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UPDATING CACHED DATABASE QUERY RESULTS

FIELD OF THE INVENTION

The present invention is directed to the field of database technology. More specifically, it

concerns pre-computing and caching database query results and strategies of keeping these

results up-to-date.

BACKGROUND

A common problem in database technology is to ensure short response times to database
queries which require processing large volumes of data. For example, such computing-power
consuming processing has to be performed in response to so-called "open queries" which
contain only little input information (e.g. only one or two parameters out of a dozen possible
parameters are specified and/or the specified value ranges of the parameters are broad) and,
consequently, lead to a large number of results in general. Possibilities to speed up data
processing by increasing hardware performance are limited. Thus, attention is drawn to

improving the mechanisms underlying the processing of large data volumes.

One general approach to shorten query times is to pre-compute expected queries and to
maintain the corresponding query results in a cache system. Queries are then actually not

processed on the large data basis, but are directed to the cache system.

Another issue, however, which comes along with such caching approaches, is to keep the pre-
computed query results up-to-date in order to ensure that queries responded by the cached
results correctly reflect the status of the corresponding large data basis. In case the underlying
data changes, the cached query results get outdated and the cache system would return

incorrect results. Thus, strategies are needed how the cache system can be kept up-to-date.

Various relatively simple update strategies are known in the prior art like, for example, re-
computing the entire data domain frequently, establishing and maintaining re-computation

schedules manually and re-computing data when they are getting too old.

Somewhat more sophisticated update strategies have been developed, as e.g. described by

WO 01/33472 and WO 02/25557.
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WO 01/33472 concerns an availability system used in a travel planning system. The system
includes a cache having entries of availability information regarding airline seats. A cache
manager manages entry information in the cache in order to keep information in the cache
correct, current, compléte or otherwise as useful as possible. In response to a query directed to
the cache, the cache manager determines if a stored answer is stale and, if this is the case,
sends an availability query to a source of availability information. Cache entries to be
modified are obtained by asynchronous notifications from external systems and determined

by a deterministic, predictive or statistical model.

Similarly, WO 02/25557 pertains to an information retrieval system wherein information
received from information sources is cached for future use, such as for future client requests.
Proactive queries can be generated to populate a cache and/or to update presently cached
information. In an airline information system, proactive queries are ordered on the basis of
statistics or predictive indications such a nearness of departure time, the age of cached data,
remaining seats in an aircraft, holidays or special events or equipment type. In addition,

updates are received by external notifications from airlines such as AVS messages.

Moreover, WO 99/22315 describes a mechanism for automatically refreshing documents in a
cache by using a statistics-based probabilistic model. Fdr each document, the cache
determines a probability Psi(t) that a cached object i is stale at a particular time t (i.e. the
server has changed that object) and a probability Pri(h) that object i is requested by a user by
request time h. The cache refreshes those objects with the highest product Pi = Psi(t) x Pri(h),
i.e. the probability that an outdated object is returned to the user with the next request. To
maintain these probability values, the cache maintains and tracks historical statistics for the
cached objects such as an estimated mean interval between server updates EUI. EUI of an
object is e.g. updated when the object itself is updated by the server or the object is not

updated after its estimated mean refresh time has elapsed.

SUMMARY OF THE INVENTION

According to the present invention, a method of updating pre-computed database query
results in a distributed database system is provided. The distributed database system
comprises a data cache platform which maintains the pre-computed database query results and

a computation platform which computes the pre-computed database query results based on
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data maintained in the computation platform. The data cache platform determines
probabilities of the pre-computed database query results being outdated. This determination
depends on a probabilistic model and on the occurrence of asynchronous real-time events.
The probabilistic model models discrepancies between the pre-computed database query
results maintained in the data cache platform and presumed actual database query results. The
real-time events are indeterministic with regard to the expiration of the pre-computed
database query results and only have a probabilistic influence on the discrepancies between
the pre-computed database query results maintained in the data cache platform and presumed
actual database query results. The probabilities are generally determined based on the
probabilistic model and are possibly amended on the occurrence of asynchronous real-time
events. The data cache platform automatically issues re-computation orders to the
computation platform for updating pre-computed database query results on the basis of the
determined probabilities of the pre-computed database query results being outdated. Pre-
computed database query results having a higher probability of being outdated than others are
ordered to be re-computed. As results of the re-computation orders, the data cache platform

receives the updated pre-computed database query results.

According to another aspect, a database cache platform is configured to execute the method

described above.

According to another aspect, a non-transitory computer readable storage medium is provided
which is arranged to, when executed on a computer system, perform the method as described

above.

Further aspects are set forth in the dependent claims.

BRIEF DESCRIPTION OF THE FIGURES

The present invention will be described with reference to the aécompanying figures. Similar

reference numbers generally indicate identical or functionally similar elements.
Fig. 1 illustrates a general overview of the distributed database system;

Fig. 2 shows a more detailed view of the distributed database system in accordance with an

embodiment;
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Fig. 3 illustrates the components of the cache platform in accordance with an embodiment;
Fig. 4a visualizes a volatility effect over time according to a probabilistic model;

Fig. 4b visualizes an amendment of the probabilistic model in response to a real-time event;
Fig. 5 depicts a flow diagram in accordance with an embodiment of the method;

Fig. 6 shows exemplary resource availability for re-computation in accordance with an

embodiment;

Fig. 7 shows a schematic representation of a cache platform computer in accordance with an

embodiment.

GENERAL DESCRIPTION

Before turning to the detailed description on the basis of the figures, a few more general

aspects will first be set forth with respect to Fig. 1.

In order to be able to handle database queries or batch computation requests which require
computations on the basis of large volumes of underlying data, database query results
corresponding to expected queries are generally pre-computed and cached (subsequently, the
term "query" is used as a general term including any type of information retrieval requests
such as transactional queries, requests for batch computations and other forms). The cached
results are stored and are returned to the querying entity in response to actually occurring
queries. Fig. 1 illustrates such a database system 1 on an abstract level. Basic data is kept in a
computation platform 3 which is connected to a cache platform 2. The latter one issues re-
computation orders to the computation platform 3 which, in turn, transmits the corresponding

results back to the cache platform 2 where the pre-computed query results are stored.

This approach of caching pre-computed query results leads to the general problem that data of
the underlying data domain may change over time and, thus, the cached pre-computed query
results get outdated. Cached query results which are still up-to-date, i.e. which match the
corresponding real-time computation equivalents (results which would be actually computed

on demand without having cached pre-computed results available), are called "accurate”
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cached results hereinafter. Thus, when the cache correctly represents the current state of the

data domain underlying the cached query results, the cache is — in general — accurate.

Generally, in order to return correct results on the basis of the cache, one wants to maintain a
high degree of correlation between cached database query results which are provided to the
querying entity in response to database queries and their real-time computation equivalents.
At the same time, however, it is desirable to minimize computation resource consumption
caused by re-computations, i.e. to avoid any unnecessary re-computations such as re-
computation of still accurate cached query results. Computing resources are limited and,
generally, there are not enough computing resources to re-compute all cached query results at
all times. Thus, a trade-off between cache accuracy and utilization of the available computing

power needs to be found.

The simple approaches of keeping a cache of pre-computed query results up-to-date have

several drawbacks.

Re-computing the entire data domain frequently, depending on the amount of data and the
available computing resource, e.g. one time per day, might ensure a reasonable balance
between cache accuracy and real-time responses. However, this approach is both hardly
scalable and inefficient in terms of hardware resource consumption. In particular, also those
query results are re-computed which are still valid because the corresponding underlying data

has not changed.

Crafting re-computation schedules to determine which query results are to be re-computed at
which times manually, by a human administrator, may prove efficient for specific purposes,
but it is rigid and inflexible. The schedule needs to be re-crafted again when the assumptions
and conditions underlying the schedule change. It also cannot dynamically track a sudden
degradation of the cache quality which could arise in the event of massive changes in the
underlying data domain. It is also hard to design such a schedule manually, e.g. due to

missing objective quality criteria, and to maintain in terms of human costs.

