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Background

» Diffusion model & Diffusion Transformer

» Diffusion model

-NoiseE BI=X 2 2 X A5l O|0|X|F - (T-step denoising)
-ot 2= BtE = | backbones =4 H forward » &=+ inference cost

- Diffusion Transformer (DiT)
-BackboneO| UNet — Transformer= O|& (PixArt-X, SD3, FLUX.1, Sora)
- Timestep-condition= adaLN2 £ ¢, AHLHO| T 22 O linear layer
-BE #2 535:SD1.40.8B — SDXL 2.6B — FLUX.1 12B
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5‘1 5 CH3k.a < Computation vs. parameters for LLMs and diffusion models >
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Background
* Model quantization & Post-Training Quantization

. Quantization
~FP 4/ = scale sZ2 LI| low-bit 8= gridOf| Of &
__ max(|X])
3= Qx = round (SX), S
ob Z|0H ik

;

:s : scaling factor, ¢ max : #H 7}
—Granularlty per-tensor / per-channel / per-group

- QAT vs. PTQ
2 Y3tk 3|2 [y o= H| 20| HHAX
A™

-QAT : Mzt
-PTQ : 2229 calibration data?t 2 £ quantization parameter 2
- WxAy H7|
- W4A16(weight-only)= = memory 3 &
AL IS WREAS E2bit2 IE I FE
VES
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Background

« Diffusion model quantization

- Diffusion quantizationO| & 2{-2& O| =

-Temporal & : activation &2 7} timestepBtCt 34| O| =

:: ©F Al ™ Q| calibrationO| T M| denoising T7H0l| HX| E =

- Outlier : weight@t activation 25 £78 channel0| 2 2t0| &
oo = AT 70| H B

- Compute-bound : weight-only quantization ! = =
-T2 K|S : adalN If= 0] offline rotation A& 7| & &
o

=

-EH7t X| & : layer MSE 2271 Md EZ(FID) &4
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< Activation distribution across timesteps, DiT-XL/2 >
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1) Lei Chen et al. "Q-DiT: Accurate Post-Training Quantization for Diffusion Transformers." CVPR 2025

Q-Di1T: Accurate Post-Training Quantization

for Diffusion Transformers
[CVPR 2025]
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1) Lei Chen et al. "Q-DiT: Accurate Post-Training Quantization for Diffusion Transformers." CVPR 2025
2) Junyi Wu et al. "PTQ4DIT: Post-Training Quantization for Diffusion Transformers." NeurIPS 2024

Q-DiT?
* Introduction
7| Z diffusion PTQ BHA19| HA|
-7|& gtHE2 [HE & UNet backbones 7Hd5t0 A A =
:<e.g., PTQ4DM, Q-Diffusion, PTQD, TFMQ-DM
-Reconstruction 7|8t £| M 3t= P BB 2 scaleSt’| O 2{&

. E o ===
— DiT2| 117t distribution 582 9tHe PTQ7 He
Model Bit-width (W/A)  Method  Size (MB) FID] sFID] ISt  Precision

16/16 EP 1349 1240  19.11 11668  0.6605
PTQ4DM 508 17.86 2533 9224  0.6077
RepQ-ViT 508 2774 2091 6341 05600
o8 TEMQ-DM 508 2233 2744 7274 05869
PTQ4DIT 508 1521 2134 10503  0.6440
DIT-XL/2 GAW+P4A 520 16,72 2461 10009  0.6123
256%256 Ours 518 1221 1848 11775  0.6631
(steps = 100) PTQ4DM 339 21366 8511 3.6 0.0839
RepQ-ViT 339 2414 8124 325 0.0373
s TEMQ-DM 339 14347 6109 5.6l 0.0497
PTQ4DIT 339 2890 3456 6573 04931
GAW+P4A 351 2548 2557 7346 05392
Ours 347 1576  19.84 9878  0.6395

