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Intro

» What is quantization?
- D E X ™ 2tE 2|2 motivation
- Model size reduction
cAREH B RREES2 - AO|=E IA 7HXEHM d52 &4

>E2 2 59 A2t latency X HIE S7t Comparison on latency
- Performance benefits Resnet18 on 2080ti
;:Edge devicel| &0t 22| &
- Applications such as real-time intelligent
:'+ health care monitoring, autonomous driving, ... i om0
- Method for optimizing models .
- Quantization /’M IE&;
-Pruning 1 T e T

- Knowledge Distillation
- Efficient Network Design
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Intro

« What is quantization?

- Quantization= L}t2t0| E 2| Zf(weight, activation map)2| B3 U E

-Floating point(FP32) value - INT value

- Basic concepts

B—«a
2b—1

- Quantization : Q(r) = EJ —-7;8S =

- Dequantization : # = S(Q(r) + 2)
Notations
= Q(r) = quantized representation of r
=1 = real value (FP)
:': S = scale factor
= Z = zero-point
= a, f =bounded range(clipping range)
:'=b = bit width
== [-] = rounding function

A szuta
S
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P32
(pre-quantized)

76 119 21
M-
INT8
(quantized)

1.3 2.8 -0.92

FP32
(dequantized)

Quantization

Dequantization
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Intro

« What is quantization?

- Fine-tuning methods : PTQ vs QAT
-Post-training quantization(PTQ)

:: Fine-tuning 810| pre-trained model 0| A| == weight, activation quantization Zt2t0]E{ &

quantizationS= Al
2 PTQE B2 22 S quantizationdt= 2
;- QATLR} H| W SHOY &2 accuracy
- Quantization-aware training
- Fine-tuning= St M A lossE Z| A Sh= Z[F 2
- PTQRt H| 18] =& accuracy =
Overview of QAT and PTQ

=13
o

EH
= |

| .LL|'E|-|:|| E.l 7CI-E HIEAI
s LossE X|AR Sf= £|7H9| moietof e 7] I3l fine-tuningOfl B

4 )
Pre-trained model [ Pre tralned model ] [ Calibration data ]
Training data 4
Quantization [ Calibration ]
v v
[ Retraining / Finetuning J [ Quantization J
v v
[ Quantized model ] [ Quantized model ]
\_ < Left : QAT, Right : PTQ > )
R 447 U 8k
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1) Li, Zhikai et al. “RepQ-ViT: Scale Reparameterization for Post-Training Quantization of Vision Transformers.” (ICCV, 2023)

RepQ-ViT
« Keyword
- Post training quantization (PTQ)

- Scale reparameterization
- Hardware-friendly framework
- low bit (4bit)

- Classification / object detection / instance segmentation

» Abstract

- ViT-based model &4

- LayerNorm 2} Softmax O| = 0f| Z}Z} channel-wise, logv2 SAtet ZEMA HE

2|
- Aol FE ZEMAS 2Rt MZE2 Z8 YA Mt
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1) Li, Zhikai et al. “RepQ-ViT: Scale Reparameterization for Post-Training Quantization of Vision Transformers.” (ICCV, 2023)

RepQ-ViT
» Method

- Model analysis

- LayerNorm O[22 2| Xj'd 7t &2

—
S yxtst 450 FEE I

v Channel-wise X}
e E LRzt
- Softmax 0|2 2| unbalance ¢} H 2|
oo CHEE0| o0f| S =0 UL, A== ZfTH10] 7HZL A 24F
v logv2 LRtz B ALE

. logV2 EAtetE SHESO T2t OIX| 2t

1
104 i
N 10°y  99.2% i 0.8%
1
104 I
. °'%me ﬂﬂ‘l' } y =
2 -51 € 103 H
& 5 i
~101 © 107 !
1
—15 - 1
o !
Il
: ; : ; : ; 10° IHHMH‘E‘\ . , ,
300 310 320 330 340 350 0.0 0.2 0.4 0.6 0.8 1.0

