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MODIFYING MACHINE LEARNING MODELS TO IMPROVE LOCALITY

BACKGROUND

[08017 This specification generally relates 1o modifying machine learning models

based on characteristics of memory o improve locality.

[0802] Neural networks are machine leaming models that employ one or more layers
of models to generate an oulput, e.¢., a classification, for a received input. Some neural
networks include one or more hidden layers in addition to an outer layer. The outpuf of
each hidden layer is used as input 1o the next layer in the network, i.e., the next hidden
layer or the output layer of the network. Each layer of the network generates an cutput
from a received input in accordance with current values of a respective set of

parameters.

[0G03] A neural network can be represented as a graph with nodes and edges. A
node can represent an operation that can have zero or more inputs and zers or more
outputs. An edge can represent data and/or control dependencies among operations.
A machine learning processor can execute the graph repeatedly with different data
{typically, a batch of input samples at a time). For each operation, the machine learning
processor can obtain input data from memory and store the cutput data in memory.

SUMMARY

(00041 This specification describes technologies relating to improving locality of
machine learning models and using the improved models to perform machine learming

computations.

[06058] In general, one innovative aspect of the subject matier described in this
specification can be embodied in a method that includes receiving data of a machine
learning model. The data can represent operations of the machine learning model and
data dependencies between the operations. Data specifying characteristics of a
memory hierarchy for a machine learning processor on which the machine learming
model is going to be deployed is received. The memory higrarchy can include muitiple
memories at mulliple memory levels for storing machine learming data used by the
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machine learning processor when performing machine learning computations using the
machine learning model. The characteristics can include a data storage capacity of
each memory and a memory bandwidth of each memory. At least one of the memories
can have a different memory bandwidth than at least one other memory. An updated
machine learming model can be generated based on the data of the machine leaming
model and the characteristics of the memory hierarchy. The updated machineg leaming
model can he generated by modifying the operations and control dependencies of the
machine learning model to account for the characteristics of the memory hierarchy.
Machine learning compuiations can be performed using the updated machine learning

maodal.

(00061 These and other implementations can gach optionally include one or more of
the following features. In some aspects, the data of the machine learning model can
include a graph that represents the operations of the machine leaming model, the
control dependencies between the operations, and data dependencies between the

operations.

(06071 In some aspects, generating the updated machine learming model can include
selecting, for at least a portion of the operations, one of the memories to store oulputs
of the operation based on when the ouipuis will be used as inputs to ancther operation.

[0008] In some aspects, generating the updated machine learing model can include
determining that output data for a first operation is {o be stored in a first memory of the
multiple memories based on when the cutput data for the first operation will be used as
input by a second operation. The first memory can have a lower memory bandwidth
than a second memory of the multiple memories. In response to the determining, the
updated machine learning modei can include first control data that causes the machine
learning processor o store the oulput data for the first operation in the first memory
after the oulput data is generated by the first operation, and second control data that
causes the maching learning processor to transfer the cutput data from the first memory
to the second memory prior to the output data being used as input {o the second

operation.
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(00091 In some aspects, the second control data causes the machine learning
processor to transfer the output data from the first memory to the second memory in
response to a third operation being executed. The third operation can be different from
the first and second operations. Determining that output daia for a first operationis to
be stored in a first memory of the multiple memories based on when the output data for
the first operation will be used as input by a second operation can include determining
that the outpui data for the first operation is to be stored in the first memory based on at
least one of (i) a number of operations that will be executed between the first operation
and the second operation or (ii) an estimated duration of time between when the first

operation will be executed and the second operation will be executed.

(08101 In some aspects, generating the updated machine learing model can include
determining that input data for a particular sequence of operations of the machine
learning model requires more data storage capacity than a particular memory of the
muitipie memories. In response, the updated machine learning model can include
multiple sequences of operations that include a same sequence of operations as the
particular sequence of operations, first control data that causes the machine leaming
processor {o split the input data into mulliple portions of data, second conirol data that
causes the machine learning processor to assign each portion of data to a respective
sequence of operations of the multiple sequence of operations; and third control data
that causes the machine leaming processor to perform the muitiple sequences of
operations in series.

(06111 The subject matter described in this specification can be implementad in
particular embodiments 50 as to realize one or more of the following advantages.
Machine learning models can be modified based on characteristics of a memory
hierarchy of a machine learing processor on which the models are {o be implemented
to improve locality of data access {e.g., locality in data placement and/or data
movement), resulting in improved memory bandwidth (e.g., faster data accesses) and
utilization of the memory. This improvement in memory bandwidth and meamory
utilization enables the machine lsaming processor (o perform machine learning

computations faster and more efficiently than using the original machine learning model.
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[0012] The operations, data dependencies, and/or control dependencies of the
machine learning models can be updaied such that output data from operations that will
be used sooner than other data can be stored in faster memory (e.g., higher bandwidth
memory) than the other data. The operations and data and control dependencies can
also be updated such that the other data is pre-fetched to the faster memory prior o the
other data being accessed for use as input {0 another operation. This improves the
speed at which data is accessed and improves the usage of the faster memory, e.g., by
not wasting faster memory space o store data that is not being used in place of data

that is being reused.

[0G13] By updating machine learning models based on data specifying characteristics
of a memory hierarchy, the locality for a machine learning model can be adapted to
various memory hierarchies so that execution of the machine leaming model can be
improved for various machine learning processors or execution frameworks. Storing
frequently used data (e.q., weights) on-chip or in other fast access memory enables
faster loading of such data for machine learning computations.

[0014] Other implementations of this and other aspects include corresponding
systems, methods, and computer programs, configured to perform the actions of the
methods, encoded on computer storage devices. A system of one or more computers
can be so configured by virtue of software, firmware, hardware, or a combination of
them installed on the system that in operation cause the system {o perform the actions.
One or more computer programs can be so configured by virtue of having instructions
that, when executed by data processing apparatus, cause the apparatus {o perform the
actions.

(06151 The details of one or more implementations of the subject matter described in
this specification are set forth in the accompanying drawings and the description below.
Other potential features, aspects, and advantages of the subject matter will become

apparent from the description, the drawings, and the claims.
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BRIEF DESCRIPTION OF THE DRAWINGS

[0016] FiG. 1 is a block diagram of an example environment in which a machine
learning system improves locality of machine learning models and performs machine
learning computations using the improved machine learning models.

[0017] FiG. 2 is a block diagram of an example execution framework for a machine

learning processor.

[0018] FiG. 3 is a block diagram of another example execution framework for g

machine learning processor.

[00191 FIG. 4 is a block diagram of another example exegcution framework for g

maching learning processor.

[0020] FiG. 5 is a block diagram of another example execution framework for a

maching learning processor.

[006211 FiG. © is a block diagram of another example execution framework for a

machine learning processor.

[0022] FIG. 7 is a diagram that illustrates an input graph of a machine learning model

and an updated graph with improved locality.

[0023] FiG. 8 is a diagram that illustrates anocther input graph of a machine leaming

meodel and another updated graph with improved locality.

[0024] FiG. 9 is a flow diagram that illustrates an example process for generating an
updated machine learning mode! with improved locality and using the updated machine
learning model to perform machine learning computations.

(062587 Like reference numbers and designations in the various drawings indicate like

glements.

DETAILED DESCRIPTION

[0626] In general, the subject matter described in this specification refates o
generating updated machineg learning models {o account for characteristics of a memory
hierarchy for a machine learning processor on which the maching learning model is
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going to be deployed. A machine learning mode! can be updated by modifying
operations, data dependencies, and/or control dependencias of the machine learning
model to improve the locality of data access of the machine learning model based on
the characteristics of the memory hierarchy. For example, the machine learning model
can be modified to improve locality in data placement (e.g., store commonly used data
in faster memory) andfor data movement (e.g., store data that will not be used for some
time in slower memory and pre-feich the data to faster memory prior to the data being
used).

