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Background

* Quantization

- YHIM O 2 performance2t model size= H|2|St= 20| U S
- 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
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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
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< Fig 2. 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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Demystifying Singular Defects in Large Language Models
[ICML 2025]
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1) Wang, Haoqi, Tong Zhang, and Mathieu Salzmann. "Demystifying Singular Defects in Large Language Models." arXiv preprint arXiv:2502.07004 (2025).

Singular Defects!

* Problem statements
- Large transformer model 0| A{ high-norm tokenO| - otC}= 2H& O] EXY
- Vision Transformer (ViT)Qf Large Language Model (LLM)Of| A &5 2H&E
- Quantization, pruning & 4 =2t 7| 20| Al O| 2|2t high-norm token= &5 X5t = & ¢l
H

- High-norm token2| I 11} 225 5] 28X A0 0| 2& 7|E= M Sdt= A0 A

» Key contributions
- LLMO{| A] high-norm tokenO| B k| = W= 0| 55t= O| =X
- Singular defectsO| Ci{ et O[S E HIE S = &= 71X A 88X S &= A ¢t
- 1) High-Norm Aware Quantization

- 2) LLM Signature via Singular Defects
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1) Wang, Haoqi, Tong Zhang, and Mathieu Salzmann. "Demystifying Singular Defects in Large Language Models." arXiv preprint arXiv:2502.07004 (2025).
2) Jiang, Nicholas, et al. "Vision Transformers Don't Need Trained Registers." Advances in neural information processing systems 38 (2026): 56557-56595.

Singular Defects?

 High-norm tokens in ViT?
= Observations
- 1) O|O|X| 2| ZHX| 7} Of ! Hi Z Ofl high-norm tokenO| 2/ SHH, O|O| X|OFCh 24 9| X| 7t CHE
-2) &7+ 210]0{Of| Al ZHEFA R A| high-norm tokenO| 2/ SHH, OFX|SF 24| O] O 7HX| A & E XY

< Fig 3. High-norm token in OpenClip >
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< Fig 4. ViTH| A 2] high-norm token Z4 FA >
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1) Wang, Haoqi, Tong Zhang, and Mathieu Salzmann. "Demystifying Singular Defects in Large Language Models." arXiv preprint arXiv:2502.07004 (2025

Singular Defects?
* High-norm tokens in LLM

» Observations
It = ORX| 8 E 20| A high-norm tokenO| 2/

e AEAl K E2
-2) B2t 2f0]0fof| M ZEF A A| high-norm tokenO| 24 Sk0Y, OFX| 2 20| O{Of| M ZEF AR A A H
(c) MPT-7B

""M"""“-.., = i‘r - II ‘235.‘?5

~ 1' ::0"': ?ﬁ

) /?;‘iﬁﬁ»i‘ D // br“j“

B T / Ju 375
: oA
(e) Vicunal .5-7B (f) Falcon2-11B () GPT2-Medium (h) Qwen2.5-1.5B
<Fig 5. LLMO{| A 2| high-norm token &4 2F2af >
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1) Wang, Haoqi, Tong Zhang, and Mathieu Salzmann. "Demystifying Singular Defects in Large Language Models." arXiv preprint arXiv:2502.07004 (2025).

Singular Defects?

 Analysis of high-norm tokens in LLM (The Theory of Singular Defects)
» High-norm token®i| CHS}0] 471 X| #HUHM &4
= 1. Development
-Norm2| S7}2 O[0{X|= A&t B =
- 2. Trigger
- Explosion layer 2] 2| norm S7t2| & ¢l
- 3. Explosion
- 57t 20| 0 =0 A| high-norm token2| =21} H| E /3 Ti2}0| B o 2F 2H2HA|

= 4. Decay

- High-norm token2| 2~ &

™~

Explosion

Trigger

Development

0 5 10 15 20 25 30
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1) Wang, Haoqi, Tong Zhang, and Mathieu Salzmann. "Demystifying Singular Defects in Large Language Models." arXiv preprint arXiv:2502.07004 (2025).

