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DYNAMIC PRECISION SCALING AT EPOCH GRANULARITY IN NEURAL
NETWORKS

BACKGROUND

Deep neural networks (DNNs) are a class of artificial neural networks (ANNs)
that learn how to perform tasks such as image recognition, natural language
processing, and game play. A DNN architecture includes a stack of layers that
implement functions to transform an input volume (such as a digital image) into an
output volume (such as labeled features detected in the digital image). For example,
the layers in a DNN can be separated into convolutional layers that represent
convolutional neural networks (CNNs), pooling layers, and fully connected layers.
The functions implemented by the layers in a DNN are explicit (i.e., known or
predetermined) or hidden (i.e., unknown). For example, a DNN that is used to
implement computer vision includes explicit functions (such as orientation maps) and

multiple hidden functions in the hierarchy of vision flow.

The functions of a neural network such as a DNN are represented by different
sets of parameters for the different layers. Examples of the parameters include
connection weights for connections between nodes in the network, activations of the
“neurons” in the network, gradients for steepest descent estimations, and the like.
The parameters of a convolutional layer define a set of learnable filters (or kernels)
that convolve incoming data across the width and height of the input volume to
produce a two-dimensional (2-D) activation map of the filter. The parameters of a
pooling layer define how an input volume is partitioned into sub-regions. The
parameters of a fully connected layer define the high-level reasoning performed by
the DNN based on connections to activations in the previous layer, such as a

previous pooling layer.

The parameters of the DNN are determined by training the DNN using a training
data set that includes a set of input volumes and a corresponding set of (known or
labeled) output values. For example, a facial recognition DNN can be trained using
images that are known to include the individuals that are to be identified in other
images by the facial recognition DNN. The training images are referred to as labeled

data, which is defined as a group of samples that have been tagged with one or more
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labels. During training, the input data from the training data set is sequentially
provided to the DNN and errors between the output values generated by the DNN
and the known output values are accumulated. The accumulated errors are back
propagated to modify parameters of the DNN. The process is repeated until a
convergence criterion is satisfied. Each iteration (or “epoch”) therefore includes
processing the input data, updating the parameters of the DNN based on the errors in

the DNN-generated values, and then checking for convergence.

BRIEF DESCRIPTION OF THE DRAWINGS

The present disclosure may be better understood, and its numerous features
and advantages made apparent to those skilled in the art by referencing the
accompanying drawings. The use of the same reference symbols in different

drawings indicates similar or identical items.

FIG. 1 is a block diagram of a processing system according to some

embodiments.

FIG. 2 is a block diagram that illustrates a deep neural network (DNN) that is

trained to perform a task such as image recognition according to some embodiments.

FIG. 3 is a plot of estimated losses for samples in an input volume that is

provided to a neural network according to some embodiments.

FIG. 4 shows plots of estimated losses for samples in an input volume that is
provided to a neural network during a first epoch and a second epoch that is

subsequent to the first epoch according to some embodiments.

FIG. 5 is a flow diagram of a method of training a neural network to determine
model parameters using different precisions for sample subsets in an epic according

to some embodiments.

FIG. 6 is a flow diagram of a method of training a neural network to determine
model parameters using different precisions for sample subsets in an epic according

to some embodiments.
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DETAILED DESCRIPTION

Training a deep neural network (DNN) is a computationally intensive task that
can require hours, days, or even months depending on the size of the network. In
some cases, performance and performance-per-watt measures for training a DNN
and performing inference using the trained DNN are improved by reducing the
precision of values of the DNN parameters such as the weights, activations, and
gradients. For example, the precision of floating-point values of the DNN parameters
can be reduced from 32 bits to 8 bits or even 4 bits without severe loss in accuracy.
The precision requirement for the DNN parameters typically gets lower in successive
epochs as the error values decrease. Operands used in the DNN perform operations
on input values of the DNN parameters and generate output values that are used to
determine or modify the DNN parameters. Current dynamic precision scaling
methods therefore modify the numerical precision of operands to correspond to the
precision requirements for the DNN parameters during training or execution of a DNN
by reducing the precision requirements as time (and the number of epochs)
increases. However, these techniques ignore variations in the required precision in
the spatial dimension, e.g., across the width and height of the input volume, thereby
missing opportunities to further enhance the performance (and performance-per-watt)

with minimal loss of accuracy.

FIGs. 1-6 disclose embodiments of techniques that enhance performance and
performance-per-watt of a deep neural network (DNN) by determining error values (or
losses) of samples within an input volume that is provided to the DNN during an
epoch. The samples are sorted based on their error values and the samples are
grouped into subsets based on their error values. In some embodiments, samples
having error values in different ranges are grouped into different subsets
corresponding to the magnitudes of the error values in the different ranges. For
example, samples having errors within a first range of (relatively high) error values
are placed in a first subset, samples having errors within a second range of error
values (lower than the first range) are placed in a second subset, efc. The number of
subsets can remain the same across epochs or the number can be dynamically
adjusted at different epochs, e.g., the number of set sets can be reduced as the
number of completed epochs increases. The precisions of operands applied to

samples in the different subsets are determined based on the error values associated
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with the different subsets. In some embodiments, the precision of the operands
applied to subsets decreases as the error values of the subsets decreases. For
example, higher precision operands such as 32-bit floating-point operands are
applied to samples having higher error values and lower precision operands such as
4-bit floating-point operands are applied to samples having lower error values. In
some embodiments, a validation error is determined based on a validation set of
samples in response to completing an epoch and used to check for overfitting or
early stopping. If the validation error for a current epoch increased relative to the
validation error for a previous epoch, the precision of the operands applied to the
samples within the input volume of the next epoch is increased to its maximum value

for all samples.

