CarnegieMellon

Energy Aware Computing Research Group

Quantized Deep Neural Networks for
Energy Efficient Hardware-based
Inference

Aut\r e Liu, R. D. (Shawn) Blanton, Diana Marculescu
ter: R. D. (Shawn) Blanton

| Prex : R. D. \
‘ Departmentof Electrical and Computer Engineering )

Carnegie Mellon University

rblanton@andrew.cmu.edu \
‘ \ )

s: Ruizhou Ding,




Why energy-efficient Deep Neural Networks

" Deep neural network (DNN) has been an useful machine learning

model for many classification applications
DNN example:LeNet [LeCun etal., 1998]

C3: f. maps 16@10x10
C1: feature maps S4: f. maps 16@5x5

INPUT
32x32 6@28x28 S2: f. maps

" Many classification systems require low power, area and storage
® Google’s AlphaGo: 13-layer architecture; ~4 million parameters
=" - [Silver et al., 2016]
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Why energy-efficient Deep Neural Networks

" Deep neural network (DNN) has been an useful machme learning

model for many classification applications
DNN example:LeNet [LeCun etal., 1998]

Main goal: to reduce energy, area and storage for

DNNs’ hardware implementation

= UBER

" Many classification systems require low power, area and storage
® Google’s AlphaGo: 13-layer architecture; ~4 million parameters
[Silver et al., 2016]
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Outline

" DNN quantization
" LightNNs
¢ Approximation

¢ Training approach

" Experiment

¢ Setup
¢ Results for accuracy, storage, energy, and area

® Guideline for model selection

® Conclusion
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Energy vs. Accuracy

" DNNs’ energy consumption mainly comes from two sources:

¢ Data movement & logic computation
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Energy vs. Accuracy

" DNNs’ energy consumption mainly comes from two sources:

¢ Data movement & logic computation

Reducing memory accesses Reducing computation energy

Original Network Pruning Q:Z)DWD—SM

C
Conventional
Full Adder Cell
Carry

Deep compression Inexact circuits
[H. Song, et al., 2015] [Z. Du, etal., 2014]
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DNN quantization

¢ Reducing data movement

: : A unified solution: DNN quantization
¢ Reducinglogic energy
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DNN quantization

¢ Reducing data movement

: : A unified solution: DNN quantization
¢ Reducinglogic energy

output layer

hidden laye

hidden laye

weights: connections between two consecutive layers

input layer activations: outputvalues of each hidden layer
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DNN quantization

A unified solution: DNN quantization

l

01 0 03 Constraining weights and/or
activations to discrete values

¢ Reducing data movement
¢ Reducinglogic energy }

output layer

hidden laye

hidden laye

weights: connections between two consecutive layers

input layer activations: outputvalues of each hidden layer
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DNN quantization

A unified solution: DNN quantization

l

01 0, 03 Constraining weights and/or
activations to discrete values

|

Examples: binarized DNNs,
fixed-point DNNs, ternary-
weight DNNs, etc.

¢ Reducing data movement
¢ Reducinglogic energy }

output layer

hidden laye

hidden laye

weights: connections between two consecutive layers

input layer activations: outputvalues of each hidden layer
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Binarized Neural Networks (BNNs)

" BNNs reduce both memory and computation, but may lose much
accuracy

float

" Two types of BNNs:

¢ Type I: BinaryConnect

* Weightsare +1
[Courbariaux, etal., 2015]

float float float float +1

¢ Type Il: BinaryNet
®* Weightsand activationsare +1
[Hubara, et al., 2016]
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Binarized Neural Networks (BNNs)

" BNNs reduce both memory and computation, but may lose much

accuracy )
oat

" Two types of BNNs:

BNNs reduce storage, but their accuracy degrades

especially when the network is small

float float float float +1

¢ Type Il: BinaryNet
®* Weightsand activationsare +1
[Hubara, et al., 2016]
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LightNNs: constraining number of 1s in weights

" Replacing multipliers with limited shift and add operators
®w-x =sign(w)(2™M +2"2 4+ ... 4+ 2"K) . x = sign(W)(x K ny + -+ x K ng)
¢ We constrain K to be one or two
¢ When K = 1, the equivalent multiplieris just a shift

¢ When K = 2, the equivalent multiplieris two shifts and one add (shown below)

_ 0=f((x1&nq1)+ (x1 Knyp) + (x
0= i+ wa) <<1 n21)1{|— (x2 <1< nzz)l)z 2
f (-)]
_|_
w4 Wy
@
X1 X2
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LightNNs: using stochastic rounding

" Stochastic rounding strategy is used to constrain the floating point
weights to have at most K 1s

¢ Stochastic rounding:

[S. Gupta, etal., 2015] _
w: weight value

W = {Wh’ 'tththSZOb p wp: hearest higherlegal value
Wi with pro p w;: nearest lower legal value
__ w=wq
p= Wh—=W|

®IfK=1,then4 =100, v/ 3=114 XK
¢ 3 can be rounded to 2 or 4 both with 50% probability
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LightNNs: using stochastic rounding

