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(57) ABSTRACT

Aspects of the present invention are directed to computer-
implemented techniques for performing data compression
and conversion between data formats of varying degrees of
precision, and more particularly for improving the inferenc-
ing (application) of artificial neural networks using a
reduced precision (e.g., INT8) data format. Embodiments of
the present invention generate candidate conversions of data
output, then employ a relative measure of quality to identify
the candidate conversion with the greatest accuracy (i.e.,
least divergence from the original higher precision values).
The representation can be then be used during inference to
perform computations on the resulting output data.
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AUTOMATED METHODS FOR
CONVERSIONS TO A LOWER PRECISION
DATA FORMAT

CLAIM OF PRIORITY

[0001] The present invention claims priority to provisional
patent application Ser. No. 62/448,909, filed on Jan. 20,
2017, entitled “Automated Method for Conversion to a
Lower Precision Data Format,” attorney docket number
NVID-P-SC-16-0263-US0, which is also incorporated by
reference herein.

FIELD OF THE INVENTION

[0002] Embodiments of the present invention refer gener-
ally to computer-implemented techniques for data compres-
sion and information recoding. More specifically, embodi-
ments of the present invention are directed to a system for
improved inferencing of deep learning for neural and con-
volutional networks.

BACKGROUND OF THE INVENTION

[0003] Machine learning is the field of computer science
directed to the use of computer-implemented algorithms for
problem solving through pattern recognition and adaptive
processing of a data set. In contrast with regular “static”
programming, machine learning applications are character-
ized by being able to generate predictive data models by
iteratively refining models from a data set without explicit
programming. Artificial neural networks are among the most
popular machine learning algorithms, and use distributed
parallel processors to perform parameterized computations
on input data at multiple, interconnected “neurons” (pro-
cessing units) distributed throughout one or more internal or
“hidden” layers between an input layer and an output layer
to calculate an output that is compared to a target or
reference output. Artificial neural networks are parameter-
ized through weights assigned to the connections between
neurons of adjacent layers. The parameters of the networks
are continuously updated to reduce and eventually eliminate
the difference in output until an accurate data model is
achieved. “Deep” neural networks refer to neural networks
that consist of 3 or more layers.

[0004] One popular artificial neural network training
method is called backward propagation (or back propaga-
tion). Beginning with a pre-determined (often random) set of
weights, the weights are refined by repeatedly applying a
wo-phase cycle of operations that includes a forward pass
followed by gradient backward propagation (“back propa-
gation”) phase in conjunction with an optimization phase.
During the forward propagation phase, input is propagated
forward through the neural network, with computation per-
formed at each neuron, layer by layer, until it reaches the
output layer. Non-linear activation functions may also be
applied at one or more neurons to further direct output to
discrete values. The output is then compared to the target
output using a loss function, and an error value is calculated
for each of the elements in the output layer. During back
prop phase the gradients of error function are computed and
then propagated backwards through the layers to determine
gradients corresponding to each neuron. These gradients are
then used to calculate the gradient of the loss function with
respect to each of the weights in the network. In the last
phase, the calculated gradient is used to update the applied
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weights in an attempt to minimize the loss function. Once
the actual output substantially approximates the target out-
put (e.g., within a threshold of accuracy), the data model is
considered complete and further learning may be termi-
nated.

[0005] After training of a neural network is completed, the
networks can be deployed in the field for “inference,” during
which input data is classified by the output of the network to
“infer” a result. Traditional computer implementations of
neural network training (such as back propagation) typically
use 32-bit floating-point (ak.a. single-precision float or
FP32) representations of real numbers for data storage and
manipu-lation when performing data computations. Natu-
rally, inference performed on these models also use FP32
representations. However, the memory storage and compu-
tation of 32-bit values requires considerable memory and
processing resources. As a result, new techniques have been
developed that rely instead on a reduced precision format.
Instead of the full 32 bits, these solutions may instead use a
16 bit floating-point (float16) representation or 8 bit integer
(INTB) representation.

[0006] Using reduced data precision formats for inferenc-
ing of neural (specifically convolutional) networks offers
several advantages over traditional single-precision float
formats. Specifically, these lower format computations can
be performed (potentially) significantly faster than single-
precision float for computationally intensive layers in the
neural network. Significantly less memory is required for
storing the reduced data precision values. Storage of data in
the reduced data precision format also improves perfor-
mance of bandwidth-limited layers, due to the reduced time
necessary to transfer data. Finally, storage using the reduced
data precision format also allows reductions to the size of the
network and the time required to communicate for multi-
processor (e.g., multi-GPU) systems.

