or positively, a financial product's profitability. 

[0042] Once the components (or factors) are mathematically modeled, a second mapping (in the 

reverse direction) may be executed in which the components (or factors) are then reassembled. 

In the context of this disclosure, "reassembling" components of a financial product may be 

considered an aggregation of the results of the modeling procedure summarized above. 

[0043] After the components (or factors) of the financial product are reassembled, the entire 

product may be processed through a filtered historical simulation (FHS) process to determine an 

IM (or a 'margin rate') for the financial product. 
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[0044] For purposes of this disclosure, the term "product" or "financial product" should be 

broadly construed to comprise any type of financial instrument including, without limitation, 

commodities, derivatives, shares, bonds, and currencies. Derivatives, for example, should also 

be broadly construed to comprise (without limitation) any type of options, caps, floors, collars, 

structured debt obligations and deposits, swaps, futures, forwards, and various combinations 

thereof. 

[0045] A similar approach may be taken for a portfolio of financial products (i.e., a financial 

portfolio). Indeed, a financial portfolio may be broken down into its individual financial 

products, and the individual financial products may each be decomposed into their respective 

components (or factors). Each component (or factor) may then be mathematically modeled to 

determine a risk associated with each component (or factor), reassembled to its respective 

financial product, and the financial products may then be reassembled to form the financial 

portfolio. The entire portfolio may then be processed through an FHS process to determine an 

overall margin rate for the financial portfolio as a whole. 

[0046] In addition, any correlations between the financial products or pertinent product hierarchy 

within the financial portfolio may be considered and taken into account to determine an IM (or a 

margin rate) for the financial portfolio. This may be accomplished, for example, by identifying 

implicit and explicit relationships between all financial products in the financial portfolio, and 

then accounting (e.g., offsetting risk) for the relationships where appropriate. 

[0047] As will be evident from the foregoing, the present disclosure relates to a top-down 

approach for determining IM that determines and offsets product risk where appropriate. As a 

result, the systems and methods described herein are able to provide a greater level of precision 

and accuracy when determining IM. In addition, this top-down approach facilitates the ability to 

compute an IM on a fully diversified level or at any desired percentage level. 

[0048] Systems and methods of the present disclosure may include and/or be implemented by 

one or more computers or computing devices. For purposes of this disclosure, a "computer" or 

"computing device" (these terms may be used interchangeably) may be any programmable 

machine capable of performing arithmetic and/or logical operations. In some embodiments, 

computers may comprise processors, memories, data storage devices, and/or other commonly 

known or novel components. These components may be connected physically or through 
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network or wireless links. Computers may also comprise software which may direct the 

operations of the aforementioned components. 

[0049] Exemplary (non-limiting) examples of computers include any type of server (e.g., 

network server), a processor, a microprocessor, a personal computer (PC) (e.g., a laptop 	
is 

computer), a palm PC, a desktop computer, a workstation computer, a tablet, a mainframe 

computer, an electronic wired or wireless communications device such as a telephone, a cellular 

telephone, a personal digital assistant, a voice over Internet protocol (VOIP) phone or a 

smartphone, an interactive television (e.g., a television adapted to be connected to the Internet or 

an electronic device adapted for use with a television), an electronic pager or any other 

computing and/or communication device. 

[0050] Computers may be linked to one another via a network or networks and/or via wired or 

wired communications link(s). A "network" may be any plurality of completely or partially 

interconnected computers wherein some or all of the computers are able to communicate with 

one another. The connections between computers may be wired in some cases (i.e. via wired 

TCP connection or other wired connection) or may be wireless (i.e. via WiFi network 

connection). Any connection through which at least two computers may exchange data can be 

the basis of a network. Furthermore, separate networks may be interconnected such that one or 

more computers within one network may communicate with one or more computers in another 

network. In such a case, the plurality of separate networks may optionally be considered to be a 

single network. 

Terms and Concepts 

[0051] The following terms and concepts may be used to better understand the features and 

functions of systems and methods according to the present disclosure: 

[0052] Account refers to a topmost level within a customer portfolio in the margin account 

hierarchy (discussed below) where a final margin is reported; the Account is made up of Sectors 

(discussed below). 

[0053] Backfilling See Synthetic Price Service (defined below). 

[0054] Backtesting refers to a normal statistical framework that consists of verifying that actual 

losses are in line with projected losses. This involves systematically comparing the history of 

VaR (defined below) forecasts with their associated portfolio returns. Three exemplary backtests 
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may be used to measure the performance of margining according to the present disclosure: Basel 

Traffic Light, Kupiec , and Christofferson Tests. 

[0055] Basel Traffic Light Test refers to a form of backtesting which tests if the margin model 

has too many margin breaches. 

[0056] Bootstrapping See Correlation Matrix Joint Distribution (defined below). 

[0057] Christoffersen Test refers to a form of backtesting which tests if the margin model has 

too many or too few margin breaches and whether the margin breaches were realized on 

consecutive days. 

[0058] Cleaned Data See Synthetic Data (defined below). 

[0059] Cleaned Historical Dynamic Data (CHDD) refers to a process to clean the raw time 

series data and store the processed financial time series data to be fed into a margin model as 

input. 

[0060] Conditional Coverage relates to backtesting and takes into account the time in which an 

exceptions occur. The Christoffersen test is an example of conditional coverage. 

[0061] Confidence Interval defines the percentage of time that an entity (e.g., exchange firm) 

should not lose more than the VaR amount. 

[0062] Contingency Group (CG) refers to collections of products that have direct pricing 

implications on one another; for instance, an option on a future and the corresponding future. An 

example of a CG is Brent = {B, BUL, BRZ, BRM, }, i.e., everything that ultimately refers to 

Brent crude as an underlying for derivative contracts. 

[0063] Contract refers to any financial instrument (i.e., any financial product) which trades on a 

financial exchange and/or is cleared at a clearinghouse. A contract may have a PCC (physical 

commodity code), a strip date (which is closely related to expiry date), a pricing type (Futures, 

Daily, Avg., etc.), and so on. 

[0064] Correlation Matrix Joint Distribution refers to a Synthetic Price Service (defined below) 

approach which builds a correlation matrix using available time series on existing contracts 

which have sufficient historical data (e.g., 1,500 days). Once a user-defined correlation value is 

set between a target series (i.e., the product which needs to be backfilled) and one of an existing 

series with sufficient historical data, synthetic returns for the target can be generated based on the 

correlation. 
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[0065] Coverage Ratio refers to a ratio comparing Risk Charge (defined below) to a portfolio 

value. This ration may be equal to the margin generated for the current risk charge day divided 

by the latest available portfolio value. 

[0066] DB Steering refers to an ability to manually or systematically set values in a pricing 

model without creating an offset between two positions. This may be applicable to certain 

instruments that are not correlated or fully correlated both statistically and logically (e.g., Sugar 

and Power). 

[0067] Diversification Benefit (DB) refers to a theoretical reduction in risk a financial portfolio 

achieved by increasing the breadth of exposures to market risks over the risk to a single 

exposure. 

[0068] Diversification Benefit (DB) Coefficient refers to a number between 0 and 1 that 

indicates the amount of diversification benefit allowed for the customer to receive. Conceptually, 

a diversification benefit coefficient of zero may correspond to the sum of the margins for the 

sub-portfolios, while a diversification benefit coefficient of 1 may correspond to the margin 

calculated on the full portfolio. 

[0069] Diversification Benefit (DB) Haircut refers to the amount of the diversification benefit 

charged to a customer or user, representing a reduction in diversification benefit. 

[0070] Dynamic VaR refers to the VaR of a portfolio assuming that the portfolio's exposure is 

constant through time. 

[0071] Empirical Characteristic Function Distribution Fitting (ECF) refers to a backfilling 

approach which fits a distribution to a series of returns and calculates certain parameters (e.g., 

stability a, scale a, skewness 13, and location µ.) in order to generate synthetic returns for any gaps 

such that they fall within the same calculated distribution. 

[0072] Enhanced Historical Simulation Portfolio Margining (EHSPM) refers to a VaR risk 

model which scales historical returns to reflect current market volatility using EWMA (defined 

below) for the volatility forecast. Risk Charges are aggregated according to Diversification 

Benefits. 

[0073] Estimated Weighted Moving Average (EWMA) is used to place emphasis on more recent 

events versus past events while remembering passed events with decreasing weight. 

[0074] Exceedance may be referred to as margin breach in backtesting and may be identified 

when Variation Margin is greater than a previous day's Initial Margin. 
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[0075] Exponentially Weighted Moving Average (EWMA) refers to a model used to take a 

weighted average estimation of returns. 

[0076] Filtered Data refers to option implied volatility surfaces truncated at (e.g., seven) delta 

points. 

[0077] Fixed Expiry refers to a fixed contract expiration date. As time progresses, the contract 

will move closer to its expiry date (i.e., time to maturity is decaying). For each historical day, 

settlement data which share the same contract expiration date may be obtained to form a time 

series, and then historical simulation may be performed on that series. 

[0078] Haircut refers to a reduction in the diversification benefit, represented as a charge to a 

customer. 

[0079] Haircut Contribution refers to a contribution to the diversification haircut for each pair 

at each level. 

[0080] Haircut Weight refers to the percentage of the margin offset contribution that will be 

haircut at each level. 

[0081] Historical VaR uses historical data of actual price movements to determine the actual 

portfolio distribution. 

[0082] Holding Period refers to a discretionary value representing the time horizon analyzed, or 

length of time determined to be required to hold assets in a portfolio. 

[0083] Implied Volatility Dynamics refers to a process to compute the scaled implied volatilities 

using the Sticky-Delta or Sticky-Strike method (defined below). It may model the implied 

volatility curve as seven points on the curve. 

[0084] Incremental VaR refers to the change in Risk of a portfolio given a small trade. This may 

be calculated by using the marginal VaR times the change in position. 

[0085] Independence In backtesting, Independence takes into account when an exceedance or 

breach occurs. 

[0086] Initial Margin (IM) refers to an amount of collateral that a holder of a particular 

financial product (or financial portfolio) must deposit to cover for default risk. 

[0087] Input Data refers to Raw data that is filtered into cleaned financial time series. The 

cleaned time series may be input into a historical simulation. New products or products without a 

sufficient length of time series data have proxy time series created. 

10 

EAST\171890952.1 



[0088] Kupiec Test refers to a process for testing, in the context of backtesting, which tests if a 

margin model has too many or too few margin breaches. 

[0089] Instrument Correlation refers to a gain in one instrument that offsets a loss in another 

instrument on a given day. At a portfolio level, for X days of history (e.g.,), a daily profit and 

loss may be calculated and then ranked. 

[0090] Margin Attribution Report defines how much of a customer's initial margin charge was 

from active trading versus changes in the market. In a portfolio VaR model, one implication is 

that customers' initial margin calculation will not be a sub-process of the VaR calculation. 

[0091] Margin Offset Contribution refers to the diversification benefit of a financial products to 

a portfolio (e.g., the offset contribution of combining certain financial products into the same 

portfolio versus margining the financial products separately). 

[0092] Margin Testing - Risk Charge testing may be done to assess how a risk model performs 

on a given portfolio or financial product. The performance tests may be run on-demand and/or 

as a separate process, distinct from the production initial margin process. Backtesting may be 

done on a daily, weekly, or monthly interval (or over any period). Statistical and regulatory tests 

may be performed on each model backtest. Margin Tests include (without limit) the Basel 

Traffic light, Kupiec, and Christofferson test. 

[0093] Marginal VaR refers to the proportion of the total risk to each Risk Factor. This provides 

information about the relative risk contribution from different factors to the systematic risk. The 

sum of the marginal VaRs is equal to the systematic VaR. 

[0094] Offset refers to a decrease in margin due to portfolio diversification benefits. 

[0095] Offset Ratio refers to a ratio of total portfolio diversification benefit to the sum of 

pairwise diversification benefits. This ratio forces the total haircut to be no greater than the sum 

of offsets at each level so that the customer is never charged more than the offset. 

[0096] Option Pricing refers to options that are repriced using the scaled underlying and implied 

volatility data. 

[0097] Option Pricing Library - Since underlying prices and option implied volatilities are 

scaled separately in the IRM option risk charge calculation process, an option pricing library 

may be utilized to calculate the option prices from scaled underlying prices and implied 

volatilities. The sticky Delta technique may also utilize conversions between option strike and 

delta, which may be achieved within the option pricing library. 
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[0098] Overnight Index Swap (OIS) refers to an interest rate swap involving an overnight rate 

being exchanged for a fixed interest rate. An overnight index swap uses an overnight rate index, 

such as the Federal Funds Rate, for example, as the underlying for its floating leg, while the 

fixed leg would be set at an assumed rate. 

[0099] Portfolio Bucketing refers to a grouping of clearing member's portfolios (or dividing 

clearing member's account) in a certain way such that the risk exposure of the clearinghouse can 

be evaluated at a finer grain. Portfolios are represented as a hierarchy from the clearing member 

to the instrument level. Portfolio bucketing may be configurable to handle multiple hierarchies. 

[0100] Portfolio Compression refers to a process of mapping a portfolio to an economically 

identical portfolio with a minimal set of positions. The process of portfolio compression only 

includes simple arithmetic to simplify the set of positions in a portfolio. 

[0101] Portfolio Risk Aggregation refers to the aggregated risk charge for each portfolio level 

from bottom-up. 

[0102] Portfolio Risk Attribution refers to the risk attribution for each portfolio from top-down. 

[0103] Portfolio VaR refers to a confidence on a portfolio, where VaR is a risk measure for 

portfolios. As an example, VaR at a ninety-nine percent (99%) level may be used as the basis for 

margins. 

[0104] Position In the Margin Account Hierarchy (discussed below), the position level is made 

up of distinct positions in the cleared contracts within a customer's account. Non-limiting 

examples of positions may include 100 lots in Brent Futures, -50 lots in Options on WTI futures, 

and -2,500 lots in AECO Basis Swaps. 

[0105] Product as indicated above, a product (or financial product) may refer to any financial 

instrument. In fact, the terms product and instrument may be used interchangeably herein. In 

the context of a Margin Account Hierarchy, Products may refer to groups of physical or financial 

claims on a same (physical or financial) underlying. Non-limiting examples of Products in this 

context may include Brent Futures, Options on WTI futures, AECO Natural Gas Basis swaps, 

etc. 

[0106] Raw Data refers to data which is obtained purely from trading activity recorded via a 

settlement process. 
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[0107] Raw Historical Dynamic Data (RHDD) refers to an ability to store historical financial 

time series for each unique identifier in the static data tables for each historical day (e.g., 

expiration date, underlying, price, implied volatility, moneyness, option Greeks, etc.). 

[0108] Relative Expiry - As time progresses, a contract remains at the same distance to its expiry 

date and every point in the time series corresponds to different expiration dates. For each 

historical day, settlement data which share the same time to maturity may be used to form the 

time series. 

[0109] Reporting refers to the reporting of margin and performance analytics at each portfolio 

hierarchy. A non-limiting example of a portfolio hierarchy grouping includes: Clearing Member, 

Clearing Member Client, Product type, Commodity type, instrument. Backtest reporting may be 

performed on regular intervals and/or on-demand. 

[0110] Return Scaling refers to a process to compute and scale returns for each underlying 

instrument and implied volatility in the CHDD. Scaling may be done once settlement prices are 

in a clearing system. 

[0111] Risk Aggregation refers to a process to aggregate risk charges from a sub-portfolio level 

to a portfolio level. This aggregation may be performed using the diversification benefits to off-

set. 

[0112] Risk Attribution refers to a process to attribute contributions to the risk charges of 

portfolios to sub-portfolios. 

[0113] Risk Charge refers to an Initial Margin applied to on the risk charge date. 

[0114] Risk Charge Performance Measurement refer to the performance metrics that are 

calculated on each backtest, which can be performed at specified intervals and/or by request. 

[0115] Risk Dashboard refers to a risk aggregation reporting tool (optionally implemented in a 

computing device and accessible via a Graphical User Interface (GUI)) for risk charges across all 

portfolio hierarchies. The Risk Dashboard may be configured to provides the ability to drill 

down into detailed analysis and reports across the portfolio hierarchies. 

[0116] Risk Factors — As indicated above, a Risk Factor may refer to any value, rate, yield, 

underlying product or any other parameter or object that may affect, negatively or positively, a 

financial product's profitability. Linear instruments may themselves be a risk factor. For each 

option product, the underlying instrument for every option expiry may be a risk factor. Seven (7) 

points on the implied volatility curve for every option expiry may also be risk factors. 
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[0117] Sector refers to a level of the Margin Account Hierarchy containing contingency groups. 

Non-limiting examples of sectors include North American Power, North American Natural Gas, 

UK Natural Gas, European Emissions, etc. 

[0118] Specific VaR refers to the Risk that is not captured by mapping a portfolio to risk factors. 

[0119] Static VaR refers to the VaR of a portfolio assuming that the portfolio's positions are 

constant through time. 

[0120] Sticky Delta Rule refers to a rule formulated under the assumption that implied volatility 

tends to "stick" to delta. The sticky delta rule may be used by quoting implied volatility with 

respect to delta. Having input a set of fixed deltas, for example, historical implied volatilities 

which come from pairing each delta to a unique option and matches each input delta with the 

option whose delta is closest to this input value may be obtained. This process results in an 

implied volatility surface. 

[0121] Synthetic Data corresponds to any data which has required Synthetic Price Service to 

backfill prices or fill in gaps where data is lacking. 

[0122] Synthetic Price Service, also referred to as Backfilling, refers to a process to logically 

simulate historical price data where it did not exist, with the goal of building a historical profit 

and loss simulation to submit into a VaR (Value at Risk) calculation. Non-limiting exemplary 

algorithms that may be utilized to generate synthetic prices include (without limitation): 

Empirical Characteristic Function Distribution Fitting (ECF) and Correlation Matrix Joint 

Distribution (e.g., Bootstrapping). 

[0123] Systematic VaR refers to the Risk that is captured by mapping a portfolio to risk factors. 

[0124] Time Series corresponds to any data which has required Synthetic Price Service to 

backfill prices or fill in gaps where data is lacking. 

[0125] Total VaR refers to Systematic VaR plus Specific VaR. 

[0126] Unconditional Coverage - In backtesting, these tests statistically examine the frequency 

of exceptions over some time interval. Basel Traffic Light and Kupiec can both be classified as 

non-limiting examples of unconditional coverage tests. 

[0127] VaR (Value at Risk) refers to the maximum loss a portfolio is expected to incur over a 

particular time period with a specified probability. 

[0128] Variation Margin (VM) refers to margin paid on a daily or intraday basis based on 

adverse price movements in contracts currently held in an account. VM may be computed based 
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on the difference between daily settlement prices and the value of the instrument in a given 

portfolio. 

[0129] Volatility Cap or Volatility Ceiling refers to an upper limit on how high a current 

backtesting day's forecasted volatility is allowed to fluctuate with respect to a previous 

backtesting day. The Volatility Cap may be implemented by using a multiplier which defines 

this upper limit. A Volatility Cap may be used to prevent a system from posting a very high 

margin requirement due to a spike in market volatility. 

[0130] Volatility Forecast refers to risk factor return volatility that is forecasted using an 

EWMA. The EWMA model may weight recent information more than past information which 

makes the risk factor return volatility more adaptive than a standard volatility estimate. 

[0131] Yield Curve describes interest rates (cost of borrowing) plotted against time to maturity 

(term of borrowing) and is essential to pricing options. 

[0132] Yield Curve Generator (YCG) refers to an algorithm which produces full Yield Curves 

by interpolating/extrapolating Overnight Index Swap (OIS) rates. 

Overview  

[0133] As noted above, the systems and methods of this disclosure provide a model for more 

efficiently and accurately determining initial margin. This new model (among other things) is 

able to scale linearly with the number of underlyings so that the introduction of new products or 

asset classes does not require an outsized amount of human interaction and ongoing 

maintenance. The model also allows control of diversification benefits at multiple levels in order 

to maintain a conservative bias, and may be explainable without large amounts of complex 

mathematics. 

[0134] The present disclosure takes an empirical approach to the risk of portfolios of financial 

products. As further discussed below, historical simulation may be utilized (as part of the margin 

model) to minimize the amount of prescription embedded within the risk charge framework, 

which allows for a more phenomenological approach to risk pricing that ties the results back to 

realized market events. The aim has been to make the framework as simple as possible while 

retaining the core functionality needed. 

[0135] Features of the model include (without limitation): utilizing a VaR as the risk measure; 

determining initial margin based on historical return; scaling market volatility of historical 

returns to reflect current market volatility; scaling each product in isolation and without 
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considering the market volatility of all other assets; volatility forecasting based on EWMA; full 

revaluation across the historical period for every position; sticky delta evolution of an option 

implied volatility surface; modeling an implied volatility surface using delta points (e.g., seven 

points) on a curve; dynamic VaR over holding periods; aggregating risk charges according to 

diversification benefits; calculating diversification benefits (DBs) from historical data (DBs can 

be prescribed as well); performance analysis on sufficient capital coverage and model accuracy; 

as well as others that will be apparent based on the following descriptions. 

[0136] The systems and methods of this disclosure may apply to any type of financial products 

and combinations thereof, including (without limitation): futures, forwards, swaps, 'vanilla' 

options (calls and puts), basic exercise (European and American), options (including options on 

first line swaps), fixed income products (e.g., swaps (IRS, CDS, Caps, Floors, Swaptions, 

Forward Starting, etc.)), dividend payments, exotic options (e.g., Asian Options, Barrier Options, 

Binaries, Lookbacks, etc.), exercise products (e.g., Bermudan, Canary, Shout, Swing, etc.). 

[0137] The model of the present disclosure may, in an exemplary embodiment, operate under the 

following assumptions, although said model may be implemented under additional, alternative or 

fewer assumptions: 

a. future volatility of financial returns may be estimated from the past volatility of 

financial returns; 

b. future (forecasts) may be similar to past performance (e.g., volatility, correlations, 

credit events, stock splits, dividend payments, etc.); 

c. EWMA may be utilized to estimate return volatility; 

d. an EWMA decay factor (e.g., of 0.97) may be used to weight historical returns; 

e. volatility scaling historical returns data to resemble more recent return volatility may 

be utilized to forecast future return volatility; 

f. the volatility of individual underlying products may be adjusted individually; 

g. portfolio exposures may be assumed constant over a holding period; 

h. the model assumes accurate data is input; 

i. disparity in local settlement time does not adversely impact the accuracy of the 

volatility forecast; 

j. a 99% VaR for a 1,000 day return series can be accurately estimated; 
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k. option implied volatility surface dynamics are relative to the current underlying 

instrument's price level; and 

1. full position valuation may be performed across historical windows of 1,000 days or 

more. 

[0138] Types of information and data that may be utilized by the model may include (without 

limitation): financial instrument data (e.g., static data (instrument properties), dynamic data 

(prices, implied volatilities, etc.)), portfolios (composition, diversification benefits, etc.), risk 

model configurations (e.g., EWMA decay factor, VaR level, days of historical returns, etc.). 

[0139] Components of a risk information system according to the present disclosure may include 

(without limitation): a financial instrument database (to store instrument properties, historical 

data, etc.), a data filter (to clean erroneous data, fill gaps in data, convert raw data into a time 

series, etc.), portfolio bucketing (to group portfolios by clearing member, client accounts, 

product, commodity, market type, etc.), portfolio compression (to net portfolios to a minimal set 

of positions, e.g., currency triangles, long and shorts on the same instrument, etc.), financial 

pricing library (e.g., option pricing, implied volatility dynamics, returns calculations, return 

scaling, etc.), currency conversion (e.g., converts returns to a common return currency for 

portfolios that contain positions in instruments with more than one settlement currency), risk 

library (to compute risk at the instrument level, compute risk at the portfolio levels, apply 

diversification benefits, etc.), performance analysis library (to perform backtests, compute 

performance measures, produce summary reports and analytics, etc.). 

[0140] Turning now to Fig. 1, an exemplary risk engine architecture 100 is shown. This 

exemplary architecture 100 includes a risk engine manager library 101 that provides main 

functionality for the architecture 100 and a communication library 102 that provides data 

communication functionality. Components such as a risk server 105 and a cluster of one or more 

servers 106 may provide data and information to the communication library 102. Data and 

information from the communication library 102 may be provided to a risk engine interface 

library 103, which provides an 'entrance' (e.g., daily risk calculation entrance and backtesting 

functionality entrance) into the risk engine calculation library 104. The risk engine calculation 

library 104 may be configured to perform daily risk calculations and backtesting functions, as 

well as all sub-functions associated therewith (e.g., data cleaning, time series calculations, option 

calculations, etc.). 

17 

EAST\171890952.1 



[0141] The exemplary architecture 100 also may include a unit test library 107, in 

communication with the communication library 102, risk engine interface library 103 and risk 

engine calculation library 104, to provide unit test functions. A utility library 108 may be 

provided in communication with both the risk engine interface library 103 and the risk engine 

calculation library 104 to provide in/out (I/O) functions, conversion functions and math 

functions. 

[0142] A financial engineering library 109 may be in communication with the utility library 108 

and the risk engine calculation library 104 to provide operations via modules such as an option 

module, time series module, risk module, simulation module, analysis module, etc. 

[0143] A reporting library 110 may be provided to receive data and information from the risk 

engine calculation library 104 and to communicate with the utility library 108 to provide 

reporting functions. 

[0144] Notably, the various libraries, modules and functions described above in connection with 

the exemplary architecture 100 of Fig. 1 may comprise software components (e.g. computer-

readable instructions) embodied on one or more computing devices (co-located or across various 

locations, in communication via wired and/or wireless communications links), where said 

computer-readable instructions are executed by one or more processing devices to achieve and 

provide their respective functions. 

[0145] Turning now to Fig. 2, 2A and 2B, collectively referred to as "Fig. 2" hereafter, an 

exemplary diagram 200 showing the various data elements and functions of an exemplary IRM 

system according to the present disclosure is shown. More particularly, the diagram 200 shows 

the data elements and functions provided in connection with products 201, prices 202, returns 

203, market risk adaptation 204, historical simulation 205, portfolios 206, margins 207 and 

reporting 208, and their respective interactions. These data components and functions may be 

provided in connection with (e.g., the components may be embodied on) system elements such 

as databases, processors, computer-readable instructions, computing devices (e.g., servers) and 

the like. 

[0146] An exemplary computer-implemented method of collateralizing counterparty credit risk 

in connection with one or more financial products may include receiving as input, by at least one 

computing device, data defining at least one financial product. The computing device may 

include one or more co-located computers, computers dispersed across various locations, and/or 
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computers connected (e.g., in communication with one another) via a wired and/or wireless 

communications link(s). At least one of the computing devices comprises memory and at least 

one processor executing computer-readable instructions to perform the various steps described 

herein. 

[0147] Upon receiving the financial product data, the exemplary method may include mapping, 

by computing device(s), the financial product(s) to at least one risk factor, where this mapping 

step may include identifying at least one risk factor that affects a profitability of the financial 

product(s). 

[0148] Next, the method may include executing, by the computing device(s), a risk factor 

simulation process involving risk factor(s) previously identified. This risk factor simulation 

process may include retrieving, from a data source, historical pricing data for the one risk 

factor(s), determining statistical properties of the historical pricing data, identifying any co-

dependencies between prices that exist within the historical pricing data and generating, as 

output, normalized historical pricing data based on the statistical properties and co-dependencies. 

[0149] The risk factor simulation process may also include a filtered historical simulation 

process, which may itself include a co-variance scaled filtered historical simulation that involves 

normalizing the historical pricing data to resemble current market volatility by applying a scaling 

factor to said historical pricing data. This scaling factor may reflect the statistical properties and 

co-dependencies of the historical pricing data. 

[0150] Following the risk factor simulation process, the exemplary method may include 

generating, by the computing device(s), product profit and loss values for the financial product(s) 

based on output from the risk factor simulation process. These profit and loss values may be 

generated by calculating, via a pricing model embodied in the computing device(s), one or more 

forecasted prices for the financial product(s) based on the normalized historical pricing data 

input into the pricing model, and comparing each of the forecasted prices to a current settlement 

price of the financial product(s) to determine a product profit or loss value associated with each 

of said forecasted prices. 

[0151] Next, the computing device(s) may determine an initial margin for the financial 

product(s) based on the product profit and loss values, which may include sorting the product 

profit and loss values, most profitable to least profitable or vice versa and selecting the product 

19 

EAST 171890952.1 



profit or loss value among the sorted values according to a predetermined confidence level, 

where the selected product profit or loss value represents said initial margin. 

[0152] In one exemplary embodiment, the historical pricing data may include pricing data for 

each risk factor over a period of at least one-thousand (1,000) days. In this case, the foregoing 

method may involve: calculating, via the pricing model, one-thousand forecasted prices, each 

based on the normalized pricing data pertaining to a respective one of the one-thousand days; 

determining a product profit or loss value associated with each of the one-thousand forecasted 

prices by comparing each of the one-thousand forecasted prices to a current settlement price of 

the at least one financial product; sorting the product profit and loss values associated with each 

of the one-thousand forecasted prices from most profitable to least profitable or vice versa; and 

identifying a tenth least profitable product profit or loss value. This tenth least profitable product 

profit or loss value may represent the initial margin at a ninety-nine percent confidence level. 

[0153] An exemplary computer-implemented method of collateralizing counterparty credit risk 

in connection with a financial portfolio may include receiving as input, by one or more 

computing device(s), data defining at least one financial portfolio. The financial portfolio(s) 

may itself include one or more financial product(s). As with the exemplary method discussed 

above, the computing device(s) used to implement this exemplary method may include one or 

more co-located computers, computers dispersed across various locations, and/or computers 

connected (e.g., in communication with one another) via a wired and/or wireless 

communications link(s). At least one of the computing devices comprises memory and at least 

one processor executing computer-readable instructions to perform the various steps described 

herein. 

[0154] Upon receiving the financial portfolio data, the exemplary method may include mapping, 

by the computing device(s), at least one financial product in the portfolio to at least one risk 

factor by identifying at least one risk factor that affects a probability of said financial product(s). 

[0155] Next, the computing device(s) may execute a risk factor simulation process involving the 

risk factor(s). This risk factor simulation process may include retrieving, from a data source, 

historical pricing data for the risk factor(s) and determining statistical properties of the historical 

pricing data. Then, any co-dependencies between prices that exist within the historical pricing 

data may be identified, and a normalized historical pricing data may be generated based on the 

statistical properties and the co-dependencies. 
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[0156] The risk factor simulation process may further include a filtered historical simulation 

process. This filtered historical simulation process may include a co-variance scaled filtered 

historical simulation that involves normalizing the historical pricing data to resemble current 

market volatility by applying a scaling factor to the historical data. This scaling factor may 

reflect the statistical properties and co-dependencies of the historical pricing data. 

[0157] Following the risk factor simulation process, the exemplary method may include 

generating, by the computing device(s), product profit and loss values for the financial product(s) 

based on output from the risk factor simulation process. Generating these profit and loss values 

may include calculating, via a pricing model embodied in the computing device(s), one or more 

forecasted prices for the financial product(s) based on the normalized historical pricing data 

input into said pricing model; and comparing each of the forecasted prices to a current settlement 

price of the at financial product(s) to determine a product profit or loss value associated with 

each of said forecasted prices. 

[0158] The profit and loss values of the respective product(s) may then be aggregated to generate 

profit and loss values for the overall financial portfolio(s). These portfolio profit and loss values 

may then be used to determine an initial margin for the financial portfolio(s). In one 

embodiment, the initial margin determination may include sorting the portfolio profit and loss 

values, most profitable to least profitable or vice versa; and then selecting the portfolio profit or 

loss value among the sorted values according to a predetermined confidence level. The selected 

portfolio profit or loss value may represent the initial margin. 

[0159] In one exemplary embodiment, the historical pricing data may include pricing data for 

each risk factor over a period of at least one-thousand (1,000) days and the financial portfolio 

may include a plurality of financial products. In this case, the foregoing method may involve: 

calculating, via the pricing model, one-thousand forecasted prices for each of the plurality of 

financial products, where the forecasted prices are each based on the normalized pricing data 

pertaining to a respective one of the one-thousand days; determining one-thousand product profit 

or loss values for each of the plurality of financial products by comparing the forecasted prices 

associated each of the plurality of financial products to a respective current settlement price; 

determining one-thousand portfolio profit or loss values by aggregating a respective one of the 

one-thousand product profit or loss values from each of the plurality of financial products; 

sorting the portfolio profit and loss values from most profitable to least profitable or vice versa; 
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and identifying a tenth least profitable portfolio profit or loss value. This tenth least profitable 

product profit or loss value may represent the initial margin at a ninety-nine percent confidence 

level. 

[0160] An exemplary system configured for collateralizing counterparty credit risk in connection 

with one or more financial products and/or one or more financial portfolios may include one or 

more computing devices comprising one or more co-located computers, computers dispersed 

across various locations, and/or computers connected (e.g., in communication with one another) 

via a wired and/or wireless communications link(s). At least one of the computing devices 

comprises memory and at least one processor executing computer-readable instructions that 

cause the exemplary system to perform one or more of various steps described herein. For 

example, a system according to this disclosure may be configured to receive as input data 

defining at least one financial product; map the financial product(s) to at least one risk factor; 

execute a risk factor simulation process (and/or a filtered historical simulation process) involving 

the risk factor(s); generate product profit and loss values for the financial product(s) based on 

output from the risk factor simulation process; and determine an initial margin for the financial 

product(s) based on the product profit and loss values. 

[0161] Another exemplary system according to this disclosure may include at least one 

computing device executing instructions that cause the system to receive as input data defining at 

least one financial portfolio that includes at least one financial product; map the financial 

product(s) to at least one risk factor; execute a risk factor simulation process (and/or a filtered 

historical simulation process) involving the risk factor(s); generate product profit and loss values 

for the financial product(s) based on output from the risk factor simulation process; generate 

portfolio profit and loss values for the financial portfolio based on the product profit and loss 

values; and determine an initial margin for the financial portfolio(s) based on the portfolio profit 

and loss values. 

[0162] A more detailed description of features and aspects of the present disclosure are provided 

below. 

Volatility Forecasting 

[0163] A process for calculating forecasted prices may be referred to as volatility forecasting. 

This process involves creating "N" number of scenarios (generally set to 1,000 or any other 

desired number) corresponding to each risk factor of a financial product. The scenarios may be 
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based on historical pricing data such that each scenario reflects pricing data of a particular day. 

For products such as futures contracts, for example, a risk factor for which scenarios may be 

created may include the volatility of the futures' price; and for options, underlying price 

volatility and the option's implied volatility may be risk factors. As indicated above, interest rate 

may be a further risk factor for which volatility forecasting scenarios may be created. 

[0164] The result of this volatility forecasting process is to create N number of scenarios, or N 

forecasted prices, indicative of what could happen in the future based on historical pricing data, 

and then calculate the dollar value of a financial product or of a financial portfolio (based on a 

calculated dollar value for each product in the portfolio) based on the forecasted prices. The 

calculated dollar values (of a product or of a financial portfolio) can be arranged (e.g., best to 

worst or vice versa) to select the fifth percentile worst case scenario as the Value-at-Risk (VaR) 

number. Note here that any percentile can be chosen, including percentiles other than the first 

through fifth percentiles, for calculating risk. This VaR number may then be used to determine 

an initial margin (IM) for a product or financial portfolio. 

[0165] In one embodiment, the methodology used to perform volatility forecasting as 

summarized above may be referred to as an "exponentially weighted moving average" or 

"EMWA" methodology. Inputs into this methodology may include a scaling factor (A) that may 

be set by a programmed computer device and/or set by user Analyst, and price series data over 

"N" historical days (prior to a present day). For certain financial products (e.g., options), the 

input may also include implied volatility data corresponding to a number of delta points (e.g., 

seven) for each of the "N" historical days and underlying price data for each of the "N" historical 

days. 

[0166] Outputs of this EMWA methodology may include a new simulated series of risk factors, 

using equations mentioned below. 

[0167] For certain financial products such as futures, for example, the EMWA methodology may 

include: 

1. Determining fix parameter values (N): 

(1) 	N = 1000,A = .97 

2. Gathering instrument price series (Ft): 

Ft, F1000, F999, ••• F1, where F1000 is a current day's settlement price 
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3. Calculating Log returns ri : 

F. 
(2) ri=log 

' /-1 

4. Calculating sample mean of returns 12: 

N -1 
1 

(3) 	= N — 	rt 
i=1 

5. Calculating sample variance of returns -13 : 

1=1 

6. Calculating EMWA scaled variance (e1), this may be the first step of generating a 

volatility forecast: A first iteration equation may use V: 

(5) 	ej  = (1 — A) * (rj  — ft) + A * 

then, a next iteration may proceed as: 

(6) 	01  = (1 — A)* (rj  — 	+ A * ej_i, 

where ej _1  refers to value from previous iteration 

7. Calculating EMWA standardized log returns Zi: 

u•) 	 r • 

(7) "z— je
legy 	or 

J 

8. Calculating Volatility a; : 

(8) 	"a.= max(v 
J

•
'J  
6.) 

[0168] For other financial products, such as options for example, the EMWA methodology may 

include performing all of the steps discussed above in the context of futures (i.e., steps 1-8) for 
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each underlying future price series and for the implied volatility pricing data corresponding to 

the delta points. 

