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Background

» Quantization

- Neural network2| weight & activation= lower bit-width2| integer A2 @2 2
- Floating point (FP)2| matrix &= 2 4H0]| H|Sl 2 HAF &5 £ 2F &2 bandwidth&
- ™o 2 HMSH= information loss2 216 &2 precision 21t
- Information loss& Z[A2} 5t= CrAFS quantization 7|8 &7t TS

Quantization Impact on Model Size Quantization Impact on Latency
(Efficient Net B2) (Efficient Net B2)

Latency [ms]
s

Quantization "1 |De-quantization

Original FP32 weight matrix Quantized INT8 index matrix De-quantized FP32 weight matrix
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Background

« Basic quantization techniques
- Post training quantization (PTQ)

- 8t& 0| 22 &l neural networkOfl random$t inputS 7t} staticsE =%

- Max calibration
== ActivationO| A 7+% 2
= Qutlier0f F|<2Fgt

- Percentile calibration

Z247HX| quantization

= Tensor2| histogramOf| A{ &

2 =2 99.99% £ ALRE!

- Entropy calibration

£ 20t quantization

-+ KL divergence 7|2t calibration

'+ Information loss”7| | & &2 X|7& 7t X| quantization
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Background

« Basic quantization techniques

- Quantization aware training (QAT)

o~

- S5 1H 0| A pseudo quantization= M-8 £ X|M 9| quantized parameterE SH&
= Quantization 2t weight2} activation= O|&St0{ forward pass
Ef El{d RE0 SUSHA loss Al4t 2 backward pass T2
: AHIN O 2 STEES 0| 2910 backpropagation 2! 2H
- Straight-Through Estimator (STE)
= Neural network2| quantization operation2| 4<% derivativeZ} 09! 4%

= Backward passOf| 4 st& 2| MO|Z RISl STE operation= AFE

Weigh r Quantized Weight Q | ]
gl Quantizer ‘7‘ (INT) forward 1 . J—IJl_
11025 18 [8 > X X

17 3:5 ﬁ> o jﬂ “ 2 [> 2| 2 $ " _F’_r i
! H 1
i) > ) [N

4 & —
01 |-01 / 01 | -01
/
2 1/ 1 2 Backward Pass
02 | 02 A 02| 02

ox 3 3 g% pass
Gradient dL/dr ¥ Gradient dL/dQ
(FP) (FP)

T

A

|

= —
=|----

R AW THEE D

SOGANG UNIVERSITY 4

VDS

LAB



Background

« Basic quantization techniques
- Knowledge distillation (KD)

- 2 HIE Q|3 (teacher network)2| X|Al-S X2 | E Q|3 (student network) Ol Al ™ &
:'= Teacher model2| prediction= soft label £ student model predictionZ+2| loss &8
= Student model<= hard label (& X| GT)2t2| lossE F7t50 at&
= Soft label, hard labelOff 2|3t loss & 0| & OFX| =& st& T

o ]
]

[ tayer —1—» Softmax (T=t) —— soft labels -
T

|
|
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|
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———————————————— -~ disti Ihtlcoor: Loss Fn :
m ________________ e I
‘/ Student (distilled) model ‘I Softmax (T=t) — E!gds:;m —] :
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| 2 n R |
o e e e e T e R | hard / |
Softmax (T =1) —7_ fiction | :
student

loss Loss Fn :
hard :
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(ground truth) : (c) W/o distillation (d) Our method
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“ Edge Inference With Fully Differentiable Quantized Mixed Precision Neural Networks”,
WACYV 2024
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Motivation

 Quantization aware training (QAT)

- Ineffective QAT model when lower parameter size
~ Lower bit model €2 7|Z FP32 model2| linear ot & CHH| E 2 step3}
-+ STEQ Z+2 projection 7| ¥ backward pass =& A| H| 2 &H
- Pre-trained weightE O| 2350 QATE ZTIASHE 2 2 step training0| =0 H| 2 &4H

