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Background

* Quantization

- YEIM O 2 performance?t model size= H|24|ot= 0| /U=
- Model size T — inference time 1, computational cost 1
- 22| E0] Mot 9l edge device 2t Of| A oA 7F =Xl gt

= Full-precision — Low-precision

- Weight, activation= lower precision2 2 H& & ALMZ +=WSt= 7153} 7(H

w > Welght (. N
Quantizer
\ 4 ‘
Matrix N ~ ) -
s . =» Dequantizer [
Multiplication N Y quantiz y
A 1
a > Actlva'tlon ) - i 5
Quantizer
Full | Low

<Fig 1. Quantization2| 7t} 2| >
- Quantization process : X = Q(x) = clamp ([ ] + z,0,2bi — 1)

max(x) —min(x) _ min(x)
2bit_q £ = l_

- Dequantization process : X = s+ X FP32 Matmul
- Fully-Connected layerO| M2 H4t: f = WX + B —> INT8 Matmul
- Quantized FC layerO| A2 ALt : f = WX + B = (syyW)(sxX) + B = syysx(WX) + B
R BTN VDS
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1) Gholami, Amir, et al. "A survey of quantization methods for efficient neural network inference." Low-power computer vision. Chapman and Hall/CRC, 2022. 291-326.

Background

* PTQ vs QAT
[ Pre-trained model ] [ Pre-trained model ] [ Callbratlon data ]
I Training data I
[ Quantization ] [ Calibration ]
[ Retraining / Finetuning ] [ Quantization ]
[ Quantized model ] [ Quantized model ]

< Fig 2. Comparison between QAT and PTQV >

= Quantization-Aware Training (QAT)

- Quantization &8 = pre-trained model 2| train dataset2 £ retraining/fine-tuningSt= & 4|
L

- Retraining/fine-tuning 2H°3 0| A B2 A|ZHO| HRSHX|TF pTQO| HISH F2 ds

= Post-Training Quantization (PTQ)
- 2 2F9| [| O| E{(calibration dataset) 2F 2 £ pre-trained model Of| M 2| quantization parameter 4 °d

- Calibration= & St lower-bit0f| mapping, O| 2 inference =3 — inference time |
- 20| HO|H2tE ArESH| TIZ 0| M2 A|ZH2H0] ZRSHX| 2 QAT HIsH 22 &=

R BTN VDS
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1) 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.

Background

* Quantizer
- Linear quantizer
~BX) QG) = % = clamp ([5] +2,0.2° - 1), Do) =2 = %+ (s - 2)

;' Uniform distributiondt 20| x2| EXE7} I F MM U= 48

:'= CNN-based model 2| activation0f] T AtE

- Non-linear quantizer
-Ex) Q(x) = ¥ = clamp (l— log, ﬂ ,0,2bit _ 1),DQ(3€) =2%.g

- Power-law distributionﬂf ZO0[ x7h 22 210 22 = 20| Hed

;' Self-attention2| 542 228 M2 2 BtHY = U0 transformer-based model 0| A| == ALE

101 J

100 J

0.0 0.2 0.4 0.6 0.8 1.0
Value

R AW THShn < Fig 3. Histogram of the post-Softmax activations" >
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1) Xiao, Guangxuan, et al. "Smoothquant: Accurate and efficient post-training quantization for large language models." International conference on machine learning. PMLR, 2023.

Background

Quantization difficulty

Migrate the quantization
e difficulty
Smooth

N
S

| |
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0 i 7050 . /;00 & 1000 7000
! 0002000 W 100 pa 30004000 =< dig, 30004000
@ @iney 0 a,
60/1116/ 4000 5000 0 e 5000 Nie/
Activation (Original) Activation (SmoothQuant) Weight (Original) Weight (SmoothQuant)
Hard to quantize Easy to quantize Very easy to quantize Harder but still easy to quantize

< Fig 3. Quantization difficulty!)) — Weight/Activation distribution >

- Weight distribution
-t o 2 FUB 2 X (uniform, gaussian distribution)

- Min-max range”/} 27| i = 0j| quantization error7 2 &

= Activation distribution

- Transformer-based model 2| &% attention & 4H0)| 2|5 H| 7 o 2 2 (power-law distribution)
- Min-max range/} 37| I} 20| quantization error/} &
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A

Systematic Outliers in Large Language Models [ICLR 2025]
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1) An, Yonggqi, et al. "Systematic outliers in large language models." arXiv preprint arXiv:2502.06415 (2025).

