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Background

* Diffusion Model
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Background

* Diffusion Model

= Reverse process
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Background

« Sampling
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Background

* Diffusion Transformer (DiT)
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Background

* Diffusion Transformer (DiT)
-SA &N

- Patchify
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Background

* Diffusion Transformer (DiT)
- S A
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Classifier-Free Diffusion Guidance [arXiv:2207.12598 (2022)]
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Introduction

 Conditional generation
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Introduction

 Conditional generation
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Method

* Score
- s(x) = Vx log p(x)
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Method

* Score
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Method

* Bayes d2|2 = WS FE
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Method
* CFG
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Method

* CFG

- Classifier guidance/} & & classifier® T+ot S Vlog p(c | x;) &, CFG= 5= F
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Method

» Guidance Scale
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Method

* Analysis
-CFGE At&StH 7 = £ =1
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Experiment

* Dataset
- class-conditional ImageNet 64x64, 128x128, class label=
» Model
- M diffusion RE I S Y =

=
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Results

e Quantitative
Model | FID (]) | IS (1)
ADM (Dhariwal & Nichol, 2021) 2.07 -
CDM (Ho et al., 2021) 1.48 67.95
Ours Puncond = 0. 1/02/05
w = 0.0 1.8/1.8/2.21 53.71/52.9/47.61
w=0.1 1.55/1.62/1.91 66.11/64.58 /56.1
w=0.2 2.04/2.1/2.08 78.91/76.99/65.6
w=10.3 3.03/2.93/2.65 02.8/88.64/74.92
w=0.4 43/4/3.44 106.2/101.11/84.27
w=0.5 5.74/5.19/4.34 119.3/112.15/92.95
w = 0.6 7.19/6.48/5.27 131.1/122.13/102
w = 0.7 8.62/7.73/6.23 141.8/131.6/ 109.8
w = 0.8 10.08 /8.9/7.25 151.6/140.82/116.9
w = 0.9 11.41/10.09/8.21 161/150.26/124.6
w = 1.0 126/11.21/9.13 170.1/158.29/131.1
w = 2.0 21.03/18.79/16.16 | 225.5/21298/183
w = 3.0 24.83/22.36/19.75 | 250.4/237.65/208.9
w = 4.0 26.22/23.84/21.48 | 260.2 /24897 /225.1
<ImageNet 64x64 results>
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Results

* Qualitative
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Conclusion
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 Tradeoff
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- St
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A

TR-DQ: Time-Rotation Diffusion Quantization [AAAI 2026]
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Introduction
« Diffusion 22 0|0|X|-H|C|Q MMM GANS S 7}sH=
HERI A7 S8 M 27d 2| H|E0| &

-0 22| AR 20| B, Ol time-stepOfCE & AHO|
quantizationd} &2 HHO = ZEIE ofofgt

o
« 7| diffusion quant 7| H=2| oHA|

HH
1jo
=
>
O

2 25} latency/F & O] A

- =2 weight quantO]| 2 E%éfﬂ, M= = MM time-stepOFCF activation
Bt 3A Yefrci= M3 2A

- Diffusion= L O|= H|HE HH step Bt=5t=0, stepOtCt O] t2| 27|

e =27 3A
|:I-E|.XI

.OFE2| K{2|SIE AFRFR|R| Q= Qb
29l low bitE +E2H ZZO0 | =4
-CFGE Qlot AL HH|E 7| & ‘_rL
-0| £ 20| ot &= R E OR =
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o
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Introduction

* Contribution
- time-step + rotation 7| Bt X[ X3t E Zgtot TR-DQ A| ¢t

-QuantSt’| 0] 2{-2 activation= 2| AE S M E S| A welght ——'.—QE shiftotdl,
activation} weight =25 smoothmg% %5H A quantd}7| 'r| 222 tF

A HB2RRT=T10|22 XW & |

-5, o= A0 2 £ outlier 0| HX|ZH 2 R E = 24F

- OFLI2| global 2|7 Wl H = time-step = £ 0f| S F| time-dependent 2|7 HBE =Y
-stepOtCH CHE 2| M-

