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MODEL TRAINING METHOD AND APPARATUS

[0001] This application claims priority to Chinese Patent Application No. 202110350815.2,
filed with the China National Intellectual Property Administration on March 31, 2021 and entitled
"MODEL TRAINING METHOD AND APPARATUS", which is incorporated herein by reference

in its entirety.

TECHNICAL FIELD

[0002] This application relates to the field of artificial intelligence, and in particular, to a model
training method and apparatus.

BACKGROUND

[0003] Artificial intelligence (artificial intelligence, Al) is a theory, a method, a technology,
and an application system that simulates, extends, and expands human intelligence by using a
digital computer or a machine controlled by the digital computer, to perceive an environment,
obtain knowledge, and achieve an optimal result based on the knowledge. In other words, artificial
intelligence is a branch of computer science and attempts to understand the essence of intelligence
and produce a new intelligent machine that can react in a manner similar to human intelligence.
Artificial intelligence is to research design principles and implementation methods of various
intelligent machines, so that the machines have perception, inference, and decision-making
functions.

[0004] Based on interaction behavior information of a large quantity of users and
recommendation objects, parameters of a recommendation model are trained by using a method,
such as gradient descent. After the model parameters are converged, personalized recommendation
may be provided to users. A click-through rate in a personalized recommendation system is used
as an example. Input features include user features, item features, historical user behavior features,
and context features, and the features are classified into continuous features and discrete features.
For a discrete feature, one-hot is used for sparse encoding, and an embedding vector representation
is extracted from an embedding table based on an encoding ID. An original discrete feature ID is
vectorized and then input to the recommendation model to be trained and learned for prediction.

[0005] A scale and a data volume of a training model directly affect an online service effect of
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the model. In a recommendation system, to enable a model to predict users' interests more
accurately, a large quantity of features and a massive volume of data are usually required. The
large quantity of features bring a large quantity of parameters, so that the model scale reaches
hundreds of GB or even TB. The massive volume of data increases computing power required for
model training. In addition, to capture users' interests more quickly to provide better user
experience and a better recommendation effect to the users, a deep model needs to be updated
frequently and quickly. These requirements result in a difficult problem: The recommendation
model needs to be trained quickly based on the large quantity of features and the massive volume
of data.

[0006] Researchers propose an embedding layer that compresses high-dimensional sparse one-
hot vectors into low-dimensional dense vectors. The embedding layer is also referred to as an
embedding. Main parameters of the recommendation model are also located at the embedding
layer (hundreds of GB or even TB). In addition, to improve prediction accuracy of the model, a
feature combination mining module is usually constructed for the recommendation model based
on a multiplicative network and an MLP network. The module is usually complex, requires a
relatively large computation amount, and may be used for feature interaction and non-linear
mapping between data features. Different from visual and natural language processing (natural
language processing, NLP) models, the recommendation model has its unique features. A click-
through rate (click through rate, CTR) prediction CTR model is used as an example (with reference
to FIG. 4). The recommendation model includes two parts: an embedding layer and a multilayer
perceptron (multilayer perceptron, MLP). Data of a recommendation task includes a large quantity
of high-dimensional sparse ID features. Usually, one-hot encoding is used. When these features
are directly used for model training, it is difficult to learn parameters of a deep model part. To
resolve this problem, researchers propose the embedding layer that compresses high-dimensional
sparse one-hot vectors into low-dimensional dense vectors. The embedding layer is also referred
to as an embedding.

[0007] In an existing implementation, during model training, after completing model training
of a batch (batch), a computing core of a graphics processing unit (graphics processing unit, GPU)
needs to transfer an updated embedding (for example, including an updated embedding 1) to a
CPU. The CPU maintains an embedding table, and the embedding table may include some or all
embeddings required for model training. If model training of a next batch also needs (the
embedding 1), to ensure consistency of concerned parameters, the CPU needs to transfer the
updated embedding 1 to the GPU. Then, a computing core of a computing unit of the GPU may
obtain the updated embedding 1 from a cache and perform model training of the next batch based
on the updated embedding 1. Therefore, the GPU needs to wait for the CPU to complete a process
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of transferring the updated embedding 1 to the GPU. This causes a time delay and greatly increases

training duration.

SUMMARY

[0008] According to a first aspect, this application provides a model training method, applied
to a first processor. The first processor is communicatively connected to a second processor, and
the first processor includes a computing core and a first memory. The second processor includes a
second memory. The first processor and the second processor are processors of different types.
The first processor may be a graphics processing unit GPU, an embedded neural network
processing unit (neural network processing unit, NPU), or a tensor processing unit (tensor
processing unit, TPU), the first memory may be a cache, and the second processor may be a central
processing unit (central processing unit, CPU).

[0009] The method includes:

[0010] The computing core obtains a first target embedding from the second memory.

[0011] The computing core trains a to-be-trained model based on the first target embedding,
to obtain an updated to-be-trained model and a second target embedding. The second target
embedding is an updated first target embedding.

[0012] In this embodiment of this application, after the computing core obtains embeddings
(including the first target embedding) required for model training of a current batch, the computing
core may train the to-be-trained model based on the embeddings (including the first target
embedding) required for model training of the current batch, to obtain the updated to-be-trained
model and updated embeddings (including the second target embedding).

[0013] The computing core writes the second target embedding to the first memory.

[0014] It can be learned that, in this embodiment of this application, after updating the first
target embedding, the first processor saves the second target embedding to the first memory of the
first processor. Without needing to wait for the second processor to complete a process of
transferring the second target embedding to a GPU, the first processor may directly obtain the
second target embedding and perform model training based on the second target embedding,
provided that the first processor may obtain a latest updated embedding (the second target
embedding). Throughput of training data is increased, and a model training speed is improved.
[0015] In a possible implementation, that the computing core trains a to-be-trained model
based on the first target embedding includes:

[0016] The computing core performs model training of an M™ batch on the to-be-trained model

based on the first target embedding. M is a positive integer greater than 1.
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[0017] After the computing core writes the second target embedding to the first memory, the
method further includes:

[0018] The computing core obtains the second target embedding from the first memory.
[0019] The computing core performs model training of an (M + 1)'" batch on the updated to-
be-trained model based on the second target embedding.

[0020] If the first target embedding is further an embedding required for model training of a
next batch, the computing core may directly obtain the updated first target embedding (namely,
the second target embedding) from the first memory. If some embeddings required for model
training of the (M + 1) batch are not stored in the first memory, the second processor may transfer
these embeddings to the first memory.

[0021] In a possible implementation, after the computing core performs model training of an
(M + 1) batch on the updated to-be-trained model based on the second target embedding, a third
target embedding is obtained. The third target embedding is an updated second target embedding.
The computing core may write the third target embedding to the first memory.

[0022] In a possible implementation, that the computing core obtains a first target embedding
from the second memory includes:

[0023] When the first target embedding is an embedding required for model training of the M™
batch, and the first target embedding is not stored in the first memory, the first memory obtains the
first target embedding from the second memory. When the first target embedding is an embedding
required for model training of the M™ batch, and the first target embedding is not stored in the first
memory, the second processor may transfer the first target embedding from the second memory to
the first memory. This is equivalent to that the first memory receives the first target embedding
from the second memory.

[0024] The computing core obtains the first target embedding from the first memory.

[0025] For example, embeddings required for model training of the M™ batch include the first
target embedding. If the second processor determines that the first target embedding is not stored
in the first memory, the second processor may write the first target embedding from the second
memory of the second processor to the first memory. At a time point of writing the first target
embedding, the second processor may write the target embedding from the second memory to the
first memory in a process during which the computing core performs model training of an (M —
1) batch on the to-be-trained model.

[0026] In this embodiment, in a process of model training of a previous batch, the second
processor transfers embeddings that are not stored in the first memory and that are required for
model training of a next batch to the first memory. In this way, the computing core may obtain all
embeddings required for model training of the next batch from the first memory.
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[0027] In a possible implementation, the method further includes:

[0028] Before that the computing core obtains the first target embedding from the first memory,
the computing core obtains a first vector and a target vector that are from the second processor.
The first vector indicates the embeddings required for model training of the M™ batch, each
element in the first vector indicates one embedding, and different elements indicate different
embeddings. The target vector indicates permutations of the embeddings indicated by the elements
in the first vector when model training of the M™ batch is performed, and the embedding indicated
by each element appears at least once in the permutations. The permutation may be a quantity of
times that the embedding indicated by each element in the first vector is used during model training
of the M batch, and a sequence of the embeddings indicated by the elements in the first vector
during model training of the M™ batch.

[0029] That the computing core obtains the first target embedding from the first memory
includes:

[0030] The computing core obtains, based on the first vector, the embeddings required for
model training of the M™ batch from the first memory.

[0031] The computing core determines, based on the target vector and the embeddings
required for model training of the M™ batch, the permutations of the embeddings required for
model training of the M™ batch.

[0032] In an implementation, embeddings required for model training of a batch may include
same embeddings. For example, embeddings required for model training of a batch may be: D =
[embedding 1, embedding 2, embedding 3, embedding 3, embedding 2, embedding 4]. Both the
embedding 2 and embedding 3 appear repeatedly. To reduce a quantity of embedding parameters
read by the computing core of the first processor, the second processor may perform a
deduplication operation on the embeddings required for model training of the batch. Specifically,
the second processor may obtain the first vector, and the elements included in the first vector are
the embeddings required for model training of the M™ batch. In addition, the first vector may
indicate embedding information required for model training after deduplication.

[0033] For example, a first vector before deduplication may be: D = [embedding 1, embedding
2, embedding 3, embedding 3, embedding 2, embedding 4]. A deduplication operation is performed
on the first vector to obtain a first vector after deduplication U = [embedding 1, embedding 2,
embedding 3, embedding 4], and a target vector mask = [0, 1, 2, 2, 1, 3] is obtained. A first element
in the target vector is 0, indicating that a first element in the first vector is a first element in the
second vector. A second element in the target vector is 1, indicating that a second element in the
first vector is a second element in the second vector. A third element in the target vector is 2,
indicating that a third element in the first vector is a third element in the second vector. A fourth
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element in the target vector is 2, indicating that a fourth element in the first vector is the third
element in the second vector. A fifth element in the target vector is 1, indicating that a fifth element
in the first vector is the second element in the second vector. A sixth element in the target vector
is 3, indicating that a sixth element in the first vector is a fourth element in the second vector.
Therefore, the first vector before deduplication may be restored based on the first vector and the
target vector. The first vector before deduplication is used to determine the permutations of the
embeddings required for model training of the M™ batch.

[0034] In a possible implementation, before that the computing core trains a to-be-trained
model based on the first target embedding, the method further includes:

[0035] The computing core obtains the third target embedding from a third memory of a third
processor. The third target embedding and the first target embedding are embeddings required for
model training of the M™ batch. The first processor and the third processor are processors of a
same type.

[0036] That the computing core trains a to-be-trained model based on the first target
embedding includes:

[0037] The computing core processes the first target embedding and the third target embedding
by using the to-be-trained model, to obtain a target output. The computing core determines a first
gradient based on the target output.