FIG. 1 is a block diagram of a processing system 100 according to some
embodiments. The processing system 100 includes or has access to a memory 105
or other storage component that is implemented using a non-transitory computer
readable medium such as a dynamic random access memory (DRAM). However, the
memory 105 can also be implemented using other types of memory including static
random access memory (SRAM), nonvolatile RAM, and the like. The processing
system 100 also includes a bus 110 to support communication between entities
implemented in the processing system 100, such as the memory 105. Some
embodiments of the processing system 100 include other buses, bridges, switches,

routers, and the like, which are not shown in FIG. 1 in the interest of clarity.

The processing system 100 includes a graphics processing unit (GPU) 115 that
is configured to render images for presentation on a display 120. For example, the
GPU 115 can render objects to produce values of pixels that are provided to the
display 120, which uses the pixel values to display an image that represents the
rendered objects. Some embodiments of the GPU 115 can also be used for general
purpose computing. In the illustrated embodiment, the GPU 115 implements multiple
processing elements 116, 117, 118 (collectively referred to herein as “the processing
elements 116-118”) that are configured to execute instructions concurrently orin
parallel. In the illustrated embodiment, the GPU 115 communicates with the memory
105 over the bus 110. However, some embodiments of the GPU 115 communicate

with the memory 105 over a direct connection or via other buses, bridges, switches,
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routers, and the like. The GPU 115 can execute instructions stored in the memory
105 and the GPU 115 can store information in the memory 105 such as the results of
the executed instructions. For example, the memory 105 can store a copy 125 of

instructions that represent a program code that is to be executed by the GPU 115.

The processing system 100 also includes a central processing unit (CPU) 130
that implements multiple processing elements 131, 132, 133, which are collectively
referred to herein as “the processing elements 131-133.” The processing elements
131-133 are configured to execute instructions concurrently or in parallel. The CPU
130 is connected to the bus 110 and can therefore communicate with the GPU 115
and the memory 105 via the bus 110. The CPU 130 can execute instructions such
as program code 135 stored in the memory 105 and the CPU 130 can store
information in the memory 105 such as the results of the executed instructions. The
CPU 130 is also able to initiate graphics processing by issuing draw calls to the GPU
115.

An input/output (I/0O) engine 140 handles input or output operations associated
with the display 120, as well as other elements of the processing system 100 such as
keyboards, mice, printers, external disks, and the like. The I/O engine 140 is coupled
to the bus 110 so that the I/O engine 140 is able to communicate with the memory
105, the GPU 115, or the CPU 130. In the illustrated embodiment, the I/O engine
140 is configured to read information stored on an external storage component 145,
which is implemented using a non-transitory computer readable medium such as a
compact disk (CD), a digital video disc (DVD), and the like. The I/O engine 140 can
also write information to the external storage component 145, such as the results of
processing by the GPU 115 or the CPU 130.

Artificial neural networks, such as a CNN or DNN, are represented as program
code that is configured using a corresponding set of parameters. The artificial neural
network can therefore be executed on the GPU 115 or the CPU 130, or other
processing units including field programmable gate arrays (FPGA), application-
specific integrated circuits (ASIC), processing in memory (PIM), and the iike. If the
artificial neural network implements a known function that can be trained using a
corresponding known dataset, the artificial neural network is trained (i.e., the values

of the parameters that define the artificial neural network are established) by
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providing input values of the known training data set to the artificial neural network
executing on the GPU 115 or the CPU 130 and then comparing the output values of
the artificial neural network to labeled output values in the known training data set.
This portion of the process is referred to herein as a “forward pass” through the
neural network. Error values (which are also referred to herein as “losses”) are
determined based on the comparison and back propagated to modify the values of
the parameters that define the artificial neural network. This portion of the process is
referred to herein as a “backward pass” through the neural network. This process,
including a forward pass and a backward pass, is iterated until the values of the
parameters satisfy a convergence criterion. Each iteration is referred to herein as an

“epoch.”

As discussed herein, training artificial neural networks is a computationally
intensive task that consumes large amounts of the resources of the processing
system 100. The resource requirements of neural networks implemented in the
processing system 100 are reduced by representing samples in an input volume at
different precisions depending on estimated losses of the samples. Operands having
the different precisions are used to process the samples and the resulting model
parameters of the neural network are stored at the different precisions. In some
embodiments, the neural network is implemented in the GPU 115 (or one or more of
the processing elements 116-118), which determines losses of samples within an
input volume that is provided to a neural network during a first epoch. The GPU 115
then groups the samples into subsets based on the estimated losses and assigns the
subsets to operands in the neural network that represent the samples at different
precisions. The GPU 115 processes the subsets in the neural network at the
different precisions during the first epoch. Operands having different precisions
operate on the samples in the subsets in a forward pass and a backward pass
through the neural network. Information 150 representing the samples in the subsets
at the different precisions is stored in the memory 105. Some embodiments of the
GPU 115 also store information 155 representing model parameters of the neural
network in the memory 105 at the different precisions of the subsets of the

corresponding samples.
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Some embodiments of the processing system 100 modify the partitioning of the
samples into subsets in successive epochs. For example, the GPU 115 can partition
the samples into a first number of subsets during a first epoch and subsequently
modify the number of the subsets to a second number during a second epoch.
Potential modifications include decreasing the number of subsets during the second
epoch so that the second number is smaller than the first number. This reduction in
the number of subsets is used when the estimated losses for the samples decreases,
e.g., as the training procedure approaches convergence. For another example, the
GPU 115 can modify one or more of the precisions associated with the different
subsets. Precisions in a first set are associated with the sample subsets during the
first epoch and one or more of these precisions are modified to form a second set of
precisions that are associated with the sample subsets during a second, subsequent
epoch. One or more of the precisions in the first set can be decreased in the second
set, e.g., as the training procedure approaches convergence. In some embodiments,
the precisions are set to a maximum value for all the subsets during the second
epoch in response to a validation error for the first epoch increasing relative to a

validation error of an epoch prior to the first epoch.