- CFG, non-CFG 4 29| attention Bl &= F A

X7|. OI-K

fujo

- attention merging quant=

- O[O X|-H|E| 2 498 2= wXIotEHA

1

Ced AR EE
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Method

« Diffusion®| layer CHF &2 A AHLO0| 7] I Z 0] uniform quantE A& 5H A
activation= per-token, We1ghtE per-channel = quantization

X
Xipt = clamp <round <E> +2,0,20 — 1)

max — min q min
S = Z =round| ———
2b—1 "’ S

:'+ S =range, z = zero point offset, b = bit num
* SmoothQuant
- Scaling@ 2 Quant 0| =& activationOf| Al weightZ O| &
-Y = (X-diag(A) ") (diag(A)- W), A5 = max|X ;| o / max|W ; [*(1—a)

- 22 outlier= = 0 = X| Bt massive outlier A & = THgr0| O ™ S| =X SHA,
diffusion®| 8% ViTO| H|5H weight =27} = &6 &

- Activation2} weight2| balancing= ZHot= A0 HL

R AT THSED VDS
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Method

« Rotation 7|8t balancing

- DuQuantE 2ot Al 3|7d
activation2} weight = 2 & 2+ D 2| ZF=0{ group-wise quants & Al &
2 THHX[SH LLMZ quant®t 7| = BHH

-—

-DuQuant+ outlierg 2|7 5! X|&t2

Generate
Video/Image

Attention Sharing
| I
= 7
ATT | ATT Layer i
| Layeri | Sl;ip

Lt

conditional unconditional

N

Share attention value
|
|
\
\

\
N\

Activation

Gu(X,) = (X; - &) -RY . P, . R?

/_x

r N\

reduce the number
of massive outliers

e o]
s, ™ g @
KR NG o

1003

v

After time-rotation

conditional/

|
I
I
I
\ [}
A \ 2 000 !
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tokens Add  —— ,___‘_____7--"-4—:322 |
attention uniform the ;5 |
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<Pipeline>
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Method

« Rotation 7|8t balancing

2T AZ

Ri=Ci Q- C
Ci (29E HE): Z|CH outlier/t U= E= X HW S} w=t
Q: BB £I|SHE MW B H W T A Ue FY BE
vC Bt = R FO| outlierE 2etoteE I

22 Ca Cy
- Greedy &f
-TH RE HY BEH AihH 22| 2HO| F

1> 10
|

:': block-diagonal SEf = Al R = BlockDiag(R bl, ..., R_bK)

vZt 25 22x2n 55 =K =C in/2"

PR ssoudta
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Method

« Zigzag Permutation
X EE 3 H2 EE P22 = outlierE EO0|X|EH EE ALO| 22 & O XS
= dol7| Z0 24t =5 2[H0| =

- zigzag permutation= AF& Al O| & | 4
-activation0| 2 M EFH A ==0| v st A otg 2 2= Ch= =50 Bid
-0 S50 Fo B gels F{T 0] CHA| QEIH“-OE H
-0 o EE2 0| = 3 AHLE B2 activationO| B2|X| YEE EE 7t 28 UF

Ol 2Xt S 2= ot M L O NE A BHF

—*Ia— balancing Al Y = X-W = [(X-A) R® - P - R®] - [(R@)T - PT - (RD)T (A1-W)]

A EE: N EA THE = activation, R F=: ActivationOf] A 278 & Weight

0 5000 10000 15000 20000 25000 0 5000 10000 15000 20000 25000

<Time Rotation 1} 29| activationd} weight & 2 H2}> VDS
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Method

* Time-Steps Awareness

- diffusion= time-step O} C| activation, outlier =X 7} | CtS
-3 E stepOf| StLFC| D= ThEO|H (R, P, A) E X H MM EH0| A =&

-0 =22 ofj 2 & et

— = —
-Dynamic quantization
;'+Quant It2t0[E = O] 2] D-ESHX] 210 2t step 0| Al min, max BF runtime Al 4t

- Time-Rotation

‘- time-step 2 2 calibration?t R, P, AZ O|2| 7+S]f 511, denoising S S Xl 0] = A=
lookupOH HE

A
'_I_—!