[0038] The computing core updates the to-be-trained model and the first target embedding
based on the first gradient.

[0039] In a scenario in which a plurality of computing nodes are included, each computing
node may be responsible for a part of embeddings required for model training of a current batch,
and is responsible for updating a part of embeddings. In a possible implementation, the computing
core needs to obtain the third target embedding from a third memory of a third processor of another
server node and perform a feedforward process in a model training process based on the first target
embedding and the third target embedding. However, during an update, the computing core of the
first processor needs to update the first target embedding only based on the first gradient.

[0040] In a possible implementation, that the computing core determines a first gradient based
on the target output includes: The computing core determines the first gradient and a second
gradient based on the target output.

[0041] After the computing core determines the first gradient and a second gradient based on
the target output, the method further includes:

[0042] The computing core transfers the second gradient to a computing core of the third
processor, so that the computing core of the third processor updates the third target embedding
based on the second gradient.
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[0043] Specifically, data communication (for example, allreduce communication) between the
first processor and the third processor may be used to synchronize gradients of embeddings, so
that the third processor may obtain a gradient obtained through computation by the first processor
after model training of the current batch. Then, the third processor may update an embedding (the
third target embedding) for which the third processor is responsible.

[0044] In a possible implementation, the first processor is a graphics processing unit GPU, an
embedded neural network processing unit NPU, or a tensor processing unit TPU, the first memory
is a cache, and the second processor is a central processing unit CPU.

[0045] According to a second aspect, an embodiment of this application provides a model
training method, applied to a second processor. The second processor is communicatively
connected to a first processor. The first processor includes a computing core and a first memory.
The second processor includes a second memory. The first processor and the second processor are
processors of different types. The method includes:

[0046] The second processor obtains embedding information required by the computing core
for performing model training of an M™ batch and embedding information stored in the first
memory, and M is a positive integer greater than 1.

[0047] The embedding information required for model training of the M™ batch may indicate
embeddings required for model training of the M batch. For example, the information may be but
is not limited to identification information or pointer information indicating the embedding. This
is not limited herein.

[0048] The second processor writes a first target embedding to the first memory based on the
embedding information required by the computing core for performing model training of the M™
batch and the embedding information stored in the first memory. The first target embedding is an
embedding that is required for model training of the M batch and that is not stored in the first
memory.

[0049] In a possible implementation, that the second processor writes a first target embedding
to the first memory includes:

[0050] The second processor writes the first target embedding to the first memory in a process
during which the computing core performs model training of an (M — 1) batch on a to-be-trained
model.

[0051] In a possible implementation, before that the second processor writes a first target
embedding to the first memory, the method further includes:

[0052] When available storage space of the first memory is less than storage space required
for storing the first target embedding, the second processor deletes at least one embedding from
the first memory, and writes the at least one embedding to the second memory. The at least one
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embedding is an embedding that is not required for model training of the M™" batch.

[0053] Storage space of the first memory is limited. If available storage space of the first
memory is less than storage space required for storing the target embedding, the second processor
needs to delete at least one embedding stored in the first memory, so that the first memory has
sufficient space to store embeddings transferred from the second processor.

[0054] For example, the embeddings required for model training of the M™ batch include the
first target embedding, an embedding 1, an embedding 2, and an embedding 3. The embedding 3,
an embedding 4, and an embedding 5 are stored in the first memory, and the first target embedding,
the embedding 1, and the embedding 2 are not stored in the first memory. Four embeddings may
be stored in the first memory. Therefore, available storage space (1) of the first memory is less
than storage space (3) required for storing the first target embedding. In this way, two embeddings
(including the embedding 4 and the embedding 5) stored in the first memory may be deleted, so
that the first memory has sufficient space to store the embeddings (including the first target
embedding, the embedding 1, and the embedding 2) transferred from the second processor.
[0055] To ensure parameter consistency, the computing core may further write a deleted
embedding to the second memory. In this way, when the second processor transfers an embedding
to the first memory of the first processor next time, the transferred embedding is a latest updated
embedding. Specifically, the second processor may write at least one embedding to the second
memory.

[0056] Specifically, an embedding that needs to be deleted is definitely not an embedding
required for model training of the current batch. Otherwise, if an embedding required for model
training of the current batch is deleted, the second processor needs additional time to transfer the
embedding to the first memory of the first processor.

[0057] In addition, in a model training process of the to-be-trained model, an embedding that
is not used for a longest time in the plurality of embeddings is selected as the to-be-deleted
embedding. In the model training process of the to-be-trained model, the embedding that is not
used for a longest time in the plurality of embeddings may be considered as an infrequently used
embedding. After these embeddings are deleted, embeddings required for model training in a
subsequent long time may not include these embeddings. This reduces a frequency of transmitting
data by the second processor to the first processor. In this selection manner, data transmission
overheads from the second processor to the first processor may be reduced, and communication
traffic of a computing system is reduced, thereby further improving a model training speed of the
system.

[0058] In a possible implementation, the method further includes:

[0059] Before that the second processor writes a first target embedding to the first memory,
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the second processor obtains a first vector and a target vector. The first vector indicates the
embeddings required for model training of the M batch, each element in the first vector indicates
one embedding, and different elements indicate different embeddings. The target vector indicates
permutations of the embeddings indicated by the elements in the first vector when model training
of the M™ batch is performed, and the embedding indicated by each element appears at least once
in the permutations.

[0060] The second processor transfers the first vector and the target vector to the first processor.
[0061] In a possible implementation, the first processor is a graphics processing unit GPU, an
embedded neural network processing unit NPU, or a tensor processing unit TPU, the first memory
IS a cache, and the second processor is a central processing unit CPU.

[0062] According to a third aspect, this application provides a model training apparatus,
applied to a first processor. The first processor is communicatively connected to a second processor.
The first processor includes a computing core and a first memory. The second processor includes
a second memory. The first processor and the second processor are processors of different types.
The computing core includes:

an obtaining unit, configured to obtain a first target embedding from the second
memory;

a model training unit, configured to train a to-be-trained model based on the first target
embedding, to obtain an updated to-be-trained model and a second target embedding, where the
second target embedding is an updated first target embedding; and

a data writing unit, configured to write the second target embedding to the first memory.
[0063] In a possible implementation, the model training unit is configured to perform model
training of an M batch on the to-be-trained model based on the first target embedding, and M is
a positive integer greater than 1.

[0064] The obtaining unit is configured to obtain the second target embedding from the first
memory after the computing core writes the second target embedding to the first memory.
[0065] The model training unit is further configured to:

perform model training of an (M + 1) batch on the updated to-be-trained model based
on the second target embedding.

[0066] In a possible implementation, the model training unit is further configured to:

obtain a third target embedding, after model training of the (M + 1) batch is performed
on the updated to-be-trained model based on the second target embedding. The third target
embedding is an updated second target embedding.

[0067] The data writing unit is further configured to write the third target embedding to the

first memory.
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[0068] In a possible implementation, when the first target embedding is an embedding required
for model training of the M™ batch, and the first target embedding is not stored in the first memory,
the first memory obtains the first target embedding from the second memory.
[0069] The obtaining unit is specifically configured to:

obtain the first target embedding from the first memory.
[0070] In a possible implementation, that the first memory obtains the first target embedding
from the second memory includes:

in a process during which the computing core performs model training of an (M — 1)
batch on the to-be-trained model, the first memory obtains the first target embedding from the
second memory.
[0071] In a possible implementation, the obtaining unit is further configured to: before the
computing core obtains the first target embedding from the first memory, obtain a first vector and
a target vector that are from the second processor, where the first vector indicates embeddings
required for model training of the M™ batch, each element in the first vector indicates one
embedding, and different elements indicate different embeddings; and the target vector indicates
permutations of the embeddings indicated by the elements in the first vector when model training
of the M™ batch is performed, and the embedding indicated by each element appears at least once
in the permutations;

obtain, based on the first vector, the embeddings required for model training of the M™
batch from the first memory; and

determine, based on the target vector and the embeddings required for model training
of the M™ batch, the permutations of the embeddings required for model training of the M™ batch.
[0072] In a possible design, the obtaining unit is further configured to:

before the computing core trains the to-be-trained model based on the first target
embedding, obtain the third target embedding from a third memory of a third processor. The third
target embedding and the first target embedding are embeddings required for model training of the
M™ batch, and the first processor and the third processor are processors of a same type.
[0073] The model training unit is specifically configured to:

process the first target embedding and the third target embedding by using the to-be-
trained model, to obtain a target output, and determine a first gradient based on the target output;
and

update the to-be-trained model and the first target embedding based on the first gradient.
[0074] In a possible implementation, the model training unit is specifically configured to:

determine the first gradient and a second gradient based on the target output.
[0075] The computing core further includes a second data transfer unit, configured to, after
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the first gradient and the second gradient are determined based on the target output, transfer the
second gradient to a computing core of the third processor, so that the computing core of the third
processor updates the third target embedding based on the second gradient.
[0076] In a possible implementation, the first processor is a graphics processing unit GPU, an
embedded neural network processing unit NPU, or a tensor processing unit TPU, the first memory
is a cache, and the second processor is a central processing unit CPU.
[0077] According to a fourth aspect, this application provides a model training apparatus,
applied to a second processor. The second processor is communicatively connected to a first
processor. The first processor includes a computing core and a first memory. The second processor
includes a second memory. The first processor and the second processor are processors of different
types. The apparatus includes:

an obtaining unit, configured to obtain embedding information required by the
computing core for performing model training of an M™ batch and embedding information stored
in the first memory, where M is a positive integer greater than 1; and

a data writing unit, configured to write a first target embedding to the first memory
based on the embedding information required by the computing core for performing model training
of the M batch and the embedding information stored in the first memory, where the first target
embedding is an embedding that is required for model training of the M™ batch and that is not
stored in the first memory.
[0078] In a possible implementation, the data writing unit is configured to write the first target
embedding to the first memory in a process during which the computing core performs model
training of an (M — 1)™ batch on a to-be-trained model.
[0079] In a possible implementation, the data writing unit is further configured to: before the
first target embedding is written to the first memory, delete at least one embedding from the first
memory and write the at least one embedding to the second memory when available storage space
of the first memory is less than storage space required for storing the first target embedding. The
at least one embedding is an embedding that is not required for model training of the M batch.
[0080] In a possible implementation, the obtaining unit is further configured to obtain a first
vector and a target vector before the first target embedding is written to the first memory. The first
vector indicates embeddings required for model training of the M™ batch, each element in the first
vector indicates one embedding, and different elements indicate different embeddings. The target
vector indicates permutations of the embeddings indicated by the elements in the first vector when
model training of the M batch is performed, and the embedding indicated by each element appears
at least once in the permutations.

[0081] The data writing unit is further configured to transfer the first vector and the target
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vector to the first processor.

[0082] In a possible implementation, the first processor is a graphics processing unit GPU, an
embedded neural network processing unit NPU, or a tensor processing unit TPU, the first memory
is a cache, and the second processor is a central processing unit CPU.

[0083] According to a fifth aspect, an embodiment of this application provides a model
training apparatus, including a memory, a processor, and a bus system. The memory is configured
to store a program, and the processor is configured to execute the program in the memory, to
perform the method according to any one of the first aspect, the second aspect, and the optional
implementations of the first aspect and the second aspect.

