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Abstract Deep learning with large amount of computations is difficult to implement on micro-sized IoT
devices or moblie devices. Recently, lightweight deep learning technologies have been introduced to
make sure that deep learning can be implemented even on small devices by reducing the amount of
computation of the model. Quantization is one of lightweight techniques that can be efficiently used
to reduce the memory and size of the model by expressing parameter values with continuous
distribution as discrete values of fixed bits. However, the accuracy of the model is reduced due to
discrete value representation in quantization. In this paper, we introduce various quantization
techniques to correct the accuracy. We selected APoT and EWGS from existing quantization techniques,
and comparatively analyzed the results through experimentations The selected techniques were trained
and tested with CIFAR-10 or CIFAR-100 datasets in the ResNet model. We found out problems with

them through experimental results analysis and presented directions for future research.
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3.1.1 EWGS

EWGS(Element-wise Gradient Scaling)[171% 7]
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[Fig. 1] Gradient scaling scheme for EWGS. g is the
gradient to the existing weight value and is
equal to the final g_. , when the quantization
gradient g, is scaled. In particular, in the
case of w;—w, > 0, it can be seen that g,

is scaled in the +(plus) direction, and vice
versa, it is scaled in the -(minus) direction.
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3.1.2 PoT

Q"(a.b)=axg
where g€ {0,27%,...,1} ,0<i<2' -1 3
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3.1.3 APoT
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APoT(Additive Powers-of-Two)[16]+& PoTI[15]°]
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ot Quantization Value 0 Quantization Value

(1) PoT (2) APoT

[Fig. 2] Comparison of PoT and APoT. In PoT, the
quantization values are distributed around
the mean area (Refer to the red circle), and
small quantization intervals can cause rigid
resolution problems. On the other hand, in
APoT, quantization values are uniformly
distributed in the mean and tail.

3.1.4 DSQ

DSQ(Differentiable Soft Quantization)[13]& &t
=9 A TS ARESte] SRBE Adske 7ol
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01 Quantization Value

01" Quantization Value

(1) Epoch 1 (2) Epoch 2 (3) Epoch n

[Fig. 3] The DSQ approaches the Tanh function as a
rounding function for each epoch, where we
can see what is the most approximate to the
rounding function.
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DAQ(Distance-Aware Quantization)[14]= H]A
FEE AMESHA] ¥ FASE gkt @7:%}«] AZE
AMgoto] BhEE AR ThEo] YIS &
71%oltt. IR 3k Aie] AdE /\}30}7] sh
AHEE AMSSHY A2 thadt At

dz(q) = exp(-

A k=

-q)

A 5914 e 7120 Aggtold ¢t IS} grol
o}, A& Eo] AL 0.47 0.2+ 25 002 YRS}
2o 0] w2 AHLE A4t 0 d,,(¢) ~0.67,
dy,(q) =0.812 AXNELS & & ek webd F 7o)
A7t 7PeSE AYHGE oA H the AL E9)
uhe g ZARE AE AT 4 Qi

£
&

1szlqp) — 82( e ©)

e(8) e w8}, ol nd
(s, (g,)9h FA

DAQeIIA=
o] gHE wmit}t Asgto] wE
8} ol W s, (q.)8 22 ARtele] feHoR
H2-d $0) ZABHE I TE A2 AT 5 At

s, (q)9 s,(q.)E A GPIA ALtE Fhe wan

s, () =k, (q,)d, (¢;)) & ARELE. 3714 k, (¢,)=
d,(g,)He2 A4E FpE wEY £ gonmz
Kernel soft argmax[25] g5 7o 2ZH U]E— i
$E BT & Sk dlE S0l [Fig. 41014 A==k
0.4 0.29 A3l k, (g;)7F 0.52 At wf 4] (6)°]
w2} (s, (q;) — s, (¢.)DE 22 0.349} 0.41=2 A4t
Hoh y= 24E Aol HFHoE 4 = 28 227t

Ak v 0.4 (8~ 62 0.2 (/6 ~ SETh =7t &
= A2 & 5 Aok 27 32 Aeole WY A
A7 ARt #AEY I wito] ol wEd
et 7P 2Aske 1Az AdE

w2ha DAQY] W1 A= A3 ut S2to] A
B OE 72715 AT 5 lon A7) JAE ghol

m,d

et 229 712718 e+ At

B =6
B=5

0 0.2 0.4

[Fig. 4] Expression of the rounding approximation

*
function at each temperature(3 ) when ~y=2.
The further the distance from the quantization
value, the higher the temperature.
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3.2.1 BRECQ

BRECQ(Block Reconstruction Quantization)[22]
= 7189 ¢S QA £ 9] 2 ¢ RS Y
o] &3t BRECQE 349 Zdlo] 4%F9] flojg&
Argste] md ASo] Rl EFvitt vA|2FS 5o
FAEE AR

input — | block! 1 block2 1 block3 | — Output

Quantization  Quantization  Quantization

[Fig. 5] Structure of BRECQ quantization
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[Fig. 6] First block quantization process
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(Table 1) CIFAR1O on ResNet20