" Stochastic rounding strategy is used to constrain the floating point
weights to have at most K 1s

¢ Stochastic rounding:

[S. Gupta, etal., 2015] _
w: weight value

w = Wh , withprobp wp: nhearest higherlegal value +1
wy, with prob1l—p _
w;: nearest lower legal value Sign
. w—wj
p= Wh—W] Constrained weights
®IfK =1,then4 = 100, v/ 3 =11 XK
€ 3 can be rounded to 2 or 4 both with 50% probability +1 1 £l +1

" LightNNs can also have either ReLU or Sign activation functions
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Training LightNNs

" Backpropagation algorithm is modified: in the forward pass, the
weights are first rounded and then used for computation

Initialization Forward Backward Update weights

(rounding (floating-point (floating-point
weights) gradients) weights)
randomw W, =round (Ws_1) ol We = We 1« — al
t t—-1—1
: ow, ow,
W;_1 is also saved , :
[: loss function n: learning rate

for weights update
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Experiment setup

" Models
Model Weights Activations Intermediate results
Conventional DNN floating RelLU floating
i +(27™ 4 27M2), :
LightNN-2 mm, =01, ... 7 RelLU floating
LightNN-1 +27 " m=0,1,..,7 RelU floating
BinaryConnect +1 or-1 RelLU floating [Courbariaux,
_|_(2—m1 N Z—mz) etal., 2015]
. i + ) : . )
LightNN-2-bin mm, =01, ... 7 Sign 1or-1
LightNN-1-bin +27 " m=0,1,..,7 Sign +1 or-1
BinaryNet +1or-1 Sign +1 or-1 [Hubara, etal.,
2016]
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Experiment setup

" Datasets and DNN configurations

Dataset Configuration Detail
1-hidden One hidden layer with 100 neurons
MNIST 2-conv Two convolution layers and two fully-connected layers
3-hidden Three hidden layers each with 4096 neurons
CIFARL0 3-conv Three convolutionlayers and one fully-connected layer
6-conv Six convolution layers and three fully-connected layers

Red: small configurations
Blue: large configurations
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Test error results

" In most cases, from good to bad: Conventional > LightNNs > BNNs

MNIST
1-hidden | 2-conv 3-hidden
Number of parameters 79,510 431,080 36,818,954
Conventional 1.72% 0.86% 0.75%

Test error |BinaryConnect| 4.10% 4.63% 1.29%

BinaryNet 6.79% 3.16% 0.96%
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Test error results

" In most cases, from good to bad: Conventional > LightNNs > BNNs
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MNIST
1-hidden | 2-conv 3-hidden
Number of parameters 79,510 431,080 36,818,954

Conventional | 1.72% 0.86% 0.75%

LightNN-2 1.86% 1.29% 0.83%

LightNN-1 2.09% 2.31% 0.89%

Test error [BinaryConnect| 4.10% 4.63% 1.29%
LightNN-2-bin | 2.94% 1.67% 0.89%
LightNN-1-bin| 3.10% 1.86% 0.94%

BinaryNet 6.79% 3.16% 0.96%
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Test error results

" In most cases, from good to bad: Conventional > LightNNs > BNNs
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MNIST CIFAR-10
1-hidden | 2-conv 3-hidden 3-conv 6-conv
Number of parameters 79,510 431,080 36,818,954 82,208 39,191,690

Conventional | 1.72% 0.86% 0.75% 21.16% 10.94%
LightNN-2 1.86% 1.29% 0.83%
LightNN-1 2.09% 2.31% 0.89%

Test error [BinaryConnect| 4.10% 4.63% 1.29% 43.22% 9.90%
LightNN-2-bin | 2.94% 1.67% 0.89%
LightNN-1-bin| 3.10% 1.86% 0.94%

BinaryNet 6.79% 3.16% 0.96% 73.82% 11.40%
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Test error results
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" In most cases, from good to bad: Conventional > LightNNs > BNNs

MNIST CIFAR-10
1-hidden | 2-conv 3-hidden 3-conv 6-conv
Number of parameters 79,510 431,080 36,818,954 82,208 39,191,690
Conventional | 1.72% 0.86% 0.75% 21.16% 10.94%
LightNN-2 1.86% 1.29% 0.83% 24.62% 8.84%
LightNN-1 2.09% 2.31% 0.89% 26.11% 8.79%
Test error [BinaryConnect| 4.10% 4.63% 1.29% 43.22% 9.90%
LightNN-2-bin | 2.94% 1.67% 0.89% 32.58% 10.12%
LightNN-1-bin| 3.10% 1.86% 0.94% 36.56% 9.05%
BinaryNet 6.79% 3.16% 0.96% 73.82% 11.40%
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Test error results