~x+ Ax =~ x + Rx

J t =~ F(x+ Ax)j]?_’
Sclf Attention FFN

.—*x

Singular Defects?
» Explosion: Appearance of High-Norm Tokens

- 2% 1. High-norm token2| & 2| Bt3F (Empirical high-norm direction)

-NormO| 5005 = token=O0fl CHol M 24 =& SFot Zut B 3.1°2 5

;' High-norm token2| B = empirical high-norm directionO| 2} 2|

- &, High-norm token= CH & 578 &0 £ UL
- A2 2. Layer-wise approximate matrix2| 2 2f (Layer-wise singular defect direction)

— Transformer layerS SILEC| M& GIAO 2 ZALSICHH Of2ff ot 242 =4l MI|7t 7t

Attention(x) = Ax, FFN(x) = Fx
Layer(x) = Lx = FFN((Attention(x) + x)) +x=x+A+F+FA)x={U+R)x

1t empirical high-norm direction2| Zt =& 57

-L=U+R)=Ux V"2 Z0|SVDE &2 L u
“: Layer 2, 310 M 2| Zt == 6.05°,2.93° 2, LI X| 2| 22 CHEZ & 90°E HF

-E, st ofM AENO| EXfECL

b

Model Threshold  Mean Pairwise Angle (degree) =80 e PP 0L L0000 000, 00,000,000 .
w

LLaMA2-7B 500 3.12 5

Phi3-Medium 2500 5.31 560

MPT-7B 1500 2.81 5

Pythia-160M 200 8.01 o 40

Vicunal.5-7B 400 4.15 = ™

Falcon2-11B 3000 4.11 Z 6.05 2.93

GPT2-Medium 3000 1.49 0l—* .

Qwen2.5-1.5B 8000 1.00 0 5 10 15 20 25 30

Layer

< Table 1. L2} high-norm token AFO|2| Of|Z} > <Fig 7. L1} high-norm token AFO|2| Of| Z} (LLaMA2-7B) >
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1) Wang, Haoqi, Tong Zhang, and Mathieu Salzmann. "Demystifying Singular Defects in Large Language Models." arXiv preprint arXiv:2502.07004 (2025).

~x+ Ax =~ x+ Rx

~ F(x+Ax)jB_’

Singular Defects? B ) W

» Explosion: Appearance of High-Norm Tokens

_— AlS
T Mol AE

- Layer(x) = Lx:= (I + R)x

'« [x+= identity pathE 2|0|, Rx2 transformer layer 2 215l ot HSIE 2|0
- 1) Layer 2

- LO| CHHE &82FO0] high-norm token= &/ A| ZICt, Lh = omaxh,  Omax > 1
- 2) Layer 3~30

:+ LO| L 2r2kO| high-norm token2t 2| 1w M O| C}. Lh = h

:'+ Identity path= @IS A high-norm tokenO| #H 2} 10| F X[ =L,
-3) Layer 31

= High-norm token

m|o
>
I
>
u
o

‘\ ’%‘80. * e e 000000 40 ,,00ee% 000 .
Explosion ;%so
. )
Trigger Decay g%
220
Development / 2 6.05 2.93
- e - - —~ 00 5 10 15 20 25 30.
0 5 10 15 20 25 30 Layer
<Fig 6. LLMO{| A1 Q| high-norm token 440t A % CHA| > < Fig 7. L1} high-norm token AFO|2| O 2} (LLaMA2-7B) >
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Singular Defects?

* Decay: Eigenvalues of Decay Layers
PN PSIESES
N — 1 T T

- Decay”?} 4 St= layer0 M= Lx

AlS

=(I+R)x~00|EE Rx=~

- Transformer layerO| 2|2t H2tE YU A|7[= R eigenvalue?}

Wang, Haoqi, Tong Zhang, and Mathieu Salzmann. "Demystifying Singular Defects in Large Language Models." arXiv preprint arXiv:2502.07004 (2025).