[0007] Unfortunately, reduced data precision numbers
have a significantly narrower numerical range than single-
precision float representations. As a result, overflow or
underflow can occur when computations are performed that
result in numerical values outside of the prescribed ranges.
Previously attempted solutions would require the applica-
tion of constraints during training, or employ a more com-
plex or challenging mathematical model that requires some
amount of fine-tuning. Another shortcoming of these previ-
ously known methods is that quantization from larger sets of
values (e.g., from single-precision float to a reduced preci-
sion format) is performed dynamically, and thus require
additional processing overhead during computation.

SUMMARY OF THE INVENTION

[0008] This Summary is provided to introduce a selection
of concepts in a simplified form that are further described
below in the Detailed Description. This Summary is not
intended to identify key features or essential features of the
invention, nor is it intended to be used to limit the scope of
the invention.

[0009] Embodiments of the present invention are directed
to computer-implemented procedures for improving the
inference (application) of artificial neural networks using a
reduced precision (e.g., INT8) data format. Embodiments of
the present invention generate candidate conversions of data
output, then employ a relative measure of quality to identify
the candidate conversion with the greatest accuracy (e.g.,
least divergence from the original higher precision values).
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The representation can be then be used during inference to
compute the resulting output data.

[0010] According to one embodiment of the present inven-
tion, a computer-implemented process is provided for auto-
mating conversion from higher precision data formats to
lower precision data formats. The process is performed by,
for example, referencing pre-stored activation data, creating
a histogram for the activation data, generating reduced
precision distributions for the histogram with different satu-
ration thresholds, measuring distributions for divergence
against a higher precision reference distribution, and iden-
tifying the distribution with the least divergence from the
reference distribution. In one or more embodiments, the
process can be performed for each layer of a neural network.
In still further embodiments, the process is performed for
each layer independently with respect to any other layer of
the neural network.

[0011] In one or more embodiments, the activation data
may include data generated by applying a neural network to
at least a portion of a calibration data set to determine one
or more scaling factors to convert data from a higher
precision format to a lower precision format. The calibration
can be performed offline (e.g., before run-time inferencing)
1o statically determine the scaling factors. Activation data is
generated for one or more layers of the neural network. The
activation (output) data is then collected, stored, and a
histogram of the data is subsequently created.

[0012] In one or more embodiments, generating the
reduced precision distributions (candidate conversions) for a
given histogram is performed iteratively over a plurality of
different saturation levels corresponding to the number of
candidate conversions. The specific number of candidate
conversions may itself correspond to the range of values
between 0 and the highest (maximum) value observed in the
activation data, with each candidate conversion having a
different saturation level between 0 and the highest observed
absolute value. For each given candidate conversion, the
values in the bins of the histogram above the saturation level
corresponding to the candidate conversion are clamped to
the saturation level. Subsequently, the bins of the histogram
for the set of activated data values for a layer are then
merged proportionally for all bins below the saturation
threshold corresponding to the candidate conversion until
the remaining number of bins corresponds to the maximum
positive value for a selected lower precision data format.
The candidate conversions are then compared using a diver-
gence metric to the original data values to determine the
candidate conversion with the greatest accuracy.

[0013] According to yet another embodiment of the pres-
ent invention, a computer-readable medium including pro-
grammed instructions is provided that includes instructions
to perform the process described above for automatically
converting data from a higher precision data format to a
lower precision data format, and a computer system is
provided that includes a processor and a memory, wherein
data values generated as output during inferencing opera-
tions are stored in the memory are automatically converted
and processed using a reduced precision format.

[0014] Unlike conventional techniques, the inference per-
formed by embodiments of the present invention do not
require re-training or fine-tuning of the original FP32 net-
work, or the application of constraints during training.
Furthermore, data format conversions can be performed
automatically and statically by running training calibration
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set, thereby eliminating the extra processing requirements
for dynamic quantization of previously attempted solutions
while achieving results comparable with those of the origi-
nal FP32 network.

BRIEF DESCRIPTION OF THE DRAWINGS

[0015] The accompanying drawings are incorporated in
and form a part of this specification. The drawings illustrate
embodiments. Together with the description, the drawings
serve to explain the principles of the embodiments:

[0016] FIG. 1 depicts an exemplary computer-imple-
mented method for automatically converting values from a
higher precision data format to a lower precision data
format, in accordance with various embodiments of the
present invention.