A still further approach is to re-compute data when they are getting too old. Depending on the
nature of the underlying data and the query results to be pre-computed, it may, however, be

difficult to evaluate good thresholds of "oldness".
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In order to render re-computation more efficient, metrics should be defined to evaluate how
"unnecessary" a re-computation is. For instance, it is not worth reshooting an entire massive
pre-computation every day if less than half of the computed query results turn out to be
outdated. On the other hand, if particular classes of query results are known to change
frequently, re-computing them several times per day might be beneficial for the accuracy.
Consequently, an effective way of assessing or estimating query result accuracy is needed,

taking into account both the associated gain on accuracy and the cost of re-computation.

According to the cache update strategy presented herein, re-computations of database query
results are decided based on probabilities that the cached database queries are outdated, i.e.
potentially differ from results obtained by another re-computation. Only those cached query
results which have at least a certain, predetermined probability of inaccuracy are re-computed,
whereas other cached query results which probably still accurately reflect the underlying data,

1.e. they have a lower probability of being outdated, are not re-computed.

The strategy of updating the cache presented herein relies, as a first aspect, on means to
estimate the accuracy of the entire cache of pre-computed database query results on the basis
of a predictive model. As a second aspect, it is also checked whether those estimations are
generally in line with reality, verifying that the model-based re-computation strategy is still
valid on the occurrence of actual real-time (and real-life) events which may serve as
indications that, for example, a significant part of the data underlying the cached queries has
been changed and — due to these changes - also the corresponding cached queries are out-of-

date.

The predictive model, on which the estimations of the cache accuracy generally relies, models
the discrepancies between the cached query results and presumed actual database query
results, i.e. it approximates the accuracy or inaccuracy of any cached query result. The model
models, for example, the probable volatility of the cached results over time. Presumptions on
the cached results' volatility are concluded and extrapolated from (past) real-world
experiences on the subject-matter of the respective data domain. Thus, the predictive model is
generally a representation of the reality in terms of volatility and/or accuracy df the pre-

computed database query results.

Various types of models may be employed. For example, the predictive model may be a

conceptual model which has been generated by a structured modeling process known as
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scientific modeling. Modeling requires identifying and selecting those aspects and events of
the real-world environment (here e.g.: the aspects and events having influence on the
volatility and accuracy decreasing over time of the pre-computed and cached query results)
and leaving aside other aspects which may not particularly relevant for the model's purpose.
Furthermore, the identified and selected aspects may be abstracted and
formulated/implemented in processible form such as a computer program and/or
mathematical equations. Such a conceptual model may also serve as a means for simulation
simulating the behavior (i.e. the volatility / accuracy) of the pre-computed database query
results over time. Alternatively, the employed predictive model may be a historic-statistical
model which is based on monitoring and evaluating e.g. the volatility / accuracy of the pre-
computed query results in the given period of time in the past (e.g. three months) and
extrapolates the determined trends into the future. A particular example of such a historic-

statistical model is given further below.

For example, the underlying data may be located in the domain of air travel and contain
information on flights such as departure and destination airport, airline, departure and return
dates, fares, booking classes and the like. This air-travel related data is kept in the
computation platform and is queried by customers in order to get knowledge of availability
and prices of air flights. Computing prices on the basis of the basic flight data is resource- and
time-consuming. Hence, the actual prices are pre-computed and cached in the present cache
platform. In this example, the probabilistic model models the volatility of the flight prices

over time,

The required knowledge to build such a model can be taken from real-world experiences on
the behavior and development of flight prices prior to the departure date. For example, it
might be known that flight prices remain relatively stable over the time period prior to one
month before the respective departure dates, but get more volatile during the month before the
departure date. Hence, the probabilistic model indicates that pre-computed cached prices
belonging to flights upcoming in the next month should be re-computed more often than such

pre-computed prices which are associated with flights in the more distant future.

In addition to modelling the cache accuracy using the probabilistic model, a severe drop of

cache accuracy is prevented by being reactive to real-time events. Re-computation decisions
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are refined on reception of pre-determined real-time events which might have an impact on
the correctness of the cached query results. The real-time events are asynchronous, i.e. the
point of time of their occurrence is not predetermined — they can occur anytime. In order to be
able to receive and process incoming real-time events, the cache data platform 2 is equipped
with external interfaces to communication sources which notify the cache data platform

accordingly with the relevant information.

Such real-time events may pertain to particular situations which are not considered in the
predictive model. For example, a portion of the cached prices may be affected by a promotion,
whereas other prices may go more volatile at a particular time of the year (such as holiday
seasons, Christmas etc.). Also "exceptional” situations like a trade fair, a sport event or the
like, random events such as strikes or natural disasters could change the presumptions
underlying the "normal" model causalities. These particular influences can be considered
when determining the probabilities that cached query results are outdated in response to
respective real-time events representing such exceptional situations. Alternatively, the impact
of scheduled events such as trade fair, holiday seasons, sports events and the like can be

introduced into the probabilistic model in good time before the date of the event.

It is important to note that the update strategy presented herein is capable of taking into
account "uncertain" events, i.e. such events which do not invalidate one or more pre-
computed cached query results with certainty, but only indicate that the probability might be
increased that cached database query results are outdated. In other words, these events are
indeterministic with regard to the accuracy of cached query results and only have a
probabilistic influence on the discrepancies between cached query results maintained in the
cache platform 2 and presumed actual database Query results resulting from a hypothetical re-
computation. This is different from the proposals described in WO 01/33472 and WO
02/25557 wherein the AVS messages, for example, indicate that a particular flight has been
cancelled. Consequently, on reception of such an AVS message, it is known with certainty

that the respective airplane seats are not available anymore.

For example, referring to the scenario of travel-related data storage as mentioned above, a
real-time event having only a potential impact on the accuracy of the cached query results
could be a fare update. A fare is a set of data including parameters like departure and
destination city, booking class, flight type (one-way or round-trip), an amount of money and

rules which define constraints that must be met for the fare to actually apply. Thus, fares
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represent the basic data for price calculation of a particular flight. If fares for a specific origin-
destination-city-pair are updated by the airline, the likelihood may be increased that a pre-
calculated and cached flight price regarding this city pair is not correct anymore. However,
from the perspective of the data cache platform 2, this is not certain because the fare which
was actually applied by the pre-computation platform 3 when pre-computing the cached price
is unknown to the data cache platform 2. For example, the fare applied for the previous pre-
computation might have actually not been changed and the fare changes indicated by the fare
change event do not change the fact that the previously pertinent fare still applies and,
therefore, the price calculated before remains valid. Or, the previously applied fare is actually
changed, but — due to the change — another fare now applies for calculation of the flight price

in question which, in the end, has the effect that the cached price actually remains valid.

Thus, on the observation of such real-time events, the data cache platform 2 can only guess
with an indeterministic likelihood that certain cached query results are now outdated and it
would be advantageous to re-compute them in order to keep the cache accurate. However, this
is not a certain fact and it may well be that the respective cached query results — although their

probability of being outdated has increased — are actually still accurate.

The determination of probabilities that cached database query results are outdated is
performed in two logical steps: Generally, at the first logical level, the probabilities are
identified by using the probabilistic predictive model. Subsequently, at the second logical
level, these determined probabilities may be amended in response to incoming real-time

events.

Based on the probabilities determined in this manner, the data cache platform 2 automatically
generates and issues re-computation orders to the re-computation platform 3 via an
appropriate network interface between the two entities (cf. Fig. 1). Generally, re-computation
orders are generated with respect to those cached query results which have a higher
probability of being outdated than other cached query results which have a lower probability
of being outdated. This general rule of thumb may be implemented by using threshold values
of the probabilities: Cached query results with a determined probability of being outdated
above such a threshold value, need to be re-computed. Accordingly, respective re-
computation orders are sent out. Cached query results with a determined probability of being

outdated at or below such a threshold value, are considered as likely being still accurate and
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consequently do not need to be re-computed. Accordingly, no re-computation orders are

issued with respect to these cached query results.

The available computation capacities at particular times are taken into account by the data
cache platform 2 before sending out the re-computation orders. In order to be capable to
consider available resources, the data cache platform 2 needs to have knowledge about the
degree and/or schedule of the computation platform's 3 capacity utilization and free
computation resources, respectively. The relevant information are populated via the

communication link between the two platforms.