- EfficientNet-Lite0, MobileNetV22} Z 2 residual networkO| A &1 Xl SOTA model 2| bit
width distribution2 H| 22X

- Contribution
- QAT training strategy X €t
- FP32 model pretrain & penaltyS O &30 1 step trainingOfl QAT training

—l—

- STEZ} Ot %|& 9| gradient scaling =2} | 2t

—

- EfficientNet-Lite02} MobileNetV20{| A 7}&F &% @l bit width | Ot
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Method

 Quantization Training Dynamics

Three phase of mixed precision training method

- 7| & CHCF=2| QAT training strategy= pre-trained weightE =2{2tA QAT 7

0%

'« 2 step training DTS = A[ZH A 2[AA HFHO|M H 28H

- Pre-training step O| = size penalty= linearotH| 57150 BT bit width St £
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Figure 3. On the left illustrating the three phases of our mixed precision training method. The top left shows scheduled learning rate and
size penalty () term meanwhile the bottom left shows the evolution of model accuracy and model size. On the right we show an example

per-channel bit allocation in a weight kernel of an EfficientNet-Lite0 and MobileNetV2. Extreme quantization is correlated to low dynamic
range (q+). However, the contra does not necessarily hold.
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Method

« Gradient scaling

- Inverse Hyperbolic tangent based gradient scaling method
— Lower bit model €5 step} =l weight 225 £ &

- BN Ol STE CHAI Arctanh 7| gt gradient scaling method 7t &2 ds= E ¢

1. Position based gradient scaling (PBGS) [27]: = :Zs o f;:s

scale = 140 - |z — round(z)|. e

2. Element-wise gradient scaling (EWGS) [28]:

scale = 1+ 0 - sign(gz) - (x — round(z)). g
3. Modified absolute cosine (Acos) [31] gradient scaling:
scale =1+ 6 - sin(7 - (x — round(x))). 55
QP-.5d QP QP+.5d

X

4. Hyperbolic tangent (Tanh) gradient scaling:

. _ K Figure 2. We illustrate different gradient scaling functions:
bcale - 1 + 5 : blgn(gl‘) tanh(a (‘T - I'Olllld(l'))). straight-through-estimators (STE [2]), elementwise gradient scal-

ing (EWGS [2#]), position based gradient scaling (PBGS [27]),
absolute cosine regularization (Acos [11]) as well as hyperbolic

5 . Inverse hyperb()hc tangent (IHVTanh) gradlent SCﬁllng: tangent function (Tanh) and its inverse (InvTanh). Note that QP

. _ Lol . ., _ denotes quantization point, d is the step size and ¢ is the magnitude
bca]'e =1 + 5 blgn (gm) a'rCta’nh(a (1" round(x) ) ) * control hyper parameter for gradient scaling.
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Method

» Optimized bit width for residual network
- Efficient bit width for EfficientNET-LiteO and MobileNetV2
- Early layer2| weight bit width& 3 4| quantization 5t= XA0| 2%
:'+ Residual connection 2 2 QI38|, layer?t Z10{ M & information0| & &

== CFE residual networkd| = =& dgFd =X)

= g
O

Il 3x3 Convolution [T Pointwise Conv. [l Depthwise Conv. [ Affine

6 6
& i)
Sa 54
£ e
32 g2
0 0
B2 22
m m
# ~
<4 <4
6 EfficientNet-Lite0 6 ‘MobileNetv2

Figure 5. Internal bit allocation across layers of weights (up) and activations (down) for EfficientNet-Lite0 and MobileNetV2. Weights in the
first layers have higher bit-widths for both models. Activations bitwidths for EfficientNet-Lite0 form a high precision path, e.g. activations
which are residuals have higher precision. For both models the last affine layer has high precision.
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Experiments

Figure 4. The performance of different mixed gradient scaling
functions (different gradient scaling for weights and activations) on
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Configurations:
Wgt. Act.
a)STE PBGS
b)STE EWGS
c)STE ATanh
d)PBGS STE
e)EWGS STE
f) ATanh STE
g)ICos| STE
h)ATanh EWGS
i) PBGS ATanh
j) EWGS ATanh

Configuration

a homogeneous 3 bit EfficientNet-LiteO on ImageNet.