[0017] FIG. 2 depicts an exemplary computer-imple-
mented method for generating activation data during a
calibration operation in an artificial neural network, in
accordance with various embodiments of the present inven-
tion.

[0018] FIG. 3 depicts an exemplary computer-imple-
mented method for generating candidate lower precision
data format conversions from higher precision data format
values, in accordance with various embodiments of the
present invention.

[0019] FIG. 4 depicts an exemplary computing system
upon which embodiments of the present invention may be
implemented, in accordance with various embodiments of
the present invention.

DETAILED DESCRIPTION

[0020] Reference will now be made in detail to the pre-
ferred embodiments of the invention. While the invention
will be described in conjunction with the preferred embodi-
ments, it will be understood that they are not intended to be
limit to these embodiments. On the contrary, the invention is
intended to cover alternatives, modifications and equiva-
lents, which may be included within the spirit and scope as
defined by the appended claims.

[0021] Furthermore, in the following detailed descriptions
of embodiments of the invention, numerous specific details
are set forth in order to provide a thorough understanding of
the invention. However, it will be recognized by one of
ordinary skill in the art that the invention may be practiced
without these specific details. In other instances, well known
methods, procedures, components, and circuits have not
been described in detail as not to unnecessarily obscure
aspects of the invention.

[0022] Some portions of the detailed descriptions that
follow are presented in terms of procedures, steps, logic
blocks, processing, and other symbolic representations of
operations on data bits that can be performed on computer
memory. These descriptions and representations are the
means used by those skilled in the data processing arts to
most effectively convey the substance of their work to others
skilled in the art. A procedure, computer generated step,
logic block, process, etc., is here, and generally, conceived
to be a self-consistent sequence of steps or instructions
leading to a desired result. The steps are those requiring
physical manipulations of physical quantities. Usually,
though not necessarily, these quantities take the form of
electrical or magpnetic signals capable of being stored, trans-
ferred, combined, compared, and otherwise manipulated in
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a computer system. It has proven convenient at times,
principally for reasons of common usage, to refer to these
signals as bits, values, elements, symbols, characters, terms,
numbers, or the like.

[0023] It should be borne in mind, however, that all of
these and similar terms are to be associated with the appro-
priate physical quantities and are merely convenient labels
applied to these quantities. Unless specifically stated other-
wise as apparent from the following discussions, it is appre-
ciated that throughout the present invention, discussions
utilizing terms such as “storing,” “creating.” “protecting,”
“receiving,” “en-crypting,” “decrypting,” “destroying,” or
the like, refer to the action and processes of a computer
system or integrated circuit, or similar electronic computing
device, including an embedded system, that manipulates and
transforms data represented as physical (electronic) quanti-
ties within the computer system’s registers and memories
into other data similarly represented as physical quantities
within the computer system memories or registers or other
such information storage, transmission or display devices.

2 <

Automated Conversion Between High and Low Precision
Data Formats

[0024] FIG. 1 is a flowchart 100 that depicts an exemplary
computer-implemented process for automating conversion
from higher precision data formats to lower precision data
formats, in accordance with embodiments of the present
invention. Steps 101-109 describe exemplary steps of the
flowchart 100 in accordance with the various embodiments
herein described. As depicted in FIG. 1, automated conver-
sion typically begins at step 101 by referencing activation
data generated from an execution of one or more layers of
a neural network. The activation data may comptrise activa-
tion data corresponding to the output values from a single
layer of the neural network, and referencing the pre-gener-
ated activation data may consist of accessing the activation
data in a memory device, or generating the activation data
during step 101. In one or more embodiments, the process
depicted in flowchart 100 may be performed independently
for multiple (all) layers of the neural network.

[0025] At step 103, the activation data referenced at step
101 is collected, and a histogram is created that collects like
values in multiple bins. The histogram bins are equally
spaced between the range of values from 0 and the highest
observed absolute value of the activation values, with the
activation values being collected in the histogram bin having
the closest value. In one or more embodiments, the number
of histogram bins itself may correspond to a pre-determined
number. In still further embodiments, the pre-determined
number may be empirically determined based on historical
data corresponding to the neural network, and/or corre-
sponding to the degree of precision of or between the data
formats being converted from and/or to. In one specific
embodiment, the histogram may consist of 2048 bins, or a
number of bins approximating 2048 bins.