(06271 Machine learming models, such as neural networks, can be highly compuie
intensive with key kernel operations such as matrix muitiplication and convolution. In
addition, neural networks are evolving o be deeper and more compiex. To mest this
ever increasing demand, new accelerators {e.g., machine learning processors) with
dense compute units {(&.g., processor cores) are being introduced. Low memory
handwidth can limit the performance of the compute units e.g., by having idie compute
units waiting for data from memory. The hardware-software techniques for improving
locality in neural network execution described herein can increase memory access
speeds, thereby increasing the speed at which the compute units perform machine
learning computations.

[06287 FiG. 1 is a biock diagram of an example environment 100 in which a machine
learning system 120 improves locality of machine learning models and performs
machine learning computations using the machine learning models. The machine
learning system 120 includes one or more front-end servers 130 that receives data of
machine learning models 112 {e.q., neural networks or other appropriate machine
learning models) from user devices 110 and provides machine learning outputs 114
{e.g., data cutput by machine leaming models) to the user devices 110. The front-end
servers 130 can communicate with the user devices 110 over a network 150, such as a
local area network (LAN), a wide area network {(WAN), the Internet, a mobile network, or
a combination thereof.

[0829] The datla of the machine learning model 112 can include daia representing

operations of the machine learning model and data dependencies between the
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operations. For example, the data of the machine learning model can include a graph
that includes nodes that represent the operations and edges that represent the control
dependencies (and/or data dependencies) between the operations. An edge that
represents a data dependency indicates that an operation depends on the data from
another operation {€.¢., an operation will perform machine learning computations using
the output data from another operation). An edge that represents a controi dependency
indicates that an operation depends on the execution of another operation (e.g., an
operation is not performed until another operation is performed). The operations can be
those that are necessary o perform a forward pass through the machine leaming
model, .q., to compute an inference through the machine iearning model. These
operations can include, for example, matrix multiplication operations and/or convolution
operations performed by the layers of a neural network. As another example, the
operations can be those that are necessary o perform an iteration of a fraining process
to train the machine learning model. These operations can include operations
necessary (o perform a forward pass through the machine learing model and aiso
operations necessary to perform a backward pass through the machine learning model,
i.e., backpropagation operations necessary {0 determine gradients with respect to the
weights or parameters of the machine leaming model.

f00307 The machine lsarning system 120 can improve the locality of the machine
learning model, train the model, and execute the model {o determine machine learming
outputs {e.q., to classify input data). The machine learning system 120 includes a
machine learning mode! improvement module 131 (also referred to as the improvement
modute 132 for brevity) that receives data of the machine learning models 112 and
generates updated maching learning models 132 with improved locality (e.g., improved
data re-use, locality in data placement, andfor locality in data movement). The
improvement module 131 can update the machine fearning model based on
characteristics of a memory hierarchy for & machine learning processor on which the
machine learning model is going to be deployed. That is, the model improvement
module 131 generates an updated machine learning model 132 that has improved
locality for the memory hierarchy of the machine learning processor on which the
updated machine learning model 132 will be executed. The improvement module 131
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can update neural networks and other appropriate machine learning model that can be
represented as a collection of operations and dependencies between the operations
using the technigues described herein.

(06311 For example, the machine learning system 120 includes N machine learning
processors 140-1 ~ 140-N. Each machine learning processocr 140 can have an
associated memory hierarchy of memories that store machine learning data for the
machine learning processor 140, Each memeory hierarchy can include multiple
memories at multiple memory levels. The memories can be configured {o store
machine learning data used by the machine learning processor 140 when performing
machine learning computations using the machine leaming model. For example, the
machine learning data can include inputs to operations {e.q., input tensors), oulpuls
from operations (e.q., output tensors), weights used by the operations, and/or other
appropriate data used by a machine learning processor 140 when performing machine
learning computations using a machine learning model.

(06321 Each level of the memory hierarchy can include one or more memories having
common {or similar) characteristics. The characteristics of 8 memory can include a data
storage capacity of the memory and a memory bandwidth of the memory. The memory
bandwidth is the rale ai which data can be read from or stored into the memory by a
processor. The memory bandwidih can be expressed in units of bytes/second {or other
appropriate data size per unit time measure). The characteristics of each memory can
include characteristics of memory channels between the processor (e.¢., a processor
core) and the memory, such as direct or indirect, shared or dedicated, speed, etc.

[0833] The characteristics of the memories can differ for each level. For example, one
level of memory can be faster (e.¢., higher memory bandwidth) than the other levels.
However, the other levels can have more data storage capacity than the one level with
the fastest memory.

(08347 Datla specifying the characteristics of the memory hierarchy for each machine
learning processor 140 is stored in & memaory hierarchy data storage unit 135, The
characteristics of the memory hierarchy can include the characteristics of each memory

in the memory hierarchy. When generating an updated machine learning mode! with
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improved locality, the improvement module 131 can obtain memory hierarchy data 136
specifying the characteristics of the memory higrarchy for the machine learning
processor 140 on which the machine learning model is going to be deployed. For
axample, if a machine learing model is going to be executed by the machine learning
processor 140-1, the improvement module 131 can obtain the characteristics of the
memory hierarchy for the machine leaming processor 140-1 from the memory hierarchy
data storage unit 135.

[0G35] The improvement module 131 can then generate the updated machine learning
model 132 based on the input machine leaming model 112 and the characteristics of
the memory hierarchy specified by the memory hierarchy data 1356. The updated
machine learning model 132 can have the same funclionality {or similar functionality) as
the input machine learning model 112. That is, the updated machine learning model
132 performs the same fask as the input machine learning model with the same or
similar (e.g., within a threshold {olerance) accuracy and/or quality. For example, the
updated machine learning model 132 can generate the same types of oulputs as the
input machine leaming model 112 and output the same (or similar within a threshold
tolerance) data that the input machine learning model 112 would output if both models
were provided the same input data. However, the updated machine learming model 132
can have different orders of operations, different data dependencies betwsen
operations, and/or different control dependencies batween operations than the input
machine learning mode! 112

(06361 Information that is required for execution of a machine learning model can be
determined from the machine learning model. For example, as described above, a
graph that represents a machine learning moedel can include nodes that represent
operations and edges that represent data andfor controf dependencies among
operations. From the graph, the improvement module 131 can determine what data will
be needed for each operation and when the operation will be executed. Using this
information, the size of data for each input and each output of each operation (e.9.,
based on the size of an input tensor to the operation), and the characteristics of the
memory hierarchy, the improvement module 131 can determine when and where fo

store input and ouiput data for each operation.

9
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(00371 For example, consider a memory hierarchy that includes L1 memory and main
memory in which the L1 memory is faster than the main memory, but the L1 memory
has a data storage capacity of 20 megabytes (MB) and main memory has a data
storage capacity of 10 gigabytes (GB). If operation A and operation B both output 20
MB of data at the same time or close to the same time but the data cutput by operation
A will be used as input by another operation immediately while the data output by
operation B will not be used uniil several other operations are executed, the data ocutput
by operation A can be stored in the L1 memory and the data cutput by operation B can
be stored in main memory. The data cutput by operation B can then be pre-fetched
from main memory to L1 memory before being used as input to another operation. In
this example, an updated machine leaming model can include a new operation {(or an
annotation or other instruction or code) that causes the data cutput by operation B to be
pre-fetched when another operation (e.g., operation C) is completed. Thus, the updated
machine learning model can include a control dependency between operation C and the
pre-fetching operation that triggers the pre-fetching operation after operation C is

executed.

(68381 The improvement module 131 can generate each updated machine leaming
madel 132 such that the data capacity of the various memories of the memory hierarchy
are not over-utilized at any given time. For example, the improvement module 131 can
determine, based on data of the input machine learning modal 112 {e.q., a graph
reprasenting the model) when sach operation will need input data {and its data size)
and schedule {&.9., using control and data dependencies, new operations, order of
operations, and/or annotations) the data between the memories such that each memory
is at or below capacity. if the faster memory would be over capacity at any given time,
the improvement module 131 can schedule some of the data at that time 1o be stored in

slower meamory.