A

A g d Rk
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PACT MobileNetV2 PBGS ResNet18 HAQ MobileNetV2
DSQ ResNet18 QIL ResNet18 EfficientNet-Lite0 3-8 Bits
LSQ ResNet18 PROFIT MobileNetV2 —¢— SqueezeNext (Ours)
LSQ+ EfficientNet-B0 HAWQ SqueezeNext —¢— MobileNetV2 (Ours)
EWGS ResNet18 Mixed MobileNetV2  —¢— EfficientNet-Lite0 (Ours)
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“ Improved Techniques for Quantizing Deep Networks With Adaptive Bit-Widths ”,
WACYV 2024

AW THdkn VDS

SOGANG UNIVERSITY 12

-
>
o



Motivation

 Quantization aware training with Knowledge distillation

- Inefficient of individual quantization
~ Low bit model2 2t=7| 25 FP32 model 9| A individual quantization H| & &%
O £ 7 bit widthOf] A quantization S OF gt

- Knowledge distillation2 = 25I0{ 1 stepOE Of 24 bit size model= QAT & = ULt
low bit model= high precision model= mimic 57| &=

- Contribution
- Knowledge distillationZt 2t QAT fHEZ X[ QF
. MEHE O 2 pest teacher model S EHEH 2 mimic
- Best teacher modelOf| CH3H student2| parameter block

P&
- 8, 6, 4, 2bit model2| 5 Z2AZ0| 1step training 7| = T 71 S

i s o
R Lo ldn iiLm

(a) Individual Quantization (b) AdaBits

(¢) CoQuant (ours)
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Method @E—U-_

« Dynamic Teacher Selection and Swapping

i> Quant I |:|t
- Teacher Selection (©) CoQuant (ours
- 0§ 2{ bit width& Zt= pre-trained model &S &t& A|ZH A 0|2
= Lower bit model pseudo quantization & & &5 A| &t
yz) = 0|83

2
r
r

- Student model2| confidenceS entropy term H (
= Student model 2| entropy/t =2 8% ol & parameter block 1w X 2
- Hyper parameter A linearly increase

o BhES X 7|0f low bitmodel| M5 £ 2H

arg min H(y;) + A|M; — M, ||

i€{b1,b2, - ,br_1}
{b1,b2, : 2} bit widthE ZH=
modelZF2| L1 distance
L

Z} bit width model 2] logit

24 Of| CH2t entropy Linearly increase = =
: Entropy”/t 2 8% | My, — My, || :ZD(WIfi’WEEj)
confidence = OtA] swap 22 =1
R AT VDS
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Method

« Dynamic Teacher Selection and Swapping

- Block swapping (©) CoQuant (ours)

argmin  H(y;) +A[|Mi — M, ||
iE{bl,bQ,“‘ abk—l}

L1 distance”t & teacher model block 2 £ swapping

- Teacher selection 2| term= =0|7| 2[5l swapping

— B = Bemoulli(p) 2| m factorZ linearly increase
: St& Al early layer= gradient @22 0| 7| 0] teacher parameter block | 7| 0| &

' B, = 0: teacher network swapped / 6 = 1: maintain student network

CIFAR1O0 - ResNet18 ActivityNet - ResNet18
—~ AN — — 8 bit — 8 bit
l+1 Al l l l — 6bit — 6bit
R _ — 4bit — abit
AT = Bif (A, W) + (1 = Bi) f (A, W)
A1 = Bernoulli (p_z) Activation, Weight
Linearly increase s : student, t : teacher
: Early layer= gradient @224 0| & 7| 20 40 60 80 100 0 20 a0 60 80 100
Training Progress (%) Training Progress (%)
[ 20 teacher2| parameterS F&| 7| ALE o o

at& 22 710] high precision model, 2t& = 7| 0]l low precision model O] swapping
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Method