< DiT-XL/2, ImageNet 256 X 256, steps = 100 >
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1) Lei Chen et al. "Q-DiT: Accurate Post-Training Quantization for Diffusion Transformers." CVPR 2025

Q-DiT?
* Observations of DiT Quantization

» Observation 1

9| & variance

~Input channel &2
- Weight-activation =5 output channel 2. C} input channel = 2| X7} &
'« 7| & diffusion PTQ+ output channel-wise quantizationg AR
v— 240 2 &1} quantization =0| CHE
. 574 channelO| activation outlier/} X|ZHXH 2 2 E=X|

v Per-tensor= ™ non-outlier /2| X7t 3 A 57}

200
400 O
Ch55%%0, 50 A

5

Nney 100q, 5 ©

(a) Weight distribution (b) Activation distribution

< Weight / activation distributions of DiT-XL/2 >
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1) Lei Chen et al. "Q-DiT: Accurate Post-Training Quantization for Diffusion Transformers." CVPR 2025
2) Yushi Huang et al. "TFMQ-DM: Temporal Feature Maintenance Quantization for Diffusion Models." CVPR 2024

Q-DiT?
* Observations of DiT Quantization

- Observation 2
- TimestepOf| [HE activation =2 O| =
'« DenoisingO| ZI M 2 =5 activation range”| Al< HE!
- BHSF QFAH0] block-layerDtCH M 2 CHE
&2 timestepO| 2t = sampleDtCl shiftZF CFEA| LIEF
- 178 E calibration It2f0|H 2= O3 =7}

Std of blocks.0.attn Std of blocks.7.mip Std of blocks.14.mlp Std of blocks.26.attn
0.16 0.12 0.11 0.28
0.14 0.11 0.10 0.24
kel ©
& 013 & 011 20.09 S0.20
0.12 0.10 0.08 0.16
0.11 0.09 0.07 0.11
50 40 30 20 10 0 50 40 30 20 10 0 50 40 30 20 10 0 50 40 30 20 10 0
Timestep Timestep Timestep Timestep

< Std. of activations across timesteps for different blocks >
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1) Lei Chen et al. "Q-DiT: Accurate Post-Training Quantization for Diffusion Transformers." CVPR 2025
2) Elias Frantar et al. "GPTQ: Accurate Post-Training Quantization for Generative Pre-trained Transformers." ICLR 2023

Q-DiTV
o Overview

- D Automatic Quantization Granularity Allocation : Observation 1 CH &

- @ Sample-wise Dynamic Activation Quantization : Observation 2 CH &

- Weight= GPTQ + asymmetric2 £ static quantization, activation= runtime A| &

[ Automatic Quantization Granularity Allocation J [ Sample-Wise Dynamic Activation Quantization ]

max(x; ¢) — min(x; )

Population Set 96 _ 1
.—hg‘y':“ --" (o
Slt

Real Generated
samples Samples

Quantization parameter update
for each

| timestamp ¢ in processing

| each sample i

Token

| |
| |
| ; I
min(x; ¢)

| Ziy= - | ———~ |
I { } |
| I
I I
| I

I

I

Mutation and
CrossOver

s e e e e — — —— — -
Sl sy S~ __ -
4 —tl | The weight and activation in |
TopK Group Size 4 R | the same layer have the same :
2 Configuration Set - | group size. |
© b cl T 1 === @ e e e e e
§ gr est ggest gfes;t _&%
3 B P aen o
£ K Fo Best Gro'up Size El “i« Static W quantization
\j Configuration gPest =
FPW
\ J | J
! !
Offline Online

< Overview of the proposed Q-DiT >
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1) Lei Chen et al. "Q-DiT: Accurate Post-Training Quantization for Diffusion Transformers." CVPR 2025
2) Ji Lin et al. "AWQ: Activation-aware Weight Quantization for LLM Compression and Acceleration." MLSys 2024