FIG. 2 is a block diagram that illustrates a deep neural network (DNN) 200 that
is trained to perform a task such as image recognition according to some
embodiments. The DNN 200 is executed on the processing elements 116-118 in the
GPU 115 or the processing elements 131-133 in the CPU 130 shown in FIG. 1. The
DNN 200 is configured to receive input values such as a portion 205 of an image 210
and produce output values 215 on the basis of functions implemented in the DNN

200 and values of parameters that define the functions.

The DNN 200 includes convolutional layers 220 that implement a convolutional
function that is defined by a set of parameters, which are trained based on one or
more training datasets. The parameters include a set of learnable filters (or kernels)
that have a small receptive field and extend through a full depth of an input volume of
convolutional layers 220. The parameters can also include a depth parameter, a
stride parameter, and a zero-padding parameter that control the size of the output
volume of the convolutional layers 220. The convolutional layers 220 apply a

convolution operation to input values and provide the results of the convolution
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operation to a subsequent layer in the DNN 200. For example, the portion 205 of the
image 210 is provided as input 225 to the convolutional layers 220, which apply the
convolution operation to the input 225 based on the set of parameters to generate a
corresponding output value 230. In some embodiments, the convolutional layers 220
are identified as a subnetwork of the DNN 200. The subnetwork then represents a
convolutional neural network (CNN). However, the convolutional layers 220 can be a
part of a larger subnetwork of the DNN 200 or the convolutional layers 220 can be
further subdivided into multiple subnetworks of the DNN 200.

Results generated by the convolutional layers 220 are provided to pooling layers
235 in the DNN 200. The pooling layers 235 combine outputs of neuron clusters at
the convolutional layers 220 into a smaller number of neuron clusters that are output
from the pooling layers 235. The pooling layers 235 typically implement known (or
explicit) functions. For example, pooling layers 235 that implement maximum pooling
can assign a maximum value of values of neurons in a cluster that is output from the
convolutional layers 220 to a single neuron that is output from the pooling layers 235.
For another example, pooling layers 235 that implement average pooling can assign
an average value of the values of the neurons in the cluster that is output from the
convolutional layers 220 to a single neuron that is output from the pooling layers 235.
The known (or explicit) functionality of the pooling layers 235 can therefore be trained
using predetermined training datasets. In some embodiments, the pooling layers 235
are identified as a subnetwork of the DNN 200. However, the pooling layers 235 can
be a part of a larger subnetwork of the DNN 200 or the pooling layers 235 can be
further subdivided into multiple subnetworks of the DNN 200.

In the illustrated embodiment, the DNN 200 also includes additional
convolutional layers 240 that receive input from the pooling layers 235 and additional
pooling layers 245 that receive input from the additional convolutional layers 240.
However, the additional convolutional layers 240 and the additional pooling layers
245 are optional and are not present in some embodiments of the DNN 200.
Furthermore, some embodiments of the DNN 200 can include larger numbers of
convolutional and pooling layers. The additional convolutional layers 240 and the
additional pooling layers 245 can be identified as subnetworks of the DNN 200,
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portions of subnetworks of the DNN 200, or they can be subdivided into multiple
subnetworks of the DNN 200.

Output from the additional pooling layers 245 are provided to fully connected
layers 250, 255. The neurons in the fully connected layers 250, 255 are connected to
every neuron in another layer, such as the additional pooling layers 245 or the other
fully connected layers. The fully connected layers 250, 255 typically implement
functionality that represents the high-level reasoning that produces the output values
215. For example, if the DNN 200 is trained to perform image recognition, the fully
connected layers 250, 255 implement the functionality that labels portions of the
image that have been “recognized” by the DNN 200. Examples of labels include
names of people whose faces are detected in the image 210, types of objects
detected in the image, and the like. The functions implemented in the fully connected
layers 250, 255 are represented by values of parameters that are determined using a
training dataset, as discussed herein. The fully connected layers 250, 255 are
identified as subnetworks of the DNN 200, portions of subnetworks of the DNN 200,
or they are subdivided into multiple subnetworks of the DNN 200.

The operands that are used to implement the DNN 200 have different precisions
that correspond to precisions associated with subsets of the samples in the input
volumes. For example, an operand can perform a floating-point operation at 32-bit
precision for one subset of the samples, at 16-bit precision for another subset of the
samples, at 8-bit precision for yet another subset of the samples, and at 4-bit
precision for yet another subset of the samples. The DNN 200 can be implemented
using different numbers of subsets and corresponding precisions, and the numbers
or precisions can be modified at different epochs, as discussed herein. The values of
the neural network parameters that are determined using different subsets of the
samples are also represented at different precisions that correspond to the precisions
of the subsets. For example, the model parameters of the DNN 200 that are
determined based on a sample subset at a 32-bit precision are represented and
stored in 32-bit precision, whereas the model parameters of the DNN 200 that are
determined based on a sample subset at a 4-bit precision are represented and stored

in 4-bit precision.
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FIG. 3 is a plot 300 of estimated losses for samples in an input volume that is
provided to a neural network according to some embodiments. The vertical axis
indicates the estimated loss in arbitrary units and the horizontal axis indicates the
sample number. In the illustrated embodiment, the samples have been sorted based
on their estimated loss, from the highest estimated loss on the left to the lowest
estimated loss on the rate. The curve 301 illustrates the losses of the corresponding

samples.