In response to receiving a re-computation order, the re-computation platform 3 re-computes
the respective query results and returns them to the data cache platform 2 where they are

stored and the monitoring and determination of the probabilities recurs.

It is preferable to consider the relation between the probabilistic model and occurring real-
time events before deciding whether or not a re-computation decision should be amended or
overridden in response to a particular real-time event. Basically, real-time events should be

analyzed whether and to which extent they are already present in the probabilistic model.

This determination whether or not and to which extent an event is present in the probabilistic
model generally depends on the type of the model used. If, for example, the model is a
conceptual model being the result of a scientific model generation process (as briefly outlined
above), the skilled person having generated this model is aware which aspects, events and
assumptions have been considered to be relevant for and incorporated into the model and
which other aspects, events and assumptions have been regarded to be of less relevance and
have therefore not been included in the model. In this case, it is therefore generally known

which asynchronous real-time events are represented in the model and which are not.

If, on the other hand, the model is a historic-statistical one which is mainly based on past
developments and trends of the volatility, accuracy and/or popularity of the pre-computed
database query results, it may not known from the outset which events have led to this
particular behavior of the pre-computed query results' volatility / accuracy /popularity in the
past. However, it is possible in this case as well to make an approximation whether or not a
particular asynchronous is included in the probabilistic model. One approach is, for example,
to determine the actual accuracy of pre-computed database query events (e.g. by re-computing

a representative sample of them and comparing the re-computation results with the cached
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query results) and compare it with the predicted accuracy indicated by the probabilistic model.
If the actual (sample) accuracy is substantially lower than the predicted accuracy, e.g. below a
given threshold, it can be assumed that the probabilistic model is unaware of the particular
asynchronous real-time event, i.e. the event is not represented in the model (otherwise, the
model would also have indicated a lower accuracy). If, on the other hand, the actual (sample)
accuracy is in the area of (i.e. only insignificantly below, at or even higher than) the accuracy
predicted by the probabilistic model, it can be assumed that the asynchronous real-time event
has been included in the probabilistic model (or it is only a negligible event having only
limited influence on the volatility or accuracy of the pre-computed database query results). A

more detailed example of this approach is given further below.

For such events which are sufficiently represented in the model, no amendments of the
probabilities are necessary as their occurrence has already taken into account when
determining the probabilities of the respective cached database query results on the basis of
the probabilistic model. If, on the other hand, a real-time event is found to be not represented
in the probabilistic model, it is immediately taken into account and the probabilities are
amended (i.e. increased) and, potentially, re-computation orders regarding the respective

cached database query results are issued due to the amended probabilities.

Optionally, occurring real-time events which are present in the probabilistic model to some
extent are accumulated in order to assess trends. If an accumulation of actually emerging real-
time events generally modeled by the probabilistic model indicates a burst the extent of which
is beyond what is considered by the model probabilities are amended and, if applicable, re-

computation orders are overridden accordingly.

Optionally, events are also accumulated and analyzed in groups in order to filter out events
which might outdate too few cached query results and/or might be considered irrelevant. Also
for this reason, events are logged, collected over time and handled in an aggregated manner.
In this way, generating too much re-computation orders in response to low-impact events is

prevented and, thus, a disproportional increase of computation resource costs is avoided.

In summary, taking into account real-time events potentially influencing the accuracy of
cached database query results at least above a predetermined extent provides a high reactivity

to cache degradation.
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The present cache update strategy can, for example, be used in conjunction with Amadeus'
Massive Computation Platform (MCP) which is subject EP 2521074 Al. Employing the
present data cache platform in coexistence with the MCP, an enhanced subsystem is available
for triggering MCP re-computation. Database query results such as travel recommendations
generated by the MCP are duplicated and stored in the data cache platform for further analysis.
Re-computation decisions are made on the basis of a probabilistic model which itself may be
composed on the basis of statistics data taken from other Amadeus services. In addition, real-
time events such as flight fares changes, airplane seat availability changes, booking class
invalidations, client flight ticket requests, user quality feedback events, flight cancellations

and/or the like are taken into account.

One exemplary application for the present cache update approach is pre-shopping. Before
actually booking a travel, end users of the travel industry normally want to inform themselves
about available flights including current flight prices, without any commitment to actually
book the flight. Very often, such non-binding requests for pre-booking information take the
form of open and broad database queries which would require an enormous amount of
computing resources when computed only at the time of query. Moreover, customers expect
the requested information to be delivered virtually instantaneously in response to their queries.
Thus, pre-shopping query results such as priced air travel recommendations are usually pre-
computed and cached. Consequently, travel industry pre-shopping forms a suitable

application for the cache update strategy proposed herein.

DETAILED DESCRIPTION

Now turning to the more detailed déscription, Fig. 2 shows an overview of the distributed
database system 1 according to an exemplary embodiment. The embodiments described
subsequently relate to databases in the travel industry. Specifically, an embodiment is
presented in which the computation platform 3 maintains data on air travel offers and the
cache data platform 2 stores prices related to these air travel offers which the computation
platform 3 calculates on the basis of calculation rules, in particular flight fares and their
associated calculation rules. However, it should be noted that these embodiment are examples

only for the purpose of illustrating the present cache update strategy in more detail. The cache
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update strategy presented herein can be applied to any kind of data and database query results

independent from the structure and/or semantics of the data and the cached results.

As described above, the main entities of the distributed database system 1 are the data cache
platform 2 (hereinafter briefly referred to as DCP) and the computation platform 3. In the
example of Fig. 2, the computation platform 3 is a Massive Computation Platform (MCP) as
disclosed in the European Patent application 11305518. The DCP 2 and the MCP 3 are
coupled via at least one communication link which is/are utilized to transmit re-computation
orders from the DCP 2 to the MCP 3 and, in response, pre-computed priced travel

recommendations (hereinafter also briefly referred to as "prices") back from the MCP 3 to the
DCP 2.

The DCP 2 is equipped with additional communication interfaces for incorporating data
which it uses for the determination of the accuracy probabilities of the cached prices. These
interfaces include, for example, communication links for incorporating statistical data which
forms the basis of the probabilistic model and for receiving asynchronous real-time events
such as fares changes and flight availability announcements populated by airlines or customer

promotion campaigns.

In addition, the distributed database system 1 may comprise application platforms 4 that
organize and maintain data which can be queried by end users or external customers such as
travel agencies. Application platforms 4 are populated and updated by the MCP 3 via
respective communication links between MCP 3 and application platforms 4. This population

and update is triggered by the re-computation orders issued by the DCP 2.

As described in general above and more specifically below, bin response to the re-computation
orders received from the DCP 2, the MCP 3 re-calculates the prices of the travel
recommendations and returns them to the DCP 2. Simultaneously, however, the MCP 3 also
forwards the recomputed priced travel recommendations to the application platforms 4 and
which store them as well (as indicated by "travel recommendation integration" in Fig. 2).
Consequently, also the application platforms 4 cache the pre-computed priced travel
recommendations which are queried by users, on the basis of the cache update strategy
implemented by the DCP 2. Thus, the present cache update strategy is leveraged to
applications which provide benefits to users, ¢.g. in form of instant responses to open queries.

In such an arrangement, the data cache platform 2 acts as a control platform arranged to
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control and trigger the updates of the application platforms' 4 caches. Thus, the cached
database query results stored in the data cache platform 2 are not actually accessed or queried
by any users or customers, but merely form the control data basis on which the cache update
strategy is performed. However, in other arrangements, the data cache platform 2 may also be
directly queried by users or customers, or - in other words - the present cache update strategy

may be implemented directly in one or several application platform(s) 4 as opposed to a

separate control entity.

The application platforms 4 comprise, for example, a pre-shopping application platform, a
fares analysis application platform and other platforms. The pre-shopping application
platform is queried by end users who wish information about flight availability and prices.
For example, an end user could direct a query to the pre-shopping application in order to
obtain an overview of prices of travel offers during the holiday season departing from Nice
below 500 Euros. Due to the pre-computed priced travel recommendations cached in the pre-
shopping application which are updated in line with the present cache update strategy, prices
of the respective flights do not need to be computed at the time of the occurrence of the query.
Rather, a list of travel offers fulfilling these rather unspecified constraints can be returned
very fast on the basis of the priced travel recommendations cached in the pre-shopping
application platform. The user can then select a travel from the returned list that suits him/her
best and can then issue a further request for actually booking this travel. The second request is
then processed by a booking engine (not shown) which calculates the current and actual price

and suggests a binding offer to the user.