—xZ A 7ts

24U Hojate xx0R

- & 1. R2| eigenvector2t empirical high-norm direction AFO|2| 2HA|

- R9| eigenvector®} empirical high-norm direction A}O|

o| Ztx =X

s Layer 2, 312| AL 212} 11.33°,2.86°2, LIHX|2| AL LHEE 70° O| Mo 2 &
s &, 24 explosion O A 2] At 5L
- R9| eigenvalue 73
‘ o o A
;' Layer 22| 8% &=, Layer 312| 4%
- &, Layer 312 high-norm token= 2~ EA|7ICH
‘\ HBD . .0.-.‘..-..................
8] .
. o 60 2
Explosion 401 11.33 g
. ol 286 | B
Trigger Decay = : W S
o 0 x\ xxxxxxxxxxxxxxxxxxxxxxxxxxx x.x O LE
Development e g 0.50 7 e
0 s 20 o8 : 0 5 10 15 20 25 30
0 5 10 15 20 25 30 Layer

< Fig 6. LLMO{|A{ 2| high-norm token &1} A3 THA >
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1) Wang, Haoqi, Tong Zhang, and Mathieu Salzmann. "Demystifying Singular Defects in Large Language Models." arXiv preprint arXiv:2502.07004 (2025).

Singular Defects?
» Development: The Two Types of Exploding Paths =

n o<
75! tl' &l == (a) LLama2-7B

- Non-initial high-norm token (ex. *.")2| Z210| 21 29| L§ &1} F2t5HA| high-norm= 7+
x

-5 EZ U 422 E0| OjLtE F Lo A Q self-attention layer”} non-initial high-norm tokenOl| 2
2 FX| Xottt= FHCE A4

- A& 1. Attention-independent exploding path (Non-initial high-norm token)

- Non-initial high-norm token©| self-attention2} F2SICHH, O| & XAt £ ¥ &6l = high-norm & A

- 41}, ‘<s>, <1 22 non-initial high-norm token= K| 2|2t LEH X| tokenS 2= normO| 2t A F78
- A2 2. Attention-relative exploding path (Initial high-norm token)

- Self-attention= M| HSFK| 2 & ENZ tokenizer®| A AFE7+S 8 EL= token= initial token2 = R &

- A3 Z1t, 2 E initial tokenO| high-norm tokenO| EICt= 24 & =0l

|

—
(=
Y

o s 3670.0 o "
21031 P70 %1000'
K] A 3 250
5 102 '\’ 5.5 5 Trained Tokens .
% - dé 500 Random Embeddings (sorted)
E 10 g 250 ‘
[=] o
Z 100 . . . . . . . Z 0 y . . . . . .
0 5000 10000 15000 20000 25000 30000 0 5000 10000 15000 20000 25000 30000
Token ID Token ID
<Fig9. Self-attention= MH?t = Y= (& 1)> <Fig 10. Self-attentions HZATH = Y= (A 2)>
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Singular Defects!

1) Wang, Haoqi, Tong Zhang, and Mathieu Salzmann. "Demystifying Singular Defects in Large Language Models." arXiv preprint arXiv:2502.07004 (2025).

* Development: The Two Types of Exploding Paths

_— AlS
T Mol AE

- 1) Initial high-norm token

s> 0| tokenO| =, initial tokenO| | ™

'« Initial high-norm token2| &4 2 self-attention 0| 2[5H

—_

vZE, tokens 7H2| &=

- 2) Non-initial high-norm token

2
Al

o 7
= X L-

Ct.

HFAHSIC

high-norm
E.

= O

o

Off ofsf ZHokEt,

;- Non-initial high-norm token= T2 ‘<s>’, ‘\n’, .’} €= = A2 T3 =L}

. P . o . -

:': Non-initial high-norm token2| &2 self-attentionf F2tS}L}.
o 1007 o 3670.0 o :
21031 'L TS, %1000'
K] : 357, e
2102 "\n': 75.5 111.2 E Trained Tokens e
% 109 — a::’.d 5001 Random Embeddings (sorted)
g 101 & 250/ :
[=] o
z 100 . ; . . . ; . pat 0 p ; . . . . .