Systematic Outliers?

* Problem statements

- X2 et 20F A0 A outlierl| EM7F 2 AA HILE S U
- ARAXS 2 outlierl| EXHO|| 2|off A=t 7|Bio| M50| A HolCt= A2 X[t /U S
Lt R 2o AREL gutlierE: 12{510] B3} o= Ao 2SS 2=

« =, outlier2| =X XM|Of| Cigt 242 OF% FHot SEY

« Key contributions
- 2 A0 M= transformer model | Al SHEE| = outlierl| B84 & 110} 7|
- = Ao ot = Q9

- Weight, activation, attention outlier= == weak semantic tokenOf| &5 k|, O| =2 self-attention2|
softmax 0| 2|5 L/ SHLT

or

g g
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1) An, Yonggqi, et al. "Systematic outliers in large language models." arXiv preprint arXiv:2502.06415 (2025).

Systematic Outliers?

* Objective
-= Aol 587 44
- Outlier2| & A2l 7|5 B+

- 0| & 7|8t2 2 quantization-friendly model= & A

 Definition of Outliers in LLMs (Systematic Outliers)

= Activation Outliers
- Layer outputs h; € RE*# (batch size B, hidden dimension H)
= Ogctivation = {1 | |hij| > T un}, tn === |hy
- Weight Outliers
- Projection weights W € R%*! (output dimension O, input dimension I)
= Oyeighe = {0 1) | |wij| > T+ Pw; b P, = %Zj|wi,j|
- Attention Outliers

- Cumulative attention scores A € RY*L (sequence length L)
A 1w 7
= Oattention = U | Aj > T ppl, pg = ZZjA]
ﬂ AT THSED VDS
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1) An, Yonggqi, et al. "Systematic outliers in large language models." arXiv preprint arXiv:2502.06415 (2025).

Systematic Outliers?

» Observation — Systematic outliers

. LLaMA-2-7B, Layer 3
LLaMA-2-7B, Layer 2 LLaMA-2-78, Layer 2 LLaMA-2-7B, Layer 2

Summer L
is 0.8
warm

0 0.6
Winter.
is -0.4
cold
_ 0.2
\n
g 4E "g2g "=
a
(a) activation: x%°%" (b) weight: Wdown (c¢) activation: hy (d) attention: A}

< Fig 1. Systematic outliers in LLaMA2-7B >

- Outlier®| 244l 2| K|
- Outlier/| &’ ddt= f[X[= O I & S 7}X| 1 ULt
;' MLP_down layer2| input activation
;s MLP_down_layer2| weight
:': Layer output

‘= Attention score
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1) An, Yonggqi, et al. "Systematic outliers in large language models." arXiv preprint arXiv:2502.06415 (2025).

Systematic Outliers?

* Observation — Activation outliers

2500 LLaMA-2-7B Layer-wise Analysis Token Distrib_utinn of Activation Outliers
e S in LLaMA-2-78 Top-2 Activation Channel Index in LLaMA-2-7B
|
2000, | " & 4000
~ | | z
g1500{ | ‘ =
3 naaasssas: '| g 3000
£ ' \ E | |eeevoctcossssotssccosstocsnnne
©1000 | | i
L ‘. ‘ U 2000
w 1 i O SO O
8 £ 1000
1 8 16 24 32 initial <
Layers token 0
i ] 16 24 32
—e— Topl = Top2 = Top3 —+— Median Layers
(a) Which layers? (b) Which sequences? (¢) Which features?

< Fig 2. Distribution of activation outliers (Layer output) >

- Outlier2| M ¢/ X|
~(a) 1,31, 32 H O] Z H| 2|3t CHEE 9| layer0i| A outlierZ} 244
- (b) '5H outher EH—|——|— initial token, “-”, ”Oﬂkl HI’AH

- (c) Outlier7| L/ HNCHH, S outher_| channel index= HE = & &

Ol
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1) An, Yonggqi, et al. "Systematic outliers in large language models." arXiv preprint arXiv:2502.06415 (2025).

Systematic Outliers?