[0026] A plurality of lower precision distributions (e.g.,
candidate conversions) are generated for the values in the
histogram at step 105. Generally, generation of the number
of candidate conversions is based on both the number of bins
in the histogram, and the specific lower precision data
format the conversion is being performed for. Each candi-
date conversion is generated with a unique (relative to other
candidate conversions) saturation threshold that corresponds
1o the data values collected in the histogram. Data values for
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a candidate conversion in the histogram that exceed the
threshold for the candidate conversion are clamped to the
threshold. As such, each of the candidate conversions will
have a different range of data values. Generation of the
candidate conversions is described in greater detail below,
with respect to FIG. 3. At step 107, the divergence between
each candidate conversion to a calibration data set (e.g., the
starting higher precision data format values) is measured
according to a metric to determine the candidate conversion
with the least divergence. In one or more embodiments, the
metric applied corresponds to the Kullback-Leibler diver-
gence. At step 109, the candidate conversion with the least
divergence (according to the metric applied at step 107) is
selected and the data values resulting from the candidate
conversion are used for inference applications such as
data/image classification, facial or object recognition, etc.

Activation Data Collection

[0027] FIG. 2 is a flowchart 200 that depicts an exemplary
computet-implemented process for collecting activation
data from a layer of a neural network for automated con-
version of data values from a higher precision data format to
a lower precision data format, in accordance with embodi-
ments of the present invention. Steps 201-207 describe
exemplary steps of the flowchart 200 in accordance with the
various embodiments herein described. In one or more
embodiments, one or more steps 201-207 may be performed
during step 101 of the process depicted in flowchart 100 and
described above with respect to FIG. 1. In further embodi-
ments, one or more steps of flowchart 200 prior to the
initiation of any of the steps of flowchart 100 to determine
one or more scaling factors used to convert data from a
higher precision format to a lower precision format. The
calibration can be performed offline (e.g., before run-time
inferencing) to statically determine the scaling factors.
[0028] As depicted in FIG. 2, collection of activation data
begins at step 201 by applying a neural network to a
calibration data set, or a portion thereof. Activation data is
generated at step 203 during the routine execution of pro-
grammed operations in one or more layers of a neural
network. The neural network may comprise a convolutional
neural network, according to various embodiments. Accord-
ing to further embodiments, the neural network may also (or
instead) comprise a deep neural network having three or
more layers. The activation data may comprise activation
data corresponding to the output values from a single layer
of the neural network.

[0029] At step 205, the activation (output) data is then
collected (e.g., in a processing cache), and stored (e.g., in a
memory device) at step 207. In one or more embodiments,
the activation data can be used to generate a histogram of the
activation data, or in anticipation of creating a histogram of
the data for the purposes of data format conversion.

Candidate Conversion Generation

[0030] FIG. 3 is a flowchart 300 that depicts an exemplary
computer-implemented process for generating candidate
conversion lower precision data values for automated con-
version of data values from a higher precision data format to
a lower precision data format, in accordance with embodi-
ments of the present invention. Steps 301-307 describe
exemplary steps of the flowchart 300 in accordance with the
various enibodiments herein described. In one or more
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embodiments, one or more steps 301-307 may be performed
during step 105 of the process depicted in flowchart 100 and
described above with respect to FIG. 1.

[0031] At step 301, the number of candidate conversions
is determined and iteratively generated. In one or more
embodiments, the number of candidate conversions may
correspond to the number of bins in the histogram. In still
further embodiments, the number of candidate conversions
corresponds to the number of bins in the histogram minus
the highest observed absolute number of the range of values
expressible by the lower precision data format for which the
conversion is being performed. Thus, if the lower precision
data format selected for conversion is an 8-bit integer (Int8)
format, the typical range of values expressible by Int8 is
between —127 and 127. According to such embodiments, the
number of candidate conversions would comprise some
number between the number of histogram bins minus 127.
For example, if the histogram consists of 2048 bins, the
number of candidate conversions may be equal to 1921
(2048-127).

[0032] In one or more embodiments, each candidate con-
version has a corresponding saturation threshold, such that
any value above the threshold is clamped to the threshold. At
step 303 a saturation threshold is selected for each candidate
conversion. Each candidate conversion may thus be gener-
ated by iteratively clamping data values between 2048 and
127 in succession. At step 305, the remaining bins for each
candidate conversion is sequentially compressed (merged)
into a plurality of distribution intervals. In one or more
embodiments, the number of distribution intervals corre-
sponds to the highest observed absolute value expressible by
the lower precision data format (e.g., 127 for Int8), and data
values within each interval from the histogram between 0
and the saturation threshold are merged with the other data
values in the same interval until the remaining number of
bins is equal to the highest observed absolute value (e.g.,
127).

