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1
DYNAMIC BATCHING FOR INFERENCE
SYSTEM FOR TRANSFORMER-BASED
GENERATION TASKS

BACKGROUND

This invention relates generally to machine-learning
transformer neural network models, and more particularly to
selective batching for transformer models.

Transformer neural network models are machine-learning
models used for a variety of applications, for example,
natural language processing (NLP), image processing, or
audio processing applications that include sequential data.
For example, a transformer model may receive a sequence
of input tokens that represent a query and generate a
sequence of output tokens that represent a response to the
query. As another example, the transformer model may
receive a sequence of input tokens that represent a paragraph
in German and generate a sequence of output tokens that
represents a translation of the paragraph in English. As yet
another example, the transformer model may receive a
sequence of input tokens that represent a paragraph of text
and generate a sequence of output tokens that represent a
summarized version of the text.

Typically, users of client devices submit requests to an
inference system. The inference system executes a machine-
learning transformer model to inputs (e.g., a sequence of
input tokens) of requests to generate outputs (e.g., a
sequence of output tokens) for the requests. The inference
system may return the outputs to client devices of the
requests as a response. In one instance, the inference system
executes the requests on specialized hardware accelerators
such as graphics processing units (GPU’s) or tensor pro-
cessing units (TPU’s) to improve latency and throughput,
especially when the number of parameters of the transformer
model is significantly large.

In one instance, the inference system processes requests in
batches to achieve high processor utilization on the accel-
erators. Specifically, the inference system may process mul-
tiple requests in a batch together to exploit the amount of
parallel computation units in the hardware accelerators. In
many situations, the inputs for requests in a batch are
variable in length. For example, the number of input tokens
for each request in a batch may be variable in length.
However, methods of batching for transformer models often
require that the length of data for multiple requests in a batch
be the same to be processed. Thus, it may not be feasible to
process a batch of requests with variable lengths or work-
arounds addressing this problem may result in using more
resources compared to processing each request individually.

SUMMARY

An inference system applies a machine-learning trans-
former model to a batch of requests with variable input
length or variable target length or variable internal state
length by selectively batching a subset of operations in the
transformer model but processing requests in the batch
individually for a subset of operations in the transformer
model. In one embodiment, the operation to be processed
individually is an attention operation of an encoder or a
decoder of the transformer model. By selective batching, the
inference system can allow batching operations to be per-
formed for a batch of requests with variable input or target
or internal state length to utilize the parallel computation
capabilities of hardware accelerators while preventing
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unnecessary computations that occur for workarounds that
restrain the data of a batch of requests to a same length.

Specifically, in one embodiment, the inference system
receives a batch of requests including one or more input
token sequences. A length of a first input token sequence for
a first request in the batch may be different from a length of
a second input token sequence for a second request. The
inference system accesses a transformer model including at
least a set of decoders coupled to one another. For one or
more iterations, the inference system repeatedly performs
the steps of generating one or more output tokens for the
requests by applying the set of decoders to one or more
inputs for the requests.

For at least one decoder in the set, the inference system
generates one or more queries, one or more keys, and one or
more values for the requests by applying a QKV weight
tensor to one or more input representations. In one instance,
the queries, keys, and values are generated by a batch
operation. The inference system splits at least a first query
for the first request from the one or more queries, a first key
for the first request from the one or more keys, and a first
value for the first request from the one or more values. The
inference system also splits at least a second query for the
second request from the one or more queries, a second key
for the second request from the one or more keys, and a
second value for the second request from the one or more
values.

The inference system generates a first attention output for
the first request by at least combining the first query, the first
key, and the first value for the first request. The inference
system also separately generates a second attention output
for the second request by at least combining the second
query, the second key, and the second value for the second
request. The inference system concatenates at least the first
attention output and the second attention output into a
concatenated tensor and generates one or more output rep-
resentations by applying a weight tensor to the concatenated
tensor. In one instance, the one or more output representa-
tions are generated by a batch operation. The inference
system sets the one or more output tokens as the one or more
inputs to the set of decoders for the next iteration and
provides output tokens generated for at least one request to
a client device as a response to the at least one request.

In one embodiment, the inference system performs itera-
tion-level dynamic batching for a transformer model that
allows the inference system to dynamically modify a batch
of requests being executed on an execution engine. Specifi-
cally, in existing batching methods for transformer models,
it is difficult to modify a batch of requests once it has started
to process on an execution engine. This is because certain
methods of batching require the length of the inputs or the
length of the internal states to be the same across all requests
in the batch. Therefore, unless new incoming requests have
the same length of inputs as the batch of requests being
executed on the execution engine, it may be difficult for the
inference system to modify the batch to, for example, add or
remove new requests to the batch.

By performing selective batching, the inference system
can monitor and modify a batch being processed on the
execution engine on an iteration-level and update the batch
between iterations as requests get completed and new
requests are received. Specifically, at one or more iterations,
the inference system can modify the batch being executed on
the execution engine by adding new incoming requests to
the batch or removing completed requests from the batch.
This is because selective batching allows requests with
variable lengths to be processed without restraining the one
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or more inputs or internal states to the transformer model to
same lengths. This allows the inference system to remove
requests in the batch that are completed earlier than others
so that the response can be provided to the user faster and
allows the inference system to add new requests to a batch
of requests if the execution engine is being under-utilized.

In one embodiment, a serving system of the inference
system receives one or more requests for execution. The
serving system may include a request processor and a
scheduler each coupled to one or more execution engines for
executing a machine-learning transformer model including
at least a set of decoders. The scheduler schedules a batch of
requests including the one or more requests for execution on
an execution engine. The execution engine generates a first
set of output tokens by iteratively applying the transformer
model to a first set of inputs for the batch of requests. In one
instance, applying the transformer model includes applying
at least one batch operation to one or more input tensors
associated with the batch of requests.

The serving system may receive a new request from a
client device that includes a sequence of input tokens. The
scheduler schedules a second batch of requests including the
one or more requests and the new request for execution on
the execution engine responsive to determining that the
execution engine has memory available to execute the
second batch of requests. The execution engine generates a
second set of output tokens by iteratively applying the
transformer model to a second set of inputs for the second
batch of requests. The second set of inputs may include the
sequence of input tokens for the new request.

BRIEF DESCRIPTION OF THE DRAWINGS

FIG. 1 is a high-level block diagram of a system envi-
ronment for an inference system, in accordance with an
embodiment.

FIGS. 2A-2B illustrate a method of batching using a
machine-learning transformer model, in accordance with an
embodiment.

FIGS. 3A-3B illustrate a method of selective batching
using a machine-learning transformer model, in accordance
with an embodiment.

FIG. 4 is a block diagram of an inference system, in
accordance with an embodiment.

FIGS. 5A-5D illustrate a method of dynamic batching for
processing requests using a machine-learning transformer
model, in accordance with an embodiment.

FIGS. 6A-6B is a flowchart illustrating a method of
selective batching using the transformer model, in accor-
dance with an embodiment.

FIG. 7 is a flowchart illustrating a method of dynamic
batching for processing requests using the transformer
model, in accordance with an embodiment.

FIG. 8 is a diagram illustrating a computer system upon
which embodiments described herein may be implemented
within the inference system, in accordance with an embodi-
ment.

The figures depict various embodiments of the present
invention for purposes of illustration only. One skilled in the
art will readily recognize from the following discussion that
alternative embodiments of the structures and methods illus-
trated herein may be employed without departing from the
principles of the invention described herein.

DETAILED DESCRIPTION

Overview
FIG. 1 is a high-level block diagram of a system envi-
ronment 100 for an inference system 130, in accordance
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4

with an embodiment. The system environment 100 shown
by FIG. 1 includes one or more client devices 110A, 110B,
a network 120, and an inference system 130. In alternative
configurations, different or additional components may be
included in the system environment 100.

The inference system 130 receives requests from client
devices 110A, 110B to perform tasks using machine-learn-
ing models. In one embodiment, the machine-learning mod-
els are transformer neural network models. The tasks may
include, but are not limited to, natural language processing
(NLP), image processing, audio processing applications.
Specifically, the transformer model may be appropriate for
processing sequential data that can be tokenized into a
sequence of input tokens for the request and a sequence of
output tokens for the desired response. The inference system
130 receives a request including input data (e.g., text data,
image or video data, audio data) and encodes the input data
to a set of input tokens. The inference system 130 repeatedly
applies the machine-learning transformer model for one or
more iterations to generate a set of output tokens. The
inference system 130 decodes the set of output tokens to
output data and returns the output data as the response to the
request. While for applications such as NLP applications, a
sequence of input tokens or output tokens are arranged along
one dimension (1-D) to represent, for example, a sequence
of words, it is appreciated that in other embodiments, a
sequence of input tokens or output tokens may be a multi-
dimensional sequence. For example, for two-dimensional
image data, the sequence of tokens may be a two dimen-
sional (2-D) sequence arranged along both a first direction
(e.g., X-axis) and a second direction (e.g., Y-axis), where
each token corresponds to a block of one or more pixels in
the image.

In particular, NLP tasks involve using artificial intelli-
gence and machine learning techniques to analyze language
and may include a variety of tasks including translation,
sentiment analysis, text summarization, auto-correction, and
the like. When processing NLP tasks, the inference system
130 receives a request including input text of a sequence of
words (e.g., query) and encodes the input text to a sequence
of input tokens that each represent a respective word in a
latent space. The inference system 130 repeatedly applies a
transformer model for one or more iterations to generate a
sequence of output tokens (e.g., response to query). The
output tokens are converted to output text as a response to
the request.

For example, a transformer model may receive a sequence
of input tokens that represent a query and generate a
sequence of output tokens that represent a response to the
query. As another example, the transformer model may
receive a sequence of input tokens that represent a paragraph
in French and generate a sequence of output tokens that
represents a translation of the paragraph or sentence in
English. As yet another example, the transformer model may
receive a sequence of input tokens that represent a paragraph
of text and generate a sequence of output tokens that
represents a summarized version of the text.