Now having a closer look at the structure of the data cache platform 2 which is depicted by

A Fig. 3, the data cache platform 2 is composed of three modules:

- The input manager 5 is responsible for receiving inputs such as pre-computed
database query results from the MCP 3, asynchronous real-time events and other

information such as statistical data to feed and update the probabilistic model.

- The analyzer 6 utilizes the probabilistic model on the basis of which it is

arranged to determine candidate cached query results to be updated.

- Finally, the consolidator 7 amends the probabilitiés determined by the analyzer 6
and - when necessary - also the probabilistic model on the basis of observed real-

time events (the latter is not shown in Fig. 3).
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In addition, the DCP 2 includes an internal database 8 which keeps the cached priced travel
recommendation data. This representation only retains attributes of the price information
which are relevant for assessing the out-of-date probabilities and deciding on the re-
computation decision, such as, for example: city pair, the departure date, stay duration, and
date of last corhputation, all of which being outputs of computations returned by the MCP 3.
Other data utilized by the MCP 3 in order to perform its computations such as fares are not
mirrored to the DCP 2 as they are not necessary to perform the cache update strategy. On the
other hand, however, the DCP 2 enriches its data with meta-data attributes (which are not part
of the data sets returned by the MCP 3), such as an initial presumed accuracy (chances that a
price just re-computed by the MCP 3 differs from calculation for booking), volatility
(indication of the probability that a price differs from calculation for booking since its last
computation) and a popularity (how often the flight is searched for and booked). The data
needed for setting these attributes is kept in external databases such as a volatility database 10,
an initial accuracy database 11 and statistics servers 9. The meta-data attributes represent the
probabilistic. model (and therefore depend on the specificities of the probabilistic model) on
the basis of which the analyzer 6 determines the probabilities whether cached prices might be

outdated (as will be explained in more detail below).

The input manager S is arranged to convert and integrate all the heterogeneous sources of
information into the local representation database 8 of the prices returned by the MCP 3. It
records events and actions that potentially impact modeled prices. These events include
customer promotions and customer discrepancies feedback. Furthermore, flight availability
events like flight cancellations do not only invalidate the cached travel recommendations
which are directly based on the canceled flight, but may also influence parallel cached data
such as flights of the same city pair which are scheduled at the same time of the cancelled
flight. These real-time events are then forwarded to the consolidator 7 which processes them

further in order to amend out-of-date probabilities and re-computation decisions.

Due to the amount of information involved in caching the priced travel recommendations, it is
beneficial to employ encoding techniques. By this, the priced data cached in the DCP 2 is
globally mapped to the underlying data domain kept in the MCP 3 while reducing costs for
storage resources significantly. Probabilistic encoding is, for example, implemented by using
Bloom Filters. The effect of such encoding is twofold. First, Bloom filters are conservative.
They allow to positively track at least and in any case those prices which are probably

impacted e.g. by a real-time event indicating fares changes, but they are not wrong on the
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reverse, prices which are considered to be not affected are actually not affected. So there is no
risk of failing to recognize prices potentially influenced by such a fares change event.
Secondly, the amount of false positive indications strictly depends on the allocated size of the

Bloom Filter, so one can limit their occurrence as needed.

The second module, the analyzer 6, performs the first, general level of determination of the
probabilities whether the cached priced travel recommendations are outdated based on the
model of probabilistic degradation of the accuracy of the pre-computed prices kept in the
DCP 2. It examines and evaluates the meta-data added to the prices by the input manager 5, as
explained above. The probabilistic model represented by this meta-data thus includes metrics
regarding price volatility included by the volatility database 10, initial accuracy of prices
incorporated from the initial accuracy database 11 and the popularity of flight
recommendations as returned by popularity reports from the statistics servers 9. It outputs
probability and priority information regarding the cached prices to the consolidator 7, i.e.
indications which prices need to be recomputed with priority based on the static probabilistic

information only (i.e. without considering any event).

More specifically, an exemplary probabilistic model is based on the following parameters for

a pre-computed database query result x;:

- The age t; of the pre-computed query result: the time since the last computation of this
pre-computed query result by the MCP 3.

- The volatility A; of the pre-computed query result which can be derived from the
occurrence and the outcomes of past computations.

- The volatility A; can be employed to provide an estimate of the probability for a pre-
computed query result to stay unchanged after a given time:

P@mchanged after ty= e *  This is also referred to as the probability the

P oAt -
expected accuracy @CCi = € ™" or more general, as the probability of a pre-

computed database query result being outdated. Two exemplary functions of this
probable accuracy decreasing over time are depicted in Fig. 4a.

- The initial accuracy: pre-computed database query results generated by the MCP 3
may not necessarily be accurate even at computation time if e.g. the MCP 3 itself
bases its computations on cached (and therefore outdated) data. This leads to

additional discrepancies between pre-computed database query results computed by
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the MCP 3 and computation results hypothetically been generated by accurate
underlying data. This discrepancy may be measured if respective feedback is available
It can be inferred e.g. from the previous computations that pre-computed database
query result x; has a probability a; to be accurate at the time of computation by MCP 3.

It means that the probability for a pre-computed database query result to be accurate
after a given time tis @i et
- The accuracy of the overall pre-computed database query results kept in the DCP 2

according to this model may then be considered as the mean accuracy:

GlobalAccuracy = Avg (a, e ™)

_ The popularity p; of the pre-computed database query result: it is the average access
frequency to this pre-computed database query result by the end users. As also briefly
presented further below, it may be desirable to achieve a better accuracy for the pre-
computed database query result that are often requested by the users. Thus, the
accuracy of the whole cache as seen by the users may also be defined in that each
accuracy value is weighted by the popularity. Thus, the proportion of accurate
accesses to the pre-computed database query results as opposed to the expected

proportion of accurate pre-computed database query results is included:

a; et

UserAccuracy = Z -
tot

These parameters of the probabilistic accuracy model are for example set according to
statistical history data derived from the statistics server 9 based on several days, weeks or
months of history. Every single pre-computed database query result is modeled with these
parameters in order to predict the state of the pre-computed database query results and thus to

predict the quality of the whole cache,

There are several ways of utilizing the information of the probabilistic model in order to
prioritize and to decide which prices to re-compute next. The analyzer 6 is configurable to
apply those strategy or a strategy mix depending on the situation (e.g. in accordance to an
agreement with the customer owning the underlying travel data in the MCP 3, depending on
the amount of data, depending on the available computation resources, depending on the
objection in which way the cache should be optimized). The following strategies may be

applied:
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» Accuracy of prices: This aims at maximizing the global accuracy of the date domain.
Presumably inaccurate prices are re-computed first.

* Accuracy of prices, weighted with the popularity: Among the priced which are likely
to be inaccurate, more popular prices will be re-computed with higher priority than
less popular prices.

* Accuracy of prices, weighted with the popularity and by their age: Like the previous
strategy, but also taking into account the time of the last re-computation. This strategy
prevents re-computation starvation caused by very volatile priceé, in particular in the
context where re-computation resources are limited as compared with the amount of
prices which generally should be re-computed.

* Modulate the popular city pairs based on their geo-location and on the re-computation
hour: This strategy additionally takes statistics into account which city-pair flights are
queried more often at particular times of a day. As an effect, frequent re-computations
are avoided at those times at which flights of specific city pair are seldom accessed
(because inaccurate cached data does not harm as long as respective queries actually

do virtually not occur).

As a side effect, the analyzer 6 updates the volatility model database 10 based on the values of
recently re-computed prices received from the MCP 3 and incorporated into the DCP 2. As
the analyzer can track the actual volatility of cached prices based on repeating re-
computations, it can feed these statistical information back to the volatility model database 10.
To update the volatility model, the analyzer 6 counts the number of differences between the
newly computed price results and the previously received price values. From these differences

it updates the volatility parameters for the respective parts of the analyzed prices.