Q-DiTV
* Methods

- Fine-grained Group Quantization

- Input channel-wise quantizatione> & 2SX| 0t H| 2 X

7t rescalingO| BF=| O] low-precision HLH2| THO| Af2pE
¥

- Group quantization: tensor-wise 5'4 channel—w1se9-| xe"s

Z} groupO| StLEC| scaleXf zero-pointE &

- Non-monotonicity in group size
- 2| k: group size | — quantization error |

cH2NZ2E dESH S

256%256 | 512x512
Group FID| SsFID | | Group FID| SsFID |

128 17.87  20.45 96 20.76  21.97
96 19.97  21.42 64 2090  22.58

< Quantization results with varying group sizes >
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Q-DiTV

* Methods

- (D Automatic granularity allocation

—Layer MSE 7|8t mixed-precision &

S| ohA|
= Y2 recon. MSEZF =2 MMH =%

_g-IA it K| L(g)E EX‘| ol-AE III—l A'-_Q_

9" = argmin L(g),

s.t. B(g) < Nbitops

1) Lei Chen et al. "Q-DiT: Accurate Post-Training Quantization for Diffusion Transformers." CVPR 2025

vL(g): image FID EE= video FVD, B(g): oY group-size 7+ 2| BitOps

-BitOps M| &= TtE5t=

ﬂ B TUdED

SOGANG UNIVERSITY

8= evolutionary search= Ef A4

[Automatic Quantization Granularity Allocation ]

Population Set

B

[ Mutatlon and J

Token

CrossOver

FID/FVD Evaluation

samples

Real Generated
Samples

[ 3
TopK Group Size
Configuration Set

Input channel

Best Grohp Size
Configuration g”est

< Automatic Quantization Granularity Allocation overview >
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1) Lei Chen et al. "Q-DiT: Accurate Post-Training Quantization for Diffusion Transformers." CVPR 2025

2) Yushi Huang et al. "TFMQ-DM: Temporal Feature Maintenance Quantization for Diffusion Models."

Q-DiT?
* Methods

« ) Sample-wise dynamic activation quantization
- 7| & timestep-aware 2 A 9| SHA
'« Timestep 2 quantization parameter M| &2 2 22| 57}
- Q-DiT: sample-timestep & quantizerS on-the-fly A4t

- Zf activation group x; ;2| min-maxE scalel} zero-point £F=

max(x;¢)—min(x; ;) min(x; ;)
VSip = Lt e Zip=— \_lt

2b—1
-« H I parameter A& 910| 24X} activation == A& EHF

=
= Min-max &4t 0| operator2} fuseSt O] overhead 2t}

R 447 CH 8k
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1) Lei Chen et al. "Q-DiT: Accurate Post-Training Quantization for Diffusion Transformers." CVPR 2025
2) Elias Frantar et al. "GPTQ: Accurate Post-Training Quantization for Generative Pre-trained Transformers." ICLR 2023

Q-DiTV
» Experiments

- Experimental Setup

-Image generation
'+ DIT-XL/2, ImageNet 256x256 / 512x512, DDIM 50 - 100 steps
;= 10K samples per setting, with/without CFG
:'= Metrics: FID, sFID, IS, Precision

-Video generation
;' STD1T3 (Open-Sora)
:'=VBench with 16 evaluation dimensions

- Baselines
:: PTQ4DM, TFMQ-DM, RepQ-ViT, PTQ4DiT, G4W+P4A
;= Asymmetric W/A quantization; GPTQ weight quantization with default group size 128

R s zwskn VDS
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1) Lei Chen et al. "Q-DiT: Accurate Post-Training Quantization for Diffusion Transformers." CVPR 2025

Q-DiT?
» Experiments
= Quantitative Results
~-WG6AS : FID 5.32 vs FP 5.31 — AA A 224