In one embodiment, the inference system 130 includes
one or more execution engines that are built on specialized
hardware accelerators such as graphics processing units
(GPU’s) or tensor processing units (TPU’s). The requests
are executed on the execution engines. Specifically, execu-
tion of machine-learning neural network models, such as
transformer models, involve a significant number of opera-
tions, such as tensor multiplication between input data and
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high-dimensional weight tensors that can be computation-
ally intensive. The hardware accelerators of the execution
engines may be optimized to perform these operations
efficiently by parallel processing, leading to significant
improvement in latency or throughput when the number of
parameters in the transformer model are large.

The hardware of the inference system 130 may include
one or more central processing unit (CPU) cores, CPU
memory (e.g., DRAM), data storage, one or more execution
engines (e.g., GPU devices). Each execution engine may
include a set of cores (e.g., GPU cores) coupled to local
memory (e.g., GPU memory), and may be composed of one
or more hardware accelerators. In addition, the inference
system 130 may be composed of multiple hardware com-
ponents and components for configuring a network to con-
nect the various components across the multiple hardware
components together such that the components can coordi-
nate with each other to process requests. For example, one
execution engine may communicate with multiple hardware
accelerators on multiple machines. An execution engine may
process data that is stored on its local memory. Specifically,
during training or inference of the transformer model, data
required for inference or training is read from an input file
in the data storage by the CPU or across the network 120
from, for example, a client device 110, moved to local
memory of an execution engine, and processed by the
execution engine. The results of the processing are retrieved
by the CPU.

In one embodiment, the inference system 130 processes
requests by batches to achieve higher processor utilization
on the hardware accelerators. Specifically, the inference
system 130 processes multiple requests in a batch together
to exploit the amount of parallel computation units in the
execution engines. In such an embodiment, the inference
system 130 receives multiple requests each associated with
an input token sequence. The inference system 130 itera-
tively applies the transformer model to the batch of requests
to generate the output tokens for the requests together. In one
instance, batching for a transformer model is made possible
by grouping requests that have the same length of input
token sequences together or at each iteration, treating
requests in the batch as if they all had the same input token
sequence lengths as the request with the shortest length.

Transformer Model with Batching

FIGS. 2A-2B illustrate a method of batching using a
machine-learning transformer model 200, in accordance
with an embodiment. In particular, the transformer model
200 is associated with a set of parameters determined
through a training process. The transformer model 200 is
coupled to receive one or more inputs (e.g., input token
sequences or output tokens of previous iteration) and gen-
erate one or more outputs (e.g., output token predictions).
Specifically, in one embodiment, a request is processed by
applying the transformer model to the input token sequence
of the request in one iteration of an “encoding phase,” and
applying the transformer model to an output token sequence
generated at a previous iteration for one or more iterations
of a “decoding phase.” In a decoding phase, the output
tokens of a previous iteration are set as inputs for a next
iteration, and the process is repeated for additional iterations
of the decoding phase until an end token (e.g., period “.” or
an “<end>" indicator) is generated for each request in the
batch signaling that all predictions have been generated for
a respective request. In other embodiments, the termination
criteria for a request may be to terminate after a maximum
number of output tokens are generated or may be other types
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of conditions that are specified by, for example, the inference
system 130 or users of the client devices 110.

FIG. 2A illustrates an encoding phase for the transformer
model 200, in which the set of input token sequences are
processed to generate one or more output tokens. In the
example shown in FIG. 2A, the inference system 130
processing requests for a chatbot receives a first request as
the question “what is your name?,” a second request as the
question “what is the time?,” and a third request as the
question “how do I pay?” The inference system 130 encodes
each of the requests as a respective set of input token
sequences. The first request is encoded to an input token
sequence X, the second request is encoded to an input token
sequence X,, and the third request is encoded to an input
token sequence X;, each request being illustrated with a
different fill pattern in the figures. Each input token sequence
in FIG. 2A is a one-dimensional sequence in which a
sequence of tokens are arranged along a single dimension
(e.g., X-direction). However, as described above with
respect to FIG. 1, it is appreciated that in other embodi-
ments, a sequence of tokens may be arranged as a multi-
dimensional sequence.

As shown in FIG. 2A, since each request includes four
words, each input token sequence includes four tokens each
token representing a respective word. For example, input
token sequence X, for the first request is represented by four
squares that represent words “what,” “is,” “your,” “name.”
Specifically, while each word is mapped to a single square,
in practice, the inference system 130 represents a token for
a word as an embedding that represents the word in a
multi-dimensional latent space. Thus, while each input token
sequence is visually illustrated as a two-dimensional 1x4
tensor in FIG. 2A, in practice, each input token sequence
may be represented as a three-dimensional tensor 1x4xH
where H is the dimension of an embedding (e.g., direction
going in or out of the page). Moreover, while each token
(input token or output token) is mapped to one word for the
remainder of the specification, this is merely an example,
and it is appreciated that in other embodiments, each token
may be mapped to different text units, combination of text
units, and the like. For example, in other embodiments, each
token may be mapped to a text unit of multiple words,
paragraphs, sentences, n-grams or may be mapped to a
punctuation mark (e.g., “?,” “!1,”” “:””) in addition to text units.

In one embodiment, the transformer model 200 includes
a set of N decoders D1, D2, . . ., DN. A decoder is coupled
to receive a set of input representations and generate a set of
output representations. For example, the first decoder D1 is
coupled to receive the one or more inputs to the transformer
model 200 as the set of input representations and generate a
set of output representations. Each subsequent decoder is
coupled to receive the set of output representations of a
previous decoder and generate another set of output repre-
sentations. For example, the second decoder D2 placed after
the first decoder D1 is coupled to receive the set of output
representations generated by the first decoder D1 and gen-
erate another set of output representations. This process is
repeated until the set of output representations for the final
decoder are generated.

The transformer model 200 may also include a LM head
block 270 that is coupled to receive the set of output
representations from the final decoder DN and generate one
or more output tokens as the outputs for the current iteration.
In the example illustrated in FIG. 2A, the LM head 270
receives the set of output representations from a final
decoder DN and generates one or more output tokens for the
batch of requests in the forms of a tensor ,. Specifically,
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tensor ¥, includes a first output token for the first request that
represents the first word prediction “my” for the response, a
second output token for the second request that represents
the word prediction “the” for the response, and a third output
token for the third request that represents the word predic-
tion “you” for the response.

FIG. 2B illustrates a decoding phase for the transformer
model 200, in which the previous output tokens are pro-
cessed as inputs to generate one or more additional output
tokens. Different from the encoding phase, the transformer
model 200 is applied to output tokens generated at a previ-
ous iteration as inputs to generate the additional output
tokens. As shown in FIG. 2B, the transformer model 200 at
the next iteration receives the output tokens ¥, generated at
the previous iteration and generates additional output tokens
¥, for the requests as outputs. The decoding phase is
repeated until the termination criteria is satisfied for each
request in the batch.

The transformer model 200, and in particular, each
decoder Di in the set of decoders D1, D2, . . ., DN include
one or more blocks that each represent a respective opera-
tion, in particular a tensor operation. Specifically, a block in
the transformer model 200 may contain data for performing
an operation to one or more input tensors for a request to
generate one or more output tensors for the request. When an
operation is executed on an execution engine, the one or
more input tensors and associated data (e.g., weight tensors)
for the operation may be read from the local memory of the
execution engine. The operation may be executed using the
one or more input tensors and the associated data to generate
one or more output tensors. The output tensors are provided
to the CPU, to another execution engine, or may be stored
on the local memory of the execution engine such that it can
be used for the next operation.

In one embodiment, the operations of the transformer
model 200 are configured as batch operations in which data
for a batch of requests are processed together. A batch
operation is coupled to receive one or more input tensors that
are each concatenations of input data for multiple requests in
a batch. The batch operation generates one or more output
tensors that are each concatenations of output data for the
multiple requests in the batch by applying the respective
operation to the one or more input tensors. For a batch
operation, an input tensor may be a concatenation of the
input tensor for each respective request in the batch. Thus,
the input tensor for the batch operation is a single, larger
tensor that coalesces the input tensors for each request in the
batch across an additional batch dimension.

Similarly, an output tensor from a batch operation may be
represented as the concatenation of output tensors for each
respective request in the batch. Thus, while an output tensor
for an individual request can also be generated by applying
the operation to the input tensor for the request, an output
tensor generated from a batch operation using a concat-
enated input tensor is also a single, larger tensor that
coalesces the output tensors for each request in the batch
across the batch dimension.

Moreover, certain operations, such as tensor multiplica-
tion operations, involve multiplying a set of parameters
(e.g., weight tensors) of the transformer model 200 with the
input tensors for the batch operation. In some instances,
when the requests are processed individually, a weight
tensor is read from the local memory of a hardware accel-
erator each time an input tensor for a request is multiplied by
the weight tensor. In contrast, when executing the tensor
multiplication as a batch operation, the set of parameters are
read once and re-used for operation on the concatenated
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input tensor. This can lead to significant improvement in
throughput compared to processing the requests individu-
ally. However, in the batching process of FIGS. 2A-2B, each
request may be required to have the same length in an input
tensor and an internal state tensor since the input data for the
batch are processed as a single tensor.

As shown in FIG. 2A, a decoder in the transformer model
200 includes a first layer normalization block 210, a QKV
operation block 215, a split block 220, a self-attention block
225, an attention linear block 230, a first add block 235, a
second layer normalization block 240, a first MLP block
245, a GeLU block 250, a second MLP block 255, and a
second add block 260. In one embodiment, each of the
blocks in the decoder are performed on an execution engine
as a batch operation, in which input tensors for the batch
operation are a concatenation of the input data for the batch
of requests and the output tensors are a concatenation of the
output data for the batch of requests. While the operations in
the first decoder D1 are described as an example, it is
appreciated that the remaining decoders in the set may also
include similar operations as the first decoder D1.