After sorting the samples based on their estimated loss, the samples are
grouped into subsets that correspond to different ranges of losses. In the illustrated
embodiment, a first subset includes the samples in the range 305 from sample
number N1 to sample number N2. The range 305 corresponds to the samples
having the highest losses within the input volume in the current epoch. A second
subset includes the samples in the range 310 from sample number N2 to N3, which
corresponds to samples having lower losses than the range 305 and higher losses
than the subsequent ranges. A third subset includes the samples in the range 315
from the sample number N3 to N4, which corresponds to samples having the next
lower range of losses relative to the range 310. A fourth subset includes the samples
in the range 320 from the sample number N4 to N5, which corresponds to samples
having the next lower range of losses relative to the range 315. A fifth subset
includes the samples in the range 325 from the sample number N5 to N6, which
corresponds to samples having the next lower range of losses relative to the range
320.

The ranges 305, 310, 315, 320, 325 in the plot 300 are defined to include equal
numbers of samples in each of the sample subsets. However, in some embodiments
the ranges 305, 310, 315, 320, 325 are defined to have different numbers of
samples. For example, smaller numbers of samples can be included in ranges
associated with portions of the curve 301 that are changing rapidly (i.e., portions of
the curve 301 that are characterized by a large derivative), whereas relatively
constant portions of the curve 301 are associated with ranges that include larger
numbers of samples. For another example, the boundaries of the ranges 305, 310,
315, 320, 325 can be determined based on threshold values of the loss such as

defining the range 305 to include samples having a loss above the threshold loss L1.
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Although the plot 300 illustrates five ranges 305, 310, 315, 320, 325, some
embodiments include different numbers of ranges. Moreover, the number of ranges,
the boundaries of the ranges, the precisions associated with the ranges, and other

characteristics can change from one epoch to another.

FIG. 4 shows plots 400, 401 of estimated losses for samples in an input volume
that is provided to a neural network during a first epoch and a second epoch that is
subsequent to the first epoch according to some embodiments. The vertical axes
indicate the estimated loss in arbitrary units and the horizontal axes indicate the
sample number. In the illustrated embodiment, the samples have been sorted based
on their estimated loss, from the highest estimated loss on the left to the lowest
estimated loss on the rate. The curves 405, 410 illustrate the losses of the samples

that are estimated for the first epoch and the second epoch, respectively.

The samples in the first epoch 400 are sorted according to their estimated
losses and then assigned to subsets associated with the ranges 415, 416, 417, 418,
419, 420, which are collectively referred to herein as “the ranges 415-420.” The
losses of the sorted samples are indicated by the curve 405. The subsets of the
samples in the ranges 415-420 are associated with different precisions. The subsets
corresponding to larger estimated losses are processed in the neural network using
operands that have higher precisions and the subsets corresponding to smaller
estimated losses are processed using operands that have lower precisions. For
example, the samples in the range 415 are processed by operands in the neural
network at a first precision, the samples in the range 416 are processed by operands
at a second precision that is lower than the first precision, the samples in the range
417 are processed by operands at a third precision that is lower than the second
precision, efc. The number of samples in each of the ranges 415-420 is the same in
the first epoch 400.

The estimated losses in the second epoch 401 (represented by the curve 410)
are lower relative to the estimated losses in the first epoch 400, as represented by
the curve 405. The estimated losses in the second epoch 401 also have a stronger
peak at the high-loss end of the curve 410, relative to the curve 405. In response to
the lower losses in the second epoch, e.g., as the neural network approaches

convergence, the number of ranges is reduced from the six ranges 415-420 used in
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the first epoch 400 to three ranges 425, 426, 427 in the second epoch 401. In some
embodiments, the precisions used in one or more of the ranges 425, 426, 427 are
reduced relative to a corresponding range in the first epoch 400. For example, the
range 415 can be associated with a 32-bit precision in the first epoch 400 and the
corresponding range 425 can be reduced to 16-bit precision in the second epoch
401.

FIG. 5 is a flow diagram of a method 500 of training a neural network to
determine model parameters using different precisions for sample subsets in an epic
according to some embodiments. The method 500 is implemented in some
embodiments of the processing system 100 shown in FIG. 1 and the neural network
200 shown in FIG. 2.

At block 505, losses (also referred to as error values) are estimated for samples
in an input volume provided to the neural network during an epoch. At block 510, the
samples are sorted according to the magnitude of the losses and then grouped into
subsets based on their losses. Samples with relatively high losses are therefore
grouped into the same subset as other samples with relatively high losses and
samples with relatively low losses are grouped into the same subsets as other

samples with relatively low losses.

At block 515, different precisions are assigned to (or associated with) the
sample subsets. In some embodiments, higher precisions are assigned to sample
subsets having higher losses and lower precisions are assigned to sample subsets
having lower losses. The sample subsets associated with the different precisions are
therefore processed using operands that are configured to operate on the samples at
the corresponding precisions. For example, a sample subset associated with a 32-bit
precision is processed using floating-point operands that have 32-bit precision to
generate parameters having 32-bit precision and a sample subset associated with a
4-bit precision is processed using floating-point operands that have a 4-bit precision

to generate parameters having a 4-bit precision.