Likewise, the analyzer 6 may update the initial accuracy database 11 in the same manner. It
may also ask for other popularity reports, for example, if prices from new city pairs have been

integrated in the DCP 2 for the first time.

In case there are no history and statistical data, respectively, for volatility, accuracy or
popularity of prices, the analyzer 6 performs its processing with default parameters to be as

conservative as possible.

~Turning now to the third module, the consolidator 7 performs the second level of the

probability determination by taking into account incoming real-time events. In addition, it is
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the entity which generates the re-computation orders and issues them to the MCP 3. It takes
the outputs of the analyzer 6 as a base for its decision. These provide a first estimate of the re-
computation priorities for all prices of the data domain. Then, it overlays all the information
gathered from the various sources of real-time events to amend the re-computation priorities.

This results in enhanced re-computation priorities.

Optionally, it may consider any customer service level agreement such as, for example,
"guarantee that all prices will be recomputed at least once every week", and amend the
priorities accordingly. It selects those entries in the internal prices data representation 8 with
the highest priorities first and marks them for re-computation. As the consolidator preferably
has knowledge of the computation resources available at the MCP 3, it is able to earmark as
many cached prices as can be re-computed by the MCP 3 in a particular time interval. It then

sends the resulting re-computation order to the MCP 3.

Information from real-time events is a means to improve the accuracy of the cached data over
strict statistical modeling. They can be used to track what is really happening instead of only
what was expected. It is a means to control the predictions of the statistical model and amend
them/it when the predictions are proved wrong or inappropriate. Several classes of real-time

events can be envisaged with respect to the present embodiment:

Actors’ events generally occur selective (i.e. from time to time), but may have a drastic
influence on the re-computation decisions. Externals customer may provide feedback on the
discrepancies between cache and shopping that he is experiencing on his own platform. This
feedback can be used to amend the accuracy predicted by the statistical model and thus force
sooner re-computations when needed. When a provider of data stored in the MCP 3 (e.g. a
travel provider offering travels) performs a promotion campaign promoting flights on certain
city pairs, it can be assumed that these prices are more volatile and get outdated more often.
Thus, the re-computation frequency of these prices during the promotion campaign might be
needed to be increased. As another example, a maintenance operation for the MCP 3 may be
necessary from time to time or operational issues may be experienced within the system 1. In
such cases, the DCP 2 can be commanded to generate less or no re-computation orders until

the maintenance is done and the issue is recovered, respectively.

Availability events indicate a real-time status on the accuracy of cached flights. Depending on

the statement of the event, it may be known with certainty that a specific price of the
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underlying data domain in the MCP 3 has changed and the price cached by the DCP 2 has
therefore become invalid. However, also other prices may be affected, wherein the effect is
uncertain and, therefore, the probability that these prices are outdated may be increased. For
instance, a "class closed" event indicates that a particular booking class has become full for a
particular flight. Seats in this flight and class are no longer bookable and thus the respective
prices cached by the DCP 2 have become invalid with certainty. However, this might be
considered as an indication that other classes of the same flight and/or seats in the same class
in other flights departing shortly before or after this flight might get more volatile. Thus, their
probabilities of getting outdated might increase and re-computing of these prices might be
beneficial. As another example, it is experienced that low-cost carriers set the price of their
seats depending on the flight occupancy. Upon notifications of occupancy changes, respective

cached prices can quickly be re-computed and thus cache accuracy is improved/regained.

The implications of changes-of-fares events are difficult to estimate. Simply said, fares
contain information and logic such as rules which are used to calculate a price of a particular
flight. Thus, when calculating the actual price of a particular flight, a set of fares is accessed,
it is decided which fare is relevant and is actually to be applied and, finally, the price is
calculated. Thus, there is a relationship "flight > fare(s)" (which, however, also may change
over time, as the constraints which fare applies to a particular flight can change). However,
relations in the other direction "fare - flights" are generally not tracked, i.e. it is not clear
which fare does apply to which flights. Moreover, a change in a fare potentially impacts a

huge amount of prices calculated from the underlying data domain.

In order to determine the impact of fares events, the communication between the MCP 3 and
the DCP 2 can be utilized to provide the DCP 2 with a mapping to fares applied by the MCP 3
for computing prices. When computing prices in response to re-computation orders, the MCP
3 records all fares accessed for calculating the requested prices. This information is then
stored globally in a mapping fares « flights and maintained during every computation by the
MCP 3. At the time a fares change event is received, the input manager 5 searches this global
mapping in order to determine the flights impacted by the fares change event and marks them
as "updated". Note that a fare change does not necessarily iniply a price change for a travel

recommendation, as briefly explained above.

The consolidator 7 first assesses the potential influence of the real-time event on the cached

prices rather than initiating re-computation of cached travel recommendations without having
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considered the relationship of the event with the basic probabilistic model. Such events are

first analyzed with respect to their representation in the probabilistic model.

As outlined above, the specificities of this analysis depend on the type of probabilistic model
used. In the case of a conceptual model, it is known from the model generation process which
events have been considered in the probabilistic model. Thus, incoming events are checked
against the characteristics of the probabilistic model known from the model generation

process in order to determine whether or not a particular event is present in the model.

On the other hand, a historic-statistical model may be used and it may accordingly not be
known a priori which events have led to the historic-statistical data basis of the model. In this
case, the following approach may be taken in order to determine whether or not a particular
event is represented in the probabilistic model (for completeness: The following approach is
not limited to any particular type of probabilistic model and can also be employed e.g. for

conceptual models).

Depending on the size of the data domain formed by all cached pre-computed database query
results, the cached database query results are subdivided into smaller portions, referred to as
"shares" hereinafter. In the example of the pre-computed database query results being priced
travel recommendations, the shares are, for example, formed by origin-destination pairs, i.e.
one share includes all pre-computed priced travel recommendations having the same origin
and destination location. Alternatively, if the data domain is only of limited size, no
subdivision is performed. In other words, in this case, there is only one share covering all pre-

computed database query results kept in the DCP 2.

After an asynchronous real-time event is detected, one share or more shares potentially
affected by this event, i.e. which contain pre-computed database query results which may
have an increased probability of being outdated due to the detected event, are identified. An
actual accuracy of the at least one share is determined, e.g. by estimating its accuracy by re-
computing a particular or random sample of pre-computed database query results in the share.
For example, if the share contains 10,000 pre-computed database query results, a sample of
20 pre-computed database query results is re-computed. This re-computation is performed
similar to other re-computations. The DCP 2 generates and issues re-computation orders to
the MCP 3. The MCP 3 performs the re-computations and returns their results, i.e. the
updated sample pre-computed database query results to the DCP 2. The DCP 2 compares the
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results of the sample re-computations with the corresponding database query results
previously cached and, e.g., determines the percentage of the sample pre-computed database
query results having changed (i.e. which have been outdated or inaccurate) and/or the
percentage of the sample pre-computed database query results being unchanged (i.e. which
have not been outdated and were still accurate). These percentages of the sample pre-
computed database query results might be transferred to the overall share as an estimation of
the overall share's accuracy, i.e. it could generally be concluded from these sample

percentages that the overall share is similar (in-)accurate as the sample.

At a next step, the determined actual accuracy of the sharé is compared with the share's
accuracy predicted by the probabilistic model. Depending on the outcome of this comparison,
it is concluded whether or not and, possibly, to which extent the particular asynchronous real-
time event is represented in the probabilistic model. If the determined actual accuracy is
below the accuracy predicted by the probabilistic model to more than a given extent, i.e. the
sample accuracy is substantially lower than the accuracy predicted by the model, the event is
not considered to be included in the probabilistic model. If, on the other hand, the determined
actual accuracy is below the accuracy predicted by the probabilistic model less than the given
extent, or both accuracies are identical or the determined actual accuracy is even higher than
the predicted accuracy, the event is considered to be represented in the probabilistic model.
The difference between both accuracies is also an indicator of the extent to which the event

has been incorporated in the model.