[0G391 The improvement module 131 can generate the updated maching learning
model 132 for an input machine learning model 112 by modifying the operations of the
model, modifying the control dependencies of the model, and/or modifying the data
dependencies of model to improve the locality for the memory hierarchy. Modifying the

operations can include adding operations that schedule the storage of data in

i0
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memories. For example, the improvement module 131 can determine that the dala
output by an operation will not be used for at least a threshold number of intervening
operations or for at least a threshold amount of time after the output data is generated.
In response, the improvement module 131 can include, in the updaied machine learning
model 132, a first operation that causes the oulput data to be transferred to slower
memory and a second operation that causes the data to be transferred back to faster
memory prior to the data being used as input by ancther operation. The improvement
module 131 can also include, in the updated machine learning model 132, a control
dependency that causes the machine learning processor 140 to execute the second
operation after a particular operation is executed. The improvement module 131 can
select the particular operation that causes this pre-fetching of data based on a number
of operations between the particular operation and the operation that will be using the
data and an estimated amount of time needed {o transfer the data from the slower
memory {0 the faster memory such that the data transfer is completed before the
operation needs the data.

(06401 The improvement module 131 can determine to store the oulput data in the
slower memaory based on the storage capacity and the amount of data storage required
by other operations, in addition {o when the output data will be needed by the other
operation. For example, if the faster memory has sufficient data capacity for all of this
data, the improvement module 131 can keep the output data in the faster memory.
Thus, the decision on where to store data for a particular operation can be made based
on the overall data storage requirements at the time.

[06417 Modifying the operations can also include adding an operation to split a tensor
into multiple sub-tensors and including multiple iterations of one or more operations.
For example, if the size of a tensor that will be input to an operation {or a sequence of
operations} is too large to fit in faster memory, the improvement module 131 can add an
operation that splits the tensor into multiple sub-tensors that each can fit into the faster
memory. The improvement module 131 can also include after the split operation
multiple ierations of the one or more operations, one for gach of the sub-tensors. The
improvement module 131 can also include a control dependency that transfers control

from the last operation of each iteration to the first operation of the next iteration until

il
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the last iteration. The improvement module 131 can also include a concat operation
that merges the sub-tensors output by each iteration into an output tensor that
represents the output of the original one or more operations on the original input tensor.
An example of this splitting and merging using multiple iterations of a sequence of
opergtions is ilustrated in FIG. 8 and described below.

(06427 In some implementations, the improvement module 131 generates an updaied
machine learning mode! 132 by adding annotations, instructions, and/or other conirol
data that causes the machine learning model {0 store data output by operations in
appropriate memories. For example, an updated machine learning model 131 can
include, for each edge from one operation {e.qg., operation A) to another operation (e.g.,
operation B), an annotation that specifies which memaory to store the output of operation
A that will be used by operation B. An annotation can aiso be used o pre-feich data
from a slower memory to a faster memory. For example, an annotation can be included
at a particular operation to trigger the pre-fetching of data for another operation.

(08431 Each annotation can be associated with (e.q., assigned o) an operation or
edge. The machine learning processor 140 can be configured to read the annotation for
each operation or edge when executing the operation or transferring control or data
based on the edge. The machine learning processor 140 can then perform the
appropriate operation (e.¢., store data in an appropriate memory, begin transferring

data, transfer control to ancther operation, etc.) based on the annotation.

[0844] The improvement module 131 can generate an updated machine learmning
model 132 based on an input machine learning model 131 using a set of rules, one or
more machine learing models, simulation(s} of the machine learning model, and/or
other appropriate {echnigues. A set of rules can include rules that specify how the
improvement module 131 is to modify the input machine learning model 112 based on
data reuse paiterns in the model 112. For example, a rule can speacify that, if the
capacity of the faster memory cannot fit the oulputs of two operations, the improvement
module 131 is to modify the input machine learning model 131 {0 store the data that will
be used by another operation first in the faster memory and to store the data that will be

used later in the slower memory. The rule can also specify that the improvement



WO 2020/076392 PCT/US2019/043861

module 131 is to include control data (e.q., an operation or annotation) that causes the
later used data to be pre-fetched at an appropriate time such that the data is stored in
the faster memory prior to the data being used as input by ancther operation.

[00458] The set of rules can also specify priorities between data for storing in faster
memory. For example, data that would be used earlier than other data can have a
higher priority than the Iater used data. Similarly, data that would be shared among
cores can have a higher priority for memory that is shared between the cores than other
data.

(00481 The improvement module 131 can also simulate the execution of the machine
learning model using a memory hierarchy for the machine learning processor 140 on
which the model will be executed to determine when the capacity of the faster memory
will be exceeded and/or the amount of time or number of operations between the time
that output daia is output by an operation and then used by another operation. The
improvement module 131 can use this data to determine when to store data in slower
memory, which data should be stored in the slower memory (e.g., the data that will be
used later rather than earlier), and/or when {o pre-fetch data. The improvement module
131 can then use this data (e.g., in combination with the set of rules) to modify the input
machine learming model 112 {o generate the updated machine learning model 132.

[00477 The improvement module 131 can use memory management techniques (e.q.,
software or graph transform managed techniques) to determine which data {o store in
which memories and update the machine learning model to schedule the storage of
machine learmning data accordingly. For example, the improvement module 131 can use
page replacement techniques, such as the Belady's algorithm, to determine which data
should be stored in the faster memory at any point in time and which data should be
moved from the faster memory to slower memory to make room for other data. Using
such a technique and the data of the machine [earning model (e.g., a graph of the
machine learning model} that represents data reuse patierns of the model, the
improvement module 131 can determine which data should be stored in which memory
at any point in time during the execution of the model. For example, in Belady’s

algorithm, data that will not be used for the longest amount of time can be moved from
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the faster memory to a slower memory so that other data that will be used sooner can
be stored in the faster memory. As the improvement module 131 can determine when
data cutput by each operation will be used next, the improvement module 131 can use
memaory management technigues to determine where 1o store the data output by each
operation and update the machine leaming model so that the data cutput by the
machine leaming model is stored in the appropriate memory.

(00481 The use of Belady’s algorithm is not possible in typical hardware-managed
caches. Howsever, since fulure data access patterns are known for neural networks and
cther machine learing models thai can be represented with a graph, Belady’s algorithm
can be used {0 select which data to move out of faster memaory.

(00491 The improvement module 131 can also train a machine leaming model o
generate an updated machine learning model 132 based on an input machine learning
model 112 and the characteristics of a memory hierarchy. For example, the
improvement module 131 can use reinforcement learning tachniques 1o learmn ways {o
make the machine learning modei faster. In a particular example, the improvement
module 131 can use a machine learning model {0 run the input machine learning model
112 and measure the performance of the input machine learming model 112, The
machine learming model can then apply graph transforms on the graph of the input
machine learning model 112 to generate updated machine leaming models. The
machine learning model can then measure the performance of the update modeis and

identify the update model with the best performance.

(06501 The improvement module 131 can also include, in an updated machine
learning model 132 or other code used by a machine learning procassor 140 to execute
the machine learming model 132, data that causes the machine learning processor 140
to keep frequently used (e.g., used by at least a threshold number of operations) data in
faster memory (e.g., in on-chip meamory). For example, the improvement module 131
can include, in the updated machine learning model 132, data that causes the machine
learning processor 140 to keep weights used in maching learning computations in on-
chip memory. This enables faster ioading of such data to compute units {e.qg., cores).

i4
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(00511 If multiple cores on a same chip will use the same data, the improvement
module 131 can include, in the updated machine learning model (or other code), data
that causes the machine learning processor 140 {0 keep the data in on-chip memory.
This enables faster loading of such data by each of the cores. This also allows the
machine learning model {o be partitioned across multiple cores within a chip. For
example, the cores can communicate amongst each other through the on-chip memory.