» Observation — Activation outliers

1500° LLaMA-2-7B Layer-wise Analysis LLaMA-2-7B, Layer 2 LLaMA-2-7B, Layer 31
1250/ H
¥ 1000 \" i
© [l f
£ 7150, || |
2 A Il
= 500 I‘ | ‘I‘ ‘I‘
2501 | ‘|‘ |
0 2 e ST o
i 8 16 24 32
Layers
e Top 1 o— Top 2 +— Top 3 s— Median
(a) Which layers? (b) Layer 2 (c) Layer 31

< Fig 3. Distribution of activation outliers (MLP_down_input) >

- Outlier2| Z #{X]|
- (a) 2, 31'H 2| O[O Of| A outlier/F I A &’
- (b) Token = 0| A= “Summer”, “.”0{|, channel = 0f| A| = index 78900{| A outlier &4
- (c) Token = 0| M= “Summer”, “.”0]|, channel 3 0| A= index 3721, 70060 A{ outlier ‘& 44
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1) An, Yonggqi, et al. "Systematic outliers in large language models." arXiv preprint arXiv:2502.06415 (2025).

Systematic Outliers?

* Observation — Weight outliers

Max/Mean Ratio Across Modules in LLaMA-2-7B LLaMA-2-7B, Layer 31 LLaMA-2-7B, Layer 32
i down_proj Max/Mean
| —+— up_proj Max/Mean
‘\ —&— gate_proj Max/Mean
1000 | —+— q_proj Max/Mean

1200

k_proj Max/Mean
| | —+— v_proj Max/Mean
800 [ —e— o_pro] Max/Mean
| | -« Reference Median

o

e

]

-4

& so0{ ||
(7]
H |
%
©
s

a00f | |

(a) Which layers? (b) Layer 31 (c) Layer 32

< Fig 4. Distribution of weight outliers >

- Outlier2| Ed 2[X]|
- (a) MLP_down_weightO| A outlier7t A 2sIH, 2, 31, 32H 2|0]0{0f| &=
- (b) Input channel index 70060{| A outlier7F 3 A| &, O| = Fig 6.0 A 2} L X|
- (c) Input channel index 3228 0| A{ outlier7F I A| ‘&4

R A%l 3_';.'1‘.. VDS
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1) An, Yonggqi, et al. "Systematic outliers in large language models." arXiv preprint arXiv:2502.06415 (2025).

Systematic Outliers?
» Observation — Attention outliers

LLaMA-2-7B Layer-wise Attention Accumulation Token Distribution of Attention Outliers

in LLaMA-2-7B LLaMA-2-7B Attention Outlier Ratios per Head Across Layers
500 \ WA Lo )
\ AN
@ 400 ' o8 1 ‘
S r "b\ ;i |
D300 | ‘j\\/ Lo6
=] I =
2300 | S04
] = |
o
< 100 J go2
o & R oo +f
1 8 16 24 32 1 8
Layers Layers
—— Topl —— Top2 —— Median $ Mean with Min/Max of Attention Outlier Scores
(a) Which layers? (b) Which keys? (¢) Which heads?

< Fig 5. Distribution of attention outliers >

- Outlier2| &4 £ X
- (a) =t 20|01 2 M| QI B+ CHE L2 0| 0] OOl A outlier?} A4
- (b) S outlier= CHE = initial token, “-”, «.” 0| A 24/
- (c) CHE 29| layerOf| A outlier7} 2t A4 0H31, headOtC} outlier scoreOfl Y5 HALZH E 1Y
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1) An, Yonggqi, et al. "Systematic outliers in large language models." arXiv preprint arXiv:2502.06415 (2025).

Systematic Outliers?

» Observation — Query, key, value vectors

value

) attn_logits attn_probs
mha_rms_in mha_rms_out query Sumimer . Suiier 10
is Is 0.8
1“] warm warm
n ‘ 0 i 06
1y Winter Winter
I" — — is _ — is 0.4
$ !
;w it /»)o cold cold a3
f 1 i £ { ‘
£o fass o‘\»\ /25” Ry Ss8 0 \"
Sess 1ns & T "‘5 Vo e 74 WE CgeR S §0E g uy s
‘;,é‘ ps‘:&\f\o & “{\e‘"&\ ‘s‘ & $$é\f& E $ é S E [ g 8
& a
key

< Fig 6. The spread of attention outliers from activation outliers >

= Query, key, value

-Mha rms_in2| outlier token< query, key vector= Al AHE| RS M &2 similarityS 2 &

;' O| = attention outlier= OfF”7| &t

- 2L}, value vectore EH A2 G2 S H0|1 QS

R AW THEE D VDS
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1) An, Yonggqi, et al. "Systematic outliers in large language models." arXiv preprint arXiv:2502.06415 (2025).