Specifically, the inference system 130 concatenates the
input token sequences X, X,, X; into a concatenated input
tensor. The layer normalization block 210 is coupled to
receive the concatenated input tensor and normalize the
elements of each request to generate a normalized tensor as
the output tensor. The QKV operation block 215 is coupled
to receive the normalized tensor as an input tensor and
generate an output tensor including queries, keys, values for
the requests. Specifically, the QKV operation block 215
generates the queries, keys, and values by applying a QKV
weight tensor that is a trained set of parameters of the
transformer model 200 to the normalized tensor that
includes normalized data for each request to generate an
output tensor that includes the queries, keys, and values for
each request in the batch. For example, as shown in FIG. 2A,
the first row of the output tensor of the QKV operation 215
includes the query, key, value (in a concatenated form) for
the first request, the second row includes the query, key,
value for the second request, and so on. In one embodiment,
instead of applying a single QKV weight tensor, the QKV
operation block 215 may be associated with separate weight
tensors that are each applied to the input tensor to separately
generate the queries, keys, and values. For example, the
QKYV operation block 215 may apply a query weight tensor
to the input tensor to generate the queries for the requests,
a separate key weight tensor to the input tensor to generate
the keys for the requests, and a separate value weight tensor
to the input tensor to generate the values for the requests.

The split block 220 is coupled to receive the output tensor
from the QKV operation block 215 and split the output
tensor into a query tensor, a key tensor, a value tensor for the
current iteration, in the case that these tensors are not
generated separately. The query tensor includes the queries
for the batch of requests, the key tensor includes the keys for
the batch of requests, and the value tensor includes the
values for the batch of requests for the current iteration. In
one instance, the execution engine maintains an internal
state for the batch of requests as a key cache tensor for
caching the keys generated at previous iterations and the
current iteration, and a value cache tensor for caching the
values that were generated at previous iterations and the
current iteration. The inference system 130 adds the key
tensor for the current iteration to the key cache tensor and
the value tensor for the current iteration to the value cache
tensor.
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The self-attention block 225 is coupled to receive the
query tensor, the key cache tensor, and the value cache
tensor as the input tensors and generate an output tensor
including attention outputs for requests in the batch. In one
instance, the attention output tensor is generated by multi-
plying the query tensor with the key cache tensor to generate
a multiplied tensor and multiplying the multiplied tensor
with the value cache tensor. When the self-attention block
225 is executed as a batch operation, the query tensor and the
key cache tensor may be multiplied on the execution engine
to generate the multiplied tensor. The value cache tensor and
the multiplied tensor may be multiplied to generate the
attention output tensor. The attention output tensor includes
attention outputs for the requests in the batch. For example,
in FIG. 2A, the first row of the attention output tensor Z' is
the attention output for the first request, the second row of
the attention output tensor Z' is the attention output for the
second request, and so on.

The attention linear block 230 is coupled to receive the
attention output tensor as the input tensor and generates an
output tensor by applying an attention weight tensor that is
a trained set of parameters of the transformer model 200 to
the attention output tensor. The attention linear block 230 is
configured as a batch operation. For example, in FIG. 2A,
the first row of the output tensor Z may be the output data
for the first request, and the second row of the output tensor
Z may be the output data for the second request, and so on.
The first add block 235 combines the concatenated input
tensor with the input token sequences and the output tensor
from the attention linear block 230 to generate a combined
tensor. The second layer normalization block 240 is coupled
to receive the combined tensor from the add block 235 and
normalize elements of each request to generate a normalized
tensor as the output tensor.

The decoder further includes a multi-layer perceptron
(MLP) block 242 that includes one or more blocks including
additional neural network layers. In one embodiment, the
MLP block 242 includes a first MLP block 245 coupled to
receive the normalized tensor from the second layer nor-
malization block 240 as the input tensor and generate an
output tensor by applying a MLP weight tensor that is a
trained set of parameters of the transformer model 200 to the
normalized tensor. The MLP block 242 includes a GeLU
block 250 coupled to receive the output tensor from the first
MLP block 245 as the input tensor and generate an output
tensor by applying a GeLL.U function to the input tensor. The
MLP block 242 includes a second MLP block 255 coupled
to receive the output tensor from the GeLL.U block 250 as the
input tensor and generate an output tensor by applying a
second MLP weight tensor that is a trained set of parameters
of the transformer model 200.

The combined tensor from the second add block 260 may
be obtained as the set of output representations generated for
the first decoder D1. Subsequently, the second decoder D2
placed after the first decoder D1 is coupled to receive the set
of output representations from the first decoder D1 and
repeats similar operations to generate another set of output
representations. This process is repeated until the set of
output representations from the final decoder DN are gen-
erated. Specifically, while each decoder may involve similar
operations as the first decoder D1, the trained set of param-
eters that are associated with the operations may be different
from decoder to decoder. The LM head block 270 is coupled
to receive the set of output representations from the final
decoder DN as an input tensor and generates an output
tensor ¥, including the one or more output tokens.
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As described in conjunction with FIG. 2B, the next
iteration is a decoding phase in which the output tokens
generated at the previous iteration are inputs to the trans-
former model 200. The transformer model 200 generates
another set of output tokens. The layer normalization block
210 is applied to the output tensor ¥, to generate a normal-
ized tensor. The QKV operation block 215 is applied to the
normalized tensor to generate an output tensor including the
queries, keys, values for the current iteration. The split block
220 is applied to split the output tensor into a query tensor,
a key tensor, a value tensor. The inference system 130 adds
the key tensor for the current iteration to the key cache
tensor and adds the value tensor for the current iteration to
the value cache tensor. Thus, during the iteration shown in
FIG. 2B, the key cache tensor Kcache includes the keys of
the previous iterations and the current key tensor K, and the
value cache tensor Vcache includes the values of the pre-
vious iterations and the current value tensor V.

The self-attention block 225 is applied to the query tensor,
the key cache tensor, and the value cache tensor for the
current iteration to generate the attention output tensor. The
attention linear block 230 is applied to the attention output
tensor to generate an output tensor. The add block 235
combines the inputs and the output tensor from the attention
linear block 230 to generate a combined tensor. The MLP
block 242 is applied to the combined tensor to generate the
set of output representations for the decoder D1. This
process is repeated for the remaining decoders and the LM
head 270 to generate an output tensor ¥, including another
set of output tokens, and the transformer model 200 is
iteratively applied until the termination criteria is satisfied
for each request in the batch.

Transformer Model with Selective Batching

In many instances, the inputs for requests or the internal
states for the requests are variable in length and may be
difficult to batch using, for example, the batching method in
FIGS. 2A-2B. For example, the number of input tokens
between different NLP requests are highly likely to vary in
length depending on the input text and the type of request.
For example, the length of a first query request may be
different from the length of a second query request since
different users synthesize language differently. However,
methods of batching transformer models, such as the method
described in conjunction with FIGS. 2A-2B, require that the
lengths of input tensors for the batch be the same since the
input tensors have to be coalesced into a single concatenated
tensor for an operation. Thus, if the lengths of input tensors
are different for multiple requests, it may not be feasible to
process the requests as a batch using the batching method of
FIGS. 2A-2B.

In addition, a workaround addressing this problem is to
treat the input token sequences during the encoding phase as
if the requests had the same lengths as the input token
sequence with the shortest length (i.e., least number of
tokens). However, this requires the inference system 130 to
discard output tokens generated for requests with longer
input lengths at subsequent iterations since the original input
tokens received for the request have to be substituted in the
respective elements. This results in inefficiency and waste of
unnecessary resources because an inference system pro-
cesses the input token sequences for longer requests sepa-
rately in multiple iterations instead of a single iteration.
Another workaround may be to treat the input token
sequences as if the requests had the same lengths as the input
token sequence with the longest length (i.e., largest number
of tokens). However, this requires the inference system to
increase the size of the input tensors to match the request
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with the longest token sequence (and pad the remaining
elements). This results in redundant computation since the
inference system processes a larger input tensor throughout
the process of executing the transformer model. For
example, in some cases, the number of iterations required to
process a batch of requests using the method of FIGS.
2A-2B may be significantly larger than the number of
iterations to process each request individually.

Thus, in one embodiment, the inference system 130 trains
and applies a machine-learning transformer model to a batch
of requests with variable input length or target length or
internal state length using a selective batching method. In
the selective batching method, the inference system 130
selectively batches a subset of operations in the transformer
model but separately processes requests individually for a
subset of operations in the transformer model that are not
compatible with batching. In one embodiment, the operation
to be processed separately is the attention operation of an
encoder or a decoder of the transformer model. By selective
batching, the inference system 130 can allow batching
operations to be performed for a batch of requests with
variable input or target length or internal state length to
utilize the parallel computation capabilities of hardware
accelerators while preventing problems that occur in work-
arounds.

FIGS. 3A-3B illustrate a method of selective batching
using a machine-learning transformer model 300, in accor-
dance with an embodiment. In the example shown in FIG.
3A, the inference system 130 receives a batch of requests
with input token sequences having different lengths, differ-
ent from FIG. 2A. In FIG. 3A, the inference system 130
receives a first request as the question “what’s up?,” a
second request as the question “hello?,” and a third request
as the question “how are you?” each having different lengths
of words. The inference system 130 encodes each of the
requests as a respective set of input token sequences. The
first request is encoded to an input token sequence X, the
second request is encoded to an input token sequence X,,
and the third request is encoded to an input token sequence
X5
The transformer model 300 shown in FIGS. 3A-3B also
includes a set of N decoders D1, D2, ..., DN and a LM head
block 370. However, different from the transformer model
200 of FIGS. 2A-2B, a subset of operations in the trans-
former model 300, specifically operations in the self-atten-
tion operation block 325, are executed separately instead of
being processed as a batch operation. As shown in FIG. 3A,
the transformer model 300 includes a first layer normaliza-
tion block 310, a QKV operation block 315, a split block
320, a self-attention block 325, an attention linear block 330,
a first add block 335, a second layer normalization block
340, a first MLP block 345, a GeLLU block 350, a second
MLP block 355, and a second add block 360.