~F(Xo, W) = G(X) - H(W)
12 GX)=(Xe A) ROCPeR®, H(W)=R®)TPHRO)T(AHW), t € {1,....N}

- Prior, greedy, permutation7tX| Z£&tSH7| M Z 0ff Ehe 271 0f| H|SHA| 20
HOIHE o & Mo|a

R AW THEE D VDS
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Method

* Attention-Sharing
-CFG= 218 -BEX2AE & HO| denoising= 276t7| 20| ==0| =&
Ex

B o
- diffusion transformerl| E8 =S5 YA ZHE. EXAE 4 2 O| multi-head self-
attention 2{0| A2 O At
—':J time-step }O| [[H--Oﬂ B E stepr 2= 0| RASHE 2

d
£ 9| attentionO| ™ stepoﬂ 44X 35| A

9

—_ = -4 O - (&)
- FAre E%OH Ch OH EUE/FEHE T} attention A AHS SRHM S& ALMS
—t A —r
Mot £ g e
1 1
2 2
3 3
4 4
5 5
; ;
: ] 8
10 0
[
915
o 16
1234567 8 910111213141518 1234567 8 910111213141516
Head Head
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Experiment

« NVIDIA A800 (80G)
- GjO| {4l
- 0| O] X] MM: PixArt-a, COCO H|O|EH Al S =2 H7}
- H|C| 2 4d: Open-SORA, UCF-101(1017§ & S H|C|2)2 HIt
- & & sampling STEP = 20, CFG scale = 4.5
* Quant bit
- O| 0| X| WSAS, W4AS / H|C|2 W8AS, W6A6, WAAS
. W} K| B
- O|O|X|: FID | : A& O|O|X| 2Z2}2| 2|, CLIPScore 1 : HIAEQ} O|O|X| YX],
ImageReward 1 : AFEf M2 &
-H|C|2: VBench 1 : & 44 g =  CLIPSIM / CLIP-Temp 1 B AE M3

A|ZH F*",VQA—A/VQA—TTID|&||/7| & 2t Flow-score | : =& & 7t

SE O™ M
—|:| L O O

ﬂ AB U . VDS
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Results

* Quantitative

Method Bit-width Imaging Aesthetic Motion  Dynamic BG. Subject ~ Scene  Overall
(W/A) Quality  Quality  Smooth.  Degree  Consist. Consist. Consist. Consist.
- 16/16 63.68 57.12 97.01 56.94 96.13 92.28 40.51 26.21
Q-Diffusion [23] 8/8 60.38 55.15 94.44 68.05 94.17 87.74 36.62 25.66
Q-DiT [5] 8/8 60.35 55.80 93.64 68.05 94.70 86.94 32.34 26.09
PTQA4DiT [39] 8/8 56.88 55.53 95.89 63.88 96.02 91.26 34.52 25.32
ViDiT-Q [48] 8/8 61.48 56.95 96.14 61.11 95.84 90.24 38.22 26.06
TR-DQ 8/8 61.82 57.44 96.63 55.38 96.11 91.14 39.78 26.18
TR-DQ+AS 8/8 60.38 57.10 96.26 50.27 95.71 91.58 38.50 25.99
Q-DiT [5] 4/8 23.30 29.61 97.89 4.166 97.02 91.51 0.00 4.985
PTQA4DiT [39] 4/8 37.97 31.15 92.56 9.722 98.18 93.59 3.561 11.46
ViDiT-Q[48] 4/8 59.01 55.37 95.69 48.33 95.23 88.72 36.19 25.94
TR-DQ 4/8 59.88 56.20 96.57 51.83 96.65 90.74 32.46 26.17
TR-DQ+AS 4/8 57.69 55.02 96.74 47.78 96.58 91.03 32.25 25.34
<Video quantitative result>
Methods Bitwidth . jpoiv CLIPTemp VO VQA- A Flow
Smooth R; P R: T-R (W/A) Aesthetic Technical  Score.
- - - - - 16/16 0.1797 0.9988 63.40 50.46 -

v - - - - 4/8 0.1739 0.9985 44.12 2119 0675

v oo - - 4/8 0.1755 0.9941 50.42 4212 0421

v - /- 4/8 0.1745 0.9972 5238 4567 0342

v /- 4/8 0.1741 0.9985 54.94 4797 0219

v 7 4/8 0.1815 0.9990 59.86 5556 0.130

<Ablation study>
A B
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Results