[0033] For example, if the saturation value for a particular
candidate conversion is equal to 1000, then the histogram
bins between 0 and 1000 are divided into the maximum
positive value expressible (e.g., 127 for Int8) to determine
the closest integer to the quotient (e.g., 8). Discrete
sequences of consecutive histogram bins between 0 and the
saturation threshold (e.g., 1000) are then sequentially com-
pressed (e.g., merged) until the number of histogram bins
remaining corresponds to the highest observed absolute
value. In the above example for 8 bit integer numbers, each
sequence of 8 (quotient) histogram bins is merged so that
remaining bins number 127. Every value above 1000 is
clamped to the saturation threshold. Similarly, where the
saturation threshold for a candidate conversion is 2000, each
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discrete sequence of 16 consecutive histogram bins are
merged; and where the saturation threshold for a candidate
conversion is 500, each discrete sequence of 4 consecutive
histogram bins are merged.

[0034] The resulting merged and/or clamped data values
are collected and stored as the candidate conversions at step
307. Thereafter, various metrics may be applied to measure
the accuracy (inversely proportional to the divergence) of
each candidate conversion to original data values from the
calibration data set, in accordance with various embodi-
ments.

[0035] A portion of exemplary pseudo-code is provided
below. According to embodiments of the invention, com-
puter readable medium containing programmed instructions
that (at least) substantially perform the programmed instruc-
tions provided below may, when executed by a processor, be
used to perform data compression and recoding from higher
precision data formats to lower precision data formats
generally, and more particularly for individual layers of an
artificial neural network.

[0036] a.

Z P(i)log(%)

Exemplary Pseudocode

[0037]

Input: histogram ‘bins’ from p32 run, contains 2048 bins

bins[0] = bins[1]
divergences = empty list
For i in range(128, 2048):
candidate_ distribution_ Q = take bins from bins[0], ... ,
bins[i-1] and quantize into 128 levels
reference_ distribution_ P = bins[0] , ..., bins[i-1]
outliers__count = sum(bins[i], bins[i+1], ... , bins[2047])
reference_ distribution_P[ i-1 ] += outliers__count
normalize reference distribution_ P (sum equal to 1)
normalize candidate_ distribution_ Q (sum equal to 1)
divergences[i] = KL divergence(reference_distribution_ P,
candidate_ distribution_ Q)
Find index ‘i’ for which divergences[i] is minimal
Return i
Later this index Is transformed into activation value:
max_ estimated_value = (i + 0.5) * bins.width_of a_single bin

Example
[0038]

input distribution: [5540247314603 21 3], size: 16 bins
starting ir 8

quantizing input distribution inte 4 bins

BEGIN ITERATION, i= 8

Q is built out of first 8 bins: [554024 73]

building Q

linspace, edges of the quantized bins [ 0. 2. 4. 6. 8.]

indices of the bins after quantization [0 0 1122 3 3]

after excluding empty bins (-1): [001-1223 3]

total counts in the quantized bins (merge) [ 10. 4. 6. 10.]

counts in the quantized bins, normalizing before expanding [ 5. 4. 3. 5.]
expanded bins [ 5. 5.4.0.3.3.5.5]

expanded bins normalized (sum == 1) [ 0.16666667 0.16666667 0.13333333 0.
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-continued
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0.1 0.1
0.16666667 0.16666667]
building P
reference_density P [5 54024 73]
reference_ density P, after adding outliers [ 55402 4 7 23]
reference_density P, normalized (sum=1) [ 0.1 0.1 0.08 0.
final Q [ 0.16666667 0.16666667 0.13333333 0. 0.1
0.16666667 0.16606667]
final P [0.1 0.1 0.08 0. 0.04 0.08 0.14 0.46]
now we compute divergence
END ITERATION 8
BEGIN ITERATION, i= 9
Q is built out of first 9 bins: [5 54024 73 1]
building Q
linspace, edges of the quantized bins [ 0. 2.25 4.5 6.759. ]
indices of the bins after quantization [0 001122 3 3]
after excluding empty bins (-1): [0 00-11223 3]
total counts in the quantized bins (merge) [ 14. 2. 11. 4.]
counts in the quantized bins, normalizing before expanding [ 4.66666667 2.
2. ]
expanded bins [ 4.66666667 4.66666667 4.66666667 0.
2 2]

0.1

2. 5.5

0.04 0,08 0.14 0.46]

5.5

5.5

expanded bins normalized (sum == 1) [ 0.15053763 0.15053763 0.15053763 0.