Specifically, in the selective batching method, the infer-
ence system 130 may concatenate the input token sequences
X,, X,, X into a concatenated input tensor. Different from
the batching method in FIGS. 2A-2B, the inference system
130 concatenates the input token sequences such that indi-
vidual input tokens for the batch of requests are concat-
enated across one dimension, for example, the vertical
dimension in FIGS. 3A-3B. When input token sequences
with different lengths are input to the transformer model
300, one way to concatenate the sequences into a concat-
enated tensor with the same dimensionality for the requests
in the batch is to concatenate the input tokens for the
requests across a single dimension. Thus, the concatenated
tensor in FIG. 3A is illustrated as a 2[.,x1 tensor in FI1G. 3A,
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where 21, denotes the total sum of the token lengths over
each request b in the batch, in which the length of input
tokens for request b is given by L,. In practice, the concat-
enated input tensor may be a 2L, x1xH tensor where H is the
dimension of an embedding.

The first layer normalization block 310 is applied to the
concatenated input tensor to generate a normalized tensor
that normalizes elements of each request. In one instance,
the operation of the first layer normalization block 310 is
given by:

Xi,j — E[Xi,]
Var[X;.]+¢

Yij= Y+ B

where XER **,*¥ represents the concatenated input tensor
and YER **,*7 represents the normalized tensors, € is a
constant, and y, BER 7.

The QKV operation block 315 is applied to the normal-
ized tensor as an input tensor to generate an output tensor
including the queries, keys, values for the requests. The
QKYV operation block can be configured as one or more
neural network layers. Specifically, the QKV operation
block 315 generates the queries, keys, and values by apply-
ing a QKV weight tensor that is a trained set of parameters
of the transformer model 300 to the normalized tensor. In
one instance, the operation of the QKV operation block 315
is given by:

H
- [ S wng] + bias,
k=1

where XER =, represents the normalized tensor from the
first layer normalization block 310, YER *£,**# represents
the output tensor containing the queries, keys, and values,
WEEPe R 737 i5 the QKV weight tensor, and bias€R 7.

In particular, the QKV operation block 315 in the selec-
tive batching method may be configured as a batch operation
and the QKV weight tensor is multiplied with the normal-
ized tensor from the layer normalization block 310 to
generate the output tensor that includes the queries, keys,
and values for the batch of requests. Because of the shape of
the concatenated input tensor, the output tensor of the QKV
operation 315 may also be arranged such that each query
element for the requests are concatenated along one dimen-
sion, for example, the vertical dimension, each key element
for the requests are concatenated along the one dimension,
and each value element for the requests are concatenated
along the one dimension. For example, as shown in FIG. 3A,
the first and second rows of the output tensor of the QKV
operation 315 corresponds to the query, key, value for the
first request, the third row corresponds to the query, key,
value for the second request, and the fourth through sixth
rows correspond to the query, key, value for the third
request. Similarly, the QKV operation block 315 may gen-
erate the queries, keys, and values separately by applying a
query tensor, a separate key tensor, and a separate value
tensor to the input tensor. In one embodiment, the QKV
operation block 315 includes multiple attention heads, and
the queries, keys, and values are generated for each attention
head. In such an instance, when the QKV operation block
315 includes n attention heads, H may be equal to nxh,
where h is the dimensionality of the latent space per atten-
tion head.
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The split block 320 is coupled to receive the output tensor
from the QKV operation block 315 and split the output
tensor into a query tensor, a key tensor, a value tensor for the
current iteration. In one instance, an operation of the split
block 320 is given by:

Qij :)(iijij :)(i,H+jx I/i,j:)(i,ZHi»j

where XER =£,*# represents the output tensor from the
QKV operation block 315, QR **,*¥ represents the query
tensor, KR =£,*# represents the key tensor, VR *,* rep-
resents the value tensor. When the QKV operation block 315
includes multiple attention heads, the query tensor may
include n queries for each request, the key tensor may
include n keys for each request, and the value tensor may
include n values for each request.

Different from the batching method of FIG. 2A, the split
block 320 further splits the query tensor Q to queries for
each request, the key tensor K to keys for each request, and
the value tensor V to values for each request. In one instance
the per-request split operation of the split block 320 is given
by:

[ ij:Qij:Q2 i,':QLlﬂ-,a ... Op i,j:QL1+ L

where Q,, Q,, . . ., Qp are queries for individual requests,
and Q.€ER* ™, Q.ERT,H, ... Q,ER Y,

+Lp_j+ij

Ky KKy 7Ky K 7K

where K, K,, . . ., Kz are keys for individual requests, and
K.ERT T KERTH, .. KeERTL,

. 4Lp_ 4

Vi =VipVasy=Vepap - Vo iy=Vige

where V|, V,, .. ., V are queries for individual requests,
and V,ER* ¥ V,ER Y, ... VR

Moreover, for each request b=1, 2, . . . , B, the inference
system 130 maintains an internal state for the request in the
form of a key cache tensor Kcache,, and a value cache tensor
Vcache,, where Kcache,ER* b,cw,"H and
Vcache, ER © b,cwr"H and L, ., is the current length of the
token sequence (including both the input tokens and output
tokens) of the request b. In other embodiments, the internal
state for a request may contain different types of information
from the keys and values for the request and embodiments
are not limited hereto. Thus, L, ,,, is equal to L, for the
encoding phase. The inference system 130 adds the key
tensor K, to the respective key cache tensor and the value
tensor V, to the respective value cache tensor for the request.
Because the set of inputs (i.e., input token sequences for X,
X,, X;) for the batch of requests have different lengths, the
length of the internal state for the requests in the batch are
different in FIG. 3A. In the batching process of FIGS.
2A-2B, the key cache tensor and the value cache tensor are
also required to have the same lengths across requests in the
batch since the self-attention operation 225 involves multi-
plying the query tensor, the key cache tensor, and the value
cache tensor together. However, since selective batching is
performed in FIG. 3A, requests that have different lengths
for its internal state can also be efficiently processed in
batches for select operations while being processed sepa-
rately for the self-attention operation 325.

The self-attention block 325 is coupled to receive the
query tensor, the key cache tensor, and the value cache
tensor for each request as the one or more input tensors and
generates one or more output tensors that are attention
outputs for each request in the batch. In one embodiment, the
self-attention block 325 is not batched, and at least a subset
of the requests in the batch are processed separately from

. +Lp y+ij
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one another. In particular, each request in the batch may be
processed individually for the self-attention block 325.

For a request in the batch, the self-attention block 325 is
coupled to receive the query for the request and the key
cache tensor for the request to generate a multiplied tensor
for the request. In one instance, an operation of the self-
attention block 325 for a request is given by:

h
Ypiju =

m=

, ,
Qi jm Keachey, ;4
1

where Y,ER "™, "%, e tepresents the multiplied ten-

sor for request b, Q,ER ""Lb,w,,"h is a reshaped query
tensor Q,, for request b that concatenates the query for each
attention head together for a request b, and
Kcache',ER """, ., is a reshaped key cache tensor
Kcache, for request b that concatenates the key cache tensor
for each attention head together for request b.

The self-attention block 325 is then coupled to receive the
multiplied tensor and the value cache tensor for the request
and generate the attention output tensor for the request. In
one instance, an operation of the self-attention block 325 for
the request is given by:

1
eXP(— Xp i, ',k]
Vi T

Sl

m=1

Ppijk = ifk=j

Where X,ER ™%, _..,,”" 5. cu represents the received multi-

plied tensor for request b, P,ER ™%, | *F and

byeurr  b,curr

Lp curr

,
Yoiia = ) Poijm-Voachey ;.

m=1

where Y,ER ""Lb,cw,"h represents the multiplied tensor for
request b, Vcache',ER ""Lb,cw,"h is the reshaped value ten-
sor Vcache, for request b that concatenates the value cache
tensor for each attention head together for request b. Sub-
sequently the output Y, is reshaped to generate the attention

output 7', by:

Z’bj,hi+k: Y, ik
where Y,€R "%, " and Z',€R*, ., .

In particular, the operations of the self-attention block 325
may not be compatible as a batch operation for requests that
have different lengths because the operations of the self-
attention block 325 are multiplications between the queries,
key caches, and value caches for the requests rather than
tensor multiplication between a fixed weight tensor and one
or more input tensors. Thus, the attention outputs for
requests in the batch are generated separately. For example,
an execution engine may generate a first attention output for
a first request using input tensors (e.g., query tensor Q,, key
cache tensor Kcache,, value cache tensor Vcache,) for the
first request, and separately, the execution engine at a
separate step may generate a second attention output for a
second request using input tensors for the second request. In
particular, the second attention output may be generated at
a different execution engine from the execution engine that
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processed the first request, generated at a different hardware
accelerator from the hardware accelerator that processed the
first request in the same execution engine, generated at a
different GPU kernel from the GPU kernel that processed the
first request in the same hardware accelerator, or generated
at the same GPU kernel that processed the first request in the
same hardware accelerator, but embodiments are not limited
hereto.

The inference system 130 concatenates the attention out-
puts of the requests in the batch together into a single
attention output tensor, since the subsequent operation in the
attention linear block 330 is configured as a batch operation.
In one instance, the concatenation operation is given by:

i ' — ' —
Zi,/’Zl i,/:ZL1+i,/722 ijrco ZL1+. o +LB,1+i,/’ZB i

where Z'€R*%,*? represents the single attention output
tensor. As shown in FIG. 3 A, the first and second rows of the
concatenated attention output tensor Z' correspond to atten-
tion outputs of the first request, the third row corresponds to
the attention outputs of the second request, and the fourth
through sixth rows correspond to the attention outputs of the
third request.

The attention linear block 330 is coupled to receive the
attention output tensor as the input tensor and generates an
output tensor by applying an attention weight tensor that is
a trained set of parameters of the transformer model 300 to
the attention output tensor. The attention linear block 330
may be configured as one or more neural network layers.
The attention linear block 330 may be executed as a batch
operation. In one instance, the operation of the attention
linear block 330 is given by:

H
Z,= [Z Z- Wk‘f’}"] + bias;

k=1

where 7'€R*,*7 represents the attention output tensor
from the self-attention block 325, ZER **,** represents the
output tensor, W7 R #*# i5 the attention weight tensor,
and bias€ R . As an example, in FIG. 3A, the first to second
rows of the output tensor Z include the output data for the
first request, the third row includes the output data for the
second request, and the fourth to sixth rows includes the
output data for the third request.