-W4AS : FID 6.402 2 FP CH{H| +1.09, PTQ4DiT(7.75)-G4W+P4A(7.66) 2Lt =
-Video : W4A8Q| Al VBench 1671l X| & = 15710l A baseline= 22|

Model Bit-width (W/A)  Method  Size (MB) FID| sFID| ISt  Precision
16/16 FP 1349 5.31 17.61 245.85 0.8077
PTQ4DM 508 841 2556 19673 07622
RepQ-ViT 508 1077 1853  163.11  0.7264
" TEMQ-DM 508 887 2352 19408  0.7737
_ PTQ4DIT 508 534 1848 20990  0.8047
DIT-XL/2 GAW-+P4A 520 641 1952 22548  0.7705
256x236 Ours 518 532 1740 24395  0.8044

(steps = 100

cfg = 15) PTQ4DM 330 21568 8663 324 0.074
RepQ-ViT 339 22660 7793 3.6l 0.0337
" TEMQ-DM 339 14190 5601 624  0.0439
PTQ4DIT 339 775 2201 19038  0.7292
GAW+P4A 351 766 2076 19376  0.7261
Ours 347 640  18.60 21172  0.7609

< Image generation, steps = 100, cfg = 1.5 (Tab.2) >
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1) Lei Chen et al. "Q-DiT: Accurate Post-Training Quantization for Diffusion Transformers." CVPR 2025

Q-DiTV
» Experiments

= Qualitative Results
-G4AW+P4A = :rl' o~ QH —'—J__Il' artlfact7|- cC E=|
-Q-DIiT= W4ASO| M HE[Lf textureE PHIH 2 E FX|

G4W+P4A Ours

G4W+P4A

Ours

¢) Husky d) Bubble e) Arctic fox
< Samples with W4AS8 on ImageNet 256 X 256 / 512 X 512 (Q-DiT Fig. 5) >

ﬂ B TUSED | VDS I
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1) Lei Chen et al. "Q-DiT: Accurate Post-Training Quantization for Diffusion Transformers." CVPR 2025

Q-DiT
e Discussion

= Contributions
-DiT2| channel-wise spatial variance 2} temporal variances ZfZ| e
-dd S & 7]8t9| automatic group-size allocation | O
-W6AS8O| Al near-lossless ‘d&, WAASHME =2 MH S& FX]

= Limitations

- Evolutionary search?| &= Ef A H|-2

- Activation2 8-bit2 S K| |0 waa4 HALS K| 6K &Z&t
7

-BitOps T M| A|StH K| latency H hardware speedup= AS oA R=

R A%l 3.',‘-‘3- VDS
S
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1) Muyang Li et al. "SVDQuant: Absorbing Outliers by Low-Rank Components for 4-Bit Diffusion Models." ICLR 2025

SVDQuant: Absorbing Outliers by Low-Rank
Components for 4-Bit Diffusion Models
[ICLR 2025]
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D)

SVDQuant!

* Introduction
- Why W4A4

- Diffusion model= compute-bound
;s LLM+ weight loading =2 2 weight-only quantizationT= 21}

A AFZEO| 7 W4A162| 7HE 2 a7t A|

12

sz Diffusion= batch 10| Al &
- Weight@} activation2| bit-width= &7H &+ Of &

~W4A16 AL =2 precision2 2 HZ|E| 0] INT4 A O|HE
St memory2} latencyE S A0 24

L o XXM s
-W4A4= MH|E AL S 2 &89
Naive INT4 (W4A4) SVDQuant INT4 (W4A4)
LPIPS: 0.223
DiT Memory: 6.5 GiB (3.5x Less)

LPIPS: 0.322

FLUX.1-dev BF16 NF4 (W4A16)
(25 Steps) LPIPS: 0.272
DiT Memory: 6.9 GiB (3.3x Less) DiT Memory: 6.3 GiB (3.6x Less)
E2E Latency: 12.5 s (8.9% Faster) E2E Latency: 12.9 s (8.7x Faster)
. - =

DiT Memory: 22.7 GiB
E2E Latency: 111.7 s E2E Latency: 38.6 s (2.9x Faster)
—
5 ; . '

Prompt: a cyberpunk cat holding a huge neon sign that says "SVDQuant is lite and fast", wearing fancy goggles and a black leather jacket.