(006527 Each memory in a memory hierarchy can be exposed {o software {e.q,,
software for executing machine learning models) as addressable namespaces or
named memory devices. To instruct the machine learming processor 140 which
memory {0 store data ocutput by an operation, the updated machine leaming model 132
can specify, for at least some of ihe operations, the appropriate namespace or memory

device. The software can use this data to store the data in the appropriate memory.

[0083] FIGS. 2-6 illustrate some example execution frameworks that include example
memory hierarchies for memories that can be used by a machine learning processor {0
perform machine learning computations using machine learming models. As described
above, the machine learning models can be updated (2.9, to improve locality in data
placement and/or movement} based on data specifying the characteristics of the
memory hierarchy that will be used to store machine learning data used by the machine
learning processor when performing machine learmning computations using the machine
learning modeal. The memory hierarchies illustrated in FIGS. 2-8 are examples and the
techniques for modifying machine leaming models described herein can be applied o
other memory hierarchies.

[0854] Example machine learming processors that can be used in the example
execution frameworks include central processing units {CPUs), graphics processing
units (GPUs) andfor tensor procassing units (TRPUs). For example, the execution
frameworks can include one or more NVIDIA KEPLER K40 GPU accelerators, one or
more NVIDIA PASCAL P100 GPUs, and/or one or more NIVDIA VOLTA V100 Tensor
Core GPUs, and/or other appropriate processors capable of performing machine

learning computations. The machine learning processors can be TPUs with fast on-chip
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memory that is an addressable namespace that is exposed to software, e.g., software

executing machine learning models.

{0085} FIG. 2 is a block diagram of an example execution framework 200 for a
machine learning processor 201. The execution framework 200 includes an example
memory hierarchy 230 that includes two levels of memory, L1 memory 203 and main
memory 204, The L1 memory 203 is on-chip memory that is integrated on the machine
learning processor's chip (e.g., integrated circuit) with g processor corg 202 of the
maching learning processor 201. The core 202 is an individual processor of the chip
that is configured to perform machine learning computations using one or more machine
learning models. Some chips include muitiple cores as described below.

(00581 The main memory 204 can be off-chip memory that is not integrated on the
chip with the core 202 and L1 memory 203. Thus, the main memory 204 may be larger
(e.g., have more storage capacity) than the L1 memory 203. As the L1 memory 203 is
on-chip, the L1 memory 203 can have a much higher bandwidth than the main memaory
204, However, due o the limited size of the L1 memory 203, some machine leaming
data may need ¢ be stored in the main memory 204 until the data is going 1o be used
by the core 202. In some implementations, the L1 memory 203 is static random-access
memory (SRAM) and the main memaory 204 is dynamic random-access memaory
{DRAM).

[BG87T  In this example, the core 202 can access both the main memory 204 and the
L1 memory 203 directly over memory channels 211 and 212, respectively. The core
202 can also access the main memaory 204 indirectly through the L1 memory 203 using
memory channels 212 and 213. For example, this indirect access may be
accomplished by moving data from the main memory 204 {o the L1 memory 203 for
access by the core 202, Moving data between the memories can be performed in the
background, e.g., using direct memory access (DMA). In other examples, the meamory
channel 211 may be excluded, requiring the core 202 to access the main memory

indirectly only.

[0088] FIG. 3 is a block diagram of another example execution framework 300 for a

machine learning processor 301. In this example, the execution framework 300
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includes a memory hierarchy 330 that includes three levels of memory, L1 memory 303,
L2 memory 304, and main memory 305. The L1 memory 303 and the L2 memory 304
can be on-chip memories integrated on a chip with the core 302. In another example,
the L1 memory 303 can be on-chip while the L2 memory 304 is off-chip but tightly
integrated with the chip (&.g., 3D stacked or other appropriate fast chip-interconnect
technology). The main memory 305 is off-chip memory that is not integrated on the chip
with the core 302, but may also be tightly integrated with the chip.

[0G591 The L1 memory 303 can have the highest bandwidth of the memories 303-305,
but the least amount of storage capacity of the memories 303-305. The L2 memory 304
can have bandwidth that is lower than the bandwidth of the L1 memory 303, but that is
higher than the bandwidth of the main memory 305. The main memaory 305 can have
the highest amount of storage capacity of the three memories 303-305. In some
implementations, the L1 memory 303 and the L2 memory 304 are SRAMs and the main
memory 305 is DRAM. In another example, the L1 memory 303 is SRAM and the L2
memory 304 and the main memory 305 are DRAMs.

(00807 In this example, large data that is not able to fif in the L1 memory 303 orthe L2
memory 304 can be stored in the main memory 305, In addition, data that may not be
used for some fime {e.g., for ai least a threshold amount of time or a threshold number
of operations) can be stored in the main meamory 305 and pre-fetched {o the L1 memory
303 of the L2 memory 304 prior to being used. As described above, moving data

between the memories 303-305 can be performed in the background, e.q., using DMA.

(06611 The core 302 can access the main memory 305, the L2 memory 304, and the
L1 memory 303 directly over memory channels 311, 312, and 313, respectively. The
core 302 can also access the main memory 305 indirectly through the L2 memory 304
using memory channels 312 and 315, or through the L1 and L2 memories using
memory channels 313, 314, and 315, As described above, indirect access can involve
moving the data between the memories. Similarly, the core 302 can access the L2
memory 304 indirectly through the L1 memory 303 using memecery channeis 313 and
314. The memory channel 311 that bypasses the L1 memory 303 and the L2 memory
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304 can be useful so that smaller more-frequently accessed data is not overwritten and

remains available for fast access from the main memory 305,

(00627 In other examples, the memory hierarchy 330 can include a direct memory

channel between the L1 memory 303 and the main memory 305, allowing the core 302
to access the main memory 305 via the L1 memory 303, but without going through the
L2 memory 304, In another example, the L1 memory 303 and the L2 memory 304 can

share a memory channel toffrom the main memory 305,

[00683] The machine learning processors 201 and 301 of FIGS. 2 and 3 can include
multipie cores that each have the same (or different memory hierarchies). For example,
the machine learning processor 201 can have two cores that each have their own L1
memory and access {0 a shared main memory. In another exampie, the machine
learning processor 301 can include three cores that share the same L1, L2, and main

memories.

[0064] FIG. 4 is a block diagram of another example execution framewaork 400 for a
machine learning processor 401. The example machine learning processor 401
inciudes two cores 402 and 412, In this example, the execution framework 400 includes
a memory hierarchy 430 that includes, for each core 402 and 412, a separate memory
hierarchy that includes dedicated L1 memory, dedicated L2 memory, and dedicated
main memory. For example, the core 402 can access its L1 memory 404 directly
through a memory channel 421. The core 402 can also access ifs L2 memory 406
indirectly through the L1 memory 404 and a memory channel 422, and further access its
main memory 408 through memory channel 423. The memory hierarchy 430 could aiso
include direct memory channals between the core 402 and the L2 memory 406 and/or
betwean the core 402 and the main memory 408,

[0865] The L1 memory 404 can have the highest bandwidth of the memories 404,
4068, and 408, but the least amount of storage capacily of the memories 404, 408, and
408. The L2 memory 406 can have bandwidth that is lower than the bandwidth of the
L1 memory 404, but that is higher than the bandwidth of the main memory 408. The
main memory 408 can have the highest amount of storage capacity of the three

memories 404, 406, and 408. For example, the L1 memory 404 can be on-chip
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memory, the L2 memaory 406 can be on-chip memory or off-chip but tightly integrated
with the chip, and the main memory 408 can be off-chip memory.