Systematic Outliers?

» Key observations

- 1. Activation outlier, weight outlier, attention outlier0fl = A 2 &H2t0| UL},
- Activation outlier2} weight outlier feature dimensionO| Al 25| L X|
- Activation outlier2} attention outlier2| sequence dimensionOi| A| 95%ZHE L X|
- 2. Activation outlier, attention outlier= =& L 2|0| BE 7} M2 EZ0| HS =Y.

- Initial token, -, «.”

9 so

- 3. Outlier tokenOf| A| query, key= =+ similaritys EO|L}, valuee Y9 &2 U= &=Lt
Outlier Type 1 Outlier Type 2 Dimension | Consistency

weight outliers in W activation outliers in x{°"" feature 100%

weight outliers in Wgown activation outliers in hy feature 100%
activation outliers in xJ°%" activation outliers in hy sequence 100%

activation outliers in hy attention outliers in Aj sequence 95%

< Fig 7. Consistency of different types of outliers across dimensions >
R S VDS
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1) An, Yonggqi, et al. "Systematic outliers in large language models." arXiv preprint arXiv:2502.06415 (2025).

Systematic Outliers?
» Hypotheses

- 1. Fixed but important biases
;' Context2t F2SHA 22 ol &0 X|&XH o2 Fok= O] X|&= L™ &l biases
= 2. Context-aware biases

-+ Input sequence]| [t} XH4O| HSHZ &

1

S 2 ZEOl= bias
- 3. Context-aware scaling factors
'« Fig 90]| [LE= ™ attention outlier2f value vector2| 377t M 2 HHH| 2|

SN B0 O3 YT AAAH 2L YL 0| E2 S0/ scaling factors
» Empirical validation of systematic outliers hypotheses

» Formulation

- 5712 attention variantsOi| CH{SHO] X etE =l = & 2HE
ID | Attention Variant | Formulation
(a) Default Attention (Vaswani| 2017 Attn(Q, K, V') = softmax (Qf_—;) 1%
(b) Explicit Fixed Bias Attn(Q, K, V; V') = softmax (Q\;f_ ) Vv
(c) Explicit Context-Aware Bias Attn(Q, K, V:; k', v') = softmax (Q—g) V + softmax (Q[%l) [33]
(d) Attention Bias Attn(Q, K, V; k', v') = softmax (@%1) |:v‘,/T:|
(e) | Explicit Context-Aware Scaling Factor Attn(Q, K, V) = S.(x) - softmax (Q—\%T) V

SOGANG UNIVERSITY 17
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1) An, Yonggqi, et al. "Systematic outliers in large language models." arXiv preprint arXiv:2502.06415 (2025).

Systematic Outliers?

« Empirical validation of systematic outliers hypotheses

- Experiments

GPT-2 Default GPT-2 with Fixed Bias GPT-2 with Context-aware Bias GPT-2 with Attention Bias GPT-2 with Context-aware Scaling Factor

(@) (b) (c) (d) (e)

< Fig 9. Activation outliers across different attention formulations >

GPT-2 Default GPT-2 with Fixed Bias GPT-2 with Context-aware Bias GPT-2 with Attention Bias
800] GPT-2 with Context-aware Scaling Factor
t | —g—t=F 7001 200 uof
100]
so0] 4
| soof 150
| a0 1
E £ ) £ 2. v 2" ;
o : . & 300/ R | e {4 7 5 o e
- = s - 2 . 8
= ——— . o] - / \ > g4 4T
] | | /
1004 100{ v 20
it | =t i v
.......... o Ny of ¥ o { +————e—s v B e
3 6 [] 12 i 3 6 9 12 i 3 6 9 12 : T ) [3 9 12 i [ 12
Layers Layers Layers Layers Layers

@ ) (© (d) (©
< Fig 10. Top-3 largest activation outliers for each layers >
- (a), (b), (c) : D] outlier =Y

- (d), (¢) : outlier/F LHF= AtEFT A5 =Holet = UF
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1) An, Yonggqi, et al. "Systematic outliers in large language models." arXiv preprint arXiv:2502.06415 (2025).