It is noted that the sampling itself can be recognized as a way to detect occurred asynchronous
real-time events in the first place. In addition or alternative to explicit indications of
asynchronous real-time events such as an indication from an airline that a particular flight has
been cancelled or an indication of a promotion campaign, sampling may be utilized to
implicitly detect asynchronous real-time events which are not explicitly indicated by a third
party. To this end, a continuous or regular sample process over all shares may employed in
order to estimate the actual accuracy of all shares of pre-computed database query results.
This allows implicitly detecting events not reflected in the probabilistic model if the
comparison of the determined actual accuracy and the accuracy predicted by the probabilistic

model turns out that the first one is substantially lower than the latter one.

It is further noted that the identification of one share or more shares potentially affected by a

detected event depends on the characteristics of and knowledge about the events. If, for
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example, an event has been implicitly detected by a cyclic sampling process, the potentially
affected shares have been determined at the same time (namely those shares which
determined actual accuracy is substantially lower than the predicted accuracy). On the other
hand, an explicit signaling of an event may also contain an indication of potentially affected
pre-computed database query results. If, for example, an airline has signaled cancellation of a
particular flight, the prices of flights between the same origin and destination during times
before and after the cancelled flights might be considered to be potentially affected.
Furthermore, it may be known from past experience which (explicitly signaled) events have
potential impact on the accuracy of which pre-computed database query results. For example,
it is possible to re-track which real-time and real-life events have been responsible for
decreased accuracies of shares detected by a continuous sampling process and to gain

knowledge about the usual impact of certain asynchronous real-time events in this manner.

The above analysis of estimating the actual accuracy of shares and comparing it with the
accuracy predicted by the probabilistic model is now described in more detailed and more

formal manner.

The actual accuracy of one pre-computed database query result x; is referred to as Acc;. Pre-
computed database query results x; is, at a particular point of time, either accurate (Ace; = 1),
i.e. equal to the result of its re-computation, or inaccurate (Acc; = 0), i.e. different from the
results of its re-computation. The collection of all pre-computed database query results can be
logically split into shares D;. The following considerations relate to one specific exemplary
share D. The average accuracy of the pre-computed database query results contained in share
D as predicted by the probabilistic model is denoted as Acepoger(D). On the other hand, the

proportion of actually accurate pre-computed database query results in D is referred to as
Acc(D).

As described above, in order to determine or estimate Acc(D), a sample re-computation of N
pre-computed database query results in D is performed. The number of accurate results
among the N is referred to as ACy, i.e. after having re-computed the N sample pre-computed
database query results, ACn re-computed database query results are identical with their.
previously cached correspondents while (N — ACy) re-computed database query results differ

from their previously cached correspondents and have therefore been found inaccurate.
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As indicated above, the accuracy probability for one pre-computed database query results x;
within share D is Acce(D).

This can be generalized for the sample N pre-computed database query results within D by
employing the Binomial law ACy ~ B (N, Acc(D)). Thus, the probability that K pre-

computed database query results out of the N samples are accurate is
PACy = K) = () x AccD)¥ x (1 — AccBIVX

The statistical expectation of this law is E(ACy) = N x Acc(D).

ACy
Therefore, the relation N is an estimation of the actual accuracy of share D, Ace(D),
which is conveyed by the result of the sample re-computation of the N sample pre-computed
database query results. On the other hand, Accpoaa(D) is the accuracy estimation of Ace(D)

given by the probabilistic model.

In order to determine whether or not a given real-time event is present in the probabilistic

AC
model, it needs to be decided if TN- or if Accmoge(D) is the more trustworthy approximation
ACy
of Ace(D) in the likely case that both values differ from each other, in particular if N <<
Accmoger(D). To prepare this decision, two hypotheses Hy and H, can be stipulated:

Hj: The prediction of the probabilistic model appropriately indicates the accuracy of share D,

ACy

ie. Ace(D) = Acemogea(D). N is lower than Accmege(D) due to statistical deviations
caused by the sampling process (i.e. accidentally, the selected N pre-computed database query
results are more inaccurate that the average of all pre-computed database query results in D

and therefore the N samples do not representatively reflect Acc(D)).

H;: Something happened which was not expected by the probabilistic model and therefore

Accmode(D) is an inappropriate estimate of Ace(D). Rather, lthe actual accuracy estimation
ACy

achieved by the sample re-computation is the best estimation available, i.e. Ace(D) = N
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Taking the decision Dg that Hy is true or the decision Dy that H; is true can be done the

following way:

If the actual accuracy is lower than the predicted accuracy to more than a given extent, there
is an increased likelihood that the accuracy predicted by the probabilistic model is
inappropriate and needs to be reduced. This is, for example, the case if Acemodar(D) indicates
an accuracy Ace(D) of 85%, whereas the actual accuracy received by the sample re-
computation only indicates only 20% of accurate pre-computed database query results within
D. In this case, Dy is the right decision. If, however, the actual accuracy received by the
sampling and the accuracy predicted by the model are similar, i.e. the deviation between both
indications is relatively small, the accuracy predicted by the probabilistic model is probably

appropriate. To give an example, this may be the case if Acemogel(D) indicates an accuracy
ACy

Acc(D) of 85% and N  amounts to 80% accuracy. In this case, Dy is the right decision.
In order to define the border between Dy and Dy, a threshold Ky, is introduced:

If ACn > K, then the accuracy predicted by the probabilistic model Accmodge(D) is
considered as an appropriate approximation of Ace(D), D¢ is chosen. If ACy £ Ky, then the
accuracy predicted by the probabilistic model Accmoga(D) is not considered to be an

appropriate approximation of Acc(D), D, is chosen.

In order to set Ky, to an appropriate value, it is advantageoué to have information about the
quality of the probabilistic model. Such information is usually available from a model
verification process which has been performed prior to deploying the model and/or during its
ongoing use. For example, it may have been observed during one year of usage of the
probabilistic model that asynchronous real-time events which are not reflected by the
probabilistic model are rather rare and occur e.g. only on three days out of 365 days. In this
case, it may be assumed that Accmeac(D) is appropriate (= Hp) about 99% of the time and
inappropriate only about 1% of the time (= H;). In another example, asynchronous real-time
events not included in the probabilistic model may occur relatively often such as on 180 days
of one year. Hence, it may be assumed that Accmoge(D) is appropriate only in every second

case, i.e. up to 50% of the time (= Hy) and inappropriate otherwise (= Hy).

One exemplary way to set K, by taking into account the past quality / reliability of the

probabilistic model is to consider the probability of an erroneous decision Dy, i.e. AcCmode(D)
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is not regarded to be an appropriate estimate of Acc(D) although it is actually one. The

probability that the probabilistic model's prediction is correct can be expressed as:

PUCy = KIHy) = (315) % ACC mpaet (DY x (1 = Acpuga @) ¥

The probability a that hypothesis Hy is true and an erroneous decision Dy is taken is the

probability that ACy is lower than Kyp:

a= P(Di‘Ho) = PMCN < KT;,IHO) = Z (I;)x Accmd,_,,(D)" X (1 —Accmde;(ﬂ))N_K

Kiﬁ'ﬁ,

This forrhula allows to choose @ and define Kx in accordance with the past reliability of the

probabilistic model. If, for example, the probabilistic model has been correct for 99% of the

time, a is set to 0,01. The threshold value of Ky can then be calculated using the previous

formula. If the number of K accurate sample re-computation results is lower than Kry, , i.e.
ACy ,

the actual accuracy estimation N determined by the sample re-computations is regarded

as a more reliable estimation of Acc(D) than Acemoge(D):

Number N of sample re-computations

in order to estimate actual accuracy of

20 N

share D N=10 N 50 N =100

Number K of the N sample pre-
computed database query results
which are predicted to be accurate by K=8 K=17 K=42 K=85
the probabilistic model with Accpoder

=0,85

Threshold Kry, (with @ = 0,01) 6 14 36 76

Range for ACn (accurate sample re-

computations) in which the event is | Ac <5 | ACy <13 | ACN<35 | ACN<TS
not considered to be represented in the

probabilistic model (with @ = 0,01 and
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corresponding Kry)

Thus, to summarize, if ACy is equal to or above Ky, the asynchronous real-time event is
considered to be represented in the probabilistic model and no amendment of the probabilities
of the respective pre-computed database query results is necessary. If, however, if ACy is

below Ky, it is assumed that the event is not represented in the probabilistic model.