At block 520, the samples are input to the neural network and processed in a
forward pass through the neural network to generate output values, which are

compared to known (or labeled) values to determine the errors or losses associated
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with the samples. Processing is performed during the forward pass at the precision
level indicated by the precision associated with the subset that includes the samples.
The losses are then back propagated through the neural network during a backward
pass to produce new values of the model parameters for the neural network including

connection weights, neuron activations, steepest descent gradients, and the like.

At decision block 525, a convergence check is performed on the neural network
to determine whether the training has converged on values of the model parameters
that represent the neural network. Convergence is checked using conventional
methods such as comparing magnitudes of errors in the current epoch to previous
epochs, processing a convergence set in the neural network, and the like. If the
convergence check determines that the neural network has converged, the method
500 flows to block 530 and the method 500 ends. If the neural network has not

converged, the method 500 flows to decision block 535.

At decision block 535, a validation set is processed in the neural network to
determine validation errors. If the validation errors increase from the previous epoch
to the current epoch, the method 500 flows to block 540. If the validation errors
decreased relative to the previous epoch, the method 500 flows back to block 505

and a subsequent epoch is initiated.

At block 540, the precision for the samples in all the subsets is setto a
maximum precision, e.g., 32-bits, in response to the increase in the validation errors.
The method 500 then flows to block 520 and the samples are provided to the neural

network for a forward pass and the backward pass at the maximum precision.

FIG. 6 is a flow diagram of a method 600 of training a neural network to
determine model parameters using different precisions for sample subsets in an epic
according to some embodiments. The method 500 is implemented in some
embodiments of the processing system 100 shown in FIG. 1 and the neural network
200 shown in FIG. 2.

At block 605, forward and backward passes through a neural network are

performed for an input volume. The input volume is partitioned into subsets and
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operands at different precisions are used to perform the forward and backward

passes for the different subsets, as discussed herein.

At decision block 610, the processing system determines whether to modify the
number of subsets that are used to partition the samples of the input volume. In
some embodiments, the decision is based on characteristics of the estimated losses
for the samples during the next epoch. For example, the number of subsets is
reduced if the estimated losses for the samples decrease, become more
concentrated at the high loss or low loss ends of the distribution, become smoother in
some portions of the distribution, or in response to other changes in the
characteristics of the distribution of losses over the samples. If the processing
system determines that the number of subsets is to be modified, the method 600
flows to block 615. Otherwise, the method 600 flows to decision block 620.

At block 615, the processing system reduces the number of subsets that are
used to partition the samples of the input volume in response to changes in the
characteristics of the estimated losses for the samples. In the illustrated
embodiment, the number of subsets is reduced in response to the estimated losses
for the samples decreasing. However, other characteristics are used to make other

modifications to the number of subsets in some embodiments.

At block decision 620, the processing system determines whether to modify the
precisions associated with one or more of the subsets of the samples of the input
volume. The decision is based on characteristics of the estimated losses for the
samples such as changes in the magnitudes of the estimated losses, changes in the
distribution of the estimated losses, and the like. If the processing system determines
to modify the precisions, the method 600 flows to block 625. Otherwise, the method
600 flows back to block 605 to begin a subsequent epoch.

At block 625, the processing system decreases the precision associated with
one or more of the sample subsets. In the illustrated embodiment, the precision
associated with the sample subsets is reduced in response to a decrease in the
estimated losses for the samples in the subsets. However, other characteristics are

used to make other modifications to the precisions of the subsets in some
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embodiments. The method 600 then flows to block 605 to begin a subsequent

epoch.

As disclosed herein, in some embodiments a method includes: determining
losses of samples within an input volume that is provided to a neural network during a
first epoch; grouping the samples into subsets based on the losses; assigning the
subsets to operands in the neural network that represent the samples at different
precisions so that each subset is associated with a different precision; and
processing the subsets in the neural network at the different precisions during the first
epoch. In one aspect, assigning the subsets to the operands includes assigning
subsets having higher losses to operands having higher precisions. In another
aspect, processing the subsets includes determining sets of model parameters for the
subsets during at least one of a forward pass and a backward pass through the
neural network during the first epoch, wherein each set of model parameters for the
subsets is represented at a different corresponding one of the different precisions. In
still another aspect, the sets of model parameters include at least one of connection
weights for connections between nodes in the neural network, activations of neurons

in the neural network, and gradients for steepest descent estimations.

In one aspect, the method includes: modifying a number of the subsets during a
second epoch that is subsequent to the first epoch; and processing the modified
number of the subsets in the neural network at the number of different precisions
during the first epoch. In another aspect, modifying the number of the subsets
includes decreasing the number of the subsets during the second epoch, relative to
the number of the subsets used during the first epoch. In yet another aspect, the
method includes: modifying at least one of the different precisions during a second
epoch that is subsequent to the first epoch. In still another aspect, modifying the
different precisions includes decreasing the at least one of the different precisions
during the second epoch, relative to the different precisions used during the first
epoch. In another aspect, the method includes: determining a validation error based
on a validation set in response to completing the first epoch; and setting the different
precisions to a maximum precision for the subsets during a second epoch that is
subsequent to the first epoch in response to the validation error increasing relative to

a previously determined validation error.
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As disclosed herein, in some embodiments an apparatus includes: a processor
configured to: determine losses of samples within an input volume that is provided to
a neural network during a first epoch, group the samples into subsets based on the
losses, assign the subsets to operands in the neural network that represent the
samples at different precisions so that each subset is associated with a different
precision, and process the subsets in the neural network at the different precisions
during the first epoch; and a memory configured to store information representing the
samples in the subsets at the different precisions. In one aspect, the processor is
configured to assign subsets having higher losses to operands having higher
precisions. In another aspect, the processor is configured to determine sets of model
parameters for the subsets during at least one of a forward pass and a backward
pass through the neural network during the first epoch, wherein the sets of model

parameters for the subsets are represented at the different precisions.