Systematic Outliers?

 Further Analysis of Systematic Outliers
- Outlier2| &4 & 9l

(@)
- Outlier= €+& I 0| M softmax2] M| k= 710f 2|6l LA 4 SHC},

- 1. Attention0f] 2 £ Y= softmax= 0| 10| £| =& AKX S}

-2. 5823| et&0| £/ 0] weight updateS E0{0F Sh= A|H 0| = &2 12 §X| £/ 0{OF $HCt,

-3.850| 283| 2 ER(HE 0| 52 E2)2 weight update S Z0|7| 9|3l attention score= 00|
7L A =3 OF Tt ot

4. 3550] 23| &

EZ200, HEZ0| H2 EZ2 10| 7HL A attention score S & SHA| =L
J

FZA =017 IS M= EUX 2 Z query, key2| 250 210 similarity 7}

- 5. Attention score= 10|

= OtOF StC},
2+ (Q - K = [QlIK] cos(0))
-6. 0| 2 Qo) 0| H2 EZO| TS w2t w7/t =2 S A== SIS E T — weight outlier
N
o

7t
HA
- 7. Weight outlier7} &5t O] 2 Q13| activation outlier7} & & OF &

SOGANG UNIVERSITY 19 LAB
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A

DGQ: Distribution-Aware Group Quantization for Text-to-Image
Diffusion Models [ICLR 2025]

P i g d k- VDS

SOGANG UNIVERSITY 20

-
=
m



1) Ryu, Hyogon, NaHyeon Park, and Hyunjung Shim. "Dgq: Distribution-aware group quantization for text-to-image diffusion models." arXiv preprint arXiv:2501.04304 (2025).

DGQV

* Problem statements

= . . - H
- 7| & diffusion modelOf| TS}, low-bit quantization A| =& o @K} A
:
- Quantization granularity 2 EHO|| U0, 7|E YA =2 outlier0]| 2|2t X7 2
Layer-wise quantization Layer-wise quantization Channel-wise quantization Group-wise quantization

with minmax with MSE with minmax with minmax
I Preserves outlier & Drops outlier &  Preserves outlier g3 Preserves outlier
High quantization error Low quantization error Low quantization error Low quantization error
Low overhead Low overhead High overhead Low overhead

value

U} §0E0u0 100 DG0a0 008 HEado w08 HERL:

channel channel

channel channel

<Fig 1. Quantization granularity >

» Key contributions

- 2 AN A= diffusion model 0| A activation outlierl| dat= 2 A
- Activation outlierS 2 E=0}= quantization & 2= |Gt
.2 o703t = QOot

- Diffusion model 0| A activation outlier= weak semantic tokenOf| S| H, 0| = 4 &| = 0|0|X| 2|
Hid HEE SO

ﬂ B TUSED | VDS |
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1) Ryu, Hyogon, NaHyeon Park, and Hyunjung Shim. "Dgq: Distribution-aware group quantization for text-to-image diffusion models." arXiv preprint arXiv:2501.04304 (2025).

DGQV

» Observations

Original Random Outlier dropping Pixel-wise boxplot Channel-wise boxplot

0 10 0 30 “© 0 L n 0 % 0 100 200 300 400 500 600 M0 800 900
pixel index channel index

Casel: Outliers on specific pixel

3 30
25

-10
0 0 2 » a0 0 60 0 8 « 100 1110 1120 1NN 1N& 1050 160 1170 1180 1%
pixel index i

Case2: Outliers on specific channel

(@ (b)

< Fig 2. Characteristics of activation outliers >

- Outlier dropping & &

- Outlier= £78 pixel == £ 7 channelOf| A E 2t

Sty e e et i o
O i, i it ! il m. =2 . .

- Random valueE drop?t 4 ‘4G E O|O|X|7t L2 He & MK &l FHE 7K
- ivati P St742 MAME| O|O|X|Q] &=XIQ| =22ttt
Activation outlierE drop?t 4% g =l O|0|X|e| EE0| = Mothods LPIPS]
random drop 0.295
outlier drop 0.773
PR sazusa | VDS I
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1) Ryu, Hyogon, NaHyeon Park, and Hyunjung Shim. "Dgq: Distribution-aware group quantization for text-to-image diffusion models." arXiv preprint arXiv:2501.04304 (2025).