The first add block 335 combines the concatenated input
tensor including the input token sequences and the output
tensor from the attention linear block 330 to generate a
combined tensor. The second layer normalization block 340
is coupled to receive the combined tensor from the add block
335 and normalize elements of each request to generate a
normalized tensor as the output tensor.

Similar to the transformer model 200 of FIGS. 2A-2B, the
decoder may further include a MLP block 342 that includes
one or more blocks including additional neural network
layers. The MLP block 342 is executed as one or more batch
operations. The MLP block 342 further includes a first MLP
block 345 configured as one or more neural network layers.
The first MLP block 345 is coupled to receive the normal-
ized tensor from the second layer normalization block 340
and generate an output tensor by applying a MLP weight
tensor that is a trained set of parameters of the transformer
model 200 to the normalized tensor.

The MLP block 342 further includes a GeLU block 350
coupled to receive the output tensor from the first MLP
block 345 as the input tensor and generate an output tensor
by applying a GeLLU function to the input tensor. The MLP
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block 342 also includes a second MLP block 355 configured
as one or more neural network layers. The second MLP
block 355 is coupled to receive the output tensor from the
GeLU block 350 as the input tensor and generate an output
tensor by applying a second MLP weight tensor that is a
trained set of parameters of the transformer model 300. The
second add block 360 combines the output tensor from the
second MLP block 355 and the output tensor from the first
add block 335 to form the combined tensor.

The combined tensor includes the set of output represen-
tations for the first decoder D1. The set of output represen-
tations are propagated to subsequent decoders and a similar
process is repeated to generate a set of output representa-
tions for the final decoder DN. Specifically, the inference
system 130 may also deploy a selective batching method for
the remaining decoders in which the self-attention operation
is executed without batching but the remaining operations
are batched. The LM head block 370 is coupled to receive
the set of output representations from the final decoder DN
and generate an output tensor ¥, including a set of output
tokens.

As shown in FIG. 3B, the next iteration is a decoding
phase where the previous output tokens generated at the
previous iteration are inputs to the transformer model 300 to
generate another set of output tokens. Specifically, the layer
normalization block 310 is applied to the output tensor ¥, to
generate a normalized tensor. The QKV operation block 315
is applied to the normalized tensor to generate the output
tensor including the queries, keys, values for the current
iteration. The split block 320 is applied to split the output
tensor into one or more query tensors for each request, one
or more key tensors for each request, and one or more value
tensors for each request in the batch. The inference system
130 adds each key tensor to the key cache tensor for the
respective request and adds each value tensor to the value
cache for the respective request. Since FIG. 3B depicts an
iteration of a decoding phase for all requests in the batch, the
requests have the same lengths for the set of inputs (i.e.,
single output token for each request generated from the
previous iteration) that are fed to the transformer model 300.
However, the internal state including the key cache tensor
and value cache tensor may still have different lengths for
requests in the batch, since the input token lengths for the
requests were different in the encoding phase illustrated in
FIG. 3A. However, similar to FIG. 3 A, the inference system
130 can still process a batch of requests that have different
internal state lengths by selectively batching operations in
the transformer model 300.

The self-attention block 325 is separately applied to the
query tensor, the key cache tensor, and the value cache
tensor for each respective request to generate the attention
output tensor for the request. The attention outputs for the
requests are concatenated into the attention output tensor.
The attention linear block 330 is applied to the attention
output tensor to generate an output tensor. The add block 335
combines the concatenated input tensor and the output
tensor from the attention linear block 330 to generate a
combined tensor. The MLP block 342 is applied to the
combined tensor to generate the set of output representations
for the decoder D1. This process is repeated for the remain-
ing decoders and the LM head block 370 to generate an
output tensor ¥, including another set of output tokens, and
the transformer model 300 is iteratively applied until the
termination criteria is satisfied for each request in the batch.

By performing selective batching on select operations of
the transformer model 300, the inference system 130 can
efficiently process a batch of requests with variable input
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length. The inference system 130 executes requests by
separately processing operations, such as the self-attention
operation, on a per-request basis while remaining operations
of the transformer model 300 are batched. Specifically,
operations that involve tensor multiplication between one or
more input tensors and a trained weight tensor, such as the
QKYV linear operation, the attention linear operation or the
MLP operation, may require high computational power
during the inference process since the dimensionality of the
weight tensors are often large. Moreover, when the requests
are individually processed for these operations, the weight
tensors may be read from the local memory of an execution
engine multiple times. However, by configuring these sub-
sets of operations as batch operations but separately pro-
cessing operations, such as the self-attention operation, that
do not involve operations on weight tensors, the inference
system 130 can utilize the parallel computation capabilities
of hardware accelerators while allowing high flexibility in
processing variable length requests.

In addition, FIG. 3A illustrates an iteration of the encod-
ing phase for a set of inputs that are input token sequences
and FIG. 3B illustrates an iteration of the decoding phase for
a set of inputs that are output tokens for the batch of requests
that were generated in a previous iteration (i.e., encoding
phase). However, different from other methods of batching
transformer models, the selective batching method described
herein flexibly allows the transformer model 300 to process
a set of inputs for a batch of requests having variable input
lengths, target lengths, or internal state lengths, regardless of
whether a request in the batch is processed for an encoding
phase or a decoding phase or how many iterations have been
processed for the request.

Specifically, a batch of requests may not be batched using
the method of FIGS. 2A-2B when (i) the requests are in the
encoding phase and have input token sequences with dif-
ferent lengths, when (ii) the requests are in the decoding
phase and each request is processing a token at a different
index (i.e., input token length plus the index of decoding
iterations) from each other resulting in internal states with
different lengths, and when (iii) each request in the batch is
in a different phase (encoding or decoding) resulting in
inputs with different lengths (i.e., input token sequence for
encoding phase and single output token for decoding phase).
While the method of batching in FIGS. 2A-2B restrict the
requests in a batch to the same phase with the same number
of input tokens for the encoding phase and the same token
index for the decoding phase, this restriction significantly
reduces the likelihood of batching in real-world workloads.

In contrast, the selective batching method described
herein allows the transformer model 300 to process requests
as a batch, even if they are at different phases or different
indices for processing. Thus, for example, instead of receiv-
ing a set of input token sequences X;, X,, X3, in FIG. 3A,
the transformer model 300 may perform an iteration using a
batch of an input token sequence for a first request (encoding
phase), a first output token for a second request (first
iteration of decoding phase), and a third output token for a
third request (third iteration of decoding phase). As another
example, the transformer model 300 may perform an itera-
tion using a batch of a second output token for a first request
and a fourth output token for a second request, each having
different lengths for the key cache tensor and the value cache
tensor. As described in conjunction with FIGS. 5A-5B, this
allows the inference system 130 to flexibly modify and
update batches at each iteration so that the computing
capabilities of the one or more execution engines are fully
utilized.
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Moreover, while FIGS. 2A-2B and 3A-3B illustrate a
GPT (generative pre-training) type transformer model that
includes a set of decoders, the inference system 130 is also
capable of performing selective batching on transformer
models with other types of architectures, as long as the
transformer model includes a attention mechanism (e.g.,
self-attention or encoder-decoder attention) that generates
attention outputs using queries, keys, and values generated
for the request, and generates output tokens in an auto-
regressive manner by using the output tokens generated at
previous iterations as inputs for the next iteration.

In another embodiment, a transformer model may have an
encoder-decoder architecture and includes a set of encoders
coupled to a set of decoders. In such an architecture, each
encoder includes at least a self-attention block coupled to a
MLP block. The self-attention block of an encoder is
coupled to receive a query tensor, a key tensor, and a value
tensor obtained from processing a set of input tokens and
generate an attention output. Each decoder includes at least
a self-attention block coupled to an encoder-decoder atten-
tion block coupled to a MLP block. The encoder-decoder
attention block of a decoder is coupled to receive a query
tensor obtained from processing the output of the self-
attention block and a key tensor and a value tensor obtained
from processing the output of the final encoder to generate
another attention output.

The inference system 130 may apply the encoder-decoder
transformer model to a batch of requests. Specifically, for an
encoder, the requests may be separately processed for the
self-attention block while they are batched for the remaining
operations. For the decoder, the requests may be separately
processed for the self-attention block and the encoder-
decoder attention block while they are batched for the
remaining operations.

Returning to FIG. 1, the client devices 110A, 110B is a
computing device such as a smartphone with an operating
system such as ANDROID® or APPLE® IOS®, a tablet
computer, a laptop computer, a desktop computer, or any
other type of network-enabled device. In the system envi-
ronment 100 shown in FIG. 1, the client device 110 allows
a user to submit requests to the inference system 130 to
perform tasks that can be processed by the machine-learning
transformer model. For example, a user of the client device
110A may be affiliated with an entity that deploys one or
more applications that require NLP or other types of tasks
that can be processed by the transformer architecture. A
request submitted by the client device 110 may be, for
example, a request to generate predictions for chatbot appli-
cations, a request to translate a sequence of words from one
language to another language, a request to synthesize a story
or narrative given a sequence of starting words, and the like.

A typical client device 110 includes hardware and soft-
ware needed to connect to the network 122 (e.g., via WiFi
and/or 4G, 5G or other wireless telecommunication stan-
dards). Specifically, the client device 110 may include an
operating system and various applications that run on the
operating system that enable the users to submit the requests.
For example, the client device 110 may be include browser
applications or standalone applications deployed by the
inference system 130 that allow users of an organization to
interact with the inference system 130 to submit the
requests.

The network 122 provides a communication infrastruc-
ture between the client devices 110 and the online system
130. The network 122 is typically the Internet, but may be
any network, including but not limited to a Local Area
Network (LAN), a Metropolitan Area Network (MAN), a
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Wide Area Network (WAN), a mobile wired or wireless
network, a private network, or a virtual private network.
Block Diagram of Inference System

FIG. 4 is a block diagram of an architecture of the
inference system 130, in accordance with an embodiment.
The inference system 130 shown by FIG. 4 includes a data
management module 420, a training module 430, and a
serving system 435. The inference system 130 also includes
a training corpus 460. In alternative configurations, different
and/or additional components may be included in the infer-
ence system 130.