Implied Volatility Dynamics 

[0169] When modeling risk for options, the "sticky delta rule" may be used in order to 

accurately forecast option implied volatility. The 'delta' in the sticky delta rule may refer to a 

sensitivity of an option's value to changes in its underlying's price. Thus, a risk model system or 

method according to this disclosure is able to pull implied volatilities for vanilla options and 

implied correlations for cal spread options (CSOs), for example, by tracking changes in option 

implied volatility in terms of delta. 

[0170] More particularly, the sticky delta rule may be utilized by quoting implied volatility with 

respect to delta. Having input a set of fixed deltas, historical implied volatilities which come 

from pairing each delta to a unique option may be obtained. Each input delta may then be 

matched with the option whose delta is closest to this input value. The implied volatility for each 

of these options can then be associated with a fixed delta and for every day in history this process 

is repeated. Ultimately, this process builds an implied volatility surface using the implied 

volatility of these option-delta pairs. An exemplary implied volatility to delta surface 300 is 

shown in Fig. 3. 

[0171] Using an implied volatility surface, the implied volatility of any respective option may be 

estimated. In particular, systems and methods according to this disclosure may perform a 

transformation from delta space to strike space for vanilla options in order to obtain a given 

option's implied volatility with respect to strike; for CSOs, strikes may be pulled as well. In 

other words, given any strike, the systems and method of this disclosure can obtain its implied 

volatility. 

[0172] The sticky delta rule is formulated under the impression that implied volatility tends to 

"stick" to delta. Under this assumption, changes in implied volatility may be captured by 

tracking these "sticky deltas." The present disclosure uses these "sticky deltas" as anchors in 

implied volatility surfaces which are then transformed to strike space in order to quote a given 

option implied volatility. 

[0173] Given inputs of implied volatilities of the "sticky deltas," implied volatility for any given 

option may be determined. For CSOs, for example, the delta to strike transformation may not be 

required, since implied correlation is used to estimate prices. 
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[0174] A delta surface may be constructed using fixed delta points (e.g., seven fixed delta 

points) and corresponding implied volatilities. Linear interpolation may be used to find the 

implied volatility of a delta between any two fixed deltas. In practice, the implied volatility 

surface may be interpolated after transforming from delta space to strike space. This way, the 

implied volatility for any strike may be obtained. A cross-section 400 of the exemplary implied 

volatility surface of Fig. 3 is shown in Fig. 4. 

[0175] Fig. 5 shows an exemplary implied volatility data flow 500, which illustrates how the 

EWMA scaling process 505 may utilize as few as one (or more) implied volatility 503 and one 

(or more) underlying price 504 to operate. This is the case, at least in part, because (historical) 

implied volatility returns 501 and underlying price series returns 502 are also inputs into the 

EWMA scaling process 505. EWMA scaling 505 is able to make these return series comparable 

in terms of a single input price 504 and a single implied volatility 503, respectively. In effect, 

EWMA scaling provides normalized or adapted implied volatilities 506 and underlying prices 

507. 

[0176] The adapted implied volatilities 506 and underlying prices 507 may then be used by a 

Sticky Delta transformation process 508 to yield adapted implied volatilities with respect to 

Strike 509. This may then be fed into an interpolation of surface process 510 to yield implied 

volatilities 511. The implied volatilities 511 as well as EWMA adapted underlying prices 507 

may be utilized by an Option Pricer 512, together with option parameters 513 to yield an EWMA 

adapted option series 514. 

Transformation of Delta to Strike  

[0177] In order to find the implied volatility for any given vanilla option or CSO, the systems 

and methods of the present disclosure may utilize a transformation of delta space to strike space. 

A graphical representation of an exemplary transformation of delta-to-strike 600 is shown in Fig. 

6. 

[0178] Given any strike, the present disclosure provides means for identifying the respective 

implied volatility. This transformation may be carried out using the following formula, the 

parameters of which are defined in Table 1 below: 

F 
(9) 	K = 

 

exp (a-If • N-1(exp(rt)) — 2 t) 
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Table 1: Delta to Strike Conversion Parameters 

Parameters Descriptions 

N-10 The inverse of the cumulative distribution of the 
standard normal distribution 

F EWMA adapted price of the underlying future 

K Strike price 

a Volatility of option returns 

t Time to expiry 

r Risk-free rate 

Systems and methods according to this disclosure may utilize implied volatility along with 

EWMA adapted forward price to estimate the price of a financial product such as an option, for 

example. Details for calculating the EWMA adapted forward price are discussed further below. 

[0179] To capture the risk of options (although this process may apply to other types of financial 

instruments), for example, systems and methods according to this disclosure may track risk 

factors associated with the financial product. In this example, the risk factors may include: an 

option's underlying price and the option's implied volatility. As an initial step, an implied 

volatility surface in terms of delta may be calculated. With this volatility surface, and using the 

sticky delta rule, the current level of implied volatility for any respective option may be 

determined. 

[0180] Inputs for using the sticky delta rule may include: historical underlying prices, fixed 

deltas [if seven deltas are used, for example, they may include: .25, .325, .4, .5, .6, .675, .75], 

historical implied volatilities for each fixed delta, for CSOs, historical implied correlations for 

each fixed delta, and for CSOs, historical strike for each fixed delta. 

[0181] Notably, when calculating VaR for options, implied volatilities may be used to estimate 

option price. Implied volatility in the options market seems to move with delta. Using the sticky 

delta rule to track changes in implied volatility may therefore lead to accurate forecasts of 

implied volatility for all respective securities. 
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Volatility Ceiling 

[0182] A volatility ceiling, or volatility cap, may be an upper limit on how high a current 

backtesting day's forecasted volatility is allowed to fluctuate with respect to a previous 

backtesting day. This volatility ceiling may be implemented by using a multiplier which defines 

this upper limit. In a real-time system, which is forecasting margins instead of using backtesting 

days, the terminology "yesterday's forecasted volatility" may be used. 

[0183] The idea of a volatility ceiling is to prevent the system from posting a very high margin 

requirement from the client due to a spike in market volatility. A margin call which requires the 

client to post a large margin, especially during a market event, can to add to systemic risk (e.g., 

by ultimately bankrupting the client). Hence, the idea would be to charge a margin which is 

reasonable and mitigates clearinghouse risk. 

[0184] If the volatility forecast for a future time period (e.g., tomorrow) is unreasonably high 

due to a volatility spike caused by a current day's realized volatility, then it is possible that an 

unconstrained system would charge a very high margin to a client's portfolio under 

consideration. Typically, this may occur when a market event has occurred related to the 

products in the client's portfolio. This can also happen if there are 'bad' data points; typically, 

post backfilling, if returns generated fluctuate too much then this case can be encountered. 

[0185] As noted above, charging a very high margin in case of a market event can add on to the 

systemic risk problem of generating more counterparty risk by potentially bankrupting a client 

that is already stretched on credit. Hence, the present disclosure provides means for capping the 

volatility and charging a reasonable margin which protects the clearinghouse and does not add to 

the systemic risk issue. 

[0186] Inputs into a system for preventing an unreasonably high margin call may include: a 

configurable multiplier alpha a (e.g., set to value 2), previous backtesting day's (or for live 

system yesterday's) forecasted volatility, ai_i and current day's (e.g., today's) forecasted 

volatility, ai. Output of such a system may be based on following equation: 

(10) 	o-i  = min(at  , a * o-i _i), 

where ai is reassigned to a new volatility forecast, which is the minimum of today's volatility 

forecast, or alpha times yesterday's forecast. 

[0187] An initial step in the process includes defining a configurable parameter, alpha, which 

may be input directly into the system (e.g., via a graphical user interface (GUI) embodied in a 
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computing device in communication with the system) and/or accepted from a control file. Then, 

the following steps can be followed for different types of financial products. 

[0188] For futures (or similar types of products): 

1. For backtesting, a variable which holds previous backtesting day's volatility forecast 

may be maintained in the system; and for a live system, yesterday's volatility forecast may be 

obtained in response to a query of a database storing such information, for example. 

2. The new volatility may be determined based on the following equation: 

(11) 	6i  = min(o-i  , a * o-i _1) 

[0189] For options (or similar types of products): 

1. For backtesting, a vector of x-number (e.g., seven (7)) volatility values for previous 

day corresponding to the same number (e.g., seven (7)) on delta points on a volatility surface 

may be maintained; and for the live system, yesterday's volatility forecast for each of the seven 

delta points on the volatility surface may be obtained in response to a query of a database, for 

example. 

2. The new volatility corresponding to each point may be determined based on the 

following equation: 

(12) 	af = min(ar, a * o]31), where p is delta point index 

[0190] Under normal market conditions, a volatility cap of a=2 should have no impact on 

margins. 

Configurable Holding Period 

[0191] Two notable parameters of VaR models include the length of time over which market risk 

is measured and the confidence level. The time horizon analyzed, or the length of time 

determined to be required to hold the assets in the portfolio, may be referred to as the holding 

period. This holding period may be a discretionary value. 

[0192] The holding period for portfolios in a risk model according to this disclosure may be set 

to be one (1) day as a default, which means only the risk charge to cover the potential loss for the 

next day is considered. However, due to various potential regulatory requirements and potential 

changes in internal risk appetite, this value may be configurable to any desired value within the 

risk architecture described herein. This allows for additional scenarios to be vetted under varying 

rule sets. The configurable holding period can enhance the ability of the present disclosure to 
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capture the risk for a longer time horizon. The following items illustrate a high level overview of 

the functionality involved: 

a. the holding period, n-days, may be configured in a parameter sheet; 

b. the holding period value may impact returns calculations; 

c. n-day returns, historical returns over the holding period [e.g., ln(Price(m) / Price(m-

n))] may be computed; 

d. analytics may be performed on the n-return series; 

e. historical price simulations may be performed over the n-day holding period; and 

f. profit and loss determinations may be representative of the profit and loss over the 

holding period. 

[0193] With a configurable holding period, the time horizon of return calculations for both future 

and implied volatility (e.g., for options) may not simply be a single day. Instead, returns may be 

calculated according to the holding period specified. 

[0194] In a VaR calculation, sample overlapping is also allowed. For example, considering a 

three-day holding period, both the return from day one to day four and the return from day two to 

day five may be considered to be valid samples for the VaR calculation. 

[0195] In backtesting, daily backtests may also be performed. This means performing 

backtesting for every historical day that is available for the risk charge calculation. However, 

since the risk charge calculated for each backtesting day may have a multiple-day holding 

period, risk charge may be compared to the realized profit/loss over the same time horizon. 

[0196] Notably, VaR models assume that a portfolio's composition does not change over the 

holding period. This assumption argues for the use of short holding periods because the 

composition of active trading portfolios is apt to change frequently. However, there are cases 

where a longer holding period is preferred, especially because it may be specified by regulation. 

Additionally, the holding period can be driven by the market structure (e.g., the time required to 

unwind a position in an over-the-counter (OTC) swaps market may be longer than the exchange 

traded futures markets). The holding period should reflect the amount time that is expected to 

unwind the risk position. Therefore, the present disclosure provides a model with a configurable 

holding period. This will allow risk management to change the holding period parameter if 

needed. 
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Expiration Model 

[0197] Systems and methods of the present disclosure may be configured to process financial 

products having fixed expiries and/or relative expiries. Under the fixed expiry model, for each 

historical day, settlement data which share the same contract expiration date may be obtained to 

form a time series, and then historical simulation may be performed on that series. Since the 

contract expiration date is fixed, as time progresses the contract will move closer to its expiry 

date (e.g., time to maturity is decaying). An example of a fixed time series 700 is shown in Fig. 

7. 

[0198] On the other hand, under the relative expiry model, for each historical day, settlement 

data which share the same time to maturity may be used to form the time series. Therefore, as 

time progresses the contract will remain at the same distance to its expiry date and every point in 

the time series may correspond to different expiration dates. 

[0199] Turning now to Fig. 8, a chart 800 shows the differences between relative and fixed 

expiry data. Any data pulled from the fixed expiry model would fall on a fixed expiry curve. 

This is a curve connecting the price points of the contract that expires at a specific time (e.g., 

6/15/2012) on the forward curve day-over-day. Relative expiry data is represented by the curve 

that connects points of the contract that expire at a specific time period later (e.g., in one year). 

This figure shows that relative expiry data represents prices from several contracts. 

[0200] Take, for example, futures contract A that issued on January '12 with a one year time to 

expiry. In the case where the contract is fixed expiry, data is obtained such that the contract will 

move closer to its expiration date. This implies that price changes can be tracked for contract A 

by simply using the obtained data as a historical price series. 

[0201] On the other hand, if contract A is a relative expiry contract, data is obtained such that the 

contract quoted will actually remain at the same distance to its expiration date. This implies that 

the data consists of quotes of different contracts with the same distance to maturity from the 

given settlement date. 

[0202] Another aspect of the present disclosure is the ability to more effectively eliminate the 

seasonality impact from market risk of a given contract. This aspect may be illustrated in the 

context of Fig. 9, which shows an example chart 900 of a fixed expiry dataset. As shown in the 

chart 900, on every historical date (e.g. 10/15/09, 04/15/10, etc.) a system according to this 

disclosure may scale the price of the same contract (JUN '12). Notably, a single contract may be 
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quoted for every historical date and rather than price fluctuations caused by seasonality, these 

price changes may occur since the contract converges to spot price as expiration approaches. 

Any significant price movement which deviates from the contract's natural convergence to spot, 

in the fixed expiry data, may be attributed to unpredictable demand or changes in economic 

climate. 

[0203] In the context of a relative expiry dataset, the volatility in a relative expiry time series 

may be associated to tenor seasonality rather than the volatility of a single tenor. As such, on 

every historical date in such a time series, a system according to this disclosure may be 

configured to scale the price of the contract which expires in a constant time period away from 

the historical date. 

[0204] Inputs into an expiration model (e.g., fixed or relative) may include, for example, a 

portfolio profile, historical prices and historical volatilities at various delta points. Under the 

fixed expiry model, for example, time series data may be assumed to reference the same 

contract; this means that for every historical date, the data corresponding to one fixed expiration 

date may be obtained and will form the time series for later scaling purposes. 

[0205] An exemplary risk calculation process for calculating a risk of a product may include 

performing returns calculations which may be used in an EWMA sub-process, the results of 

which may be used to perform standardized return calculations and volatility forecast and cap 

calculations. Next, an EWMA adaptation process may be performed before a VaR calculation is 

performed. An option pricing process (e.g., for options) may also be performed following 

EWMA adaptation before the VaR calculation occurs. 

Option Pricing Library 

[0206] Since underlying prices and option implied volatilities may be scaled separately in an 

option risk charge calculation process of this disclosure, an option pricing library may be utilized 

to calculate the option prices from scaled underlying prices and implied volatilities. Furthermore, 

the sticky delta technique described herein may utilize conversions between option strike and 

delta, which may also achieved within the option pricing library. 

[0207] When calculating risk charges for options, a Value-at-Risk (VaR) analysis may utilize a 

series of projected options values, which may not be directly available and may therefore be 

calculated from scaled underlying prices and volatilities. Therefore, the options pricing library 
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may be configured to provide an interface for the risk calculator to price options from the scaled 

values and other parameters. 

[0208] The sticky delta method utilizes a conversion from deltas to strikes given option implied 

volatilities for each delta after which an interpolation can be performed in strike domain to get 

the interpolated implied volatility for further calculation. 

[0209] Examples of inputs for the option pricing library may include (without limitation): for 

`vanilla' options, option type (call/put), underlying price, strike, time to expiry, interest rate, and 

implied volatility. For options on spreads, inputs may include option type (call/put), strike, first 

leg's underlying price, second leg's underlying price, first leg's underlying volatility, second leg's 

underlying volatility, time to expiry, interest rate, and implied correlation. For Asian options, 

inputs may include option type (call/put), underlying price, strike, time to expiry, interest rate, 

time to first averaging point, time between averaging points, number of averaging points, and 

implied volatility. For foreign exchange options, inputs may include option type (call/put), 

underlying price, strike, time to expiry, interest rate, interest rate of foreign currency, and 

implied volatility. For delta-to-strike conversion, input may include delta, underlying price, 

strike, time to expiry, interest rate, and implied volatility. 

[0210] Outputs of the option pricing library may include an option price (from option pricer) 

and/or an option strike (from delta-to-strike conversion). 

[0211] Optionally, the option pricing library may be an independent module outside of the risk 

calculation module (e.g., a standalone library regardless of the risk model change). In the risk 

calculation module, an example function call may be as follows (function format is for 

illustrative purposes and could differ depending on implementation): 

(13) optionPrice = Black76Pricer(optionType, underlyingPrice, strike, timeToExpiry, 

interestRate, impliedVol, marginChoice) or 

(14) optionStrike = DeltaStrikeConverter(delta, underlyingPrice, strike, timeToExpiry, 

interestRate, impliedVol, model), 

where Black-Scholes, Black76 (both margined and non-margined), spread option, Garmin-

Kohlhagen, Barone-Adesi and Whaley, Bachelier, and Curran models may be implemented. 

Both margined and non-margined Black76 models may be implemented for delta-to-strike 

conversion. 

33 

EAST 171890952.1 



Yield Curve Generator (YCG)  

[0212] A yield curve describes interest rates (cost of borrowing) plotted against time to maturity 

(term of borrowing). Yield curves may be utilized for pricing options because options need to be 

discounted correctly using the interest rate corresponding to their expiration date. Also, interest 

rates in different countries have a direct relationship to their foreign exchange ("FX") rates and 

can be used to price forward contracts. 

[0213] Yield curves may be generated daily for the settlement process by a python-based yield 

curve generator, which uses a data feed of Overnight Index Swap (OIS) rates as inputs. A more 

generic and robust solution may utilize similar algorithms but may be configured as a standalone 

module providing yield curves based on client-server architecture to various products. 

[0214] For calculation of option value (and in turn margin), a yield curve or interest rate 

corresponding to the expiry of a particular option on the day of calculation (e.g., for the Black-76 

model) may be utilized. Historical interest rates to identify volatility against the strike being 

priced are also utilized. This may be accomplished by first converting the volatility surface from 

delta to strike space and then interpolating over it. The conversion from delta space to strike 

space may utilize interest rates for the Black-76 model. 

[0215] Notably, use of an interest rate may be dependent on the pricing model being utilized. 

Thus, in a production level system which may have various pricing models for different 

instruments, interest rates may or may not be required depending on the instrument and model 

used to price that instrument. 

[0216] Inputs into a yield curve generator module may include (for example) a pricing day's 

yield curve which for a single options contract may be the interest rate corresponding to the 

expiration date of the option contract on the pricing date; and/or historical yield curves per VaR 

calculation day, which for one options contract means the interest rate corresponding to 

expiration date as of VaR calculation day which may be used for a conversion from delta to 

strike. 

[0217] Accurate margins due to correct interest rates being used for pricing and accurate 

conversion from delta to strike yield proper YCG rates. 

[0218] In operation, assuming the ability to query the historical interest rate curve (yield curve) 

and current yield curve with granularity of time to maturity in terms of "days" from an available 

database is possible, the following steps can proceed: 
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a. Going from delta space to strike space the following formula may be used to convert 

delta points (e.g., seven delta points) each day into their corresponding strikes. Although the 

seven delta points in this example (e.g., 0.25, 0.325, 0.4, 0.5, 0.6, 0.675, and 0.75) may be 

constant, the strikes corresponding to these deltas may change as underlying shifts each day. For 

the Black-76 model, an equation to go from delta to strike space may comprise the following: 

where K = strike, F = futures price, N-1  = cumulative normal inverse, T = time to expiry of 

option, r = interest rate, corresponding to maturity at T, 6 = implied volatility and A = delta 

(change in option price per unit change in futures price). 

Notably, the interest rate may be different each day in the VaR period when converting 

from delta to strike (maturity taken with respect to current day). 

b. When attempting to re-price options (scenarios) using scaled data through an option 

pricing formula after EWMA volatility and underlying price scaling, the historical day's interest 

rate with maturity taken with respect to the margining day {e.g., Today(risk calculation day) + 

Holding Period in business days} may be taken. The purpose here is to incorporate for interest 

rate risk. 

c. For the backtesting process, the ability to pull historical yield curves to re-price options 

on the backtesting day may be utilized. 

d. a YCG database may provide a daily yield curve with each yield curve giving interest 

rates against each maturity date starting from next day with increments of one, up to any number 

of years (e.g., seventy years). 

[0219] Examples of option models that may be used in connection with YCG include (without 

limitation) Black-76, Margined Black-76, Spread-Li CSO, APO (Black-76) and others. Most of 

these models (except Margined Black-76) require interest rate. 

Portfolio Bucketing 

[0220] An aspect of the present disclosure is to calculate an initial margin for each clearing 

member according to the portfolios each member holds in their accounts. Another way to look at 

it is to attribute the overall market risk for a clearinghouse to each clearing member. However, 

this will only provide the clearinghouse's risk exposure at clearing member level. Portfolio 

bucketing provides means for grouping clearing member's portfolios (or divide clearing 
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member's account) such that the risk exposure of the clearinghouse can be evaluated at a more 

detailed level. 

[0221] There are multiple layers under each clearing member account. The systems and method 

of this disclosure may be configured to attribute an initial margin for a clearing member to each 

bucketing component on each layer. Fig. 10 shows an exemplary clearinghouse account 

hierarchy 1000. As shown, the account hierarchy includes twelve (12) contract position 

attributes that may pertain to a contract position within a clearing member account. Notably, 

more, fewer and/or alternative attributes may be utilized in connection with this disclosure. 

[0222] For each contract position within a clearing member account, a unique hierarchy path in 

the structure of Fig. 10 may be identified in order to aggregate initial margins and evaluate risk 

exposure at each level. After the clearing account hierarchy 1000 is built, a risk exposure to 

each component ("portfolio bucket") under the hierarchy 1000 may be calculated, with or 

without accounting for diversification benefit within the bucket. One purpose of attributing 

initial margin to different portfolio buckets is to evaluate the potential impact on the 

clearinghouse in scenarios where abnormal market movement occurs for certain markets and to 

report initial margin for different levels of buckets. 

[0223] As noted above, contract positions may exhibit the attributes included in the hierarchy 

1000, which may then be fed into an IRM system according to this disclosure as inputs. In the 

exemplary hierarchy, for a particular clearinghouse 1001, the attributes include: 

1. Clearing member identifier 1002 (e.g., GS, MS, JPM, etc.); 

2. Trading member identifier 1003(e.g., TM1, TM2, etc.); 

3. Settlement account identifier 1004 (e.g., H, C, F, etc.); 

4. Position account identifier 1005 (e.g., D, H, U, etc.); 

5. Omnibus account identifier 1006 (e.g., omnil, omni2, NULL, etc.); 

6. Customer account identifier 1007 (e.g., cusl, cus2, NULL, etc.); 

7. Asset identifier 1008 (e.g., OIL, GAS, etc.); 

8. Contingency group identifier 1009 (e.g., BrentGroup, PHEGroup, etc.); 

9. Pricing group identifier 1010 (e.g., FUT, 00F, etc.)1 

10. Symbol group identifier 1011 (e.g., B, BUL, H, etc.); 

11. Expiration group identifier 1012 (e.g., F13, G14, Z14, etc.); and 

12. Position identifier 1013. 
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[0224] Portfolio bucketing and initial margin aggregation will be illustrated in the context of 

another exemplary hierarchy 1100 shown in Fig. 11, which may apply to customer for 

Futures/Options (F) and customer Seg Futures (W) on the settlement account level, when the 

customer accounts are disclosed. It may also apply to the US Customer (C) case. The contract 

position attributes for a particular clearinghouse 1101, as well as the exemplary (non-limiting) 

initial margin (IM) calculations, are described below. 

1. Clearing member level 1102: 

Bucketing criteria:  All the contracts that share the same clearing member identifier may 

be considered to be within one clearing member bucket. 

Initial margin calculation:  The initial margin attributed to each clearing member bucket 

may be equal to the summation of the initial margins attributed to all trading member account 

buckets under it, as shown in the equation (16) below. There may be no diversification benefit 

applied across trading member accounts. 

(16) IM(Clearing Member i) = 
	IM(Trading Member Account ji Clearing Member i) 
j=o 

2. Trading member level 1103: 

Bucketing criteria:  All the contracts that share the same clearing member identifier and 

trading member identifier may be considered to be within one trading member bucket. 

Initial margin calculation:  The initial margin attributed to each trading member bucket 

may be equal to the summation of the initial margins attributed to all settlement account buckets 

under it, as shown in the equation (17) below. There may be no diversification benefit applied 

across settlement accounts. 

(17) IM(Trading Member i) IM(Settlement Account jlTrading Member i) 

3. Settlement account level 1104: 

Bucketing criteria:  All the contracts that share the same clearing member identifier, 

trading member identifier and settlement account identifier may be considered to be within one 

settlement account bucket. 

Initial margin calculation:  The initial margin attributed to each settlement account bucket 

may be equal to the summation of the initial margins attributed to all position account buckets 
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under it, as shown in the equation (18) below. There may be no diversification benefit applied 

across position accounts. 
n 

(18) IM (Settlement Account i 
	

IM(Position Account j( Settlement Account i) 

j=0 

4. Position account level 1105: 

Bucketing criteria:  All the contracts that share the same clearing member identifier, 

trading member identifier, settlement account identifier and position account identifier may be 

considered to be within one position account bucket. 

Initial margin calculation:  The initial margin attributed to each position account bucket 

may be equal to the summation of the initial margins attributed to all omnibus account buckets 

and all customer account buckets (when the customer account buckets do not belong to any 

omnibus account bucket) under it, as shown in the equation (19) below. There may be no 

diversification benefit applied across omnibus/customer accounts. 

(19) IM(Position Account i) = 
	

IM(Omnibus/Customer Account j (Position Account i) 

j=0 

5. Omnibus account level 1106: 

Bucketing criteria:  All the contracts that share the same clearing member identifier, 

trading member identifier, settlement account identifier, position account identifier and omnibus 

account identifier may be considered to be within one omnibus account bucket. 

Initial margin calculation:  The initial margin attributed to each omnibus account bucket 

may be equal to the summation of the initial margins attributed to all customer account buckets 

under it, as shown in equation (20) below. There may be no diversification benefit applied across 

customer accounts. 

(20) IM(Omnibus Account i) = 
	

IM(Customer Account j(Omnibus Account i) 

=0 

6. Customer account level 1107: 

Bucketing criteria:  All the contracts that share the same clearing member identifier, 

trading member identifier, settlement account identifier, position account identifier, omnibus 

account identifier and customer account identifier may be considered to be within one customer 

account bucket. 
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Initial margin calculation:  The initial margin attributed to each customer account bucket 

may be calculated directly from summation of the initial margins attributed to all asset group 

buckets under it, as well as the initial margin calculated from realized portfolio profit / loss (P/L), 

using diversification benefit calculation algorithms. The following equation (21) may apply: 

(21) IM(Customer Account i) 

IM(Asset Group ji Customer Account i), IM(Portfolio i) 
\J=0 

7. Asset group level 1108: 

Bucketing criteria:  All the contracts that share the same clearing member identifier, 

trading member identifier, settlement account identifier, position account identifier, omnibus 

account identifier, customer account identifier and asset group identifier may be considered to be 

within one asset group bucket. 

Initial margin calculation:  The initial margin attributed to each asset group bucket may 

be calculated directly from summation of the initial margins attributed to all contingency group 

buckets under it, as well as the initial margin calculated from realized portfolio P/L, using 

diversification benefit calculation algorithms. The following equation (22) may be used: 

(22)IM(Asset Group i) = fDe 

 

IM(Contingency Group jlAsset Group i) , IM(Portfolio i) 

   

j=0 

8. Contingency group level 1109: 

Bucketing criteria:  All the contracts that share the same clearing member identifier, 

trading member identifier, settlement account identifier, position account identifier, omnibus 

account identifier, customer account identifier, asset group identifier and contingency group 

identifier may be considered to be within one contingency group bucket. 

Initial margin calculation:  The initial margin attributed to each contingency group may 

be calculated directly from the history of all positions it contains (instead of pricing group 

buckets which are just one level below contingency group), allowing taking full advantage of 

diversification benefits, using the following equation (23) : 

(23) IM(Contingency Group i) fDB_full(Position  1, Position 2, ... 'Contingency Group i) 

9. Pricing group level 1110: 

fDB 

39 

EAST\171890952.1 



Bucketing criteria:  All the contracts that share same clearing member identifier, trading 

member identifier, settlement account identifier, position account identifier, omnibus account 

identifier, customer account identifier, asset group identifier, contingency group identifier and 

pricing group identifier may be considered to be within one pricing group bucket. 

Initial margin calculation:  The initial margin attributed to each pricing group may be 

calculated directly from the history of all positions it contains (instead of symbol group buckets 

which are just one level below pricing group), allowing taking full advantage of diversification 

benefits, using the following equation (24) : 

(24) 	IM(Pricing Group i) = fDB_full(Position 1, Position 2, ... 'Pricing Group i) 

10. Symbol group level 1111: 

Bucketing criteria:  All the contracts that share the same clearing member identifier, 

trading member identifier, settlement account identifier, position account identifier, omnibus 

account identifier, customer account identifier, asset group identifier, contingency group 

identifier, pricing group identifier and symbol group identifier may be considered to be within 

one symbol group bucket. 

Initial margin calculation:  The initial margin attributed to each symbol group may be 

calculated directly from the history of all positions it contains (instead of expiration group 

buckets which are just one level below symbol group), allowing taking full advantage of 

diversification benefits, using the following equation (25): 

(25) 	IM(Symbol Group i) = fDB_full(Position 1, Position 2, ... 'Symbol Group i) 

11. Expiration group level 1112: 

Bucketing criteria:  All the contracts that share the same clearing member identifier, 

trading member identifier, settlement account identifier, position account identifier, omnibus 

account identifier, customer account identifier, asset group identifier, contingency group 

identifier, pricing group identifier, symbol group identifier and expiration group identifier may 

be considered to be within one expiration group bucket. 

Initial margin calculation:  The initial margin attributed to each expiration group may be 

calculated from the history of all positions it contains, allowing taking full advantage of 

diversification benefits, as shown in by following equation (26): 

(26) 	IM(Expiration Group i) = fDB_full(Position 1, Position 2, ... 'Expiration Group i) 

12. Position level 1113: 
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Bucketing criteria:  Each bucket on this level only contains one single contract position. 

Initial margin calculation:  The initial margin attributed to each position group may be 

calculated as if it were a single asset portfolio. This step may form the basis of initial margin 

aggregation for a portfolio. 

[0225] An exemplary account hierarchy 1200 of non-disclosed customer accounts is shown in 

Fig. 12. The hierarchy 1200 may apply to customer for Future/Options (F) and Customer Seg 

Futures (W) on the settlement account level, when the customer accounts are non-disclosed. The 

contract position attributes for a particular clearinghouse 1201, as well as the exemplary (non-

limiting) initial margin (IM) calculations, are described below. 

1. Clearing member level 1202: 

Bucketing criteria:  All the contracts that share the same clearing member identifier may 

be considered to be within one clearing member bucket. 

Initial margin calculation:  The initial margin attributed to each clearing member bucket 

may be equal to the summation of the initial margins attributed to all trading member account 

buckets under it, as shown in the following equation (27). There may be no diversification 

benefit applied across trading member accounts. 

(27) 	IM (Clearing Member i) — 	IM(Trading Member Account ji Clearing Member i) 
=o 

2. Trading member level 1203: 

Bucketing criteria:  All the contracts that share the same clearing member identifier and 

trading member identifier may be considered to be within one trading member bucket. 

Initial margin calculation:  The initial margin attributed to each trading member bucket 

may be equal to the summation of the initial margins attributed to all settlement account buckets 

under it, as in the following equation (28). There may be no diversification benefit applied across 

settlement accounts. 

(28) 	IM(Trading Member i) = 
	

IM(Settlement Account jiTrading Member i) 
j=0 

3. Settlement account level 1204: 

Bucketing criteria:  All the contracts that share the same clearing member identifier, 

trading member identifier and settlement account identifier may be considered to be within one 

settlement account bucket. 
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Initial margin calculation:  The initial margin attributed to each settlement account bucket 

may be equal to the summation of the initial margins attributed to all position account buckets 

under it, as in the following equation (29). There may be no diversification benefit applied across 

position accounts. 
n 

(29) 	(30)IM(Settlement Account i 
	

IM(Position Account j 'Settlement Account i) 
j=0 

4. Position account level 1205: 

Bucketing criteria:  All the contracts that share the same clearing member identifier, 

trading member identifier, settlement account identifier and position account identifier may be 

considered to be within one position account bucket. 

Initial margin calculation:  The initial margin attributed to each position account bucket 

may be equal to the summation of the initial margins attributed to all omnibus account buckets 

and all customer account buckets (when the customer account buckets don't belong to any 

omnibus account bucket) under it, as in the following equation (30). There may be no 

diversification benefit applied across omnibus/customer accounts. 

(30) 	IM(Position Account i) = 
	

IM(Omnibus/Customer Account ji Position Account i) 
j=0 

5. Omnibus account level 1206: 

Bucketing criteria:  All the contracts that share the same clearing member identifier, 

trading member identifier, settlement account identifier, position account identifier and omnibus 

account identifier may be considered to be within one omnibus account bucket. 

Initial margin calculation:  The initial margin attributed to each omnibus account bucket 

may be equal to the initial margins of the non-disclosed customer account buckets under it, as in 

the following equation (31) . 

(31) 	IM(Omnibus Account 1) = IM(Non — disclosed Customer Account i) 

6. Customer account level 1207: 

Bucketing criteria:  All the contracts that share the same clearing member identifier, 

trading member identifier, settlement account identifier, position account identifier, omnibus 

account identifier and customer account identifier may be considered to be within one customer 

account bucket. 
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Initial margin calculation:  The initial margin attributed to each customer account (non-

disclosed) bucket may be equal to the summation of the initial margins attributed to all asset 

group buckets under it, as in the following equation (32). There may be no diversification benefit 

applied across omnibus/customer accounts. 
n 

(32) 	IM(Customer Account i) = 
	

IM(Asset Group j I Customer Account i) 
j=0 

7. Asset group level 1208: 

Bucketing criteria:  All the contracts that share the same clearing member identifier, 

trading member identifier, settlement account identifier, position account identifier, omnibus 

account identifier, customer account identifier and asset group identifier may be considered to be 

within one asset group bucket. 

Initial margin calculation:  The initial margin attributed to each asset group bucket may 

be equal to the summation of the initial margins attributed to all contingency group buckets 

under it, as in the following equation (33). There may be no diversification benefit applied across 

contingency group buckets. 
n 

(33) 	IM(Asset Group i) = 
	

IM(Contingency Group jlAsset Group i) 
=0 

8. Contingency group level 1209: 

Bucketing criteria:  All the contracts that share the same clearing member identifier, 

trading member identifier, settlement account identifier, position account identifier, omnibus 

account identifier, customer account identifier, asset group identifier and contingency group 

identifier may be considered to be within one contingency group bucket. 

Initial margin calculation:  The initial margin attributed to each contingency group may 

be equal to the summation of the initial margins attributed to all pricing group buckets under it, 

as in the following equation (34). There may be no diversification benefit applied across pricing 

group buckets. 

(34) 	IM(Contingency Group i) = 
	M(Pricing Group j 'Contingency Group i) 
j=0 

9. Pricing group level 1210: 
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Bucketing criteria:  All the contracts that share same clearing member identifier, trading 

member identifier, settlement account identifier, position account identifier, omnibus account 

identifier, customer account identifier, asset group identifier, contingency group identifier and 

pricing group identifier may be considered to be within one pricing group bucket. 

Initial margin calculation:  The initial margin attributed to each pricing group may be 

equal to the summation of the initial margins attributed to all symbol group buckets under it, as 

in the following equation (35). There may be no diversification benefit applied across symbol 

group buckets. 

(35) 	IM(Pricing Group i) = 
	

IM(Symbol Group jiPricing Group i) 

1=0  

10. Symbol group level 1211: 

Bucketing criteria:  All the contracts that share the same clearing member identifier, 

trading member identifier, settlement account identifier, position account identifier, omnibus 

account identifier, customer account identifier, asset group identifier, contingency group 

identifier, pricing group identifier and symbol group identifier may be considered to be within 

one symbol group bucket. 

Initial margin calculation:  The initial margin attributed to each symbol group may be 

equal to the summation of the initial margins attributed to all expiration group buckets under it, 

as in the following equation (36). There may be no diversification benefit applied across 

expiration group buckets. 
n 

(36) 	IM(Symbol Group i) = 
	

IM(Expiration Group jISymbol Group i) 
j=0 

11. Expiration group level 1212: 

Bucketing criteria:  All the contracts that share the same clearing member identifier, 

trading member identifier, settlement account identifier, position account identifier, omnibus 

account identifier, customer account identifier, asset group identifier, contingency group 

identifier, pricing group identifier, symbol group identifier and expiration group identifier may 

be considered to be within one expiration group bucket. 

Initial margin calculation:  The initial margin attributed to each expiration group may be 

equal to the summation of the initial margins attributed to all position group buckets under it, as 
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in the following equation (37). There may be no diversification benefit applied across position 

group buckets. 