[0084] According to a sixth aspect, an embodiment of this application provides a computer-
readable storage medium. A computer program is stored in the computer-readable storage medium.
When the computer program is run on a computer, the computer is enabled to perform the method
according to any one of the first aspect, the second aspect, and the optional implementations of the
first aspect and the second aspect.

[0085] According to a seventh aspect, this application provides a computer program product,
including code. When the code is run on a computer, the computer is enabled to perform the
method according to any one of the first aspect, the second aspect, and the optional
implementations of the first aspect and the second aspect.

[0086] According to an eighth aspect, this application provides a chip system. The chip system
includes a processor. The processor is configured to support an execution device or a training
device in implementing functions in the foregoing aspects, for example, sending or processing data
or information involved in the foregoing method. In a possible design, the chip system further
includes a memory. The memory is configured to store program instructions and data that are
necessary for the execution device or the training device. The chip system may include a chip, or
may include a chip and another discrete device.

[0087] Embodiments of this application provide a model training method, applied to a first
processor. The first processor is communicatively connected to a second processor, and the first
processor includes a computing core and a first memory. The second processor includes a second
memory. The first processor and the second processor are processors of different types. The
method includes: The computing core obtains a first target embedding from the second memory.
The computing core trains a to-be-trained model based on the first target embedding, to obtain an
updated to-be-trained model and a second target embedding. The second target embedding is an
updated first target embedding. The computing core writes the second target embedding to the first
memory. In the foregoing manner, after updating an embedding, the first processor saves the
updated embedding to the first memory of the first processor. Without needing to wait for the
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second processor to complete a process of transferring the second target embedding to a GPU, the
first processor may directly obtain the updated embedding and perform model training of a next
round based on the updated embedding, provided that the first processor may obtain a latest
updated embedding. This application can improve a speed for processing training data by the

processor during model training.

BRIEF DESCRIPTION OF DRAWINGS

[0088] FIG. 1is aschematic diagram of a structure of an artificial intelligence main framework;
[0089] FIG. 2 is a schematic diagram of an application architecture;

[0090] FIG. 3 is a schematic diagram of an application architecture;

[0091] FIG. 4 is a schematic diagram of a structure of a model,

[0092] FIG. 5 is a schematic diagram of an embodiment of a model training method according
to an embodiment of this application;

[0093] FIG. 6 is a schematic diagram of a model training method;

[0094] FIG. 7 to FIG. 12 are schematic diagrams of embodiments of a model training method
according to an embodiment of this application;

[0095] FIG. 13 to FIG. 16 each is a schematic diagram of an effect according to an embodiment
of this application;

[0096] FIG. 17 and FIG. 18a are schematic diagrams of software modules according to an
embodiment of this application;

[0097] FIG. 18b is a schematic diagram of an embodiment of a model training method
according to an embodiment of this application;

[0098] FIG. 19 and FIG. 20 are schematic diagrams of a model training apparatus according
to an embodiment of this application;

[0099] FIG. 21 is a schematic diagram of a structure of a training device according to an
embodiment of this application; and

[00100] FIG. 22 is a schematic diagram of a structure of a chip according to an embodiment of
this application.

DESCRIPTION OF EMBODIMENTS

[00101] The following describes embodiments of the present invention with reference to the
accompanying drawings in embodiments of the present invention. Terms used in embodiments of
the present invention are merely intended to explain specific embodiments of the present invention,

and are not intended to limit the present invention.
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[00102] The following describes embodiments of this application with reference to the
accompanying drawings. A person of ordinary skill in the art may learn that, with the development
of technologies and emergence of new scenarios, the technical solutions provided in embodiments
of this application are also applicable to a similar technical problem.

[00103] In the specification, claims, and the accompanying drawings of this application, the
terms "first", "second", and the like are intended to distinguish between similar objects but do not
necessarily indicate a specific order or sequence. It should be understood that the terms used in
such a way are interchangeable in proper circumstances, and this is merely a discrimination manner
for describing objects having a same attribute in embodiments of this application. In addition, the
terms "include", "have", and any other variants mean to cover the non-exclusive inclusion, so that
a process, method, system, product, or device that includes a series of units is not necessarily
limited to those units, but may include other units not expressly listed or inherent to such a process,
method, product, or device.

[00104] An overall working procedure of an artificial intelligence system is first described with
reference to FIG. 1. FIG. 1 is a schematic diagram of a structure of an artificial intelligence main
framework. The following describes the artificial intelligence main framework from two
dimensions: an "intelligent information chain" (a horizontal axis) and an "IT value chain” (a
vertical axis). The "intelligent information chain™ reflects a series of processes from obtaining data
to processing the data. For example, the process may be a general process of intelligent information
perception, intelligent information representation and formation, intelligent inference, intelligent
decision-making, and intelligent execution and output. In this process, the data undergoes a
refinement process of "data-information-knowledge-intelligence”. The "IT value chain" reflects
value brought by artificial intelligence to the information technology industry from an underlying
infrastructure and information (technology providing and processing implementation) of artificial
intelligence to an industrial ecological process of a system.

[00105] (1) Infrastructure

[00106] The infrastructure provides computing capability support for the artificial intelligence
system, implements communication with an external world, and implements support by using a
basic platform. The infrastructure communicates with the outside by using sensors. A computing
capability is provided by smart chips (hardware acceleration chips such as a CPU, an NPU, a GPU,
an ASIC, and an FPGA). Basic platforms include related platforms, for example, a distributed
computing framework and network, for assurance and support. The basic platforms may include a
cloud storage and computing network, an interconnection network, and the like. For example, the
sensor communicates with the outside to obtain data, and the data is provided to an intelligent chip
in a distributed computing system provided by the basic platforms for computing.
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[00107] (2) Data

[00108] Data at an upper layer of the infrastructure indicates a data source in the field of
artificial intelligence. The data relates to a graph, an image, voice, and text, further relates to
internet of things data of a conventional device, and includes service data of an existing system
and perception data such as force, displacement, a liquid level, a temperature, and humidity.
[00109] (3) Data processing

[00110] Data processing usually includes a manner such as data training, machine learning,
deep learning, searching, inference, decision-making, and the like.

[00111] Machine learning and deep learning may mean performing symbolic and formalized
intelligent information modeling, extraction, preprocessing, training, and the like on data.
[00112] Inference is a process in which a human intelligent inference manner is simulated in a
computer or an intelligent system, and machine thinking and problem resolving are performed by
using formal information according to an inference control policy. A typical function is searching
and matching.

[00113] Decision-making is a process in which a decision is made after intelligent information
is inferred, and usually provides functions such as classification, ranking, and prediction.

[00114] (4) General-purpose capability

[00115] After data processing mentioned above is performed on data, some general capabilities
may further be formed based on a data processing result, for example, an algorithm or a general
system such as translation, text analysis, computer vision processing, speech recognition, and
image recognition.

[00116] (5) Smart product and industry application

[00117] Smart products and industry applications are products and applications of the artificial
intelligence system in various fields. The smart products and industry applications involve
packaging overall artificial intelligence solutions, to productize and apply intelligent information
decision-making. Application fields of the smart products and the industry applications mainly
include smart terminals, smart transportation, smart health care, autonomous driving, smart city,
and the like.

[00118] The following describes an application scenario of embodiments of this application.
[00119] Embodiments of this application may be applied to a computing system. The computing
system may be a server or a terminal device. The terminal device may be a mobile device, a
computer, or the like. The computing system may include a first processor and a second processor.
The first processor may be a graphics processing unit GPU, an embedded neural network
processing unit NPU, a tensor processing unit TPU, or the like. The second processor may be a
central processing unit CPU.
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[00120] For example, the computing system is a server, the first processor is a GPU, and the
second processor is a CPU. FIG. 2 is a schematic diagram of an architecture of a server according
to an embodiment of this application. As shown in FIG. 2, the server may include a CPU and a
plurality of GPUs interconnected to the CPU. The CPU may include a memory (may be referred
to as a second memory in subsequent embodiments), the CPU may read and write the memory
through a bus, and the GPU may include a computing core and a cache (or referred to as a video
memory) (which may be referred to as a first memory in subsequent embodiments). The CPU and
the GPU may transmit/exchange data through a bus such as a PCle, and the GPU and the GPU are
interconnected by using a PCle switch/NVSwitch.

[00121] FIG. 3 is a schematic diagram of an architecture of a server cluster according to an
embodiment of this application. As shown in FIG. 3, the server cluster may include a plurality of
interconnected server nodes. The server node is a virtual concept, and includes one multi-core and
multi-thread CPU node and several GPU nodes. The plurality of server nodes may be
interconnected through a network, such as an Ethernet network/InfiniBand network.

[00122] The computing system to which embodiments of this application apply may be a server
or a plurality of server nodes. An embedding (or referred to as an embedding parameter) is stored
in amemory of a CPU node, and a cache of a GPU node may be used to cache a part of embeddings.
A hard disk of the CPU node is used to store a training sample, and a computing core or a thread
of the CPU node is mainly used to read data and transfer embeddings between the CPU and the
GPU. A computing core of the GPU node is used for forward and reverse computation of a neural
network, and data exchange/communication is performed between GPU nodes in a manner such
as PCle.

[00123] Embodiments of this application involve a large quantity of applications related to a
neural network. For ease of understanding, the following first describes terms related to and
involved in embodiments of this application and concepts related to the neural network and the
like.

[00124] (1) Neural network

[00125] The neural network may include a neuron. The neuron may be an operation unit that
uses xs and an intercept of 1 as an input. An output of the operation unit may be as follows:
[00126] s=1, 2, ..., 0rn.nisanatural number greater than 1. Ws is a weight of xs. b is a bias
of the neuron. fis an activation function (activation function) of the neuron. The activation function
is used for introducing a non-linear characteristic into the neural network, to convert an input signal
of the neuron into an output signal. The output signal of the activation function may be used as an
input of a next convolutional layer, and the activation function may be a sigmoid function. The
neural network is a network formed by connecting a plurality of single neurons together. To be
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specific, an output of one neuron may be an input to another neuron. An input of each neuron may
be connected to a local receptive field of a previous layer, to extract a feature of the local receptive
field. The local receptive field may be an area including several neurons.