<FLUX.1-dev : NF4 W4A16 CHH| LPIPS latency 25 £ >
19
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Muyang Li et al. "SVDQuant: Absorbing Outliers by Low-Rank Components for 4-Bit Diffusion Models." ICLR 2025
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1) Muyang Li et al. "SVDQuant: Absorbing Outliers by Low-Rank Components for 4-Bit Diffusion Models." ICLR 2025

SVDQuant?
* Methods
- Quantization Error Decomposition
-Linear layer2| = &1} 4-bit A}z &

:'+b : batch size, m : input channel, n : output channel
v X € RP*m WeR™" = Y=XW — QX)Q(W)

s FAFRE @K}
VEX,W) = |IXW - QX)QW)Ilr

vEXW) < XN W -0l + 11X = @XlIWIlE + W — QW)llF)
Weight quantization error Activation quantization error

1 @AHS EF0|7| 2/l of2f 4 &= sAI0 2 0{0F &
Xl IWE IX = QGO W —=QW)lk

R AW THEE D VDS
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1) Muyang Li et al. "SVDQuant: Absorbing Outliers by Low-Rank Components for 4-Bit Diffusion Models."

SVDQuant!
e Methods

- Step 1. Smoothing — activation outlierES weight=Z 0|

IpVIER-: H}

smoothing factor A € Rm £ activationd} weight& BtCH 22F O = rescaling
X = X diag()™t, W =diaglh)W = XW =XW
v Smoothing ™ & A4t A1V <
- Activation =2 = 2t2} | X| 2t weight outlier’} S 7}
- [ 2FA smoothingPt 2 2= W4A4 LAt QLALE SHZET = Qi3

ICLR 2025

< Overview of SVDQuant (Fig. 3) >

R 447 CH 8k

SOGANG UNIVERSITY 21

Migrate Difficulty with Smoothmg Migrate leﬁLulty with SVD
Outlier | ¢ w X w b¢ -LL Low- Rank Branch L
e , W] , |X| W] , x| A le
5 '
= :
g '
'*'é Low Effective Bits ' rank=32
L) =
Z . 16-Bit L,
L}
0 0 0 0 0
Channel Input Channel ' Channel Input Channel 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 (¢) SVDQuant (Ours)



1) Muyang Li et al. "SVDQuant: Absorbing Outliers by Low-Rank Components for 4-Bit Diffusion Models." ICLR 2025

SVDQuant?
* Methods

- Step 2. WeightE low-rank ‘&= 1 residual 2 =2

O LI X2 LE
L, € R™T, L, € R™",

- Smoothed weightE rank-r &=
:W =LL, +R,
:XW = XW = XLyL, + XR ~ XL, L, + Q(X)Q(R)

-L,L,= FP16, R= INT4E quantization

cCjR R0l A2 RO| EHE}

R=W-14L,

Migrate Diﬁi}lﬂ}y_w‘Smoothing Migrate D1ﬂ'1culty with SVD
l‘]Outlier |X| , 1X] is |W| ) |W—L,L,| Low- Rank Branch Lle
E E
= :
£ :
g : rank 32
8§ :
g :
O 1
L]
0 0 0 0 10
Channel Input Channel Channel Input Channel ! 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 (¢) SVDQuant (Ours)

< Overview of SVDQuant (Fig. 3) >
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1) Muyang Li et al. "SVDQuant: Absorbing Outliers by Low-Rank Components for 4-Bit Diffusion Models." ICLR 2025

SVDQuant?