(37) 	IM(Expiration Group i) = 
	

IM(Position Group jiExpiration Group 0 
j=0 

12. Position level 1213: 

Bucketing criteria:  Each bucket on this level may only contain one single contract 

position. 

Initial margin calculation:  The initial margin attributed to each position group may be 

calculated as if it were a single asset portfolio. 

[0226] Additional exemplary account hierarchies 1300, 1400 are shown in Figs. 13 and 14, 

respectively. These hierarchies may apply to house accounts (H) and non-US customers (C) on 

the settlement account level. The contract position attributes for clearinghouses 1301, 1401 as 

well as the exemplary (non-limiting) initial margin (IM) calculations, are described below. 

I. Clearing member level 1302, 1402: 

Bucketing criteria:  All the contracts that share the same clearing member identifier may 

be considered to be within one clearing member bucket. 

Initial margin calculation:  The initial margin attributed to each clearing member bucket 

may be equal to the summation of the initial margins attributed to all trading member account 

buckets under it, as in the following equation (38). There may be no diversification benefit 

applied across trading member accounts. 

(38) IM(Clearing Member i) = 
	

IM(Trading Member Account jiClearing Member i) 
j=o 

2. Trading member level 1303, 1403: 

Bucketing criteria:  All the contracts that share the same clearing member identifier and 

trading member identifier may be considered to be within one trading member bucket. 

Initial margin calculation:  The initial margin attributed to each trading member bucket 

may be equal to the summation of the initial margins attributed to all settlement account buckets 

under it, as in the following equation (39). There may be no diversification benefit applied across 

settlement accounts. 
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(39) 	IM(Trading Member 0 = 
	

IM(Settlement Account jlTrading Member i) 
j=0 

3. Settlement account level 1304, 1404: 

Bucketing criteria:  All the contracts that share the same clearing member identifier, 

trading member identifier and settlement account identifier may be considered to be within one 

settlement account bucket. 

Initial margin calculation:  The initial margin attributed to each settlement account bucket 

may be equal to the summation of the initial margins attributed to all position account buckets 

under it, as in the following equation (40). There may be no diversification benefit applied across 

position accounts. 

(40) 	IM (Settlement Account i) = 
	

IM(Position Account j 'Settlement Account i) 
j=0 

4. Position account level 1305, 1405: 

Bucketing criteria:  All the contracts that share the same clearing member identifier, 

trading member identifier, settlement account identifier and position account identifier may be 

considered to be within one position account bucket. 

Initial margin calculation:  The initial margin attributed to each position account bucket 

may be calculated directly from summation of the initial margins attributed to all asset group 

buckets under it, as well as the initial margin calculated from realized portfolio P/L, using 

diversification benefit calculation algorithms. An exemplary equation (41) is below: 

(41) IM(Position Account i) 

n 

- - 1 DB 

 

IM(Asset Group j !Position Account i) , IM(Portfolio i) 

   

   

\j=o 

5. Customer account level 1307, 1407: n/a. 

6. Asset group level 1308, 1408: 

Bucketing criteria:  All the contracts that share the same clearing member identifier, 

trading member identifier, settlement account identifier, position account identifier and asset 

group identifier may be considered to be within one asset group bucket. 

Initial margin calculation:  The initial margin attributed to each asset group bucket may 

be calculated directly from summation of the initial margins attributed to all contingency group 

I 
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buckets under it, as well as the initial margin calculated from realized portfolio P/L, using 

diversification benefit calculation algorithms. An exemplary equation (42) is provided below. 

(42) 	IM (Asset Group i) 

IM(Contingency Group jlAsset Group i), IM(Portfolio 
\i=o 

7. Contingency group level 1309, 1409: 

Bucketing criteria:  All the contracts that share the same clearing member identifier, 

trading member identifier, settlement account identifier, position account identifier, asset group 

identifier and contingency group identifier may be considered to be within one contingency 

group bucket. 

Initial margin calculation:  The initial margin attributed to each contingency group may 

be calculated directly from the history of all positions it contains (instead of pricing group 

buckets which are just one level below contingency group), as in the following equation (43), 

allowing taking full advantage of diversification benefits. 

(43) 	IM(Contingency Group i) = JDB_full(Position 1, Position 2, ... 'Contingency Group i) f 

8. Pricing group level 1310, 1410: 

Bucketing criteria:  All the contracts that share same clearing member identifier, trading 

member identifier, settlement account identifier, position account identifier, asset group 

identifier, contingency group identifier and pricing group identifier may be considered to be 

within one pricing group bucket. 

Initial margin calculation:  The initial margin attributed to each pricing group may be 

calculated directly from the history of all positions it contains (instead of symbol group buckets 

which are just one level below pricing group), as in the following equation (44), allowing taking 

full advantage of diversification benefits. 

f (44) 	IM(Pricing Group i) = DB_full(Position 1, Position 2, ... Pricing Group i) 

9. Symbol group level 1311, 1411: 

Bucketing criteria:  All the contracts that share the same clearing member identifier, 

trading member identifier, settlement account identifier, position account identifier, asset group 

identifier, contingency group identifier, pricing group identifier and symbol group identifier may 

be considered to be within one symbol group bucket. 

fDB 
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Initial margin calculation:  The initial margin attributed to each symbol group may be 

calculated directly from the history of all positions it contains (instead of expiration group 

buckets which are just one level below symbol group), as in the following equation (45), 

allowing taking full advantage of diversification benefits. 

(45) 	IM(Symbol Group i) = f J DB full (Position 1, Position 2, ... 'Symbol Group i) 

10. Expiration group level 1312, 1412: 

Bucketing criteria:  All the contracts that share the same clearing member identifier, 

trading member identifier, settlement account identifier, position account identifier, asset group 

identifier, contingency group identifier, pricing group identifier, symbol group identifier and 

expiration group identifier may be considered to be within one expiration group bucket. 

Initial margin calculation:  The initial margin attributed to each expiration group may be 

calculated from the history of all positions it contains, as in the following equation (46), allowing 

taking full advantage of diversification benefits. 

(46) IM(Expiration Group 	f i) = J DB_ f ull (Position 1, Position 2, ...'Expiration Group i) 

11. Position level 1313, 1413: 

Bucketing criteria:  Each bucket on this level may only contains one single contract 

position. 

Initial margin calculation:  The initial margin attributed to each position group may be 

calculated as if it were a single asset portfolio. 

Diversification Benefit 

A diversification benefit process according to this disclosure may assume the following: 

1) a customer's account may be considered a portfolio with a natural hierarchy 1500, as shown in 

Fig. 15; each level of the hierarchy 1500 may have pairwise diversification benefit coefficients 

defined at each level, which may by default be set up to have zero haircut, meaning no affect on 

VaR margin; and a haircut may be applied to the diversification benefit at each level (for any 

reason deemed necessary or desirable). 

[0227] In summary, an exemplary process for determining IM that accounts for diversification 

benefit may include one or more of the following exemplary steps: 

a. compute a separate and combined margin at each level of the hierarchy for a customer 

account; 

b. compute a diversification benefit at each level of the hierarchy; 
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c. perform a diversification attribution at each level of the hierarchy; 

d. inside each level, the diversification benefit may be allocated to each possible pair; 

e. the diversification benefit coefficient may then be used to haircut the diversification 

benefit given to the customer account; 

f. the sum of the diversification benefit haircuts at each level may then be added on to the 

fully diversified margin charge; and 

g. the haircuts across each level of the hierarchy may be added to arrive at an initial 

margin. 

[0228] Referring again to Fig. 15, components of the exemplary hierarchy 1500 may include 

levels such as account 1501, sector 1502, contingency group 1503, product 1504 and position 

1505. The account level 1501 is shown as the topmost level, which may be the level at which a 

final initial margin may be reported. An account 1501 may be made up of sectors1502. 

[0229] Sectors 1502 may be made up of contingency groups such as, for example, North 

American Power, North American Natural Gas, UK Natural Gas, European Emissions, etc. 

[0230] The contingency group 1503 level may include collections of products that may have 

direct pricing implications on one another. For example, an option on a future and the 

corresponding future. An example of a contingency group (CG) may be a Brent = {B, BUL, 

BRZ, BRM, ... }, i.e., everything that ultimately refers to Brent crude as an underlying for 

derivative contracts. Contingency groups 1503 may be composed of products. 

[0231] The product level 1504 may include groups of products, including physical or financial 

claims on a same (physical or financial) underlying. Non-limiting examples of products include 

Brent Futures, Options on WTI futures, AECO Natural Gas Basis swaps, etc. 

[0232] The position level 1505 may comprise distinct positions in a cleared contracts within a 

customer's account. Non-limiting examples of positions may be referred to as 100 lots in Brent 

Futures, -50 lots in Options on WTI futures, and -2,500 lots in AECO Basis Swaps, etc. 

[0233] Concepts associated with diversification benefit and the hierarchy discussed above are 

provided below. Notably, some of the following terms and concepts have already been discussed 

above. The following descriptions are intended to supplement (and not limit) any of the 

descriptions provided above. 

Margin may be used interchangeably with initial margin, discussed above. Margin may 

be the amount of capital required to collateralize potential losses from the liquidation of a 
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customer's portfolio over an assumed holding period and to a particular statistical confidence 

interval. 

(47) 	M1  = Margin(Position 1), M1,2 = Margin(Position 1 + Position 2), 

where i and j refer to indices across all sectors so Mi may be the margin for the ith sectors and 

Mi,j refers the margin of a pairwise combined sectors. 

Margin Separate (Msep) refers to the sum of the margins calculated on every position's 

individual profits and loss array in a portfolio. This refers to a worst possible case in which there 

is no diversification benefit. 

(48) 	Msep = M(Positionl) + M(Position2) +M(Position3) + 

Margin Combined (Mcomb) refers to a margin calculated on an entire portfolio's profit 

and loss array. This is the case in which full diversification benefit is given. 

(49) 	Mcomb = M(Positionl + Position2 + Position3...) 

This may also be referred to as a fully diversified margin. 

Offset may refer to a decrease in margin due to portfolio diversification benefits. 

(50) 	Offset = (Msep — Mcomb) 

Haircut may refer to a reduction in the diversification benefit. 

Diversification Benefit (DB) may refer to a theoretical reduction in risk a portfolio 

achieved by increasing the breadth of exposures to market risks over the risk to a single 

exposure; based, for example, upon a Markowitz portfolio theory. In the context of this 

disclosure, a diversification benefit (DB) may be a metric of the risk measure reduction an 

account receives by viewing risk from a portfolio perspective versus a position perspective. 

(51) DB = Msep — Mcomb 

Rearranging this equation provides: 

(52) Mcomb = Msep — DB 

In this way, the DB may be defined as a "dollar" value. 

Diversification Benefit Coefficient (y) may be a number between zero (0) and one (1) 

that indicates an amount of diversification benefit allowed for an account. Conceptually, a 

diversification benefit of zero may correspond to the sum of the margins for sub-portfolios, while 

a diversification benefit of one may be the margin calculated on the full portfolio. 

(53) Mnew = Msep - y * DB 
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According to the foregoing equation, Mnew may be equal to Msep or Mcomb by setting y equal 

to zero or one respectively. 

Diversification Benefit Haircut (h) may refer to the amount of the diversification benefit 

charged to an account, representing a reduction in diversification benefit. If the subscripts for yu 

refer to the sub-portfolios, the diversification benefit haircut can be expressed as one (1) minus 

yu, as in the following equation: 

(54) 	h1,2 = 1-  Y1,2 

This may be the pairwise margin haircut. 

Margin Offset Contribution (OC) may refer to the margin offset contribution of 

combining multiple instruments into the same portfolio versus margining them separately. The 

offset contribution for a pair of products may be the diversification benefit for that set of 

portfolios: 

(55)  0C1,2  = M1  + M2 — M1,2 

(56)  0C1,3  = M1  + M3 — M1,3 

(57)  0C2,3  = M2  + M3 — M2,3 

Offset Ratio (OR) may refer to the ratio of total portfolio diversification benefit to the 

sum of pairwise diversification benefits. 

DBportfolio = M1 + M2 + M3 — M1,2,3 = Msep Mcomb 

(60) 	OR = 	
DBportfolio  

(0C1,2  + 0C1,3  + 0C2,3) 

This ratio forces the total haircut to be no greater than the sum of offsets at each level. 

Haircut Weight (w) may refer to the percentage of a margin offset contribution that will 

be the haircut at each level. 

(61)  1471,2 = h1,2 * OR 

(62)  w1,3  = h1,3  * OR 

(63)  w2,3  = h2,3  * OR 

Haircut Contribution (HC) may refer to the contribution to the diversification haircut for 

each pair at each level. 

(64)  HC1,2  = w1,2 * 0C1,2  

(65)  HC1,3  = w1,3  * 0C1,3  

(66)  HC2,3  = w2,3  * 0C2,3  

(59) 

51 

EAST\171890952.1 



Level Haircut may refer to the haircut at each level. 

(67) Haircut = HC1,2  * HC1,3  + HC2,3  

IRM Margin may refer to an actual margin charge. 

(68) 	M_IRM = Mcomb + Haircut 

[0234] An exemplary diversification benefit process according to this disclosure may include the 

following process steps. 

1. Computing base margins, which result in the Mcomb and Msep margin amounts at 

each level in the account hierarchy. Elements of computing base margins may include 

identifying a financial portfolio; identifying diversification benefit coefficients associated with 

the financial portfolio; computing instrument level margins, position level margins and rolling up 

the positions to compute fully diversified margins for each product separately (i.e., product level 

margin computation); computing contingency level margins by combining the products into a 

contingency group level to compute fully diversified margins for each product group separately; 

computing sector level margins by combining the contingency groups in order to compute fully 

diversified margins for each sector separately; and computing an account margin by combining 

the sectors to compute fully diversified margins for an overall account (e.g., a customer account). 

2 computing fully diversified margins across all account levels; 

3. computing a margin offset across all account levels; and 

4. computing diversification haircuts, by: computing inter-sector diversification haircuts; 

computing inter-contingency group diversification haircuts; computing inter-product 

diversification haircuts; computing inter-month diversification haircuts; and computing total 

IRM margin diversification haircuts. 

[0235] Information from this foregoing process may then be compiled into a "dashboard" (which 

may be displayed via an interactive GUI). 

[0236] Next, systems and methods for more efficiently determining an initial margin are 

described, according to another embodiment of the present disclosure. A risk management 

system, according to some embodiments, may include a model system configured to determine 

an initial margin in an efficient manner while also capturing any liquidity-related risks. The risk 

management system may also be configured to perform model calibration and model testing. 

The risk management system may be configured to perform model testing and calibration not 

only with actual historical data, but also through synthetic data. Moreover, the synthetic data 
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may be created to model both benign data conditions as well as extreme events, such as one or 

more regime changes. In this manner one or more models of the model system may be created 

and updated to provide stable and accurate risk data for one or more financial products over a 

variety of data source conditions. 

[0237] In some examples, the model system of the risk management system may include a 

margin model and a liquidity risk charge (LRC) model. The margin model (also referred to as 

IRM), in general, may be configured to estimate the risk of future losses, by generating an initial 

margin determination. The LRC model, in general, may be configured to assess a liquidity risk 

at the product portfolio level. Notably, the LRC model may be configured to quantify liquidity-. 

related risks that may not be capable of being captured in the initial margin determination (by the 

margin model). 

[0238] In general, the margin model may be configured to determine an appropriate amount for 

initial margin, in order to protect the clearinghouse in case of member default. In the regular 

course of transactions, where all positions are matched, the clearinghouse does not assume 

market price risk. This is because all of its long positions have an identical short position as 

financial market participants are matched through the clearinghouse. While the clearinghouse 

may not assume market risk, the clearinghouse may assume the credit risk that comes with acting 

as the central counterparty (CCP). CCPs are configured as risk managers. CCPs serve as a 

substituted counterparty to both sides of a transaction brought to them by their clearing members. 

In contrast to the mismatched books of banks, CCPs run matched books. They do not take risk 

other than counterparty risk in connection with their role as substituted counterparty. They 

assume position risk only when a member fails to perform its obligations until such time as the 

position risk is either liquidated or transferred to another member. 

[0239] Initial margin may be used in the event of default, to cover the risk the CCP instantly 

takes on when it assumes the positions of its defaulted clearing member. The risk may be 

collateralized to a high degree of certainty (e.g., 99%) in the profit and loss distribution of the 

defaulted portfolio. 

[0240] However, charging additional initial margin in times of market distress could lead to 

additional market distress. To avoid such an outcome, the CCP is typically careful not to create 

additional systemic risk, by applying buffers in times of market calm. This then permits the CCP 

to carry a risk factor buffer that can be released in times of market distress. Such a risk factor 
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buffer may be achieved within the margin model of the present disclosure, by adhering to anti-

pro-cyclical margin requirements. 

[0241] At a high level, the margin model may be configured to use historical price fluctuations 

("volatility") to estimate the risk of future losses. By using historical volatility, the margin 

model may predict that, with a high degree of certainty (e.g., at least 99%), losses due to adverse 

market price movements, over a given period of time for a given portfolio (e.g., a portfolio of 

interest rate derivatives), may not exceed (in magnitude) the initial margin requirements. As an 

example, if the output of the margin model is -$1 million, this means that with at least 99% 

certainty from the time of a clearing member default until the end of a projected liquidation 

period (e.g., two days), adverse market price changes can cause losses of up to $1 million. 

Collateralization of the $1 million in initial margin prior to default may protect the clearinghouse 

system against potential losses. 

[0242] Conceptually, the margin model, according to some embodiments, makes a fundamental 

risk management proposition that risk may be desirably quantified and managed from a portfolio 

perspective. For example, a more efficient allocation of capital may be achieved by formally 

permitting risk offsets where appropriate, while maintaining an overall risk profile that offers 

sufficient protection for the clearinghouse system. More technically, the margin model may be 

configured to generate volatility forecasts from historical returns and estimate a joint distribution 

of portfolio level profit and loss (P&L, also referred to as PnL herein), in a non-parametric way 

and without formally estimating the covariance matrix. In some embodiments, the margin model 

may also include volatility components, such as a volatility floor, as part of a determination of a 

volatility forecast. 

[0243] In some embodiments, the margin model may comprise a statistical model, and may be 

configured in accordance with a set of assumptions (e.g., with respect to data, methodology, 

model parameter selection, and testing). In an example embodiment, assumptions of the margin 

model may include assumptions related to portfolio margining, filtering, time scaling, 

procyclicality risk and calibration methodology. 

[0244] With respect to portfolio margining, the margin model assumes that any offsets in the 

margin model may be based on significant and reliable correlations in the data. As discussed 

further below, the margin model may mitigate any risk associated with this assumption based on 

a correlation stress component. 
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[0245] With respect to filtering, the margin model may perform filtering using exponentially 

weighted moving average (EWMA) volatilities. More specifically, the margin model may be 

configured to perform an EWMA process to generate volatility forecasts from historical returns. 

Every historical return may be divided by historical volatility and then multiplied by the forecast 

volatility ("scaled"). The margin model assumes that recent volatility has higher information 

content for predicting future volatility when compared to volatility experienced less recently. 

[0246] With respect to time scaling, the margin model may be configured to achieve a multiday 

holding period time scaling by using a "square-root-of-time" rule. For example, and as discussed 

further below, the margin model may first generate a set of historical one-day returns. To 

achieve a two-day holding period, the one day returns may be multiplied by the square root of 2. 

Through, the use of the square root of time rule, the margin model assumes the one-day returns 

are uncorrelated and have constant variance over the holding period. 

[0247] With respect to pro-cyclicality risk, the margin model may be configured to mitigate any 

pro-cyclicality risk by an anti-pro-cyclicality (APC) treatment process. The APC treatment may 

be configured to reduce pro-cyclicality, by moderating large step changes in initial margin when 

margin requirements are rising significantly. 

[0248] With respect to the calibration methodology, the calibration methods of the margin model 

may be chosen for particular model parameters, such as an EWMA weight and correlation stress 

weight (described further below). Accordingly the margin model is assumed to be calibrated 

according to a methodology that is theoretically sound and such that the calibrated values are 

robust. 

[0249] In some embodiments, historical correlation may be largely maintained as part of the 

scaling process of the margin model, however the margin model may not explicitly forecast 

correlation. Instead, the margin model may determine a risk of declining correlation (through a 

correlation stress component, described further below). 

[0250] As discussed above, in the event of clearing member default, the CCP may assume 

ownership of any instrument belonging to the respective accounts of the clearing member. Any 

positions assumed by the CCP may then be closed out (liquidated), auctioned or held to expiry, 

depending on what is deemed the best course of action at that time. One purpose of the LRC 

model is to ensure that the CCP collects upfront a margin amount sufficient to protect against the 

risk of an adverse financial impact due to relatively large trading positions as well any bid-ask 
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spread costs that may be incurred as part of closing positions following one or more default 

scenarios. In this capacity, the LRC model may account for risk not captured in the margin 

model. 

[0251] In some embodiments, LRC values generated by the LRC model may represent an 

additional overnight requirements for the relevant accounts. In some examples, the LRC values 

may be recalculated daily, due to the dynamic nature of the portfolios as well as updated market 

pricing. In some examples, each day new requirements including LRC values may be passed on 

to a banking system, ready for an end of margin call process mandated for all accounts held at 

the CCP. 

[0252] More specifically, the margin model of the present disclosure, in some examples, may be 

configured to evaluate a price risk at a settlement price level (hence without accounting for 

possible bid-ask spread costs) from a beginning to an end of a holding period, or a margin period 

of risk (MPOR). The CCP may then be protected, up to a specified level of confidence, against 

adverse market price changes in the event of one or more clearing member (CM) defaults. In 

some embodiments, the LRC model may be configured to quantify liquidity-related risks that 

may not be captured in the initial margin requirement. In some examples, positions that are large 

relative to typical transactions in a given market may take longer to unwind than is anticipated in 

the MPOR of the initial margin. The LRC model may be configured to quantify an amount to 

collateralise for mitigating this exposure. 

[0253] The LRC model may be configured to assess the following charges to cover possible 

liquidity risks: a concentration charge (CC) and a bid-ask charge (BAC). The concentration 

charge may represent a margin add-on value from clearing members of the clearinghouse system 

to protect the CCP from liquidation costs associated with liquidating large cleared positions. The 

bid-ask charge may represent a margin add-on value from clearing members to protect the CCP 

from liquidation costs associated with the bid-ask spread. 

[0254] From a high level, the LRC model may assess liquidity risk at the portfolio level (as 

opposed to at the individual instrument level). In this manner the LRC model may extend the 

notion of portfolio margining to liquidity risk (albeit at instrument group level) so that fewer 

offsets may be provided compared to the margin model. Intuitively, where individual 

instruments may be less liquid, to the extent price risk is low at their combined portfolio level, 

the CCP faces a reduced exposure. 
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[0255] More technically, the LRC model may be configured to construct price risk equivalent 

portfolio representations by using representative instruments. In some examples, whether a 

position in a representative instrument is concentrated may be determined by predetermined 

concentration thresholds calibrated based on the volume and open interest data. If the position is 

expected to take longer to liquidate than the MPOR of the initial margin, the concentration 

charge may be applied based on the excess positions. 

[0256] The BAC makes up the second component of the LRC model and also applies at the 

instrument group level. In some examples, the BAC may not be based on an excess quantity 

beyond a predetermined threshold, but rather may be based on an entire position (e.g., in the 

representative instrument) that qualifies for BAC. In some examples, the LRC model may be 

configured to output a sum of the concentration charge and the bid-ask charge, to form a 

(quantified) liquidity risk charge value. 

[0257] As with the margin model, in some examples, the LRC model may also be configured 

according to various assumptions. For examples, the LRC model may assume that the use of 

portfolio representations provides for an adequate way of estimating the liquidity risk charge. 

For example, the LRC model may be configured to determine a position in a representative 

instrument such that the price risk is equivalent to the set of instruments represented. As another 

example, the concentration charge may be determined under the assumption that positions are 

gradually liquidated without impacting the market, and adequately captures the liquidity risk of a 

portfolio. 

[0258] Similar to the model described above with respect to Figs. 1-15, the margin model 

described below also utilizes a VaR as the risk measure. The margin model described below also 

determines the initial margin based on historical (raw) risk factor returns; scaling of historical 

risk factor returns by volatility to generate risk factor scenarios based on current risk factor 

values; and volatility forecasting based on EWMA. Moreover, the model system described 

below may also be configured to efficiently and accurately determine risk data for both linear 

products (e.g., futures) and non-linear financial products (e.g., options) by an empirical 

approach, by using a historical simulation procedure. 

[0259] The margin model described below is different from the above-described model, in that 

the margin model does not apply correlation scaling on risk factors. Instead, in order to account 

for any correlation change, the margin model (described below) includes a correlations stress 
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component as a buffer for any sudden increase or decrease across risk factors. 	Another 

difference is with respect to the MPOR. The model described above may apply scaling on 

overlapping n-day returns (with n being equal to MPOR). The margin model described below 

does not apply a scaling on overlapping n-day returns. Instead, the margin model described 

below starts with one-day returns (therefore being non-overlapping) and scales up the volatility 

forecast with a square root factor. Moreover, unlike the model described above with respect to 

Figs. 1-15, the model system described below includes the LRC model to assess liquidity risk. 

[0260] In addition, the margin model of the present disclosure, described below, includes 

additional components such as a volatility floor, a stress volatility component, an APC treatment, 

a portfolio diversification benefit limit and currency allocation. The volatility floor may provide 

a minimum value for the forecasted volatility of each risk factor, to ensure an overall 

conservative margin estimate in a low market volatility environment. The stress volatility 

component represents an additional component in addition to the volatility forecast, to ensure 

that periods of market stress are included for the calculating of volatilities. The APC treatment 

may be configured to dynamically adjust the volatility forecast based on recent market moves, 

which generally may reduce the margin pro-cyclicality. The portfolio diversification benefit 

limit may comprise a measure to limit an amount of portfolio offsets for multi-product portfolios 

(e.g., in accordance with particular regulations). In some examples, the portfolio diversification 

benefit limit may aid in mitigating a risk that the correlation to be realized in the future over the 

margin period turns out to be "worse" (e.g., riskier) than what may be contained in the historical 

data. The currency allocation may be configured to allocate the initial margin to each local 

currency group for multicurrency portfolios. 

[0261] The systems and methods described below may apply to any type of financial products 

and combinations thereof, including (without limitation): futures, forwards, swaps, 'vanilla' 

options (calls and puts), basic exercise (European and American), options (including options on 

first line swaps), fixed income products (e.g., swaps (IRS, CDS, Caps, Floors, Swaptions, 

Forward Starting, etc.)), dividend payments, exotic options (e.g., Asian Options, Barrier Options, 

Binaries, Lookbacks, etc.), exercise products (e.g., Bermudan, Canary, Shout, Swing, etc.) and 

exchange traded derivative (ETD) products. In some examples, the financial products may 

include financial products across one or more currencies. In some examples, the systems and 

methods described below may be applied to ETD products, including ETD interest rate 
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derivative products. An example model system may be configured, in some embodiments, to 

assess initial margin for cleared interest rate derivative products. Futures products may include, 

without being limited to, STIR futures, GCF repo futures, Swapnote®  futures, bond futures, Eris 

futures, EONIA futures and SONIA futures. Options products may include, without being 

limited to, options on futures (including options on STIR futures, mid-curve options on STIR 

futures) and options on bond futures. 

[0262] Turning now to Fig. 16, Fig. 16 is a functional block diagram illustrating an exemplary 

risk management system 1600 (also referred to herein as system 1600). System 1600 may 

include risk engine 1602, one or more data sources 1604 and one or more data recipients 1606. 

Risk engine 1602, data source(s) 1604 and data recipient(s) 1606 may be communicatively 

coupled via one or more communication networks 1608. The one or more networks 1608 may 

include, for example, a private network (e.g., a local area network (LAN), a wide area network 

(WAN), intranet, etc.) and/or a public network (e.g., the internet). 

[0263] Each of risk engine 1602, data source(s) 1604, and data recipient(s) 1606 may comprise 

one or more computing devices, including a non-transitory memory storing computer-readable 

instructions executable by a processing device to perform the functions described herein. In 

some examples, risk engine 1602 may be embodied on a single computing device. In other 

examples, risk engine 1602 may refer to two or more computing devices distributed over several 

physical locations, connected by one or more wired and/or wireless links. 

[0264] Data source(s) 1604 may include any suitable source of data and/or information relating 

to risk factor data for one or more financial products of one or more portfolios and associated 

with one or more currencies. In general, data source(s) 1604 may comprise a server computer, a 

desktop computer, a laptop, a smartphone, tablet, or any other user device known in the art 

configured to capture, receive, store and/or disseminate any suitable data. In one non-limiting 

example, data source(s) 1604 include sources of electronic financial data. Data and/or 

information from data source(s) 1604 may include current (e.g., real-time data) as well as 

historical data. In some examples, the data /information may include data for contract and 

instrument specifications for one or more financial products (e.g., ETD products). In some 

examples, data source(s) 1604 may include one or more electronic exchanges, or any other 

suitable internal or external data source that may either push data to risk engine 1602 or from 

which risk engine 1602 may pull data relating to risk factor data. In general, risk factor data may 
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be defined as a representation of relevant market risk. Risk factor data may be used for pricing 

financial instruments in the calculation of, for example, instrument profit and loss, cash rates, 

forward rate agreements (FRAs), Swaps (e.g., eur otc risk factors, GBP OTC risk factors, USD 

OTC risk factors), ETD linear risk factors (e.g., STIR future- Eur, GBP, USD, CHF) (quarterly, 

serial), bond futures, GCF repo, ETD option risk factors- options on STIR futures, mid-curve 

options on STIR futures, options on bond futures (e.g., Eur, GBP) and ETD FX risk factors. 

[0265] In addition to the risk factor data, data source(s) 1604 may provide additional data 

including, without being limited to, trading volume, open interest, bid-ask spread information 

and spot FX rates. The additional information may be used by LRC model 1618 to determine 

one or more LRC values. 

[0266] Data recipient(s) 1606 may include any suitable computer device for displaying and/or 

interacting with risk reporting results that may be provided by risk engine 1602. Data 

recipient(s) 1606 may be associated with any individual and/or entity for which risk reporting 

results may be useful for managing risk associated with one or more financial products. In some 

examples, data recipient(s) 1606 may include user interface 1634 (e.g., a graphical user interface 

(GUI)) comprising risk dashboard 1636. Risk dashboard 1636 may be configured to display 

summary reports of risk data (e.g., daily risk reports including initial margin(s) and LRC value(s) 

associated with one or more portfolios, risk analytics, other model information). In some 

examples, user interface 1634 (via risk dashboard 1636) may allow a particular data recipient to 

not only view the risk data reports, but may also allow the data recipient to interact with the risk 

data reports and/or to interact with risk engine 1602. For example, a specially permissioned 

administrator may be configured to interact with one or more modules of risk engine (e.g., 

synthetic data generator 1626, model calibration module 1628, model testing module 1630) to 

analyze and/or adjust one or more parameters of model system 1614. 

[0267] Risk engine architecture 1602 may include one or more data source interfaces 1610, 

controller 1612, model system 1614, report generator / distributer 1620, one or more data 

recipient interfaces 1622, one or more databases 1624, synthetic data generator 1626, model 

calibration module 1628 and model testing module 1630. Controller 1612 may be specially 

configured to control operation (via execution of programming logic) of one or more of data 

source interface(s) 1610, model system 1614, report generator / distributer 1620, data recipient 

interface(s) 1622, database(s) 1624, synthetic data generator 1626, model calibration module 

60 

EAST\171890952.1 



1628 and model testing module 1630. Controller 1612 may include without being limited to, a 

processor, a microprocessor, a central processing unit, an application specific integrated circuit 

(ASIC), a field programmable gate array (FPGA), a digital signal processor (DSP) and/or a 

network processor. 

[0268] Risk engine 1602 may comprise one or more processors configured to execute 

instructions stored in a non-transitory memory (such as shown in Fig. 52). It should be 

understood that risk engine 1602 refers to a computing system having sufficient processing and 

memory capabilities to perform the specialized functions described herein. 

[0269] Data source interface(s) 1610 may comprise at least one interface (e.g., an electronic 

device including hardware circuitry, an application on an electronic device) for communication 

with data source(s) 1604. In some example, data source interface(s) 1610 may be configured to 

be specially formatted for communication with particular data source(s) 1604. In some 

examples, data source interface(s) 1610 may be configured to obtain data pushed from among 

one or more of data source(s) 1604. In some examples, data source interface(s) 1610 may be 

configured to poll one or more of data source(s) 1604 for data, for example, at predefined times, 

predefined days, predefined time intervals, etc. In some examples, data obtained via data source 

interface(s) 1610 may be stored in database(s) 1624. In some examples, at least a portion of the 

obtained data may be provided to model system 1614. 

[0270] Model system 1614 may include IRM 1616 and LRC model 1618. In general each of 

IRM 1616 and LRC model 1618 may be comprised as a specialized set of computer-readable 

instructions (i.e., a set of specialized rules) for respectively determining an initial margin and a 

LRC value for one or more portfolios of financial products across one or more currencies. 

[0271] Referring to Fig. 17, a functional block diagram of example IRM 1616 is shown. IRM 

1616 may include volatility forecaster 1702, scenario generator 1704, aggregator 1706, base IM 

generator 1708 and one or more additional model components 1710. In general, IRM 1616 may 

be configured to receive risk factor data representing market risk for one or more particular 

products. IRM 1616 may leverage appropriate pricing functions, to price any contract value 

starting from a simulated risk factor time series. More specifically, IRM 1616 may be 

configured to determine an exposure which may then be aggregated at the portfolio level to 

produce a portfolio-level initial margin. The portfolio-level initial margin may be used to 

determine a risk exposure. 
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[0272] Volatility forecaster 1702 may be configured to receive risk factor data, including 

historical data. Based on the risk factor data, volatility forecaster 1702 may be configured to 

scale historical (raw) risk factor returns by volatility, based on current risk factor values (e.g., 

risk factor values associated with a current day). Volatility forecaster 1702 may also be 

configured to generate one or more risk factor scenarios based on the volatility-scaled risk factor 

returns. 

[0273] Scenario generator 1704 may be configured to receive the risk factor scenario(s) (from 

volatility forecaster 1702). Based on the risk factor scenario(s), scenario generator 1704 may be 

configured to generate one or more price scenarios at the instrument level. In addition, scenario 

generator 1704 may be configured to generate one or more profit and loss scenarios. The profit 

and loss scenarios may be generated relative to a current (e.g., today's) risk factor derived price. 

[0274] Aggregator 1706 may be configured to receive the individual profit and loss scenarios at 

the instrument level (from scenario generator 1704). Aggregator 1706 may be configured to 

aggregate (e.g., combine) the instrument-level profit and loss scenarios to obtain one or more 

profit and loss scenarios at the portfolio level. 

[0275] Base IM generator 1708 may be configured to receive the portfolio-level profit and loss 

scenarios. Base IM generator 1708 may be configured to determine a base initial margin from a 

distribution determined from the portfolio-level profit and loss scenario(s), at a predefined 

percentile. 

[0276] Additional model component(s) 1710 may include one or more components that may be 

applied to the base initial margin (determined by base IM generator 1708) to obtain a final initial 

margin. In some examples, additional model component(s) 1710 may include a correlation stress 

component, a diversification benefits component and a currency allocation component (each 

described further below). 

[0277] IRM 1616 is described further below with respect to Figs. 20, 21, 22, 23A and 23B. 

[0278] Referring next to Fig. 18, a functional block diagram of example LRC model 1618 is 

shown. LRC model 1618 may include synthetic portfolio generator 1802, concentration charge 

component 1804, bid-ask charge component 1806 and liquidity risk charge component 1808. In 

general, LRC model 1618 may be configured to receive information relating to trading volume, 

open interest, bid-ask spread(s), spot FX rates and one or more profit and loss vectors associated 

with one or more financial products. In some examples, the trading volume information, open 
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interest information, bid-ask spread information and spot FX rate information may be obtained 

from among data source(s) 1604 (which may be stored in database(s) 1624). The profit and loss 

vector(s) may be obtained from IRM 1616. The set of received data may be used by LRC model 

1618 to determine any LRC values for one or more portfolios. 

[0279] Synthetic portfolio generator 1802 may be configured to receive the set of received data 

(e.g., volume, interest, spread, FX rates and vectors) and may be configured to generate two 

different representations of a portfolio, based on representative instruments. One of the portfolio 

representations may be based on a Delta method and the other portfolio representation may be 

based on a VaR technique. Both representations are described further below. 

[0280] Concentration charge component 1804 may receive the two portfolio representations 

from synthetic portfolio generator 1802. Concentration charge component 1804 may be 

configured to determine a concentration charge for the concentrated representative instruments 

for each of the two portfolio representations. 

[0281] Bid-ask charge component 1806 may receive the two portfolio representations from 

synthetic portfolio generator 1802. Bid-ask charge component 1806 may be configured to 

determine a bid-ask charge for the representative instrument positions for each of the two 

portfolio representations. 

[0282] Liquidity risk charge component 1808 may be configured to receive the concentration 

charge (from concentration charge component 1804) and the bid-ask charge (from bid-ask charge 

component 1806). Liquidity risk charge component 1808 may be configured to determine the 

LRC value(s) based on a sum of the concentration charge and the bid-ask charge. 

[0283] LRC model 1618 is described further below with respect to Figs. 24-26. 