[00127] (2) Embedding layer (embedding layer)

[00128] The embedding layer may be referred to as an input embedding (input embedding) layer.
A current input may be a text input, for example, a section of text or a sentence. The text may be
Chinese text, English text, or text in another language. After the current input is obtained,
embedding processing may be performed on all words in the current input at the embedding layer,
to obtain feature vectors of all the words. In some embodiments, the embedding layer includes an
input embedding layer and a positional encoding (positional encoding) layer. At the input
embedding layer, word embedding processing may be performed on all the words in the current
input, to obtain word embedding vectors of all the words. At the positional encoding layer,
locations of all the words in the current input may be obtained, to generate location vectors for the
locations of all the words. In some examples, the locations of all the words may be absolute
locations of all the words in the current input. For example, the current input is "what date should
the Huabei debt be repaid”, where a location of "what™ may be represented as a first location, a
location of "date™ may be represented as a second location, and so on. In some examples, the
locations of all the words may be locations of all the words relative to each other. For example, the
current input is still "what date should the debt be repaid”, where a location of "what™ may be
represented as preceding "date”, a location of "date” may be represented as following "what" and
preceding "should", and so on. When word embedding vectors and location vectors of all the words
in the current input are obtained, the location vectors of all the words and the corresponding word
embedding vectors may be combined to obtain feature vectors of all the words, that is, obtain a
plurality of feature vectors corresponding to the current input. The plurality of feature vectors may
be represented as an embedding vector with a preset dimension. A quantity of feature vectors in
the plurality of feature vectors may be set to M, and preset dimensions may be H dimensions. In
this case, the plurality of feature vectors may be represented as an M x H embedding vector.
[00129] (3) Deep learning recommendation system

[00130] Based on interaction behavior information of a large quantity of users and
recommendation objects, parameters of a recommendation model are trained by using a method,
such as gradient descent. After the model parameters are converged, personalized recommendation
may be performed for users. A click-through rate in a personalized recommendation system is used
as an example. Input features include user features, item features, historical user behavior features,
and context features, and the features are classified into continuous features and discrete features.
For a discrete feature, one-hot is used for sparse encoding, and an embedding vector representation
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is extracted from an embedding table based on an encoding ID. An original discrete feature ID is
vectorized and then input to the recommendation model to be trained and learned for prediction.
[00131] In a training process of the deep learning recommendation system, a scale and a data
volume of a training model directly affect an online service effect of the model. In a
recommendation system, to enable a model to predict users' interests more accurately, a large
quantity of features and a massive volume of data are usually required. The large quantity of
features bring a large quantity of parameters, so that the model scale reaches hundreds of GB or
even TB. The massive volume of data increases computing power required for model training. In
addition, to capture users' interests more quickly to provide better user experience and a better
recommendation effect to the users, a deep model needs to be updated frequently and quickly.
These requirements result in a difficult problem: The recommendation model needs to be trained
quickly based on the large quantity of features and the massive volume of data.

[00132] Different from visual and natural language processing (natural language processing,
NLP) models, the recommendation model has its unique features. A click-through rate (click
through rate, CTR) prediction CTR model is used as an example (with reference to FIG. 4). The
recommendation model includes two parts: an embedding layer and a multilayer perceptron
(multilayer perceptron, MLP). Data of a recommendation task includes a large quantity of high-
dimensional sparse ID features. Usually, one-hot encoding is used. When these features are directly
used for model training, it is difficult to learn parameters of a deep model part. To resolve this
problem, researchers propose the embedding layer that compresses high-dimensional sparse one-
hot vectors into low-dimensional dense vectors. The embedding layer is also referred to as an
embedding. Main parameters of the recommendation model are also located at the embedding
layer (hundreds of GB or even TB). In addition, to improve prediction accuracy of the model, a
feature combination mining module is usually constructed for the recommendation model based
on a multiplicative network and an MLP network. The module is usually complex, requires a
relatively large computation amount, and may be used for feature interaction and non-linear
mapping between data features.

[00133] FIG. 5shows a model training method according to an embodiment of this application.
A first processor is communicatively connected to a second processor, the first processor includes
a computing core and a first memory, and the second processor includes a second memory. The
first processor and the second processor are processors of different types. The first processor may
be a GPU, an NPU, or a TPU, the first memory may be a cache, and the second processor may be
a CPU.

[00134] As shown in FIG. 5, the model training method provided in an embodiment of this

application includes the following steps.
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[00135] 501: The computing core obtains a first target embedding from the second memory.
[00136] In this embodiment of this application, the computing core may obtain a to-be-trained
model during model training. The to-be-trained model may include an embedding layer and
another network layer. With a recommendation model as an example, the to-be-trained model may
include an MLP layer.

[00137] To train the to-be-trained model, the computing core may obtain embeddings (including
the first target embedding) required for a current batch from the first memory of the first processor.
For ease of description, the following uses an example in which the first processor is a GPU and
the second processor is a CPU for description.

[00138] In an existing implementation, after completing model training of a batch, the
computing core needs to transfer an updated embedding (for example, including an updated
embedding 1) to the CPU. The CPU maintains an embedding table, and the embedding table may
include some or all embeddings required for model training. If model training of a next batch also
needs (embedding 1), to ensure consistency of concerned parameters, the CPU needs to transfer
the updated embedding 1 to the GPU, so that the computing core of the GPU may obtain the
updated embedding 1 from a cache, and perform model training of the next batch based on the
updated embedding 1. Therefore, the GPU needs to wait for the CPU to complete a process of
transferring the updated embedding 1 to the GPU. This causes a time delay and greatly increases
training duration.

[00139] For details, refer to FIG. 6. At a moment 1, the CPU may determine that embeddings
required for model training of a next batch are data 1, 2, and 3. At a moment 2, the CPU may
transfer the data 1, 2, and 3 to the GPU. At a moment 3, the computing core of the GPU may
complete model training based on the data 1, 2, and 3, and transfer updated data 1, 2, and 3 to the
CPU. In addition, at the moment 3, the CPU may determine that embeddings required for model
training of a next batch are data 2, 3, and 4. At a moment 4, the CPU may transfer the data 2, 3,
and 4 to the GPU. At a moment 5, the computing core of the GPU may complete model training
based on the data 2, 3, and 4, and transfer updated data 2, 3, and 4 to the CPU. In addition, at the
moment 5, the CPU may determine that embeddings required for model training of a next batch
are data 1, 3, and 4. At a moment 6, the CPU may transfer the data 1, 3, and 4 to the GPU. At the
moments 2, 4, and 6, the GPU needs to wait for the CPU to complete a process of transferring the
embeddings to the GPU. This greatly increases the training duration.

[00140] The model training method provided in this embodiment of this application may
resolve the foregoing problem.

[00141] For details, refer to FIG. 9. In an implementation, if model training to be performed
currently is model training of an M™ batch, the second processor may determine whether
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embeddings required for model training of the M™ batch are stored in the first memory. If the
second processor determines that some or all of the embeddings required for model training of the
M™ batch are not stored in the first memory, the second processor may obtain embeddings that are
not stored in the first memory and that are required for model training from the second memory
and transfer the embeddings that are not stored in the first memory and that are required for model
training to the first memory.

[00142] For example, the embeddings required for model training of the M™ batch include the
first target embedding. If the second processor determines that the first target embedding is not
stored in the first memory, the second processor may write the first target embedding from the
second memory to the cache.

[00143] At atime point of writing the first target embedding, the second processor may write
the first target embedding from the second memory to the first memory in a process during which
the computing core performs model training of an (M — 1) batch on the to-be-trained model.
[00144] Storage space of the first memory is limited. If available storage space of the first
memory is less than storage space required for storing the target embedding, the second processor
needs to delete at least one embedding stored in the first memory, so that the first memory has
sufficient space to store embeddings transferred from the second processor.

[00145] For example, the embeddings required for model training of the M™ batch include the
first target embedding, the embedding 1, an embedding 2, and an embedding 3. The embedding 3,
an embedding 4, and an embedding 5 are stored in the first memory, and the first target embedding,
the embedding 1, and the embedding 2 are not stored in the first memory. Four embeddings may
be stored in the first memory. Therefore, the available storage space (1) of the first memory is less
than the storage space (3) required for storing the first target embedding. In this way, two
embeddings (including the embedding 4 and the embedding 5) stored in the first memory may be
deleted, so that the first memory has sufficient space to store the embeddings (including the first
target embedding, the embedding 1, and the embedding 2) transferred from the second processor.
[00146] Refer to FIG. 10. To ensure parameter consistency, the computing core may further
write a deleted embedding to the second memory. In this way, when the second processor transfers
an embedding to the first memory of the first processor next time, the transferred embedding is a
latest updated embedding. Specifically, the second processor may write at least one embedding to
the second memory.

[00147] The following describes how the second processor determines which embeddings
should be deleted from the first memory.

[00148] In this embodiment of this application, based on a preset condition, the at least one
embedding may be obtained from a plurality of embeddings stored in the first memory. The preset
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condition includes at least one of the following conditions: in a model training process of the to-
be-trained model, an embedding that is not used for a longest time in the plurality of embeddings;
and an embedding that is not required for model training of the M batch.

[00149] Specifically, an embedding that needs to be deleted is definitely not an embedding
required for model training of the current batch. Otherwise, if an embedding required for model
training of the current batch is deleted, the CPU needs additional time to transfer the embedding
to the first memory of the first processor.

[00150] In addition, in the model training process of the to-be-trained model, the embedding
that is not used for a longest time in the plurality of embeddings may be considered as an
infrequently used embedding. After these embeddings are deleted, embeddings required for model
training in a subsequent long time may not include these embeddings. This reduces a frequency of
transmitting data by the CPU to the first processor. In this selection manner, data transmission
overheads from the CPU to the first processor may be reduced, and communication traffic of a
computing system is reduced, thereby further improving a model training speed of the system.
[00151] Inamodel training process, to enable the computing core of the first processor to know
embeddings required for model training of the current batch, the second processor needs to transfer
information indicating the embeddings required for model training of the current batch to the
computing core. In this way, the computing core may read, based on the foregoing information,
the embeddings required for model training of the current batch and permutations of the
embeddings from the first memory.

[00152] Specifically, before the computing core obtains the first target embedding from the first
memory, the computing core may obtain a first vector and a target vector that are from the second
processor. The first vector indicates the embeddings required for model training of the M™ batch,
each element in the first vector indicates one embedding, and different elements indicate different
embeddings. The target vector indicates permutations of the embeddings indicated by the elements
in the first vector when model training of the M™ batch is performed, and the embedding indicated
by each element appears at least once in the permutations. The permutation may be a quantity of
times that the embedding indicated by each element in the first vector is used during model training
of the M™ batch, and a sequence of the embeddings indicated by the elements in the first vector
during model training of the M™ batch.

[00153] Inan implementation, embeddings required for model training of a batch may include
same embeddings. For example, embeddings required for model training of a batch may be: D =
[embedding 1, embedding 2, embedding 3, embedding 3, embedding 2, embedding 4]. Both the
embedding 2 and embedding 3 appear repeatedly. To reduce a quantity of embedding parameters
read by the computing core of the first processor, the second processor may perform a
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deduplication operation on the embeddings required for model training of the batch. Specifically,
the second processor may obtain the first vector, and the elements included in the first vector are
the embeddings required for model training of the M™ batch. In addition, the first vector may
indicate embedding information required for model training after deduplication.

