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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.

Key Words : Internet of Things, Deep Learning, Quantization, Model Training, Experimental Configuration
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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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A},

APoT[16]2} PoT[15]9] Bli+ [Fig. 2]°f AEHo]
At

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
o} DSQe €9 F He A%gtE Tanh T FF3
th. 183 Tanh $e £30] APASE A vk
g ol 2HSH o £ AR OE 727E g
& Atk & A 719718 AtekA] 7] gz vhEd
TAREE EEE BE2 RIS TR A0A HHEE

108 8IS 1 RS BT 4 Ak
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0! Quantization Value

_/

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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[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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g Hol=t] EWGS[17]1E &-&3F APoT[16]= 7129
APoT[16]°] s &7} oF 0.08% AT E3]
(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.
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