[0284] Referring back to Fig. 16, report generator / distributer 1620 may be configured to 

receive one or more initial margins (from IRM 1616) and one or more LRC values (from LRC 

model 1618). In some examples, report generator / distributer 1620 may be configured to 

receive additional information from among one or more of database(s) 1624, synthetic data 

generator 1626, model calibration module 1628 and model testing module 1630. Report 

generator / distributer 1620 may be configured to create one or more summary risk reports from 

among the received information and may distribute the report(s) to one or more among data 

recipient(s) 1606 (via data recipient interface(s) 1622). The summary risk reports may include, 

for example, daily risk reports, periodically distributed reports (e.g., according to any predefined 
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time interval) and/or reports based on one or more predetermined conditions (e.g., detection of 

an extreme event). In some examples, the report(s) may include one or more data analytics 

associated with one or more portfolios. 

[0285] In some examples, report generator / distributer 1620 may be configured to distribute 

report(s) to particular ones of data recipient(s) 1606 at different distribution times (e.g., based on 

predetermined data recipient characteristic). In some examples, report generator / distributer 

1620 may be configured to distribute reports to data recipient(s) 1606 at a same predetermined 

time. In some examples, report generator / distributer 1620 may be configured to format the risk 

report(s) for presentation on particular ones of data recipient(s) 1606 (including, in some 

examples, differently formatted report(s) for presentation on different user interfaces 1634 of 

different data recipient(s) 1606). 

[0286] Data recipient interface(s) 1622 may comprise at least one interface (e.g., an electronic 

device including hardware circuitry, an application on an electronic device) for communication 

with data recipient(s) 1606 (e.g., via user interface 1634). In some examples, data recipient 

interface(s) 1622 may be configured to be specially formatted for communication with particular 

ones of data recipient(s) 1606. In some examples, data recipient interface(s) 1622 may be 

configured to receive user input from among data recipient(s) 1606 (e.g., via user interface 

1634). 

[0287] Database(s) 1624 may be configured to store any data that may be suitable for use by risk 

engine 1602. Data stored in database(s) 1624 may include, without being limited to, one or more 

among input data (e.g., risk factor data, volume data, open interest data, spread data, FX rate 

data) from among data source(s) 1604, one or more values derived by IRM 1616 and/or LRC 

model 1618, one or more parameters used by IRM 1616 and/or LRC model 1618, information 

associated with data source(s) 1604, information associated with data recipient(s) 1606, synthetic 

data generated by synthetic data generator 1626 and parameters of and/or values determined by 

one or more of model calibration module 1628 and model testing module 1630. Database(s) 

1624 may be configured according to any suitable data structure. 

[0288] Synthetic data generator 1626 may be configured to create one or more synthetic data 

sets. The synthetic data may be configured to model benign conditions as well as extreme 

events. In addition to utilizing realized market data, risk engine 1602 may be configured to 

create "synthetic" (i.e. simulated) data, in order to explore model behavior in a controlled 
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environment. With realized data, statistical parameters describing the observed distribution must 

be estimated as the true population generating the data is not known. With synthetic data, the 

population and its statistical parameters are known as they are directly created. In an example 

embodiment, the synthetic market environments generated include: benign data and regime 

change data. The benign data may be configured to capture the state of the world where markets 

are well behaved. This represents a simplified view of the world where no extreme events occur 

day to day other than what the normal distribution will allow. Regime change data may be 

configured to capture the state of the world where the market is well behaved initially, then 

moves into stress abruptly, and then moves back to a well behaved market state. Synthetic data 

generator 1626 is described further below with respect to Fig. 27. 

[0289] Model calibration module 1628 may be configured to calibrate one or more of IRM 1616 

and LRC model 1618. In some examples, model calibration module 1628 may be configured to 

calibrate IRM 1616 and/or LRC model 1618 based on real data and synthetic data obtained from 

synthetic data generator 1626. Model calibration module 1628 is described further below. 

[0290] Model testing module 1630 may be configured to test IRM 1616 across multiple 

categories. According to an example embodiment, the testing categories may include 

fundamentals testing, backtesting, pro-cyclicality testing, sensitivity testing (including a rolling 

backtest analysis and a parameter sensitivity analysis), incremental testing, model comparison 

with historical simulation and assumptions backtesting. In some examples, model testing 

module 1630 may be configured to test IRM 1616 based on real data and synthetic data obtained 

from synthetic data generator 1626. Model testing module 1630 is described further below. 

[0291] Although not shown, risk engine 1602 may include one or more components of risk 

engine architecture 100 (Fig. 1). For example, risk engine 1602 may include one or more of a 

data filter (to clean erroneous data, fill gaps in data, convert raw data into a time series, etc.), 

portfolio bucketing and portfolio compression. 

[0292] Some portions of the above description describe the embodiments in terms of algorithms 

and symbolic representations of operations on information. These algorithmic descriptions and 

representations are commonly used by those skilled in the data processing arts to convey the 

substance of their work effectively to others skilled in the art. These operations, while described 

functionally, computationally, or logically, are understood to be implemented by computer 

programs or equivalent electrical circuits, microcode, or the like. Furthermore, it has also proven 

65 

EAST\171890952.1 



convenient at times, to refer to these arrangements of operations as modules, without loss of 

generality. The described operations and their associated modules may be embodied in 

specialized software, firmware, specially-configured hardware or any combinations thereof. 

[0293] Those skilled in the art will appreciate that risk engine 1602 may be configured with 

more or less modules to conduct the methods described herein. As illustrated in Figs. 19-25 and 

27, the methods shown may be performed by processing logic that may comprise hardware (e.g., 

circuitry, dedicated logic, programmable logic, microcode, etc.), software (such as instructions 

run on a processing device), or a combination thereof. In one embodiment, the methods shown 

in Figs. 19-25 and 27 may be performed by one or more specialized processing components 

associated with components 1602-1636 of system 1600 of Fig. 1. Figs. 19-25 and 27 are 

described with respect to Figs. 16-18. With respect to Figs. 19-25 and 27, although these 

flowcharts may illustrate a specific order of method steps, it is understood that the illustrated 

methods are exemplary, and that the order of these steps may differ. Also, in some examples, 

two or more steps may be performed concurrently or with partial concurrence, 

[0294] Referring next to Fig. 19, a flowchart diagram illustrating an example method of 

operating model system 1614 to determine risk exposure and to adjust one or more parameters of 

model system 1614 is shown. At step 1900, model system 1614 may receive risk factor return 

data. As discussed above, the risk factor return data may be obtained from among data source(s) 

1604 and/or via database(s) 1624. In addition to the risk factor data, model system 1614 may 

also obtain input data (e.g., trading volume information, open interest information, bid-ask 

spread information and spot FX rate information) for use by LRC model 1618 (e.g., from 

database(s) 1624 and/or data source(s) 1604). 

[0295] At step 1902, at least one initial margin associated with a portfolio-level profit and loss 

(PNL) distribution may be determined, for example, by IRM 1616, based on the received risk 

factor return data. Step 1902 is described further below with respect to Fig. 20. 

[0296] At step 1904, one or more profit and loss (PNL) vectors may be obtained by LRC model 

1618, from IRM 1616. At step 1906, LRC model 1618 may determine one or more LRC values 

associated with a portfolio-level liquidity risk, for one or more portfolios. Steps 1904 and 1906 

are described further below with respect to Fig. 24. 

[0297] At step 1908, the initial margin(s) and LRC value(s) may be distributed to one or more 

among data recipient(s) 1606. For example, report generator / distributer 1620 may generate a 
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risk report based on the initial margin(s) (determined at step 1902) and the LRC value(s) 

(determined at step 1906) and may distribute the risk report to data recipient(s) 1606 via data 

recipient interface(s) 1622. 

[0298] At optional step 1910, one or more synthetic datasets may be generated, for example, by 

synthetic data generator 1626. In some examples, the synthetic dataset(s) may be generated 

based at least in part on user input (e.g., via risk dashboard 1636 of user interface 1634). 

[0299] At optional step 1912, one or more of IRM 1616 and LRC model 1618 may be calibrated 

(e.g., various parameters and/or settings of IRM 1616 and/or LRC model 1618 may be set), for 

example, by model calibration module 1628. In some examples, one or more models of model 

system 1614 may be calibrated using at least one of real data and synthetic data (e.g., as 

generated at step 1910). In some examples, the calibration may be performed based at least in 

part on user input (e.g., via risk dashboard 1636 of user interface 1634). 

[0300] At optional step 1914, one or more testing routines may be performed on at least one of 

IRM 1616 and LRC model 1618, for example, by model testing module 1630. In some 

examples, one or more models of model system 1614 may be tested using at least one of real 

data and synthetic data (e.g., as generated at step 1910). In some examples, the testing may be 

performed based at least in part on user input (e.g., via risk dashboard 1636 of user interface 

1634). Example testing routines are described further below. 

[0301] At optional step 1916, one or more parameters of IRM 1616 and/or LRC model 1618 

may be adjusted based on outcome(s) of the testing routine(s) (determined in step 1914). In 

some examples, the adjustment may be performed based at least in part on user input (e.g., via 

risk dashboard 1636 of user interface 1634). 

Generation of Initial Margin by the Margin Model 

[0302] Referring next to Fig. 20, a flowchart diagram illustrating an example method of 

determining at least one initial margin (step 1902 in Fig. 19) is shown. The steps of Fig. 20 may 

be performed by IRM 1616. At step 2000, risk factor (RF) return data may be received by IRM 

1616. At step, 2002, a volatility forecast may be generated, for example, by volatility forecaster 

1702. In general, a volatility forecast may be generated by scaling the historical (raw) risk factor 

returns by volatility. Volatility forecasting is described further below. 

[0303] At step 2004, one or more risk factor scenarios may be generated, for example, by 

scenario generator 1704. The risk factor scenarios may be based on the volatility forecast, and 
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where risk factor scenarios may be generated based on current risk factor values, for example, by 

scenario generator 1704. 

[0304] At step 2006, one or more price scenarios at the instrument level may be generated from 

the risk factor scenarios, for example, by scenario generator 1704. At step 2008, one or more 

profit and loss (PNL) scenarios at the instrument level may be generated, for example, relative to 

a current risk factor derived price. 

[0305] At step 2010, the individual PNL scenario at the instrument level (step 2008) may be 

combined to obtain the profit and loss scenarios at the portfolio level, for example, by aggregator 

1706. At step 2012, a base IM may be determined, for example, by base IM generator 1708, 

from a portfolio-level PNL distribution at a predefined percentile. The Portfolio-level PNL 

distribution may be determined from the portfolio-level PNL scenarios determined at step 2010. 

At optional step 2014, a final IM may be determined, for example, by one or more additional 

components 1710). For example, the final IM may be determined by applying one or more of a 

correlation stress component, a diversification benefit component, and a currency allocation 

component (described further below). 

[0306] Referring next to Figs. 21, 22, 23A and 23B, a more detailed example method of 

determining an initial margin is shown. In particular, Fig. 21 is a flowchart diagram illustrating 

an example method of generating a volatility forecast (step 2002); Fig. 22 is a flowchart diagram 

illustrating an example method of determining the initial margin based on the volatility forecast 

(steps 2004-2014); Fig. 23A is a functional block diagram illustrating an example signal flow for 

determining the volatility forecast shown in Fig. 21; and Fig. 23B is a functional block diagram 

illustrating an example signal flow for determining the initial margin shown in Fig. 22. As a 

note, in some portions of the disclosure, volatility is described as "vol" solely for convenience in 

notation. 

[0307] Referring to Figs. 21 and 23A, generation of the volatility forecast (step 2002) is 

described. Regarding the volatility forecast (step 2002), the volatility forecast may involve a 

combination of historical volatility process 2100, de-volatilization of risk factor returns, 2102, 

stress volatility process 2104, APC process 2106, volatility floor process 2108, time scaling 

process 2110 and re-volitization process 2112, Processes 2100-2112 are described in greater 

detail below. 
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[0308] In general, historical volatility process 2100 may include step 2100a of receiving risk 

factor time series data for N time series (where N is greater than or equal to one), step 2100b of 

constructing a set of historical EWMA volatilities based on the set of N time series and step 

2100C of performing de-volitization on the set of historical EWMA volatilities. 

[0309] De-volitization of risk factor returns process 2102 may include step 2102a of generating 

one-dimensional (1D) risk factor returns and step 2102b of performing a de-volitization of the 

1D risk factor returns, based on historical volatility(s) (based on step 2100c). 

[0310] Stress volatility process 2104 may include step 2104a of determining one or more daily 

changes in the set of historical EWMA volatilities (determined at step 2100b), step 2104b of 

determining a percentile of daily change(s) in the set of historical EWMA volatilities (based on 

step 2104a), and step 2104c of applying a stress volatility treatment. 

[0311] APC process 2106 may include step 2106a of determining an RF stress index and step 

2106b of applying an APC treatment (based on step 2106a). 

[0312] Volatility floor process 2018 may include step 2108a of determining a percentile of 

EWMA volatility, and step 2108b of applying a volatility floor treatment. 

[0313] Time scaling processing 2110 may include step 2110a of applying holding period scaling. 

Re-volitization process 2112 may include step 2112a of performing re-volitization for the risk 

factor returns (determined at step 2102a) based on scaling by volatility. 

[0314] In general, the volatility forecasting may involve a VaR approach. At a high level, a VaR 

approach involves measuring market risk whereby the return of a portfolio is forecasted using 

probability and statistical models. This type of statistical approach is in contrast to a "scenario 

analysis" approach to measuring market risk, where portfolio returns are forecasted for specific 

scenarios of input parameters. The advantage of using a VaR approach over a scenario analysis 

approach is that it describes a worst loss for a given probability. 

[0315] The VaR technique includes several advantages. The VaR corresponds to an amount that 

could be lost with some chosen probability. It measures the risk of the risk factors as well as the 

risk factor sensitivities. It can be compared across different markets and different exposures. It 

is a universal metric that applies to all activities and to all types of risk. It can be measured at 

any level, from an individual trade or portfolio, up to a single enterprise-wide VaR measure 

covering all the risks in the firm as a whole. When aggregated (to find the total VaR of larger 
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and larger portfolios) or disaggregated (to isolate component risks corresponding to different 

types of risk factor) it takes account of dependencies between the constituent assets or portfolios. 

[0316] In general, the VaR may be determined by: specifying a confidence level q or 

alternatively the significance level (1 — q), specifying a holding period h (also referred to as the 

risk horizon, or the Margin Period of Risk (MPOR)) in business days and identifying the 

probability distribution of the profit and loss (P&L) of the portfolio. 

[0317] For IRM 1616. a full valuation approach is selected, meaning portfolios may be priced 

for the scenarios under consideration, rather than using a local valuation approach that 

approximates the change in the portfolio value using local sensitivities. A primarily non-

parametric approach is also selected, meaning that the P&L distribution is constructed based on 

empirical data, rather than making a distribution assumption. In general, the choice of a full 

valuation approach may be preferred because approaches like the delta-normal approach capture 

linear risk exposures only. In addition, both the full valuation approach and non-parametric 

approach are feasible because a substantial risk factor history is stored from which to derive 

scenarios. 

[0318] The particular resolution method chosen for IRM 1616 is a filtered Historical Simulation 

(FHS) approach. This approach allows for the modeling of these stylized properties. In 

describing the FHS resolution method, the Historical Simulation (HS) approaches are examined 

first and then it is distinguished how FHS improves on HS. How IRM 1616 is a specific 

variation of FHS is then shown. 

[0319] For implementing historical simulation, consider a length of a lookback window, 

historical weighting for sampling, sampling scheme and any time scaling or time aggregation. 

The length of the lookback window refers to how many historical returns are used looking 

backward from the value date T in the construction of the P&L distribution. In general, the error 

of the VaR estimator decreases as the number of available observations increases. For example, 

computation of the 1% VaR using a distribution with only 100 empirical observations is subject 

to more estimation eiTor than if 1,000 observations were available. For IRM 1616, the lookback 

window was chosen, in one example, to be 1,250. The potential drawback of a longer lookback 

window is that returns far back in the past have equal influence at the percentile calculation step 

compared to more recent observations. 
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[0320] A potential way to remedy this drawback is through the choice of historical weighting. A 

choice for equal weighting assigns the same probability to each past observation. For IRM 1616, 

equal historical weighting is selected, but note that FHS provides an alternate way to remedy the 

drawback of past history not representing more recent market conditions. 

[0321] In an example embodiment, IRM 1616 uses a sampling without replacement technique. 

Sampling without replacement represents a straightforward approach, which builds the empirical 

distribution directly from the historical observations in a one-to-one manner. That is, if the 

lookback window contains 1,000 return observations, then the simulation results in an empirical 

P&L distribution containing 1,000 observations exactly reflecting each historical return 

observation. 

[0322] For sampling without replacement, time scaling may be accomplished by estimating a 1-

day VaR and scaling it up to the required h-day time horizon. This is due to limited data 

availability since estimating a multiday time horizon VaR with multiday returns typically 

requires a longer history. For IRM 1616, an option for time scaling is to scale a 1-day VaR up to 

a desired h-day time horizon. 

[0323] One methodology for time scaling the VaR estimate, which essentially represents a 

quantile of an empirical return distribution, is using the square-root-of-time rule. For IRM 1616, 

the square-root-of-time rule is used only to scale the one-day volatility forecast to an h-day 

volatility forecast. For this case, the only assumptions made are that the one-day returns are 

uncorrelated and have constant variance over the holding period. 

[0324] An enhancement to HS is Filtered Historical Simulation. FHS may be distinguished from 

HS by defining the term filtered to mean that rather than sampling from a set of raw returns, 

sampling is done from a set of shocks or innovations, zt, that are filtered by a conditional 

volatility: 

rt  
(69) 	zt  = 

acond;t 

[0325] The conditional volatility OF - cond;t can be estimated using various models, including the 

Exponentially Weighted Moving Average and the Generalized Auto-Regressive Conditional 

Heteroskedastic models. Note that the filtering volatility is the current estimated conditional 

volatility at the time of the return. To account for current market conditions the shocks are 
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multiplied by the one-day ahead (T + 1) volatility forecast estimated on the value date T . Thus a 

set of scaled returns ft  would be constructed as follows: 

acond;T+1  
(70) 	rt = 	rt „ 

ucond;t 

[0326] Note that this approach can be used for sampling with or without replacement. In the 

case of sampling with replacement, multiday returns can be generated using the sampled shocks 

and a modeled conditional volatility/mean updated at each time step. For sampling without 

replacement, the scaled returns are used to calculate the VaR directly by applying them to a 

portfolio on the value date T and calculating a P&L distribution. This filtering and forecasting 

process is referred to more generally as applying a volatility adjustment. The filtering and 

forecasting processes are also referred to as de-volatilization and re-volatilization. In IRM 1616, 

the EWMA conditional volatility is used for filtering returns at each time t. For forecasting, the 

EWMA conditional volatility is combined with a Stress Volatility Component and Volatility 

Floor to derive a T + 1 volatility forecast. 

[0327] Advantages of FHS are similar to HS, but with the additional advantages that it adjusts 

for the current market conditions and allows for a conditional volatility model which can account 

for heteroskedasticity of volatility (i.e. non-constant variance through time). 

[0328] In summary, the VaR resolution method chosen for IRM 1616 includes the following 

basic features: historical simulation via equally weighted sampling without replacement; filtering 

via EWMA conditional volatility, volatility forecasting via EWMA conditional volatility, floor, 

and stress components; and time scaling of the volatility forecast via the square-root-of-time rule. 

Indexing 

[0329] The scaling operations described below are performed for all of the f = 1, 2, ... , F risk 

factors unless otherwise noted, with F denoting the total number of Risk Factors including 

foreign exchange (FX). 

[0330] Indexing across time is somewhat more involved, but essentially involves five primary 

dates. These dates are: 

• The First Date (FD): the first date with Risk Factor return data available in history. 

• The Last Date (LD): the last date with Risk Factor return data available in history. 
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• The First Value Date (FVD): the first date within the range {FD,...,LD} for which 

sufficient Risk Factor return data exist to compute an initial margin given a chosen VaR 

lookback window length. 

• The First Backtest Date (FBD): the first date within the range {FVD,...,LD } for which an 

initial margin calculation for backtesting purposes is performed. 

• The current Value Date (VD): a date in the range {FVD,...,LD} that represents the 

current calculation date for initial margin. 

[0331] Importantly, the historical time period covered is identical across all Risk Factors in 

scope, such that any one row vector chosen from the data matrix represents the same date for all 

Risk Factors. 

[0332] Historical indexing of time is defined with t = 1, ..., Tmax  where t = 1 is the first date 

available in history (FD) and t = Tina., is the last date available in history (LD). The current 

Value Date is denoted as t = T 

[0333] For operations with returns within the lookback window y = 1, , W are used. For dates 

where initial margin is calculated, W = W0  where W0  is the default VaR lookback window. For 

calculating EWMA volatility estimates on a given Value Date, W can be smaller than W0  for a 

date prior to the FVD; in these cases W = t. 

[0334] For initial margin calculation, W0  Risk Factor scenarios may be based on W0  daily Risk 

Factor returns. As such, the FVD is the first date t where W0  + 1 daily Risk Factor returns are 

available, i.e. at time t = W0+1. 

[0335] For operations involving instruments, the instruments are indexed by i = 1, 2, ... ,N 

where N is the total number of instruments in a given portfolio. 

Risk Factor Return Time Series Generation  

[0336] For each Risk Factor f at time t, the daily return is calculated. For Risk Factors which 

are interest rates (including cash rates, swaps, FRAs, STIR futures, Repo futures, and bond 

futures), what are generally known as one-day "absolute returns" are calculated, that is, one-day 

changes in yield levels yt  so that 

(71) 	rt = Yt Yt-i 

[0337] At step 1208, message delay line system (e.g., message departure time module 212) may 

determine the TCC propagation delay by comparing the local timestamp (applied to the received 

message by timestamp module 210 via wall clock 204) to the remote timestamp included in the 
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received message (applied by active CIP component 808). In other words, a difference between 

the local timestamp and the remote timestamp may be used to measure the TCC propagation 

delay for the message associated with a participant. Message departure time module 212 may 

store the TCC propagation delay in the participant record (in storage 218) as the participant delay 

offset. 

[0338] For option volatility Risk Factors and FX Risk Factors, what are known as logarithmic, or 

log, returns are calculated as: 

Yt  
(72) 	rt  = In 	= In yt  — In yt_ i  

Yt-i 

as both volatility and FX are defined to be positive. To lighten the notation, any script references 

to risk factor f are omitted. 

[0339] The return at position "C in the lookback window for historical date t is defined as: 

(73) 	rt,t = rt-w+T VT = 1, ••• W 

De-Volatilization of Risk Factor Returns 

[0340] The first step in the de-volatilization (DV) process is to obtain a set of historical next-day 

variance predictions (o-b,t). For dates t = 1, 2 ... , M, the historical next-day variance predictions 

are calculated as the sample variance (ignoring the sample mean) based on the first M dates: 

M 
2 

CrDV•t = 

-r=1 

For each of the historical dates t = M + 1, , Tmax an EWMA variance updating process is used 

to perform EWMA de-volatilization. The initial seed for the EWMA de-volatilization on date t 

is set to be the sample variance (ignoring the sample mean) based on the lookback window W: 

w 
.2 

, u 	w  t=1 t 	' t-W+T 

r=1 

For calculation of volatility estimates when t < Wo, W = t is set so that the EWMA process is 

run over a time period with less than Wo  returns. The EWMA variance updating process is 

written in its standard recursive form as 

(76) 	wit = •6i1,t  +(1+ A.) ' 

(74) 

(75) 
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where i = 2, ..., W + 1 and where 0 	< 1 is the EWMA Weighting (Lambda) parameter that 

assigns more weight to more recent observations (when it is strictly less than 1). The value of the 

EWMA variance qt  with -t-  =W +1 is used to calculate the next-day variance prediction qv;  t  

for historical date t: 

(77) 	uDV;t uW+1,t 

[0341] For a given Value Date T aiiv;t  is computed for each t = T — W, T —W +1,...,T — 1. 

Thus the set fcrb;t) of historical next-day variance predictions and the corresponding set fa- 	I DV;t, 

of historical next-day EWMA-DV volatilities are obtained. 

[0342] As can be seen from the EWMA variance equation (76), the prediction for the next-day 

variance is a weighted average of two terms: 

1. The Persistence term: This first term captures how much of the prior period volatility 

forecast should be used in the forecast for the next period. As an illustration, if 100% of 

the weight is assigned to this term (A = 1), the forecast volatility will remain static (at its 

prior level) regardless of the volatility experienced in the market today. In this case, if 

yesterday's forecast was for low volatility, and the market experienced high volatility 

today, the forecast would remain for low volatility. 

2. The Reaction term: This second term captures how much current market volatility, as 

measured by the squared day-over-day return, should affect the volatility forecast. As an 

illustration, if 100% of the weight is assigned to this term (1 — A = 1 so that A = 0), then 

the volatility forecast for tomorrow is always equal to today's market volatility. The 

lower the value of Lambda, the more reactive to today's market the volatility forecast 

becomes. This term serves as the updating term to incorporate a current view of 

volatility. 

[0343] Both terms capture important features of the data, and neither extreme - Lambda zero or 

one - is typically justified in the interest rates market. A mixture of both is desirable. 

[0344] Finally, each of the returns in the lookback window are scaled: 

rT,T  
(78) 	rDvirtr = 	 for et-  = 1,2, ... , W 

6pv;T-w+T-1 crpv;T-w+T-i. 
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Re-Volatilization of Risk Factor Returns  

[0345] The re-volatilization (RV) process applies the most current volatility estimate to each 

Risk Factor by scaling the returns using the Volatility Forecast. Unlike in the DV process, the 

RV forecast volatility is a constant that applies across the VaR window for a given Risk Factor 

f. 

[0346] The RV process consists of the following three steps: 

1) EWMA Volatility estimation for each Value Date 

2) Forecast Volatility calculation, including calculation of the Volatility Floor, Stress 

Volatility Component and APC Treatment 

3) Risk Factor return scaling using the Volatility Forecast. 

EWMA Volatility Estimation  

[0347] On any given Value Date t = T the EWMA-RV volatility estimate is the square root of 

the EWMA-DV variance estimate at time t = T: 

(79) 	
,\I

CfRV;T = 417; T = aDV;T 

where apv;T  is obtained using the EWMA process leading to equation (77) with t = T . The 

above EWMA volatility estimates are used in the previously described DV calculations as well 

as the subsequent calculations of the Volatility Floor and the Stress Volatility Component. 

Volatility Floor 

[0348] The volatility of the previous section is the margin model's prediction of future volatility 

to be realized over the holding period. To ensure overall a conservative margin estimate in a low 

market volatility environment, the forecast volatility is evaluated against a volatility floor on 

each value date. 

[0349] The volatility floor o-Ftoor  places a minimum value on the forecast volatility of each risk 

factor. In an effort to accommodate the unique volatility profiles of the risk factors, IRM 1616 

provides each risk factor with its own volatility floor. The volatility floor is also anchored 

historically in that it always includes volatility estimates reaching back to the first date. In this 

way the volatility floor is also a function of time: as volatility increases (decreases), the volatility 

floor adapts to the current market environment by increasing (decreasing). 
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[0350] For a given value date T, the minimum is set so that the RV volatility never falls below a 

designated Volatility Floor percentile, kno„, of the volatility estimates starting with the first 

estimate date where t = 1 and moving up to the Value Date t = T: 

(80) 	aFloor; T = percentile (t- RV;t}15t,T, kfloor) T > M + K 

Here K is a configurable parameter determining the minimum number of values needed for the 

percentile calculation (in one example, K is set at 750). Note that, in this example, 

percentile corresponds to the Microsoft Excel®  (function =PERCENTILE.INCO with the 

percentile in this case set to k ft,. 

[0351] To clarify, the volatility floor calculation is best illustrated with an example; for the 

purpose of illustration only the k fi, percentile is set to 10%: 

• On the First Value Date there exist 1,251 individual o-Rv;T  estimates per Risk Factor. The 

1,251 Value Date volatility estimates are ranked from smallest to largest, and the k * 

(n — 1) + 1 = 126th  "observation" (rank) is chosen as the Volatility Floor for this First 

Value Date. The rank value in this case is calculated as the 126th  smallest volatility. 

• On an arbitrary Value Date, March 31, 2015, there exist 3,227 individual aRv;T  estimates 

per risk factor. The Volatility Floor is then calculated as the k * (n — 1) + 1 = 323.6th  

"observation" (rank), which is equal to the 323rd  smallest sigma plus .6 times the 

difference between the 324th  and 323rd  smallest RV volatility. 

Stress Volatility Component 

[0352] IRM 1616 may be configured to ensure that, for the purpose of determining volatilities, 

periods of market stress are included. 

[0353] The series of daily changes in the EWMA volatility estimates on each Value Date is 

defined as duRv;t  = RV;t 6RV;t-1• The percentile of these daily changes is computed to 

obtain: 

(81) aRV;T = percentile (fda.Rv.tjT 2<t<T,  kdeita), 	M + K 

where k delta  is the Stress Volatility Update Percentile set to a level considered as stressed in 

financial markets. The term accounts for large daily changes in volatility. 

[0354] The Stress Volatility Component for each risk factor f is calculated as follows: 

(82) astress;T = CCAPC;T * AaRV;T 

where ccA pc;T  is the RF APC Index calculated as: 
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0 

amax;T a RV ;T 

amax;T CrAPC;T 

1 

for CFRv ; 	amax;T 

for aAPC;T < a RV ;T < amax;T 

for aRv;T < CrAPC;T 

(83) 
	

aAPC;T 

OF (t- Rv;tL57,),T> M + K amax;T = max  

aAPC;T = percentile a (t- Rv;t1i,t.,T,kApc),T M + K 

where kApc  is the APC Index Percentile and where a- - max; T > aAPC; T at any T. 

[0355] The RF APC Index aApc;7,  acts in an anti-procyclical manner at the Risk Factor level, as 

can be seen in the definitions of the RF APC Index above: as the estimated volatility or - RV;T 

increases, the RF APC Index approaches and eventually reaches zero, so that the Stress Volatility 

Component also approaches and eventually reaches zero. At the same time, during periods of 

low volatility (up to the volatility threshold CrApc;T), aApc;T evaluates to 1 so that the full term 

AriRv;r applies. 

[0356] It should be noted that IRM 1616 may not only rely on the Stress Volatility Component 

for its APC performance. Anti-procyclicality of initial margin is further achieved by 

implementing "Option (a)" of the EMIR RTS. This is discussed next. 

Treatment of Procvclicality and Volatility Forecast 

[0357] The Volatility Forecast in IRM 1616 is generated using one of the two configurations: 

APC Off and APC On. The Volatility Forecast in the APC On configuration is used to generate 

an initial margin that complies with the applicable anti-procyclicality regulatory requirements 

and that is used in production. The initial margin generated based on the APC Off Volatility 

Forecast may be used for testing purposes. 

[0358] In the case of APC Off, the Volatility Forecast 6T  on the Value Date T is calculated by 

applying the Volatility Floor and the Stress Volatility Component to the EWMA-RV volatility 

URv;T as follows: 

(84) 	aT  = min (amax;T )rnaX(CFRV;T + stress;T a Flo or;T)) 

= min (amax;T MaX (a RV;T aAPC;T * AO-  RV ;T FloonT)) 

Note that the Volatility Forecast is capped at the maximum historical volatility a _ max;T to avoid a 

situation where margin may be reduced as market conditions are deteriorating. 
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[0359] The APC treatment in IRM 1616 is implemented by applying a 25% minimum buffer at 

the risk factor level. Accordingly in the APC On configuration the Volatility Forecast 6-T  is 

calculated as follows: 

(85) Or = min (amax;T, max(aRv;T 

+ max(Au - stress;T)aAPC;T APCbuffer 6RV;T) ; aFloonT)) 

= min (amax;T)maX(aRV;T ctAPC;T maX(AaRV;T; APCbuffer aRV;T) ; FloonT)) 

where APCbuffer  is set to a minimum value of 25%. The term aAPC;T 'APCbuffer aRV;T plays 

the role of a buffer similar to that of the Stress Volatility Component Ad a stress;T. Accordingly, 

the maximum of these terms is taken in equation (85). 

[0360] The election of the minimum buffer value (e.g., 25%) ensures that a buffer is applied at 

the Risk Factor level during periods of market calm, so that increases in the Volatility Forecast 

during periods of market stress can be more gradual as the buffer is designed to be exhausted as 

market stress (volatility) increases. 

Scaling Risk Factor Returns by Volatility 

[0361] As a final step in the RV scaling process, the raw returns are scaled by the ratio of the 

Volatility Forecast 6-T  to the DV volatility: 

(86) rRv;T,r 	rpv;T,T = 	 rT-W-FT) 	VT E [1, W] 
opv;T-w+T-1 

This return scaling step applies to all Risk Factors, including, for example, linear Risk Factors, 

option Risk Factors, and FX Risk Factors. At this point there exist Wo  Risk Factor return 

scenarios, obtained by independently scaling the raw returns by their respective ratios of the 

Volatility Forecast to the DV volatility. The RF return scenarios are generated either in APC Off 

or APC On configuration by using equation (84) or equation (85) for Volatility Forecast 6-T, 

respectively. 

Example of Generating Scaled Return Scenarios  

[0362] An example of the scaling calculations up to this point are provided to highlight the fact 

that IRM 1616 runs a separate EWMA process for each date within the lookback window. In 

this manner, IRM 1616 estimates variances consistently with the same process for each day, with 

each day in the lookback period using, for example, 1250 observations (subject to data 

availability in the early years). 
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[0363] An arbitrary Value Date of August 12, 2008 is selected, which corresponds to T = 1515 

within the historical dataset. The process of scaling a single return at time t = 1505 is 

illustrated, which is one of the 1250 returns within the lookback period for T = 1515. Each of 

the days within a given lookback window are indexed by r from 1 to W, so that i = 1250 

corresponds to the Value Date and T = 1240 corresponds to the single return to be illustrated: 

rr,t = r1240,1515• Here the time indexing again shows that the 1240th  return targeted within the 

lookback period for the historical day T = 1515. 

[0364] For simplicity the illustration does not include computation of the Stress Volatility 

Component, the Volatility Floor or APC treatment. 

[0365] The example process is as follows: 

1. Unsealed Returns: Compute 1-day returns rt  for t = 1,2, ... , 1515 using equation (71) or 

(72). 

2. 	Devolatilization: Generate the DV volatility to be applied to the return rr,t  . 

a. Compute the seed value a.2_1_,t  using equation (75) with W = 1250 and t = 

1504. 

b. Run the EWMA variance updating scheme for T = 2, ... , W + 1 using equation 

(76). 

c. Obtain the next-day variance prediction crb,t  using equation (77) with t = 1504. 

d. 	Obtain Cbv,t by taking the square root of o-b,t  with t = 1504. 

3. Volatility Forecasting: Generate the volatility forecast for T = 1515: 

a. Run the EWMA variance updating scheme for T = 2, ..., W + 1 using equation 

(76) to obtain the next-day variance prediction crriv,t  for t = 1515 using equation 

(77). 

b. Compute o-Rv;T, using equation (79) with T = 1515 and take it as the Volatility 

Forecast er. Note that the Volatility Forecast is the same for any timet return 

within the lookback period. 

4. Scaling Risk Factor Return by Volatility: Obtain a scaled return for t = T — W +T= 

1505 using equation (86) with i = 1240, W = 1250, T = 1515. Note that T — W + 

T — 1 = 1504, and that Crpvg_w+T _i was computed in Step 2d. 
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The four step process above is performed for each I = 	W. Thus W scaled returns are 

obtained for a given Value Date T. 

Accommodating Different Holding Periods 

[0366] The returns are calculated as daily price changes (either absolute returns or log returns). 

To accommodate different holding periods, the 1-day holding period Volatility Forecast is scaled 

by the square-root-of-time rule: 

(87) 6-h;T = eh=1;T 

The time-scaling of volatility is applied at the RV stage detailed above. Therefore the h-day 

holding period equivalent of the EWMA-RV return may be re-written as: 

(88) rRV,h;T,T 	rRI it-,T 

[0367] All remaining calculations above continue to be conducted on 1-day returns as previously 

stated. 

[0368] Next, referring to Figs. 22 and 23B, determination of at least one initial margin based on 

the volatility forecasting (steps 2004-2014) is described. Regarding determination of the initial 

margin(s), the determination may involve a combination of profit and loss (PNL) process 2200, 

correlation stress process 2202, diversification benefit process 2204 and currency allocation 

process 2206. Processes 2200-2206 are described in greater detail below. 

[0369] In general, profit and loss process 2200 may include step 2200a of generating one or 

more risk factor scenarios, step 2200b of generating one or more instrument pricing scenarios, 

step 2200c of generating instrument rounded profit and loss scenarios, step 2200d of aggregating 

the instrument rounded profit and loss scenarios to generate one or more portfolio-level profit 

and loss scenarios, step 2200e of determining at least one base initial margin from a portfolio-

level VaR, step 2200f of generating one or more sector-based sub-portfolio-level profit and loss 

scenarios and step 2200g of generating one or more currency-based sub-portfolio-level profit and 

loss scenarios for one or more currencies. 