For events which are not predictable and, thus, not included in the probabilistic model at all
like, for example, promotions campaigns or maintenance events, the events are processed as
soon as possible. Generally, this means that the probabilities of those pre-computed database
query results which are potentially affected by a particular real-time event are amended, in
particular decreased. Continuing with the above example of determining whether or not an
event is present in the probabilistic model, this amendment is optionally achieved by applying
ACy
the estimation for Ace(D) gained by the sample re-computations, i.e. N , to the
probabilities of the pre-computed database query results in the‘share D being outdated. For
example if N has been turned out to be 25% lower than the Acemoge(D), the probabilistic
model's current accuracy predications for the pre-computed database query results in the share
D are e.g. decreased by 25% as well. This exemplary amendment is visualized by Fig. 4b (the
x- and y-axis in Fig. 4 have the same meaning as in Fig. 4a, i.e. the x-axis depicts the time
since the last re-computation (= age t) in hours, the y-axis the accuracy / outdateness

probability).

After this amendment has been done, the decision which pre-computed database query results
are to be re-computed is taken as usual, i.e. in the same way as if no amendments of the
probabilities had happened. Referring again to the exemplary historic-statistical model

outlined above, the probability stated by the probabilistic model for the accuracy / outdateness

. -At . . . .
is € "'t However, since it can be amended in response to recognized asynchronous real-

time events e.g. by applying the strategy described in detail above, it may actually be

T .
computed step after step: at time T» the probable accuracy / outdateness A is computed

from its previous value at time Ta—1:

Acc[™ = Acc[™* x e~ibn—rn—s)

¢



10

15

20

25

30

WO 2014/026753 28 PCT/EP2013/002390

The next accuracy computation by the analyzer 6 starts again from the previous value (which

has potentially been amended in response to real-time events).

The amendment of the probabilities in response to incoming asynchronous real-time events,
e.g. the accuracy predicted by the probabilistic model, is reset after the respective pre-

computed database query results are re-computed by the MCP 3 the next time.

Events which are represented in the probabilistic model at least to a certain extent like fares or
availability changes, are optionally accumulated and their appearance is regularly compared
with the predictions of the probabilistic model. When event peaks do not match the model
locally, i.e. a burst of events is significantly outside the statistic underlying the probabilistic
model, the impacted prices are marked as potentially outdated in order to re-compute them as
soon as possible. By this, "noise" caused by events already present in the probabilistic model
and therefore already considered by the determinations conducted by the analyzer 6

beforehand, is filtered out.

Optionally, the handling of incoming asynchronous real-time events is done by a dedicated
component functionally separate from or a subcomponent of the consolidator 7, an event
manager module. The events are received by the input manager S and initially stored without
aggregation in the internal data repository. The event manager receives any incoming
asynchronous real-time event, processes the event, e.g. by applying the strategy described in
detail above, and possibly performs the amendment of the probabilities that the affected pre-
computed database query results are outdated / inaccurate. Optionally, the strategy described
above is only applied if a given number of events has been recognized by the event manager
applies the strategy described above and amend the probable accuracy of each pre-computed

database query results is amended accordingly only then, if necessary.

Optionally, for optimization purposes, the consolidator 7 works on a grid-view of the internal
data representation 8, i.e. it considers groups of adjacent prices together during its algorithm
instead of working on the set of prices in an isolated manner. In this approach, adjacent price
data sets are seen as a single data set with aggregated properties’ values. Working on
aggregated data sets limits the generation of sparse re-computation orders, and thus increases

mutualization and optimization opportunities at the MCP 3. This reduces computation costs.

Fig. 5 summarizes the above detailed description and gives an overview of the cache update

method presented herein.
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The process of keeping the cache of pre-computed database query results up-to-date starts
with the determination 14 of probabilities of inaccurateness of the cached query results. This
determination is composed of two activities which are located on two logical levels: Firstly
and generally, a predictive model based on statistical and probabilistic data is employed in
order to estimate the likelihood that a particular cached query result does not correspond to
the query result (hypothetically) re-calculated. Secondly and more specifically, real-time
events are taken into account which potentially impact and increase, respectively, the
probability that cached query results are outdated. These real-time events are characterized by
the fact that they, in general, do not indicate an inaccuracy of particular cached query results
with certainty, but are indeterministic in this respect. Thus, on their occurrence, one can only

draw probabilistic conclusions on the likelihood of accuracy and inaccuracy, respectively.

On the basis of the determined probabilities that the cached database query results are
outdated, the database re-computation orders are automatically issued 15 by the DCP 2. These
orders are received by the MCP 3 which then re-computes the respective results and returns
them 16 to the DCP 2. In turn, the DCP 2 receives the results and stores them 17 in a local
representation 8. This concludes one update cycle and the next cycle re-iterates with the

probability determination 14.

Next, a particular example with regard to timing of the procedure of the present cache update
strategy is described with respect to Fig. 6. In this example, the DCP 2 is configured to
generate re-computation orders every 20 minutes, i.e. a round or cycle of determining
probabilities whether cached data is out-of-date and generating and issuing re-computation
orders takes 20 minutes. The resources at the MCP 3 are known a priori for a whole day and
the DCP 2 is aware of the computation resources available at the MCP 3 and is therefore able

to synchronize the amount of re-computations with the MCP's 3 available resources.

At the beginning of a re-computation cycle,. the DCP 2 analyzes the current accuracy of the
cached database query results, i.e. the priced travel recommendations stored in the internal
database 8. The round will yield a set of re-computation orders that will be processed by the
MCP 3 at the end of the 20-minutes round. Meanwhile, on MCP 3 side, orders from the last
cycle are being computed and new price recommendation are generated and transmitted back
to the DCP, where they are stored and available for analysis and update of recurring

information in the next cycle.
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Fig. 6 shows that the MCP has significant available resources in the time interval between
04:00 and 05:00 a.m., so a lot of re-computations can be performed in this hour. Afterwards,
however, no resources are available until 9:00 a.m., so no re-computation is possible at that

time. Later during the day, from 09:00 a.m. to 7:00 p.m., some resources are available at the
MCP 3.

During the cycle starting at 04:20 a.m., the analyzer 6 analyzes the cache accuracy, while the
consolidator 7 generates re-computation orders accordingly. Those orders will be
implemented by MCP 3 at 04:40 am.. The analyzer 6 focuses the MCP price
recommendation it received at the beginning of the round. It counts the differences between
the received prices and the previous prices whose values have been stored in an internal
repository. Based on the differences, it amends the “volatility” recurring source of

information. The input manager 5 saves the received MCP prices for further inspection.

In 4:40-t0-5:00 a.m. cycle, the MCP 3 processes the re-computation orders received from the
DCP 2 during the interval 04:20 to 4:40 a.m.. The DCP 2 is aware that it cannot generate any
re-computation orders for the time slice to come (05:00 a.m.) and its successors until 09:00
a.m. However, it still analyzes the data model continuously to update the current accuracy of
all cache priced travel recommendations. It will do the same for every future cycle until 08:40

a.m.

At 08:40 a.m., the analyzer 6 determines that the accuracy of the cache decreased during the
previous four hours without any re-computation. It generates re-computation orders
accordingly over the following cycles, but only to a less extent due to the limited amount of
available resources at the MCP 3 from 09:00 a.m. to 7:00 p.m. Then, at 09:00 a.m., MCP 3
starts processing the new re-computation orders it received in the interval before (i.e. 08:40 to

09:00 a.m.) and will stop after the end of the round lasting from 6:40 to 7:00 p.m.

After that, no further resources are available at the MCP 3 throughout the night. Thus, the
DCP 2 will not generate any further re-computation orders, but continue to analyze the cache

accuracy on the basis of the probabilistic model and possibly incoming real-time events.