[o068}] Similarly, the core 412 can access its L1 memory 414 directly through a
memory channel 424, The core 412 can also access its L2 memory 416 indirectly
through the L1 memory 414 and a memory channel 425, and further access its shared
main memory 418 through memory channel 426, The memory hierarchy 430 could alsc
include direct memory channels between the core 412 and the L2 memory 416 and/or
between the core 412 and the main memory 418,

(00871 The L1 memory 414 can have the highest bandwidth of the memories 414,
416, and 418, but the least amount of storage capacity of the memories 414, 416, and
418, The L2 memory 416 can have bandwidth that is lower than the bandwidth of the
L1 memory 414, but that is higher than the bandwidth of the main memory 418. The
main memory 418 can have the highest amount of storage capacity of the three
memories 414, 416, and 418, For example, the L1 memory 414 can be on-chip
memory, the L2 memory 416 can be on-chip memory or off-chip but tightly integrated
with the chip, and the main memory 418 can be off-chip memory.

(06681 In some implementations, the L1 memories 404 and 414 and the L2 memories
406 and 418 are SRAMs and the main memories 408 and 418 are DRAMs. In another
example, the L1 memories 404 and 414 are SRAMs and the L2 memories 406 and 416
and the main memories 408 and 418 are DRAMSs.

[00697 Although the example machine learmning processor 401 includes two cores 402
and 412 with separate memory hierarchies, the machine learning processor 401 can
inciude other appropriate quantities of cores {e.g., four, eight, eic.) each with thair own
mermory hierarchies. Some of the memories can be shared between the cores. For
example, rather than having dedicated L2 memory and main memory, these mamories
can be shared as illustrated in FIG. 5.

[0070] FIG. 5 is a block diagram of another example execution framework 500 for a
machine learning processor 501, The example machine {earning processor 501
includes two cores 502 and 512, in this exampile, the execution framework 500 includes
a memory hierarchy 830 that includes, for each core 502 and 512, a separate memory
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hierarchy that includes dedicated L1 memory and shared L2 and main memories. For
example, the core 502 can access its L1 memory 504 directly through a memory
channel 521. The core 502 can also access shared L2 memory 516 indirectly through
the L1 memory 504 and a memory channel 522, and further access shared main
memory 520 through shared memory channel 523. The memory hierarchy 530 could
also include direct memory channels between the core 502 and the L2 memory 516
and/or between the core 502 and the main memory 520.

[06714] Similarly, the core 512 can access its L1 memory 514 directly through a
memory channel 524. The core 512 can also access shared L2 memory 516 indirectly
through the L1 memory 514 and a memory channel 528, and further access shared
main memory 520 through shared memory channel 523. The memory hierarchy 530
could also include direct memory channels between the core 512 and the L2 memory
516 and/or petween the core 512 and the main memory 520,

(006721 The L1 memories 504 and 514 can have a higher bandwidth than the L2
memory 516 and the main memory 520. However, the L1 memories 504 and 514 can
each have less storage capacity than the L2 memory 516 and the main memory 520.
The L2 memory 516 can have bandwidih that is lower than the bandwidth of the L1
memories 504 and 514, but that is higher than the bandwidth of the main memory 520
The main memaory 520 can have the highest amount of storage capacity of the
memories 504, 514, 516, and 520. For example, the L1 memories 504 and 514 can be
on-chip memories, the L2 memory 5186 can be on-chip memory or off-chip but tightly
integrated with the chip, and the main memaory 520 can be off-chip memaory.

[6873] In some implementations, the L1 memories 504 and 514 and the L2 memory
516 are SRAMs and the main memory 520 is a DRAM. In another example, the L1
memories 504 and 514 are SRAMs and the L2 memory 516 and the main memory 520
are DRAMs.

(08747 In this example, the L2 memory 516 and the main memory 520 are shared by
the cores 502 and 512. Maching learning daia used by both cores 502 and 512 can be
stored in the L2 memory 518 and/or the main memory 520. For exampie, weights or

bias vaiues used by both cores 502 and 512 can be stored in the L2 memory 516 and/or
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the main memory 520. The cores 502 and 512 can also share other machine learning
data (e.q., cutputs of operations) with each other by storing the data in the L2 memory
516 and/or the main memory 520.

[00758] Although the example machine learning processor 501 includes two cores 502
and 512 with separate and shared memories, the machine learning processor 501 can
include other appropriate guantities of cores {e.g., four, eighi, etc.) each with their own
memory hierarchies. For example, a machine learing processor can include four cores
that each have their own L1 memory, but share common L2 and main memories.

[0076] FiG. © is a block diagram of another example execution framework 600 for a
machine learning processor 601. The example machine learming processor 601
includes four cores 602-605 that share a common memory hierarchy 630 that includes
L1 memory 810 and main memory 620, Although not shown, the four cores 602-605
couid also share L2 memory and/or other memory.

(06771 Inthis example, each core 602-605 has an individual memory channel 621-624
for accessing the L1 memory 6810, The cores 602-605 share a memory channel 625 o
the main memory 620, In other examples, the gach core 602-605 can have a dedicated
memory channel to the main memory 820 and/or a shared channel to the L1 memory
810.

106781 The L1 memory 610 can have a higher bandwidth than the main memory 620,
but less storage capacily than the main memory 820. For example, the L1 memory 610
can be on-chip memory while the main memory 620 can be off-chip mamory. In some
implementations, the L1 memory 801 is SRAM and the main memaory 620 is DRAM.

(00791 FiG. 7 is a diagram 700 that ilustrates an input graph 710 of a machine
learning model and an updated graph 720 with improved locality relative to the input
graph 710. The input graph 710 is a portion of a larger graph that includes operations
(represented by nodes) and control and data dependencies (represented by edges
between the nodes). The input graph 710 includes operations C-i with edges (arrows)
betwean the operations that represents confrol and/or data dependencies betwean the
operations. For example, operation C uses input data A and input data B. The input
data A and/or input data B can be machine learning data input to the machine learning
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model or output by another operation that is not shown in FIG. 7. in this example,
operation C may use the input data A and input data B in performing a machine learning

computation.

(06807 The input graph 710 includes an edge 711 between input data A and operation
C and an edge 712 between input data B and operation C. These edges 711 and 712
represent a data dependeny for operagtion C. That is, operation C is dependent on input
data A and input data B. Similarly, operations D, E, and | are dependent on operation C
being performed first, as represented by edges 713, 714, and 715, respectively. In this
gxampie, operations D, E, and | use the daia cutpui by operation C to perform machine
learning computations. Thus, the edge 713 represents control and data dependencies
between operation C and operation D. Similarly, the edges 714 and 715 represent
control and data dependencies between operation C and E, and between C and |,

respectively.

(06811 When a machine learming processor executes the maching leaming model
represented by the graph 710, the edges cause the machineg learning processor o
transition from operation to operation in order based on the direction of the edge. For
gxampie, the edge 711 causes the machine learming processor to perform operation ©
after input data A becomes available. However, the edge 712 requires that operation C
not be performed until input data B is also available. This represents the data
dependency of these edges. Similarly, the edge 713 causes the machine lsaming
processor 1o perform operation D after operation C is performed. The edges 715 and
716 causes the machine learning processor 1o perform operation | after both operation
C and operation H have been performed.

(06821 The updated graph 720 is updated relative to the input graph 710, An
improvement module, e.g., the improvement module 131 of FIG. 1, can generate the
updated graph 720 based on characteristics of a memory hierarchy for a machine
learning processor on which the machine leaming model is going to be deployed. In
this example, the memory hierarchy includes L1 memory 722 and L2 memory 724. The
L1 memory can be faster than the L2 memory, but have less data sforage capacity than

the L2 memory.
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(00831 The improvement module can determine, based on the input graph 710, reuse
patterns of machine learning data ouiput by the operations and modify the input graph
710 to generate the updated graph 720 based on the reuse patierns and the
characteristics of the memory hierarchy. For example, the improvement module can
detarmine, for each set of output data output by each operation, a number of operations
that will be executed (and/or an estimated amount of time that will elapse) before the
data is used again. The improvement module can determine which memory o store the
data in and when to pre-feich the data to the faster memory based on when each
operation will be executed, the number of operations (and/or time) before the data will

be used, and the siorage capacities of the memories.