* Methods
- Step 3. &= 2X}= residual branch2| ZFAL2 2K}
-oAt =81 e =352 X0 F HE[SHH low-rank 0| A7

= |XVT/ — (RLyLy + Q()?)Q(R))”F = 2R = 0(X)Q®)||, = E(X,R)
- At =280 JHel 52| XH0] & FE[5HH low-rank &0[ &
= smoothmgOE 0| 0| outlier ‘J 2| =l &El
5= HT= [IRlIlE IR-QMR)r
- Step 4. Residua19| 37| =0|= =M = 2
~Residual 2| Z|C HSHZLO] x| 27|0f H|[otCt 7HE
E[max (|R])] < c - E[|[R]lF]
- O|[[H residual 2| ZAt2} @ Xp= CHZ 1} 20| bound

E[IIR — Q(R)Ilz] < =B B[R] ]

max

:j:»{rll’iLr;HVT/ — LyLo||,

R 447 CH 8k

SOGANG UNIVERSITY 23
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1) Muyang Li et al. "SVDQuant: Absorbing Outliers by Low-Rank Components for 4-Bit Diffusion Models." ICLR 2025

SVDQuant?
* Methods

» Nunchaku kernel fusion

Latency (us)

- =X : low-rank branchE L2 Z2|H QLHG|EV
s':rank 320 A = 2 57% latency S 7} (4-bit branch2| 2F 50% =&
vAHLZEE 2K B 2AE=H activation 27| = ALHE

-SfE s/ HME 7|22 2 kernel= & E

;= Down proj. Li< quantize kernelt & 2= & — Fused Kernel 1
;= Up proj. L= 4-bit compute kernel ¥} &3 2 &3 — Fused Kernel 2
-HY| E 5~10%E =2, kernel 2= = Ht

500 - e :

400
Down Proj.

||
[ Up Proj.
]
=

300
4-bit Compute
Quantize

2Ll . ' E 4-Bit Compute '\i
Quantize  Camremmmis Op. s 8 —* D>
*R

100 Pae’ 055, 1 55050k <"
0 ‘ Fused Kernel 1 E : Fused Kernel 2
Naive Nunchaku (Ours) 1Shared Input Shared Output
(a) Latency Breakdown on QKV projection ' (b) Nunchaku Kernel Fusion

SOGANG UNIVERSITY 24

‘ < Latency breakdown & Nunchaku kernel fusion (Fig. 6) >
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1) Muyang Li et al. "SVDQuant: Absorbing Outliers by Low-Rank Components for 4-Bit Diffusion Models." ICLR 2025

SVDQuant?

» Experiments

- Experimental setup
~Models — UNet2} DiT backbone= 25 Zgt
;= DiT : FLUX.1-dev / -schnell (12B), PixArt-X, SANA-1.6B
:'=UNet : SDXL, SDXL-Turbo
-Data
;' Calibration : COCO Captions prompts
;' Evaluation : MJHQ-30K, sDCI Of| A ZfZf 5K prompts
-Metrics
'+ =7A : FID, ImageReward / 16-bit CHH| S ALE : LPIPS, PSNR
-Baselines

;' NF4 (W4A16 weight-only), ViDiT-Q, MixDQ, TensorRT

W AT THEE
' SOGANG UNIVERSITY 25
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SVDQuant!

» Experiments

= Quality results

. e A | - = O
-W4A47} weight-only W4A16ECH 235|2 80| £
MJHQ sDCI
Backbone  Model Precision Method Quality Similarity Quality Similarity
FID (J) IR (1) LPIPS(}) PSNR(?T) FID(}) IR(1) LPIPS(}) PSNR (1)

BF16 . 203 0953 - - 248  1.02 - -
FLux.] INT W8A8 Ours 204 0948  0.089 27.0 247  1.02  0.106 24.9
-dev W4A16 NF4 206 0910 0272 19.5 249 098  0.292 182
(50 Steps)  INT W4A4 Ours 199 0935 0223 21.0 242 101 0.240 19.7
NVFP W4A4  Ours 204 0937  0.208 21.4 247 101 0.218 20.2