* Quantitative

Bit-width
Method wia)  FID()  CLIP()  IR()
. 16/16 7334 0258 0901
Q-Diffusion [23]  8/8 96.54 0239  0.186
Q-DiT [5] 8/8 7360 0256  0.854
PTQ4DIT [39] 8/8 1279 0217  -1216
ViDIiT-Q [48] 8/8 7598 0232 0.859
TR-DQ 8/8 7512 0249  0.887
TR-DQ-+AS 8/8 7557 0233 0.863
Q-Diffusion [23]  4/8 9195 0228  -0.224
Q-DiT [5] 4/3 4758 0127 2277
PTQ4DIT [39] 4/8 1719  0.177  -2.064
ViDiT-Q [48] 4/8 7665 0243 0837
TR-DQ 4/8 7553 0252 0851
TR-DQ+AS 4/8 7576 0246 0.847

A

<Image quantitative result>

ABTNE-D
SOGANG UNIVERSITY

Bit-width A800 A100
(W/A) Memory Latency Memory Latency
16/16 1.00x 1.00x 1.00x 1.00x
8/8 (VIDITQ) 1.98 % 1.70x 2.00x 1.74 %
8/8 (TR-DQ) 1.97x 1.69x 1.97x 1.69x
8/8 (TR-DQ+AS) 2.17x 1.89x 2.17x 1.91x
4/8 (VIDITQ) 2.41x 1.36x% 2.42x 1.38
4/8 (TR-DQ) 2.46x 1.38x 2.47x 1.42x
4/8 (TR-DQ+AS) 2.58x 1.41x 2.59x 1.44 %
<Efficiency Comparison>

LAB



Results

A

Qualitative
FP16

ABTNE-D
SOGANG UNIVERSITY

W4AS8(TR-DQ) W4A8(TR-DQ+AS)

<Image generation result>
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Conclusion
S O|

« Low-bit diffusion quant=X| H2
- M| A E|X| 2= massive activation
- timestepOFCF 2 A & 2t X[ = activation & &
-CFGE 2ot 5= it
- off 2 & E
- rotation2 2 LAt2t7} 0 22 activation= weight=2 O| T
- timestepOlCF R, P, AR M8 =2 &7
- T ALSH block 2| attention=
- O|O|X|et HIC|2 Hd 2= FAIOIHM S27id 2 M 22| =2
- ot
- CFG7| Bt &= YXtst QX o| S & A= 0|32
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  p  ( x | c ) =   p  ( c | x ) p  ( x )  p  ( c )


    log ⁡  p  ( x | c ) =   log ⁡  p  ( c | x ) +   log ⁡  p  ( x ) −   log ⁡  p  ( c )


   ∇ x   log ⁡  p  ( x | c ) =  ∇ x   log ⁡  p  ( c | x ) +  ∇ x   log ⁡  p  ( x )
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     𝜖 𝜃 ~  (   x t , c ) =  (  1 + w )  𝜖 𝜃  (   x t , c ) − w  𝜖 𝜃  (   x t , ∅ ) =  𝜖 𝜃  (   x t , c ) + w  [   𝜖 𝜃  (   x t , c ) −  𝜖 𝜃  (   x t , ∅ ) ]


   𝜖 ~ =  𝜖 𝜃  ( ∅ ) + s ⋅  [   𝜖 𝜃  ( c ) −  𝜖 𝜃  ( ∅ ) ]


   e g =  e u + s ⋅  (   e c −  e u ) =  e u + s ⋅  e Δ


   e Δ


   e Δ  


   p  u n c o n d =   0 . 1


   X  int = clamp  (  round  (   X s ) + z , 0 ,  2 b − 1 )


  s =   max − min   2 b − 1 ,   z = round  (  −   min s )