(06841 The updated graph 720 includes different control and data dependencies and
data specifying which memory to store outputs of operations. For example, the updated
graph 720 indicates that input data A and B is stored in L2 memory 724, The updated
graph includes edges 731 and 732 that causes the machine learning processor to pre-
fetch the input data A and B to L1 memory 722 Tor input to operation C.

[0085] The updated graph 720 also specifies that the output data from operation C is
used as an input to operations D and E, which maiches the input graph 710. The
updated graph 720 includes a new edge 733 that causes the machine [eaming
procaessor 1o alse store the output data from operation C in L2 memory 724 {(as data C)

as the oulput data will not be used again until operation |

[0688] The updated graph 720 includes another new adge between operation F and
the output data C” (which can be the same as the oulput data C'). The adge 734
represents a control dependency that causes the machine learming processor {0 pre-
fetch the output data C” from L2 memory 724 to L1 memory 722. For example, the
output data from operation C can be pre-fetched to L1 memory 722 for use by operation
I. The output data can be pre-fetched prior to operation | being executed to reduce the
latency that would otherwise occur transferring the data from L2 memory 724 {o
operation | after operation H has been executed. Instead, the updated graph 720
includes an edge 734 that represents a control dependency between operation F and

pre-fetching the output data C”. In this example, after operation F is executed, the
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output data C” that is stored in L2 memory 724 is pre-fetched o L1 memory 722. The
data can be transferred in the background (e.g., using DMA) while operations G and H

are being execuied by the machine learing processor.

(06871 The improvement module can determine when (e.¢., which operation to use as
a trigger) o initiate the pre-feiching based on the amount of data that will need to be
transferred (2.9., based on an estimated amount of time for the fransfer) and the
gstimated amount of time that it will take the machine learning processor to perform the
operations that precede operation . In this way, the improvement module can ensure
that the data is transferred prior {0 operation | being executed, but without unnecessarily
using faster L1 memory 722 that may be used to store other data {e.g., dala between

operations F and G).

[0688] In some implementations, the updated graph 720 can include annotations that
instruct the machine learning processor which memory o store the data and when 1o
transfer the data rather than being operations of the machine lgarming model itself, e.g.,
in addition o edges that represent data and/or control dependencies. The annotations
can be included in the updated graph 720 or as part of other code executed by the
machine learning processor.

[0089] FiG. 8is a diagram 800 that illustrates another input graph 810 of a machine
learning model and another updated graph 820 with improved localily. In this example,
the input graph 810 includes a sequence of operations 1A — 8A that perform machine
learning computations using a tensor X. The sequence of operations 1A - B8A can be
part of a larger graph. For example, the sequence of operations 1A — 6A can be a first
sequence of operations and the tensor X can be an input {ensor 1o the machine learning
model. In another example, the sequence of operations 1A — 8A can be executed after
other operations and the tensor X can be an intermediate tensor (e.g., different from the
input tensor due o previous operations) or a partial tensor {e.9., a portion of the input
tensor).

[0830] In this example, the tensor X may be {oo large to store in the fastest memory
{e.g., L1 memory) of & memory hierarchy for a machine learning processor on which the

machine learning model will be executed. The improvement module can include, in the
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updated graph 820, a baich split operation 821 that splits the tensor X into multipie sub-
tensors. The improvement module can also include, in the updated graph, multiple
iterations of the sequence of operations 1A — 5A. Each iteration of the sequence of
operations 1A — 5A can be performed on one of the sub-lensors.

(00911 For example, consider that the tensor X has a data size that is five times that of
the L1 memory. The improvement module can include, in the updated graph 820, a
batch split operation that splits the tenscr into five sub-tensors that can each fit in L1
memory. In addition, the improvement module can include, in the updated graph 820,
five iterations of the sequence of operations 1A — 5A, one for each sub-tensor. In this
way, the output of each operation can be stored in the L1 memory for the next operation
until each operation in the sequence of operations 1A — 5A is performed for the sub-

tensor.

(00921 By keeping the data in L1 memory, the machine learning computations
performed by each operation 1A — 5A can be performed much faster than if the
operations 1A — 5A were performed on the full tensor X using the input graph 810. For
example, in the input graph, at least some of the input data for each operation would
have to be retrieved from a slower memory causing the machine learning processor {o
have {o wait for the data af each operation.

[0083] The improvement module can also consider the size of the data output by each
aperation in the sequence of operations when determining how many sub-tensors {o
generate from the tensor X and how many Herations of the sequence of operations o
inciude in the updated graph 820. For example, if the ouiput of one of the operations
would exceed the capacity of L1 memory even though the sub-tensor input {o the
operation 1A would fit in L1 memory, the improvement module can spiit the tensor X
into more sub-tensors such that the data output by each operation can fit in the L1

MEmory.

(08847 The improvement module can also generate and inciude in the updated graph
820 a control dependency 823 after each iteration of operation 5A prior {o the last
iteragtion of operation 5A. The conirol dependency 823 causes the machine learning

processor to transifion control to the next iteration of the seguence of operations 1A ~
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5A, starting with the next iteration of operation 1A. In this way, the seguence of

operations 1A — 5A can be performed on each sub-tensor of the tensor X.

(06951 The improvement module can also generate and include in the updated graph
820 a concat operation 824 that can concatenate the output data of each iteration of the
sequence of operations 1A — 5A into an cutput tensor. The concat operation 824 can
merge the data (e.g., tensors) oulput by 5A for each sub-tensor that was generated by
the batch split operation 821. The oufput iensor can then be provided as input o

operation BA.

[0096] FiG. 9 is a flow diagram that illustrates an exampie process 900 for generating
an updated graph with improved locality and using the updated graph to perform
machine learning computations. The process 900 can be performed by the machine

learning system 120 of FIG. 1.

(06971 Datls of a machine learning model is received (810). The data can represent
operations of the machine learming model and data dependencies hbetween the
operations. For example, the data can include a graph that includes a node for each
operation and edges between operations. Each edge can represent a data dependency
between two operations connected by the edge. For example, an edge from a first
operation to a second operation can indicate that the first operation is performed before
the second operation and that the second operation uses data output by the first

aperation.

[0098] Data specifying characteristics of a memaory hierarchy for a machine learning
processor is received (920). The machine learning processor can be a processor on
which the machine learning model is going to be deployed. The memory hierarchy can
inciude multiple levels of memories for storing machine learning data used by the
machine learning processor when performing machine learing computations using the

machine learning model.

(08991 Each ievel of memories can have different characteristics from sach other
level, As described above, the characteristics of each memory level can include a data
storage capacity of the memory and a memory bandwidih of the memory. The
characteristics of each memory can include characteristics of memory channels
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between the processor (e.g., a processor core) and the memaory, such as direct or

indirect, shared or dedicated, spsed, efc.

(061001 An updated machine learning model is generated based on the graph of
the machine learning mode! and the characteristics of the memory hierarchy (930). For
example, as described above, an improvement module can use a set of rules, one or
more machine learning models, and/or simulations of an input machine learning model
to generate an updated machine leaming model with improved locality.

(061011 As described above, generating the updated machine learning model can
include selecting, for at least a portion of the operations, one of the memories in the
memory hierarchy to store outputs of the operation based on when the ouiputs will be
used as inputs to another operation. For example, if the faster memory cannot store the
outputs of the operation and outputs of other operations that will be executed between
the time at which the operation is executed and the output of the operation is used by
another operation, the outputs of the operation can be stored in slower memory and

later pre-fetched to faster memory.