 Method overview

High precision model 2 £
U Ol KD =

Teacher Selection Block Swapping

Bag of Teachers

Bag of Logits

r

b2 bit (Teacher)

Teacher
Selection
Denote as “A” ”A N Bl |M
Denote as “B”
- Network I Block
Soft Logits DO—O Loss
L1 distanceE &2t teacher selection Higher bit teacher model block swapping <=
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Experiment

Methods 8-bit 6-bit 4-bit 2-bit | AgT Methods 8-bit 6-bit 4-bit 2-bit | AgT
Individual Quant. 95.1 954 950 94.1 100 Individual Quant. 942 938 936 89.0 100

DQ (32 bit) 10.7 104 102 108 11.1 DQ (32 bit) 1000 .99 100 10.1 10.8

DQ (8 bit) 951 938 299 83 59.7 DQ (8 bit) 942 930 803 109 74.3

DQ (32 bit) + BN Calib | 95.1 949 930 9.6 76.9 DQ (32 bit) + BN Calib | 914 913 89.8 382 833
DQ (8 bit) + BN Calib | 95.1 943 93.1 310 82.5 DQ (8 bit)+ BN Calib | 942 941 937 776 96.9
Joint Training 343 447 560 26.7 42.6 Joint Training 142 153 292 46.1 28.6
Switchable BN 946 945 945 923 99.2 Switchable BN 942 940 933 854 99.0
AdaBits 944 942 942 924 | 99.0 AdaBits 93.9 938 932 862 | 993

Any Precision 942 942 942 923 98.8 Any Precision 934 933 931 863 | 988
Bit-Mixer 947 946 945 919 | 99.0 Bit-Mixer 94.1 940 929 867 | 993
CoQuant (Ours) 952 954 951 941 100.1 CoQuant (Ours) 94.1 942 940 875 99.8

Table 1: ResNetl8 on CIFAR10. CoQuant achieves best Table 2: MobileNet V2 on CIFAR10. CoQuant achieves

overall performance Ag (higher is better) among all baselines. best overall performance A; among all compared methods.
Methods 8-bit 6-bit 4-bit 2-bit | AT Methods 8-bit 6-bit 4-bit 2-bit | AT
Individual Quant. 69.1 688 68.1 060.1 100 Individual Quant. 66.2 665 666 624 100

DQ (32 bit) 0.1 0.1 0.1 0.1 0.2 DQ (32 bit) 0.4 0.5 0.5 0.5 0.7

DQ (8 bit) 69.1 139 0.1 0.1 30.1 DQ (8 bit) 66.2 62.1 1.9 0.5 493

DQ (32 bit) + BN Calib | 69.3 688 523 02 69.3 DQ (32 bit) + BN Calib | 659 658 544 05 70.3
DQ (8 bit) + BN Calib | 69.1 68.1 393 0.1 65.1 DQ (8 bit)+ BN Calib | 66.2 654 545 0.6 70.3

Joint Training 84 114 333 15 20.0 Joint Training 0.5 0.5 0.5 0.7 0.9
Switchable BN 679 677 665 540 96.0 Switchable BN 647 648 634 439 90.2
AdaBits 679 677 6065 54.1 96.1 AdaBits 64.1 643 642 483 91.8

Any Precision 674 673 667 540 958 Any Precision 646 632 617 362 | 859
Bit-Mixer 67.1 67.1 665 54.7 95.8 Bit-Mixer 65.8 066.1 647 534 95.5
CoQuant (Ours) 679 676 666 57.1 97.3 CoQuant (Ours) 646 648 644 555 95.2

Table 3: ResNetl8 on ImageNet. CoQuant achieves the Table 4: ResNetl8 on Mini-Kinetics. CoQuant achieves

best overall performance Ai among all compared methods. the second best overall performance A g among all baselines.

Ap : Individual quantization CHHE| 8, 6, 4, 2 bit model2| performance2| &
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