The data management module 420 manages the training
corpus 460 of training data that is used to train parameters
of the transformer model. In one embodiment, the training
corpus 460 includes multiple instances of data that each
include a set of training input data and a set of training
output data that correspond to known predictions for the set
of training input data that address the task the transformer
model should be trained for. In one embodiment, the training
input data and the training output data is text data, but
embodiments are not limited hereto, and the training data
may include any type of data, such as audio data or image
data, that the transformer model is trained to process in an
auto-regressive manner. The training module 430 encodes
the set of training input data to a set of training input tokens
and the set of training output data to a set of training output
tokens. Hach token may represent a respective word in the
latent space.

For example, when the transformer model is used for
automatic translation from English to French, the set of
training input tokens may correspond to a first sentence of
words in English and the set of training output tokens may
correspond to a second sentence of words in French that is
a translation of the first sentence. As yet another example,
when the transformer model is used to convert an image to
text, the set of training input tokens may correspond to
pieces of image data for the training image and the set of
training output tokens may correspond to a converted sen-
tence or paragraph describing the image.

The execution engine module 425 includes or more
execution engines that are built on specialized hardware
accelerators such as graphics processing units (GPU’s) or
tensor processing units (TPU’s). An execution engine
receives requests to execute one or more requests on the
specialized hardware. In one instance, the execution engine
receives a batch of requests and executes one or more
iterations of the transformer model via selective batching
using the inputs for each request. As described above, an
execution engine may include a set of cores (e.g., GPU
cores) coupled to local memory (e.g., GPU memory). Spe-
cifically, for each operation of an iteration, the execution
engine is configured to read data required for the operation
from the local memory of the execution engine.

The execution engines of the execution engine module
425 may be configured as GPU’s or TPU’s or any other
specialized hardware that is capable of processing neural
network operations, including tensor multiplication and
floating-point operations in an efficient manner. For
example, the execution engine is not limited to Google TPU,
Graphcore IPU, Cerebras WSE, Nvidia GPU, intel Nervana,
Qualcomm Cloud Al, Samsung Exynos, AMD Radeon,
Xilinx Al Accelerator cards, IBM TrueNorth, AWS
Trainium, and the like. As described above, an execution
engine may be composed of one or more hardware accel-
erators. In some instances, the execution engine may process
workload that requires processing capabilities of more than
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one hardware accelerator. Thus, the execution engine is able
to distribute the workload across multiple hardware accel-
erators if necessary.

In one embodiment, an execution engine is also config-
ured to manage one or more caches on the local memory
necessary for executing one or more iterations of the trans-
former model. For example, when executing the transformer
model 300 of FIGS. 3A-3B, the execution engine maintains
a key cache tensor and a value cache tensor for a request
until the request has been completed. Thus, responsive to
receiving one or more new requests (requests for which the
encoding phase has not been processed), an execution
engine allocates memory to each request for maintaining the
key cache tensor and the value cache tensor for the request.
For each iteration of the decoding phase, the execution
engine may add the key tensor and the value tensor for the
iteration to the respective key cache and value cache allo-
cated for the request and retrieve the key cache and value
cache for the request to execute an operation. Responsive to
completing one or more requests, an execution engine may
provide the outputs for the requests to an appropriate module
of the inference system 130, and free the allocated cache
memory for the completed requests, such that the freed
memory can be used for other requests.

The training module 430 trains parameters of a trans-
former model by performing a training process. First, the
training module 430 may generate an appropriate architec-
ture for the transformer model that can address the task
requests received by the client devices 110. For example, the
training module 430 may train the transformer model 300
illustrated in FIGS. 3A-3B. The training module 430 may
determine the number of decoders in the set of decoders to
adjust the depth of the transformer model and determine, for
example, how many layers are included in each neural
network layer of the transformer model. When the trans-
former model to be trained is an encoder-decoder architec-
ture, the training module 430 may determine the number of
encoders as well as the number of decoders.

The training module 430 may also initialize one or more
weight tensors associated with the operations of the trans-
former model. The elements of the weight tensors corre-
spond to parameters of the transformer model that will be
learned during the training process using the training data of
the training corpus 460. The weight tensors may be initial-
ized with dimensionality based on the dimensionality of the
input tensors the weight tensors are configured to be oper-
ated with. For example, to train the transformer model 300
of FIGS. 3A-3B, the training module 430 may initialize a
QKYV weight tensor W - for the QKV operation block 315
(e.g., with dimensionality Hx3H), an attention weight tensor
W4 for the attention linear block 330 (e.g., dimensionality
HxH), and a first MLLP weight tensor for the first MLP block
345 and a second MLP weight tensor for the second MLP
block 355.

During the training process, the training module 430
obtains a set of training data and trains parameters of the
machine-learning transformer model by repeatedly iterating
between a forward pass step and a backpropagation step.
During the forward pass step, the training module 430
generates one or more estimated output tokens by applying
estimated parameters of the transformer model to the set of
training input tokens in the set of training data to generate
one or more estimated output tokens. The training module
430 determines a loss function indicating a difference
between the one or more estimated output tokens and the set
of training output tokens. During the backpropagation step,
the training module 430 updates parameters of the trans-
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former model (i.e., weight tensors) to reduce the loss func-
tion. This process is iteratively repeated for the next sets of
training data until convergence is reached for parameters of
the transformer model or a desired level of model quality is
reached.

In one embodiment, the training module 430 arranges the
training data in batches and executes one or more iterations
of the training process on one or more execution engines.
For example, each batch of training data may include a batch
of input token sequences, each from a different training
source. For example, a first training input token sequence
may be obtained from a first text source and a second
training input token sequence may be obtained from a
second text source. By executing the training process with
batching, the training module 430 can utilize the parallel
processing capabilities of the execution engines when train-
ing the transformer model, which requires a high degree of
computation.

The serving system 435 receives requests from client
devices 110 to perform one or more tasks that can be
processed using the trained transformer model. As described
with respect to FIGS. 3A-3B, when the tasks are NLP
applications, the requests may include a sequence of words
(e.g., sentence in English) that the serving system 435 can
parse and map into a sequence of input tokens that can be
provided to the transformer model. The serving system 435
processes the request to generate one or more output tokens
using the transformer model. The serving system 435 can
convert the output tokens to output data, for example, a
sequence of words (e.g., translated sentence in French), and
return the output data as a response to the client device.

In one embodiment, the serving system 435 receives
multiple requests from client devices 110 over time and
forms batches of requests. The serving system 435 provides
the batches to one or more execution engines. Responsive to
execution by the execution engines, the serving system 435
receives one or more output tokens for the requests and
provides the outputs to the client devices 110 as response to
the requests. In one embodiment, the lengths of input
sequences of the requests in a batch or lengths of the internal
states of the requests in a batch formed by the serving system
435 can be different from one another as the execution
engines are capable of processing the requests using the
selective batching method. In one embodiment, the serving
system 435 waits until a request is completed (i.e., the
termination criteria is satisfied), and provides the outputs to
the client devices 110 as response to the requests. In another
embodiment, the serving system 435 provides outputs to the
client devices 110 even though a request has not been
completed yet. For example, the serving system 435 may
provide a number (e.g., 5, 10, 15) of output tokens every
time that the number of output tokens is generated for the
request. As another example, for one or more time intervals
(e.g., 100 ms, 200 ms) the serving system 435 may provide
the output tokens generated after each time interval to the
client device 110. This allows the user of the client device
110 to receive intermittent outputs even though a request has
not been completed yet.

In one embodiment, the serving system 435 performs
iteration-level dynamic batching for the transformer model
that allows the serving system 435 to dynamically modify a
batch of requests being executed on an execution engine on
a per-iteration basis. Specifically, it may be difficult to
modify a batch of requests once processing has started on an
execution engine for certain batching methods because such
methods require the length of inputs or the lengths of
internal states to the transformer model be the same across
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the requests of the batch. That is, unless new incoming
requests have the same length of inputs and internal states as
the batch of requests being executed, it is difficult for the
inference system to modify the batch to, for example, add
new requests to the batch.

By performing selective batching, the serving system 435
can monitor and modify a batch processed on the execution
engine per iteration. Specifically, at one or more iterations,
the serving system 435 can modify the batch being executed
on the execution engine by adding new incoming requests to
the batch or removing completed requests from the batch.
This is because selective batching allows requests with
variable lengths to be processed without restraining the
inputs or the internal states to the transformer model to the
same lengths. This allows the serving system 435 to provide
the response for completed requests earlier to the client
device 110 of the request and allows addition of new
requests to a batch if the execution engine processing the
batch is being under-utilized, even if the lengths for the new
requests are different from lengths of the existing requests
for the next iteration.

Dynamic Batching for Transformer Model

FIGS. 5A-5D illustrate a method of dynamic batching for
processing requests using a machine-learning transformer
model, in accordance with an embodiment. In one embodi-
ment, the serving system 435 includes a request processor
580 and a scheduler 585 each coupled to the one or more
execution engines. The request processor 580 receives
requests and forwards the requests to the scheduler 585. The
request processor 580 maintains a completion queue for
storing outputs of completed requests. Specifically, the
request processor 580 receives outputs for completed
requests from the execution engines and stores the outputs in
the completion queue such that they can be provided to the
client devices 110 of the requests. The scheduler 585
receives the forwarded requests from the request processor
580 and maintains an incoming request queue for storing
new requests to be processed. The scheduler 585 forms a
batch of requests and schedules the batch for execution on
an execution engine. In one embodiment, the scheduler 585
is configured to monitor which batch of requests were
distributed to each execution engine and how many itera-
tions of the transformer model have been performed for each
request and whether the request has been completed. The
scheduler 585 is also configured to monitor the available
cache memory in each execution engine.