[0370] Correlation stress process 2202 may include step 2202a of determining individual 

instrument-level VaR and step 2202b of applying a correlation stress component to the base 

initial margin(s) (step 2200e). 

[0371] Diversification benefit process 2204 may include step 2204a of determining sector-level 

VaR (based on step 2200f) and step 2204b of applying a diversification benefit to the base initial 

margin(s) (step 2200e) based on the sector-level VaR (step 2204a). 
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[0372] Currency allocation process 2206 may include step 2206a of determining currency-based 

VaR (based on step 2200g), step 2206b of applying the currency-based VaR to the initial margin 

(after applying the diversification benefit of step 2204b) and step 2206c of allocating the initial 

margin (after step 2206b) among one or more currencies to form the final initial margin. 

Risk Factor Scenarios  

[0373] A Risk Factor Scenario refers to the application of RF returns to the risk factor level on a 

given Value Date. The purpose of this process is to create a distribution around the RF level that 

is consistent with the EWMA volatility scaling of returns discussed above. 

[0374] For Risk Factors using absolute returns (i.e. linear Risk Factors), the h-day scenarios for 

a given Risk Factor f are constructed by adding the h-day Risk Factor returns to the Risk Factor 

level yT  on the Value Date T as follows: 

(89) RF Scenario, = RF, = YT+  r RV,h;T,T 

For Risk Factors using log returns (i.e. option Risk Factors and FX rates), the h-day scenarios for 

a given Risk Factor f are constructed by applying the h-day Risk Factor returns to the Risk 

Factor level yT  on the Value Date as follows: 

(90) RF Scenario, = RF, = yT erRv,hmr 

[0375] No pricing occurs at this stage. The RF scenarios are generated either in APC On or APC 

Off configuration using equation (84) or equation (85) for Volatility Forecast GT, respectively 

(or is used in the calculation of the RF return scenarios rRv,h;T,T). 

Instrument-Level Price Scenarios  

[0376] This step in the margin model process uses pricing functions on the Risk Factor Scenarios 

to calculate base prices at the instrument level as well as price scenarios. Pricing functions are 

denoted by PF to provide only a high level overview of the basic pricing steps. 

[0377] Regarding base prices: for instrument i the base price on Value Date VD = T is 

calculated as: 

(91) Pi,T = PF(bbrIT ) 

[0378] The Risk Factor level yr  is in constant time to maturity space with respect to Pricing 

Date (the Value Date T in this case). Accordingly an interpolation on the {y r } curve occurs in 

the pricing function PF to calculate the RF level corresponding to the time to expiry. 

[0379] Regarding price scenarios: for an instrument i the set of price scenarios indexed by r on 

the Value Date T is calculated as: 
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(92) 	pr = PF ([0,}, VDh) 

Here VDh  is the business date after the Value Date such that the number of business days 

between VD and VDh  is equal to h (the holding period) if the instrument expiry is at the end of 

the holding period or later. For instruments expiring within the holding period, VDh  is set to the 

expiry date of the instrument. An interpolation in the pricing function PF is performed here at 

the RF scenario level RE,. 

[0380] An exception to the above base prices and price scenarios may apply to bond futures: 

bond future implied yields are used instead of bond yields derived from the Risk Factors as 

pricing based on the latter may result in a mismatch with settlement prices. Specifically, the base 

price is calculated as: 

(93) 	Pi,T = PF (tYi5,71, T) 

where yi:T  is the Bond Future Implied Yield that results in pi,T being the end-of-day settlement 

price of the bond futures instrument on the Value Date T. 

[0381] The set of price scenarios for bond futures indexed by T is calculated as: 

(94) 	= 13  F (tYlS,T PRV,MT,T), V ph ) 

Here 'PRI/ ,h;T:r is the yield return scenario obtained by linear interpolation (with flat extrapolation) 

on the government bond yield RF returns fr RV,h;T,T) (e.g., with maturities 2Y, 5Y, 10Y, 30Y), 

corresponding to the instrument's time to expiry. Only the RF scenario returns r RV,h;T,T} are 

interpolated in this case since yi97, is already at the Expiry Date of the instrument. 

[0382] It should be noted that for scenarios all instruments are priced on Value Date VDh: the 

values for each Risk Factor scenario and the date VDh  are inputs to the pricing function so that 

the output is the instrument price for the given scenario. Since the future realized fixings are not 

available until the date VDh, implied fixings computed based on the yield curve (constructed on 

the Value Date VD) are used as the corresponding forward rates. 

[0383] For each instrument there now exist W = Wo  scenarios in price space. No P&L is 

calculated at this stage, and no CVF or contract count is attached. 

Instrument-Level P&L Scenarios  

[0384] This step in the margin model process calculates the Profit & Loss scenario for each 

instrument i separately. Let pr)  be the price scenario and let pi,T be the base price on Value 
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Date T for instrument i. The P&L for a given instrument i and scenario r is then calculated as 

follows: 

(95) 	PnLi,, = (pri  — pi,T) * CVF 

where CVF1  is the Contract Value Factor specific to instrument i. Only the P&L at the individual 

instrument level exists, including its CVF. The position size is not included at this stage. 

[0385] In the subsequent Sections, bold symbols to refer to a vector of scenario values indexed 

by "C, e.g.: 

PnLt,,,_w  

(96) 	PnLi  = 

_ 

P&L Rounding at the Instrument Level  

[0386] IRM 1616 may be configured to generate high levels of decimal accuracy. This is 

convenient for the purpose of calculating a large number of portfolio values to a high degree of 

accuracy. However, financial markets typically quote the prices of financial instruments to a 

much lower resolution (i.e. to fewer decimal points). 

[0387] To ensure that Variation Margin (VM), due to reported settlement price changes, and 

instrument level P&L, due to Model price changes, are consistent with each other, the P&L at the 

instrument level may be rounded to the nearest minimum increment: 

(97) 	PnLround; T = 	 * At  

where P&Li  i  is the Profit and Loss vector for instrument i at scenario r, Ai  is the instrument-

specific minimal increment, and where the bracket operator 1.1 represents the function that 

rounds up the value away from zero to the nearest integer (corresponding to = ROUNDUP(. ,0) 

in Microsoft Excel®) with one exception. In some examples, if the absolute value within the 

square brackets is less than 1/100, i.e. P&Lt,, is within 1/100th  of a tick size of zero, then the 

function will round the value to zero. Note that A = CVF * ticksize. 

Portfolio-Level P&L Scenarios and Base IM 

[0388] For single currency portfolios, the Portfolio Level P&L vector is calculated by summing 

the Instrument Level P&L vectors (multiplied by their respective quantities): 

(98) 	PnL11  — 	Qi . PnLi;11  
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where the summation is across all instruments in portfolio H, and where Qi  is the quantity 

(position) held of instrument i (which can be positive or negative to indicate a long or short 

position). This produces a single distribution for the P&L of a given portfolio. 

[0389] Given a VaR confidence level q, the Base IM for portfolio H is obtained by taking the 

percentile 1 — q of the P&L distribution: 

(99) 	IMn  = min(percentile(PnLn,1— q), 0) 

Note that percentile corresponds to the Microsoft Excel®  function =PERCENTILE.INCO. The 

Initial Margin 1Mn  may be capped at zero as margin is concerned with collateralizing potential 

losses, rather than gains. 

Multi-Currency Portfolio Base IM via Currency Allocation Component 

[0390] For single currency portfolios the model steps are as described above. No FX conversion 

takes place. Multi-currency portfolios receive the additional steps to convert from the various 

local currencies (the currencies in which any given trades are settled) to the IM Base Currency 

(the single currency in which Initial Margin is calculated), which may be handled by a currency 

allocation component (e.g., a component of additional model component(s) 1710 of IRM 1616). 

[0391] FX conversion as implemented in IRM 1616 not only allows for the aggregation of risk 

for multi-currency portfolios and for the subsequent collection of the initial margin in a single 

currency, it also accounts for the market risk inherent in FX rates (albeit in a univariate manner). 

Each currency pair is treated as a Risk Factor and as such is scaled in the same manner as any RF 

as described above. 

[0392] The Portfolio P&L vector in Base currency is calculated by applying the appropriate 

scaled FX rate as follows: 

 

PnLmt:rw  

PnLMT=1 

 

FX11,3;,,.w  • PnLi,T.w 

FX1,3;„1 • PnLi,T.1 - 

(100) 

  

where Qi  is the quantity (position) held of instrument i, Fn, is the scaled FX rate 

(corresponding to scenario r) that converts instrument P&L from its local currency L to Initial 

Margin Base currency B. Using the pairwise product operator (. , . ) that represents pairwise 

multiplication across corresponding scenarios, the above equation can be rewritten more 

compactly as 
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(101) 	PnL11  = 
	

Qi  • (PnLi, FXII) 

here FXf represents a vector of FX rate scenarios (F4T}Tw_i. The Initial Margin /MN  expressed 

in Base currency is then obtained using equation (99) with P&L vector PnL H. As stated 

following equation (99), the Initial Margin may be capped at zero. 

Currency-Based Risk Weights for Margin Allocation 

[0393] For multicurrency portfolio there may also be an additional step of allocating initial 

margin for each local currency group. This step calculates currency-based risk weights, which 

may be performed by the currency allocation component. 

[0394] The local currency P&L vectors PnLi  may be used and may be separated by their local 

currency groups. The Portfolio level P&L of all positions in the same currency L = I is: 

(102) 	PnLH3  = Ei  Qi  • (PnLi, F X 11,3  ) • 1L,.. /  

where 1L=1  is the indicator function that takes on a value of one when the local currency is / and 

zero otherwise. As a check, the Portfolio level P&L should equal the sum of the P&L vectors 

separated by their original Local currencies: 

(103) 	PnLn. = E,PnL„,/  

The Initial Margin /MTh/  for each local currency group / in the Base currency is obtained as the 

percentile at the level 1 — q of its P&L vector PnLmi. 

[0395] The Initial Margin /M1;1  for each currency group 1 may be computed, and the currency- 

based risk weights may be generated according to the simplified formula: 

/MTh/  

[0396] The weights Al  are later used to calculate the final Initial Margin for each Local currency 

group L = 1. 

Treatment of Correlation Risk by Correlation Stress Component (CSC)  

[0397] The portfolio based Initial Margin described above assumes that the historical correlation 

over the VaR lookback window is expected to be relatively stable. This is somewhat justified by 

the choice of the relatively long lookback window. There exists, however, the risk that the 

realized correlations deteriorate over the holding period. This risk may be accounted for by IRM 

(104) 	Al  = 
El l Muh l 

A1  = 1 
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1616 with the estimation of the Correlation Stress Component (CSC) (e.g., a component of 

additional model component(s) 1710 of IRM 1616) described below. 

[0398] The net effect on risk of any correlation changes may depend on the composition of the 

portfolio. A decrease in realized correlation tends to decrease portfolio risk where positions are 

directional and tends to increase portfolio risk where positions are primarily long/short, hedged. 

Thus a change to realized correlation could either make the portfolio more diversified (less 

risky), or it could make the portfolio less diversified (more risky). The empirically observed 

diversification may fail to materialize over the holding period, so that instead of acting in a 

diversified manner the portfolio becomes riskier. 

[0399] Directional portfolios where the P&L vectors of each position are highly correlated are 

expected to receive low diversification benefits, which makes the correlation risk insignificant in 

comparison to the volatility risk for such a portfolio. To illustrate using an extreme case, a 

directional portfolio where the realized P&L correlation across all of its individual positions is 

100% can be expected to receive no diversification benefits from IRM 1616. Such a portfolio 

would not require an additional method to account for correlation risk - any change to realized 

correlation can only reduce the risk of the portfolio. 

[0400] On the other hand, hedged portfolios carry a risk of becoming less correlated over the 

holding period. The Correlation Stress Component takes such conditions into account, by 

estimating the portfolio IM under conditions of zero correlation between the individual 

instrument positions within the portfolio. Analogous with a variance calculation of a sum of 

uncorrelated variables, the sum of the squares of the IM of individual instrument positions is 

determined, and the square-root of this sum is obtained. This provides the estimate for a totally 

un-correlated scenario, denoted as /Mcs: 

(105) IMcs -= — 

[0401] Each //I/17;i  is calculated using equation (99) from the position PnL vector within the 

portfolio: PnLmi  = Qi  • (PnLi, FX1,3 ). The Initial Margin with the Correlation Stress Component 

is then calculated as follows: 

(106) 	IM11;es  = 1MR  + min(0, wcs  • (//qcs  — /MR)) 
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where wcs  is the Correlation Stress Weight calibrated as discussed further below. Note that the 

same instrument P&L scenarios are used in the calculation of IM11  and IMcs• 

[0402] As is clear from equation (106), the CSC will increase when the volatility levels increase 

while the correlation among instruments does not change substantially. This is related to the fact 

that at increased volatility levels the cost and risk of de-correlation becomes higher. Moreover, 

the CSC does not react immediately to changes or breaks in correlation; instead it provides a 

buffer against a potential correlation break. 

It should be noted that the CSC does not address the correlation risk for directional 

portfolios where the P&L vectors of the individual instruments are correlated only at 

moderate or low levels. Such portfolios could become more correlated over the holding 

period. However, typically the correlation risk for such portfolios is dominated by the 

volatility risk that is accounted for by IRM 1616. 

Diversification Benefits Component 

[0403] IRM 1616 further limits the amount of portfolio offsets for multi-product portfolios via a 

diversification benefits component (e.g., a component of additional model component(s) 1710 of 

IRM 1616). By limiting the Diversification Benefits (DB), IRM 1616 helps mitigate the risk that 

the correlation to be realized in the future over the margin period turns out to be "worse" (riskier) 

than what is contained in the historical data. As recognition of diversification benefits is an 

advantage of the margin model (IR 1616) that helps to allocate risk capital more efficiently, the 

purpose is not to reduce DB excessively or to eliminate it. 

[0404] In some examples, the DBs may be considered, according to regulatory guidelines, as 

being that the amount of "margin reduction" should be no greater than a predefined percentage 

(e.g., 80%) of the sum of the Initial Margins calculated with no offset. Moreover, it is 

recognized by regulatory guidelines that within certain predefined groups of financial 

instruments, in some examples, 100% DB are permitted as products are sufficiently similar to 

provide a highly effective risk offset. 

[0405] To limit the multi-product portfolio offsets to a predefined percentage (e.g., 80%,) the 

sum of the Initial Margins across all defined product group sub-portfolios is determined: 

(107) 	IMDB 
	

IMmg  
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where 1MD;fl  is the Initial Margin for the product group g sub-portfolio, calculated using 

equation (99) with the position P&L vector: 

(108) 	PnLmg  = 	Qt . (PnL1,FX1b • 1G=g  

where 1G=g  is the indicator function that takes on a value of 1 when the product group is g, and 

is zero otherwise. 

[0406] The Initial Margin with the Correlation Stress Component and the Diversification Benefit 

Component is then the calculated as follows: 

	

(109) 	Mn;cs+DB = min(IMn;cs,  W  DB 'MDR) 

where wDB  is the Diversification Benefit Weight set to a predefined percentage (e.g., 20%). 

Final Initial Margin and Margin Allocation  

[0407] The Initial Margin (IM) can now be rewritten as follows: 

(110) 	IMH;cs+DB 

= 	M mcs, W DB IMDB) 

= min(IMR  + min(0,wcs  • (IMcs  — IMR)),w DB IMDB) 

= 1MR  min(0,wcs  • (IMcs — IMR),wDB • IMDB 11417) 

[0408] The final Initial Margin may be generated either in the APC Off or APC On 

configuration. In the APC Off (respectively, APC On) configuration, all margins that appear in 

equation (110) are calculated using APC Off (respectively, APC On) scenarios. The APC On 

configuration may be configured to comply with the applicable anti-procyclicality (APC) 

regulatory requirements. In some examples, the APC Off configuration may be used for testing 

purposes. 

[0409] The Initial Margin 1MR  computed using equation (99) may be capped at zero, and this 

ensures that the Initial Margin computed using equation (110) may also be capped at zero. 

[0410] To allocate the Initial Margin for each currency group L = 1, the Initial Margin 

IMP. CS+DB;L=1  for each Local currency group L = 1 is allocated using the weights computed by 

equation (104): 

(111) 
	

M CS+DB; L=1 = Al I M17; CS+DB F X1137T1  

where F4=7,/  is the FX rate for converting from Base Currency B to Local on the Value Date T. 
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Generation of LRC Value(s) by LRC Model 

[0411] Referring next to Figs. 24-26, LRC model 1618 is described, with respect to steps 1904-

1906 (Fig. 19). In particular, Fig. 24 is flowchart diagram illustrating an example method of 

determining an LRC value for at least on portfolio; Fig. 25 is a functional block diagram 

illustrating a more detailed signal flow of the process for determining the LRC value by LRC 

model 1618; and Fig. 26 is an example illustration of grouping methods for determining the LRC 

value, according to a non-limiting embodiment. 

[0412] The LRC value is the sum of a Concentration Charge (CC) levied against relatively large 

cleared positions and a Bid-Ask Charge (BAC) applicable to all positions. The LRC itself is 

additive to the IRM 1616 and may be expressed in the same currency as the IRM 1616 for single 

currency portfolios, or a base currency for multi-currency portfolios. 

[0413] As an overview, an example method of determining an LRC value by LRC model 1618 

may include, performing the following method steps, illustrated in Fig. 24 and in more detail in 

Fig. 25. At step 2400, a first synthetic portfolio of representative instruments may be created 

based on a delta technique, for example, by synthetic portfolio generator 1802. At step 2402, a 

second synthetic portfolio of representative instruments may be created based on a VaR 

technique, for example, by synthetic portfolio generator 1802. Thus, by steps 2400 and 2402, for 

any given portfolio, two portfolio representations may be created using representative 

Instruments (RI) (with one based on the Delta method and the other based on the VaR method). 

[0414] At step 2404, a concentration charge may be determined (for example by concentration 

charge component 1804) for the concentrated representative instrument positions, for each of the 

first and second synthetic portfolios (created at respective steps 2400 and 2402). 

[0415] At step 2406, a bid-ask charge may be determined (for example, by bid-ask charge 

component 1806) for the representative instrument positions, for each of the first and second 

synthetic portfolios (created at respective steps 2400 and 2402). 

[0416] At step 2408, an LRC value may be determined, for example, by liquidity risk charge 

component 1808. The LRC value may be determined as the sum of the concentration charge and 

the bid-ask charge. 

[0417] In the event of a clearing member's default, a central counterparty will need to eventually 

close out the defaulter's portfolio as part of the default management process. However, the CCP 

may not be able to do so without incurring additional liquidation losses if, for example, the 
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portfolio contains concentrated positions. To mitigate this liquidation risk, CCPs need to require 

members to post additional collateral in the form of an add-on to the Initial Margin. 

[0418] For LRC model 1618, a zero-impact approach may be adopted for determining the add-

on value. Specifically, the Liquidity Risk Charge may be calculated under the assumption that 

positions are gradually liquidated at a constant rate without impacting the market. However the 

exact liquidation strategy is not known ex ante. Under the zero-impact approach, it is assumed 

that liquidation of the position happens over a period of sufficient length to ensure that 

liquidation costs are negligible. In this approach, there is no price impact, but there is increased 

market risk, as the liquidation period is extended relative to the MPOR. Under the zero-impact 

approach, the following may be estimated: 

i. 	the amount of daily position liquidation that will not cause any substantial price 

impact; 

the additional market risk incurred by the extension of the liquidation period. 

The theoretical foundations of the LRC model are first-order price sensitivities (delta) 

and Value-at-Risk (VaR), which are used to build risk-equivalent portfolios of 

instruments called Representative Instruments. Portfolio concentration and bid-ask 

spreads are evaluated at the Representative Instrument level. 

Grouping Methods 

[0419] The mapping of instruments and the subsequent grouping of portfolios is a fundamental 

part of LRC model 1618. The modelling approach for LRC is risk-based as it assesses 

liquidation cost at the portfolio group level, rather than at the level of each individual instrument. 

This makes the risk modelling approach of LRC model 1618 similar to that of IRM 1616. 

[0420] LRC model 1618 uses a grouping method for the risk equivalence technique defined 

further below. Fig. 26 illustrates an example grouping method according to an exemplary 

embodiment. As shown in Fig. 26, one or more instruments 2602 are grouped within LRC model 

1618 first into one or more expiry buckets 2604, then grouped into one or more liquidity buckets 

(LB) 2606, and finally grouped into one or more concentration charge (CC) / bid-ask charge 

(BAC) groups 2608. Once instrument(s) 2602 are grouped, LRC value(s) may be determined for 

one or more products 2610 (e.g., ETD interest rate products). From most granular to least, the 

grouping hierarchy is as follows: 
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■ Instrument 2602: an exchange traded contract specified by its underlying reference, 

expiry schedule, as well as strike price and maturity in the case of an option. 

■ Expiry Bucket 2604: a collection of instruments such that the expiry of each underlying 

instrument maps to the same nearest relative expiry. 

■ Liquidity Bucket 2606: a collection of instruments from one or more Expiry Buckets that 

can be represented by a single instrument, referred to as the Representative Instrument, in 

the sense of price risk equivalence. 

■ Group (CC or BAC) 2608: a collection of instruments from one or more Liquidity 

Buckets. 

[0421] Specifically, consider Instrument i that is part of Clearing Member portfolio H on any 

given Value Date (VD). A Representative Instrument R (i) is any instrument that is deemed to 

appropriately represent Instrument i. The risk equivalence approach is to construct a position in 

R (i) that has the same amount of risk as the set of Instrument positions that are being mapped to 

it. Risk, in this context, is assessed in two ways for this purpose: Delta and VaR, each method 

producing its own equivalent portfolio. 

[0422] Every Representative Instrument is associated with a unique Liquidity Bucket defined as 

Br  = {il R (0 = r}. That is, Br  is the group of all instruments that map to the same 

Representative Instrument. Every instrument maps to a unique R (0 , and trivially every R (i) 

maps back to itself. 

Portfolio Representation  

[0423] As mentioned above, LRC model 1618 is based on two distinct assessments: the Delta 

approach and the VaR approach. The rationale for both is to approximate the price risk, in the 

sense of Delta or VaR, between any given Liquidity Bucket sub-portfolio and its Representative 

Instrument position. 

[0424] In particular, using portfolio representations allows aggregation of the risk associated 

with instruments with different levels of liquidity, by choosing a representative instrument that 

provides for an appropriate price risk equivalent representation and is actively traded. 

[0425] Using both approaches provides for some degree of conservatism in the calculation of the 

charge. In particular, using the Delta method helps to account for extreme price movements of 

deep out-of-the-money options whereas using the VaR method helps to take into account 

volatility and correlation risk. 
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Portfolio Representation-Delta Method 

[0426] The purpose of the Delta method is to reproduce the first order (delta) price risk of any 

given portfolio using only Representative Instruments. 

[0427] At a summary level, the steps in the Delta method are to calculate the first-order price 

sensitivity for each instrument position of the portfolio, aggregate the sensitivities across all 

instruments within the relevant liquidity bucket, then create a synthetic position in a 

Representative Instrument with the same aggregate delta sensitivity. At this stage the portfolio 

of the instruments in the liquidity bucket has the same delta as the Representative Instrument 

position. This is repeated for all liquidity buckets. 

[0428] First-order price sensitivity may be determined as follows: 

1. If i is a futures derivative Instrument, its Instrument Delta is calculated as 

(112) 	di = DVO1i  

where DVO1i  is the cash P&L impact of a one basis point parallel shift of the 

underlying risk-factor curve, and where the quantity held in i is a single lot. 

2. If i is an option derivative Instrument, the Instrument Delta is calculated as 

(113) 	Ai = DVOlu(i) • sign(d%) • max(IA A .—% I,%min) 

where Z1%  is the Option Delta that represents the number of units of the underlying 

U(i) that is held to remove the first-order risk of one unit of the option instrument i 

calculated using standard analytical formulas; and Z10/0 min  is a floor on Jo/a. 

[0429] With price sensitivities Ai  defined for each instrument in a Liquidity Bucket Br, the 

quantity (2,(D)  (number of lots) for the Representative Instrument assigned to Br  may be 

determined so that 

(114) 
i E Br  

where Qi  is the quantity, positive for a long position and negative for a short position, of 

Instrument i held in Liquidity Bucket Br. (Here, representative instruments may be selected to 

have the same denominate currency as the instruments they represent.) The quantity-weighted 

Instrument Delta of a Representative Instrument r is equated to the aggregated quantity-weighted 

delta of the group of Instruments that map to the same R (i). At this, stage the positions of the 

93 

EAST\ 171890952.1 



individual instruments in the Liquidity Bucket are represented by a single position in the 

Representative Instrument. 

[0430] This technique is repeated for each liquidity bucket, so that a synthetic portfolio is 

created that is comprised entirely of representative instrument positions that each have the same 

delta as the group of instrument positions they represent. 

Portfolio Representation-Value-at-Risk 

[0431] The VaR method for constructing synthetic representative instrument portfolios is next 

described. The purpose of the VaR method is to represent the liquidity bucket sub-portfolios in a 

risk-based way that takes into account volatility and correlation. Note that unlike in the Delta 

method, option positions are included directly (in the P&L vector) instead of being represented 

by their corresponding underlying future delta position. 

[0432] The VaR method, denoted as Risk Measure (RM), is defined as the Pt  percentile of the 

P&L vector, or =PERCENTILE.INC(PnLi,1— q) in the language of Microsoft Excel®, where q 

is the VaR confidence level. 

[0433] For each instrument i in a portfolio, the 1-day P&L vector PnLi  is computed on the 

Value Date using the IRM 1616 Baseline parameter settings, as described above: 

PnLi,T=wo- 

(115) 	PnLi  = 

PnLi,T=i  _ 

where W0  is the VaR lookback window. 

[0434] The P&L vectors that belong to the same Liquidity Bucket are aggregated as follows: 

(116) 	PnL11;13,  PnLi  • Qi  
iEBr  

where Qt  is the quantity of instrument i held in portfolio H and Br  is the Liquidity Bucket 

defined above. That is, for all Instruments assigned to the same Liquidity Bucket, the aggregate 

P&L is the sum of the individual P&L vectors weighted by the instrument quantities. 

[0435] The quantity in the Representative Instrument is denoted by Qr(v)  and is calculated to 

have the equivalent RM as the Instrument positions it represents. There are two possible 

solutions for this quantity: a long position or a short position. The chosen solution is based on 

matching the Risk Measure as well as portfolio directionality. Regarding directionality, a long or 

.• • 
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short position in the Representative Instrument is selected so that its P&L vector is positively 

correlated with that of the liquidity bucket sub-portfolio. 

[0436] The quantity in the Representative Instrument r is thus chosen so that the following two 

conditions are satisfied: 

(117) 	RM(PnLH;Br) = RM(e)  Pnl,r), 

Correlation(PnLH;Br, Qr(v)  • Pnl,r) 0 

[0437] The correlation for any two P&L vectors PnL1  and PnL1  is the Pearson product-moment 

correlation and corresponds to the =CORREL(PnLi, PnL1) function in Microsoft Excel °. The 

sub-portfolio P&L for the liquidity bucket and the P&L of the Representative Instrument held in 

quantity Q(V)are required to be equivalent in terms of the Risk Measure and directionality. 

[0438] The quantity 1(2.11)  in the Representative Instrument satisfying conditions (117) is given by 

RM(PnL11;13,) 
Corrr  > 0 

RM(Pnl,r) 
(118) Q (V) = 

RM(PnLii;Br) 
otherwise 

RM(—PnLr) 

where Corrr  = Correlation(PnLH;Br, PnLr ) is the correlation between the Representative 

Instrument P&L (1 unit long) and the Liquidity Bucket portfolio P&L. 

[0439] Once Representative Instrument quantities have been estimated for each liquidity bucket 

under each method, these quantities are used in the CC and BAC determinations. 

Concentration Charge  

[0440] The Concentration Charge is calculated twice for each group: once using the Delta 

method portfolio representation, and then again using the VaR method portfolio representation -

both as described herein. 

[0441] It is assumed for each portfolio that price risk, ignoring concentration risk, is covered 

within the MPOR used in IRM 1616. Any Representative Instrument position that is expected to 

take longer than the MPOR to be liquidated, referred to as Excess Quantity Qr(E), is calculated as 

(119) 	(e)  = sign(Q,) • max(1Qr1—  h • CTr, 0) 

where h is the holding period as per IRM 1616, CTr  is the Concentration Threshold (CT) for 

instrument r (for simplicity, in the notation of (2,, the Portfolio Representation method used 
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(Delta or VaR) is suppressed). The Concentration Threshold CTr  represents the quantity that can 

be traded in one day without any price impact. The calibration of CT is described below. 

[0442] To determine the period of time for the liquidation of Excess Quantity Qr(E), the 

Liquidation Period (LP) for an individual Representative Instrument excess position is obtained 

as the Excess Quantity divided by the CT: 

Q, (E) 

(120) LPr  = min 0, 

	

	, max(0, timeToExpiryr — 12) 
7, 

 

where LP is expressed in units of days and where CT, in some examples, is floored at a strictly 

positive constant. The Liquidation Period is capped by the time-to-expiry (defined as the 

number of days between the value date and the expiry date) of the Representative Instrument, 

except for Representative Instruments with physical delivery, which are not capped since such 

instruments continue to have risk after expiry. 

[0443] The Concentration Charge is assessed at the Concentration Charge Group (CCG) level. 

For each CCG a synthetic portfolio of Excess Quantities in Representative Instruments is 

constructed. Portfolio offsets are allowed between positions within the CCG. 

[0444] The Concentration Charge at the CCG level is calculated under the assumption that the 

portfolio positions are gradually liquidated at a daily rate equal to the level of Concentration 

Threshold CTr. Analogous with a variance calculation of a sum of uncorrelated variables, the 

Concentration Charge is calculated as the square root of the sum of squared Risk Measures of the 

remaining portfolio on each day in the maximum Liquidation Period: 

CCGk 1  
max ---". l 

(121) CCCCGk  = 
t=o 

where Q(E't)  represents the remaining quantity of the Representative Instrument r on day t of the 

maximum Liquidation Period: 

(122) Qr
(E,t) = sign (Q(E))  . max(0,1Qr(E)  — t • CTr) 

un
C
i

C
ax

Gk denotes the maximum Liquidation Period across the Representative Instruments in CCGk  

rounded up to the nearest integer: 

(123) LpmCC
a
G
xk 
 r,„,„ 
= 1  im4ATECCGk(LPr)1 

  

(Q,<E't) • pnLr)

i \2 

/ 

RM 
rECCGk 
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where [•1 is the ceiling operator rounding the value up to the nearest integer. 

[0445] A special treatment in equation (121) may be applied to cash-settled Representative 

Instruments that expire within the corresponding maximum Liquidation Period for some index 

t = texp (corresponding to the expiry day) such that tc,i, < LPmCaCxGk . Since such instruments do 

not represent any risk after expiry, they may be excluded from the calculation in equation (121) 

for t > texp  by setting Q(E,t)  .,.• 	= 0 for t > texp. In some examples, this treatment may not apply 

to Representative Instruments with physical delivery (e.g., bond futures). 

[0446] The Concentration Charge for a given portfolio is calculated as 

(124) 	CC11  = 	max (CCc(DdGic  , CCc(vc)Gk ). 
k 

That is, the Concentration Charge is the sum across all Concentration Charge Groups, where 

each of the charges is represented by the maximum of two monetary values calculated using the 

VaR and the Delta method. 

[0447] Note that the choice of the maximum of the two CC values calculated using the Delta and 

VaR method is one of conservatism. Additional conservatism is also achieved by the fact that 

offsets between Representative Instrument positions are not allowed across the different CCGs. 

Bid-Ask Charge  

[0448] The BAC component captures a different aspect of liquidity risk that is not addressed by 

CC. This is why BAC is fully additive to any Concentration Charges. It is possible at any given 

time for the CCP to face portfolio liquidation costs regardless of the level of instrument position 

concentration. This motivates BAC as a separate and distinct charge. 

[0449] As with the CC component, BAC is computed using two separate risk assessments - one 

based on the Delta and one based on the VaR representations of the portfolios. 

[0450] For a given portfolio H, the Bid-Ask Charge is calculated for each Bid-Ask Charge 

Group (BACG), once Qr(D)  and Q(v)  are calculated for each Representative Instrument. In 

contrast with the CC calculation, BAC is not based on the excess quantity beyond a threshold, 

but rather the entire position (in the Representative Instrument) qualifies for BAC because the 

risk associated with the bid-ask spread is not taken into account in the IRM 1616 model. 

[0451] The BAC calculation separately treats long and short positions in the Representative 

Instruments. The first argument inside the max operator applies to long portfolios, the second to 

short: 

97 

EAST\171890952.1 



(125) BAC(a)cHk  

• B 

 2
A,)

, 
 

(Q r(rn)  • FXP:;r  /0( Qr(M)  • FX113,,, B 	2Ar) 
r E BACGk, 	 r E BACG  

Q(17) >o Q(111)  <0 

where m = D or V, depending on whether the Delta or VaR method is used for portfolio 

representation, Q(m>  is the quantity, Fnr  is spot exchange rate from the local currency of 

Representative Instrument r to the Base Currency B, and BAr  is the Bid-Ask spread parameter 

for Representative Instrument r. 

[0452] The division by two in BAr  /2 is used to get from the mid-price to either bid or ask price. 

Taking the maximum in equation (125), of long only and short only positions, is appropriate as 

positions may be traded as a strategy as opposed to individual positions. 

[0453] The BAC assessed on portfolio H is the sum of the individual pairwise maxima of the 

BAC Group charges: 

(126) 	BAC 11 = CG0 max (BA C(BDA) 	BAC(v)BACGk •  
k 

[0454] Note again that the choice of the maximum of the two BAC values calculated using the 

Delta and VaR method is one of conservatism. Additional conservatism is also ensured because 

offsets between Representative Instrument positions are not allowed across different BACGs. 

Total Liquidity Risk Charge  

[0455] The total Liquidity Risk Charge assessed on portfolio H is the sum of the Concentration 

Charge and the Bid-Ask Charge: 

(127) 	LRCH  = CCH  + BACH. 

Synthetic Data Generation by Synthetic Data Generator  

[0456] Next, the generation of synthetic datasets is discussed. In some examples, the synthetic 

datasets may be generated by synthetic data generator 1626. 

[0457] The use of synthetic data in testing an initial margin model has several practical 

advantages including: providing data sets that can be designed to emulate historical data; 

providing multiple sets of out-of-sample data for testing; and that the data sets themselves may 

be technically unlimited (e.g., an arbitrarily large sample size). 

= max 
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[0458] Synthetic data provides the flexibility to create customized data sets that explore model 

behavior under conditions that may be controlled by an analyst. This can take the form of 

creating data sets that match the historical data record on one or more desired metrics, for 

example volatility or other given moments of a distribution including cross-moments; or creating 

data that exhibit the characteristics of pre-defined events such as stress scenarios. The model 

may then calibrated to the synthetic data and evaluated using backtesting to determine whether 

model performance continues to be acceptable. 

[0459] The Benign Normal dataset is well behaved with respect to volatility (constant), 

autocorrelation (none), correlation (constant), and return distributions (normal). It represents a 

baseline dataset used as part of the backtesting framework that IRM 1616 is expected to pass. 

The Regime Change dataset aims to simulate the characteristics that may be observed in the 

historical data, for example, volatility clustering, autocorrelation in returns, heavy tails in the 

distributions, but controls at any time specifically the regime where the stress event is isolated to 

start, for example, at the 2001st  observation and end at the 2500th  observation. Both synthetic 

data sets may be designed for testing at the risk factor level, therefore certain features of the data 

such as restrictions on the levels or movements of the yield curve may not be preserved. 

[0460] Both linear and non-linear (option) risk factors may be generated using the same basic 

methodology. Referring next to Fig. 27, a flowchart diagram illustrating an example method of 

generating synthetic data is described. At step 2700, inter-dependence between all risk factors is 

modeled with a copula function. This is also referred to as specifying the joint distribution or 

multivariate distribution. Step 2700 includes sub-steps 2702-2708, described further below). 

[0461] The second step (step 2710), includes specifying the marginal distributions or the 

distribution of the univariate risk factors themselves. This can be performed either by specifying 

a parametric distribution or by using a volatility model. Step 2710 includes sub-steps 2712-

2714, described further below). 

[0462] Note that the process of generating the option risk factors is subject to the following 

constraints: meaningful correlation (positive definite, as well as term structure) and volatility 

(term structure) of underlying future RFs and volatility RFs; reasonable shape for the volatility 

smile at each expiry; and non-arbitrage relation in time along the ATM strikes 

[0463] To achieve the first constraint, the correlation and volatility structure from historical risk 

factor data is used in step 2700. The second constraint and third constraint are achieved by 
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enforcing arbitrage free conditions on the volatility smile at each expiry which is done in step 

two (step 2710). The second step (step 2710) may be performed such that the final dataset can 

be tailored for needs of a particular analysis. For example, a dataset can be constructed to test 

how an initial margin model handles abrupt changes in volatility. 

[0464] At step 2716, one or more multi-regime datasets may be created. At step 2718, post-

processing of the generated dataset(s) may be performed to inverse transform a set of risk factors 

to an original format. At step 2720, the post-processed dataset(s) may be stored as synthetic 

dataset(s), for example, in database(s) 1624. 