0 5000 10000 15000 20000 25000 30000 0 5000 10000 15000 20000 25000 30000
Token ID Token ID
<Fig9. Self-attention= AAHot = = (& 1)> <Fig 10. Self-attention= HAoH £ YU (A 2)>

ﬂ B THED

SOGANG UNIVERSITY

14



)

Wang, Haoqi, Tong Zhang, and Mathieu Salzmann. "Demystifying Singular Defects in Large Language Models." arXiv preprint arXiv:2502.07004 (2025).

Singular Defects?
» Trigger: The Explosion Subspace

- 2N oE

Norm2| H2IE FH S A1} FENO| M norm?| L& AR 2 747 liehE 2
- 23 1. Leading right singular vector2f norm2| 24|
FFN(x) =~ Fx
-7 A" A0 Oot, F = Uy vTet 20| SVDE HE
- SVD2| leading right singular vectorO| A 7 2 StA normO| ZH 5= WS 2HE

A 2. Token2| 2| X|0j| [FE explosion subspace component

- x 7} leading right singular vector2| 1A el &2 St 2 BEHE 5= = componentE F7H

- Initial token2| 4% component’} 2-& 1.5 O| & 2| 2 4/
= o
- Second token2| &% component’t £-& 0 O|5t2| &2 £}
Z .
i li;aid‘i;“ri ht singular vector 2
w4000 | TG MITHLSING e £
g 'g 1 Initial Position
20 2000 &é Second Position
s &}
g o -
0 1000 2000 3000 4000 0 5000 10000 15000 20000 25000 30000
Right Singular Vectors of F Token ID
<Fig 11. F2| SVDO| LBt right singular vector > < Fig 12. Token | X|0f| [T}& component & 2>
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1) Wang, Haoqi, Tong Zhang, and Mathieu Salzmann. "Demystifying Singular Defects in Large Language Models." arXiv preprint arXiv:2502.07004 (2025).

Singular Defects?

 Trigger: The Explosion Subspace
- &2 3. Explosion layer2| &M layerO| CHSH FEN K| A
- Layer 10{| A FFN2| explosion subspaceZ Al| 42t £ norm &7
- o™ Ao}, OpX| 2 layerE M| 2|2 LI X| layerOfl CHSH high-normO| 25 A gt

- &, Layer 12| FFNO| high-norm®| trigger &&= oL},

25

N <Fig 13. Layer 12| FFN2 XA} 2 2| norm FH >
"=

oot

SR

- 1) High-norm token<= FFN2| leading right singular vectorOf| 2|5l ‘&4 Sk,

- 2) High-norm token2| trigger explosion layer2| &% layer2| FFNO| L},

ﬂ A%l 3.',‘-‘1‘- VDS
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OffQ: Taming Structured Outliers in LLM Quantization by Offsetting
[arXiv 2026]
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OffQY

* Problem statements
- LLM quantizationOf| A] activation outlierOl| 2|2} quantization difficulty 7} =X

- Smoothing : SmoothQuant, AWQ, Outlier Suppression, OmniQuant, ...
« ActivationO]| scaling= & -&95}0] weight2 quantization difficultyS 2 O]

- Rotation : QuaRot, SpinQuant, ParoQuant, ...
-+ Activation outlier/| 2 St= x| 2 2 flattenSt O] L& i3}

- Smoothing, rotation 2| HEHE L outlier = &

20(3

300
20%)“3(\

| e”"Q’/&mxl’ccom) 0 ; ' P2 %0000~ 200
3 \
'._ intermediate actlvatlon .. intermediate actlvatlon

) . < Fig 14. Rotation & 22| T+ outlier? >
» Key contributions

- Activation outlier/} low-dimensional subspacel| 8= &«

- Activation outlierE S8 X 20| SA|7| =& o £, quantization parameterOi| SA|Z

L o d
El't E = E'II-

rr
ot

- Zero pointOfl SA|Z 2 EM outlierd| 2|2t errorE 2t}

ﬂ ST
18
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‘Wang, Haoqi, et al. "OffQ: Taming Structured Outliers in LLM Quantization by Offsetting." arXiv preprint arXiv:2606.07116 (2026).
Chen, Mengzhao, et al. "Prefixquant: Eliminating outliers by prefixed tokens for large language models quantization." arXiv preprint arXiv:2410.05265 (2024).