BF16 . 192 0938 - - 208 0932 - -
FLUx1 INT W8AS Ours 192 0966  0.120 229 207 0975  0.133 213
-schnell W4A16 NF4 189 0943  0.257 18.2 207 0953 0263 17.1
(4 Steps)  INT W4A4 Ours 183 0951 0258 18.3 201 0979 0260 17.2
NVFP W4A4  Ours 190 0968 0227 19.0 20.5 0979 0226 18.1

it FP16 . 166  0.944 - - 248  0.966
1

INT W8A8  ViDIT-Q 157 0944  0.137 225 235 0974  0.163 20.4
PixArs  INT W8AS Ours 163 0955  0.109 237 242 0969  0.129 21.8
(20 Steps)  INT W4A8  ViDIT-Q 373 0573  0.611 12.0 406  0.600  0.629 112
INT W4A4  ViDIT-Q 412 227 0854 6.44 425 228 0838 6.70
INT W4A4 Ours 192 0878 0323 17.6 259 0918 0352 16.5
NVFP W4A4  Ours 166 0940 0271 18.5 29 0971 0298 17.2

BF16 . 206 0952 - - 209  0.847 - _
SANA  INT W4A4 RTN 205 0.894  0.339 153 286 0.807 0371 13.8
-1.6B INT W4A4 Ours 193 0935  0.220 17.8 28.1 0.846 0242 16.2
(20 Steps) NVFP W4A4  RTN 197 0932 0237 173 200 0.829 0265 156
NVFP Wd4A4  Ours 200 0955 0177 19.0 203 0846  0.196 17.3

AW THED
SOGANG UNIVERSITY

D)

Muyang Li et al. "SVDQuant: Absorbing Outliers by Low-Rank Components for 4-Bit Diffusion Models." ICLR 2025
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SVDQuant!

« Experiments

= Qualitative results

FLUX.1-dev BF16 NF4 W4A16 Our INT W4A4 Our NVFP W4A4 ;FLUX.1-schnell BF16 NF4 W4A16 Our INT W4A4 Our NVFP W4A4
Image Reward: 0.953 Image Reward: 0.910 Image Reward: 0.935 Image Reward: 0.937 | Image Reward: 0.968 Image Reward: 0.943 Image Reward: 0.951 Image Reward: 0.968

&

Prompt: bohemian maximalist interior design, outdoor patio with a
stunning view of the tropical beach, dappled lighting, rattan swinging chair,
wicker overhead, lush plants and a garden library filled with books.

I 3 - &3 N . 3 paq) s

Prompt: Imagine the first crypto token created by Al called AI TOKEN.
Coin, Future, Neon Lighting, 3D rendered, Cool, Stylish,

- B ‘-’-\\ Eaer R -
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 evoking a filmic perspective, Photography, DSLR with a 35mm prime lens at 2.8

(b) FLUX.1-schnell

: SDXL-Turbo FP16 ~ MixDQ INT W4A8 Our INT W4A4 Our NVFP W4A4
Image Reward: 0.845 Image Reward: 0.708 Image Reward: 0.816 Image Reward: 0.832

Prompt: no gravity, weightless, underwater in a dense thick kelp forest, surrealism with elements of
abstraction and Rococo whimsy full length photography , profile of beautiful young woman, long
hair with a long flowing silk and organza dress, underwater surrounded by thick kelp

(a) FLUX.1-dev

PixArt-X FP16 ViDiT-Q INT W4A8  Our INT W4A4 Our NVFP W4A4
Image Reward: 0.944 Image Reward: 0.573 Image Reward: 0.878 Image Reward: 0.940

Prompt: Close up portrait deep underwater light, epic, green jungle .flower white,
Jfox red, detailed, pretty face, dark background, detailed, photo

