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THE SUPER WEIGHT IN LLMs

= Contributions
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THE SUPER WEIGHT IN LLMs

= Contributions
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THE SUPER WEIGHT IN LLMs

= Super Weights
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THE SUPER WEIGHT IN LLMs

Mechanisms of Super Weights
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THE SUPER WEIGHT IN LLMs

Mechanisms of Super Weights
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THE SUPER WEIGHT IN LLMs

Mechanisms of Super Weights
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THE SUPER WEIGHT IN LLMs

= Super-outlier Aware Quantization
* Round-to-nearest Quantization
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THE SUPER WEIGHT IN LLMs

= QuantizationOj|A OutlierS &= A& 2 S2}?
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THE SUPER WEIGHT IN LLMs

= Super-outlier Aware Quantization
* Quantization with Clipping & Restoration
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THE SUPER WEIGHT IN LLMs

= Experiments

*  Super Weights
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THE SUPER WEIGHT IN LLMs

= Experiments

« Super-outlier Aware Quantization

PPL (]) OLMo-1B OLMo-7B Mistral-7B
Wiki-2 C4 Wiki-2 C4 Wiki-2 C4
FP16 10121009  12.31goowy  7.51 goowy  9.5200%)  5.25000%)  7.75 (100%)
Naive WSAS8  10.79 %) 12.84 (0% 8.70 0% 10.41 (0% 5.32 0%) 7.83 0%)
Ours 10.23 (84 12.52 0%  7.8076%) 9.72 78%) 5.31 (74 7.81 (25%)
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THE SUPER WEIGHT IN LLMs

= Experiments

« Results
PPL (]) Llama-7B Llama-13B Llama-30B
Wiki-2 C4 Wiki-2 C4 Wiki-2 C4
FP16 5.68 7.08 5.09 6.61 4.10 5.98

Naive WEAS 5.83 (0%) 7.23 (0%) 5.20 (0%) 6.71 (0%) 4.32 (0%) 6.14 (0%)
SmoothQuant  5.71 ¢100%) 712 100%) 513 (i00%) 6.64 (100%) 4.20100%) 6.06 (100%)
Ours 574 (75%) T4 82%)  S515¢71%)  6.66 (71%)  4.22(83%)  6.08 (75%)
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THE SUPER WEIGHT IN LLMs

= Conclusion
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Interpreting Arithmetic Mechanism in LLMs through Comparative Neuron Analysis

= Contributions

1D Operation= Memorizing = Ci| e %01 st
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Interpreting Arithmetic Mechanism in LLMs through Comparative Neuron Analysis

Interventions on Attention Heads
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ori  17%%2 159 14199 152 16!
all 748 534 62.1 627 68.1 68.7
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2D- 944 723 846 932 865 79.1
2D*  56.6 50.5 509 513 523 569
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Reasons Causing Accuracy Decrease

« 1D Memorization 2 2D} 3D YA kS =

« Headd|= 1D operation= ?

f Memorize \

Ex) 15+ 32 =47

-5+ 2 =72 ZA1e}
10 + 30 =40 9| Ax}
£ 7|5t sl &.

f Change-one \
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Interpreting Arithmetic Mechanism in LLMs through Comparative Neuron Analysis

1722(+)  17%2(-) 20"8) 14

ID  46.5 62.2 6.8 54.9
2D 584 52.6 11.2 71.8
3D 525 56.9 8.1 53.2

<H 2> 1D, 2D, 3D ¢4t M=t H|w

ol
MNE-

add sub multi divide

memorize  59.2 498 11.6 63.6
change-one 57.1 655 113 752

<H 3> Memorize vs. Change-one ¢4t M3t: H|W




Interpreting Arithmetic Mechanism in LLMs through Comparative Neuron Analysis

= Word Definition & Equation

»  Coefficient Score: £ =210] AXH =0 Lo B0t E-d=t=|U=2F?

my, = o(fely - (271 + AY)

FENS| AtHmy shZ 0| 240]0f== 2t

 Important Score: £ 0| £[& ==0 Ot 2| =71?

log(p(wlah ' + A% +my, - fe2})) — log(p(wlaf !
Coef‘tlcli:(gi:w?;lore
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Interpreting Arithmetic Mechanism in LLMs through Comparative Neuron Analysis

= Feature Predicting via Arithmetic Head

3+5

= 8 Afei| 2

- Coefficient Score?t 3|

SRoHFH2 CHEE FFN 24|0|0{0f| &

"8" ot 2hAEl EZ0| LEH.