Channel index
Value

< post-LayerNorm 2| inter-channel variation> < post- Softmax2| unbalance®t distribution>
g BTN VDS
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1) Li, Zhikai et al. “RepQ-ViT: Scale Reparameterization for Post-Training Quantization of Vision Transformers.” (ICCV, 2023)

RepQ-ViT
* Method

- Overview of the proposed framework

®
(isa h
MatMul
A(Q) F 3

Vv

A B

SOGANG UNIVERSITY
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@Iock x L

Scale
Reparam

Log2 quant.
Layer-wise quant.

(D Quantization process
« Calibration” THA O M AL &l =
«  LayerNorm 1} Softmax 2 2}
gh=0fl sl Z+2Zt Channel-wise,
logV2 Atz 2HE ALE

«  Hardware non-friendly 2

@ Inference process
« Inference THAIO| A AtE E|= 2
«  LayerNorm 2} Softmax &-d 2}

st=0fl CHSH Z+2Zt Layer-wise, log?

SR S E ALE

«  Hardware-friendly 2f

*PTQ LA A AFEE[= HH 22 ot HO[H Ao 27
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RepQ-ViT

 Method

Algorithm 1 Pipeline of RepQ-ViT framework.

1: Input: Pretrained full-precision model, Calib data

2: Initialize the quantized model with calib data and Eq. 9, where
post-LayerNorm activations X’ apply channel-wise quantiza-
tion (s, z) and post-Softmax activations A apply log\/2 quan-
tization (s);

3: Update the quantizer of X' via § = E[s] and Z = E[z];

4: Calculate 1 = s/(5-1)andrs =z — (2-1);

5: Update LayerNorm’s affine factors ,5 and ~ based on Eq. 15;
6: Update next layer’s weights W and b7 based on Eq. 17;
7: Re-calibrate W9** with calib data;

8: Update quantization procedure based on Eq. 18;

9: Update s in de-quantization procedure based on Eq. 20;

10: Output: Quantized model

R B THEED

SOGANG UNIVERSITY

1) Li, Zhikai et al. “RepQ-ViT: Scale Reparameterization for Post-Training Quantization of Vision Transformers.” (ICCV, 2023)

Quantization &4 remind
e Quant: xj, = Cllp(l;] + 2,020 —1)

*  DeQuant: x¢, = s(xins — 2)

)—min(x)

. Scale: s = 2=
29-1

, Zero-point : z = [_ %@)]

Quantization process

«  Linel-2 : Calibration dataset2 £ X 7|2} (ZAt2}t Di2t0| EH =)
«  Post-LayerNorm activation Ol A= X 2 &2 X3}
«  Post-Softmax activation | A= log\/2 FXts}

* Quant: Ay, = clip(|~log55],0,2° — 1)

Scale reparam process
Xn: — E[Xn,]

/Var[Xn,:] +e

»  Line3-7 : Post-LayerNorm activation reparameterize
(scale, zero_point)
- XNZ2E LAt} ot2t0|H (scale, zero-point) E ry, &
=Sl reparameterize S04 LayerNorm2| {22 7,6 £
update
«  Weight, bias update = recalibrate
»  Line8-10 : Post-Softmax activation reparameterize
o logV2 YAt M log2 L XIBHE 2| Tt scale Lt2F0| E{ update

LayerNorm(Xn,:) = Oy+p

VDS
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1) Li, Zhikai et al. “RepQ-ViT: Scale Reparameterization for Post-Training Quantization of Vision Transformers.” (ICCV, 2023)

RepQ-ViT

* Method
A flow
Step 1
Calibration dataset & & ¢t &Af2} mt2t0|E| update
«  LayerNorm &3} 8t 0| Z quantization method : Channel-wise quant
«  Softmax &3} gt |§- quantization method : log+/2 quant
e i ,
Step 2