DGQV

* Observations

Cross-attention <start> token Self-attention Cross-attention

Peak near 1

“An astronaut on the moon
riding a bike”

00 2 | I

“two sheeps in a field”
(a) (b
< Fig 3. Characteristics of cross-attention scores >
- Cross-attention & <start> token

- <start> tokenOf| 10f| 7t77t-2 attentionO| & &

- <start> token+< H A M EO0f| =2 attention scoreE A= 40| JUZ
» Cross-attention vs Self-attention T Valne
1S1I u
- Cross-attention inputOf| [[£ min-max range H27t Std of cross-attention 0.826
N Std of self-attention 0.334
é’ Cross_attention% input promptO‘” EH O|_|' —Z)E—)_I'\— AC-Z! Ol %‘ Mean ratio of each layer’s attention std | 3.210

- Self-attention= cross-attentionOl| H| Sl inputOi| ([} min-max range H27} 2Z

A THEED VDS
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1) Ryu, Hyogon, NaHyeon Park, and Hyunjung Shim. "Dgq: Distribution-aware group quantization for text-to-image diffusion models." arXiv preprint arXiv:2501.04304 (2025).

DGQV

 Methods
» Observations
- 1. Activation outlier= O|O0|X| &% -|C->rx|01| Z=Ho|LCt,

- 2. Activation outlier= 573 channel ==+ pixel dimensionOf| A| & SHCF

= Outlier-preserving group quantization
- Quantizationg X -&5}7| H 0|, granularity M &S 2|2 metric Dy = "3 2

Dy = (max aly™ — min a{'fiax) + (max ayt — min af’ﬁl‘n)

- d € {channel, pixel}
- afy™ ¢ d dimensionOf| A WY HE{ S| Z=|CH £f

- ay™ : d dimensionOf| Af { HRY B E{ Of X[ A}
d* = argmax;D,

-D; € Z| 2 P E = dimensions 273 £ K-means clustering= &l K group quantization =2

ﬂ AW THEE D VDS
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1)

DGQV

 Methods

= Observations
— 1. <start> tokenOl| 10| 7}771-2 attention score/| 2|, O| =2 HY

- 2. Cross-attention< input promptQ| Ci ot S=/40| AL},

- Attention-aware quantization
Ay ;.
— log2< [;1']” ,0,20 — 1), where s = max(A[.1,)

A‘[I:,l:] = clamp(

_ [A[:,o]» S, Z—A‘[I:,l;]] LAV = [A[;,o]v[o,:]; S - 2‘A([1:,1:] \7[1:,:]]

=)

A10]| k2t <start> tokenOf| = quantizations TYSHX| AZF 2N HE HE

_ Ol A
T
- ¢ =4| 2 dynamic quantization2 £ M-8 2 Z M input promptd]| (2} SH 2 LS

U szutta
6 SOGANG UNIVERSITY 25

ERSEAY ESEScie

Ryu, Hyogon, NaHyeon Park, and Hyunjung Shim. "Dgq: Distribution-aware group quantization for text-to-image diffusion models." arXiv preprint arXiv:2501.04304 (2025).
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DGQV

» Experiments

A

1) Ryu, Hyogon, NaHyeon Park, and Hyunjung Shim. "Dgq: Distribution-aware group quantization for text-to-image diffusion models." arXiv preprint arXiv:2501.04304 (2025).

= Quantitative Comparison

AW THED
SOGANG UNIVERSITY

Model  Method Bits(W/A) Model Size  BOPs MS-coco PartiPrompls
ISt FID, CLIPf  CLIP|

Full Precision 32/32 3438MB  823T 3652 1444  0.298 0293

Q-Diff 8/8 87IMB  SL4T 2765 2612 0273 0275

TFMQ 8/8 87IMB  SI4T 3279 1885  0.286 0.286

DGQ (#groups=8) 8/ 87IMB  514T 3538 1326  0.297 0.292

DGQ (#groups=16) 8/8 871MB 51.4T 3522 13.15 0.297 0.292

Q-Diff 8/6 87IMB  386T 412 22176 0.080 0.120

TFMQ 8/6 871IMB  386T 657 17516 0.146 0.178

DGQ (#groups=8) 8/6 871MB  38.6T 22.65 3776  0.268 0277

SDvl4  DGQ (#groups=16) 8/6 87IMB  386T 2477 3136 0273 0.279
Q-Diff 4/8 436MB 2577 2652 2806  0.269 0271