[00154] Forexample, a first vector before deduplication may be: D = [embedding 1, embedding
2, embedding 3, embedding 3, embedding 2, embedding 4]. A deduplication operation is performed
on the first vector to obtain a first vector after deduplication U = [embedding 1, embedding 2,
embedding 3, embedding 4], and a target vector mask = [0, 1, 2, 2, 1, 3] is obtained. A first element
in the target vector is 0, indicating that a first element in the first vector is a first element in the
second vector. A second element in the target vector is 1, indicating that a second element in the
first vector is a second element in the second vector. A third element in the target vector is 2,
indicating that a third element in the first vector is a third element in the second vector. A fourth
element in the target vector is 2, indicating that a fourth element in the first vector is the third
element in the second vector. A fifth element in the target vector is 1, indicating that a fifth element
in the first vector is the second element in the second vector. A sixth element in the target vector
is 3, indicating that a sixth element in the first vector is a fourth element in the second vector.
Therefore, the first vector before deduplication may be restored based on the first vector and the
target vector. The first vector before deduplication is used to determine the permutations of the
embeddings required for model training of the M™ batch.

[00155] In an implementation, the first processor may obtain, based on the first vector, the
embeddings required for model training of the M batch from the first memory. The computing
core then determines, based on the target vector and the embeddings required for model training
of the M™ batch, the permutations of the embeddings required for model training of the M™ batch.
[00156] 502: The computing core trains the to-be-trained model based on the first target
embedding, to obtain an updated to-be-trained model and a second target embedding, where the
second target embedding is an updated first target embedding.

[00157] In this embodiment of this application, after the computing core obtains embeddings
(including the first target embedding) required for model training of a current batch, the computing
core may train the to-be-trained model based on the embeddings (including the first target
embedding) required for model training of the current batch, to obtain the updated to-be-trained
model and updated embeddings (including the second target embedding).

[00158] In an implementation, the computing core may perform forward and reverse
computation based on the embeddings (including the first target embedding) required for model
training of the current batch and the to-be-trained model, to obtain a gradient corresponding to the
to-be-trained model and a gradient corresponding to each embedding used for model training of
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the current batch. For example, the to-be-trained model includes an MLP, and a network gradient
of the to-be-trained model may include a neural network gradient (MLP_G). Then, parameters of
the to-be-trained model and embeddings may be updated based on the network gradient of the to-
be-trained model and gradients of the embeddings required for model training of the current batch.
[00159] Inan implementation, if the computing system may further include a third processor of
a same processor type as the first processor, the first processor may complete computation of
gradients of a part of embeddings required for model training of the current batch. After the
gradients of the embeddings are obtained, the first processor may synchronize the gradients of the
embeddings through communication between the first processors.

[00160] Specifically, the computing core obtains a third target embedding from a third memory
of the third processor. The third target embedding and the first target embedding are embeddings
required for model training of the M™ batch, and the first processor and the third processor are
processors of a same type. The computing core processes the first target embedding and the third
target embedding by using the to-be-trained model, to obtain a target output, and determines a first
gradient and a second gradient based on the target output. The computing core may update the to-
be-trained model and the first target embedding based on the first gradient, and transfer the second
gradient to a computing core of the third processor, so that the computing core of the third
processor updates the third target embedding based on the second gradient.

[00161] In a scenario in which a plurality of computing nodes are included, each computing
node may be responsible for a part of embeddings required for model training of a current batch,
and is responsible for updating a part of embeddings. In a possible implementation, the computing
core needs to obtain the third target embedding from a third memory of a third processor of another
server node and perform a feedforward process in a model training process based on the first target
embedding and the third target embedding. However, during an update, the computing core of the
first processor needs to update the first target embedding only based on the first gradient.

[00162] 503: The computing core writes the second target embedding to the first memory.
[00163] Refer to FIG. 7. In this embodiment of this application, the computing core may write
the updated to-be-trained model and the updated embeddings (including the second target
embedding) to the first memory.

[00164] If the first target embedding is further an embedding required for model training of a
next batch, the computing core may directly obtain the updated first target embedding (namely,
the second target embedding) from the first memory. If some embeddings required for model
training of an (M + 1) batch are not stored in the first memory, the second processor may transfer
these embeddings to the first memory.

[00165] Refer to FIG. 8. Specifically, the first target embedding is an embedding required for
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model training of the M'" batch and the (M + 1) batch. M is a positive integer greater than 1. The
computing core may perform model training of the M™ batch on the to-be-trained model based on
the first target embedding. When model training of the (M + 1) batch is performed, the computing
core obtains the second target embedding from the first memory, and performs model training of
the (M + 1)™" batch on the updated to-be-trained model based on the second target embedding, to
obtain the third target embedding. Then, the computing core writes the third target embedding to
the first memory.

[00166] Forexample, the first processor is a GPU, and the second processor isa CPU. As shown
in FIG. 11, it is assumed that a size of the first memory of the GPU is 6. At a start stage of model
training, at a moment 1, the CPU may determine that embeddings required for model training of a
next batch are an embedding 1, an embedding 2, and an embedding 3 (data 1, 2, and 3 are shown
in FIG. 11).

[00167] At a moment 2, the CPU may transmit the data 1, 2, and 3 to the first memory of the
GPU.

[00168] Atamoment 3, the computing core of the GPU may complete model training based on
the data 1, 2, and 3. The CPU may determine that embeddings required for model training of a
next batch are the data 2, the data 3, and data 4. Because the data 4 is not stored in the first memory
and the first memory has sufficient available storage space, the CPU may transfer the data 4 to the
first memory of the GPU.

[00169] Atamoment 4, the computing core of the GPU may complete model training based on
the data 2, 3, and 4. The CPU may determine that embeddings required for model training of a
next batch are the data 1, the data 3, and data 5. Because the data 5 is not stored in the first memory
and the first memory has sufficient available storage space, the CPU may transfer the data 5 to the
first memory of the GPU.

[00170] Atamoment 5, the computing core of the GPU may complete model training based on
the data 1, 3, and 5, and the CPU may determine that embeddings required for model training of a
next batch are the data 1, data 6, and data 7. Because the data 6 and the data 7 are not stored in the
first memory and the first memory has insufficient available storage space (lacking space for
storing one embedding), the CPU may delete the data 4 and return the data 4 to the second memory
of the CPU. In this way, and the CPU may transfer the data 6 and the data 7 to the first memory of
the GPU.

[00171] Atamoment 6, the computing core of the GPU may complete model training based on
the data 1, 6, and 7.

[00172] It can be learned that, in this embodiment of this application, after updating the first
target embedding, the first processor saves the second target embedding to the first memory of the
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first processor. Without needing to wait for the second processor to complete a process of
transferring the second target embedding to the GPU, the first processor may directly obtain the
second target embedding and perform model training based on the second target embedding,
provided that the first processor may obtain a latest updated embedding (the second target
embedding). Throughput of training data is increased, and a model training speed is improved.
[00173] In addition, in a process of model training of a previous batch, the second processor
transfers embeddings that are not stored in the first memory and that are required for model training
of a next batch to the first memory. In this way, the computing core of the second processor may
obtain all embeddings required for model training of the next batch from the first memory.
[00174] Refer to FIG. 12. In a scenario in which a plurality of computing nodes are included,
each computing node may be responsible for a part of embeddings required for model training of
a current batch, and is responsible for updating a part of embeddings. In a possible implementation,
the computing core needs to obtain the third target embedding from the third memory of the third
processor of another server node and perform the feedforward process in the model training
process based on the first target embedding and the third target embedding. However, during an
update, the computing core of the first processor needs to update the first target embedding only
based on the first gradient.

[00175] Specifically, in the model training process, the computing core may process the first
target embedding and the third target embedding by using the to-be-trained model, to obtain a
target output, and determine the first gradient and the second gradient based on the target output.
The computing core may update the to-be-trained model and the first target embedding based on
the first gradient, and transfer the second gradient to a computing core of the third processor, so
that the computing core of the third processor updates the third target embedding based on the
second gradient.

[00176] In an implementation, data communication (for example, allreduce communication)
between the first processor and the third processor may be used to synchronize gradients of
embeddings, so that the third processor may obtain the second gradient obtained through
computation by the first processor after model training of the current batch. Then, the third
processor may update an embedding (the third target embedding) for which the third processor is
responsible based on the second gradient.

[00177] For example, each server node has three features, and embeddings required for model
training of the current batch are [1, 2, 3, 3, 2, 4]. It should be understood that 1 herein may represent
the embedding 1, 2 may represent the embedding 2, 3 may represent the embedding 3, and 4 may
represent the embedding 4. The first three belong to a first server node, and the last three belong
to a second server node. Each server node reads data [1, 2, 3, 3, 2, 4]. The CPU may transmit [0,
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1, 2] to a GPU node 1, and [2, 1, 3] to a GPU node 2.

[00178] Inthis case, the embedding 2 and the embedding 4 are stored in the first memory of the
GPU node 1, the embedding 1 and the embedding 3 are stored in the first memory of the GPU
node 2, and embedding data of the two GPU nodes is exchanged by using data communication
(for example, allreduce communication) between GPUs, and each GPU may obtain E = [1, 2, 3,
4].

[00179] Specifically, data communication (for example, allreduce communication) between
GPUs may be used to synchronize gradients of embeddings, so that each GPU may obtain
gradients obtained through computation by all GPU nodes in the current batch. Then, each GPU
node may update embeddings for which the GPU node is responsible. For example, the GPU node
1 is responsible for updating parameters of a feature 2 and a feature 4.

[00180] Then, based on an implementation result, the model training method provided in this
embodiment of this application is verified.

[00181] Specifically, a TB-level Criteo dataset may be used for verification. Through feature
filtering, 10 GB embedding table data (33 million feature 1Ds) and 100 GB embedding table data
(330 million feature 1Ds) are constructed. A test model is a DeepFM model. In a lab hardware
environment, each server has two CPUs with two 18 cores and 36 threads and eight V100 cards
with 32 GB memory. GPUs are interconnected through PCle. Servers are connected through 100
Gbit/s RDMA. Each server has about 1 TB memory.

[00182] As shown in FIG. 13, for a throughput experiment, a higher training throughput is
obtained in this embodiment of this application. In a 10 GB model, the training throughput is 4.7
times and 1.7 times that of a HugeCTR and a parameter server (PS), respectively. In a 100 GB
model, the training throughput is 7.4 times and 1.4 times that of the HugeCTR and the parameter
server, respectively.

[00183] As shown in FIG. 14, after a deduplication operation is added, communication traffic
between the GPU and the CPU and between the GPU and the GPU is greatly reduced.

[00184] As shown in FIG. 15, compared with a conventional prefetch technology and the
parameter server (Host), it may be found that a training speed in this embodiment of this
application is the fastest. In FIG. 16, model convergence curves of the three technologies are
compared. It can be found that a convergence speed of this embodiment (corresponding to a Cache
curve) of this application is the fastest.

[00185] The following describes the model training method in this embodiment of this
application from a perspective of a software module.

[00186] Referto FIG. 17 and FIG. 18a. Training data (embeddings) is stored in a hard disk or
another storage location of a CPU node, and an embedding table is stored in a memory of the CPU.
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A data reading module may be configured to read training samples. A sparse data encoding and
compression module is configured to perform a deduplication operation (or referred to as
compression encoding) on training samples of a current batch, and output a target vector mask and
a second vector. A parameter prefetch management module may maintain a cache and maintain an
embedding table in the CPU. Therefore, the parameter prefetch management module may support
an embedding table of an ultra-large scale. There is one backup for the to-be-trained model on each
GPU node. The GPU may include an embedding cache (cache), and each GPU has one cache to
cache a part of embeddings. An embedding pull module is configured to obtain the second vector.
A sparse data decoding module is configured to obtain, based on the target vector mask and the
second vector, embeddings (a first vector) required for forward computation. A training module is
configured to perform forward and reverse gradient computation and update parameters. A
collective communication module is configured to synchronize the to-be-trained model and
gradient information of embeddings.