0.06451613 0.17741935
0.17741935 0.06451613 0.06451613)
building P
reference _density P [354024731]
reference__density P, after adding outliers [ 55402 4 7 3 20]
reference__density P, normalized (sum=1) [ 0.1 0.1 0.08 0.
04]
final Q [ 0.15053763 0.15053763 0.15053763 0.
0.17741935 0.06451613 0.06451613)
final P[0.1 0.1 0.08 0. 0.04 0.080.14 0.06 0.4 ]
now we compute divergence
END ITERATION 9
BEGIN ITERATION, i= 10
Q is built out of first 10 bins: [554 02473 14)
building Q
linspace, edges of the quantized bins [ 0. 2.5 5. 7.5 10. ]
indices of the bins after quantization [0 0 01122 23 3]
after excluding empty bins (-1): [000-112223 3]
total counts in the quantized bins (merge) [ 14. 2. 14. 5.]
counts in the quantized bins, normalizing before expanding [ 4.66666667 2.
4.66666667 2.5 |
expanded bins [ 4.66666667 4.66666667 4.66666667 0.
4.66666667 4.66666667 2.5 2.5

2.

0.04 0.08 0.14 0.06

0.06451613 0.17741935

4.66666667

expanded bins normalized (sum == 1) [ 0.13333333 0.13333333 0.13333333 0.

0.05714286 0.13333333
0.13333333 0.13333333 0.07142857 0.07142857]
building P
reference_density P [5540247314]
reference_density P, after adding outliers [55402473119]
reference__density P, normalized (sum=1) [ 0.1 0.1 0.08 0.
0.02 0.38]
final Q [ 0.13333333 0.13333333 0.13333333 0.
0.13333333 0.13333333 0.07142857 0.07142857]
final P [ 0.1 0.1 0.08 0. 0.04 0.08 0.14 0.06 0.02 0.38]
now we compute divergence
END ITERATION 10
Now iterations: 11, 12, 13, 14, 15, 16

0.04 0.08 0.14 0.06

0.05714286 0.13333333

Exemplary Computing Device

[0039] As presented in FIG. 4, an exemplary computer
system upon which embodiments of the present invention
may be implemented includes a general purpose computing
system with one or more integrated circuits, such as com-
puting system 400. In its most basic configuration, comput-
ing system 400 typically includes at least one processing
unit 401 and memory, and an address/data bus 409 (or other
interface) for communicating information. Depending on the
exact configuration and type of computing system environ-
ment, memory may be volatile (such as RAM 402), non-

volatile (such as ROM 403, flash memory, etc.) or some
combination of the two. In one or more embodiments, the
processing unit 401 may be used to perform (in whole or in
part) the operations or computations described above with
respect to FIGS. 1-3 and the exemplary computer imple-
mented processes and pseudo code and examples shown
above.

[0040] Computer system 400 may also comprise an
optional graphics subsystem 405 for presenting information
to the computer user, e.g., by displaying information on an
attached display device 410, connected by a video cable 411.
According to embodiments of the present claimed invention,
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the graphics subsystem 405 may be coupled directly to the
display device 410 through the video cable 411. A In
alternate embodiments, display device 410 may be inte-
grated into the computing system (e.g., a laptop or netbook
display panel) and will not require a video cable 411. In one
embodiment, the processes depicted in flowcharts 100, 200
and 300 may be performed, in whole or in part, by graphics
subsystem 405 in conjunction with the processor 401 and
memory 402. In one or more embodiments, converting of
activation data in independent layers of a neural network by
generating candidate conversions may be performed inde-
pendently and simultaneously across multiple processors of
at least one of the processor 401 and graphics subsystem
405.

[0041] Additionally, computing system 400 may also have
additional features/functionality. For example, computing
system 400 may also include additional storage (removable
and/or non-removable) including, but not limited to, mag-
netic or optical disks or tape. Such additional storage is
illustrated in FIG. 4 by data storage device 407. Computer
storage media includes volatile and nonvolatile, removable
and non-removable media implemented in any method or
technology for storage of information such as computer
readable instructions, data structures, program modules or
other data. RAM 402, ROM 403, and data storage device
407 are all examples of computer storage media.