In one aspect, the sets of model parameters include at least one of connection
weights for connections between nodes in the neural network, activations of neurons
in the neural network, and gradients for steepest descent estimations. In another
aspect the memory is configured to store the sets of model parameters at the
different precisions associated with the subsets of the samples. |n still another
aspect, the processor is configured to modify a number of the subsets during a
second epoch that is subsequent to the first epoch and process the modified number
of the subsets in the neural network at the number of different precisions during the
first epoch. In yet another aspect, the processor is configured to decrease the
number of the subsets during the second epoch, relative to the number of the

subsets used during the first epoch.

In one aspect, the processor is configured to modify at least one of the different
precisions during a second epoch that is subsequent to the first epoch. In yet another
aspect, the processor is configured to decrease the at least one of the different
precisions during the second epoch, relative to the different precisions used during
the first epoch. In still another aspect, the processor is configured to: determine a
validation error based on a validation set in response to completing the first epoch;

and set the different precisions to a maximum precision for the subsets during a
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second epoch that is subsequent to the first epoch in response to the validation error

increasing relative to a previously determined validation error.

As disclosed herein, in some embodiments an apparatus includes: a memory;
and a processor configured to determine sets of model parameters for a neural
network by providing samples in an input volume for a forward pass and a backward
pass through the neural network during a first epoch, wherein the samples are
represented at different precisions that are determined based on estimated losses for
the samples in the input volume, and wherein the processor stores the sets of model

parameters in the memory at the different precisions for corresponding samples.

A computer readable storage medium may include any non-transitory storage
medium, or combination of non-transitory storage media, accessible by a computer
system during use to provide instructions and/or data to the computer system. Such
storage media can include, but is not limited to, optical media (e.g., compact disc
(CD), digital versatile disc (DVD), Blu-Ray disc), magnetic media (e.g., floppy disc,
magnetic tape, or magnetic hard drive), volatile memory (e.g., random access
memory (RAM) or cache), non-volatile memory (e.g., read-only memory (ROM) or
Flash memory), or microelectromechanical systems (MEMS)-based storage media.
The computer readable storage medium may be embedded in the computing system
(e.g., system RAM or ROM), fixedly attached to the computing system (e.g., a
magnetic hard drive), removably attached to the computing system (e.g., an optical
disc or Universal Serial Bus (USB)-based Flash memory), or coupled to the computer

system via a wired or wireless network (e.g., network accessible storage (NAS)).

In some embodiments, certain aspects of the techniques described above may
implemented by one or more processors of a processing system executing
software. The software includes one or more sets of executable instructions stored
or otherwise tangibly embodied on a non-transitory computer readable storage
medium. The software can include the instructions and certain data that, when
executed by the one or more processors, manipulate the one or more processors to
perform one or more aspects of the techniques described above. The non-transitory
computer readable storage medium can include, for example, a magnetic or optical
disk storage device, solid state storage devices such as Flash memory, a cache,

random access memory (RAM) or other non-volatile memory device or devices, and
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the like. The executable instructions stored on the non-transitory computer readable
storage medium may be in source code, assembly language code, object code, or
other instruction format that is interpreted or otherwise executable by one or more

processors.

Note that not all of the activities or elements described above in the general
description are required, that a portion of a specific activity or device may not be
required, and that one or more further activities may be performed, or elements
included, in addition to those described. Still further, the order in which activities are
listed are not necessarily the order in which they are performed. Also, the concepts
have been described with reference to specific embodiments. However, one of
ordinary skill in the art appreciates that various modifications and changes can be
made without departing from the scope of the present disclosure as set forth in the
claims below. Accordingly, the specification and figures are to be regarded in an
illustrative rather than a restrictive sense, and all such modifications are intended to

be included within the scope of the present disclosure.

Benefits, other advantages, and solutions to problems have been described
above with regard to specific embodiments. However, the benefits, advantages,
solutions to problems, and any feature(s) that may cause any benefit, advantage, or
solution to occur or become more pronounced are not to be construed as a critical,
required, or essential feature of any or all the claims. Moreover, the particular
embodiments disclosed above are illustrative only, as the disclosed subject matter
may be modified and practiced in different but equivalent manners apparent to those
skilled in the art having the benefit of the teachings herein. No limitations are
intended to the details of construction or design herein shown, other than as
described in the claims below. Itis therefore evident that the particular embodiments
disclosed above may be altered or modified and all such variations are considered
within the scope of the disclosed subject matter. Accordingly, the protection sought

herein is as set forth in the claims below.
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WHAT IS CLAIMED IS:

1. A method comprising:

determining losses of samples within an input volume that is provided to a
neural network during a first epoch;

grouping the samples into subsets based on the losses;

assigning the subsets to operands in the neural network that represent the
samples at different precisions so that each subset is associated with a
different precision; and

processing the subsets in the neural network at the different precisions during
the first epoch.