[00187] Embodiments of this application provide a model training method, applied to a first
processor. The first processor is communicatively connected to a second processor, and the first
processor includes a computing core and a first memory. The second processor includes a second
memory. The first processor and the second processor are processors of different types. The
method includes: The computing core obtains a first target embedding from the second memory.
The computing core trains a to-be-trained model based on the first target embedding, to obtain an
updated to-be-trained model and a second target embedding. The second target embedding is an
updated first target embedding. The computing core writes the second target embedding to the first
memory. In the foregoing manner, after updating an embedding, the first processor saves the
updated embedding to the first memory of the first processor. Without needing to wait for the
second processor to complete a process of transferring the second target embedding to a GPU, the
first processor may directly obtain the updated embedding and perform model training of a next
round based on the updated embedding, provided that the first processor may obtain a latest
updated embedding. This application can improve a speed for processing training data by the
processor during model training.

[00188] The foregoing describes the model training method in embodiments of this application
with the first processor executing the method. The following describes the model training method
in embodiments of this application with the second processor executing the method.

[00189] FIG. 18b is a schematic flowchart of a model training method according to an
embodiment of this application. As shown in FIG. 18b, the model training method provided in this
embodiment of this application is applied to a second processor. The second processor is
communicatively connected to a first processor. The first processor includes a computing core and
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a first memory. The second processor includes a second memory. The first processor and the
second processor are processors of different types. The method includes the following steps.
[00190] 1801: The second processor obtains embedding information required by the computing
core for performing model training of an M™ batch and embedding information stored in the first
memory, where M is a positive integer greater than 1.

[00191] The embedding information required for model training of the M batch may indicate
embeddings required for model training of the M batch. For example, the information may be but
is not limited to identification information indicating the embeddings.

[00192] 1802: The second processor writes a first target embedding to the first memory based
on the embedding information required by the computing core for performing model training of
the M™ batch and the embedding information stored in the first memory, where the first target
embedding is an embedding that is required for model training of the M" batch and that is not
stored in the first memory.

[00193] If model training to be performed currently is model training of the M batch, the
second processor may determine whether the embeddings required for model training of the M™
batch are stored in the first memory. If the second processor determines that some or all of the
embeddings required for model training of the M batch are not stored in the first memory, the
second processor may obtain embeddings that are not stored in the first memory and that are
required for model training from the second memory and transfer the embeddings that are not
stored in the first memory and that are required for model training to the first memory.

[00194] For example, the embeddings required for model training of the M batch include the
first target embedding. If the second processor determines that the first target embedding is not
stored in the first memory, the second processor may write the first target embedding from the
second memory to the cache.

[00195] At a time point of writing the first target embedding, the second processor may write
the first target embedding from the second memory to the first memory in a process during which
the computing core performs model training of an (M — 1) batch on a to-be-trained model.
[00196] In a possible implementation, before the first target embedding is written to the first
memory, when available storage space of the first memory is less than storage space required for
storing the first target embedding, the second processor deletes at least one embedding from the
first memory, and writes the at least one embedding to the second memory. The at least one
embedding is an embedding that is not required for model training of the M™" batch.

[00197] Storage space of the first memory is limited. If the available storage space of the first
memory is less than the storage space required for storing the first target embedding, the second
processor needs to delete at least one embedding stored in the first memory, so that the first
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memory has sufficient space to store embeddings transferred from the second processor.

[00198] For example, the embeddings required for model training of the M™ batch include the
first target embedding, an embedding 1, an embedding 2, and an embedding 3. The embedding 3,
an embedding 4, and an embedding 5 are stored in the first memory, and the first target embedding,
the embedding 1, and the embedding 2 are not stored in the first memory. Four embeddings may
be stored in the first memory. Therefore, the available storage space (1) of the first memory is less
than the storage space (3) required for storing the first target embedding. In this way, two
embeddings (including the embedding 4 and the embedding 5) stored in the first memory may be
deleted, so that the first memory has sufficient space to store the embeddings (including the first
target embedding, the embedding 1, and the embedding 2) transferred from the second processor.
[00199] To ensure parameter consistency, the computing core may further write a deleted
embedding to the second memory. In this way, when the second processor transfers an embedding
to the first memory of the first processor next time, the transferred embedding is a latest updated
embedding. Specifically, the second processor may write at least one embedding to the second
memory.

[00200] Specifically, an embedding that needs to be deleted is definitely not an embedding
required for model training of the current batch. Otherwise, if an embedding required for model
training of the current batch is deleted, the second processor needs additional time to transfer the
embedding to the first memory of the first processor.

[00201] In addition, in a model training process of the to-be-trained model, an embedding that
is not used for a longest time in the plurality of embeddings is selected as the to-be-deleted
embedding. In the model training process of the to-be-trained model, the embedding that is not
used for a longest time in the plurality of embeddings may be considered as an infrequently used
embedding. After these embeddings are deleted, embeddings required for model training in a
subsequent long time may not include these embeddings. This reduces a frequency of transmitting
data by the second processor to the first processor. In this selection manner, data transmission
overheads from the second processor to the first processor may be reduced, and communication
traffic of a computing system is reduced, thereby further improving a model training speed of the
system.

[00202] In a possible implementation, before the first target embedding is written to the first
memory, the second processor may obtain a first vector and a target vector. The first vector
indicates the embeddings required for model training of the M™ batch, each element in the first
vector indicates one embedding, and different elements indicate different embeddings. The target
vector indicates permutations of the embeddings indicated by the elements in the first vector when
model training of the M™ batch is performed, and the embedding indicated by each element appears
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at least once in the permutations. Then, the second processor may transfer the first vector and the
target vector to the first processor.
[00203] For specific descriptions of the first vector and the target vector, reference may be made
to related descriptions in the embodiment corresponding to FIG. 5. Details are not described herein
again.
[00204] In a possible implementation, the first processor is a graphics processing unit GPU, an
embedded neural network processing unit NPU, or a tensor processing unit TPU, the first memory
is a cache, and the second processor is a central processing unit CPU.
[00205] FIG. 19 shows a model training apparatus according to an embodiment of this
application. The model training apparatus is applied to a first processor. The first processor is
communicatively connected to a second processor. The first processor includes a computing core
and a first memory. The second processor includes a second memory. The first processor and the
second processor are processors of different types. A computing core 1900 includes an obtaining
unit 1901, a model training unit 1902, and a data writing unit 1903.
[00206] The obtaining unit 1901 is configured to obtain a first target embedding from the second
memory.
[00207] For a specific description of the obtaining unit 1901, reference may be made to a
description of the step 501. Details are not described herein again.
[00208] The model training unit 1902 is configured to train a to-be-trained model based on the
first target embedding, to obtain an updated to-be-trained model and a second target embedding.
The second target embedding is an updated first target embedding.
[00209] For a specific description of the model training unit 1902, reference may be made to a
description of the step 502. Details are not described herein again.
[00210] The data writing unit 1903 is configured to write the second target embedding to the
first memory.
[00211] For a specific description of the data writing unit 1903, reference may be made to a
description of the step 503. Details are not described herein again.
[00212] In a possible implementation, the model training unit is further configured to:

after model training of an (M + 1) batch is performed on the updated to-be-trained
model based on the second target embedding, obtain a third target embedding. The third target
embedding is an updated second target embedding.
[00213] The data writing unit is further configured to write the third target embedding to the
first memory.
[00214] Inapossible implementation, when the first target embedding is an embedding required
for model training of the M™ batch, and the first target embedding is not stored in the first memory,
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the first memory obtains the first target embedding from the second memory.
[00215] The obtaining unit is specifically configured to:

obtain the first target embedding from the first memory.
[00216] In a possible implementation, that the first memory obtains the first target embedding
from the second memory includes:

in a process during which the computing core performs model training of an (M — 1)
batch on the to-be-trained model, the first memory obtains the first target embedding from the
second memory.
[00217] In a possible implementation, the obtaining unit is further configured to: before the
computing core obtains the first target embedding from the first memory, obtain a first vector and
a target vector that are from the second processor, where the first vector indicates embeddings
required for model training of the M batch, each element in the first vector indicates one
embedding, and different elements indicate different embeddings; and the target vector indicates
permutations of the embeddings indicated by the elements in the first vector when model training
of the M batch is performed, and the embedding indicated by each element appears at least once
in the permutations;

obtain, based on the first vector, the embeddings required for model training of the M™
batch from the first memory; and

determine, based on the target vector and the embeddings required for model training
of the M batch, the permutations of the embeddings required for model training of the M™ batch.
[00218] In a possible design, the obtaining unit is further configured to:

before the computing core trains the to-be-trained model based on the first target
embedding, obtain the third target embedding from a third memory of a third processor. The third
target embedding and the first target embedding are embeddings required for model training of the
M™ batch, and the first processor and the third processor are processors of a same type.
[00219] The model training unit is specifically configured to:

process the first target embedding and the third target embedding by using the to-be-
trained model, to obtain a target output, and determine a first gradient based on the target output;
and

update the to-be-trained model and the first target embedding based on the first gradient.
[00220] In a possible implementation, the model training unit is specifically configured to:

determine the first gradient and a second gradient based on the target output.
[00221] The computing core further includes a second data transfer unit, configured to, after
the first gradient and the second gradient are determined based on the target output, transfer the
second gradient to a computing core of the third processor, so that the computing core of the third
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processor updates the third target embedding based on the second gradient.

[00222] In a possible implementation, the first processor is a graphics processing unit GPU, an
embedded neural network processing unit NPU, or a tensor processing unit TPU, the first memory
is a cache, and the second processor is a central processing unit CPU.

[00223] Refer to FIG. 20. This application further provides a model training apparatus, applied
to a second processor. The second processor is communicatively connected to a first processor.
The first processor includes a computing core and a first memory. The second processor includes
a second memory. The first processor and the second processor are processors of different types.
An apparatus 2000 includes an obtaining unit 2001 and a data writing unit 2002.

[00224] The obtaining unit 2001 is configured to obtain embedding information required by the
computing core for performing model training of an M™ batch and embedding information stored
in the first memory. M is a positive integer greater than 1.

[00225] For a specific description of the obtaining unit 2001, reference may be made to a
description of the step 1801. Details are not described herein again.

[00226] The data writing unit 2002 is configured to write a first target embedding to the first
memory based on the embedding information required by the computing core for performing
model training of the M batch and the embedding information stored in the first memory. The
first target embedding is an embedding that is required for model training of the M™ batch and that
is not stored in the first memory.

[00227] For a specific description of the data writing unit 2002, reference may be made to a
description of the step 1802. Details are not described herein again.

[00228] Ina possible implementation, the data writing unit is configured to write the first target
embedding to the first memory in a process during which the computing core performs model
training of an (M — 1)™ batch on a to-be-trained model.