Prompt: a 12 year old orphan boy wizard with tattered clothes. South American ancient
clothing. Night sky with falling stars. Hyper realistic, cinematic lighting

Prompt: hummingbird flying near a flower. 4k ultra realistic ray tracing dynamic lighting
(c) PixArt-X

Prompt: cyberpunk city sunset drone shot
(d) SDXL-Turbo

< Qualitative results on MJHQ >
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SVDQuant!

e Discussion

- Contributions
- Smoothing2| St A& low-rank branch2 $2|5t= M 22 4-bit paradigm
-W4A40| M EE FX| + A GPUOIA SHE speedup= B 2 Y
-UNet-DiT & & &, INT4/NVFP4 X| &, LoRA M YAt =E

= Limitations
- 2t Bt 4-bit= Ot

:'= 16-bit low-rank branch7f & & 2 Q

-Nunchaku 2{0|= LHEE £& O|50| AF2tE — engine 2| &E
RY PRI AS4E 27

-Rank S710|| £ trade-off= =& 0| Ol appendix 0| A Bt C}&F
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   Q X =   round ⁡   (   X   s X ) ,      s X =     max ⁡   (   | X | )   q  max


   g ∗ = arg   min   L  ( g ) ,   s.t.   B  ( g ) ≤  N  bitops


  L  ( g ) :


    B  ( g ) :   해


   x  i , t


   s  i , t =     max ⁡   (   x  i , t ) −   min ⁡   (   x  i , t )   2 b − 1


   Z  i , t = −  ⌊      min ⁡   (   x  i , t )   s  i , t ⌋


  X ∈  ℝ  b × m ,     W ∈  ℝ  m × n   ⇒   Y = X W   ⟶   Q  ( X ) Q  ( W )


  E  (  X , W ) =    ‖  X W − Q  ( X ) Q  ( W ) ‖ F


  E  (  X , W ) ≤        ‖ X ‖ F      ‖  W − Q  ( W ) ‖ F ⏟  Weight quantization error +        ‖  X − Q  ( X ) ‖ F  (     ‖ W ‖ F +    ‖  W − Q  ( W ) ‖ F ) ⏟  Activation quantization error


       ‖ X ‖ F ,      ‖ W ‖ F ,      ‖  X − Q  ( X ) ‖ F ,      ‖  W − Q  ( W ) ‖ F


   X ˆ = X       diag ⁡   ( 𝜆 )  − 1 ,    W ˆ =   diag ⁡   ( 𝜆 ) W   ⇒   X W =  X ˆ  W ˆ


   W ^ =  L 1  L 2 + R ,    L 1 ∈  ℝ  m × r ,    L 2 ∈  ℝ  r × n ,   R =  W ^ −  L 1  L 2


  X W =  X ^  W ^ =  X ^  L 1  L 2 +  X ^ R ≈  X ^  L 1  L 2 + Q  (   X ^ ) Q  ( R )


   L 1  L 2 는


  R


     ‖   X ^  W ^ −  (   X ^  L 1  L 2 + Q  (   X ^ ) Q  ( R ) ) ‖ F =    ‖   X ^ R − Q  (   X ^ ) Q  ( R ) ‖ F = 𝑬  (   𝑿 ^ , 𝑹 )


   𝑿 ^


     ‖ R ‖ F ,          ‖  R − Q  ( R ) ‖ F


  𝔼 ​  [    max ⁡ ​  (   | R | ) ] ≤ c ⋅ 𝔼 ​  [     ‖ R ‖ F ]


  𝔼 ​  [     ‖  R − Q  ( R ) ‖ F ] ≤   c     size ⁡   ( R )   q  max ⋅ 𝔼 ​  [     ‖ R ‖ F ]


      min   L 1 ,  L 2 ⁡     ‖   W ^ −  L 1  L 2 ‖ F