2. The method of claim 1, wherein assigning the subsets to the operands comprises

assigning subsets having higher losses to operands having higher precisions.

3. The method of claim 1 or claim 2, wherein processing the subsets comprises
determining sets of model parameters for the subsets during at least one of a forward
pass and a backward pass through the neural network during the first epoch, wherein
each set of model parameters for the subsets is represented at a different

corresponding one of the different precisions.

4. The method of claim 3, wherein the sets of model parameters comprise at least
one of connection weights for connections between nodes in the neural network,
activations of neurons in the neural network, and gradients for steepest descent
estimations.

5. The method of any preceding claim, further comprising:
modifying a number of the subsets during a second epoch that is subsequent
to the first epoch; and
processing the modified number of the subsets in the neural network at the

number of different precisions during the first epoch.

6. The method of claim 5, wherein modifying the number of the subsets comprises
decreasing the number of the subsets during the second epoch, relative to the

number of the subsets used during the first epoch.
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7. The method of any preceding claim, further comprising:
modifying at least one of the different precisions during a second epoch that is

subsequent to the first epoch.

8. The method of claim 7, wherein modifying the different precisions comprises
decreasing the at least one of the different precisions during the second epoch,

relative to the different precisions used during the first epoch.

9. The method of any preceding claim, further comprising:
determining a validation error based on a validation set in response to
completing the first epoch; and
setting the different precisions to a maximum precision for the subsets during a
second epoch that is subsequent to the first epoch in response to the
validation error increasing relative to a previously determined validation

error.

10. An apparatus comprising:
a processor configured to:
determine losses of samples within an input volume that is provided to a
neural network during a first epoch,
group the samples into subsets based on the losses,
assign the subsets to operands in the neural network that represent the
samples at different precisions so that each subset is associated
with a different precision, and
process the subsets in the neural network at the different precisions
during the first epoch; and
a memory configured to store information representing the samples in the

subsets at the different precisions.

11. The apparatus of claim 10, wherein the processor is configured to assign subsets

having higher losses to operands having higher precisions.

12. The apparatus of claim 10 or claim 11, wherein the processor is configured to
determine sets of model parameters for the subsets during at least one of a forward

pass and a backward pass through the neural network during the first epoch, wherein



10

15

20

25

WO 2020/101948 PCT/US2019/059850

21

the sets of model parameters for the subsets are represented at the different

precisions.

13. The apparatus of claim 12, wherein the sets of model parameters comprise at
least one of connection weights for connections between nodes in the neural
network, activations of neurons in the neural network, and gradients for steepest
descent estimations.

14. The apparatus of claim 12 or claim 13, wherein the memory is configured to store
the sets of model parameters at the different precisions associated with the subsets

of the samples.

15. The apparatus of any preceding claim, wherein the processor is configured to
modify a number of the subsets during a second epoch that is subsequent to the first
epoch and process the modified number of the subsets in the neural network at the

number of different precisions during the first epoch.

16. The apparatus of claim 15, wherein the processor is configured to decrease the
number of the subsets during the second epoch, relative to the number of the

subsets used during the first epoch.

17. The apparatus of any preceding claim, wherein the processor is configured to
modify at least one of the different precisions during a second epoch that is

subsequent to the first epoch.

18. The apparatus of claim 17, wherein the processor is configured to decrease the
at least one of the different precisions during the second epoch, relative to the

different precisions used during the first epoch.

19. The apparatus of any preceding claim, wherein the processor is configured to:
determine a validation error based on a validation set in response to
completing the first epoch; and
set the different precisions to a maximum precision for the subsets during a
second epoch that is subsequent to the first epoch in response to the
validation error increasing relative to a previously determined validation

error.



WO 2020/101948 PCT/US2019/059850
22

20. An apparatus comprising:

a memory; and

a processor configured to determine sets of model parameters for a neural
network by providing samples in an input volume for a forward pass and

5 a backward pass through the neural network during a first epoch,

wherein the samples are represented at different precisions that are
determined based on estimated losses for the samples in the input
volume, and wherein the processor stores the sets of model parameters

in the memory at the different precisions for corresponding samples.

10

15



PCT/US2019/059850

WO 2020/101948

1/6

Gl

0cl

00}

T "OId

ovl
ANION3 O/l




WO 2020/101948

2/6

PCT/US2019/059850

FIG. 2



PCT/US2019/059850

WO 2020/101948

3/6

€ Old

A1dAVS

©
=

SN

<
=
(9]
=z
N
=
=

//.Fom

ssecsccscccsccccccccccccraccccscracrc s s ot eece s coecaccasasnaanana

\/

T

\1

00€

e

0ce S1E 01€ S0¢€

L1

SSOT



PCT/US2019/059850

WO 2020/101948

SAMPLE

o
~
\' <

SAMPLE

FIG. 4



WO 2020/101948

PCT/US2019/059850

5/6
505 - 500

\ ESTIMATE LOSSES FOR
»|  SAMPLES IN INPUT

VOLUME OF EPOCH

510 l

\ GROUP SAMPLES INTO
SUBSETS BASED ON

LOSSES

l

\ ASSIGN DIFFERENT
PRECISION OPERANDS TO

[8,]
—_
(8]

540 \

SUBSETS
520 l
\ PERFORM FORWARD/
» BACKWARD PASS FOR
EPOCH

530

525

CONVERGENCE?

SET PRECISION TO MAX
FOR ALL SAMPLES

YES 535
INCREASED ERROR?