[00229] In a possible implementation, the data writing unit is further configured to: before the
first target embedding is written to the first memory, delete at least one embedding from the first
memory and write the at least one embedding to the second memory when available storage space
of the first memory is less than storage space required for storing the first target embedding. The
at least one embedding is an embedding that is not required for model training of the M batch.
[00230] In a possible implementation, the obtaining unit is further configured to obtain a first
vector and a target vector before the first target embedding is written to the first memory. The first
vector indicates embeddings required for model training of the M™ batch, each element in the first
vector indicates one embedding, and different elements indicate different embeddings. The target
vector indicates permutations of the embeddings indicated by the elements in the first vector when
model training of the M™ batch is performed, and the embedding indicated by each element appears
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at least once in the permutations.

[00231] The data writing unit is further configured to transfer the first vector and the target
vector to the first processor.

[00232] In a possible implementation, the first processor is a graphics processing unit GPU, an
embedded neural network processing unit NPU, or a tensor processing unit TPU, the first memory
is a cache, and the second processor is a central processing unit CPU.

[00233] An embodiment of this application further provides a training device. FIG. 21 is a
schematic diagram of a structure of a training device according to an embodiment of this
application. Specifically, a training device 2100 is implemented by one or more servers. The
training device 2100 may differ greatly due to different configurations or performance, and may
include one or more processors (central processing units, CPUs) 2121 (for example, one or more
processors), a memory 2132, and one or more storage media 2130 (for example, one or more
massive storage devices) that store an application program 2142 or data 2144. The memory 2132
and the storage medium 2130 may be transient storage or persistent storage. A program stored in
the storage medium 2130 may include one or more modules (not shown in the figure), and each
module may include a series of instruction operations for the training device. Further, the processor
2121 may be configured to communicate with the storage medium 2130, and perform, on the
training device 2100, the series of instruction operations in the storage medium 2130.

[00234] The processor may be the first processor or the second processor in embodiments of
this application.

[00235] The training device 2100 may further include one or more power supplies 2126, one or
more wired or wireless network interfaces 2150, one or more input/output interfaces 2158, or one
or more operating systems 2141, such as Windows Server™, Mac OS X™, Unix™, Linux™, and
FreeBSD™.

[00236] Specifically, the training device may perform the model training method in the
embodiments corresponding to FIG. 5 and FIG. 18b.

[00237] Anembodiment of this application further provides a computer program product. When
the computer program product is run on a computer, the computer is enabled to perform steps
performed by the foregoing execution device or steps performed by the foregoing training device.
[00238] An embodiment of this application further provides a computer-readable storage
medium. A program used for signal processing is stored in the computer-readable storage medium.
When the program is run on a computer, the computer is enabled to perform steps performed by
the foregoing execution device or steps performed by the foregoing training device.

[00239] The execution device, the training device, or the terminal device in embodiments of
this application may be specifically a chip. The chip includes a processing unit and a
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communication unit. The processing unit may be, for example, a processor, and the communication
unit may be, for example, an input/output interface, a pin, or a circuit. The processing unit may
execute computer-executable instructions stored in a storage unit, so that a chip in the execution
device performs the data processing method described in the foregoing embodiments, or a chip in
the training device performs the data processing method described in the foregoing embodiments.
Optionally, the storage unit is a storage unit in the chip, for example, a register or a cache.
Alternatively, the storage unit may be a storage unit in a wireless access device but outside the
chip, for example, a read-only memory (read-only memory, ROM), another type of static storage
device that can store static information and instructions, or a random access memory (random
access memory, RAM).

[00240] For details, refer to FIG. 22. FIG. 22 is a schematic diagram of a structure of a chip
according to an embodiment of this application. The chip may be represented as a neural network
processing unit NPU 2200. The NPU 2200 is mounted to a host CPU (Host CPU) as a coprocessor,
and the host CPU allocates a task to the NPU 2200. A core part of the NPU is an operation circuit
2203, and a controller 2204 controls the operation circuit 2203 to extract vector data in a memory
and perform a multiplication operation.

[00241] The NPU 2200 may be the first processor in embodiments of this application.

[00242] In some implementations, the operation circuit 2203 includes a plurality of processing
units (Process Engines, PES) inside. In some implementations, the operation circuit 2203 is a two-
dimensional systolic array. The operation circuit 2203 may alternatively be a one-dimensional
systolic array or another electronic circuit capable of performing mathematical operations such as
multiplication and addition. In some implementations, the operation circuit 2203 is a general-
purpose vector processor.

[00243] For example, it is assumed that there are an input vector A, a weight vector B, and an
output vector C. The operation circuit fetches data corresponding to the vector B from a weight
memory 2202, and buffers the data on each PE in the operation circuit. The operation circuit
fetches data corresponding to the vector A from the input memory 2201, and performs a vector
operation on the vector A and the vector B. A partial vector result or a final vector result obtained
is stored in an accumulator (accumulator) 2208.

[00244] A unified memory 2206 is configured to store input data and output data. Weight data
is directly transferred to the weight memory 2202 through a direct memory access controller
(Direct Memory Access Controller, DMAC) 2205. The input data is also transferred to the unified
memory 2206 through the DMAC.

[00245] A BIU is a bus interface unit, namely, a bus interface unit 2210, and is used for
interaction between an AXI bus and the DMAC and between the AXI bus and an instruction fetch
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buffer (Instruction Fetch Buffer, IFB) 2209.

[00246] The bus interface unit (bus interface unit, BIU) 2210 is used by the instruction fetch
buffer 2209 to obtain instructions from an external memory, and is further used by the direct
memory access controller 2205 to obtain original data of the input vector A or the weight vector B
from the external memory.

[00247] The DMAC is mainly configured to transfer input data in the external memory DDR to
the unified memory 2206, transfer weight data to the weight memory 2202, or transfer input data
to the input memory 2201.

[00248] A vector computation unit 2207 includes a plurality of operation processing units, and
if necessary, performs further processing such as vector multiplication, vector addition, an
exponential operation, a logarithmic operation, or value comparison on an output of the operation
circuit 2203. The vector computation unit 2207 is mainly configured to perform network
computation, such as batch normalization (batch normalization), pixel-level summation, and
upsampling on a feature plane, at a non-convolutional/fully connected layer in a neural network.
[00249] Insome implementations, the vector computation unit 2207 can save a processed output
vector to the unified memory 2206. For example, the vector computation unit 2207 may apply a
linear function or a nonlinear function to the output of the operation circuit 2203, for example,
performs linear interpolation on a feature plane extracted at a convolutional layer. For another
example, the vector computation unit 2207 may apply a linear function or a nonlinear function to
a vector of an accumulated value, to generate an activation value. In some implementations, the
vector computation unit 2207 generates a normalized value, a pixel-level summation value, or both.
In some implementations, the processed output vector can be used as an activation input to the
operation circuit 2203, for example, to be used at a subsequent layer in the neural network.
[00250] The instruction fetch buffer (instruction fetch buffer) 2209 connected to the controller
2204 is configured to store instructions used by the controller 2204.

[00251] The unified memory 2206, the input memory 2201, the weight memory 2202, and the
instruction fetch buffer 2209 are all on-chip memories. The external memory is private for a
hardware architecture of the NPU.

[00252] The processor mentioned above may be a general-purpose central processing unit, a
microprocessor, an ASIC, or one or more integrated circuits for controlling program execution.
[00253] In addition, it should be noted that the apparatus embodiments described above are
merely examples. The units described as separate parts may or may not be physically separated,
and parts displayed as units may or may not be physical units, that is, may be located in one
location, or may be distributed on a plurality of network units. Some or all modules may be selected
according to an actual need to achieve the objectives of the solutions of the embodiments. In
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addition, in the accompanying drawings of the apparatus embodiments provided in this application,
connection relationships between modules indicate that the modules have communication
connections with each other, which may be specifically implemented as one or more
communication buses or signal cables.

[00254] Based on the description of the foregoing implementations, a person skilled in the art
may clearly understand that this application may be implemented by software in addition to
necessary universal hardware, or by dedicated hardware, including a dedicated integrated circuit,
a dedicated CPU, a dedicated memory, a dedicated component, or the like. Usually, any function
implemented by a computer program may be easily implemented by using corresponding hardware.
In addition, specific hardware structures used to implement a same function may be various, for
example, an analog circuit, a digital circuit, or a dedicated circuit. However, in this application, a
software program implementation is a better implementation in most cases. Based on such an
understanding, the technical solutions of this application essentially or the part contributing to the
conventional technology may be implemented in a form of a software product. The computer
software product is stored in a readable storage medium, such as a floppy disk, a USB flash drive,
a removable hard disk, a ROM, a RAM, a magnetic disk, or an optical disc of a computer, and
includes several instructions for enabling a computer device (which may be a personal computer,
a training device, a network device, or the like) to perform the method in embodiments of this
application.

[00255]  All or some of the foregoing embodiments may be implemented by software, hardware,
firmware, or any combination thereof. When software is used to implement the embodiments, all
or some of the embodiments may be implemented in a form of a computer program product.
[00256] The computer program product includes one or more computer instructions. When the
computer program instructions are loaded and executed on a computer, all or some procedures or
functions in embodiments of this application are generated. The computer may be a general-
purpose computer, a dedicated computer, a computer network, or another programmable apparatus.
The computer instructions may be stored in a computer-readable storage medium or may be
transmitted from a computer-readable storage medium to another computer-readable storage
medium. For example, the computer instructions may be transmitted from a website, computer,
training device, or data center to another website, computer, training device, or data center in a
wired (for example, a coaxial cable, an optical fiber, or a digital subscriber line (DSL)) or wireless
(for example, infrared, radio, or microwave) manner. The computer-readable storage medium may
be any usable medium accessible by the computer, or a data storage device, such as a training
device or a data center, integrating one or more usable media. The usable medium may be a
magnetic medium (for example, a floppy disk, a hard disk, or a magnetic tape), an optical medium
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(for example, a DVD), a semiconductor medium (for example, a solid state drive (Solid State Drive,
SSD)), or the like.
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What is claimed is:

1. A model training method, applied to a first processor, wherein the first processor is
communicatively connected to a second processor, the first processor comprises a computing core
and a first memory, the second processor comprises a second memory, and the first processor and
the second processor are processors of different types; and the method comprises:

obtaining, by the computing core, a first target embedding from the second memory;

training, by the computing core, a to-be-trained model based on the first target embedding, to
obtain an updated to-be-trained model and a second target embedding, wherein the second target
embedding is an updated first target embedding; and

writing, by the computing core, the second target embedding to the first memory.

2. The method according to claim 1, wherein the training, by the computing core, a to-be-
trained model based on the first target embedding comprises:

performing, by the computing core, model training of an M™ batch on the to-be-trained model
based on the first target embedding, wherein M is a positive integer greater than 1; and

after the writing, by the computing core, the second target embedding to the first memory, the
method further comprises:

obtaining, by the computing core, the second target embedding from the first memory; and

performing, by the computing core, model training of an (M + 1) batch on the updated to-
be-trained model based on the second target embedding.