TFMQ 418 436MB  257T 30.85 1998  0.281 0281

DGQ (#groups=8) 4/8 436MB  257T 3391 1328  0.294 0.289

DGQ (#groups=16) 4/8 436MB  257T 3356 1374 0294 0.288

Q-Diff 4/6 436MB  193T 337 24275 0072 0.108

TFMQ 4/6 436MB  193T 524 22964 0.127 0.155

DGQ (#groups=8) 406 436MB  193T 20.14 5194 0257 0272

DGQ (#groups=16) 406 436MB  193T 2217 43.66 0263 0.274

Full Precision 3232 10269MB  6927T 3597 2125  0.308 0309

TFMQ 8/8 2567TMB 4337 1224 11169 0.067 0.069

DGQ (#groups=8) 8/8 2567TMB 4337 3479 2246  0.299 0.294

TFMQ 8/6 2567TMB  325T 427 16302 -0.002 0.025

SDXL Turbo 1) (#groups=8) 8/6 2567MB  325T 2856 3431 0251 0.223
(4steps)  TpMQ 4/8 1284MB  216T 13.00 10956  0.068 0.069
DGQ (#groups=8) 4/8 1284MB  216T 2833 2922  0.289 0.291

TFMQ 4/6 1284MB  162T 199 27045 0.022 0.049

DGQ (#groups=8) 4/6 1284MB  162T 2293 4500  0.245 0.226

< Tab 1. Quantitative Comparison >
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1) Ryu, Hyogon, NaHyeon Park, and Hyunjung Shim. "Dgq: Distribution-aware group quantization for text-to-image diffusion models." arXiv preprint arXiv:2501.04304 (2025).

DGQV

» Experiments

= Qualitative Comparison

Full Prec. TFMQ-DM(W8A8) DGQ (WSAS) Full Prec. TFMQ-DM(WSAS) DGQ (W8AS)

“A smlllng teddy bear “A sports car running on Mars”
TFMQ-DM(W4A6)  DGQ (W4A6) Full Prec. TFMQ-DM(W4A6) DGQ (W4A6)

ull Prec.

“A basket full of apples” "A mountain with snow-capped peaks rising high into the sky.”

<Fig 4. Qualitative Comparison >
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1) Ryu, Hyogon, NaHyeon Park, and Hyunjung Shim. "Dgq: Distribution-aware group quantization for text-to-image diffusion models." arXiv preprint arXiv:2501.04304 (2025).

DGQV

» Experiments

= Qualitative Comparison

16bits 8bits 6bits

Quantization

Attention-aware
Quantization

“A photo of a cat and a dog”

<Fig 5. Qualitative Comparison — Linear quantization vs Attention-aware quantization>
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1) An, Yonggqi, et al. "Systematic outliers in large language models." arXiv preprint arXiv:2502.06415 (2025).
2) Ryu, Hyogon, NaHyeon Park, and Hyunjung Shim. "Dggq: Distribution-aware group quantization for text-to-image diffusion models." arXiv preprint arXiv:2501.04304 (2025).

Conclusion

« Systematic outliers!

- Key contributions

- 1. LLMsOj| A systematic outliers/| &/ 5t= I EH &4
- 2. Systematic outliersZ7t & LHO| A O] H A2 St=X| &2 Sl 7T

- 3. Systematic outliers/| 2ff & StA | =X|0f

=
- 4. Quantization & A[, systematic outliersg& =0|= 40| & E=0| f2[a2 =9

Model | PPL (FP16) | PPL (AbsMax W8) | PPL (50% Sparse)

GPT-2 Default 27.24 93.44 7235.68
GPT-2 + Context-aware Scaling 26.95 2022 39.47

« DGQ?
- Key contributions
- 1. Diffusion model Ol A activation outlier7} ‘&4 S} = Iff &
- 2. Activation outlier/| O] G2 St=X| &= Slf =
- 3. Cross-attention2| peak 7} <start> tokenOf| A| &4 St= A S =240l
- 4. Cross-attention | self-attention2| distribution =2
S

- 5. Outlier2} attention distributionS EZ=6}7| 2|2t quantization & 2 = | Ot
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