Precision  Accuracy(o

Method WTA) Iop-'I{ )
FP.(ResNet-20)) 32/32 41.80
AloT 2/2 9(.24
APoT + EWGS 2/2 8u.8R
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{(Table 2) CIFAR100 on ResNet32

Precision  Accuracy(%)
Method TW/A) Tnp-'l{
FI’(ResNet-32) 32/32 70,03
AloT 272 6741
APoT + EWGS 272 67.33

(Table 3) Repeat training on ResNet-20

. Precision Accuracy(%)

Method - o TaIT T2 Tral3
FP(ResNel20) 32/ 9180

APoT 22 WM

APoT + EWGS 22 89.88  89.60  B558

(Table 1)¥} (Table 2)+= ZZ} ResNet-207} ResNet-32
23S yepd Aotk A ZiollA] ResNet-20 2o
APoTE 2-bitoll A 32-bitoll B8] F&=7} oF 1.57%
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(Table 3)9] ResNet-2004] A& oz ¥ §HESIS]
< o R FELrt 7|EET Wi S S

HAT

AT

loss

Top-1 validation accuracy

Iteration Iteration

(1) Training loss (2) Validation accuracy

[Fig. 8] Training loss and validation accuracy for
APoT+EWGS. The validation accuracy of
APOT+EWGS significantly decreases as the
training loss explodes after a few epoch.

41434 ¥ EE

o|H Hof|AE APoT(16]°] EWGS[171E &85l o
A=A o= ol fE EAgt o] EAl= EWGS[1719]
Scaling Factor(A\)E & ufj sk= A2 ootd

ot A4 4] 3.1.3904 APoT+= YAt o2 0& AR

F & ok SHAEE 71715 AL o 4R
ZA4 o 3.1.19] EWGSI17] AlolA 93]
A= 71718 B2 S Aok 23 4] 204 EEo) gt
71&7159] 22 &8 A¥QI Hessian MatrixE A&
5} Scaling Factor(\ )& ARE 1] 0 L= Q18] Scaling
Factor(A) gto] i AXA = I Q15) scaling =
= 71&7] 3 ES i AXA "ok 183 77 ERE
olz} Loss ol tisliA = A7 =3dtt. [Fig. 8l
A APOT+EWGSO] ]l Loss #S EA3I9oH
APOT+EWGS= &9 % Loss #tol vl AA Ag&=rt
HojAth= AL & 5= AT wEbAd EWGS[171= 71
27| Scaling §o2X 22 452 7H4= = AR
APoTI16]9}F 2ol FAE} gho] 0= ZgeHA =¥ 4zt
3 g AskE 2T 4 Qlrtal EAEoh

o

5. 48

£ =22 J9ed 299 FHEE 95 FAEk A
A ot 71es AVlskelth 181 8= AV
FALL 71 F Y FAERI APoTI16]1E A5t
ARE APsialon Ao tisf EAS Xt
APoT[16}= 941t 5 STE[18]5 ARESH] W&o &
Aol digt 71e7] ELA A7 ST 4 9lom &
2= EWGS[17]12 tiAlsto] ARgstsitt A% 23t APoT(16]
o EWGS[17]1& #&sh= A2 7|89 APoT[16]1ETh
A7t 32 AS gRIT 4= SlSlth ©l= Scaling
Factor AAF AoA 22} =39l Hessian MatrixS
AR T APoT(16]9] FAHe} Zh]l 022 RIsf Aol
A IFE v = Uvks AS AT mEA 2
AYS v o R &S IS AAE 28T o gt
9] 71&7] AKEE Fasto] HA 9] FAE} g EAlS)H
5

7 AR 20 FRUE & & Utk

(©)

REFERENCES

[1] Howard, Andrew G., et al. “Mobilenets: Efficient
convolutional neural networks for mobile vision
applications.” arXiv preprint arXiv:1704.04861, 2017.

[2] Blalock, Davis, et al. “What is the state of neural
network pruning?.” Proceedings of machine learning
and systems 2, pp.129-146, 2020.



16 AEQEUgEE=EX HM9H M1, 2023

(3]

(4]

(5]

(el

(71

(8]

9]

(10]

(11]

(12]

[13]

(14]

(15]

(16]

Hinton, Geoffrey, Oriol Vinyals, and Jeff Dean.
“Distilling the knowledge in a neural network.” arXiv
preprint arXiv:1503.02531, 2015.

Itay Hubara, Matthieu Courbariaux, Daniel Soudry,
Ran El-Yaniv, and Yoshua Bengio. “Binarized neural
networks.” Advances in neural information processing
systems 29, 2016.

Raghuraman  Krishnamoorthi. “Quantizing deep
convolutional networks for efficient inference: A
whitepaper.” arXiv preprint arXiv:1806.08342, 2018.

Benoit Jacob, Skirmantas Kligys, Bo Chen, Menglong
Zhu, Matthew Tang, Andrew Howard, Hartwig Adam,
and Dmitry Kalenichenko. “Quantization and training
of neural networks for efficient integer-arithmetic-only
inference.” In Proceedings of the IEEE conference on
computer vision and pattern recognition, pp.2704—
2713, 2018.