[60102] Generating the updated machine learmning model can include determining
that output daia for a first operation is to be stored in a first memory {e.g., slower
memory) of the multiple memories of the memory hierarchy based on when the output
data for the operation will be used as input by a second operation. In response, the
improvement module can include, in the updated machine learning model, first conirol
data (e.g., an operation, annotation, efc.) that causes the machine learning processor o
store the cutput data for the first operation in the first memory after the cutput data is
generated by the first operation. The improvement module can also include, in the
updated machine learning modei, second control data that causes the machine lgarming
processor {o transfer (e.g., pre-fetch) the output data from the first memory to the
second memory (&.g., faster memory) prior {0 the output data being used as input to the

second operation.

[06103] The second control data can cause the machine learning processor {0
transfer the output data from the first memory {0 the second memory in response {0 a

third operation being executed. For example, the second control data can include a
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control dependency between the third operation and an operation that causes the

transfer of the output data.

[06104] The improvement module can determine which memory of the multiple
memories to store output data for a first operation based on a number of operations that
will be executed between the first operation and a second operation that will use the
output data to perform a machine learning compuiation. For example, if the number of
cperations exceeds a threshold number of operations, the cutput data can be siored in
slower memory. If the number of operations does not exceed the threshold, the output
data can be stored in faster memory.

[06105] The improvement module can determine which memory of the multiple
memories to store output data for a first operation based on an estimated duration of
time between when the first operation will be executed and the second operation will be
execuied. For example, if the duration of fime exceeds a threshold duration, the output
data can be stored in slower memory. If the duration of time does not exceed the
threshold, the output data can be stored in faster memory.

(60106} Generating the updated machine learmning model can include determining
that input data (e.g., a tensor) for a particular sequence of operations of the machine
learning model requires more data storage capacity than a particular memory (e.q., the
fastest memory) of the multiple memories. Inresponse, the improvement module can
include, in the updated machine leaming model, muitiple sequences of operations that
inciude a same sequence of operations as the particular sequence of operations. The
improvement module can aiso include, in the updated maching learming modsl, first
control data that causes the machine learning processor to split the input data into
muitiple portions of data (e.q., into sub-tensors), second control data that causes the
machine learning processor to assign each portion of data to a respective sequence of
operations of the multiple seqguence of operations, and third control data (e.g., control
dependencies) that causes the machine learning processor to perform the multiple
sequences of operations in series. An example of splitling input data into multiple
portions and including muitiple sequence of operations in an updated machine leaming

model is illustrated in FIG. 8 and described above.
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(06107} Machine learning computations are performed using the updated machine
learning model (940). For example, the updated machine learning model can be
deploved on the machine learning processor. The machine learning processor can train
the updated machine learning model using training data. For example, the machine
learning processor can frain the machine learing model to classify input data. The
machine leaming processor can then use the trained machine learming model o
perform machine learming computations, e.g., to classify other input daia.

[0G108] As described above, the operations of the machine learning model can
include those that are necessary to perform a forward pass through the machine
learning model, e.g., to compute an inference through the machine leaming model.
These operations can include, for example, matrix multiplication operations and/or
convoiution operations performed by the layers of a neural network., The operations can
also include those that are necessary to perform an iteration of a training process to
train the machine learning model. These operations can include operations necessary
to perform a forward pass through the machine learning model and also operations
necessary to perform a backward pass through the machine learning model, i.e,,
backpropagation operations necessary to determine gradients with respect to the
weights or parameters of the machine leaming model.

f00109] Embodiments of the subject matter and the funclional operations
described in this specification can be implemented in digital electronic circuitry, in
tangibly-embodied computer software or firmware, in computer hardware, including the
structures disclosed in this specification and their structural equivalents, or in
combinations of one or more of them. Embodiments of the subject matter described in
this specification can be implemented as one or more computer programs, i.e., one or
more modules of computer program instructions encoded on a tangible non transitory
program carrier for execution by, or to control the operation of, data processing
apparatus. Alternatively or in addition, the program instructions can be encoded on an
griificially generated propagated signal, e.¢., a machine-generated electrical, optical, or
slectromagnetic signal, that is generated to encode information for transmission to
suitable receiver apparatus for execution by a data processing apparatus. The

computer storage medium can be a machine-readable storage device, a machine-
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readable storage substrate, a random or serial access memory device, or a combination

of one or more of them.

(061101 The processes and logic flows described in this specification can be
performed by one or more programmable computers executing one or more computer
programs to perform funclions by operating on input data and generating cutput. The
processes and logic flows can also be performed by, and apparatus can aiso be
implemented as, special purpose logic circuitry, e.g., an FPGA {field programmable gate
array), an ASIC (application specific integrated circuit), or a GPGPU (General purpose
graphics processing unit).

[06111] Computers suiiable for the execution of a computer program include, by
way of example, can be based on general or special purpose microprocessaors or both,
or any other kind of central processing unit. Generally, a central processing unit will
receive instructions and data from a read only memory or a random access memaory or
hoth. The essential elements of a computer are a central processing unit for performing
or executing instructions and one or more memory devices for storing instructions and
data. Generally, a computer will also include, or be operatively coupled to receive data
from or transfer data to, or both, one or more mass storage devices for storing data,
e.g., magnetic, magneto oplical disks, or optical disks. However, a computer need not
have such devices. Moreover, a computer can be embedded in another device, e.g., a
mobile telephone, a personal digital assistant (PDA), a mobile audio or video player, a
game console, a Global Positioning System (GPS) receiver, or a portable storage
device, e.g., a universal serial bus (USB) flash drive, to name just a few.

[68112] Computer readable media suitable for storing computer program
instructions and data include all forms of non volatile memory, media and memaory
devices, including by way of example semiconductor memory devices, .g., EFROM,
EEPROM, and flash memory devices, magnetic disks, &.q., internal hard disks or
removable disks, magneto optical disks; and CD ROM and BYD-ROM disks. The
processor and the memory can be supplemented by, or incorperated in, special purpose

logic circuitry.
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(066113} While this specification contains many specific implementation details,
these should not be construed as limitations on the scope of any invention or of what
may be claimed, but rather as descriptions of features that may be specific to particular
embodiments of particular inventions. Certain features that are described in this
specification in the context of separate embodiments can also be implemented in
combination in a single embodiment. Conversely, various features that are described in
the context of a single embodiment can also be implemented in multiple embodiments
separately or in any suitable subcombination. Moreover, although features may be
described above as acting in certain combinations and even initially claimed as such,
one or more features from a claimed combination can in some cases be excised from
the combination, and the claimed combination may be directed {0 a subcombination or
variation of a subcombination.

[68114] Similarly, while operations are depicted in the drawings in a particular
order, this should not be understood as requiring that such operations be performed in
the particular order shown or in sequential order, or that all iliustrated operations be
performed, (o achieve desirable results. In cerlain circumstances, multitasking and
parailel processing may be advantageous., Moreover, the separation of various system
maodules and components in the embodiments described above should not be
understood as requiring such separation in ali embodiments, and it should be
understood that the described program components and systems can generally be
integrated together in a single software product or packaged into multiple software
products.

[00118] Particular embodiments of the subject matter have been described. Other
embodiments are within the scope of the following claims. For example, the actions
recited in the claims can be performed in a different order and still achieve desirable
results. As one example, the processes depicted in the accompanying figures do not
necessarily require the particular order shown, or sequential order, to achieve desirable
resulis. In certain implementations, multitasking and paraliel processing may be

advantageous.
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CLAIMS
What is claimed is:

1. A method performed by data processing apparatus, the method comprising:

receiving data of a machine learning model, the data representing operations of
the machine learning model! and data dependencies between the operations;

receiving data specifying characteristics of 8 memory hierarchy for a machine
learning processor on which the machine learning model is going to be deployed, the
memory hierarchy including mulliple memories at multivle memory levels for storing
machine learning data used by the machine learning processor when performing
machine learning computations using the machine learning model, the characteristics
including a data storage capacity of each memory and a memory bandwidth of each
memory, wherein at least one of the memories has a different memory bandwidth than
at least one other memory;

generating, based on the data of the machine learming model and the
characteristics of the memory hierarchy, an updated machine learning model by
modifying the operations and control dependencies of the machine leaming model to
account for the characteristics of the memaory hierarchy,; and

performing machine learning computations using the updated machine leaming
model.