Specifically, FIG. 5A illustrates a request processor 580
and a scheduler 585 coupled to execution engines 590A and
590B. In FIG. 5A, execution engine 590A is scheduled to
execute a single request R1, and execution engine 590B is
scheduled to execute a batch of requests R3, R4, RS5.
Specifically, for the first iteration of FIG. 5A, request R1 in
execution engine 590A includes a single input token. On the
other hand, request R3 in the execution engine 590B
includes a sequence of two input tokens, request R4 includes
a sequence of three input tokens, and request R5 includes a
sequence of two input tokens.

The request processor 580 receives a new request R2 and
forwards request R2 to the scheduler 585. The scheduler 585
stores request R2 in the incoming request queue. An iteration
of the transformer model is executed on the execution
engines 590A, 590B. For example, the iteration may be an
encoding phase for a certain request in current executing
batch. In particular, a key cache tensor and value cache
tensor are allocated for each request as the internal state
cache, and a part of the cache for each request is used to store
the keys and values after the encoding phase. In one embodi-



US 11,442,775 Bl

23

ment, the allocation of the internal state cache for a request
is based on the maximum output token length the trans-
former model is configured to generate. For example, a
transformer model may be configured to generate a maxi-
mum number of 1024 output tokens, and the execution
engine may allocate an internal state cache configured to
store up to 1024 elements for each key cache tensor and
value cache tensor. In another embodiment, when a user of
the request specifies a maximum length of output tokens that
can be returned as the response, and the execution engine
may allocate an internal state cache configured to store up to
the maximum length of elements specified in the request for
each tensor. In yet another embodiment, the execution
engine may determine the initial number of input tokens for
the request, and the execution engine may initially allocate
an internal state cache that is large enough to store the
number of input tokens plus some additional amount of
memory. The execution engine may incrementally allocate
more memory to the internal state cache as the transformer
model is iteratively applied for the request if the initially
allocated memory is insufficient. The scheduler 585 moni-
tors the cache memory for execution engines 590A and
590B. Responsive to determining that execution engine
590A has cache memory available for processing request
R2, the scheduler 585 updates the batch for execution engine
590A to include the new request R2 and instructs the
execution engine 590A to execute the updated batch for the
next iteration.

As shown in FIG. 5B, after executing the first iteration, a
first output token is generated for request R1 in the execution
engine 590A and requests R3, R4, R5 in the execution
engine 590B. Moreover, execution engine 590A is now
scheduled to execute an updated batch of requests R1, R2 at
the second iteration. The request R2 includes a single input
token. In particular, since the first output token has been
generated for request R1, the second iteration for request R1
may be a decoding phase, while the second iteration for
request R2 may be an encoding phase. Thus, because an
execution engine is configured to perform selective batching
and is capable of processing requests with different lengths,
execution engine 590A can perform both the encoding phase
and the decoding phase for the same batch of requests, as
described in conjunction with FIGS. 3A-3B. This may not be
feasible for other batching methods as there is no guarantee
that the length of input tokens for one request will be the
same as the length of input tokens and output tokens for an
existing request in the batch. As shown in FIG. 5B, an
additional part of the cache for each request is used to store
the keys and values after the second iteration.

As shown in FIG. 5C, after executing the second iteration,
a second output token is generated for request R1 in execu-
tion engine 590A and requests R3, R4, R5 in the execution
engine 590B. A first output token is generated for request R2
in execution engine S90A. Specifically, the first output token
generated for request R2 is generated with an end token and
the execution engine 590A provides the outputs for request
R2 to the completion queue of the request processor 580.
The execution engine 590A frees the cache memory allo-
cated to request R2. The second output token generated for
request R4 is also generated with an end token and the
execution engine 590B provides the outputs for request R4
to the completion queue of the request processor 580. The
execution engine 590B frees the cache memory allocated to
request R4. The request processor 580 forwards the outputs
of the completion queue to the client devices 110 of the
completed requests.
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The request processor 580 also receives another new
request R7 and forwards the request to the scheduler 585.
The scheduler 585 stores the request R7 in the incoming
request queue. Responsive to determining that requests R2,
R4 are completed and that execution engine 590A has cache
memory available for processing request R7, the scheduler
585 updates the batch for execution engine 590A to R1, R7
and updates the batch for execution engine 590B to R3, R5.
The scheduler 585 instructs the execution engines 590A,
590B to execute the updated batches. Thus, by dynamically
adjusting the batches at an iteration, completed requests can
be provided to the client devices 110 of the requests as soon
as processing is completed, and the scheduler 585 can
schedule new requests within the batch such that the com-
puting capabilities of an execution engine can be utilized
when the memory of the completed request is freed up.

As shown in FIG. 5D, after executing the third iteration,
a third output token is generated for request R1 in the
execution engine 590A and requests R3, R5 in the execution
engine 590B. Moreover, execution engine 590A is now
scheduled to execute an updated batch of requests R1, R7 at
the fourth iteration and execution engine 590B is now
scheduled to execute an updated batch of requests R3, R5 at
the fourth iteration. The request R7 includes a sequence of
two input tokens. A similar process to that described in
FIGS. 5A-5D may be continuously performed as the serving
system 435 receives requests from client devices 110.

As described above, dynamic batching allows the serving
system 435 to dynamically adjust batches that are processed
on the execution engines such that the hardware of the
execution engine can be fully utilized. This process was not
available for certain methods of batching (e.g., method of
FIGS. 2A-2B) for transformer models, because internal
states, such as the key cache tensor and value cache tensor,
maintain variable length per iteration in a transformer
model, while other recurrent machine-learning models (e.g.,
RNN’s) make use of state data that have the same lengths
across a batch of requests.

Flowchart Illustrating Method of Selective Batching and
Dynamic Batching

FIGS. 6A-6B is a flowchart illustrating a method of
selective batching using the transformer model, in accor-
dance with an embodiment. The inference system 130
receives 602 a batch of requests including one or more input
token sequences. In one instance, a length of a first token
sequence for a first request in the batch may be different
from a length of a second token sequence for a second
request in the batch. The inference system 130 accesses 604
a machine-learning transformer model including at least a
set of decoders.

For one or more iterations, the inference system 130
repeatedly performs the steps of applying the set of decoders
to one or more inputs for the requests. Specifically, for at
least one decoder in the set, the inference system 130
generates 606 one or more queries, one or more keys, and
one or more values for the requests by applying a QKV
weight tensor to one or more input representations. The
queries, keys, and values may be generated by a batch
operation. The inference system 130 splits 608 a first query
for the first request from the one or more queries, a first key
for the first request from the one or more keys, and a first
value for the first request from the one or more values. The
inference system 130 also splits a second query for the
second request from the one or more queries, a second key
for the second request from the one or more keys, and a
second value for the second request from the one or more
values.
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The inference system 130 generates 610 a first attention
output for the first request by at least combining the first
query, the first key, and the first value. The inference system
130 separately generates 612 a second attention output for
the second request by combining the second query, the
second key, and the second value for the second request. The
inference system concatenates 614 at least the first attention
output and the second attention output into a concatenated
tensor. The inference system 130 generates 616 one or more
output representations by applying a weight tensor to the
concatenated tensor. The one or more output representations
may be generated by a batch operation. The inference
system 130 sets 618 the one or more output tokens as the one
or more inputs to the set of decoders for a next iteration. The
inference system 130 provides 620 output tokens generated
for at least one request to a client device 110 as a response
to the at least one request.

FIG. 7 is a flowchart illustrating a method of dynamic
batching for processing requests using the transformer
model, in accordance with an embodiment. The inference
system 130 receives 710, by a serving system, one or more
requests for execution. The serving system including a
scheduler and one or more execution engines each coupled
to access a machine-learning transformer model including at
least a set of decoders. The inference system 130 schedules
712, by the scheduler, a batch of requests including the one
or more requests for execution on an execution engine. The
inference system 130 generates 714, by the execution
engine, a first set of output tokens by iteratively applying the
transformer model to a first set of inputs for the batch of
requests. Applying the transformer model includes applying
at least one batch operation to one or more input tensors
associated with the batch of requests.

The inference system 130 receives 716, by a request
processor, a new request from a client device. The new
request may include a sequence of input tokens. The infer-
ence system 130 schedules 718, by the scheduler, a second
batch of requests including the one or more requests and the
new request for execution on the execution engine respon-
sive to determining that the execution engine has memory
available to execute the second batch of requests. The
inference system 130 generates 720, by the execution
engine, a second set of output tokens by iteratively applying
the transformer model to a second set of inputs for the
second batch of requests including the sequence of input
tokens for the new request.

Hardware Components

FIG. 8 is a diagram illustrating a computer system 800
upon which embodiments described herein may be imple-
mented within the inference system 130. For example, in the
context of FIG. 1, the inference system 130 and its sub-
systems may be implemented using a computer system such
as described by FIG. 8. The inference system 130 and its
sub-systems may also be implemented using a combination
of multiple computer systems as described by FIG. 8.

In one implementation, the computer system 800 includes
processing resources 801, main memory 803, read only
memory (ROM) 805, storage device 807, a communication
interface 809, and hardware accelerators 810. The computer
system 800 includes at least one processor 801 including
CPU cores for processing information and a main memory
803, such as a random-access memory (RAM) or other
dynamic storage device, for storing information and instruc-
tions to be executed by the processor 801. Main memory 803
also may be used for storing temporary variables or other
intermediate information during execution of instructions to
be executed by processor 801. The computer system 800

35

40

45

26

may also include ROM 805 or other static storage device for
storing static information and instructions for processor 801.
The storage device 807, such as a magnetic disk or optical
disk or solid-state memory device, is provided for storing
information and instructions. For example, in the context of
FIG. 4, the training corpus store 460 of the inference system
130 may be stored in the read only memory (ROM) 805 or
the storage device 807. The computer system 800 also
includes one or more hardware accelerators 810. As
described above, while an execution engine may be config-
ured with the one or more hardware accelerators 810 in a
single computer system 800, in another embodiment, an
execution engine may be configured across multiple hard-
ware accelerators 810 that are distributed across multiple
computer systems 800.