- oliE =2 &2 0| Important Score

2EASH

(P

FFNv mdl 1imp coef toplO tokens
283606 ort 0.82 6.21 [8, eight, VIII,
283696 Inv  0.13  0.95 huit, acht, otto]
257164 ort  0.31 8.44 [six, eight, acht,
257164 mv  0.07 2.08 Four, twelve,
six, four, vier]
195769 or1 0.20 3.79 [eight, VIII, 8,
195760 1mv  0.06 1.28 [1II, huit, acht]

2 7] 0|2 9| Feature Predicting 3}




Interpreting Arithmetic Mechanism in LLMs through Comparative Neuron Analysis

= Prediction Enhancing among Deep FFN Neurons

top99 topS0 top30 top20 toplO

coef 15.8 14.8 12.5 9.5 4.4
<H 5> Top N7He| MEHX|O| }E Coefficient Score ZA2

- FZRotRHE F M H2 B2l H0|0{e] w0 FHYM S Ul Coefficient Score HAE H5H
- Top 99 RHOM 21 2 FHO| I USHH Coefficient Score 15.8% &4
«  Top 992} Top 502| F-&0f| JHYUSHE UH, Coefficient Score ZiA Z0| 4 2

- 52 2)|0|0{Q] 5210] Prediction Enhancing Stage2| A|2PH O 2 Zt=61910| 2.




Interpreting Arithmetic Mechanism in LLMs through Comparative Neuron Analysis

= Feauture Enhancing with Hidden Interpretable Shallow FFN Neurons

« 7 50008 EE & A i oty S

FFNv  origin attn transform
JHLEO JH O|AF IISHE |09 H;
H'=0| M7l O| & Zxetk|™ Hidden Interpretable 12,072 [rd,  quarters, [IIL, three,
NeuronO = &=, PO, Constraint, Three, 3,
ran, avas| triple]
119958 lenz, Trace, lis, [XYV, fifth, Fif,
vid, suite, HT, avas, Five, five,
ung, icano] abase, fif]
word "3" [rd, rum, quar- [three, Three,
ters, Af, EX- RGB, triple, 3,
ISTS, raum] triangle]
M=0 M=1 M=2 M=3 word "5" [th, esa, gi, AXI, [Fif, XV, engo,
number 51,980 10426 1,953 510 gal, ides, Inject, abase, ipage,
accuracy 98.7 68.4 539 434 san, IDE] vos, fif, fifth]

<H# 6> =8 mWetd|H 7R Al HMSH= Accuracy 442
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Interpreting Arithmetic Mechanism in LLMs through Comparative Neuron Analysis

Understanding the Mechanism of LoRA
« LoRA= 2 FFN F212| Coefficient Score

S 3ot 2F 0|52 =&

|0

=0l= 2=

Mgl

ori 9th 15th 16th 19th 20th
283606 6.2 3.6 63 39 57 41
%64 84 161 118 11.0 139 9.7
195760 3.8 92 7.7 6.1 51 3.8
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012345678 910111213141516171819202122232425262728293031
layer
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Interpreting Arithmetic Mechanism in LLMs through Comparative Neuron Analysis

= Applications - Model Pruning for Arithmetic Tasks

origin  LoRA9 LoRA9-p LoRA9-r

acc 62.9 89.3 82.3 17.1

<HE 9> Super Weight (SW) Amplifyingdi (2 d& F0|

«  CNA RIS ALEd T3 &% 5009 RS AlE 2, LIHX| RS

o
_-|o+
(@)
rE
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Interpreting Arithmetic Mechanism in LLMs through Comparative Neuron Analysis

= Applications - Model Editing for Reducing Gender Bias

total btas woman bias man bias

origin 1.26 1.45 1.08
edited 0.81 1.04 0.59

<# 10> CNAE &7gl Bias Reducing

«  "A'woman works as a"2t "A man works as a"0|A nurseE 0|F& =F0| 0§/ 0| TR Z U
o =&. [ P(nurselwoman) > P(nurselman) ]

- FFN 521 1984362 "nurse”, "secretary" & 2 2t EZ S X3

[oF

|.
- "woman" &= A| Coefficient Score 3.39

- "man" Y= A| Coefficient Score 0.14
o dE Wek0| U= 3270 At AEE 5290 1871 w2l O2t0|EHE 0= 274,

- HN| & 35.7% 24




Interpreting Arithmetic Mechanism in LLMs through Comparative Neuron Analysis

= Conclusion
«  LLME] Arithmetic 532 &7 O{HIE |=2t FFN FE0| HEE0 USE AHHC = 85 H.
«  Comparative Neuron Analysis(CNA)E E3f| RO LHE HHL|ZSS siAlst

« 0| 7|8t2 Z Model Pruning, Bias Reducingzt 22 20| 8¢
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