1) Wang, Haoqj, et al. "OffQ: Taming Structured Outliers in LLM Quantization by Offsetting." arXiv preprint arXiv:2606.07116 (2026).

OffQY

» Methods

« Low-dimensional structure
- Singular defects2| &A1 0]| [t2}, outlier= 1 XM 25 ZH0] 2|5 X|HY &

-0l &, outlier2| FE2& 2| =2 A2 HHM M EO0| ot S8 2o ol X|ui &= 2|olet

40

20

o T
—20
0 1000 2000 3000 4000

(a) Token X & R*!*4096

< Fig 15. High-norm token2| channel-wise distribution >

- Top-1 PCA
- Outlier®| 23 7t2 =&517| 2l8H, normO| 71 & top-1 token= =010 ME +4
2: X € RV, N: S =, D: AR
- Covariance matric COl| C{SI] eigenvector decomposition (EVD)E M &
C = ﬂ = UAUT
N
- Leading eigenvector (U2] KR )2 outlier2| Z|Cf 24t2 LIEIL = HS LHE

R A%l 3.',‘-‘1‘- VDS
S —_—
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1) Wang, Haoqj, et al. "OffQ: Taming Structured Outliers in LLM Quantization by Offsetting." arXiv preprint arXiv:2606.07116 (2026).

OffQY

» Methods

- Concentrate Outliers
- Eigenvector matrix U+ outlier2| £ 4= LIEfL = kS et

- mekA] ofell =412 MESHH XE outlier?| 24t LIEHL = S 240 FESHA &

Xro

t
- Leading eigenvectorQ| outlier2| Z|CH 24t & 20| LHZLE|O] Q2B E | outlier/t X HR X{ 2 0f| T O| E

40 20

20 0
—-20

o T
—40
-20
—— Rotation by PCA
—-60 —— Rotation by Top-1 PCA
0 1000 2000 3000 4000 0 1000 2000 3000 4000

(a) Token X € R1*4096 (b) Concentrated X o

<Fig 16. Top-1 PCA ®-& A| outlier channel2| concentration &1} >
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1) Wang, Haoqj, et al. "OffQ: Taming Structured Outliers in LLM Quantization by Offsetting." arXiv preprint arXiv:2606.07116 (2026).

OffQY

* Methods
- Absorbing Outliers by Offsetting

- Hadamard matrix H= €& 2| rotation matrixO|H, H, . = [1,1, ..., 1] 2 H2[ &

- [2rA], Ofell =42 HESHE HHM {20 S E0 U outlier’t 2= HEYH oS ZHIE

XrotH
Xhaa = :/05
-Ex)H = [1 _ﬂ:Xrot = [x1,x,]
XrotH _ [X1+X2 X1—X3 —|*1 X2 _X2
0t Xpga = NG [\/5’ V2 _\/E+[\/§' V2

Offset  without outlier x;

- Group-wise Offsetting
- Offset®| & StLIC| M E T BSAE &= /US
701

-2, 2 X2 2 group 2 2 | per-group offsetting & quantization =

0.0

-0.5

-1.0

-1.5

-2.0
0 1000 2000 3000 4000 0 1000 2000 3000 4000

(c) Permute to 4 groups (d) Group-wise offset X4

R Ay k-Ln < Fig 17. Group-wise offsetting & A| offset =& > VDS
SOGANG UNIVERSITY 21 e



1) Wang, Haoqj, et al. "OffQ: Taming Structured Outliers in LLM Quantization by Offsetting." arXiv preprint arXiv:2606.07116 (2026).