[0042] Computer system 400 also comprises an optional
alphanumeric input device 406, an optional cursor control or
directing device 407, and one or more signal communication
interfaces (input/output devices, e.g., a network interface
card) 408. Optional alphanumeric input device 406 can
communicate information and command selections to cen-
tral processor 401. Optional cursor control or directing
device 407 is coupled to bus 409 for communicating user
input information and command selections to central pro-
cessor 401. Signal communication interface (input/output
device) 408, also coupled to bus 409, can be a serial port.
Communication interface 409 may also include wireless
communication mechanisms. Using communication inter-
face 409, computer system 400 can be communicatively
coupled to other computer systems over a communication
network such as the Internet or an intranet (e.g., a local area
network), or can receive data (e.g.. a digital television
signal).

[0043] Although the subject matter has been described in
language specific to structural features and/or methodologi-
cal acts, it is to be understood that the subject matter defined
in the appended claims is not necessarily limited to the
specific features or acts described above. Rather, the specific
features and acts described above are disclosed as example
forms of implementing the claims.

[0044] In the foregoing specification, embodiments have
been described with reference to numerous specific details
that may vary from implementation to implementation.
Thus, the sole and exclusive indicator of what is the inven-
tion, and is intended by the applicant to be the invention, is
the set of claims that issue from this application, in the
specific form in which such claims issue, including any
subsequent correction. Hence, no limitation, element, prop-
erty, feature, advantage, or attribute that is not expressly
recited in a claim should limit the scope of such claim in any
way. Accordingly, the specification and drawings are to be
regarded in an illustrative rather than a restrictive sense.
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What is claimed is:

1. A method for compressing data, the method compris-
ing:
referencing activation data for a layer of a neural network;

creating a histogram of activation, the histogram com-
prising a plurality of bins, wherein the activation data
is distributed across the plurality of bins;

generating a plurality of candidate conversions based on
the histogram, each conversion of the plurality of
candidate conversions having a different saturation
threshold;

determining a divergence for each conversion of the
plurality of candidate conversions from a calibration
data set; and

selecting the saturation threshold corresponding to the
conversion with the least divergence from the reference
higher precision distribution,

wherein the plurality of candidate conversions are
expressed in a lower precision format,

further wherein at least one of the calibration data set and
the activation data is expressed in the higher precision
format.

2. The method of claim 1, wherein the creating, the
generating, the determining, and the selecting are performed
for each layer of the neural network.

3. The method of claim 1, wherein the determining the
divergence comprises applying a metric for measuring
directed divergence between the plurality of candidate con-
versions and the reference higher precision distribution.

4. The method of claim 3, wherein the metric comprises
determining a Kullback-Leibler divergence.

5. The method of claim 1, wherein the plurality of
candidate conversions comprise a plurality of quantized
distributions of activations for the layer of the neural net-
work that correspond to a range of values between 0 and a
maximum absolute value comprised in the activation data.

6. The method of claim 1, wherein the referencing acti-
vation data comprises referencing activation data from a
storage device, the activation data comprising output data
generated by applying a neural network to a representative
portion of the calibration data set.

7. The method of claim 6, wherein the referencing acti-
vation data from a storage device comprises:

applying the neural network to a representative portion of
the calibration data set;

generating activation data corresponding to output pro-
duced from applying the neural network to the repre-
sentative portion, the output being expressed in the
higher precision format;

collecting the activation data; and
storing the activation data in a storage device.

8. The method of claim 1, wherein the generating the
plurality of candidate conversions comprises:

determining a number of candidate conversions for the
plurality of candidate conversions;

iteratively selecting a particular threshold from a plurality
of saturation thresholds to correspond to a particular
candidate conversion of the plurality of candidate con-
versions;
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merging data values from a consecutive sequence of bins
from the histogram until a remaining number of bins in
the histogram corresponds to a highest absolute value
of the lower precision data format; and

collecting the plurality of candidate conversions.

9. The method of claim 8, wherein for a particular
threshold, all values from the histogram above the particular
saturation threshold are clamped to the particular saturation
threshold.

10. The method of claim 8, wherein the merging data
values comprises merging consecutive sequences of bins
from the histogram below the particular saturation threshold
in substantially uniform intervals.

11. The method of claim 10, wherein the merging con-
secutive values comprises:

dividing the bins of the histogram by a plurality of

distribution intervals;

determining a quotient value based on the dividing; and

sequentially merging, for each distribution interval of the

plurality of distribution intervals, an N number of
values from the bins of the histogram, where N is equal
to the quotient value.