Specification of the Joint Distribution  

[0465] For the specification of the joint distribution (as part of step 2700), the following high 

level steps are performed. At sub-step 2702, transformation of historical option risk factors to a 

predefined set of risk factors may be performed. Sub-step 2702 may include transforming option 

risk factors into their forward volatility, risk reversal, and butterfly representations. Step 2700 

may also include creating a copula to model joint distribution, including defining a historical 

period for fitting, calculating a dependence measure and selecting and generating the copula. 

[0466] Transformation of historical option risk factors (sub-step 2702) may be used to maintain 

a reasonable shape for the smile curve at each tenor and also to capture a non-arbitrage relation 

in time along the ATM strikes. At sub-step 2702, the option risk factors may be transformed to 

a new (predefined) set of risk factors including: forward vol V E;t, risk reversal rE;t  and butterfly 

bE;t. The forward vol for the first tenor (shortest tenor) is the ATMF risk factor at the same 

tenor: 

(128) 	vEi;t = cro,Ei;t 

[0467] The forward volatility risk factor for the subsequent tenors is the following: 

(129) VE L;t 

\ 2 
Ei' (ao,Ect) 	 •  (60,Ei_i

;
02 

 i = 2,3,4 
Ei E1-1 

[0468] The risk reversal risk factor is calculated for each tenor Ei  as follows: 

(130) 	rEi;t = 61,E i;t 	6-1,Ei;t) = 1,2,3,4 

[0469] The butterfly risk factor is calculated for each tenor Ei  as follows: 

(131) 	bEct  = cri,Ect  — 2 • Cro,Ei;t CY_LEct, i = 1,2,3,4 

100 

EAST\ I 71890952.1 



[0470] Thus after the transformation, instead of option risk factors at 3 strikes for each tenor, a 

forward volatility, risk reversal, and butterfly risk factor at each tenor are generated. 

[0471] Regarding copulas, in general, an n-dimensional copula can be described as a 

multivariate distribution function defined on the unit cube [0,1]", with uniformly distributed 

marginal. In an example embodiment, a Gaussian copula is selected for the Benign Normal 

dataset and a t-copula is selected with the number of degrees of freedom set to 5 (e.g., to ensure a 

reasonably strong tail dependence) for the Regime Change dataset. 

[0472] The following equations describe the Gaussian copula and t-copula: 

(132) CRa  (u) OrRi  (011  (ui), 	On (un)) 

(133) Cizo, (u) = WPR,v ( Tv- 1  (ui ) • • • Wv-1  (un) ) 

[0473] The dependence measure chosen in constructing the copulas is linear correlation (Pearson 

correlation). Given a historical time period for fitting, the Pearson's correlation is computed for 

the matrix R. The method by which a linear correlation matrix R is applied to the joint 

distribution to enforce dependence is the Cholesky decomposition. This technique is performed 

for both the Benign Normal and Regime Change datasets. 

[0474] To create the copula representing the joint distribution: 

1. Transform option risk factors into their forward vol, risk reversal, and butterfly 

representations (sub-step 2702). 

2. Filter the data appropriately given the input date range for historical fitting period 

(sub-step 2704). 

3. Calculate absolute returns for the risk factors (sub-step 2706). Mean center and scale 

the returns to variance = 1. 

4. Calculate the dependence measure, the Pearson's correlation matrix R (e.g., for the 

historical return data). 

5. Generate copulas for N synthetic draws (sub-step 2708) - either Gaussian copulas or 

t-copulas: 

a. For each draw, generate a random multivariate distribution. For a Gaussian 

copula, this is generated from the multivariate normal distribution. For a t-

copula, this is generated from the multivariate t distribution. 

b. Apply the linear correlation R to the multivariate distribution with Cholesky 

decomposition. 
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c. Transform the multivariate distribution to have uniform marginal distributions 

using the appropriate pdf. 

Specification of Marginal Distributions 

[0475] For the specification of the marginal distributions (step 2710) the following high level 

steps may be performed: 

1. Fit the historical data for the fitted parametric marginals and the volatility model 

marginals (sub-step 2712). 

2. Use the copula to generate the marginal distributions incrementally (sub-step 2714) 

a. Calculate synthetic return for a single day 

b. For option risk factors 

i. Apply mean reverting algorithm (only for the Regime Change dataset) 

ii. Check for constraints and no-arbitrage conditions. If a violation exists, 

discard return and simulate another set of returns. If no violation exists, 

move to simulate the next date. 

[0476] For an example methodology, an unconditional mean model is chosen where the mean is 

set to zero. The GJR-GARCH(1,1) model is also chosen for the volatility model. Thus the 

equations for generating the Regime Change synthetic data are: 

(134) 	Xt  = itt  + Et where Et  = crtZt  

(135) 	µt = 0  

(136) 	= w + aiEt 1 + 	d_ i  + /31  crl_ 

[0477] In the fitting process for this model, the following parameters are found by MLE for each 

time series: co, a1,131, Ys. The shape and skew parameters to specify the NIG innovations are also 

found for each time series in the fitting process. 

Mean Reverting Component and No-Arbitrage Conditions for Option Risk Factors 

[0478] To maintain meaningful correlation of volatility of underlying future RFs and volatility 

RFs, the dynamics of the simulated forward vol risk factor VE;t  may be modeled as a time-

dependent Wiener process with a mean-reverting component. In contrast, the risk reversal f-E; t 

and butterfly E;t risk factors may be simulated directly from the fitted parametric distribution or 

the volatility model return output without the mean-reverting component. For the forward vol 

risk factor, first the simulated return c/VE;t  are determined at the current time step. The mean of 

the historical forward vol risk factor 135 is then used to calculate the mean reverting component: 
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(137) 	PEct  = 1Rot-1  CiDEct  aMR  ' (17Ei  — 	= 1,2,3,4 

[0479] Here aMR  is a mean reverting parameter set, for example, to 0.05. For simulation with no 

mean-reverting of the forward vol risk factor, set aMR  = 0. Once the simulated forward vol, risk 

reversal, and butterfly risk factors are computed, the constraint and no-arbitrage checks are 

performed. These checks include the following: 

(138) 	DEct  > minvol 

(139) 	riEL;t > 0  

(140) 6S=-1,E1;t > minvol 

(141) as=i,Ect > minvol 

[0480] The minimum volatility value minvol is set to 0. 

Applying Marginal Distributions to Generate Synthetic Data Incrementally 

[0481] To generate the synthetic data incrementally (sub-step 2714), the following process may 

be performed: 

1. For the fitted parametric marginals: 

a. Fit each historical risk factor return series to the chosen parametric distribution 

using maximum likelihood estimation (MLE). This would result in the fitted 

parameters for either a normal distribution (location and scale parameters) or the 

NIG distribution (location, scale, shape, and skew parameters). 

2. For the volatility model marginals: 

a. Fit each historical risk factor return series to the GARCH(1,1) model. This would 

result in the GARCH parameters for the volatility model and the parameters for 

the innovations (shape and skew parameters for NIG innovations). 

3. Using the previously generated copula, generate M synthetic returns incrementally. 

a. Select an initial risk factor level for all risk factors. 

b. Using the copula uniform marginals generate a set of returns for a single day 

i. For the fitted parametric marginals: 

1. Apply the inverse CDF of the parametric distribution given the 

fitted parameters found in 1(a) to simulate the risk factor return. In 

the case of generating the benign normal dataset, the mean is set to 

zero and the MLE fitted standard deviation is used. (Alternatively, 
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for the benign normal dataset, the simulated returns can be directly 

calculated by multiplying the correlated multivariate normal by 

either the MLE fitted standard deviation or a sample standard 

deviation for each risk factor.) In addition, the transformed option 

volatility risk factor returns may be multiplied by a constant (e.g., 

0.01). (For the benign normal dataset, the volatility of the option 

risk factors may be reduced so that the constant volatility of the 

underlying is reflected, i.e., the volatility of the implied volatility is 

relatively small) 

ii. For the volatility model marginals: 

1. Create the corresponding innovations from the uniform copula 

marginals using the innovation parameters found in 2(a) by 

applying the inverse CDF and then simulate the risk factor return 

using the GARCH(1,1) model and the innovation. 

c. Apply mean reverting algorithm for option risk forward vol risk factors. 

i. Compute historic forward vol return mean. 

ii. Adjust simulated forward vol returns with mean-reverting component. 

d. Check for option risk factor constraints. If a violation occurs, discard the returns 

generated in 3(b). If no violation occurs then keep these returns, calculate the 

current risk factor level by adding the return to the previous date's risk factor 

level, and move to simulating the next date. 

e. Repeat steps 3(b) to 3(d) until M returns that satisfy the given constraints are 

generated. Note that since some of the copula innovations are discarded because 

of violations, more than M innovations (e.g. M + 1250) are required to create M 

returns. 

Inverse Transformation Back to Volatility Risk Factors  

[0482] For post processing (step 2718), the option risk factors may be transformed back to their 

original format. 

[0483] Once the forward volatility, risk reversal, and butterfly option risk factors are simulated, 

an inverse transformation is applied to obtain synthetic option risk factors in their original 

format: 
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\ 2 
(Ei — Ei_1) ••  (1-3Ent)2 

 , i = 2,3,4 (143) 	(3 ),Ect Ei  

(142) 
	

60,Ei;t = fiEl;t 

(bE.;t  + 2  ' ao,E1;t 	PH-0  , 
(144) 2 	

, = 1,2,3,4 

(145) 	= (bEi;t  + 2  6- 2  °'Ect f'Ect) , i = 1,2,3,4 

Model Calibration Module  

[0484] Next, the calibration of model parameters for IRM 1616 is discussed. In some examples, 

the calibration of the model parameters may be performed by model calibration module 1628. 

Wo model parameters, the EWMA Lambda parameter and the Correlation Stress Weight, are 

discussed in detail below. However, it is understood that calibration of any other suitable 

parameters of IRM 1616 may be performed by model calibration module 1628. As discussed 

above, calibration may be performed by a user (e.g., an analyst, an administrator, etc.) in 

communication with model calibration module 1628 via user interface 1634. 

[0485] In some examples, model calibration module 1628 may IRM 1616 calibrate the Lambda 

(A) parameter of IRM 1616 associated with the EWMA process on an in-sample basis. Lambda 

may be used to adapt IRM 1616, for example, to current market volatility dynamics as per the 

EWMA process. IRM 1616 

[0486] Once Lambda is calibrated, model calibration module 1628 may calibrate the Correlation 

Stress Weight (wcs) parameter of IRM 1616. Thus, the calibration of Lambda and wcs  may be 

performed, in some examples, sequentially rather than jointly. This may be appropriate as 

Lambda is designed to process univariate Risk Factors, while wcs  targets the dependence 

structure between Risk Factors. Additionally, the EWMA volatility estimates crRy;t  for a given 

value date may be recalculated after calibration. 

[0487] On any given value date in production, a user (e.g., a risk analyst) using IRM 1616 can 

take the calibrated values into account as one factor in determining the desired values of Lambda 

and Correlation Stress Weight. The user, via user interface 1634, can either accept or reject the 

calibrated values to update the parameters for IRM 1616, for example, based on current market 

conditions and any impact on clearing member portfolios. 
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[0488] The lambda parameter (X) may be calibrated to meet a set of specified objectives within 

sample, and may be evaluated for performance on those same metrics out of sample. In an 

example configuration, P&L Rounding is set to off, the Volatility Floor is set to on, the Stress 

Volatility Component is set to on, the APC is set to off, the Range of is set to 0.965 to 0.995, 

the Calibration increment is set to 0.005, the In-Sample Period is set to 500 days, the Calibration 

Frequency is set to 60 days and the Holding Period is set to 1 day. Once the calibration is 

completed, the calibrated Lambda is used for a predefined time period (e.g., the next 60 days). 

At the end of the time period (e.g., 60 days) another 500 day in-sample calibration may be 

completed with the calibration period ending on the current value date. In this manner, the 

Model may perform in-sample calibration at intervals corresponding to the calibration frequency. 

In this example, the portfolios used for the 2 calibration are the outright linear Risk Factor 

portfolios, with a total of 688 portfolios of this type (344 long and 344 short). 

[0489] The calibration may be subject to the following two risk management constraints being 

satisfied: 

■ Basel Traffic Light (BTL) Reds: that the number of BTL Red portfolios does not 

exceed the threshold PA(Red)  given by equation (155). 

■ Basel Traffic Light Yellows: that the number of BTL Yellow portfolios does not 

exceed the threshold PA(Yellow)  given by equation (156). 

The calibration objective may be formulated as follows: 

■ Average Coverage Ratio Minimization: that IRM 1616 seek a value of A. that 

minimizes the average Coverage Ratio (described further below) across the 

calibration portfolios. 

[0490] One purpose of the calibration is to find the set of parameters, first Lambda then the 

Correlation Stress Weight, that meet predefined risk management constraints - that is, to ensure 

with a high degree of certainty (e.g., at least 99%) that the initial margin exceeds in magnitude 

the realized variation margin over a margin period of risk. In an example embodiment, in the 

calibration procedure, the primary risk management concerns become the constraints, while the 

secondary objective related to the Coverage Ratio becomes the objective function. 

Constraint Relaxation Process  

[0491] In cases where the constraints identified above cannot be satisfied over the admissible 

range of parameters, the calibration process may be adjusted as follows: 
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■ Relaxation #1: 

o Objective function: minimize the number of BTL Yellows above the threshold 

pA(Yellow). In case of a tie, i.e., if the number of BTL Yellows is the same for 

several Lambda values, choose the Lambda value that yields the smallest 

Average Coverage Ratio. 

o Constraint: Number of BTL Reds does not exceed the threshold PA(Red). 

[0492] If the constraint in Relaxation #1 can be satisfied, a calibrated value of Lambda may be 

obtained. Otherwise, the following may be considered: 

■ Relaxation #2: 

o Objective function: minimize the number of BTL Reds above the threshold 

pA(Red). In case of a tie, i.e., if this number is the same for several Lambda 

values, choose the value for which the number of the BTL Yellows above the 

threshold PA(Yell°w)  is smallest. If there is still a tie, i.e., if the number of the 

BTL Yellows is the same for several Lambda values, choose the Lambda value 

that yields the smallest Average Coverage Ratio. 

o No Constraints 

[0493] Since Relaxation #2 does not contain any constraints, it is guaranteed that a calibrated 

value of Lambda may be obtained. Empirically it has been observed that relaxations occur 

infrequently. In one example, in calibrating Lambda based on historical data, relaxations were 

not been triggered in any of a 37 calibration periods. 

[0494] A process similar to the Lambda calibration may be followed for the calibration of the 

Correlation Stress Weight wcs. The differences between calibration of Lambda and the 

Correlation Stress Weight are in the calibration configuration and the calibration portfolios. In 

an example configuration, P&L Rounding is set to off, the Volatility Floor is set to on, the Stress 

Volatility Component is set to on, the APC is set to off, the Range of wcs  is set to 1% to 5%, the 

Calibration increment is set to 0.5%, the In-Sample Period is set to 500 days, the Calibration 

Frequency is set to 60 days and the Holding Period is set to 1 day. In this example, the portfolios 

used for the Correlation Stress Weight wcs  calibration include Risk Factor portfolios 

representing adjacent spread and butterfly strategies (both long and short). The use of spread and 

butterfly strategies may help to generate values of wcs  that appropriately take account of non- 
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directional risk portfolios. In this example, the Risk Factors include STIR, Bond Yield, Repo, 

OIS Swap, and Vanilla Swap Risk Factors. 

[0495] Generally, the error of the VaR (percentile) estimator decreases as the number of 

available observations increases, which supports a longer, multi-year period lookback period. 

Moreover, for shorter VaR windows (e.g., 500 days), the initial margin is likely to exhibit 

unstable behavior. A longer lookback window further allows IRM 1616 to capture a greater 

range of market conditions (including periods of stress). 

[0496] The slope of the margin curve above is treated as proxy for margin procyclicality. If the 

margin level is insensitive to the market stress level (a slope of zero), the margin may be 

considered to be non—procyclical. The desired margin behavior may be configured to meet the 

following constraints: 

• As market stress levels are increasing, the total amount of margin should not 

decrease. That is, downstream systems such as a Clearing House systems should not 

be actively returning margin as market conditions are deteriorating. 

• When the market stress level is above the level corresponding to the APC Index 

percentile (i.e. when the APC buffer begins to be eroded), the procyclicality of the 

final IM should be no worse than that of Base IM. 

Model Testing Module  

[0497] Model testing module 1630 may be configured to perform one or more tests over one or 

more testing categories for IRM 1616. In a non-limiting example embodiment, model testing 

module 1630 may be configured to perform one or more tests from among seven (7) testing 

categories. The seven testing categories may include: 

1) Fundamentals Testing: Testing to explore the fundamental characteristics of the data and 

IRM 1616 components. 

2) Backtesting: Comparing the IRM 1616 output (the IM) with actual market outcomes 

(calculated VM). The Backtesting process may be configured to assess model 

performance using out-of- sample data (e.g. data not used during the calibration process). 

3) Procyclicality Testing: Backtesting using metrics designed to assess how well IRM 1616 

addresses procyclicality. 

4) Sensitivity Testing:  
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a. Rolling Backtest Analysis: Assesses a performance of IRM 1616 over changing 

market conditions including periods of stress via backtesting with a rolling 

window. 

b. Parameter Sensitivity Analysis: Assesses changes in the output of IRM 1616 due 

to a change in an input parameter. 

5) Incremental Testing: Starting from a most basic model, the impact on the output of IRM 

1616 may be evaluated from the incremental addition of model components. 

6) Model Comparison with Historical Simulation: Comparison of the output of IRM 1616 

with the output of the historical simulation model. 

7) Assumptions Backtesting: Backtesting related to specific Model assumptions. 

[0498] Table 2 indicates how testing categories are paired with portfolios, as well as data that 

may be used for the various testing. Additional description of the different portfolios tested is 

provided below. 

Table 2: Testing Overview of IRM 1616 

Testing Category Portfolios Data 
Fundamentals RF Historical 
Backtesting RF, Synthetic Instruments, Real 

Instruments 
Historical, Synthetic 

Procyclicality RF, Synthetic Instruments, Real 
Instruments 

Historical, Synthetic 

Sensitivity Real Instruments Historical 
Incremental Real Instruments Historical 
Comparison with Historical 
Simulation 

Real Instrument Historical 

Assumptions Real Instrument Historical 

[0499] Synthetic datasets are created from random draws from a specified distribution. This is 

described in detail above. In the example, the datasets are created to mimic historical Risk 

Factors and are designed for specific testing purposes. There are two types of synthetic data sets 

used in testing: 

• Benign Normal Datasets (Backtesting only) - The benign synthetic data has the same 

number of Risk Factors as the historical Risk Factor data. The data is generated from a 

multi-variate normal distribution with empirically observed constant volatilities and a 

constant correlation. This data is designed to test the Initial Margin Model with no 

shocks coming from the data. 
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• Regime Change Datasets (Backtesting only) - The regime change synthetic data also has 

the same number of Risk Factors as the historical Risk Factor data. This data is 

generated using a t-copula for the joint distribution and a GARCH model for the marginal 

distributions. The data contains a regime of volatility stress based on the historical time 

period 2007-2009 surrounded by regimes of relative calm. The dataset is designed to test 

the Initial Margin Model with a scenario of changing volatility and changing correlation. 

[0500] The construction of testing portfolios follows a "building-block" approach. This 

approach aims to test particular parts of the model workflow to ensure proper functionality as 

well as to expose IRM 1616 to real world portfolios. The portfolios range from simple 

constructions to more complex: the most basic portfolios are Risk Factor "outright" portfolios, 

which test how IRM 1616 handles single risk factors with no complexities related to pricing. 

One set of the more complex portfolios are the clearing member portfolios which help ensure 

proper initial margin coverage at an aggregated level. 

[0501] Portfolio groups may include synthetic risk factor, synthetic (non-linear) instrument and 

real instrument groups. With synthetic risk factor groups, Risk Factor portfolios may contain 

outright Risk Factors or linear combinations thereof. In the example, pricing functions are not 

used to generate P&L distribution with these portfolios. The VM on day t is calculated by 

subtracting the Risk Factor value on day t from the Risk Factor value corresponding to the day at 

the end of the holding period. 

[0502] With synthetic instrument groups, stylized theoretical option instruments may be created 

to mimic a constant time to maturity and delta risk profile. The portfolio holdings may be rolled 

back on each day to their specified time to maturities (e.g., 3M to expiry) and to their specified 

relative strike (e.g., ATM+1). For VM calculations the portfolio holdings may be fixed over the 

holding period, i.e. the absolute strikes are kept unchanged. The VM on day t is calculated by 

subtracting the portfolio value on day t from the portfolio value corresponding to the day at the 

end of the holding period. In some examples, IRM 1616 may perform a full revaluation, so that 

each option for each scenario may be fully repriced. 

[0503] With real instrument groups, portfolios may contain exchange listed contracts (e.g., "real 

instrument positions") rolling through time but having consistent exposure (e.g. W1, W2, etc.). 

Pricing functions may be used to generate P&L distribution. Position holdings may be rolled to 

the next expiry 2 days ahead of the respective nearest contract expiry (e.g. STIR futures may roll 
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monthly or quarterly, repo futures may roll monthly). Absolute option strikes may be adjusted 

daily as specified by their relative strikes (e.g. ATM+1). For VM calculations, the portfolio 

holdings may be fixed over the holding period (for example, absolute strikes may be kept 

unchanged for option instruments). The VM on day t is calculated by subtracting the portfolio 

value on day t from the portfolio value corresponding to the day at the end of the holding period. 

[0504] In some examples, IRM 1616 may be evaluated against three types of portfolios: one or 

more stylized strategies, one or more random portfolios and one or more real clearing member(s) 

(CM) portfolios. 

[0505] For stylized strategies, theoretical portfolios may be composed by risk factors, synthetic 

and/or real instruments, which may follow a specific trading strategy throughout their existence 

so as to be comparable over time. In some examples, some of the items of the theoretical 

portfolios (e.g., risk factors, synthetic instruments, real instruments) may also be designed based 

on the positions of one or more CMs. 

[0506] For random portfolios, hypothetical portfolios may be configured that could conceivably 

be exposed to, but that might not be represented by, actual observed portfolios or specific 

stylized strategies. The portfolio weights in random portfolios may be generated randomly 

according (for example) to a uniform distribution with weights —U[-1,1], and with positive 

(negative) values indicating a long (short) position. Once generated, the weights in a random 

portfolio may remain fixed to allow for meaningful comparison over time. The portfolio 

components include synthetic Risk Factors and/or instruments. 

[0507] For real CM portfolios, positions as observed historically in the accounts of one or more 

clearing members may be used. This set of portfolios may be useful to assess the performance of 

IRM 1616 as if it had been in place at the clearing house system during the testing period. 

[0508] The available days for backtesting a portfolio may vary depending on the portfolio type. 

In general, portfolio types may be tested against the entire history available. For certain 

portfolios or product types, the period for backtesting may be reduced because of the availability 

of data related to portfolio construction and/or data related to VM. For example, bond futures 

may have less data available for VM than other products and the backtest period may be much 

shorter for other products. 

[0509] The following symbols are used to denote different backtest periods of the historical data 

for a non-limiting example of testing of IRM 1616 : 
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• Bo  as the (full) available backtest period (Sep 3, 2007 to Feb 14, 2018) 

• Bcm  as the (full) available backtest period for Clearing Member backtests (May 1, 2013 

to Feb 14, 2018) 

• Bs  as the backtest period for a chosen stress period (Sep 3, 2007 August 10, 2009) 

Fundamentals Testing Category 

[0510] Fundamentals testing may be used to analyze key properties of the Risk Factor time 

series data on which IRM 1616 is based, and may provide evidence that modeling choices are 

consistent with the data. Properties of the Risk Factor time series data may include, without 

being limited to, autocorrelation, volatility clustering, heavy tails, weak stationary and zero 

versus non-zero mean. For example, (linear) autocorrelations of return time series are often 

insignificant. Regarding volatility clustering, time series of squared returns (and magnitudes of 

returns) typically show significant autocorrelation. Regarding heavy tails, return series are 

typically leptokurtic (or heavy tailed). Regarding weak stationarity, returns are typically 

(weakly) stationary, which may allow for meaningful forecasting. Regarding zero vs. non-zero 

mean, the conditional mean of returns is often statistically insignificant. Accordingly the one-

day (unsealed) RF return time series may be analyzed in light of the above characteristics. In the 

example, log returns are used for option RFs and FX RFs whereas absolute returns are used for 

all linear RFs. 

[0511] The RF returns are assessed to determine whether the returns exhibit significant 

autocorrelation based on the 1250 day period from April 17, 2013 to February 16, 2018. The 

Ljung-Box test with 10 lags is used to test the null hypothesis that all autocorrelations up to lag 

10 are zero. 

[0512] The RF returns are assessed to determine they the returns exhibit volatility clustering, 

which is manifested as the positive autocorrelation in the squared returns based on the 1250 day 

period from April 17, 2013 to February 16, 2018. The significance of these autocorrelations at 

the 5% level of significance is tested using the Ljung-Box test with 10 lags. 

[0513] The one-day RF returns are assessed to determine whether the returns exhibit heavy tails 

by examining the (unconditional) excess kurtosis computed based on the period from September 

25, 2002 to February 16, 2018. Together with the presence of autocorrelation in squared returns, 

the heavy tails are indicative of volatility clustering, which suggests that a filtering approach is 

appropriate (i.e., as opposed to the simpler Historical Simulation approach). 
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[0514] The RF returns are assessed to determine whether the returns are weakly stationary, i.e., 

if they maintain a constant unconditional mean, variance and autocorrelation, computed based on 

the period from September 25, 2002 to February 16, 2018. The presence of weak stationarity is 

important for meaningful volatility forecasting. 

[0515] Unit root tests are used including the Phillips-Perron and augmented Dickey-Fuller 

(ADF) test with 10 lags. The null hypothesis for both unit root tests is that the time series has a 

unit root, so that a small p-value supports stationarity. For each of the 476 RE's, the p-values for 

both of the unit root tests applied are significant at the 5% significance level, supporting weak 

stationarity. 

[0516] The RF returns are assessed to determine whether the returns exhibit statistically 

significant means using a rolling analysis over the period from August 3, 2007 to February 16, 

2018 with a window of 1250 days. The Student's t-test is applied to the (unsealed) RF returns at 

the 5% significance level. The null hypothesis for the test is that the true mean return is zero; 

hence a small p-value would indicate a significant non-zero mean. 

[0517] The presence of volatility clustering and heavy tails of the RF returns suggests that a 

filtering approach may be desired to explain the observed volatility behavior and produce an 

accurate volatility forecast. The EWMA filtering approach may be compared with the more 

general GARCH(1,1) filtering approach by performing the residuals diagnostics for the fitted 

models and by applying the Akaike Information Criterion. 

[0518] In the case of EWMA, the model equations are used: 

(146) rt  = + 0-t Et, 	6t = A4_1 + (1 — 2.)rt2  

whereas in the case of GARCH the model equations are used: 

(147) rt  = au+ 0"t Et, 	at = 	 art2_1  

where the error term Et is assumed to be normally distributed with mean 0 and variance 1 in both 

models. 

[0519] The EWMA model and GARCH model are fitted to each of the RF return time series 

using the Maximum Likelihood Estimation (MLE) principle, so that each RF has its own set of 

fitted model parameters. The 1250 day period from April 17, 2013 to February 16, 2018 is used. 

For both EWMA and GARCH, the model parameter µ is fitted. For EWMA an additional 

parameter A. is fitted and for GARCH(1,1), the three additional parameters a, /3, w are fitted. 
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[0520] To test the assumption of independence of the residuals Et, the Ljung-Box test is used 

with 10 lags (for the absence of autocorrelation) at the 5% significance level. The test is applied 

to the residuals and squared residuals, respectively. Both models help to reduce substantially the 

number of significant autocorrelations in the squared residuals when compared to the no filtering 

model 

[0521] The Kolmogorov-Smirnov test at the 5% significance level is used to assess if the 

residuals follow the distribution specified in the model (e.g., normal distribution). The null 

hypothesis for the Kolmogorov-Smirnov test is that the two distributions under consideration are 

the same. 

[0522] The two models are further compared using the Akaike Information Criterion (AIC), 

which evaluates the model's goodness-of-fit adjusted for the number of model parameters. The 

log(likelihood) 	2k 
AIC formula is used with normalization by the sample size N: AIC = 	

N 	
+ N , 

where k is the number of model parameters. The AIC criterion implies that a more complex 

model with a larger number of parameters is justified if the difference in optimized log 

likelihoods is bigger than the number of additional parameters. 

[0523] In comparing the EWMA with GARCH(1,1) models, both EWMA and GARCH(1,1) 

generally help to explain the RF behavior. It is observed that GARCH(1,1) performs better in 

some aspects of model evaluation (e.g., autocorrelation in squared residuals) while EWMA has a 

comparable performance in some other aspects (e.g., goodness-of-fit, AIC). Thus overall 

EWMA appears to be an adequate parsimonious model. EWMA may be more desirable from the 

point of view of operational simplicity, as the parameters of the GARCH(1,1) model would 

likely need to be adjusted on the individual RF basis (in contrast with EWMA where the same 

calibrated Lambda can be applied for all RFs) and may need more frequent recalibration. 

[0524] Next, the use of a single Lambda across all RFs in EWMA filtering is demonstrated as 

being appropriate and that the basic EWMA model with a single Lambda (without any additional 

components) performs reasonably well at the univariate RF level. Specifically, the basic EWMA 

model (described above) is considered (e.g., without any such additional model components 

1710 as volatility floor, stress volatility, etc.) with A fitted for each Risk Factor using the 

Maximum Likelihood Estimation principle. In this example, the error term is assumed to have 

Student's t-distribution with the number of degrees of freedom set equal to 3, and A is re-fitted 
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on each backtest day. This model is compared with the basic EWMA model based on a single 

Lambda set equal to 0.98 across all RFs an all backtest days. 

[0525] The volatility forecast 6T  is capped at the maximum historical volatility 	It is Grmax;T • 

examined how often the volatility cap kicks in by being the smaller of the two arguments of the 

minimum function, i.e., how often it is observed that 

(148) 	Crmax;T < MaX(19-RV;T + lkistress;T I a.  FloonT) 

in the APC Off configuration, and 

(149) 	Umax;T < MaX(CrEtv;T + aAp c;7,  • max(Aor .— Rv;T,APCbuffer ' aRv;T) , aFloonT) 

in the APC On configuration. The study is performed for the historical data set across all RFs in 

the APC On and APC Off configurations, over the period from September 3, 2007 to February 

14, 2018. 

[0526] It is determined that the volatility cap does not kick in for any of the RFs in the APC Off 

configuration. 

[0527] The treatment with de-meaning and re-meaning vs. no mean treatment (the adopted 

treatment in IRM 1616) are compared for the purpose of RF scenario generation. Since one of 

the objectives of de-meaning is to remove the drift/mean from the returns, a t-test for zero mean 

is applied to a set of the RF scenario returns computed with de-meaning and a corresponding set 

of the RF scenario returns computed without any mean treatment. The null hypothesis for the 

test is that the mean is zero; hence a small p-value would indicate a significant non-zero mean. 

[0528] The EWMA formula for the variance term uses an initialization, or "seed" value, for the 

first variance term at time i = 1 to start the recursion process. The initial return at that same 

time also appears in the equation but does not need an initialization as the first available data 

point in FD is already defined in terms of returns. 

[0529] Different seed values could conceivably result in different volatility estimates, leading to 

different Initial Margin estimates as the scenario distributions are affected by volatility estimates. 

The choice of the seed value and whether the seed value may cause a statistically significant 

difference (at the standard 5% significance level) in the distribution of the Risk Factor scenarios 

are examined. 

[0530] The hypothesis that a different seeding method does not produce a statistically different 

distribution of the Risk Factor scenarios is tested. As a reasonable alternative seeding method, 

the seed value is set equal to the square of the initial return within the lookback window. The 

115 

EAST\171890952.1 



Kolmogorov-Smirnov test is applied to compare the distribution of the RF scenario returns 

computed with the adopted EWMA seeding method and the alternative method. The null 

hypothesis for the Kolmogorov-Smirnov test is that the two distributions under consideration are 

the same. The analysis is performed over the period from September 3, 2007 to February 14, 

2018, with W0  = 1250 scenarios on each day. 

[0531] The adopted square-root-of-time time scaling rule (discussed above)) may be justified in 

the absence of autocorrelations in the risk factor returns. As observed above, some of the RFs 

exhibit significant autocorrelations. However, the performance of the chosen time scaling 

method is still expected to be adequate since for the majority of the RFs the magnitude of 

autocorrelation coefficients is small or only moderately large. 

[0532] Accordingly, a 2-day Risk Factor backtesting of the basic EWMA model (with a fixed 

Lambda of 0.98) is performed where the time scaling is performed using the square-root-of-time 

rule. 

[0533] Next, the behavior of the RF APC indices during high volatility and low volatility 

conditions is examined. 

[0534] To further assess the adequacy of the RF APC Indices, the procyclicality profiles of the 

basic EWMA vol aRv;T  vs. EWMA vol are compared with the APC buffer eT defined as: 

(150) 	OT -= URV;T + "APC;T * AP Cbuf fer • 6I2V;T 

[0535] As a measure of procyclicality an analog of the APC Expected Shortfall is used (with the 

initial margins being replaced with volatilities in equation (168)). It may be observed that the 

APC buffer indeed helps to improve the procyclicality profile as manifested in the reduced APC 

Expected Shortfall for all Risk Factors. 

[0536] Correlation analysis is conducted to assess the reliability and significance of correlations 

between different interest rate instruments over time. An instrument is understood here as a set 

of contracts grouped by product category and currency. The statistical properties of products 

corresponding to the same interest rate instrument are considered as indicative of reliable and 

significant correlations, including resilience during stressed historical periods. The reliability of 

the correlation between two instruments may be measured by the change in the correlation 

between the corresponding representative products over the holding period. Two instruments are 

significantly correlated if the correlation between the corresponding representative products is 

statistically significant (from zero). 
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[0537] Pairs of representative products may selected that are part of any desired types of 

products for use with IRM 1616. In this example, two sets of pairs are considered: one set where 

the two instruments belong to the same ESMA Margin Group, and the other set with pairs where 

the two instruments belong to different ESMA Margin Groups. 

[0538] The correlation analysis is conducted for 1-day instrument returns on a rolling 

(overlapping) window basis over the historical period from September 3, 2007 to February 14, 

2018, inclusive of available stress events. The length of the rolling window is set to 1250 days in 

line with the choice of the lookback window Wo  in IRM 1616. Settlement data for instrument 

returns is used when available; otherwise instrument returns derived from the Risk Factors is 

used. Both Pearson correlation levels and changes in Pearson correlation over the 2-day holding 

period are examined. 

[0539] Next, the impact of the scaling process on correlations among the Risk Factor returns is 

examined. In particular, this scaling process includes the Volatility Floor and Stress Volatility 

components of IRM 1616. For the analysis, Risk Factor pairs corresponding to spreads in the set 

of Stylized Synthetic (Linear) Risk Factor portfolios are considered, limiting the analysis to the 

spreads that contain exactly two RFs. In this example, the total number of such spreads is 247. 

[0540] For each RF pair, Pearson and Kendall tau correlations are determined before and after 

for each business date from September 3, 2007 to February 14, 2018. Whereas the Pearson 

correlation measures the degree of linear dependency, the Kendall tau correlation measures the 

ordinal association (i.e., rank correlation) between the two quantities. The scaled correlations for 

each date are computed based on the 1,250 RF return scenarios scaling (APC On, 1-day holding 

period) on that date; the unsealed correlations are evaluated based on the 1-day RF returns in a 

lookback window of 1,250 days for the corresponding date. 

[0541] Next the proportion of static arbitrage instances (including call/put spread arbitrage, 

butterfly arbitrage, and calendar arbitrage) in the option RF scenarios (APC On, 2-day holding 

period) is determined across all dates from September 3, 2007 to February 14, 2018 and all 129 

option Risk Factors. This proportion is compared to the corresponding proportion of arbitrage 

instances in the settlement data used to generate the RFs. 

[0542] Next, what types of returns (absolute or logarithmic) are appropriate for each group of the 

RFs (linear RFs, option RFs, and FX) are determined. Specifically, it is examined for what 

return type the scaled RF returns exhibit better stationarity, homoscedasticity (constant variance) 
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and have less autocorrelation. This study is non-parametric and is thus consistent with the fact 

IRM 1616 does not impose any parametric constraints of the distribution of the RF returns. 

[0543] Two sets of 1250 RF return scenarios are generated on the backtest date (February 14, 

2018): one set is obtained using absolute returns for all RFs and the other is obtained using log 

returns for all RFs. As some linear RFs may be negative, in which case log returns may be 

undefined, only those linear RFs for which a full set of scaled log returns on February 14, 2018 

are available are examined. 

[0544] To assess weak stationarity, the Phillips-Perron test is used. The null hypothesis for the 

test is that the time series has a unit root, so that a small p-value supports weak stationarity. To 

assess the significance of autocorrelations, the Ljung-Box test with 10 Lags is applied to the 

scaled RF returns. To assess homoscedasticity, the Ljung-Box test with 10 lags is applied to the 

squared RF return scenarios. In the presence of homoscedasticity, it is expected to observe zero 

autocorrelation in the squared RF return scenarios, in which case a small p-value is not observed. 