Finally, Fig. 7 is a diagrammatic representation of a computer system which provides the
functionality of the cache platform 2 of Fig.2. Within the cache platform 2 a set of
instructions, to cause the computer system to perform any of the methodologies discussed

herein, may be executed. The cache platform 2 includes a processor 101, a main memory 102
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and a network interface device 103, which communicate with each other via a bus 104.
Optionally, it may further include a static memory 105 and a disk-drive unit 106. A video
display 107, an alpha-numeric input device 108 and a cursor control device 109 may form a
distribution list navigator user interface. The network interface device 103 connects the data
cache platform 2 to the computation platform 3, the sources of statistical data needed to fill up
the predictive model such as the statistics servers 9, the volatility database 10 and the initial
accuracy database 11, the sources of real-time events, the Internet and/or any other network.
A set of instructions (i.e. software) 110 embodying any one, or all, of the methodologies
described above, resides completely, or at least partially, in or on a machine-readable medium,
e.g. the main memory 102 and/or the processor 101. A machine-readable medium on which
the software 110 resides may also be a non-volatile data carrier 111 (e.g. a non-removable
magnetic hard disk or an optical or magnetic removable disk) which is part of disk drive unit
106. The software 110 may further be transmitted or received as a propagated signal 112 via

the Internet through the network interface device 103.

The present cache update strategy provides a means to automatically generate cache re-
computation decisions. It determines which cached query results are to be re-computed and
controls the re-computation also time-wise by taking into account the available computation
resources at the computation platform. Thus, in general, the accuracy of the cached query
results is estimated on the probabilistic model which models the up-to-dateness and out-of-
dateness, respectively, over time. This out-of-date-analyses enable processing several billions

of sets of data per hour underlying the re-computation of cached database query results.
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CLAIMS

1. A method of updating pre-computed database query results in a distributed database
system, wherein the distributed database system comprises a data cache platform maintaining
the pre-computed database query results and a computation platform for computing the pre-

computed database query results based on data maintained in the computation platform, the

method comprising:

- determining, by the data cache platform, probabilities of the pre-computed database

query results being outdated, wherein

the determination depends on a probabilistic model and on the occurrence

of asynchronous real-time events,

- the probabilistic model models discrepancies between the pre-computed
database query results maintained in the data cache platform and presumed

actual database query results,

- the real-time events are indeterministic with regard to the expiration of the
pre-computed database query results and only have a probabilistic
influence on the discrepancies between the pre-computed database query
results maintained in the data cache platform and presumed actual database

query results,

- the probabilities are generally determined based on the probabilistic model
and are possibly amended on the occurrence of asynchronous real-time

events;

- automatically issuing, by the data cache platform, re-computation orders to the
computation platform for updating pre-computed database query results on the basis
of the determined probabilities of the pre-computed database query results being
outdated, wherein pre-computed database query results having a probability of being

outdated above a given threshold are ordered to be re-computed; and

- receiving, at the data cache platform, the updated pre-computed database query results

as results of the re-computation orders.

2. Method according to claim 1, wherein the probabilistic model models a volatility of

the data maintained in the computation platform based on statistical historic data.
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3. Method according to claim 1 or claim 2, the method further comprising

- analyzing, at the data cache platform, whether incoming asynchronous real-time

5 events are represented in the probabilistic model.

4. Method according to claim 3, wherein analyzing whether incoming asynchronous real-

time events are represented in the probabilistic model comprises:

- determining an accuracy of a share of pre-computed database query results maintained
10 in the data cache platform, the share of pre-computed database query results being

potentially affected by an incoming asynchronous real-time event;

- comparing the determined accuracy with a prediction of the accuracy of the share of

pre-computed database query results by the probabilistic model; and

- determining that the incoming asynchronous real-time event is not represented in the
15 probabilistic model if the determined accuracy is below the predicted accuracy to a

given extent.

5. Method according to claim 4, wherein determining the accuracy of the share of pre-
computed database query results comprises issuing sample re-computation orders to
20 computation platform and comparing the results of the sample re-computation orders with the

respective pre-computed database query results previously maintained in the data cache

platform.
6. Method according to any of claims 3 to 5, further comprising:
25 - for real-time events which are determined to be not represented in the probabilistic

model, issuing re-computation orders regarding potentially affected pre-computed

database query results as soon as possible.

7. Method according to any of claims 4 to 6, further comprising:
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- for real-time events which are determined to be represented in the probabilistic model,
accumulating such real-time events over a certain period of time, comparing the
actually occurred and accumulated real-time events with their representation in the
probabilistic model and, if the actually occurred accumulated real-time events deviate
from their representation in the probabilistic model to a predetermined extent, issuing
re-computation orders with respect to potentially affected pre-computed database

query results as soon as possible.

8. Method according to anyone of the previous claims, wherein the data cache platform,
when determining the probabilities of the pre-computed database query results of being
outdated and issuing the re-computation, considers grids of pre-computed database query
results corresponding to groups of adjacent sets of data maintained in the computation

platform.

9. Method according to anyone of the previous claims, wherein the data cache platform
issues the re-computation orders based on the amount of available computation resources at

the computation platform.

10.  Method according to anyone of the previous claims, wherein the distributed database
system is a travel reservation system, wherein the computation platform maintains
information on travel availability and fares and the data cache platform maintains priced

travel recommendations calculated from the travel availability information and the fares.

11.  Method according to claim 10, wherein the real-time events comprise flight fare
changes, airplane seat availability changes, client flight ticket requests and/or flight

cancellations.

12.  Method according to anyone of the previous claims, wherein the distributed database
system comprises at least one application platform connected to the computation platform, the
at least one application platform maintaining and organizing the pre-computed database query

results, the database query results stored in the at least one application platform being
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populated and/or updated by the computation platform as a result of the re-computation orders

issued by the data cache platform.

13.  Data cache platform maintaining pre-computed database query results computed by a
computation platform based on data maintained in the computation platform, the data cache

platform configured to:

- determine probabilities of the pre-computed database query results being outdated,

wherein the determination depends on a probabilistic model and on the

occurrence of asynchronous real-time events,

- wherein the probabilistic model modeling discrepancies between the pre-
computed database query results maintained in the data cache platform and

presumed actual database query results,

- wherein the real-time events are indeterministic with regard to the
expiration of the pre-computed database query results and only have a
probabilistic influence on the discrepancies between the pre-computed
database query results maintained in the data cache platform and presumed

actual database query results,

- wherein the probabilities are generally determined based on the
probabilistic model and are possibly amended on the occurrence of

asynchronous real-time events;

- automatically issue re-computation orders to the computation platform for updating
pre-computed database query results on the basis of the determined probabilities of the
pre-computed database query results being outdated, wherein pre-computed database
query results having a probability of being outdated above a given threshold are

ordered to be re-computed; and

- receive the updated pre-computed database query results as results of the re-

computation orders.

14.  Data cache platform according to claim 13, being further configured to
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analyse whether incoming asynchronous real-time events are represented in the

probabilistic model,

for real-time events which are not represented in the probabilistic model, issue re-
computation orders regarding the respective particular pre-computed database query

results as soon as possible;

for real-time events which are represented in the probabilistic model, accumulate such
real-time events over a certain period of time, compare the actually occurred and
accumulated real-time events with their representation in the probabilistic model and,
if the actually occurred accumulated real-time events deviate from their representation
in the probabilistic model to a predetermined extent, issue re-computation orders with

respect to potentially affected pre-computed database query results as soon as possible.

Non-transitory computer readable storage medium having computer program

instructions stored therein, which when executed on a computer system cause the computer

determine probabilities of pre-computed database query results being outdated,

wherein the determination depends on a probabilistic model and on the

occurrence of asynchronous real-time events,

wherein the probabilistic model modeling discrepancies between the pre-
computed database query results maintained in the computer system and

presumed actual database query results,

wherein the real-time events are indeterministic with regard to the
expiration of the pre-computed database query results and only have a
probabilistic influence on the discrepancies between the pre-computed
database query results maintained in the computer system and presumed

actual database query results,

wherein the probabilities are generally determined based on the
probabilistic model and are possibly amended on the occurrence of

asynchronous real-time events;

automatically issue re-computation orders for updating pre-computed database query

results on the basis of the determined probabilities of the pre-computed database query
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results being outdated, wherein pre-computed database query results having a
probability of being outdated above a given threshold are ordered to be re-computed;

and

- receive the updated pre-computed database query results as results of the re-

computation orders.