12. The method of claim 10, wherein the plurality of
distribution intervals corresponds to an absolute value
expressed by the lower precision format.

13. The method of claim 10, wherein the lower precision
format comprises an 8 bit integer (INT8) data format.

14. The method of claim 10, wherein the plurality of
distribution intervals comprises 127 distribution intervals.

15. The method of claim 1, wherein the higher precision
format comprises a 32 bit Floating-point (FP32) data format.

16. The method of claim 1, wherein the creating the
histogram comprises creating the histogram with a pre-
determined number of bins.

17. The method of claim 16, wherein the pre-determined
number of bins comprises an empirically derived number of
bins.

18. The method of claim 16, wherein the pre-determined
number of candidate conversions comprises approximately
2048 candidate conversions.

19. A method for compressing data, the method compris-
ing:

creating a histogram from an input data set, the histogram

comprising a plurality of bins, wherein the data from
the input data set is distributed across the plurality of
bins;

generating a plurality of candidate conversions based on

the histogram, each conversion of the plurality of
candidate conversions having a different saturation
threshold;

determining a divergence for each conversion of the

plurality of candidate conversions from a calibration
data set; and

selecting the saturation threshold corresponding to the

conversion with the least divergence from the calibra-
tion data set,

wherein the plurality of candidate conversions are

expressed in a lower precision format,

further wherein the input data set is expressed in the

higher precision format.

20. The method of claim 19, wherein the generating the
plurality of candidate conversions comprises:

determining a number of candidate conversions for the

plurality of candidate conversions;
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iteratively selecting a particular threshold from a plurality
of saturation thresholds to correspond to a particular
candidate conversion of the plurality of candidate con-
versions;

merging data values from a consecutive sequence of bins
from the histogram until a remaining number of bins in
the histogram corresponds to a highest observed abso-
lute value of the lower precision data format; and

collecting the plurality of candidate conversions.

21. The method of claim 20, wherein for a particular
threshold, all values from the histogram above the particular
saturation threshold are clamped to the particular saturation
threshold.

22. The method of claim 20, wherein the merging data
values comprises merging data values comprised in the
consecutive sequence of bins from the histogram in equal
intervals.

23. The non-transitory computer readable medium of
claim 22, wherein the instructions to merge consecutive
values comprises:

instructions to divide the bins of the histogram by a
plurality of distribution intervals;

instructions to determine a quotient value based on the
dividing; and

instructions to sequentially merge, for each distribution
interval of the plurality of distribution intervals, an N

number of values from the bins of the histogram, where
N is equal to the quotient value.

24. A system for performing data conversion between a
higher precision data format to a lower precision data
format, the system comprising:

a memory device, comprising a plurality of programmed
instructions and storing a set of calibration data; and

a processot, coupled to the memory device and operable
to execute the plurality of programmed instructions to
perform data conversion by generating output data
from a set of input data, creating a histogram based on
the output data, generating a plurality of candidate
conversions based on the histogram, each conversion of
the plurality of candidate conversions having a different
saturation threshold, determining a divergence for each
conversion of the plurality of candidate conversions
from a set of calibration data, and selecting the satu-
ration threshold corresponding to the conversion with
the least divergence from the set of calibration data,

wherein the plurality of candidate conversions are
expressed in a lower precision format,

further wherein the calibration data set is expressed in the
higher precision format.

25. The system of claim 24, wherein the processor is
operable to generate the plurality of candidate conversions
by:

determining a number of candidate conversions for the
plurality of candidate conversions;

iteratively selecting a particular threshold from a plurality
of saturation thresholds to correspond to a particular
candidate conversion of the plurality of candidate con-
versions;
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merging data values from a consecutive sequence of bins
from the histogram until a remaining number of bins in
the histogram corresponds to a highest observed abso-
lute value of the lower precision data format; and

collecting the plurality of candidate conversions

26. The system of claim 25, wherein for a particular
threshold, all values from the histogram above the particular
saturation threshold are clamped to the particular saturation
threshold.

27. The system of claim 25, wherein the processor is
operable to merge data values by merging data values
comprised in consecutive sequences of bins from the histo-
gram in substantially uniform intervals.

28. The system of claim 27, wherein the processor is
operable to merge the consecutive values by dividing the
bins of the histogram by a plurality of distribution intervals,
determining a quotient value based on the dividing, and
sequentially merging, for each distribution interval of the
plurality of distribution intervals, an N number of values
from the bins of the histogram, where N is equal to the
quotient value.
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