Backtesting Category 

[0545] The backtesting framework compares the Initial Margin (determined by IRM 1616) 

calculated for portfolios to the realized variation margin for data that is out-of-sample, i.e. not 

used in the calibration of IRM 1616. The expected coverage of IRM 1616 is related to the VaR 

confidence level. As per applicable regulatory requirements for ETD products, the confidence 

level may be set to 99%, which implies that the VM can be expected to exceed the IM (in 

magnitude) 1% of the time. The expected exceedance probability is denoted as p = 1 — 0.99. 

When the VM is strictly smaller than the IM this is termed synonymously as an exceedance, or a 

breach. In order to evaluate if the observed performance of IRM 1616 is aligned with 

expectation, all portfolios (in some examples) are backtested with several metrics calculated. 

[0546] Let D denote the total number of backtest days and let d E (1, , D) be the backtest day 

index. The backtest days form the backtest period [FBD, LD]. The variation margin VMd  on 

backtest day d is defined as the portfolio P&L over the margin period of risk, i.e., the difference 

between the portfolio value at the end of the MPOR and the portfolio value on day d. 

[0547] Let umdr,,., and {l/Md}Li  be the series of Initial Margins and variation margins, 

respectively, calculated for a portfolio over the backtest period. The breach indicator variable 

{Id }d=1  is defined as 
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1 if IMd  > VMd  
(151) 	Id= f

0 if IMd  5_ VMd  

for d E (1,2, , D). It is noted that IM < 0 so that a breach occurs where TM is larger than VM. 

Let n1  be the number of exceedances so that n1  = 2=1  Id  and let no  = D — n1  be the number of 

non-exceedances. 

[0548] The Breach Size on backtest date d is defined as follows: 

(152) 	BSd IM 
	

if Id  = 1 
d   

The metric is defined only for Id  = 1, i.e. only on day d when a breach occurs. If IMd  is zero 

then Breach Size is undefined. 

[0549] To construct the time series of breach events, two time-series aggregation methods are 

used: the overlapping method and the non-overlapping method. Let h E (1,2) denote the holding 

period expressed in days, and let IMd  and VMd  denote the initial and variation margin 

correspondingly on backtest date d, where d E (1,2, D). The two aggregation methods are 

then defined as follows. 

[0550] If the overlapping data method is applied, the pairs (IMd, VMd) of h-day TM and VM for 

successive backtest dates will be used to determine whether a breach event occurs. Although 

such method does not reduce the original sample size, it creates dependency in the data. This 

method is defined only if h > 1. 

[0551] The non-overlapping method is used for h > 1. Aggregate the original overlapping VM 

and TM time series into h groups of non-overlapping time series, beginning from the earliest date 

in the backtest period. If D is a multiple of h then the size of each group is given by 

D 
(153) 	N = —h  

If D is not a multiple of h then let r be the remainder after dividing D by h. Then the size of the 

groups 1 through r is [—Dh  .
1-1-1 and the size of the remaining groups is [—DJ (here 1..] denotes the 

floor operator that rounds the number down to the nearest integer). For example, when h= 2 and 

D=7 (where d includes dates d =1, 2, 3, 4, 5, 6 and 7), four (4) first groups (d=1, 3, 5 and 7) 

alternating with three (3) second (remaining) groups (d=2, 4 and 6) are created. The non-

overlapping method does lead to the reduction of the effective sample size; however, in contrast 

VMd  
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with the overlapping method, it does not create dependency in the data and thus standard 

statistical tests can be applied to evaluate the performance. 

[0552] Based on the portfolio composition for the IM calculation and the chosen source of VM, 

three types of backtesting may be performed: Risk Factor, settlement VM (SM VM) and risk 

factor derived VM (RF VM). The Risk Factor type of backtesting may include Risk Factor 

Portfolio P&L/IM and/or Risk Factor VM (RF Portfolios). In the Risk Factor type of 

backtesting, the VM is calculated directly from Risk Factor levels rather than from actual 

instrument prices. In some examples, P&L rounding may not be applicable to the Risk Factor 

portfolios since price ticks are not defined. SM VM and RF VM are both a type of Instrument 

backtesting. The Instrument backtesting may include Instrument Portfolio P&L/IM. For the 

Settlement VM type (e.g., many Real Instrument Portfolios), the VM is calculated directly from 

instrument prices. For the Risk Factor Derived VM (e.g., Synthetic Instrument and select Real 

Instrument Portfolios), the SM VM may be used for portfolios where Settlement VM may not 

exist or may not be tested. For consistency of the test, P&L rounding may not be applied. 

[0553] The following two large-scale configurations are defined when executing a complete 

backtest run (in the example below): 

• APC On or APC Off - Backtest with APC component turned on versus turned off. 

• 1Day or 2Day - Backtest with holding period set to 1 day versus being set to a regulatory 

mandated 2 day ETD holding period. 

Using these two configuration choices, the following four combinations of backtest runs can be 

performed for all portfolios: 1 Day-APC Off, 1 Day-APC On, 2 Day-APC Off, 2 Day-APC On, 

with the exception of Risk Factor Portfolios and Non-Linear Synthetic Portfolios for which only 

1Day-APC Off, 1Day-APC On runs are performed. 

[0554] For the backtesting metrics, two types of metrics may be distinguished: Primary and 

Investigative. Primary metrics are assigned thresholds on a Red-Amber-Green (R-A-G) 

evaluation scale. 	Investigative metrics are additional metrics that may further explain 

backtesting results. 

[0555] For primary metrics, a Red-Amber-Green (R-A-G) evaluation scale is provided. A 

"Green" outcome indicates the backtesting result does not suggest an issue with the quality of the 

IRM 1616. An "Amber" outcome suggests that while the IRM 1616 has an adequate 

performance overall, an investigation may be performed for that portfolio; while a "Red" 
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outcome indicates that there may exist a potential model issue and additional analysis may be 

performed. It is noted that portfolios where the total count of "Amber" is below the PA metric 

(discussed below; where applicable) are considered to perform within the accepted statistical 

tolerance. 

[0556] One of the primary metrics to evaluate IRM 1616 backtest results is the Basel Traffic 

Light (BTL) metric. The Basel Committee on Banking Supervision developed an evaluation 

framework for the probability of observing a particular number breaches. The rationale behind 

using this test is to assess whether the unconditional coverage of the initial margin model does 

not exceed the target breach probability. 

[0557] The breach event on a backtest date can be modeled as a Bernoulli random variable. 

Hence, the cumulative number of breaches can be modelled as a binomial random variable. 

Given a confidence level 1— p (or equivalently, given the breach probability p), the probability 

of observing a number of breaches not exceeding n1  over D backtest days is given by 

ni 
(154) 	F(ni; D,P) = 
	

C.
) p  i (1 — p)D-i 

i=o 

where F is the binomial cumulative distribution function with parameters D, p. Three zones 

defined in the BTL test are Green, Yellow, and Red, with each zone corresponding to a range of 

the cumulative probability for the binomial distribution: 

• Green: if F(n1; D, p) < 95%, i.e., n1  corresponds to a cumulative probability below 

95%, then the portfolio passes; 

• Yellow: if 95% F(ni; D, p) < 99.99%, i.e., n1  corresponds to a cumulative 

probability at or above 95% but below 99.99%, then the portfolio may require further 

investigation; 

• Red: if F(ni; D, p) 99.99%, i.e., n1  corresponds to a cumulative probability at or 

above 99.99%, then the portfolio fails the test. 

[0558] The BTL test is used in combination with either the non-overlapping method or the 

overlapping aggregation method. The application of the BTL test may be straightforward when 

the overlapping aggregation method is used. For the non-overlapping aggregation method, the 

BTL test procedure described above is applied to each of the h groups of non-overlapping time 

series. The outcome is then determined based on the average value of the cumulative probability 

across the groups. 
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[0559] Table 3 shows BTL zones expressed in terms of the cumulative probability thresholds as 

well as in terms of the number n1  of breaches for a 500-day sample (assuming overlapping 

aggregation method) at the 99% VaR confidence level. If the true coverage probability of the 

model is 1%, it is expected that for a 500 day sample, there will be less than 9 breaches for 95% 

of the portfolios tested (Green), assuming the independence of all outcomes. 

Table 3: BTL Outcomes on the R-A-G Scale 

R-A-G BTL Zone 
Cumulative Probability 

Thresholds 
Number of Breaches 

500 day sample, 99% VaR 

G Green <95% n1  < 9 

A Yellow >= 95% and <99.99% 9 5_ n1  < 15 

R Red >= 99.99% n1  _?._ 15 
[0560] Since the power of the test is low in small sample sizes, the following rules apply for 

different sample sizes: 

• D > 500 - the test can be applied both in the case of 1-day and 2-day holding period 

• 250 < D < 500 - the test can be applied in the case of 1-day holding period, or in the 

case of 2-day holding period provided the overlapping aggregation method is used 

• D < 250 - the test will not be conducted 

The BTL test is one-tailed and hence may not be operational to detect models with unconditional 

coverage that is too conservative. 

[0561] The BTL test is used in combination with either non-overlapping or overlapping 

aggregation method. Each method may have some limitations. The use of the non-overlapping 

aggregation method may result in the reduction of the effective sample size when h > 1. At the 

same time the breach series can be assumed to be independent with this approach. On the other 

hand, the overlapping aggregation method may create dependence in the data although it does 

not reduce the original sample size. In the case of 2-day holding period, the BTL results are 

reported based on the non-overlapping aggregation method unless stated otherwise. 

[0562] Next, a method to aggregate BTL results of a group of portfolios (e.g., RI- Real CM, SI -

Random, etc.) and determine whether the observed numbers of Yellow and Red portfolios are 

acceptable is described. 

[0563] For a group of portfolios, let n* > 1 be the total number of portfolios and let N (Yellow)  

and N (Red)  be the observed number of Yellow and Red portfolios, respectively. By assuming 

independence of BTL results across different portfolios, the theoretical thresholds for the number 
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of Yellow and Red portfolios may be derived at the confidence level p' = 99.99%. Specifically, 

the thresholds "Yellow Portfolios Allowed" (PA(Yell°"')) and "Red Portfolios Allowed" (FIA(Red)) 

are defined as: 

(155) 	PA(Red)  = [F-1(p'; n*, 0.0001)] 

(156) 	pA(Yellow) 	[F-1(3/; n*, 0.05)] — [F-1(p'; n*, 0.0001)] 

where F-1  is the inverse binomial cumulative distribution function and H denotes the floor 

operator that rounds the number down to the nearest integer. In one implementation of the 

inverse cumulative distribution function of the binomial distribution, this function is in line with 

the Microsoft Excel®  2013 function binom. inv(). 

[0564] The observed numbers of Yellow and Red portfolios are considered as acceptable (at 

p' = 99.99%.) if the following inequalities are satisfied: 

N(Yellow) < pA(Yellow) 

N(Red) < pA(Red) 

A possible limitation of this approach is that it does not take into account the existence of 

possible relations in the portfolio group. 

[0565] Investigative metrics may be used when additional analysis of backtesting results is 

desired. The R-A-G thresholds are assigned where appropriate to identify any outliers for further 

investigation. Portfolios where the total count of either Red or Amber is below the relevant PA 

metric are considered to perform within the accepted statistical tolerance. 

[0566] The Kupiec test for unconditional coverage (also referred to as the proportion of failures 

test, or POF test) evaluates whether the observed number of breaches is consistent with the 

desired coverage probability p. While serving a similar purpose to the BTL Test, Kupiec's POF 

Test can provide an additional assessment of whether the model IM is too conservative. 

[0567] The null and alternative hypothesis to be tested is as follows: 

(159) 
rHo:EUd 1 = p 

E[Id ] # p 

[0568] Under the null hypothesis the coverage is correct when the expectation of lb equals the 

coverage probability. The test statistic is given by 

(160) 	LRit, = -2109 (LL((1111) = 21og 	 

where fr = n1 is an estimate of p. The test statistic LR„, is asymptotically distributed as the 
no+ni 

chi-square distribution X 2 (1) with 1 degree of freedom as the number of backtest days D 	00. 
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Note that this test is two-tailed and that a failure can occur if the number n1  of breaches is too 

high (fails aggressively implying E [I a] > p) or too low (fails conservatively implying E [Id ] < 

p). A failure occurs when the test statistic exceeds the x2 (1) threshold value for a chosen 

significance level. 

[0569] The p-value associated with the calculated test statistic LRuc  (p, it) is found as follows: 

(161) 	p_value"., = Pr (LRuc  >_ LRuc(p, fr)) 

The test is performed at the 5% significance level and the following three possible outcomes are 

considered: 

• Pass if the p-value computed using equation (161) is greater than or equal to 5%, 

• Fail Aggressive if the p-value is less than 5% and the observed breach proportion ft is 

above p=1%, and 

• Fail Conservative if the p-value is less than 5% and the observed breach proportion ft is 

below p=1%. 

[0570] The Fail Conservative outcome is not regarded as an indication of an inappropriate 

model; instead, it suggests the model behavior is conservative as the realized breach probability 

is below 1%. Accordingly, the R-A-G scale shown in Table 4 may be preferred for reporting the 

Kupiec test results. 

Table 4: R-A-G Threshold for Kupiec Test 

R-A-G 
Threshold 

G p-value > 5% or fr <1% 

A 0.01% p-value < 5% and observed breach proportion fr > 1% 

R p-value < 0.01% and ft > 1% 

[0571] The Kupiec test is used in combination with either non-overlapping or overlapping 

aggregation method. In case when the non-overlapping aggregation method is used, the test 

procedure described above is applied separately to each of the h groups of non-overlapping time 

series, and the outcome is determined based on the average p-value taken across the groups. The 

Kupiec test results for multiple portfolios can be aggregated using a method analogous to the 

overlapping/ non-overlapping aggregation methods described above. 

[0572] Possible limitations of the Kupiec test may include that the Kupiec test has limited power 

for small sample sizes and may fail to detect VaR measures that systematically under-report risk. 

124 

EAST\171890952.1 



Therefore, in some examples, the test may not be conducted if the sample size is less than 250 

observations. Moreover, the chi-square approximation used in the test may be inaccurate for 

small coverage probabilities (equivalently, high confidence levels) and only moderately large 

sample sizes. As a result, the actual significance level of the test, in some examples, may be 

higher than the nominal (5%) significance level. 

[0573] The Christoffersen test of independence is a likelihood ratio test aiming to assess if 

breach events are independent of each other. If not, the breaches can cluster (especially in 

periods of stress). 

[0574] The Christoffersen test for independence tests whether the sequence of breaches is 

independent, i.e. that the occurrence of a breach on day d is independent of the occurrence of a 

breach that occurs on day d — 1. The null and alternative hypothesis to be tested are thus 

specified as follows: 

(162) 	H goi = mil 
(Hi: Trot # mil 

where rrii  = Pr(Id  = jild _i  = i). The null hypothesis states that the probability of a breach on 

day d is the same regardless of whether a breach occurred on day d — 1. The alternative is that a 

breach is less or more likely to happen on day d if a breach occurred on day d — 1. The test 

statistic is the following likelihood ratio: 

(L  (H2))  
(163) 	 = — 2 log ( 	

(1_ ft2roo+nioft2noi+nii 
LRind = —2 log 

1,(111) 	 nni 
— ft01)n°°710-i' (1  — ft11)nl°ft71111) 

[0575] The term nil  is designated as the number of observations with value i followed by j, 

, 	it 	nil and n  = 	Note that 11' 2  = n01+n11 	 and that if the first X01oi = 
not  

noo+noi 	 noo+noi+nio +nil 

observation is ignored, then 112 = fr = 
no+ni 

as previously defined. The test statistic LRind  is 

asymptotically distributed as the chi-square distribution x2  (1) with 1 degree of freedom as D 

co. 

[0576] The p-value associated with the calculated test statistic L R 	ft It 	is computed ind. 2) 01, 11. 

as follows: 

(164) 	p_valueLRind  = Pr(LRind  LRind(712, Ito1, 

[0577] The test can be performed at the 5% significance level and the following possible 

outcomes are considered: 

• Pass if the p-value computed using equation (164) is greater than or equal to 5%; and 
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• Fail if the p-value is less than 5%. 

[0578] The following R-A-G scale shown in Table 5 is preferred for reporting the Christoffersen 

test results. 

Table 5: R-A-G Threshold for Christoffersen Test 

R-A-G 
Threshold 

G p-value 	5% 

A 0.01% < p-value < 5% 
R p-value < 0.01% 

[0579] In the case of 2-day holding period, the Christoffersen test may be used in combination 

with the non-overlapping aggregation method. The test procedure is then applied separately to 

each of the h groups of non-overlapping time series, and the outcome is determined based on the 

average p-value taken across the groups. 

[0580] There are cases when the test statistic in equation (163) may be undefined, most notably 

when n11  is zero, i.e., when there are no two consecutive breaches. For 1-day holding period, a 

p-value of 1 may be formally reported and assigned Pass to the outcome of the test (or Green on 

the R-A-G scale) in such cases. For 2-day holding period, a p-value of 1 may be assigned to 

each of the groups for which the test statistic is undefined; however, the outcome may be 

determined based on the smallest p-value across the groups in this case (rather than the average 

p-value). 

[0581] The Christoffersen test results for multiple portfolios can be aggregated using a method 

analogous to the overlapping/non-overlapping aggregation methods described above. 

[0582] In general, the Christoffersen test tests the null hypothesis of independence against the 

first-order Markov property (rather than all forms of dependence in general). It is possible that 

the chi-square approximation may be inaccurate for small breach proportions (equivalently, high 

confidence levels) and only moderately large sample sizes. As a result, the actual significance 

level of the test may be much higher than the nominal specified significance level. 

[0583] A purpose of the coverage ratio is to report the average IM coverage of a particular 

portfolio, or group of portfolios, across time, regardless of whether a breach has occurred or not. 

The coverage ratio may be used to assess if IRM 1616 is acting in an excessively conservative 
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manner. This test is distinct from passing the backtest, which could be achieved simply by 

charging excessive margin. 

[0584] The coverage ratio may be used by model calibration module 1628 in the calibration 

process of IRM 1616. The coverage ratio may also be used, for example, for comparing the 

performance of IRM 1616 across different portfolio groups, in different model configurations 

and/or to some benchmarks. 

[0585] The coverage ratio quantifies how much of a margin cushion that IRM 1616 provides on 

average compared to realized VM. The coverage ratio (CR) is calculated as: 

(165) 	CR = 
fZ IMd  

Z 1714d}vmd<o 

Here the summation runs over the backtest days for which the variation margin is negative, i.e., 

VMd  < O. 

[0586] A possible limitation might arise as a result of aggregating over multiple backtest days. 

The coverage ratio may not provide information about how extreme the difference between IMd  

and VMd  might be on any given day. 

[0587] The breach fraction is a metric that may be used to calculate the realized coverage over 

the backtesting period for a particular portfolio. 

[0588] The breach fraction for a portfolio is defined as follows: 

(166)  BF = 7),  

[0589] The value of the breach fraction BF should be close to the coverage probability p if the 

model coverage is correct. 

[0590] Next, the breach severity metric is described. A purpose of the breach severity metric is 

to capture and assess the average severity of the occurred breaches of a single portfolio. In 

addition to the average, the maximum breach size of a single portfolio may also be provided. 

[0591] Let {d1, d2, 	du } denote the set of dates where a breach event occurs and let BSd  be the 

breach size as defined in equation (152) on backtest date d. The breach severity metric is 

defined as: 

(167) BreachSeverity = 27.-t 	 BSd 

[0592] In addition to breach severity, the maximum breach size defined as 

max(BS -cbdc{cli,d2,••.,du } may also be considered for further investigation. For the purpose of 
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calculating these metrics, all days for which the Breach Size BSd  is undefined due to the IMd  

being equal to zero may be excluded. 

[0593] In some examples, the Breach Severity values may be large due to the IM being small 

whereas the breaches may have low materiality (in terms of the number of portfolio ticks). 

[0594] In an example portfolio evaluation matrix for testing IRM 1616, across all of the 

portfolios tested, IRM 1616 generates zero Basel Traffic Light "Red" instances, as well as an 

"Amber" count that is, depending on portfolio, either zero or low. The Real and Stylized 

Clearing Member portfolios have zero instances of "Amber." The observed number of Amber 

instances in all cases is well below the number of Amber Portfolios Allowed. 

[0595] The conclusion of this test based on the metrics is that the coverage achieved by IRM 

1616 is very likely to be 99% or greater across all portfolios and for the full time period 

backtested. It is noted that similar results and similar conclusions have been determined for 

testing in the APC On configuration. 

[0596] IRM 1616 passes the investigative Kupiec test, with zero instances of "Red" and, 

depending on the portfolio set, either zero or very few instances of "Amber." The observed 

number of Amber instances for all portfolios is well below the number of Amber Portfolios 

Allowed. These results are expected in view of the BTL results as shown above. The conclusion 

is that with a high degree of likelihood, IRM 1616 is able to achieve 99% coverage or greater, 

based on the full backtest period. 

[0597] A substantial portion of breach clusters tend to be event driven, where a given macro 

event or meaningful announcement may cause IRM 1616 to breach for more than one day in a 

row. Across Red and Amber portfolios, the majority of breach clusters are clusters of 2 

sequential breaches only, and the number of clusters does not exceed 3 in most cases. 

[0598] From a model design perspective, there exists a tradeoff between sufficient reactivity to 

avoid sequential breaches versus making IRM 1616 overly reactive. IRM 1616 can be made 

more reactive, e.g. by reducing the Lambda parameter. However, increasing the reactivity may 

be undesirable from an overall margin stability or from an anti-procyclicality perspective. 

[0599] Finally, to the extent significant macro events extend beyond a single business day, it can 

be expected that one or more Risk Factor or instrument portfolios might breach for the duration 

in the same way that a single-day market shock creates a single day breach. This occurs in the 

testing setup in a non-mitigated manner, that is, without the consideration of intra-day IM calls. 
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[0600] In this example, sequential breach clustering remains a relatively uncommon occurrence 

for IRM 1616: it occurs primarily for a narrow set of Risk Factor portfolios at identifiable macro-

economic stress events. Overall Model performance is therefore deemed acceptable. Also, the 

results suggest that IRM 1616 is generally able to "learn" from recent market events and is 

sufficiently reactive to prevent breach clustering for the significant majority of portfolios. 

Procyclicality Testing Category 

[0601] An initial margin model is desirably reactive to changes in market conditions. However, 

it is undesirable for IRM 1616 to exhibit large step changes in the IM, especially during periods 

of stress. As specified by applicable regulations, it is desirable for IRM 1616 to behave in an 

anti-procyclical manner. To test the procyclicality, two categories of metrics are used: primary 

and investigative metrics. 

[0602] The primary metrics generally assess whether IRM 1616 is procyclical based on IM 

changes over a predetermined time period (in this example, a 5-day horizon) during a pre-

defined market period of stress. More specifically, the APC Expected Shortfall (APC ES) metric 

is evaluated over the period Bs  of the market stress defined as the 500-day period from 

September 3, 2007 to August 10, 2009. This period is selected based on the average values of 

the EWMA volatility (generated with EWMA Lambda equal to 0.98) taken across all linear Risk 

Factors. 

[0603] To compute the APC Expected Shortfall, the relative IM changes are first calculated as 

follows: 

(168) 
IMd 

1311451);Ct 	An 

	

iYi 	5 
1 

for d = 6,7, ..., D. Then the APC Expected Shortfall metric is calculated as 

(169) 
	

ESAPC = ES5D;95%(.6/M5D;65D) 

where the ES5D;95%(.) is the Expected Shortfall operator at the 95th  percentile level that 

computes the average of the largest relative 5-day IM increases at the 95t1i percentile level and 

higher. Note that the APC metric is concerned with relative IM increases, not relative IM 

decreases. 
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[0604] To calculate the APC Expected Shortfall, all days are excluded for which the relative IM 

change .6 /M5D;d  is undefined due to the /Md _ s  being equal to zero in rare cases. 

[0605] Moreover, since the metric is affected by rolling to a new contract (causing the risk 

profile to change), the rolling dates are excluded from the metric computation. The exception is 

made for RI-CM Stylized portfolios since excluding the rolling dates for these portfolios may 

result in only a small number of days left for the metric computation. 

[0606] In this example, the calculation of the APC Expected Shortfall metric is based on 

overlapping 5-day changes in the IM that exhibit serial dependency. Consequently, one large 

spike may affect 5 consecutive values of the APC Expected Shortfall. This may result in an 

increased error of the Expected Shortfall operator. It is also noted that the reported changes may 

appear large as they are stated in percentage terms, but may be small in magnitude (i.e. have low 

materiality, in tick terms). For dynamic types of portfolios the IM can change due to changes in 

the portfolio risk profile and therefore the metric may not be applied to such portfolios. 

[0607] The investigative metrics, in general, complement the APC Expected shortfall metric as 

there is not a single "industry-standard" method to quantify procyclicality. The metrics 

considered are the n-day Procyclicality metric and Peak-to-Trough metric. These metrics are 

referred to as BoE APC metrics. 

[0608] For the n-day Procyclicality, let the n-day relative IM change be denoted as: 

IMd  
(170) 	AlMnD;d = T An 	1 

livi d—n 

The n-day Procyclicality metric is then defined as the maximum of the n-day relative IM 

changes over a given period of time: 

(171) 	Procyclicality(n)  = max AIM —nD;d 	 ( 

Similarly to the APC Expected Shortfall metric, the n-day Procyclicality metric is applied during 

period Bs  of stress. 

[0609] To calculate n-day Procyclicality, all days are excluded for which the relative IM change 

AIMnD;d is undefined due to the /Md, being equal to zero. The rolling dates of contracts are 

excluded from the computation, with an exception being made for RI-CM Stylized portfolios (by 

analogy with the APC Expected Shortfall computation). 

[0610] The Peak-to-Trough metric is defined as the ratio of the maximum margin requirement to 

the minimum margin requirement over a given period of time: 
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max(—IMd ) 
(172) 	PeakToTrough = d

mtin(— IMd ) 
d 

The Peak-to-Trough metric is applied during the period Bs  of stress. To calculate this metric, all 

days are excluded for which aid  is equal to zero (however, rolling dates are not excluded). 

[0611] The n-day Procyclicality metric is obtained as the maximum of the relative IM changes 

and hence may be very sensitive to outliers. In some examples, the Peak-to-Trough may be large 

even if the peak max(—IMd) occurs prior to the troughmin
d

(— IMd); however, such cases do not 
d  

present a concern since they correspond to decreases in margin requirements. 

[0612] Regarding the portfolio evaluation matrix, note that the APC metrics may be applicable 

to a subset of portfolios with static positions and slowly changing risk profiles between expiry 

dates (relevant for Real Instruments). Assessing IRM 1616 for procyclicality includes careful 

consideration as it can be difficult to attribute margin changes to IRM 1616 itself or to the risk 

profile changing due to the passage of time, or in the case of options when the underlying price 

diverges to, or converges from, the strike level. 

[0613] In this example of testing, in the group of RI-Stylized, the following non-option 

instrument portfolios are excluded from the APC assessment: portfolios with front contracts in 

STIR, Repo or SONIA/EONIA Futures since such portfolios have rapidly changing risk profiles 

due to monthly/quarterly cycle; and ERIS portfolios based on fixed expiries since such portfolios 

have changing risk profiles when approaching expiry. 

[0614] In the groups of RI-Stylized and SI-Non-Linear Stylized, the option portfolios included in 

the APC assessment are outright ATM option portfolios where the underlying is not the front 

month expiry. ATM outright option portfolios are included in the assessment since the option 

portfolios were constructed based on relative strike, which could cause risk profile jumps due to 

the reconstruction of the portfolio for testing rather than IRM 1616 reacting to changes in 

volatilities (for example). Option portfolios where the underlying is the front month expiry are 

excluded from the (example) assessment as the underlying has a materially changing risk profile 

when approaching expiry. 

[0615] RI-CM Real portfolios are excluded from the (example) APC assessment as the portfolio 

risk profile is not held constant over time due to positions changing potentially on a daily basis. 

In the group of RI-CM Stylized portfolios, all portfolios are included for the APC assessment. 
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Since the APC metric results for these portfolios may be affected by rolling effects, such cases 

are carefully investigated and noted. 

[0616] Overall, the testing results for the APC Expected Shortfall metric are deemed acceptable 

for the Real Instrument portfolios, as well as for the Risk Factor and Synthetic Instrument 

portfolios. Thus, it may be concluded that for all portfolios tested, IRM 1616 is able to generate 

Initial Margin during stress periods that is consistent with the expectation of anti-procyclicality. 

[0617] In addition to the procyclicality testing results based on the historical data provided 

above, the procyclicality results are illustrated for the two synthetic datasets. For the Benign 

synthetic dataset, the APC ES metric indicates zero instances of Red and very few instances of 

Amber. For the Regime Change synthetic dataset, there are six Reds in total across the example 

5,895 portfolios analyzed. 

Sensitivity Testing Category 

[0618] A purpose of sensitivity testing is to evaluate the change in model outputs due to a 

change in model inputs, parameter values, or market conditions. Two types of sensitivity testing 

are described below: Rolling Backtest Analysis and Parameter Sensitivity Testing. The rolling 

backtest analysis may be used to assess the performance of IRM 1616 over changing market 

conditions, including periods of stress. 

[0619] In this example, the test is conducted using a 500-day rolling lookback window both in 

the APC On and APC Off configurations. The first lookback window covers the period from 

September 3, 2007 to August 10, 2009. The window is then shifted by one day with the last 

window covering the period from March 10, 2016 to February 14, 2018. A total of 2200 rolling 

windows are considered. 

[0620] The backtesting allows assessment of the average performance of IRM 1616 over a long 

backtesting period. The rolling backtest allows detecting whether IRM 1616 under-performs in 

some time periods more than others. 

[0621] The Basel Traffic Light Test is the Primary Metric that is applied to the Rolling Backtest 

Analysis. The APC Expected Shortfall metric is also examined. Each metric is evaluated for 

each of the lookback windows. In this example, the metrics are be applied to Real Instrument 

Stylized portfolios. 

[0622] In this example, the power of the statistical tests (such as the BTL) applied to each of the 

500-day lookback windows is lower as compared to the power of the tests applied in the full 
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period backtesting due to a smaller sample size. This possible limitation may be mitigated by the 

fact that multiple (a total of 2200) lookback windows are considered. 

[0623] The performance of IRM 1616 based on the BTL metric applied on a rolling 500-day 

window is therefore deemed acceptable. A similar performance is also determined when IRM 

1616 is running in the APC on configuration. 

[0624] For the parameter sensitivity testing analysis, the model input parameters are modified by 

varying a given parameter value from its baseline level. A comparison is then made, holding all 

other parameters constant at their Baseline values, of the backtesting output using the backtesting 

metrics described below. Sensitivity testing is designed to assess the robustness of performance 

of IRM 1616 to changes in the input parameters. 

[0625] In this example, the parameter ranges are set to be relatively wide in order to explore the 

stability of IRM 1616 for the different parameter settings. The explored parameter ranges can 

and do violate both regulatory permitted parameter levels (e.g., holding period of one day, 

confidence level of less than 99%) as well as the parameter recommendations and ranges 

(Lambda equal to one). 

[0626] In a production environment, in some examples, IRM 1616 may be parameterized in a 

manner that meets regulatory requirements. However, from a research perspective it is important 

to understand the model behavior over a wide range of parameter values to understand model 

stability to parameter selections in the neighborhood of (above and below) any values required 

by regulation. 

[0627] The Basel Traffic Light Test, APC Expected Shortfall, and Breach Fraction metrics may 

be applied to sensitivity testing. Note that all of these metrics may not be applied across all 

portfolios for sensitivity testing. 

[0628] In this example, the following Real Instrument portfolios are evaluated as part of 

sensitivity testing: 

• Stylized Strategies: full period and rolling period testing is conducted 

• Real CMs and Clients: full period is conducted for Basel Traffic Light Test and Breach 

Fraction metric only. 

• Stylized CMs and Clients: full period for Basel Traffic Light Test and Breach Fraction 

and stress period testing for APC Expected Shortfall is conducted. 
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[0629] In this example, the model calibration process described above is not re-run when 

parameter changes are applied. Any dependencies between parameters that may impact the 

calibration process results are not considered. 

[0630] Model sensitivity testing shows that IRM 1616 generally does not exhibit a high degree 

of sensitivity to the set of parameter inputs that are being evaluated. 

[0631] The EWMA Weight (Lambda) parameter leads to reduced IRM 1616 performance when 

the parameter is set outside the recommended bound to A. = 1. The number of both BTL Amber 

and Red instances increases with this setting. Similarly, when the Correlation Stress weight is 

reduced to zero, i.e. outside of the recommended range, the performance of IRM 1616 on the 

BTL metric is somewhat deteriorated. 

Incremental Testing Category 

[0632] Incremental testing may help to evaluate the change in model outputs due to the addition 

of model components. The progressive nature of the testing allows for the isolation of potential 

model issues to a particular component of IRM 1616. The testing starts with the most basic 

configuration and gradually adds additional model components. Comparison of backtesting 

metrics across the configurations is performed. In this example, portfolios for the incremental 

testing include Real Instrument Stylized portfolios. 

[0633] The following configurations show an example progression of adding model components: 

• Configuration A: The Volatility Forecast does not include the Volatility Floor or 

Stress Volatility Component. APC treatment, Correlation Stress Component, and 

Diversification Benefit Component are not included in the IM calculation. 

• Configuration B (Configuration A + Stress Volatility Component +APC): The 

Volatility Forecast accounts for the Stress Volatility Component and APC Treatment. 

• Configuration C (Configuration B + Volatility Floor): The Volatility Forecast 

accounts for the Volatility Floor. 

• Configuration D (Configuration C + CSC + Diversification Benefits): The final IM 

calculation accounts for the Correlation Stress Component and Diversification 

Benefit Component. 

[0634] In this example, P&L rounding is not applied in the incremental testing, in order to better 

isolate the impact of other model components. Accordingly, the Risk Factor VM is used in the 
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tests for consistency. This allows for the full period backtesting as there is no dependency on the 

availability of the settlement VM for the instruments. 

[0635] In this example, the Basel Traffic Light Test, Breach Fraction, and APC Expected 

Shortfall are applied to incremental testing. 

[0636] The Lambda parameter is calibrated for the final configuration (Configuration D). In 

this example, the model calibration process is not re-run for each configuration. 

Model Comparison with Historical Simulation Category 

[0637] The Initial Margin for a VaR-based Historical Simulation model is calculated for Real 

Instrument Stylized portfolios and compared to the IM of IRM 1616. Historical Simulation 

amounts to using unsealed returns to generate the P&L distribution for the IM calculation. The 

length of the lookback window for Historical Simulation is set to Wo  days to match that of IRM 

1616. In this example, time scaling is excluded from this testing (e.g., 1-day MPOR is used) to 

allow for a more direct comparison at a basic level between IRM 1616 and Historical Simulation. 

[0638] In this example, the Basel Traffic Light Test, APC Expected Shortfall, and Breach 

Fraction metrics are used for the comparison. 

Assumptions Backtesting Category 

[0639] The impact of the chosen rounding treatment at the P&L level is compared with an 

alternative treatment which rounds the final IM rather than the P&L. The alternative rounding 

treatment is as follows. Consider a portfolio with N instruments, and let Qi, i = 1, , N denote 

the quantity of each instrument held, multiplied by the contract value factor, and let Ti  denote the 

instrument minimum tick. After calculating the intial margin, without P&L rounding, denoted 

by IMmodel, the following rounding treatment is applied: 

(173) 	IM final 	 'C, 	T = max PiTil 
i=1,...,N 

where r.1  denotes the ceiling operator that rounds the number up to the nearest integer. In 

particular, the method takes as its minimum tick the largest one-tick movement of any of the 

individual positions held. It is determined that the two treatments produce similar results with 

respect to standard metrics such as BTL and coverage ratio, based on the period from September 

3, 2007 to February 14, 2018. 

[0640] The chosen FX conversion method is compared with an alternative FX conversion 

method in which the spot FX rate (i.e., the FX Rate on the Value Date) is used. No scaling of the 
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FX Risk Factors takes place in this case. Overall it is determined that the two FX conversion 

methods generate close results. Specifically, across all 21 multi-currency portfolios in the set of 

RI-Stylized portfolios, the 99th  percentile of absolute IM discrepancy I IM1  — IM2 1 is below 1 

portfolio tick (defined as the largest instrument tick across all portfolio instruments) in the APC 

Off, 2-day holding period configuration (based on the backtest period from September 3, 2007 to 

February 14, 2018). 

[0641] The initial margin of option portfolios is examined for which realized losses cannot 

exceed the premium (in magnitude). Specifically, it is investigated whether the magnitude of the 

initial margin for such portfolios exceeds the magnitude of the premium. It is expected that the 

exceedances may be present due to such features of IRM 1616 as the Correlation Stress 

Component and P&L Rounding. However, such exceedances may be acceptable when they are 

no larger than 1-2 relevant tick sizes. 