3. The method according to claim 2, wherein the method further comprises:

after the performing, by the computing core, model training of an (M + 1) batch on the
updated to-be-trained model based on the second target embedding, obtaining a third target
embedding, wherein the third target embedding is an updated second target embedding; and

writing, by the computing core, the third target embedding to the first memory.

4. The method according to any one of claims 1 to 3, wherein the obtaining, by the computing
core, a first target embedding from the second memory comprises:

when the first target embedding is an embedding required for model training of the M™ batch
and the first target embedding is not stored in the first memory, obtaining, by the first memory, the
first target embedding from the second memory; and

obtaining, by the computing core, the first target embedding from the first memory.

5. The method according to claim 4, wherein the obtaining, by the first memory, the first
target embedding from the second memory comprises:

in a process during which the computing core performs model training of an (M — 1) batch

38



10

15

20

25

30

35

on the to-be-trained model, obtaining, by the first memory, the first target embedding from the
second memory.

6. The method according to claim 4 or 5, wherein the method further comprises:

before the obtaining, by the computing core, the first target embedding from the first memory,
obtaining, by the computing core, a first vector and a target vector that are from the second
processor, wherein the first vector indicates embeddings required for model training of the M™"
batch, each element in the first vector indicates one embedding, and different elements indicate
different embeddings; and the target vector indicates permutations of the embeddings indicated by
the elements in the first vector when model training of the M™ batch is performed, and the
embedding indicated by each element appears at least once in the permutations; and

the obtaining, by the computing core, the first target embedding from the first memory
comprises:

obtaining, by the computing core, based on the first vector, the embeddings required for
model training of the M™ batch from the first memory; and

determining, by the computing core, based on the target vector and the embeddings required
for model training of the M™ batch, the permutations of the embeddings required for model training
of the M™ batch.

7. The method according to any one of claims 1 to 6, wherein before the training, by the
computing core, a to-be-trained model based on the first target embedding, the method further
comprises:

obtaining, by the computing core, the third target embedding from a third memory of a third
processor, wherein the third target embedding and the first target embedding are embeddings
required for model training of the M™ batch, and the first processor and the third processor are
processors of a same type; and

the training, by the computing core, a to-be-trained model based on the first target embedding
comprises:

processing, by the computing core, the first target embedding and the third target embedding
by using the to-be-trained model, to obtain a target output, and determining a first gradient based
on the target output; and

updating, by the computing core, the to-be-trained model and the first target embedding based
on the first gradient.

8. The method according to claim 7, wherein the determining a first gradient based on the
target output comprises: determining the first gradient and a second gradient based on the target
output; and

after the determining the first gradient and a second gradient based on the target output, the
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method further comprises:

transferring the second gradient to a computing core of the third processor, so that the
computing core of the third processor updates the third target embedding based on the second
gradient.

9. The method according to any one of claims 1 to 8, wherein the first processor is a graphics
processing unit GPU, an embedded neural network processing unit NPU, or a tensor processing
unit TPU, the first memory is a cache, and the second processor is a central processing unit CPU.

10. A model training method, applied to a second processor, wherein the second processor is
communicatively connected to a first processor, the first processor comprises a computing core
and a first memory, the second processor comprises a second memory, and the first processor and
the second processor are processors of different types; and the method comprises:

obtaining, by the second processor, embedding information required by the computing core
for performing model training of an M batch and embedding information stored in the first
memory, wherein M is a positive integer greater than 1; and

writing, by the second processor, a first target embedding to the first memory based on the
embedding information required by the computing core for performing model training of the M
batch and the embedding information stored in the first memory, wherein the first target embedding
is an embedding that is required for model training of the M™ batch and that is not stored in the
first memory.

11. The method according to claim 10, wherein the writing a first target embedding to the
first memory comprises:

in a process during which the computing core performs model training of an (M — 1) batch
on a to-be-trained model, writing the first target embedding to the first memory.

12. The method according to claim 10 or 11, wherein before the writing a first target
embedding to the first memory, the method further comprises:

when available storage space of the first memory is less than storage space required for storing
the first target embedding, deleting, by the second processor, at least one embedding from the first
memory, and writing the at least one embedding to the second memory, wherein the at least one
embedding is an embedding that is not required for model training of the M™" batch.

13. The method according to any one of claims 10 to 12, wherein the method further
comprises:

before the writing a first target embedding to the first memory, obtaining, by the second
processor, a first vector and a target vector, wherein the first vector indicates embeddings required
for model training of the M™ batch, each element in the first vector indicates one embedding, and
different elements indicate different embeddings; and the target vector indicates permutations of
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the embeddings indicated by the elements in the first vector when model training of the M™ batch
is performed, and the embedding indicated by each element appears at least once in the
permutations; and

transferring, by the second processor, the first vector and the target vector to the first processor.

14. The method according to any one of claims 10 to 13, wherein the first processor is a
graphics processing unit GPU, an embedded neural network processing unit NPU, or a tensor
processing unit TPU, the first memory is a cache, and the second processor is a central processing
unit CPU.

15. A model training apparatus, applied to a first processor, wherein the first processor is
communicatively connected to a second processor, the first processor comprises a computing core
and a first memory, the second processor comprises a second memory, the first processor and the
second processor are processors of different types, and the computing core comprises:

an obtaining unit, configured to obtain a first target embedding from the second memory;

a model training unit, configured to train a to-be-trained model based on the first target
embedding, to obtain an updated to-be-trained model and a second target embedding, wherein the
second target embedding is an updated first target embedding; and

a data writing unit, configured to write the second target embedding to the first memory.

16. The apparatus according to claim 15, wherein the model training unit is configured to
perform model training of an M™ batch on the to-be-trained model based on the first target
embedding, and M is a positive integer greater than 1;

the obtaining unit is configured to obtain the second target embedding from the first memory
after the computing core writes the second target embedding to the first memory; and

the model training unit is further configured to:

perform model training of an (M + 1) batch on the updated to-be-trained model based on the
second target embedding.

17. The apparatus according to claim 16, wherein the model training unit is further configured
to:

after performing model training of the (M + 1) batch on the updated to-be-trained model
based on the second target embedding, obtain a third target embedding, wherein the third target
embedding is an updated second target embedding; and

the data writing unit is further configured to write the third target embedding to the first
memory.

18. The apparatus according to any one of claims 15 to 17, wherein when the first target
embedding is an embedding required for model training of the M™ batch and the first target
embedding is not stored in the first memory, the first memory obtains the first target embedding
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from the second memory; and

the obtaining unit is specifically configured to:

obtain the first target embedding from the first memory.

19. The apparatus according to claim 18, wherein that the first memory obtains the first target
embedding from the second memory comprises:

in a process during which the computing core performs model training of an (M — 1) batch
on the to-be-trained model, the first memory obtains the first target embedding from the second
memory.

20. The apparatus according to claim 18 or 19, wherein the obtaining unit is further configured
to: before the computing core obtains the first target embedding from the first memory, obtain a
first vector and a target vector that are from the second processor, wherein the first vector indicates
embeddings required for model training of the M batch, each element in the first vector indicates
one embedding, and different elements indicate different embeddings; and the target vector
indicates permutations of the embeddings indicated by the elements in the first vector when model
training of the M batch is performed, and the embedding indicated by each element appears at
least once in the permutations;

obtain, based on the first vector, the embeddings required for model training of the M™ batch
from the first memory; and

determine, based on the target vector and the embeddings required for model training of the
M™ batch, the permutations of the embeddings required for model training of the M™ batch.

21. The apparatus according to any one of claims 15 to 20, wherein the obtaining unit is
further configured to:

before the computing core trains the to-be-trained model based on the first target embedding,
obtain the third target embedding from a third memory of a third processor, wherein the third target
embedding and the first target embedding are embeddings required for model training of the M™
batch, and the first processor and the third processor are processors of a same type; and

the model training unit is specifically configured to:

process the first target embedding and the third target embedding by using the to-be-trained
model, to obtain a target output, and determine a first gradient based on the target output; and

update the to-be-trained model and the first target embedding based on the first gradient.

22. The apparatus according to claim 21, wherein the model training unit is specifically
configured to:

determine the first gradient and a second gradient based on the target output; and

the computing core further comprises a second data transfer unit, configured to: after the first
gradient and the second gradient are determined based on the target output, transfer the second
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gradient to a computing core of the third processor, so that the computing core of the third
processor updates the third target embedding based on the second gradient.

23. The apparatus according to any one of claims 15 to 22, wherein the first processor is a
graphics processing unit GPU, an embedded neural network processing unit NPU, or a tensor
processing unit TPU, the first memory is a cache, and the second processor is a central processing
unit CPU.

24. A model training apparatus, applied to a second processor, wherein the second processor
is communicatively connected to a first processor, the first processor comprises a computing core
and a first memory, the second processor comprises a second memory, and the first processor and
the second processor are processors of different types; and the apparatus comprises:

an obtaining unit, configured to obtain embedding information required by the computing
core for performing model training of an M™ batch and embedding information stored in the first
memory, wherein M is a positive integer greater than 1; and

a data writing unit, configured to write a first target embedding to the first memory based on
the embedding information required by the computing core for performing model training of the
M™ batch and the embedding information stored in the first memory, wherein the first target
embedding is an embedding that is required for model training of the M batch and that is not
stored in the first memory.

25. The apparatus according to claim 24, wherein the data writing unit is configured to write
the first target embedding to the first memory in a process during which the computing core
performs model training of an (M — 1) batch on a to-be-trained model.

26. The apparatus according to claim 24 or 25, wherein the data writing unit is further
configured to: before writing the first target embedding to the first memory, delete at least one
embedding from the first memory and write the at least one embedding to the second memory
when available storage space of the first memory is less than storage space required for storing the
first target embedding, wherein the at least one embedding is an embedding that is not required for
model training of the M™ batch.

27. The apparatus according to any one of claims 24 to 26, wherein the obtaining unit is
further configured to obtain a first vector and a target vector before the data writing unit writes the
first target embedding to the first memory, wherein the first vector indicates embeddings required
for model training of the M™ batch, each element in the first vector indicates one embedding, and
different elements indicate different embeddings; and the target vector indicates permutations of
the embeddings indicated by the elements in the first vector when model training of the M™ batch
is performed, and the embedding indicated by each element appears at least once in the

permutations; and
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the data writing unit is further configured to transfer the first vector and the target vector to
the first processor.

28. The apparatus according to any one of claims 24 to 27, wherein the first processor is a
graphics processing unit GPU, an embedded neural network processing unit NPU, or a tensor
processing unit TPU, the first memory is a cache, and the second processor is a central processing
unit CPU.

29. A model training apparatus, wherein the apparatus comprises a memory and a processor,
code is stored in the memory, and the processor is configured to obtain the code and perform the
method according to any one of claims 1 to 14.

30. A computer storage medium, wherein one or more instructions are stored in the computer
storage medium, and when the one or more instructions are executed by one or more computers,
the one or more computers are enabled to perform the method according to any one of claims 1 to
14,

31. A computer program product, wherein the computer program product comprises code,
and when the code is executed, steps of the method according to any one of claims 1 to 14 are

implemented.
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