2. The method of claim 1, wherein the data of the machine leaming model
comprises a graph that represents the operations of the machine learning model, the
control dependencies betweean the operations, and data dependencies betweaen the
operations,

3. The method of claim 1, wherein generating the updated machine learning model
comprises selecting, for at least a portion of the operations, one of the memories to
store outputs of the operation based on when the outpuls will be used as inputs to

another operation.
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4. The method of claim 1, wherein generating the updated machine learning model
comprises:
determining that cutput data for a first operation is to be stored in a first memory
of the multiple memories based on when the ouiput data for the first operation will be
used as input by a second operation, the first memory having a lower memory
bandwidth than a second memory of the multiple memories and, in response:
including in the updated machine learning model:

first control data that causes the machine learning processor {o
store the output data for the first operation in the first memory after the oulput data is
generated by the first operation; and

second control data that causes the machine learning processor to
transfer the output data from the first memory o the second memaory prior to the output
data being used as input 1o the second operation.

5. The method of claim 4, wherein the second control data causes the machine
learning processor to transfer the output data from the first memory o the second
memory in response o a third operation being executed, the third operation being
different from the first and second operations.

8. The method of claim 4, wherein determining that output data for a first operation
is to be stored in a first memory of the multiple memories based on when the output
data for the first operation will be used as input by a second operation comprises:

determining that the output data for the first operation is to be stored in the first
memory based on at least one of (i) a number of operations that will be executed
between the first operation and the second operation or (i} an estimated duration of
time between when the first operation will be executed and the second operation will be
executed.

7. The method of claim 1, wherein generating the updated machineg learning model
comprises:

determining that input data for a particular sequence of operations of the
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machine learning model requires more data storage capacity than a particular memory
of the multiple memories and, in response:
including in the updated machine learning modesl:

muliiple sequences of operations that include a same sequence of
operations as the particular seguence of operations;

first control data that causes the machine learming processor {o split
the input data into multiple portions of data;

second control data that causes the machine learning processor {0
assign each portion of data to a respective seguence of operations of the multiple
sequence of operations; and

third control data that causes the machine leaming processor o

perform the muitiple sequences of operations in series,

8. The method of claim 1, wherein generating the updated machine learning model
comprises using a second machine learning model to generate the updated machine
learning model based on the machine learning model and the characteristics of the

memory hierarchy.

9. A system, comprising:
a data processing apparatus; and
a memory storage apparatus in data communication with the data processing
apparatus, the memory storage apparatus storing instructions executable by the data
processing apparatus and that upon such execution cause the data processing
apparatus to perform operations comprising:
receiving data of a machine learning model, the data representing
operations of the machine learning model and data dependencies between the
operations;
receiving data specifying characteristics of a memory hierarchy for a
machine learning processor on which the machine learning model is going to be
deployed, the memory hierarchy including multiple memories at multiple memory levels
for storing machine learning data used by the machine learning processor when
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performing machine learning computations using the machine learning model, the
characteristics including a data storage capacity of each memory and a memory
bandwidth of each memory, wherein at least one of the memories has a different
memory bandwidth than at least one other memory;

generating, based on the data of the machine learning model and the
characteristics of the memory hierarchy, an updated machine learning model by
modifying the operations and control dependencies of the machine learming model {o
account for the characteristics of the memory higrarchy; and

performing machine learning computations using the updated machine

learning model.

10, The system of claim 8, wherein the data of the machine learning mode
comprises a graph that represents the operations of the machine learning model, the
control dependencies belween the operations, and data dependencies between the

operations.

11.  The system of claim @, wherein generaling the updated machine learning model
comprises selecting, for at [east a portion of the operations, one of the memories {o
store outputs of the operation based on when the oulputs will be used as inpuis to
another operation.

12.  The system of claim 8, wherein generating the updated machine learning model
comprises:

determining that cutput data for a first operation is to be stored in a first memory
of the muiltiple memories based on when the oulput data for the first operation will be
used as input by a second operation, the first memory having a lower memory
bandwidth than a second memory of the mulliple memories and, in response:

including in the updated machine learning model:
first control data that causes the machine learning processor o

store the ouiput data for the first operation in the first memory after the output data is

generated by the first operation; and
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second control data that causes the machine learning processor o
transfer the output data from the first memory {0 the second memory prior to the output
data being used as input {o the second operation.

13. The system of claim 12, wherein the second control data causes the machine
learning processor {o transfer the ouiput data from the first memory to the second
memory in response to a third operation being executed, the third operation being
different from the first and second operations.

14.  The system of claim 12, wherein determining that output data for a first operation
is to be stored in a first memory of the muitiple memories based on when the output
data for the first operation will be used as input by a second operation comprises:
determining that the oulput data for the first operation is to be stored in the first
memory based on at least one of (i} a number of operations that will be executed
between the first operation and the second operation or (i) an estimated duration of
time between when the first operation will be executed and the second operation will be

executed.

15, The system of claim @, wherein generating the updated machine learning model
comprises:
determining that input data for a particular sequence of operations of the
machine learning model requires more data storage capacity than a particular mamory
of the muiltiple memories and, in response:
including in the updated machine learning modsl:

multiple sequences of operations that include a same sequence of
operations as the particular sequence of operations;

first control data that causes the machine learning processaor o split
the input data into multiple portions of data;

second control daia that causes the machine learning processor o
assign each portion of data fo a respective sequence of operations of the mulliple
sequence of operations; and
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third control data that causes the maching learning processor to

perform the mulliple sequences of operations in series.

186.  The system of claim 9, wherein generating the updated machine learning model
comprises using a secoend machine learning model o generate the updated machine
learning model based on the machine learning model and the characteristics of the

memory hierarchy.

17. A non-transitory computer storage medium encoded with a computer program,
the program comprising instructions that when executed by one or more data
processing apparatus cause the data processing apparatus o perform operations
comprising:

receiving data of a machine leaming model, the data representing operations of
the machine learning model and data dependencies betweaen the operations,

receiving data specifying characteristics of a memory hierarchy for a machine
learning processor on which the machine [earning model is going to be deployed, the
memory hierarchy including multiple memories at mulliple memory levels for storing
machine learning data used by the machine learning processor when performing
machine learning computations using the machinga learning model, the characteristics
including a data storage capacity of each memory and a memory bandwidth of each
memory, wherein at least one of the memories has a different memory bandwidth than
at least one other memory;

generating, based on the data of the machine leaming model and the
characteristics of the memory hierarchy, an updated machine learning model by
modifying the operations and control dependencies of the machine learning model {o
account for the characteristics of the memory hierarchy: and

performing machine learning computations using the updated machine learming

modsl.

18.  The non-transitory computer storage medium of claim 17, wherein the data of the

machine learning model comprises a graph that represents the operations of the
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machine learning model, the control dependencies between the operations, and data

dependencies between the operations.

18.  The non-tfransitory computer storage medium of claim 17, wherein generating the
updated machine learming model comprises selecting, for at least a portion of the
operations, one of the memories 1o store outputs of the operation based on when the
outputs will be used as inputs to another operation.

20.  The non-transitory computer storage medium of claim 17, wherein generating the
updated machine iearning modei comprises:
determining that output data for a first operation is to be stored in a first memory
of the muitiple memories based on when the ouiput data for the first operation will be
used as input by a second operation, the first memory having a lower memory
bandwidth than a second memory of the multiple memories and, in response:
including in the updated machine leaming model:

first control data that causes the machine learming processor {0
store the output data for the first operation in the first memory after the culput data is
generated by the first operation; and

sacond control data that causes the machine learming processor to
transfer the output data from the first memory to the second memory prior 1o the output

data being used as input to the second operation.