FIG. S



WO 2020/101948

605

6/6

FORWARD AND BACKWARD
PASS OF SUBSETS AT
DIFFERENT PRECISIONS

610

615

MODIFY NUMBER OF
SUBSETS?

PCT/US2019/059850

600

NO

N

REDUCE NUMBER OF SUBSETS

NO / MODIFY PRECISIONS OF

SUBSETS?

DECREASE PRECISION OF
SUBSET(S)

FIG. 6

620

625



International application No.

INTERNATIONAL SEARCH REPORT PCT/US2019/059850

A. CLASSIFICATION OF SUBJECT MATTER
GOG6N 3/08(2006.01)i, GOGN 3/04(2006.01)i

According to International Patent Classification (IPC) or to both national classification and IPC

B. FIELDS SEARCHED

Minimum documentation searched (classification system followed by classification symbols)
GO6N 3/08; GO6F 17/30;, GO6F 9/48;, GO6K 9/66; GO6N 3/04; GO6N 99/00

Documentation searched other than minimum documentation to the extent that such documents are included in the fields searched

Korean utility models and applications for utility models
Japanese utility models and applications for utility models

Electromic data base consulted during the international search (name of data base and, where practicable, search terms used)
eKOMPASS(KIPO internal) & Keywords: neural network, precision, scaling, loss, epoch, operand

C. DOCUMENTS CONSIDERED TO BE RELEVANT

to be of particular relevance

"D" document cited by the applicant in the international application

"E" eatlier application or patent but published on or after the international
filing date

"L"  document which may throw doubts on priority claim(s) or which is
cited to establish the publication date of another citation or other
special reason (as specified)

"0O" document referring to an oral disclosure, use, exhibition or other means

"P" document published prior to the international filing date but later

than the priority date ¢claimed

Category* Citation of document, with indication, where appropriate, of the relevant passages Relevant to claim No.
A US 2018-0322391 A1 (NVIDIA CORPORATION) 08 November 2018 1-20
See claim 1.
A US 2016-0189059 A1 (NEC CORPORATION) 30 June 2016 1-20
See claims 1, 17.
A KR 10-2018-0045635 A (SAMSUNG ELECTRONICS CO., LTD.) 04 May 2018 1-20
See claims 1-11.
A US 2016-0358043 Al (AT&T INTELLECTUAL PROPERTY I, L.P.) 08 December 2016 1-20
See claim 1.
A Ben Taylor et al., “Adaptive Selection of Deep Learning Models on Embedded 1-20
Systems™, arXiv:1805.04252, 11 May 2018, pp.1-20
See pages 1-18.
|:| Further documents are listed in the continuation of Box C. See patent family annex.
* Special categoties of cited documents: "T" later document published after the international filing date or priority
"A" document defining the general state of the art which is not considered date and not in conflict with the application but cited to understand

the principle or theory undetlying the invention

document of particular relevance; the claimed invention cannot be
considered novel or cannot be considered to involve an inventive
step when the document is taken alone

document of particular relevance; the claimed invention cannot be
considered to involve an inventive step when the document is
combined with one or more other such documents,such combination
being obvious to a person skilled in the art

document member of the same patent family

gn

myn

ngn

Date of the actual completion of the international search
24 February 2020 (24.02.2020)

Date of mailing of the international search report

24 February 2020 (24.02.2020)

Name and mailing address of the ISA/KR

International Application Division

Korean Intellectual Property Office

189 Cheongsa-ro, Seo-gu, Dagjeon, 35208, Republic of Korea

FFacsimile No. +82-42-481-8578

Authorized officer

PN
& \‘}"\‘{\\\\
A ety
AR
) b3

KWON, Sungho ¥ \\\\§§§\\\\\\\ S
W \\“
=

2rts 2y,
/S
/
G

//’

»/

\ RN
RO \\

Telephone No.  +82-42-481-3547 \\:\\\\w

Form PCT/ISA/210 (second sheet) (July 2019)




INTERNATIONAL SEARCH REPORT International application No.

Information on patent family members PCT/US2019/059850
Patent document Publication Patent family Publication
cited in search report date member(s) date
US 2018-0322391 Al 08/11/2018 CN 110073371 A 30/07/2019
DE 102018110947 Al 08/11/2018
WO 2018-204910 Al 08/11/2018
US 2016-0189059 Al 30/06/2016 JP 6319313 B2 09/05/2018
WO 2015-025472 Al 26/02/2015
KR 10-2018-0045635 A 04/05/2018 US 2018-0114110 Al 26/04/2018
US 2016-0358043 Al 08/12/2016 US 2017-0316287 Al 02/11/2017
US 9734436 B2 15/08/2017

Form PCT/ISA/210 (patent family annex) (July 2019)



	Page 1 - front-page
	Page 2 - description
	Page 3 - description
	Page 4 - description
	Page 5 - description
	Page 6 - description
	Page 7 - description
	Page 8 - description
	Page 9 - description
	Page 10 - description
	Page 11 - description
	Page 12 - description
	Page 13 - description
	Page 14 - description
	Page 15 - description
	Page 16 - description
	Page 17 - description
	Page 18 - description
	Page 19 - description
	Page 20 - claims
	Page 21 - claims
	Page 22 - claims
	Page 23 - claims
	Page 24 - drawings
	Page 25 - drawings
	Page 26 - drawings
	Page 27 - drawings
	Page 28 - drawings
	Page 29 - drawings
	Page 30 - wo-search-report
	Page 31 - wo-search-report