Scale reparameterization
«  Channel-wise quant 2 YXt2tEl TF2t0[E & Layer-wiseO| SA| Zi2}0| & update
«  logV2 quant 2 Xt2El TEt0|E & log20i| SEA| mh2t0|Ef update

| |

Scale Reparam

Step 3
Calibration dataset % & ot Scale reparameterization
«  LayerNorm &'d3} &= 0| Z quantization method : Layer-wise quant
«  Softmax &3} & °** O| & quantization method : log2 quant
e I ________________________ I
Step 4

Inference
«  LayerNorm M3} gt 0|—.— quantization method : Layer-wise quant

_|__|.

«  Softmax &=} &< 0|2 quantization method : log2 quant
R HAE SR | VDS \
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RepQ-ViT

» Ablation Studies

ROrs g So| &1

=

- W4/AL ZH Al

post-LayerNorm X3}

o
H

Model Method Hardware Top-1 (%)
Full-Precision - 79.85
DeiT-S Layer-Wise Quant. v 33.17
Channel-Wise Quant. X 70.28
IScale Reparam (ours) v 69.03
Full-Precision - 83.23
Swin-S Layer-Wise Quant. v 57.63
Channel-Wise Quant. X 80.52
IScale Reparam (ours) v 79.45

R B TUSED
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Li, Zhikai et al. “RepQ-ViT: Scale Reparameterization for Post-Training Quantization of Vision Transformers.” (ICCV, 2023)

post-Softmax X3}

Model Method Hardware Top-1 (%)
Full-Precision - 79.85
DeiT-S Log2 Quant. v 67.71
Logv/2 Quant. X 69.03
I Scale Reparam (ours) v 69.03 I
Full-Precision - 83.23
Swin-S Log2 Quant. v 71.87
Logv/2 Quant. X 79.45
[ Scale Reparam (ours) v 7945 |
Calibration data <= H| 1!
Model Method Top-1 (%) Calib Data GPU Min.
Full-Precision 79.85 - -
DeiT.s FQ-VIT[22] 0.10 1000 0.5
PTQ4ViT [35] 34.08 32 3.2
RepQ-ViT (ours)  69.03 32 1.3
Full-Precision 83.23 - -
Swin.g FQ-ViT [22] 0.10 1000 1.1
PTQ4VIiT [35] 76.09 32 7.7
RepQ-ViT (ours)  79.45 32 2.9
|vD



1) Li, Zhikai et al. “RepQ-ViT: Scale Reparameterization for Post-Training Quantization of Vision Transformers.” (ICCV, 2023)

RepQ-ViT

» Experimental results

A

- ImageNet Cf| O| E{ Al Of| CH} classification task 2| top-1 accuracy

Method NoHP NoREC Prec. (W/A) VIT-S VIiT-B DeiT-T DeiT-S DeiT-B  Swin-S Swin-B
Full-Precision - - 32/32 81.39 84.54 72.21 79.85 81.80 83.23 85.27
FQ-ViT [27] X v 4/4 0.10 010  0.10 0.10 0.10 0.10 0.10
PTQ4VIiT [35] x x 4/4 4257 3069 3696 3408 6439 7609  74.02
APQ-VIT [1] x X 4/4 4795 4141 4794 4355 6748  77.15  76.48
| RepQ-ViT (ours) v v 4/4 6505 6848 5743  69.03 7561 7945  78.32 |
FQ-ViT [22] x v 6/6 426 010 5866 4551 6463  66.50  52.09
PSAQ-ViT [19] x v 6/6 37.19 4152 5758 6361 6795 7286  76.44
Ranking [24] X x 6/6 - 75.26 - 7458 77.02 - -
PTQ4ViT [35] x x 6/6 78.63 8165  69.68 7628 8025 8238  84.01
APQ-VIT [4] x X 6/6 79.10 8221 7049 7776 8042  82.67 8418
| RepQ-ViT (ours) v v 6/6 8043 8362 7076 7890 8127 8279  84.57 |

- COCO H|O|E{All0]| CH$t object detection 2t instance segmentation task 2|

average precision

Mask R-CNN Cascade Mask R-CNN
Method NoHP NoREC Prec. (W/A) w. Swin-T w. Swin-S w. Swin-T w. Swin-S
APbox APmﬂsk APbox APmask APbux APmask APbox APmﬂsk
Full-Precision - - 32/32 46.0 41.6 48.5 433 50.4 437 51.9 45.0
PTQ4ViT [35] X X 4/4 6.9 7.0 26.7 26.6 14.7 13.5 0.5 0.5
APQ-ViT [41] X X 4/4 23.7 22.6 44.7 40.1 27.2 24.4 47.7 41.1
| RepQ-ViT (ours) v v 4/4 361 360 442 402 470 414 493 431 |
PTQ4ViT [35] X X 6/6 5.8 6.8 6.5 6.6 14.7 13.6 12.5 10.8
APQ-ViT [4] X X 6/6 45.4 41.2 47.9 42.9 48.6 42.5 50.5 439
| RepQ-ViT (ours) v v 6/6 451 412 478 430 500 435 514 446 |
HAB gk
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Conclusion

« Conclusion

. Quantization-Inference decoupling THZ{Ct 2 M &
- Quantization processOll= =& 2t quantizer AFE

- Inference process Ofl = hardware-friendly quantizer & Ar&
reparameterization Sol| HA|H =2 AHZA

- Low-hit(4bit) Ol A 7| & SHECH 2N F O Hs

 Limitations
- Calibration datasetS 22 —’F(SZ)E calibration = MK
2 quantization O| TIAE[BE 2 A[ZF AR 7} RULT
- CHsh 2 Eof| CHol £1lS
OFOL [}
LS A .

otH, O] &2 scale

o |

L—

Y
1

OZ 2K E ot

FAX|BE ViT-T, Swin-T model 0| CHSH Al = RIS SHK|

- £3], ViT-T model = 4bit £ YAt2} oF 21} topl accuracy= 26.422 = ‘40| X

B8 QUL

- Classification 0] 2| 2| task Of] CH 2}t quantization 2 & £

R AW THEE D
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1) Li, Xiuyu et al. “Q-Diffusion: Quantizing Diffusion Models.” (ICCV, 2023)

Q-Diffusion

« Keyword
- Post training quantization (PTQ)
- Time step-aware calibration data sampling
- Weight low bit (4bit)

- Diffusion

 Abstract
. X}t MO St A
~ time steps OFC} activation distribution diversity and the quantization error accumulation
- noise estimation network Of| CH et PTQ solution
- timestep-aware calibration and split shortcut quantization & & X| ¢t

VDS

-
>
o
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1) Li, Xiuyu et al. “Q-Diffusion: Quantizing Diffusion Models.” (ICCV, 2023)

Q-Diffusion

* Method
- Analysis

- Classification, detection task 2} = 2| diffusion 2 &= UNet O}7|El x| & S5 multi-step
Ao = ot S It
.- Q-Diffusion2 O|O|E{ 7t Qi = YAl O 2 inference B0 & H|O|EHE HetslA BHYS= UHO 2
Calibration dataset == - Timestep OICH = O|= =Y Y EQT = BZ CI2

;o O 2f #10] EH7 inference Ol A £ X Bl QAHS} > e 222 YXist @R £x o2 00

(a) Calibration dataset creation (b) Model Inference
&
e
& Training Dataset 4 0
- e
g Sample from Training Data Synthesized by NN Random Sampling 4
: ¢ — angll Outout
£
2 Calibration
Dataset
Quantization errors accumulate at each time step
z [7) () (7
=] q q q
= x
g S * ’l_ - e R o ox o
3 = & by Time Step-aware g ’ e - ey 1‘* o, (X7 |%7) 18 3 Po(r2alXr)  po(xilXo)
b= Uniform .Samplmg 4~ % ;
= w Xr X7 Xo
o Calibration Naive Linear Quantization incurs severe quality loss N
Dataset S,

Xo

< Conventional PTQ scenarios and Q-Diffusion difference>

n 44 '16- (] $_|‘-. 2 VDS
6 SOGANG UNIVERSITY 15 I e \



1) Li, Xiuyu et al. “Q-Diffusion: Quantizing Diffusion Models.” (ICCV, 2023)

Q-Diffusion
* Method
- Analysis

-1. Challenges under the Multi-step Denoising (Inference process)
:'= Challenge 1: Quantization errors accumulate across time steps.
:'= Challenge 2: Activation distributions vary across time steps.
-Challenge 1: Quantization errors accumulate across time steps

;' Reverse process (generate an image)
v Ao A|ZHEHA tO| M Ol = M| RHO| 2 O A[ZHEFA t+ 10| M BRI E80Q . ERE

« Po(Xp—qlxe) = N(xt—l;aB,t(xt);ﬁtI)

0 Y X
_ 10 Quantization errors accumulate at each time step
o
e 10~ 0 0
o q q
& 10-2
.f S T R Po (X7 | X7-1) (x1 %)
] 10 —— ERENE Do, X121 X7-1) PgX11Xo)
3 - Xt (INT8)
T Xt (INT5)
S 105 ¢ (INT4) 5 g 2: g % ;
x¢ (INT4 Q-Diffusion) :  Naive Linear Quantization incurs severe quality loss
10—6 AR RS ERRE UE RS S R EE TR E R RE R RRTRRERRERRTR—. »

100 9 80 70 60 50 40 30 20 10
Time Step (1)

< Denoising process of DDIM on CIFAR10 >

A szuta
S
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1) Li, Xiuyu et al. “Q-Diffusion: Quantizing Diffusion Models.” (ICCV, 2023)

Q-Diffusion

« Method
- Analysis
-Challenge 2 : Activation distributions vary across time steps
e CFFSH time stepOil 2K UNet 22| 23 2dol &
v

=2 E
=8 243t 227} time step0| 2t CLEE = QAR O 22

2
= time step O A 252 time step 2HE AFESHH £78 S X0 A DHN 0| 2ot Lt X| (7| U2

ChYSHtimestep Ol 28 22 E ZTUH O Z 12{st= YA O 2 calibration dataset A1 &4

10000  Step OFCE5120702[ M= 98.56
= Q-Diffusion
Step OFCF 10007H 2| random & 2250 3108 (cover full process)
14.29
—
& T 0O  10.00
g i o 6.07
e
AT it
Tlme step 40 35 30 25 20 15 0 100 : . :
First 25 First 50 Mid 50 Last 50 Last 25
Calibration data from part of denoising process
< Activation ranges of x; across all 100 time steps of FP32 DDIM model on CIFAR-10 > < Effects of time steps in calibration dataset creation

on 4-bit weights quantization results with DDIM on

CIFARI0 >
N HAE Uk . VDS

SOGANG UNIVERSITY



Q-Diffusion

* Method
- Analysis

1) Li, Xiuyu et al. “Q-Diffusion: Quantizing Diffusion Models.” (ICCV, 2023)

-2. Challenges on Noise Estimation Model Quantization (UNet architecture)

= CNN 2| UNet architecture Bt-S 112510 24

v Shortcut 2{|0] 0] input activation %£2| abnormal ot

oI ot

B (

2i| 0] 01 2] Z|CH x200)

olsal O ol HIEHH =S oy > a| s oSlL= O o) = HIA
s & Yot YR RS ARESHO] MA| 7HsS K| Sl 2HdotE SAtet Al 2 2F 2l
_/I/ ,f"g~~ I// % L % F
1200 ! e > | b fha“ |
=,' 8 N 5 WWW*W | P 5
o N .
5109 '\‘ s three shortcuts with £ " Channel <> £ Channel
© 300! \ kY abnormal input o
\ o . p=]
c \ ' activation ranges -
S w0l T —
g \\ \\ g.
S \
S 400 \ c
E AN i i = Channel number
200 B ! i T
~‘~~_ _,/ L ® ? ] 8
01 o/ *  mle —Aw PR w=ew ess e GEe S8 eaetﬁoe— cee eooe °
Tf’51 53 55 57 59 61 63 65 67 69 71 73/~/85 87 89 91 93 95 97 99 101 103 105 107 109 111 113
Layer number
< Activation ranges of DDIM’s FP32 outputs across layers averaging among all time steps >
g y gmng g p
A szugta VDS
6 SOGANG UNIVERSITY 18 Lae



Q-Diffusion

A

Method
- Q-Diffusion

- Time step-aware calibration data sampling

Algorithm 1 Q-Diffusion Calibration

Require: Pretrained full precision diffusion model and the
quantized diffusion model [Wy, Wyl

Require: Empty calibration dataset D

Require: Number of denoising sampling steps T’

Require: Calibration sampling interval ¢, amount of calibra-
tion data per sampling step n

fort=1,...,T time step do
if t % ¢ =0 then
Sample n intermediate inputs xgl)_

Update the activation quantizers step sizes of the i-th

block with Wy, Wy, D. —
end for
end if
A g d Rk
SOGANG UNIVERSITY 19

1) Li, Xiuyu et al. “Q-Diffusion: Quantizing Diffusion Models.” (ICCV, 2023)
2) Yuhang Li et al. “{BRECQ}: 9 Pushing the limit of post-training quantization by block reconstruction”. (ICLR, 2021)

H H ”““ “““ ,,,,, ”” .wHH””HHHUUH]IEJSHI}B[DHHZ{SE{H?HHHMHHMW

...........................

Activation Range
T S T SRS
———————
— - —

70 0 15 10 5

55 50 45
Time Step

Time step-aware calibration
- Aoz MEY E calibration dataset2 INT4 L Xt2}

=
=
2|3t calibration dataset 2t O 2
Alolgts A2 =20l

Sampling steps T Ol Al 2= time step Of 28 17 =
UHCL2 S YUEE T Yo A2

MEZ 251 calibration dataset D 7+

Calibration dataset D 2 2 & 9| block2| weight &A%}
It 2+0| B (clipping range, scale) update
(quantized outputt FP32 output 72| MSE Z[ A3}

—
domly at ¢ from Wy and add them to D
end if
end for
foralli =1,..., N blocks do A
Update the weight quantizers of the i-th block in Wy
X —>
with D and Wy
end for
if do activation quantization then
forallz =1,..., N blocks do

Calibration dataset D 2 2 2! 2| block2| activation

L At=}t It ef0| B (scale) update
I VPES



Q-Diffusion

« Method
- Q-Diffusion
- Shortcut-splitting quantization

ol

;= Shorcut-layer2| H|E 2 X 0l =t} 5l

s+ X, 1k X, concate 0t ™ Of| At}
v F7HEQI 22 Lt AL 2lan EH

Split quantization method

Qx(X) = QX1 (X1) @ sz (X2)
Qw(W) = QW1 W) & QW2 W)
Qx(X)Qw (W) = Qx, (X1)Qw, (W) + Qx, (X2) Qw, (W>)

% Split activations and weights
Z

-

concatenate X;

88e°83
Input value

Pooling Upsampling Others

UNet encoder 1 UNet decoder

L

Weight value

A g d Rk
SOGANG UNIVERSITY 20
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1.00

1) Li, Xiuyu et al. “Q-Diffusion: Quantizing Diffusion Models.” (ICCV, 2023)

M -+ Split shortcuts

M Linear Quantization + Calibration
188.11
141.47
54.22
6.58
5.09 4.93
W4A32 W4A8
Linear Quant » Q-Diffusion




1) Li, Xiuyu et al. “Q-Diffusion: Quantizing Diffusion Models.” (ICCV, 2023)

Q-Diffusion
» Experimental results
- FID, IS metric Of CH2H E & Z 1t

- Quantization results for unconditional image generation

Method Bits (W/A) Size (Mb) GBops FID| ISt Method Bits (W/A) Size (Mb) TBops FID] Method Bits (W/A)  Size (Mb) TBops FID|
Full Precision 32/32 1432 6597 422 9.12 Full Precision 32/32 1179.9 22,17  4.06 Full Precision 32/32 1096.2  107.17 2.98
Linear Quant 8/32 358 2294 471 8.93 Linear Quant 8/32 295.0 10.73  3.84 Linear Quant 8/32 274.1 37.28 3.02
SQuant 8/32 358 2294 461 8.99 SQuant 8/32 295.0 1073  4.01 SQuant 8/32 274.1 3728 2.94
Q-Ditfusion 8/32 358 2294 427 9.15 Q-Diffusion 8/32 295.0 10.73  4.03 Q-Diffusion 8/32 2741 37.28 2.97
Linear Quant 4/32 179 1147 14147 420 Linear Quant 4/32 147.5 536 3254 Linear Quant 4/32 137.0  18.64  82.69
SQuant 4/32 179 1147 16040 291 SQuant 4/32 147.5 5.36 33.77 SQuant 4/32 137.0  18.64 14997
Q-Diffusion 4/32 179 1147 5.09 8.78 Q-Diffusion 4/32 147.5 536 445 Q-Diffusion 4/32 137.0  18.64 4.86
Linear Quant 8/8 35.8 798 118.26 5.23 Linear Quant 8/8 295.0 2.68 14.62 Linear Quant 8/8 274.1 12.97 6.69
SQuant 8/8 35.8 798 464.69 1.17 SQuant 8/8 295.0 2.68 54.15 SQuant 8/8 274.1 12.97 4.92
Q-Ditfusion 8/8 35.8 798 375 948 Q-Diffusion 8/8 295.0 2.68  3.65 Q-Diffusion 8/8 274.1 12.97 4.40
Linear Quant 4/8 17.9 399 188.11 245 Linear Quant 4/8 147.5 1.34 1492 Linear Quant 4/8 137.0 6.48  24.86
SQuant 4/8 17.9 399 456.21 1.16 SQuant 4/8 147.5 1.34  24.50 SQuant 418 137.0 648 9592
Q-Ditfusion 4/8 17.9 399 493 9.12 Q-Diffusion 4/8 147.5 1.34 412 Q-Diffusion 4/8 137.0 6.48 5.32
<DDIM on CIFAR-10 (32 x 32) > < LDM-4 on LSUN-Bedrooms (256 X 256) > < LDM-8 on LSUN-Churches (256 x 256) >

SOGANG UNIVERSITY 21 LaB
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1) Li, Xiuyu et al. “Q-Diffusion: Quantizing Diffusion Models.” (ICCV, 2023)

Q-Diffusion

» Experimental results
- M| etet SOl Cie §-dX 21t

- Quantization results for unconditional image generation

Bedroom Q-Diffusion Bedroom Linear Quantization Church Q-Diffusion Church Linear Quantization
(W4AS8) (W4AS8) (W4AS8) (W4A38)

R sz 22 I VDS \
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1) Li, Xiuyu et al. “Q-Diffusion: Quantizing Diffusion Models.” (ICCV, 2023)

Q-Diffusion
» Experimental results
- M| etet SOl Cie §-dX 21t

- Quantization results for text-guided image synthesis results

Prompt : “A puppy wearing a hat.”

Full Precision Q-Diffusion (W4AS8) Linear Quantization (W4AS)
| AT [T 3 et = ) "**"\gﬁ;g’m g oo :
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