The communication interface 809 can enable the infer-
ence system 130 to communicate with client devices 110
through use of a communication link (wireless or wireline).
Using the communication link, the inference system 130 can
communicate with the different sub-systems included in a
client device 110 to enable receiving and processing of
requests. In addition, when an execution engine is config-
ured across multiple hardware accelerators that are distrib-
uted across multiple computer systems 800, the communi-
cation interface 809 can also enable communication between
the multiple computer systems 800, such that an execution
engine can process requests across the multiple hardware
accelerators 810.

The computer system 800 can optionally include a display
device 811, such as a cathode ray tube (CRT), an LCD
monitor, an LED monitor, a TFT display or a television set,
for example, for displaying graphics and information to a
user. An input mechanism 813, such as a keyboard that
includes alphanumeric keys and other keys, can optionally
be coupled to the computer system 800 for communicating
information and command selections to processor 801.
Other non-limiting, illustrative examples of input mecha-
nisms 813 include a mouse, a trackball, touch-sensitive
screen, or cursor direction keys for communicating direction
information and command selections to processor 801 and
for controlling cursor movement on display device 811.

Examples described herein are related to the use of the
inference system 130 for implementing the techniques
described herein. According to one embodiment, those tech-
niques are performed by the inference system 130 in
response to processor 801 executing one or more sequences
of one or more instructions contained in main memory 803.
Such instructions may be read into main memory 803 from
another machine-readable medium, such as storage device
807. Execution of the sequences of instructions contained in
main memory 803 causes processor 801 to perform the
process steps described herein. In alternative implementa-
tions, hard-wired circuitry may be used in place of or in
combination with software instructions to implement
examples described herein. Thus, the examples described
are not limited to any specific combination of hardware
circuitry and software.

SUMMARY

The foregoing description of the embodiments of the
invention has been presented for the purpose of illustration;
it is not intended to be exhaustive or to limit the invention
to the precise forms disclosed. Persons skilled in the relevant
art can appreciate that many modifications and variations are
possible in light of the above disclosure.
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Some portions of this description describe the embodi-
ments of the invention in terms of algorithms and symbolic
representations of operations on information. These algo-
rithmic descriptions and representations are commonly used
by those skilled in the data processing arts to convey the
substance of their work effectively to others skilled in the
art. These operations, while described functionally, compu-
tationally, or logically, are understood to be implemented by
computer programs or equivalent electrical circuits, micro-
code, or the like. Furthermore, it has also proven convenient
at times, to refer to these arrangements of operations as
modules, without loss of generality. The described opera-
tions and their associated modules may be embodied in
software, firmware, hardware, or any combinations thereof.

Any of the steps, operations, or processes described
herein may be performed or implemented with one or more
hardware or software modules, alone or in combination with
other devices. In one embodiment, a software module is
implemented with a computer program product comprising
a computer-readable medium containing computer program
code, which can be executed by a computer processor for
performing any or all of the steps, operations, or processes
described.

Embodiments of the invention may also relate to an
apparatus for performing the operations herein. This appa-
ratus may be specially constructed for the required purposes,
and/or it may comprise a general-purpose computing device
selectively activated or reconfigured by a computer program
stored in the computer. Such a computer program may be
stored in a non-transitory, tangible computer readable stor-
age medium, or any type of media suitable for storing
electronic instructions, which may be coupled to a computer
system bus. Furthermore, any computing systems referred to
in the specification may include a single processor or may be
architectures employing multiple processor designs for
increased computing capability.

Embodiments of the invention may also relate to a prod-
uct that is produced by a computing process described
herein. Such a product may comprise information resulting
from a computing process, where the information is stored
on a non-transitory, tangible computer readable storage
medium and may include any embodiment of a computer
program product or other data combination described herein.

Finally, the language used in the specification has been
principally selected for readability and instructional pur-
poses, and it may not have been selected to delineate or
circumscribe the inventive subject matter. It is therefore
intended that the scope of the invention be limited not by this
detailed description, but rather by any claims that issue on
an application based hereon. Accordingly, the disclosure of
the embodiments of the invention is intended to be illustra-
tive, but not limiting, of the scope of the invention, which is
set forth in the following claims.

What is claimed is:

1. A method of dynamically executing batches of requests
on one or more execution engines running a machine-
learning transformer model, comprising:

receiving, by a serving system, one or more requests for

execution, the serving system including a scheduler and
one or more execution engines each coupled to access
a machine-learning transformer model including at
least a set of decoders;

scheduling, by the scheduler, a batch of requests including

the one or more requests for execution on an execution
engine;

generating, by the execution engine, a first set of output

tokens by applying the transformer model to a first set
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of inputs for the batch of requests, wherein applying the
transformer model comprises applying at least one
batch operation to one or more input tensors associated
with the batch of requests;

receiving, by a request processor, a new request from a

client device, the new request including a sequence of
input tokens;

scheduling, by the scheduler, a second batch of requests

additionally including the new request for execution on
the execution engine, the second batch of requests
scheduled responsive to determining that the execution
engine has memory available to execute the second
batch of requests, wherein in a second set of inputs for
the second batch of requests, a length of the sequence
of input tokens for the new request is different from a
length of an input for at least one request other than the
new request; and

generating, by the execution engine, a second set of

output tokens by applying the transformer model to the
second set of inputs for the second batch.

2. The method of claim 1, further comprising:

responsive to determining that a request in the first batch

of requests has been completed, providing output
tokens generated for the completed request to a client
device as a response to the request, and

wherein the second batch of requests includes at least one

of the remaining requests from the one or more requests
and the new request.

3. The method of claim 2, wherein the request is associ-
ated with a cache memory in the execution engine dedicated
for storing an internal state for the request, and responsive
to determining that the request has been completed, freeing
the dedicated cache memory for the request in the execution
engine.

4. The method of claim 1, wherein the input for the at least
one request is an output token from the first set of output
tokens for the at least one request, and wherein a length of
the sequence of input tokens for the new request is different
from a length of the output token for the at least one request.

5. The method of claim 4,

wherein the execution engine includes a cache memory

for maintaining a key cache tensor for storing keys and
a value cache tensor for storing values for the at least
one request, and

wherein after scheduling the second batch of requests,

allocating, by the execution engine, a new cache
memory dedicated to maintaining a key cache tensor
and a value cache tensor for the new request.

6. The method of claim 5, wherein after generating the
second set of output tokens, a length of the key cache tensor
for the at least one request is different from a length of a key
cache tensor for the new request, and a length of the value
cache tensor for the at least one request is different from a
length of a value cache tensor for the new request.

7. The method of claim 1, after receiving the new request
from the client device, determining, by the scheduler, that
there is insufficient memory available to execute the second
batch of requests on a second execution engine different
from the execution engine, and responsive to the determi-
nation for the second execution engine, determining whether
the execution engine has the memory available to execute
the second batch of requests.

8. The method of claim 1, wherein the execution engine
is configured as a graphics processing unit (GPU) or a tensor
processing unit (TPU).

9. The method of claim 1, wherein each token in the
sequence of input tokens represents a text unit.
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10. A non-transitory computer-readable storage medium
storing computer program instructions executable to per-
form operations for dynamically executing batches of
requests on one or more execution engines running a
machine-learning transformer model, the operations com-
prising:

receiving, by a serving system, one or more requests for

execution, the serving system including a scheduler and
one or more execution engines each coupled to access
a machine-learning transformer model including at
least a set of decoders;

scheduling, by the scheduler, a batch of requests including

the one or more requests for execution on an execution
engine;

generating, by the execution engine, a first set of output

tokens by applying the transformer model to a first set
of inputs for the batch of requests, wherein applying the
transformer model comprises applying at least one
batch operation to one or more input tensors associated
with the batch of requests;

receiving, by a request processor, a new request from a

client device, the new request including a sequence of
input tokens;

scheduling, by the scheduler, a second batch of requests

additionally including the new request for execution on
the execution engine, the second batch of requests
scheduled responsive to determining that the execution
engine has memory available to execute the second
batch of requests, wherein in a second set of inputs for
the second batch of requests, a length of the sequence
of input tokens for the new request is different from a
length of an input for at least one request other than the
new request; and

generating, by the execution engine, a second set of

output tokens by applying the transformer model to the
second set of inputs for the second batch.

11. The non-transitory computer-readable storage
medium of claim 10, the operations further comprising:

responsive to determining that a request in the first batch

of requests has been completed, providing output
tokens generated for the completed request to a client
device as a response to the request, and

wherein the second batch of requests includes at least one

of the remaining requests from the one or more requests
and the new request.

12. The non-transitory computer-readable storage
medium of claim 11, wherein the request is associated with
a cache memory in the execution engine dedicated for
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storing an internal state for the request, and responsive to
determining that the request has been completed, freeing the
dedicated cache memory for the request in the execution
engine.

13. The non-transitory computer-readable storage
medium of claim 10, wherein the input for the at least one
request is at least one output token from the first set of output
tokens for the at least one request, and wherein a length of
the sequence of input tokens for the new request is different
from a length of the at least one output token for the at least
one request.

14. The non-transitory
medium of claim 13,

computer-readable storage

wherein the execution engine includes a cache memory
for maintaining a key cache tensor for storing keys and
a value cache tensor for storing values for the at least
one request, and

wherein after scheduling the second batch of requests,
allocating, by the execution engine, a new cache
memory dedicated to maintaining a key cache tensor
and a value cache tensor for the new request.

15. The non-transitory computer-readable storage
medium of claim 14, wherein after generating the second set
of output tokens, a length of the key cache tensor for the at
least one request is different from a length of a key cache
tensor for the new request, and a length of the value cache
tensor for the at least one request is different from a length
of a value cache tensor for the new request.

16. The non-transitory computer-readable storage
medium of claim 10, after receiving the new request from
the client device, determining, by the scheduler, that there is
insufficient memory available to execute the second batch of
requests on a second execution engine different from the
execution engine, and responsive to the determination for
the second execution engine, determining whether the
execution engine has the memory available to execute the
second batch of requests.

17. The non-transitory computer-readable storage
medium of claim 10, wherein the execution engine is
configured as a graphics processing unit (GPU) or a tensor
processing unit (TPU).

18. The non-transitory computer-readable storage
medium of claim 10, wherein each token in the sequence of
input tokens represents a text unit.
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