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Abstract—Deep Neural Networks (DNNs) require enormous
computational power and storage memory. This impose a critical
challenge to their efficient deployment on resource-constrained
computing platforms such as edge devices. In this paper, we
present a novel pruning algorithm and its hardware implemen-
tation to reduce the required memory-footprint and power usage
of DNNs to enable them to be deployable on edge and mobile
devices. we demonstrated a hardware-friendly pruning method
where the locations of non-zero weights are derived from a Linear
Feedback Shift Registers (LFSRs) in real-time. The results show
a total power and area savings up to 49.97% and 50.20% for
VGG-16 network on down-sampled ImageNet, respectively.

I. INTRODUCTION

Ever increasing network of Internet of Thing (IoT) and

edge devices requires the computation to be done on or close

the source of the data. Edge computing has several benefits

such as decreased latency and required energy, improved

response times and better bandwidth availability. Accurate

and fast computing on the edge plays an important role on

different resource constrained applications such as autonomous

driving and health-care monitoring. DNN has shown a great

performance improvement especially in applications such as

computer vision and healthcare data analysis [1]. However,

their large and over-parameterized networks unable them to

be used on resource-constrained edge devices.

To overcome this problem, various network compression

techniques have been proposed to sparsify large DNNs, and

enable them to fit in on-chip SRAM. However, sparse network

add irregularity to the network which impose another level

of complexity. Platforms such as GPU and DNN accelerators

cannot take advantage of these sparse networks due to the lack

of structure [2]. To overcome this problem, we propose a novel

methodology to sparse large DNNs to reduce the memory

footprint and energy usage while preserving the accuracy.

We used an on-die linear feedback shift register (LFSR), to

generate a pseudo random sequence (PRS). The generated PRS

is utilized to prune the network. In addition, during inference

we use the LFSR with the same seed to generate the indices

in real-time to perform multiplication between the sparse

weight matrix and input/activation vector. The advantage of

our proposed hardware-friendly method is that we no longer

need to store the sparse weight addresses – thereby reducing

the memory foot-print significantly.

In this section, we first describe the pruning algorithm to

sparse the network during the training step. Then the proposed

hardware architecture for inference will be explained.
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A. Training pipeline of the proposed method

The algorithm consists of four steps (figure 1): (1) gen-

erating pseudo-random sequences (PRS) using two LFSRs

(2) training the network with regularization (3) Pruning the

weights (4) retraining the sparse network [3].

We first generate a PRS using two LFSRs, one for row

indices indicating the address of the element in the input vector

and another one for column indices which encode the address

of the output vector. LFSR, consists of an array of flip-flops

with an initial state called input seed (s), followed by linear

feedback performed by several exclusive-or (XOR) gates (ci).
The output of LFSRs can be mathematically described through

nth order characteristic polynomials as follow:

xn + cn−1x
n−1 + ...+ c1x+ 1 (1)

We then use these generated addresses for the weights that

we want to keep during training and regularize the rest of

the weight values to make them zero. As an example, a fully

connected (FC) layer of DNN performs the following function:

a = ReLU(Z) where Z = WTx+ b (2)

Where W is a weight matrix, x is an input vector, b is a

vector of bias values. For simplification, b can be merged with

W by appending an additional column to the end of matrix

W . We used L2 regularization which a regularizer component

is added to the cost (J) , as shown in Eq.3.

J(W [l], b[l]) =
1

m

m∑

c=1

L(ŷ(i), y(i)) +
λ

2m

L∑

l=1

||W [l]
ij ||2F (3)

Where i and j are correspond to the remaining indices (i.e.

not chosen from LFSR 1 and LFSR 2) for rows and columns,

respectively. L is the layer’s number in the network. λ is the

regularization parameter and can be tuned. Larger λ will more

penalized the weights values and make them closer to zero.

After training step, in order to make sure that the regularized

weights are exactly zero, we use a mask to make them

exactly equal to zero. Finally, we retrain the network to better

compensate the deleted weights and connections.

For inference hardware implementation, The generated

LFSR #1 indices is used for the input to be multiplied to
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Fig. 1: Training pipeline for the proposed method.
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the corresponding weight in sparse matrix weight (figure 2).

LFSR generate the PRS with values between 1 to 2N − 1.

To avoid redundant clock cycles when the generated number

is greater that the number of neurons and keep the values

between number of neurons, the generated PRS is multiplied

to the length of neurons and the most significant bits (MSBs)

are selected. Finally, the result is stored in the output buffer

with the address generated by LFSR #2.

II. RESULTS

The results are demonstrated on three networks: Lenet300-

100, LeNet-5 and VGG-16 using MNIST, CIFAR-10 and

down-sampled ImageNet data-sets. Training is done using

Tensorflow platform on Nvidia GTX 1080 Ti GPUs.

We compared our results with a state-of-the-art pruning

algorithm proposed in [2] where the pruning is done based

on a threshold during training. For the baseline algorithm,

the sparse weight matrix is compressed and saved in memory

in three vectors: the non-zero weights’ value (S), non-zero

weights’ location (I) and a pointer, pointing to each column

of the weight matrix (P).The accuracy versus sparsity rates

of our method is compared with the baseline (figure 3). The

results show that our method can sparse the network more than

80% while preserving the accuracy even in complex network

and datasets such as VGG-16 on down-sampled ImageNet.

To evaluate our method during inference, we have synthe-

sized baseline and our method with 65nm CMOS technol-

ogy to measure hardware metrics. The bit-width precision

is considered to be 8 bits for weights and activations and

4, 8 bits for indices. The pre-layout analysis demonstrates

up to 64% reduction in required memory footprint compared

to the baseline pruning technique (Figure 4). Moreover, the

power and area of the overall system (memory, multiplier,

accumulator and input/output buffers) are measured for VGG-

16 network (figure 5). We observe a maximum of 49.97%

power savings and 50.20% area savings across varying sparsity

versus baseline designs.
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Fig. 2: The proposed method high-level architecture.
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Fig. 3: Accuracy (%) versus different sparsity rates. (a)

LeNet300-100 on MNIST, (b) LeNet5 on MNIST, (c) LeNet5

on Cifar10, (d) VGG-16 on down-sampled ImageNet.

Fig. 4: Total required memory for our method and the baseline

method with 4 and 8 bit precision at different levels of sparsity.
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Fig. 5: Measured Power (mW ) and area (mm2) of the overall

system for our proposed and baseline method on VGG-16.

207

Authorized licensed use limited to: Georgia Institute of Technology. Downloaded on June 28,2021 at 12:40:35 UTC from IEEE Xplore.  Restrictions apply. 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize false
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /ComicSansMS
    /ComicSansMS-Bold
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FranklinGothic-Medium
    /FranklinGothic-MediumItalic
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /Impact
    /Kartika
    /Latha
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaConsole
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSansUnicode
    /Mangal-Regular
    /MicrosoftSansSerif
    /MonotypeCorsiva
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MVBoli
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Raavi
    /Shruti
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /Vrinda
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Required"  settings for PDF Specification 4.01)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