" In most cases, from good to bad: Conventional > LightNNs > BNNs
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MNIST CIFAR-10
1-hidden | 2-conv 3-hidden 3-conv 6-conv
Number of parameters 79,510 431,080 36,818,954 82,208 39,191,690
Conventional | 1.72% 0.86% 0.75% 21.16% 10.94%
LightNN-2 1.86% 1.29% 0.83% 24.62% 8.84%
LightNN-1 2.09% 2.31% 0.89% 26.11% 8.79%
Test error [BinaryConnect| 4.10% 4.63% 1.29% |43.22%| 9.90%
LightNN-2-bin | 2.94% 1.67% 0.89% 32.58% 10.12%
LightNN-1-bin| 3.10% 1.86% 0.94% 36.56% 9.05%
BinaryNet 6.79% 3.16% 0.96% 73.82% 11.40%
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Total storage results

" BNN weight: 1 bit

—_
o
©

" LightNN-1 weight: 4 bits [ Coweniona
" LightNN-2 weight: 8 bits e _
" Conventional weight: 32 bits %107? § .
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Energy and area synthesis results

Block-level circuits Gate-level netlist

Synopsys Synopsys
Design Primetime

Verilog

Logic energy

\

Area Energy

Synopsys
Designware

Compiler Logic area—__

Register area /

Memory and register energy

5 ; 10° ; 1.2 : : : : :
10 Il Conventional Il Conventional [l Logic BlMemory [[]Clock []Register]
EELightNN-2 ELightNN-2

= EELightNN-1 EELightNN-1 1
£ . 4| |EEBinaryConnect 1081 [ BinaryConnect -
< 107 ¢ |ELightNN-2-bin . [CILightNN-2-bin IS
ke} [CILightNN-1-bin IS [CILightNN-1-bin 0.8
o [IBinaryNet >3<~ [ IBinaryNet - 8_
€ . _
2 10° . 1 §1o7 § 0.6
S ©
Q o 3
P < 0.4
D12 108 e
8 10 S
L 0.2

10° 10° NI NI NI 0

. dée(\ 00(\q . 668(\ 00(\\‘ OO(N . dde(\ ‘00(\ . 666(\ ’00(\ 00(\
XV prg XV 7y O XN o) XN $e) O
5,‘ A $\%" %( pte) ?\J\Q ?\\Q %« A $\%( 6« pL} ?\»\0 ?\)\0
N W o G\(’P‘ O\??‘ o W O O\?P‘ Q\‘?P‘ o

EnyAC © 2018 ASP-DAC, Jejuisland — Jan 2018 25



Guideline for model selection

" Trade-off between accuracy and energy

MNIST CIFAR-10
100 48 10°¢ ¢
[ 1-hidden | 2-conv | 3-hidden [ 3-conv 6-conv
Conventional DNN 1 2 3 Conventional DNN 1 2
LightNN-2 4 5 6 3 LightNN-2 3 4
- .1 2 'LightNN-l 7 8 9 - b .LightNN-l 5 6
9 .2 1 BinaryConnect 10 11 12 9 Y] BinaryConnect 7 8
o1 0'1 - LightNN-2-bin 13 14 15 o1 O_1 - LightNN-2-bin 9 10
Lﬁ A2 LightNN-1-bin 16 17 18 Lﬁ LightNN-1-bin 11 12
o BinaryNet 19 20 21 o BinaryNet 13 14
(O] (O]
N N J
E £ a
— '2 — 1 1 — '2 =
510% o 510%
pa f @20 pa f
Al [ J
A10 Al9
1 0—3 | | | | | | | 1 0—3 | | | | | | | A1 3 |
0 1 2 3 4 5 6 7 0 10 20 30 40 50 60 70 80
Test Error (%) Test Error (%)

Red triangles are Pareto-optimal
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Guideline for model selection

" Trade-off between accuracy and energy

MNIST CIFAR-10
100F 48 10°¢ ¢
[ 1-hidden | 2-conv | 3-hidden [ 3-conv 6-conv
Conventional DNN 1 2 3 Conventional DNN 1 2
5 LightNN-2 4 5 6 , . LightNN-2 3 4

- .1 2 LightNN-1 7 8 9 - 8 LightNN-1 5 6

[@)) .2 1 BinaryConnect 10 11 12 (@) BinaryConnect 7 8

st -1 L - - = -1 L . .

o110 LightNN-2-bin 13 14 15 o 10 LightNN-2-bin 9 10
UCJ ‘2 LightNN-1-bin 16 17 18 UCJ LightNN-1-bin 11 12
o BinaryNet 19 20 21 o BinaryNet 13 14

(O] o
N N J
£ = £ A

— '2 = 1 1 — '2 =

s 10 o & 10
Pz P

A10 Al9
1 0-3 l l l l | 1 0-3 l l l l A-l 3 |
0 1 4 5 6 7 0 10 50 60 70 80
Test Error (%) Test Error (%)

Red triangles are Pareto-optimal

EnyAC © 2018 ASP-DAC, Jejuisland — Jan 2018 27



Conclusion

" DNN quantization can reduce energy consumption for hardware-
based DNN inference

" LightNNs replace the multipliers with more energy-efficient
operators

" LightNNs provide more options for hardware designers to select
DNN models based on their accuracy and resource constraints
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