[0642] Backtesting of option portfolios is performed in the set of Real Instrument Stylized 

portfolios over the period from September 3, 2007 to February 14, 2018. Those portfolios are 

examined for which realized losses do not exceed the premium and the premium is negative (i.e., 

there is a cost to construct the portfolio). In this example, the portfolios include outright options 

and option strategies, in particular box spread, conversion, straddle, strangle, call-put spread, 

butterfly, calendar spread and calendar straddle strategies. 

[0643] The chosen time scaling method in which the holding period multiplier is equal to the 

square root of the holding period is compared with the time scaling method in which the holding 

period multiplier is equal to the maximum of the AR(1) time scaling factor and the square root of 

the holding period. In this example, backtesting of the RI-Stylized portfolios is performed in the 

APC Off, 2-day holding period configuration over the period from September 3, 2007 to 

February 14, 2018. Overall it is determined that the two methods generate similar results. 

Specifically, in cases where the median relative IM difference (taken across all backtest dates for 

a given portfolio) exceeds 3%, the (absolute) IM difference does not exceed 2 portfolio ticks. 

[0644] Other approaches to time-scaling may include those based on using non-overlapping or 

overlapping h-day returns. (In these cases time-scaling is implicit and can be referred to as time 

aggregation.) However, such approaches may have limitations of their own. For example, the 

use of non-overlapping returns may result in serious reduction in the sample size (from W to 

[W/h]). Using overlapping returns may generate profound serial dependency in the data even if 
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it was originally independent. Accordingly, the adopted time scaling approach may be preferred 

over such time-aggregation methods. 

Example LRC Model 

[0645] Next, an example configuration and testing of LRC model 1618 is described. The testing 

of LRC model 1618 may be performed, in some examples, by model testing module 1630. In 

general, LRC model 1618 include a number of parameters that may be configured for LRC 

model 1618 to operate according to predetermined performance characteristics. In some 

examples, LRC model 1618 may be configured by selecting Representative Instruments, 

Liquidity Buckets, CC and BAC groups. In some examples, parameters of LRC model 1618 

may be periodically examined and/or adjusted. 

[0646] The use of the Concentration Charge/Bid-Ask Charge groups in LRC model 1618 allows 

assessment of the liquidity risk more appropriately among instruments with common attributes, 

whereby market liquidity is expected to be different between different groups. Where the 

exposure for Representative Instruments is offsetting in the same group, this may prevent 

Clearing Members from having to post margins in excess of the economically relevant amount. 

[0647] In the Baseline Model configuration, instruments that share the Product Category and 

Currency of the underlying instrument are assigned to the same group. 

[0648] Liquidity Buckets collect instruments from one or more Expiry Buckets that can be 

represented by a single instrument, i.e. Representative Instrument. This allows the replacement 

of instrument positions in the Liquidity Bucket with a single position of the Representative 

Instrument. The Liquidity Buckets selection may take into consideration how products are 

traded, e.g., STIR packs (0-1Y, 1-2Y, etc.), and a correlation assessment of returns between each 

pair of instruments within a Liquidity Bucket. Instruments belonging to the same Liquidity 

Bucket are expected to exhibit high levels of correlation in the returns. 

[0649] The Representative Instrument for each Liquidity Bucket may be selected based on 

multiple considerations, including trading activity and stability of the risk profile. Specifically, it 

is desirable for a Representative Instrument to be actively traded (relative to other instruments in 

the Liquidity Bucket); at the same time, the risk profile of the Representative Instrument should 

be stable. In view of the stability regulations, in this example, a linear instrument is selected as a 

Representative Instrument. To assess what instruments are actively traded, the average daily 
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volume (ADV) is generally used, computed as for a given instrument based on all available 

historical data. 

[0650] For STIR futures, a contract is generally selected with the greatest ADV as the 

Representative Instrument across the quarterly contracts in a Liquidity Bucket. Typically, for the 

2Y+ Liquidity Buckets, a trend of decreasing daily volume is observed, which means that the 

shortest-time-to-expiry quarterly contract per bucket is selected as RI. For the 1 Y Liquidity 

Bucket, the second-quarter contract is selected as the RI, which generally has a higher ADV than 

the first-quarter contract, although trading activity dominance does fluctuate across all four 

quarterly contracts in-between rolling cycles. 

[0651] For Repos, in this example, the first-month contracts (1M) are not selected as the 

Representative Instrument because these contracts are essentially averaging products and may 

not be a good representative of all expiries. Among the remaining expiries, the contract with the 

highest ADV is selected, e.g., the second-month contract (2M). 

[0652] For GBP Bond futures, the first-quarter contract is selected, in this example, as the 

Representative Instrument for each Liquidity Bucket based on the ADV considerations. For 

EUR Bond futures, due to low ADV values that have been observed, the first-quarter contract is 

selected as the Representative Instrument in line with our selection for GBP Bond futures. 

[0653] For EUR Swapnotes, the first-quarter contract is selected as the Representative 

Instrument for each Liquidity Bucket because these contracts typically have the highest ADV 

(relative to the instruments in the Liquidity Bucket) and do not typically pose concern for 

stability of the risk profiles (e.g., in contrast with the first quarter STIR contracts). For GBP and 

USD Swapnotes, due to low ADV values that have been observed, the first-quarter contract is 

selected as the Representative Instrument in line with our selection for EUR Swapnotes. 

[0654] For ONIA, the second-month contract is selected, in this example, as the Representative 

Instrument because the first-month contract may have an unstable risk profile. For ERIS, the 

first-quarter on-the-run contract is selected for each of the 2, 5, 10 and 30 year tenors for GBP 

and EUR as the Representative Instruments. The selection, in this example, is based on the 

relative trading activity of the front-quarter contracts as compared to other expiries. It is 

understood that Representative Instrument and Liquidity Bucket selections may be subject to 

periodic reviews. 
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[0655] The Minimum Delta A% min  acts as a floor on the magnitude of the theoretical delta of an 

option. The intent of this floor is to avoid missing zero delta or near-zero delta options that 

nonetheless may still pose a risk to the CCP. Imposing a floor on option deltas may ensure that 

deep out-of-the-money options that may appear near-riskless to the VaR method for portfolio 

representation are captured by the calculation in the Delta method. On the Bid-Ask Charge side, 

the Minimum Delta helps to avoid instances where certain option portfolios may produce a zero 

charge under either method, whilst in a close-out process they may still attract a cost due to a 

lack of liquidity in deep out-of-the-money options. 

[0656] To illustrate, consider a simple portfolio of one deep out-of-the-money option that maps 

to a Representative Instrument, with A 0, whose P&L vector entries are also near zero. 

Consequently, BAC(v)  0 and BAC(D)  A% min  • BACr. 

[0657] The Minimum Delta value is selected based on the following considerations. The VaR 

method for portfolio representation may not be able to capture options with the probability of 

expiring in-the-money below 1% (since the confidence level in the VaR method is set to 99%). 

The value of Minimum Delta A% min  may be selected so as to ensure protection for deep out-of-

the-money options. Specifically, in the normal model for option pricing, the magnitude of option 

delta is equal to the probability of the option to expire in-the-money; in the lognormal model, 

this is approximately true assuming the time-to-expiry is relatively short. 

[0658] The Concentration Thresholds (CTs), set separately per Liquidity Bucket for each 

Representative Instrument, may determine the capacity or volume that may be traded in one day 

with no impact on market pricing. For calibration of CT, volume data and open interest data are 

used. The calibration process for the Concentration Thresholds may depend on a number of 

parameters. The calibration methodology of the CTs and the value selection process for the 

parameters involved in the calibration are discussed below. 

Example Calibration of LRC Model 

[0659] In the example below, the CT is calculated by reference to a Short Lookback Window of 

the most recent Ws  business days and to a Long Lookback Window of the most recent WL  

business days. The CT for each Representative Instrument is calibrated using the following 

hierarchical approach: 

1. For each day in the Lookback Window, the maximum volume Vnt„, across the 

futures instruments within the Liquidity Bucket is extracted. Similarly, the sum 
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Vsum  of the volumes across the futures instruments within the same Liquidity Bucket 

is extracted. 

2. Compute V = max(wium  • Vsum, Vm„ ) for each day in Long Lookback Window 

where wium  is a configurable parameter set in a range between 0 and 100%. 

3. Compute 17s  and 9i, as the averages of V over the Short and Long Lookback 

Windows, respectively, based on the values obtained in the previous step. Days with 

zero volume are included in the averaging process, except for exchange holidays. 

4. Compute the average volume AV = max(9s, VL  ). 

5. Repeat steps 1 through 4 for the open interest data instead of volume. In step 2 use 

the configurable parameter ws°u1m  (in place of wium). The execution of these steps 

results into the average open interest AO I . 

6. Compute the Concentration Threshold as 

(174) 	CT = max(/3Av  AV, igA01  • A01, f loorcT ) 

The CT is floored to avoid pushing the Concentration Charge to arbitrarily large 

values. This amount represents a small position and is deemed not concentrated for 

all products in scope. 

[0660] In this example, volume and open interest of option instruments are not considered in the 

Baseline configuration. However, in some examples, they may also be taken into account in 

steps 1 and 4 above. 

[0661] Adjustments may be applied to CT in instances where model output is deemed to be 

unrepresentative of current liquidation risk faced by the CCP. Such adjustments are expected to 

occur on an exception basis rather than as a rule to be frequently applied. If LRC model 1618 is 

consistently overruled, this may serve as a guidepost to review the proper functioning and design 

of the model. 

[0662] Parameter wrum, measures what proportion of the trades is directional versus trading in 

spreads/strategies. The parameter was set to 45%, in this example, based on the empirical 

analysis of exchange data. The interpretation and value selection for parameter WSIm  is 

analogous to that of wsvum. 

[0663] The value of parameter PoorcT  is set, in this example, to 100 lots. Generally this is 

considered to be an amount that can be liquidated, without any market impact, in one day. 
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[0664] The Short Lookback Window Length is set, in this example, to 60 business days, which 

approximately corresponds to a calendar period of 3 months. The averaging over the Short 

Lookback Window is performed to be able to capture more recent changes in liquidity, such as 

the increase of liquidity at the end of 2015. The Long Lookback Window Length is set, in this 

example, to 250 business days, which approximately corresponds to a calendar period of 1 year. 

The averaging over the Long Lookback Window is performed to ensure the stability of the 

estimated volume from one day to the next. 

[0665] It should be noted that the CT calibration with its parameter choices, in some examples, 

may be determined under a conservative assumption of considering ETD volume and OI only, 

thus discounting entirely OTC volume and OI. 

Example Bid-Ask Parameters of LRC Model 

[0666] Due to the nature of bid and ask prices, which may lead to an executed trade or just an 

open order to trade, the determination of the Bid-Ask spread parameters (BAr) requires a careful 

consideration. The Bid-Ask spread parameterization process follows a waterfall structure that 

starts with observed Bid-Ask spread data reported by one or more electronic exchange or one or 

more third party systems followed by feedback from one or more systems associated with risk 

and/or product/ market experts. In some examples, the available data may be reviewed and used 

to determine the suitability of the Bid-Ask charges for the purposes of LRC model 1618, and 

may provide for any adjustments where required. 

[0667] Bid-ask parameters' calibration may use available data that is sourced as discussed 

above. In this example, the Bid-Ask spread estimate for each Representative Instrument is 

calculated as follows: 

1. Extract the most recent quarter of data that follows the requirements of MiFID II 

Best Execution Report. 

2. For each day, group instruments into their Liquidity Buckets and calculate the 

minimum, average and maximum of each of the following two fields in the report: 

i. AVG EFFECTIVE SPREAD 

ii. AVG SPREAD AT BEST BID AND OFFER _ _ _ _ _ 

3. Calculate the (equally weighted) average of each of the estimates in Step 2 over 

the available days. 

Here: 
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• AVG EFFECTIVE SPREAD is the one-day average of an instrument's bid-ask spreads 

where each spread is the difference between best bid/offer before a trade is executed 

(excluding the order that caused the trade). The spread is calculated on every executed 

only trade and only if the both best bid/offer existed before the trade. 

• AVGSPREAD_AT_BEST_BID_AND_OFFER is the one-day average of an 

instrument's bid-ask spreads, where each spread is calculated on every new order entry 

(when the new order is already in the order book) if both best offer and best bid exist. 

The orders that cause an executed trade are recorded as zero spreads and used in the 

averaging. 

[0668] In this example, the AVG_EFFECTIVE_SPREAD field is used as the default for the Bid-

Ask spread parameter setting, as this incorporates the best bid and best offer in the market prior 

to executed trades. Where the AVG EFFECTIVE SPREAD field returns null (no trades), the 

AVG SPREAD AT BEST BID AND OFFER filed is used as a fallback, if available. 

[0669] Relevant proxy of parameters may be used in the following cases: 

a) For products that are deemed to be liquid in the interest rate market, e.g. EuroDollar 

futures, but for which there is no reported trading activity, the Bid-Ask spread parameters 

can be set based on third-party sources or set to be 1 minimum price increment of the 

instrument. The parameters will be reviewed once the market becomes actively traded. 

b) For instruments with little or no reported trading activity, the Bid-Ask spread parameters 

can be proxied using the nearest tenor or look alike products. The parameters will be 

reviewed once the market becomes actively traded. 

The final parameters set by the Clearing Risk Department, taking into consideration the estimates 

detailed above, may be reviewed further, considering the instruments' trading behavior, for 

example, during expiries when trading activity rolls to new expiries. 

Model Testing Module with respect to the LRC Model 

[0670] The Liquidity Risk Charges for different portfolios over a testing period are examined for 

various calibration setups. A number of empirical tests are performed to assess the performance 

of the LRC model. 

[0671] The testing plan may be separated into the following main categories: 

1. Stability Testing: to assess the stability of CC and BAC by considering them together 

with IRM 1616. 
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2. Sensitivity Testing: to assess the change in CC and BAC values due to a change in a 

parameter or configuration of LRC model 1618. 

Additionally, a liquidation period analysis is performed, as discussed below. 

[0672] Each test period provides a statistically meaningful sample and covers at least one 

financial market stress event. Notably, each test period includes stress observed following the 

United Kingdom's referendum result, in favour of leaving the European Union, on 24-Jun-2016. 

Additionally, in December of 2015, the ECB cut the deposit rate by 10bps and expanded the QE 

program, a decision the market did not expect. The testing period is constrained by the available 

data for actual Clearing Member portfolios and the raw data required for model parameterization, 

e.g. volume. 

[0673] In each of the tests involving the CC, either a changing or static Concentration Threshold 

is used. The changing CT is calibrated as discussed above. In the case of the static CT, a single 

value of the Concentration Threshold CTr  for each Representative Instrument is used throughout 

the testing period. This value is calibrated based on the 1-year period up to 22-Jan-2018 (which 

is the last CT calibration date prior to the test period end date of 14-Feb-2018). 

[0674] A static value of the Bid-Ask spread BAr  for each Representative Instrument is used 

throughout the testing period in all tests. It is calibrated based on the MiFID II Best Execution 

Report published in the second quarter of 2018 and covering the first quarter of 2018. 

[0675] In this example, the following portfolio types are considered: real CM, stylized CM and 

synthetic stylized. For the real CM type, positions as observed historically in the accounts of 

Clearing Members. For the stylized CM type, theoretical instrument portfolios are designed 

based on the concentrated positions of CMs. For the synthetic stylized type, stylized theoretical 

portfolios with varying levels of concentration are designed, in particular, to test the sensitivity 

of CC with respect to position size. 

[0676] Stability testing of CC and BAC is performed. The stability of LRC model 1618 is a key 

factor in assessing its performance. Since LRC model 1618 may be an add-on charge for IRM 

1616, the stability of the LRC components may be performed by considering the components 

together with the IM determined by IRM 1616 . Intuitively, if an account's risk profile remains 

unchanged from one day to the next, the sum of the LRC output and the IM (of IRM 1616) 

should also be stable or more importantly not procyclical. 
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[0677] The stability of the output of LRC model 1618 may be assessed, in an example, using the 

5-day APC Expected Shortfall (APC ES) at the 95th  percentile level in line with the 

procyclicality assessment. Specifically, to assess the stability of a charge Cd  on day d (Cd  can be 

taken to be, for example, the sum of CC and the initial margin (from IRM 1616), the APC ES is 

computed as follows. 

[0678] First the relative 5-day changes are calculated: 

Cd  
(175) 	ACsimd  = 	 1 

Cd-5 

for d = 6,7, ..., D where D is the total number of days for which the charge is computed. Then 

the 5-day APC Expected Shortfall metric is calculated as 

(176) 	ESApc  = ES5D;95%(C5D;651:15.D) 

where the ESSD;95%  is the Expected Shortfall operator at the 95th  percentile level that computes 

the average of the largest relative 5-day increases at the 95th  percentile level and higher. Note 

that the APC ES metric is concerned with relative increases, not relative decreases. 

[0679] To calculate the APC ES, all days are excluded for which the relative change is undefined 

due to the Cd _5  being equal to zero (in very rare cases). Moreover, since the APC ES metric is 

affected by rolling to a new contract in the construction of historical stylized portfolios (causing 

the risk profile to change), the rolling dates are excluded from the metric computation. 

[0680] One of three possible outcomes on the R-A-G scale is assigned as shown in Table 6 

below: 

Table 6: The outcomes for the APC ES Metric on the R-A-G scale 

R-A-G APC ES Outcome ESApc  Thresholds 

G Low Procyclicality <50% 

A 
Medium 

Procyclicality 
>=50% and <=100% 

R High Procyclicality >100% 

[0681] Note that the stability assessment may be performed only for a subset of portfolios with 

static positions and slowly changing risk profiles between expiry dates. Assessing LRC model 

1618 for stability may include careful consideration as it can be difficult to attribute changes to 
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LRC model 1616 itself or to the risk profile changing due to the passage of time, or in the case of 

options when the underlying price diverges from, or converges to, the strike level. 

[0682] In this example, for the stability testing, two portfolio sets are used: Stylized CM and 

Synthetic Stylized portfolio sets. In the Synthetic Stylized set, a subset of 72 portfolios are 

considered that conform to the desired outcomes (discussed above). 

[0683] The stability of the Concentration Charge and Bid-Ask Charge may be assessed, in an 

example, by applying the 5-day APC ES metric to the following four (4) charges: the initial 

margin (IM) determined by IRM 1616); IRM 1616IM + CC; IRM 1616IM + BAC; and IRM 

1616IM + CC + BAC. 

[0684] Next, sensitivity testing is discussed. A purpose of sensitivity testing is to evaluate the 

change in model outputs due to a change in parameter values or configuration settings. For CC, 

sensitivity is tested with respect to Concentration Thresholds, to CCG selection, to a different 

Liquidity Bucket selection, to the size of portfolio positions, and to three model parameters. For 

BAC, sensitivity is tested with respect to BACG selections, to a different Liquidity Bucket 

selection, and to the Minimum Delta parameter. 

[0685] In this example, sensitivity of CC and BAC to grouping configurations is tested using the 

set of 17 Stylized CM portfolios. Both for CCG and BACG, two grouping configurations are 

considered, in addition to the Baseline configuration. From most to least granular the 

configurations are: 

• Grouping configuration 1 (GC1): All instruments with the same currency are 

grouped together. This produces 4 different groups (CHF, EUR, GBP, and USD). 

• Grouping configuration 2 (GC2): All instruments are assigned to the same group. 

This results into a single group (Rates). 

[0686] The expectation is that the more granular the grouping is, the less portfolio benefit will be 

provided between positions when calculating the charges. Accordingly a more granular grouping 

would generally result in a higher CC and BAC. 

[0687] The sensitivity of CC as well as BAC are tested with respect to the Liquidity Bucket 

selection using the set of 261 Synthetic Stylized portfolios. In this example, two configurations 

are considered: the Baseline configuration as discussed above, and an alternative configuration. 
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[0688] Next, the sensitivity of CC is tested with respect to the change in the size of portfolio 

positions using the example set of 261 Stylized Synthetic portfolios. In this example, the 

portfolio set includes outrights as well as spreads/butterflies. Each portfolio falls into one of 

three categories: mildly concentrated, highly concentrated, and extremely concentrated. The size 

of each position in a mildly, highly and extremely concentrated portfolio is selected so that the 

corresponding Liquidation Period is 0.5 days, 2 days and 6 days, respectively. The size of all 

positions does not change over time, except for a subset of delta-hedged portfolios. 

[0689] It is expected that the CC generally increases as the portfolio becomes more concentrated, 

given the portfolio is structurally the same and only the size of the position is changing. 

[0690] Next, the sensitivity of CC is tested with respect to the Concentration Thresholds using 

the example set of 248 Real CM accounts. Specifically in addition to the Baseline configuration, 

two example alternative configurations are considered in which the Concentration Threshold for 

each Representative Instrument is obtained by multiplying the Baseline value of CT by a factor 

of 0.5 and a factor of 2, respectively. 

[0691] As expected, the CC generally increases as the CT decreases. Moreover, the CC 

increases non-linearly, i.e., at a higher rate for a smaller CT. 

[0692] Next, the sensitivity of CC and BAC are tested with respect to the following parameters: 

wsvun, and ws°,1,„ Aot and Minimum Delta. In this example, the set of Synthetic Stylized 

portfolios is used. 

[0693] Next, a sensitivity of CC to Pm)/  is discussed. As expected, decreasing (respectively, 

increasing) the value of /3A01  generally leads to a greater (respectively, smaller) CC. 

[0694] Next, the sensitivity of CC to wsvuni/ws°1,, values is tested using the Synthetic Stylized 

portfolio set. As expected, decreasing (respectively, increasing) the value of wYun,/w,1,, 

generally leads to a greater (respectively, smaller) CC. 

[0695] Next, the sensitivity of CC and BAC to the Minimum Delta values is tested using 192 

option portfolios of the Synthetic Stylized set. As expected, increasing (respectively, decreasing) 

the value of Minimum Delta generally leads to a greater (respectively, smaller) CC. For the 

BAC, it is observed that it generally exhibits little sensitivity to the considered Minimum Delta 

values. Specifically, in this example, the average ratio of IM + BAC in each of the two 

alternative configurations to the IM + BAC in the Baseline configuration remains within the 

interval from 99.8% to 100.2% on all dates in the test period. 
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[0696] Next, a liquidation period analysis is discussed. In this example, the length of each 

liquidation period LPr  is analyzed using the set of Real CM portfolios over the testing window 

from 26-Jan-2015 to 14-Feb-2018. In the analysis, the average for each LPr  is computed across 

all portfolios and all dates considered. 

Computer Architecture  

[0697] Systems and methods of the present disclosure may include and/or may be implemented 

by one or more specialized computers or other suitable components including specialized 

hardware and/or software components. For purposes of this disclosure, a specialized computer 

may be a programmable machine capable of performing arithmetic and/or logical operations and 

specially programmed to perform the functions described herein. In some embodiments, 

computers may comprise processors, memories, data storage devices, and/or other commonly 

known or novel components. These components may be connected physically or through 

network or wireless links. Computers may also comprise software which may direct the 

operations of the aforementioned components. Computers may be referred to with terms that are 

commonly used by those of ordinary skill in the relevant arts, such as servers, personal 

computers (PCs), mobile devices, and other terms. It will be understood by those of ordinary 

skill that those terms used herein are interchangeable, and any special purpose computer 

specifically configured to perform the described functions may be used. 

[0698] Computers may be linked to one another via one or more networks. A network may be 

any plurality of completely or partially interconnected computers wherein some or all of the 

computers are able to communicate with one another. It will be understood by those of ordinary 

skill that connections between computers may be wired in some cases (e.g., via wired TCP 

connection or other wired connection) and/or may be wireless (e.g., via a WiFi network 

connection). Any connection through which at least two computers may exchange data can be 

the basis of a network. Furthermore, separate networks may be able to be interconnected such 

that one or more computers within one network may communicate with one or more computers 

in another network. In such a case, the plurality of separate networks may optionally be 

considered to be a single network. 

[0699] The term "computer" shall refer to any electronic device or devices, including those 

having capabilities to be utilized in connection with one or more components of risk engine 

architecture 100 (Fig. 1) and risk management system 1600 (Fig. 16) (including components 
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1610-1630 of risk engine 1602, data source(s) 1604, data recipient(s) 1606) or an external 

system, such as any device capable of receiving, transmitting, processing and/or using data and 

information. The computer may comprise a server, a processor, a microprocessor, a personal 

computer, such as a laptop, palm PC, desktop or workstation, a network server, a mainframe, an 

electronic wired or wireless device, such as for example, a cellular telephone, a personal digital 

assistant, a smartphone, or any other computing and/or communication device. 

[0700] The term "network" shall refer to any type of network or networks, including those 

capable of being utilized in connection with architecture 100 and system 1600 described herein, 

such as, for example, any public and/or private networks, including, for instance, the Internet, an 

intranet, or an extranet, any wired or wireless networks or combinations thereof. 

[0701] The term "computer-readable storage medium" should be taken to include a single 

medium or multiple media that store one or more sets of instructions. The term "computer-

readable storage medium" shall also be taken to include any medium that is capable of storing or 

encoding a set of instructions for execution by the machine and that causes the machine to 

perform any one or more of the methodologies of the present disclosure. 

[0702] Fig. 28 illustrates a functional block diagram of a machine in the example form of 

computer system 2800 within which a set of instructions for causing the machine to perform any 

one or more of the methodologies, processes or functions discussed herein may be executed. In 

some examples, the machine may be connected (e.g., networked) to other machines as described 

above. The machine may operate in the capacity of a server or a client machine in a client-server 

network environment, or as a peer machine in a peer-to-peer (or distributed) network 

environment. The machine may be any special-purpose machine capable of executing a set of 

instructions (sequential or otherwise) that specify actions to be taken by that machine for 

performing the functions describe herein. Further, while only a single machine is illustrated, the 

term "machine" shall also be taken to include any collection of machines that individually or 

jointly execute a set (or multiple sets) of instructions to perform any one or more of the 

methodologies discussed herein. In some examples, one or more components of risk engine 

architecture 100 or risk engine 1600 (e.g., components 1610-1630) may be implemented by the 

example machine shown in Fig. 28 (or a combination of two or more of such machines). 

[0703] Example computer system 2800 may include processing device 2802, memory 2806, data 

storage device 2810 and communication interface 2812, which may communicate with each 
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other via data and control bus 2818. In some examples, computer system 2800 may also include 

display device 2814 and/or user interface 2816. 

[0704] Processing device 2802 may include, without being limited to, a microprocessor, a 

central processing unit, an application specific integrated circuit (ASIC), a field programmable 

gate array (FPGA), a digital signal processor (DSP) and/or a network processor. Processing 

device 2802 may be configured to execute processing logic 2804 for performing the operations 

described herein. In general, processing device 2802 may include any suitable special-purpose 

processing device specially programmed with processing logic 2804 to perform the operations 

described herein. 

[0705] Memory 2806 may include, for example, without being limited to, at least one of a read-

only memory (ROM), a random access memory (RAM), a flash memory, a dynamic RAM 

(DRAM) and a static RAM (SRAM), storing computer-readable instructions 2808 executable by 

processing device 2802. In general, memory 2806 may include any suitable non-transitory 

computer readable storage medium storing computer-readable instructions 2808 executable by 

processing device 2802 for performing the operations described herein. For example, computer-

readable instructions 2808 may include operations performed by components 1610-1630 of risk 

engine 1602), including operations shown in Figs. 19-25 and 27). Although one memory device 

2806 is illustrated in Fig. 28, in some examples, computer system 2800 may include two or more 

memory devices (e.g., dynamic memory and static memory). 

[0706] Computer system 2800 may include communication interface device 2812, for direct 

communication with other computers (including wired and/or wireless communication) and/or 

for communication with a network. In some examples, computer system 2800 may include 

display device 2814 (e.g., a liquid crystal display (LCD), a touch sensitive display, etc.). In 

some examples, computer system 2800 may include user interface 2816 (e.g., an alphanumeric 

input device, a cursor control device, etc.). 

[0707] In some examples, computer system 2800 may include data storage device 2810 storing 

instructions (e.g., software) for performing any one or more of the functions described herein. 

Data storage device 2810 may include any suitable non-transitory computer-readable storage 

medium, including, without being limited to, solid-state memories, optical media and magnetic 

media. 
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[0708] All exemplary embodiments described or depicted herein are provided merely for the 

purpose of explanation and are in no way to be construed as limiting. Moreover, the words used 

herein are words of description and illustration, rather than words of limitation. Further, 

although reference to particular means, materials, and embodiments are shown, there is no 

limitation to the particulars disclosed herein. 
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CLAIMS 

1 	A system for efficiently modeling datasets, the system comprising: 

at least one computing device comprising memory and at least one processor, the 

memory storing a margin model and a liquidity risk charge (LRC) model, the processor 

executing computer-readable instructions that cause the system to: 

receive, as input, data defining risk factor data and additional data associated with at least 

one financial portfolio, the at least one financial portfolio comprising at least one financial 

product and one or more currencies; 

execute the margin model, causing the margin model to execute a risk factor simulation 

process involving the received risk factor data, said risk factor simulation process comprising a 

filtered historical simulation process; 

generate, by the margin model, portfolio profit and loss values for the at least one 

financial portfolio based on output from the risk factor simulation process; 

determine an initial margin for the at least one financial portfolio based on the portfolio 

profit and loss values; and 

execute the LRC model, causing the LRC model to determine a portfolio level liquidity 

risk for the at least one financial portfolio, based on the additional data and portfolio profit and 

loss data from the margin model, the LRC model determining said liquidity risk based on one or 

more equivalent portfolio representations of the at least one portfolio. 

2. The system of claim 1, wherein the risk factor simulation process comprises: 

retrieving historical pricing data for the risk factor data; 

determining statistical properties of the historical pricing data; and 

performing de-volatilization and re-volatilization of the historical pricing data to adjust a 

the historical pricing data for current market volatility. 

3. The system of claim 1, wherein the risk factor simulation process comprises a volatility 

forecast and the volatility forecast includes a volatility floor, the volatility floor configured to 

adapt to current market environment conditions. 
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4. The system of claim 3, wherein the volatility forecast includes a stress volatility 

component associated with market stress periods. 

5. The system of claim 3, wherein the volatility forecast includes an anti-pro-cyclicality 

component (APC) configured to mitigate pro-cyclicality risk. 

6. The system of claim 1, wherein the margin model is configured to generate the portfolio 

profit and loss values by: 

generating one or more risk factor scenarios based on the output of the risk factor 

simulation process; 

generating one or more instrument pricing scenarios based on the one or more risk factor 

scenarios; 

generating one or more profit and loss scenarios at an instrument level, based on the one 

or more instrument pricing scenarios; and 

aggregating the one or more profit and loss scenarios at the instrument level to form one 

or more profit and loss scenarios at a portfolio level. 

7. The system of claim 1, wherein the determination of the initial margin includes applying 

a correlation stress component to the initial margin associated with a risk of historical correlation 

destabilization. 

8. The system of claim 1, wherein the determination of the initial margin includes applying 

a portfolio diversification benefit to the initial margin, the portfolio diversification benefit 

including a predetermined benefit limit. 

9. The system of claim 1, wherein the one or more currencies include a plurality of 

currencies, and the determination of the initial margin includes applying a currency allocation to 

the initial margin across the plurality of currencies. 

10. The system of claim 1, wherein the LRC model is configured to determine a 

concentration charge and a bid-ask charge based on the one or more equivalent portfolio 
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representations of the at least one portfolio, and to determine the portfolio level liquidity risk 

based on the combination of the concentration charge and the bid-ask charge. 

11. The system of claim 10, wherein the one or more equivalent portfolio representations 

include a first representation based on a delta technique and a second representation based on a 

value-at-risk (VaR) technique. 

12. The system of claim 1, wherein the at least one computing device is configured to 

generate one or more synthetic datasets, said one or more synthetic datasets configured to model 

at least one of a benign condition and a regime change condition. 

13. The system of claim 1, wherein the computing device is configured to test at least one of 

the margin model and the LRC model according to one or more testing categories, said one or 

more testing categories comprising at least one of fundamental characteristics, backtesting, pro-

cyclicality, sensitivity, incremental addition of one or more model components, model 

comparison with historical simulation, and assumption backtesting. 

14. The system of claim 1, wherein the at least one financial product comprises at least one 

of a non-linear financial product and a linear financial product, and the at least one computing 

device is configured to empirically model each of the non-linear financial product and the linear 

financial product by a same empirical modeling process. 

15. A method for efficiently modeling datasets, the method comprising: 

providing at least one computing device comprising memory and at least one processor, 

the memory storing a margin model and a liquidity risk charge (LRC) model; 

receiving, as input, via at least one interface of the at least one computing device, data 

defining risk factor data and additional data associated with at least one financial portfolio, the at 

least one financial portfolio comprising at least one financial product and one or more currencies; 

executing the margin model, via the at least one processor, causing the margin model to 

execute a risk factor simulation process involving the received risk factor data, said risk factor 

simulation process comprising a filtered historical simulation process; 
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generating, by the margin model, portfolio profit and loss values for the at least one 

financial portfolio based on output from the risk factor simulation process; 

determining, by the at least one processor, an initial margin for the at least one financial 

portfolio based on the portfolio profit and loss values; and 

executing the LRC model, via the at least one processor, causing the LRC model to 

determine a portfolio level liquidity risk for the at least one financial portfolio, based on the 

additional data and portfolio profit and loss data from the margin model, the LRC model 

determining said liquidity risk based on one or more equivalent portfolio representations of the at 

least one portfolio. 

16. The method of claim 15, wherein the risk factor simulation process comprises: 

retrieving historical pricing data for the risk factor data; 

determining statistical properties of the historical pricing data; and 

performing de-volatilization and re-volatilization of the historical pricing data to adjust a 

the historical pricing data for current market volatility. 

17. The method of claim 15, wherein the risk factor simulation process comprises a volatility 

forecast and the volatility forecast includes a volatility floor, the volatility floor configured to 

adapt to current market environment conditions. 

18. The method of claim 17, wherein the volatility forecast includes a stress volatility 

component associated with market stress periods. 

19. The method of claim 17, wherein the volatility forecast includes an anti-pro-cyclicality 

component (APC) configured to mitigate pro-cyclicality risk. 

20. The method of claim 15, wherein the generating of the portfolio profit and loss values 

comprises: 

generating one or more risk factor scenarios based on the output of the risk factor 

simulation process; 
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generating one or more instrument pricing scenarios based on the one or more risk factor 

scenarios; 

generating one or more profit and loss scenarios at an instrument level, based on the one 

or more instrument pricing scenarios; and 

aggregating the one or more profit and loss scenarios at the instrument level to form one 

or more profit and loss scenarios at a portfolio level. 

21. The method of claim 15, wherein the determining of the initial margin includes applying 

a correlation stress component to the initial margin associated with a risk of historical correlation 

destabilization. 

22. The method of claim 15, wherein the determination of the initial margin includes 

applying a portfolio diversification benefit to the initial margin, the portfolio diversification 

benefit including a predetermined benefit limit. 

23. The method of claim 15, wherein the one or more currencies include a plurality of 

currencies, and the determination of the initial margin includes applying a currency allocation to 

the initial margin across the plurality of currencies. 

24. The method of claim 15, wherein the LRC model is configured to determine a 

concentration charge and a bid-ask charge based on the one or more equivalent portfolio 

representations of the at least one portfolio, and to determine the portfolio level liquidity risk 

based on the combination of the concentration charge and the bid-ask charge. 

25. The method of claim 24, wherein the one or more equivalent portfolio representations 

include a first representation based on a delta technique and a second representation based on a 

value-at-risk (VaR) technique. 

26. The method of claim 15, the method further comprising generating one or more synthetic 

datasets, said one or more synthetic datasets configured to model at least one of a benign 

condition and a regime change condition. 
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27. The method of claim 15, the method further comprising testing at least one of the margin 

model and the LRC model the model system according to one or more testing categories. 

28. The method of claim 27, wherein the one or more testing categories comprises at least 

one of fundamental characteristics, backtesting, pro-cyclicality, sensitivity, incremental addition 

of one or more model components, model comparison with historical simulation, and assumption 

backtesting. 

29. The method of claim 15, wherein the at least one financial product comprises at least one 

of a non-linear financial product and a linear financial product, and the margin model is 

configured to empirically model each of the non-linear financial product and the linear financial 

product by a same empirical modeling process. 

30. A non-transitory computer readable medium storing computer readable instructions that, 

when executed by one or more processing devices, cause the one or more processing devices to 

perform the functions comprising: 

receiving, as input, data defining risk factor data and additional data associated with at 

least one financial portfolio, the at least one financial portfolio comprising at least one financial 

product and one or more currencies; 

executing a margin model stored in the non-transitory computer-readable medium, 

causing the margin model to execute a risk factor simulation process involving the received risk 

factor data, said risk factor simulation process comprising a filtered historical simulation process; 

generating, by the margin model, portfolio profit and loss values for the at least one 

financial portfolio based on output from the risk factor simulation process; 

determining an initial margin for the at least one financial portfolio based on the portfolio 

profit and loss values; and 

executing an LRC model stored in the non-transitory computer-readable medium, causing 

the LRC model to determine a portfolio level liquidity risk for the at least one financial portfolio, 

based on the additional data and portfolio profit and loss data from the margin model, the LRC 

model determining said liquidity risk based on one or more equivalent portfolio representations 

of the at least one portfolio. 
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