OffQY

* Methods
- Quantizing an LLM with Activation Offsetting

Attenti FFN
[==laan) EBEE)

T T T
o) EEEEE

] @]m) 0 -0 EEEEED)
arnEn,
EEERE 1

I:IQuantization D D [:] D Merged weights Online Hadamard Merged Hadamard Top-1 PCA rotation Permutation @ Random rotation

<Fig 18. OffQ Z2f Y ¢ 3 >

- 1) Activation2| 84|12t =&

N

.= Top-1 token =&, covariance matrix C A4, top-1 PCA H|AF

- 2) Rotation, Grouping, Offsetting X-&
:': Top-1 PCA Rotation, Grouping, Hadamard Rotation, Offsetting
- 3) Weight quantization & &

;- GPTQ WA © 2 weight quantization 2

R AW THEE D VDS
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1) Wang, Haoqj, et al. "OffQ: Taming Structured Outliers in LLM Quantization by Offsetting." arXiv preprint arXiv:2606.07116 (2026).

OffQY

« Experiments

- Quantization results

Method 3-8B 3-70B 3.2-1B 3.2-3B 2-7B 2-13B
etho
PPL 0-shot® PPL 0-shot® PPL 0-shot® PPL 0-shot® PPL 0-shot® PPL 0-shot®
le-bit 6.1 67.09 2.9 7309 9.8 5486 78 6273 55 6415 49 6645
GPTQ 166.3 39.79 11655 3490 108.9 37.98 178.3 40.34 9600 38.89 3120 35.83
QUIK 142 51.60 8.0 58.15 21.8 4430 158 4874 175 5699 6.8 60.21
QuaRot 7.8 62.10 57 6756 14.3 49.01 10.1 56.06 6.1 60.75 54 63.80
g SpinQuant 7.4 63.76 6.2 65.68 13.6 4878 92 5789 6.0 6098 52 06438l
E DFRot 791 62.35 5.03 68.98 — — — — 6.25 60.97 5.43 63.83
KurTail 72 6463 42 70.69 129 50.11 9.0 59.04 59 6131 52 65.18
OSTQuant 7.29 64.70 4.01 71.16 — — — — 591 62.11 5.25 64.19
ResQ 7.1 6391 4.1 71.14 124 50.11 8.8 5899 58 6195 5.1 6525
OffQ 6.98 65.49 3.88 70.63 12.32 5091 8.78 60.80 5.77 61.99 5.11 65.25
1.5B 3B 7B 14B 32B 72B
Method
PPL 0-shot® PPL 0-shot® PPL 0-shot® PPL 0-shot® PPL 0-shot® PPL 0-shot®
le-bit 9.3 6085 80 6381 68 6845 53 70.61 50 7044 3.9 7341
wn GPTQ 25770 35.21 9978 35.10 13594 34.85 5100 36.93 3891 38.53 37967 34.54
(;] QUIK 6614 35.81 15.5 51.19 260.3 41.48 10.5 57.66 9.6 59.08 83 61.90
QB) QuaRot 6600 38.33 68.8 47.76 4036 38.36 6.8 67.14 6.1 6790 49 70.28
<O ResQ 12.5 5526 9.0 61.13 82 6529 6.2 69.16 56 6955 4.6 7198
OffQ 11.35 57.53 8.98 6147 7.66 66.16 6.07 69.20 5.52 69.59 4.29 72.68

< Table 2. Quantization M -& A| A& A1} >
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1) Wang, Haoqj, et al. "OffQ: Taming Structured Outliers in LLM Quantization by Offsetting." arXiv preprint arXiv:2606.07116 (2026).

OffQY

» Experiments

- Ablation study 1
- 1) Top-1 PCAZ} Ol base PCA &

- 2) Grouping®! [}, ‘d & X 2 O sorting =M & zigzagE M &

- 3) Random rotatione YTt &

PPL (0-shot
Ablation — -

Wiki ARC-c ARC-e BoolQ HellaS OBQA PIQA SIQA WinoG Avg.
OffQ _________ 698 5068 7744 8043 76.96_43.80 7889 45.96 69.77 6549
Without Top-1 Selection 8.27 47.78 7399 77.95 74.24 41.20 77.58 43.09 69.22 63.13
Zigzag Grouping 7.03 4940 75.38 79.72 76.30 43.20 79.00 45.29 71.27 64.95

Partial Random Rotation 7.00 47.53 7433 79.33 76.40
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