Hao Wu, Patrick Judd, Xiaojie Zhang, Mikhail Isaev,
and Paulius Micikevicius. “Integer quantization for
deep learning inference: Principles and empirical
evaluation.” arXiv preprint arXiv:2004.09602, 2020.

Song Han, Huizi Mao, and William ] Dally. “Deep
compression: Compressing deep neural networks with
pruning, trained quantization and Huffman coding.”
arXiv preprint arXiv:1510.00149, 2015.

Zhaohui Yang, Yunhe Wang, Kai Han, Chunjing Xu,
Chao Xu, Dacheng Tao, and Chang Xu. “Searching for
low-bit weights in quantized neural networks.”
Advances in neural information processing systems
33, pp.4091-4102, 2020.

Kohei Yamamoto. ‘Learnable companding quantization
for accurate low-bit neural networks.” In Proceedings
of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition, pp.5029-5038, 2021.

Yunchao Gong, Liu Liu, Ming Yang, and Lubomir Bourdev.
“Compressing deep convolutional networks using
vector quantization.” arXiv preprint arXiv:1412.6115,
2014.

Yang, Jiwei, et al. “Quantization networks.” Proceedings
of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition, pp.7308-7316, 2019.

Gong, Ruihao, et al. “Differentiable soft quantization:
Bridging full-precision and low-bit neural networks.”
Proceedings of the IEEE/CVF International
Conference on Computer Vision, pp.4852-4861, 2019.

Kim, Dohyung, Junghyup Lee, and Bumsub Ham.
“Distance-aware quantization.” Proceedings of the
[EEE/CVF International Conference on Computer
Vision, pp.5271-5280, 2021.

Aojun Zhou, Anbang Yao, Yiwen Guo, Lin Xu, and
Yurong Chen. ‘Incremental network quantization:
Towards lossless cnns with low-precision weights.”
arXiv preprint arXiv:1702.03044, 2017.

Yuhang Li, Xin Dong, and Wei Wang. “Additive

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

21
=]

A 0I(YoungMin KIM)

powers-of-two quantization: An efficient non-uniform
discretization for neural networks.” In International
Conference on Learning Representations, 2020.

Lee, Junghyup, Dohyung Kim, and Bumsub Ham.
“Network quantization with element-wise gradient
scaling.” Proceedings of the IEEE/CVF conference on
computer vision and pattern recognition,
pp.6448-6457, 2021.

Yoshua Bengio, Nicholas Léonard, and Aaron Courville.
“Estimating or propagating gradients through
stochastic neurons for conditional computation.”
arXiv preprint arXiv:1308.3432, 2013.

Avron, Haim, and Sivan Toledo. “Randomized algorithms
for estimating the trace of an implicit symmetric
positive semi-definite matrix.” Journal of the ACM
(JACM), Vol.58, No.2, pp.1-34, 2011.

Itay Hubara, Yury Nahshan, Yair Hanani, Ron Banner,
and Daniel Soudry. ‘Improving post training neural
quantization: Layer-wise calibration and integer
programming.” arXiv preprint arXiv:2006.10518, 2020.

Markus Nagel, Mart van Baalen, Tijmen Blankevoort,
and Max Welling. “Data-free quantization through
weight equalization and bias correction.” In
Proceedings of the IEEE/CVF International
Conference on Computer Vision, pp.1325-1334, 2019.

Li, Yuhang, et al. “Brecq: Pushing the limit of
post-training quantization by block reconstruction.”
arXiv preprint arXiv:2102.05426, 2021.

Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian
Sun. “Deep residual learning for image recognition.”
In Proceedings of the IEEE conference on computer
vision and pattern recognition, pp.770-778, 2016.

“Learning
2009.

Alex Krizhevsky, Geoffrey Hinton, et al.
multiple layers of features from tiny images.”

Lee, Junghyup, et al. “Sfnet: Learning object-aware
semantic correspondence.” Proceedings of the
IEEE/CVF Conference on Computer Vision and
Pattern Recognition, pp.2278-2287, 2019.

—

G

202149 29 : FTistal AF
BRI FIIAD

20214 39 ~ @7 : HAgEtE
Quitietel ITSYFoL (39
HAR)

i)

o

3

Al Hol)

‘éi?ﬂ‘é, =2d st



ZAH loT HX|Of 23 7tss Haid YRt 7| 24
8t A 3(Kyung Hyun Han) 3|
= 201549 24 : Zovgtn FHH
SR

Wikt WA

EARE)

]

@R
HAIE, Aol Rt
Yl

[

A 2(Seong Oun Hwang)
= 19934 8¢ : ALetjsty Skt

=

(oI3kAp)
= 1998 2¢ : EgtFjietw)

Sh ARFAE (F3HAD
= 20044 8¢ : sH=EEly|4Y A

APAkS (ZEPA

i . .‘.'l _I|"|.
= 2006 19 ~ 20064 12¢ : University of Michigan

LR
= 20084 32 ~ 20204 2€ : 59

ERS
ot AFEg W

#20204 38 ~ @A : 7pAA

HAER

BuRE, Aot JAs:



