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Intro

« What is quantization?
- B3 Z[H3F 2[2t motivation
- Performance 1 = Model size 1
;HEE HHOM RHUELS B Y MO|IXE IA JIXBA 458 By
> D& SHE5O| A ZE latency & H|-E St

- Edge device

.« Edge devicel| &5t 22| &
- Appllcatlons such as real-time intelligent

' health care monitoring, autonomous driving, ...
- Method for optimizing models
- Quantization, Pruning, Knowledge Distillation, Efficient Network Design
- Quantization< Lt2+0| E{ 9| Zf(weight, activation)2] ¥ MU E YF = 1A
- Floating point (FP32) value = INT value
- Basic equations

. . . _ { b _
Quantization : x, = Clamp(lsl +2,02° —-1) —a _ min(o)
. scale factor s = Zero-point z = l— —]
Dequantization : X = s - (x4 — 2) 20 -1 s
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Intro

« What is quantization?

- Fine-tuning methods : PTQ vs QAT
- Post-Training Quantization (PTQ)

- Fine-tuning 10| pre-trained modelOf| A{ 2. weight, activation quantization I}2t0| E{ &
quantizationSt= 24|

< InferenceOf| A| quantizationot= 2
' QATRL H| 510 &2 accuracy

- Quantization-Aware Training (QAT)
- Fine-tuning= oA lossE A= St (A 9| Ii2t0[H &&= &4

o 1
- LossS XA R Sh= XX o| mt2t0|E &H7| 2|8l fine-tuningOfl T2 A|Zt1 H| S

u[n
o
rr
rf
o
Iz
e’

' PTQRF H[ W50 =2 accuracy 27

4 I
Pre-trained model [ Pre- tramed model ] [ Calibration data ]
Training data ¢
Quantization [ Calibration ]
+ 1
[ Retraining / Finetuning J [ Quantization ]
v v
[ Quantized model ] [ Quantized model ]
< : i : >
9 Left : QAT, Right : PTQ )

n AR U < Overview of QAT and PTQ > |V_DS|
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AdaLog: Post-Training Quantization for Vision

Transformers with Adaptive Logarithm Quantizer
(ECCV 2024)
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1) Wu, Zhuguanyu, et al. "Adalog: Post-training quantization for vision transformers with adaptive logarithm quantizer." European Conference on Computer Vision. Springer, Cham, 2025.

AdaLog?

« Keyword

- PTQ, low-bit quantization, imge classification, vit-based models

 Introduction

- Image classification taskOf| A| quantization2| S+

71E H-HEO0| low-bitO| M= 2 Hete St

« Analysis
- 1) Inflexible Logarithm Base.
- 71&9] 1og2, log\2 2 Z2 I ™=l log 7| Bt quantization 2 B0 A 2] 2X|
2) Excessively sparse partition of hyperparameter search space.
- 7|9 grid search 7| gt 20| M 2| 2|

1.0 — [ — 1.0 1 1.0 — [ — 1.0 i
" —— 4bit Log V2 Quant. | e L 4bit Log 2 Quant. s —— 3bit Log vV2 Quant. | e L 3bit Log 2 Quant. —hos
@ i - @ i -
H 0.8 Full Precision 105 % 08 Full Precision w0 3 0.8 Full Precision 10° % 08 Full Precision 10°
> 7 > ; > T > -
go6 10° co0s ” 100 06 | 10° o6 p 10°
2 — 2 P a— = - = .
.E 0.4 J 10° Roa - 10 E 0.4 ] 10° Roa ‘_. 10°
= I E-] e = I E-] .

~ 102 S < 2 3 102 S : 2

So.2 - Sp2 I 10 Sz o €02 I 10
C il w it w fih w  © ki 10!

0.0 ool 0.0 oof |

0.0 0.2 0.4 0.6 08 10 0.0 0.2 0.4 06 08 1.0 0.0 0.2 0.4 0.6 08 10 0.0 0.2 0.4 06 08 1.0

(a) 4-bit logv/2 Quantizer (b) 4-bit log2 Quantizer (c) 3-bit logv/2 Quantizer (d) 3-bit log2 Quantizer

R AU < Histogram of post-Softmax activations > | VDS |
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1) Wu, Zhuguanyu, et al. "Adalog: Post-training quantization for vision transformers with adaptive logarithm quantizer." European Conference on Computer Vision. Springer, Cham, 2025.

AdaLog?

 Method

- Adalog quantization
- Adaptive Logarithm Base Quantizer
Power-law probability 225 & X2|s}7| 9o g
Post-Softmax, Post-GELU
- Fast Progressive Combining Search
bt 2 | 50| IH20| E{ 2 £ K351 7| /S g

o
'+ QKV, Proj, FC1, FC2, MatMull % MatMul2

Fast Progressive Combining Search Strategy

Step 1 ‘ | Step 2

Step 3

Search width: 3 —.— Search width: 3
Search size: 9 ‘ | Search size: 27

Search width:1 | —— 720
Search size: 27

]..

Transformer
Blocks
Task Head

[

Bias
Reparam.

Adaptive Logarithm Quantizer

< Illustration on the f k>
g S THEED ustration on the framewor |V_DS|
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1) Wu, Zhuguanyu, et al. "Adalog: Post-training quantization for vision transformers with adaptive logarithm quantizer." European Conference on Computer Vision. Springer, Cham, 2025.

AdaLog?

 Method

- Adaptive Logarithm Base Quantizer

A= o -
- %Yo 21 U4AS HSHO 2 HMsts W

Log2 quantizer
{ Quantization: AZ = clamp (l— log, é] ,0,2bit — 1)
Dequantization: A = s - 274°
'+ Log2 quantizer= SF=Y|0] 2™ O| X[ 2t low-bit quantizationt A= 0|2 57t

Log\/2 quantizer
{ Quantization: A% = clamp ([— 2log, ﬂ ,0,2bit — 1)

AZ

2

Dequantization: A = § - 2 ;S =5 (p[x?]-(\N2-1)+1)
-+ Log\2 quantizer= Log2 quantizer 2 Ct O 2{7f M X| Tt S} =2 0f H| XI5}
Adaptive Logarithm Base Quantizer
— Quantization: A = clamp ([— log, fl ,0,2Pit — 1)

_ Dequantization: 4 = s - b=4
o p=AT AAXO| pit shift2 7+ 3t 7t (SR TI2tX OfX| g

g AU . | VPBS |
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1)

AdaLog?

« Method

- Adaptive Logarithm Base Quantizer

- 2@ bE AMESHE 822 X H ol 2 &t

o FEl=2 ZAR} (log2 b using a rational number, i.e., log,b =~ q /1)

Adaptive Logarithm Base Quantizer
Quantization: A% = clamp (l— logy, ?] ,0, 208 — 1)

i FeE|+2 2Atst
Dequantization: A = s - b=4”

oy iy am

r

1
~

AA
S

02

- Application of Adaptive Logarithm Base Quantizer in MatMul2
. Dequantization: A - B = s, - (2747°2-0). s - BZ
= Sp *SB * Stable * [(UZBZ) > AZ]

A
S
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1) Wu, Zhuguanyu, et al. "Adalog: Post-training quantization for vision transformers with adaptive logarithm quantizer." European Conference on Computer Vision. Springer, Cham, 2025.

AdaLog?

 Method

- Adaptive Logarithm Base Quantizer for Post-GELU Layers
- Post-Softmax (MatMul2)2t FAFSt Post-GELU (FC2) layers2| power-law distribution
RS S
v Data distributionO| A2 CHZ layer AFO|OA| & &S
v U tHF&0[-017~00 EF
-+ Adaptive Logarithm Base Quantizer &

v &= 28 M2|S5tE 2 0| & s Z5t7| 23l Bias Reparameterization 7|8 AHE

lu

N

I= Bmm Counts of Positive Values < 105 B Counts of Positive Values
8 10 I Counts of Non-Positive Values 8 [ Counts of Non-Positive Values
O &)
c c 10%
o o
=10 g
_8 o 10°
= =
B 10! o
ra N 10?
4 6 0 2 4 6 8 10
Values Values
(a) blocks.6.mlp.fc2 (b) blocks.10.mlp.fc2

< llustration on the distribution of post-GeLU activations >

R HAE SR |VDS I
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1) Wu, Zhuguanyu, et al. "Adalog: Post-training quantization for vision transformers with adaptive logarithm quantizer." European Conference on Computer Vision. Springer, Cham, 2025.

AdaLog?

« Method

- Adaptive Logarithm Base Quantizer for Post-GELU Layers
~ Post-GELU linear layer FC2 54! X714

Y=W-X+b~N x=(-017,0]

=Ww- (X+017 1mxn)+(b 017 -W-1,,)
Y X/ OK:A

Quantization: X'? = clamp (l— log, %] ,0, 2Pt — 1)
v

Dequantization: X' = s -b~%"" = X + 0.17 - 1,4n

o~

brep =b =017 - W - 1,,

. Dequantization: W - X = sy - 27X7°270) - 53, - WZ + by,
= Sx * Sw " Stable * [(ﬁZWZ) > XZ] +brep

R 447 CH 8k
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1) Wu, Zhuguanyu, et al. "Adalog: Post-training quantization for vision transformers with adaptive logarithm quantizer." European Conference on Computer Vision. Springer, Cham, 2025.

AdaLog?

 Method

- Fast Progressive Combining Search
- & 7HX| 7| ofO|HItZ 0| H & w=A AF5H7| flot Y
== Uniform quantizer and AdalLog quantizer
- 7| & SEate| X0l
= Brute-force search: 7t5¢ 2= SO|I{I}2t0| B =gt EHAM
v Complexity of brute-force search is O(nm) ; n and m are the number of candidates
'+ Alternating search: o StO|IHI} 20| E{§ 11780t & EfO|A| CtE SO It2t0| B S EAY
v Complexity of alternating search is O(n+m)
v Local minimum@ 2 913t M& &2k =xy

A S ZHOIA Z|F of SHO|mmt2t0[HE & 7| {5 &%l k7he| = 22 7 X|5HH
= M 7;”

Brute-forceOf| H|3H &2 complexity

N

== Beam Search: Ef
EFAR S| 7|u|_+
2

E': XSt XF

|

0 rir |O

-

=
v Local minimum

2% THdka L | VQS l
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1) Wu, Zhuguanyu, et al. "Adalog: Post-training quantization for vision transformers with adaptive logarithm quantizer." European Conference on Computer Vision. Springer, Cham, 2025.

AdaLog?

« Method

- Fast Progressive Combining Search
Initialization step: 512 HI0AM ARt Be| 2 & gfs ™SI =7| 22 2T
- Progressive searching step: 25 Bt= CHAOM = 2Z CHEFE B4 ST S 2 FHO|A B4 A E3}
~ Final step: Z[& 2| a*, b* }0|I{I}2f0|E{ S M EWSIO] quantization loss %[

Algorithm 1 Fast Progressive Combing Searching.

Input: Coeflicients x,y, z1, 22, k, p; a pretrained full-precision model; a set of cali-
bration data D.guiip; and the I-th layer to be quantized ¢;.
Output: Quantization hyperparameters a™, b*.

The initialization step:

1: Generate the raw input X; and output O; by @; based on D_4;, and compute the
percentiles pcto, peto.1, pcto.o and pety by [14].

2: Compute the uniform partition of the first and second hyperparameters as A =
{pctor+i-Tali=0,--- ,z} and B={pctoo+j-78|7 =0,---,y} with the intervals
Ta = (pcto — pctor)/x and 78 = (pct1 — peton)/y.

3: Generate the candidate set Cp as the Cartesian product of A and B: Cp = A x B.

* The progressive searching step:
4: fori=0,---, pdo
£ The coarse searching step:
5: Construct the subset C' C C; by selecting the partitions that have the top-k

smallest quantization loss.
* The expanding step:

6: Update the intervals for fine partitions: 74 :=74/(2 - z1), 78 := 7B/(2 - 22).

7 Update the candidate set with fine partitions: C;+1 = {(a+i-74,b+j-78)|(a,b) €
Cii=—z1,-,21;] = —22,- ,22}.

8: end for

9: The optimal hyperparameter (a*,b") € C,, is the one that has the smallest quanti-
zation loss.

R BTN VDS
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1) Wu, Zhuguanyu, et al. "Adalog: Post-training quantization for vision transformers with adaptive logarithm quantizer." European Conference on Computer Vision. Springer, Cham, 2025.

AdaLog?

 Method

- Fast Progressive Combining Search

Fast Progressive Combining Search Strategy

Step 1 | ‘ ‘ Step 2 Step 3
—) | .
Search width: 3 —.— Search width: 3 | —— —u— Search width: 1 |——— 2700
Search size: 9 ‘ Search size: 27 [ 1] Search size: 27
|
l BEREN
—@ HEREE
- Step 1. Initialization
- THRFE{Ql searchS Soff 52 HLI0IA £7| &% St Mel

: Search width: a*, b* 5 S}O| {20/ & Zt2+of| CHol 3702l 2 2 4 121 (3)
'+ Search size: & SFO|I{If2t0|H o] E= =gt EHM (9)

- Step 2. Progressive searching

o MEHE RSt S HE FHO|IAM B HYE M 225t O 2o B =2
= Search width: 2 SHO|IH I} 2f0| E{Of| A MEHEl S & F=HO| A CHA| 3702 2 & 22 =71 B (3)
. Search size: & FHO| F7tE MER2 22 S 7 BM (27)

- Step 3. Final
M x| Mol 2 HE SM2E quantization loss7F £ A7tz SO ot2tojH A7

Boudhka | VDS I
14 LA
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1)

Wu, Zhuguanyu, et al. "Adalog: Post-training quantization for vision transformers with adaptive logarithm quantizer." European Conference on Computer Vision. Springer, Cham, 2025.

AdaLog?

« Experimental Results

A

- ImageNet datasetOf| A] CtFor &2

AU

SOGANG UNIVERSITY

=10l A Image classification task

AlS
=

Model Full Prec. Method | W3/A3 W4/A4 W6/AG
PTQ4VIT 0.10 4257  78.63

. APQ-ViT - 4795 79.10
ViT-8/224 81.39 RepQ-ViT 0.10 6505 80.43
AdaLog (Ours) | 13.88 72.75 80.91

PTQ4ViIT 010 3069 81.65

. APQ-ViT . 4141 8221
ViT-B/224 84.54 RepQ-ViT 010 6848  83.62
AdaLog (Ours) | 37.91 79.68 84.80

PTQ4ViT 350 3696  69.68

. APQ-ViT - 4794 7049
DeiT-T/224 7221 RepQ-ViT 0.10 5743 7076
AdaLog (Ours) | 31.56 63.52 71.38

PTQ4ViT 0.10 3408 76.28

. APQ-ViT - 4355 7176
DeiT-5/224 79.85 RepQ-ViT 0.10  69.03  78.90
AdaLog (Ours) | 24.47 72.06 79.39

PTQ4ViT 31.06 6439  80.25

‘ APQ-ViT - 6748 8042
DeiT-B/224 81.80 RepQ-ViT 0.10 7561 81.27
AdaLog (Ours) | 57.45 78.03 81.55

PTQ4VIT 2860  76.09 8238

. APQ-ViT - TT15 8267
Swin-5/224 83.23 RepQ-ViT 0.10 7945 82.79
AdaLog (Ours) | 64.41 80.77 83.19

PTQ4VIT 2013  74.02  84.01

. APQ-ViT - 7648 8418
Swin-B/224 8527 RepQ-ViT 0.10 7832 8457
AdaLog (Ours) | 69.75 82.47 85.09
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1) Wu, Zhuguanyu, et al. "Adalog: Post-training quantization for vision transformers with adaptive logarithm quantizer." European Conference on Computer Vision. Springer, Cham, 2025.
2) Li, Zhikai, et al. "Repg-vit: Scale reparameterization for post-training quantization of vision transformers." Proceedings of the IEEE/CVF International Conference on Computer Vision. 2023.
3) Li, Yuhang, Xin Dong, and Wei Wang. "Additive powers-of-two quantization: An efficient non-uniform discretization for neural networks." arXiv preprint arXiv:1909.13144 (2019).

AdaLog?

» Experimental results

- Ablation studies

- Effect of the main components

AdaLog FPCS| ViT-S (81.39)  DeiT-T (72.21) Swin-S (81.80)
| W3/A3 W4/A4 W3/A3 W4/A4 W3/A3 W4/A4
3.51 62.20  22.73  58.01  44.65  78.40

v 11.40 72.01 28.41 62.87 61.50 80.46
v 3.77 63.14 24.80 59.93 44.61 78.79
v v 13.88 72.75 31.56 63.52 64.41 80.77

- On the Efficiency of AdalLog
;: AdaLog= quantized LUTE AFE3H0] RepQ-ViT? (Log\2 quantizer) 2Lt 22X
v FixOP?): 8bit weight2} 8bit activation Z} AFO|2| SFLIS| & Ak

Model Bits Method Prec. FixOPs Model Size
_ 4/4 RepQ-ViT 57.43 0.613B 3.4MB
~ DeiT-T 4/4 AdaLog 63.52 0.539B 3.4MB
FixOPs: 20.1B
Size: 21.9MB 3/3  RepQ-ViT 0.10 0.444B 2.7MB
3/3 AdaLog 31.56 0.391B 2.7TMB

R 5."100-c“§|;5\_ |VDS |
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1) Wu, Zhuguanyu, et al. "Adalog: Post-training quantization for vision transformers with adaptive logarithm quantizer." European Conference on Computer Vision. Springer, Cham, 2025.

AdaLog!

» Experimental results

- Ablation studies
- On the Efficiency of FPCS

Model Method Top-1 Acc. (%) Complexity GPU Min.
. Alternating [35] 28.41 O(n) 3.3
D(El\fr;;/ 32)24 Brute Force [31] 32.04 O(n?) 183
FPCS (Ours) 31.56 O(pn) 4.1
. Alternating [35] 22.17 O(n) 5.7
D?géi/g)ml Brute Force [31] 29.38 O(n?) 312
FPCS (Ours) 28.51 O(pn) 6.5

- Results on the post-GELU quantizers

Method Rep. ViT-S ViT-B DeiT-T DeiT-S DeiT-B Swin-S Swin-B
Full-Precision - 81.39 84.54 72.21 79.85 81.80 83.23 85.27

Uniform |[2] X 63.14 78.08  59.93 69.23 76.02 78.79 80.67
T-Uniform [5] x 65.29 78.76  60.96 69.78 76.69 80.51 80.93
Log2 [4] v 39.83 7127  59.33 66.30 68.53 80.36 78.95
Logv/2 2] v o 7244 46.16 6291 70.60 77.15 75.91 24.50
AdaLog v 7275 79.68 63.52 72.06 78.03 80.77 82.47

R 5."100-c“§|;5\_ |VDS |
6 SOGANG UNIVERSITY 17 LAB



A

AU
SOGANG UNIVERSITY

SVDQuant: Absorbing Outliers by Low-Rank
Components for 4-Bit Diffusion Models
(ICLR 2025)
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1) Li, Muyang, et al. "Svdqunat: Absorbing outliers by low-rank components for 4-bit diffusion models." arXiv preprint arXiv:2411.05007 (2024).

50

SVDQuant? s
40
@ ®
O
« Keyword :Ei- .
- PTQ, low-bit quantization, diffusion models g
£ 20
]
: Z 1 A
* Introduction o Sowus A
. Aeph S
- Diffusion model2| inference time S 7t e SR |

- Moore’s law slows down Parameters (B)

- I ZZ O|0|X| & Mdot=0 220| HXHA HE22] @ AFYO| A B7t5HY inference time S 7t
- Diffusion model2| quantization 24|

- 7|& 2HEL2 outlier2 218l low-bitH| M= 2 Mt x 8122 29l

—

fujo
ot

 Analysis
- 1) Quantize activations
- WeightZF quantizationdt= 4|2 GPUO| A 7t&3t E7Fs
- Weight®} activations & &2t bit= quantization £

- 2) Memory access overhead

R B THSED . |V28 |
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1) Li, Muyang, et al. "Svdqunat: Absorbing outliers by low-rank components for 4-bit diffusion models." arXiv preprint arXiv:2411.05007 (2024).

SVDQuant?V

 Method

- SVDQuant
- Outlier Migration
s+ ActivationZt weight2| outlier migration
- Low-rank branch via SVD decomposition
;= Quantization2 £0|35}7| /38l low-rank branchE Sl outlier migration &7
- LoRunner: Kernel fusion
Low-rank branch 2& A| =7tA QI | 2 2| H[ & &Y

s HE2| M2 x|azt A £ 24Z 2T LoRunner 2|

Migrate DiWSmmthing Migrate Difficulty with SVD

Outlki.er 1X| | W] | W| |W—L,L,| Low-Rank Branch L|L,

2 Ijl 4.5 2 Ii" 0.05
VAVAVAVAVAV,V AW VAVAVAVAVAVLY,

i |
‘g Low Effective Bits E E + rank=32
- AV AT ' 1
e ’ ‘ [o=2\
0 0 : 0 ' 0
Channel Input Channel ' Channel Input Channel ' Input Channel
Very Hard to Quantize Hard to Quantize ) Easy to Quantize Harder to Quantize Easy to Quantize Easy to Quantize  No Need to Quantize

(a) Original (b) Shift Outliers from Activation X to Weight W (c) SVDQuant (Ours)

< Overview of SVDQuant >

AT sk I VDS |
SOGANG UNIVERSITY 20 Las




1)
2)

SVDQuant?V

 Method

- Migrate outliers from activation to weight
- Quantization A| activatiot weighOll outlier7t ZX|510 Xt QB A St
Error decomposition r FE =l = eGoemlle
N EGOW) < IXIAIW = QU0 + 11X = QCONl(IW Iz +IW — QW) 1Ix)
- Smoothquant? & #2 AHESH0] activationOl| A outlierE XA 5t7| {8 27| & =0|12
= Activation X2} weight X& Xl & & smoothing A== 1 & A& 3l scaling
X =X -diag)~*, W = W - diag(1) ; scaling 2 = max(|X|)%/ max(|W|[)1—@
-+ Smoothed activation2 37|7 E0{=1
= Smoothed weight= 37| 2t outlier?t S 7+5H0 quantization error 37}
- [EfEM'I total quantization error Zt2 7t | $HA

Original After SVD

; 20

After Smoothing
20

Qutliers

=

3 2 |
= L}
S 8 & :;3 0 o 1015
= = ' =] - 1]
g6 = 1506 S
2 4 5 :‘g 04 5 "Wl | | |
2 D tg™ R} |
: 2 iz = o 6
a2 : 1302 ;
< )
= W8
0 0 v 0 :
0 I8 3%k 55k 74k 0 7k 4k 21k) 0 18 3%k S5k 74k 0 7k 4k 21k} 0 7 14k 21k
Input Activation Group Index Weight Group Index : Input Activation Group Index Welght Group Index : Weight Group Index
L} < . T
(a) |X] (b) [W] i (@ |X|=|X-diag®)”'|  (d) W] =|W-diag@)|s (@) [R] = |W-LL,|
< Example value distribution of inputs and weights in PixArt-X >
R 417 Th 8k P P g
SOGANG UNIVERSITY 21
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1) Li, Muyang, et al. "Svdqunat: Absorbing outliers by low-rank components for 4-bit diffusion models." arXiv preprint arXiv:2411.05007 (2024).

SVDQuantl) 400

: Extremelyé -w
 Method 00 ;'l'ngghular« :‘g
. Absorb magnified weight outliers with a low-rank branch |\ _» e
- Smoothed weight= 37| 2} outlier?} 57t P “\kjlltlkl:
- 16-bit low-rank branch Z=7}5+0] weight2| outlier & 10 _
W =L,L, +R; Lq,L,: low-rank, R: residual 0 16 32 48 o4

o~

W = XW = XLiL, + XR =~ XL,L, + Q(X)Q(R) ;Ly,L,: low-rank, R: residual
16-bit low-rank branch 4-hit residual

= Low-rank branchZ} weight®| &2 MEE 2 Z residual®| 27|2} outlierE ZtA
- X= outlierdl M X+-7-57| W0l [IRIl- 2t IR - Q(R)IIx £ X2

S

E(X,R) = | XW — (RL,L, + Q(X)Q(®) ||, = [IXR — 0(X)e®) ||,
< IXNI4IIR = QER)Ig[+ X = QO (IRIz+IIR — QCR)II j

log(size(R))m
- Quantization error bound size(R)

RO| Ex=ds THSCHH

E[max(|IRD] < c - E[||R||p] woosp E[||R — Q(R)|lf] < cVsize(R) E[lIR||¢]; size(R) = the number of elements in R

Jmax

IR = QRIFZt RN SISH Kot |Rlp = ||[W — LyL,|| 0122 XIH{2| Ly, L, B

[ = R |
SVDE £l sHZ )y USVE SVD =8 wemmp Z=|HO| Ly =U. 5, , Ly =V,

W=
- Low-rank branchE Bt MO =2 AH0|ESII RS ZH Y2 ZM quantization error 224~

R AB TSR |VD5 |
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1) Li, Muyang, et al. "Svdqunat: Absorbing outliers by low-rank components for 4-bit diffusion models." arXiv preprint arXiv:2411.05007 (2024).

SVDQuant?V

 Method

« LORUNNER: FUSING LOW-RANK AND LOW-BIT BRANCH KERNELS
- Low-rank branch= A4t H|- 80| X X|2F memory access bottleneck 2 2 2138l 50% =7} latency 2

23 A =3 0oy 27|17k Z0{=X| 2O0F memory acces’t == H|-&

o =gy

= Diffusion transformer block 0| Al QKV projectione =& 3 7|7} L2 cacheE =1}

v DRAM2 22| =718 2l Joad X store operation &

- LoRunner kenel fusion

'+ Shared input: Down projectionZ} quantize 7{'d
-+ Shared output: Up projectionZ} 4bit compute 71

-+ Low-rank branch®} activationa &7}

q AB e
SOGANG UNIVERSITY

= 5ot input &

d42 5 2ot output &

JlHEE M2 X1|7‘|3P1 HE =25 sl+E
HEto 2 £0] 5~10%2| F=7} latencyZt té”g'

500 . ;
' i
— 400 ' ;
zZ B DownProj. LLL
>, 300 O UpProj ! I
% 200 B 4-bit Computer i ' : . \E
" E Quantize ' 1 X -°—I> Quantize : —n D>
= 100 v e Qx5 55,080k ~ 2"
0 : Fused Kernel 1 Fused Kernel 2
[} b - ________________ "4
Natve LoRunner (Qurs) 1 Shared Input Shared Output
(a) Latency Breakdown on QKV projection ' (b) LoRunner Kernel Fusion
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« Experimental Results

- MJHQ-30K, Densely Captioned Images (DCI) datasetOf| A2 &

AMABTHE-D
SOGANG UNIVERSITY

1)

Li, Muyang, et al. "Svdqunat: Absorbing outliers by low-rank components for 4-bit diffusion models." arXiv preprint arXiv:2411.05007 (2024).

3% B}

MJHQ sDCT
Backbone ~ Model Precision Method Quality Similarity Quality Similarity
FID(l) IR(?) LPIPS(]) PSNR(1) FID(]) IR(1) LPIPS(]) PSNR (1)
BF16 - 203 0953 - - 248 102 - -
FLUx] INTWSAS  Ours 204 0948  0.089 27.0 247 102 0.106 24.9
-dev W4A16 NF4 206 0910 0272 19.5 249 098 0292 18.2
(50 Steps) INT W4A4  Ours 200 0924 0259 20.0 246 0992 0275 18.8
FPW4A4  Ours 209 0932  0.245 20.2 256 0998  0.269 18.7
BF16 - 192 0938 - - 208 0932 - -
Aux) INTWSAS  Ours 192 0966  0.120 229 207 0975  0.133 213
DiT -schoell  waal6 NF4 189 0943  0.257 18.2 207 0953  0.263 17.1
(45teps)  INTW4A4  Ours 18.1 0965  0.292 17.5 198 0986  0.298 16.4
FPW4A4  Ours 201 0957 0281 17.4 217 0971 0280 16.6
FP16 - 166 0944 - - 248 0.966
INT WSA8 VIiDIT-Q 157 0944  0.137 225 235 0974  0.163 20.4
pixAres; INTWSAS  Ours 163 0955  0.109 237 242 0969  0.129 21.8
(20 Steps) INTW4A8 VIDIT-Q 373 0573 0611 12.0 406  0.600  0.629 112
INT W4A4  ViDITQ 412 227 0854 6.44 425 228  0.838 6.70
INT W4A4  Ours 201 0898  0.39% 16.2 251 0922 0434 14.9
FPW4A4  Ours 183 0946  0.326 17.4 237 0978 0357 16.1
FP16 - 243 0.845 - - 247 0705 - -
INT WRA8  MixDQ 241 0834  0.147 21.7 250  0.690  0.157 21.6
spxi. INTWSAS  Ours 243 0845  0.100 24.0 248 0701 0110 237
-Turbo  INTW4A8 MixDQ 277 0708  0.402 15.7 259 0610 0415 15.7
(4 8teps)  INT W4A4  MixDQ 353 226 0.685 11.0 373 228  0.686 113
INT W4A4  Ours 242 0796 0279 17.7 257 0657 0289 17.6
UNet FPW4A4  Ours 241 0822 0250 18.5 247 0699 0261 18.4
FP16 - 166 0729 - - 225 0573 - -
spxi. INTWSAS TensorRT 202 0591 0247 22.0 254 0453 0265 217
. INTWBA8  Ours 166 0718  0.119 26.4 24 0574 0129 25.9
(30 Steps)
INT W4A4  Ours 214 0591  0.306 20.4 268 0470 0320 20.3
FPW4A4  Ours 190 0.607  0.294 21.0 254 0480 0312 20.7
24
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« Experimental Results
- MJHQ-30K datasetOf| A 2| - d& HIt

FLUX.1-dev BF16 NF4 W4A16 Our INT W4A4 Our FP W4A4 ,FLUX.1-schnell BF16 NF4 W4Al6 Our INT W4A4 Our FP W4A4
Image Reward: 0.953 Image Reward: 0.910 Image Reward: 0.924 Image Reward: 0.932 ! Image Reward 0. 968 Image Reward 0. 943 Image Reward 0.965 lmage Reward 0 957

Prompt: A smiling woman planting tomato seedlings in her permaculture garden, sunny day, a
greenhouse in the background, retro modern styling, highly realistic with a cinematic background blur,
Focal point and angle evokmg a f Imic pe:specuve Photography, DSLR with a 35mm pr ime lens at f2.8

Prompt: man pouring coffee into a cup, but with a unique twist the stream of coffee bends and curves
to fill the cup perfectly.take with Leica, 35mm, ISO 100, sofifocus, Cinematic Lightning,
hyperdetailed, full HD

L AWt S ,
Prompt: Victorain Vintage girl in a green dress sitting under a tree reading a book

Prompt: Night time, a bar with a dog outside, the bar is made of cargo container boxes and the
logo outside the container is neon logo that says Bark and Brew

(a) FLUX.1-dev (b) FLUX.1-schnell

Boudhka VDS
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« Experimental Results

A

- FLUX.1 modelOf| A{ 2] memory save & speedup

- MK size 3.6x Z A2} low-rank branch2 2!t 0.3 GiB overhead

- Inference engine LoRunnerZ 1.2x memory fooprint & 2f

- 3.2%, 3.5x speedup
= le;lé B W4A16 - NF4

B W4A4 - INT4

BN —— 1 Breeme 700 2000

18 18 525 1500

12 12 350 1000

6 6 175 500

0 0 0 .
(a) Model Size (GiB) (b) Inference Memory (GiB) (¢) Single Step Latency

on Desktop 4090 (ms)

- Trade-off of increasing rank
- The results of different rank r in SVDQuant on PixArt-X

Rank=16 Rank=32 Rank=64

EEarcE RElk : Image Reward: 0.787 Image Reward: 0.829  Image Reward: 0.858

Model Size Overhead

Prompt: award winning photography of a beautiful medic smiling

AMABTHE-D
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B Rank=16 [l Rank=32 [0 Rank=64

(d) Single Step Latency
on Laptop 4090 (ms)

=l

11.3%

10.0%

33
N
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[} W
wn (=]
s =

0.0%

8.8%




A

AMABTHE-D
SOGANG UNIVERSITY

Thank you
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