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Methods
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Metric Definition

* v: Ground Truth

» z: Prediction

« Accuracy: @i = 7 x > [yk =2),i € {0,1,2,..,d — 1}
e Variation Rate: 8; = a;/ai—1,1 € {1,2,...,d — 1}

« Jump Point: J(M,D) = min{%} st B; >= 1.1, i € {1,2,...,d — 1}
« Converging Point: C(M, D) = max{%} s.t. |8; — 1] < 0.03, i € {1,2,...,d — 1}
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(a) The converging point of each dataset on Gemma, LLaMA, and QWen represented by the percent depth proportion.
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Methodology
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Methodology

Background

(] (c) FFN value neurons

() (a) FEN query neurons
[\ (b) attention neurons
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Figure 1: (a) Query neurons in shallow FFN layers. (b)
Attention query/value neurons in attention heads. (c)
Value neurons in deep FFN layers.
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Definition

hl = x (residual vector) + v (crucial neuron vector)

Before Softmax: bsl, = ey, - =

Ew: w?™ row of the unembedded matrix E,

bs(z) = [bs?, bs3,...,bs. , .., bsp| bs(x + v) = bs(x) + bs(v)

Probability Change: p(w|z 4+ v) — p(w|z)

exp(bs;) e®”

Eleewp(bs;’) B Eleeei'f”

p(w|z) =
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Probabil ity Cha nge H|AFO|A|  Probability Change: p(w|z + v) — p(w|z)
Assume:
e bs(x)=[1,2,3,4]
e Corresponding probability distribution p(z) = [0.03,0.09, 0.24, 0.64]
1. Define v:
bs(v) =[1,1,1, 3]
2. Calculate bs(z + v)
3. bs(z +v) = bs(z) + bs(v) = [1,2,3,4] +[1,1,1,3] = [2, 3,4, 7]
4. Compute the new probability distribution p(z + v):
Apply the softmax function to bs(x + v):

exp(2) = 7.389 exp(3) = 20.086 exp(4) = 54.598 exp(7) = 1096.633

Sum of exponentials:

7.389 + 20.086 + 54.598 + 1096.633 = 1178.706

New probabilities:

exp(2 . exp(3 .
p(l|z+v)= 11718).(7())6 = 11773.87906 ~ 0.0063 ~ 0.01 p(2[z+v) = 11718).(736 = 1%389386 ~ 0.0170 ~ 0.02
exp(4 . ~ _ exp(7) __ . ~ ~
p(3|z+v)= 11718].(736 = 1?%8??36 ~ 0.0463 ~ 0.05 p(d|z+v) = 1175.(736 = 1232_%2 ~ 0.9304 ~ 0.93

Therefore, p(z + v) = [0.01, 0.02, 0.05,0.93]
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Distribution Change Analysis
e 19|9| =2 HlIE (v) MEHSHA| probability change g3t =49I

Probability Change: p(w|x + v) — p(w|x)
bs(x)=[1,2,3,4]

Corresponding probability distribution p(z) = [0.03,0.09, 0.24, 0.64]

bs(v) bs(z + v) p(x +v)
1,1,1, 3] 2,3,4,7 [0.01,0.02,0.05,0.93] [1,1,1,3]1&[3,1,1,1]01 M & &= A X 0|,
_ _ _ —— _ ve| H&2 distribution0f| 7S X[ &
3,1,1,1 4,3,4,5 0.20,0.07,0.20,0.53, Iz 702 MZIsiE & 9/S

6,4,4,4]  [7,6,7,8] [0.20,0.07,0.20,0.53]
6,2,2,2]  [7,4,5,6] [0.64,0.03,0.09,0.23
—[6,2,2,2] [-5,0,1,2] [0.00,0.09,0.24,0.67

Table 1: Probability distribution of p(x + v).
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Experiments

Experiment - Attribution Method H|1?

« GPT2-large, Llama-7B Al
« T/FE 291 Tt 4 Q1= TriviaQA C|O|E{All At

- CIIOJE{AlIO)| = 2MISS TEH Al
« DEIO| FENO|| 29| ZQ £ =210|8t &~ Ql= 7JIX|Q| L2 HIHES M2 A|2
° 7|1—C

« %= top 10 probability 2tof| 10
« 242 JtE|D2|2| CtE EHHELCE =2 probability

« GPT2-large: H|O|E] 1,3507H
e Llama-7B: G|0|& 3,1417H
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Attribution Method

len(methods)
eval_metrics

7
['Mean Reciprocal Rank', 'Probability', 'Log Probability']

for s in sentences:
for m in methods:
neuron = m.top_10(s)
for e in eval_metrics:
e.eval(neuron)

a) (proposed method) log probability increase: log(p(w|mv' + A! + h!™1)) — log(p(w|A! + A!71))
b) log probability: log(p(w|mw')), which attributes the same neurons with p(w|muv')
c) probability increase: p(w|mv’ + Al + hi71) — p(w|A! + hiTY)

d) norm: [v!|

e) coefficient score: |m|

f) ranking in vocabulary space: 1/rank(w)

9) [m| x [v'|

h) |m| x 1/rank(w)



Experiments

H| i Z 1t
a~h S ALESH0 top1omH &L, &
7|1& A1} (0)0f BISH HEF 2| d5 M7t €0 k=
GPT2-large Llama-7B
MRR prob logp MRR prob logp
o) 0361 7.1 -3.15 0.551 215 -2.24
a) 0201 34 -406 0312 9.2 -391
b) 0214 36 -391 0339 108 -3.35
c) 0219 3.7 -392 0.345 10.0 -3.57
d 0363 7.1 -3.14 0.549 213 -2.25
e) 0439 8.6 -3.10 0529 229 -235
f) 0306 5.8 -340 0493 181 -2.49
g) 0394 8.1 -3.06 0.523 22.6 -2.39
h) 0232 40 -380 0.389 13.0 -3.06

Table 2: Results of attribution methods on two models.
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Figure 2: Neuron distribution on all layers in Llama-7B.
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Experiment - Knowledge Exploration
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top10 important layers

lang  asge, aso, asz, az2, asi, ass, a3, azr, 19, 423

Experiment col a3, f32,a33, f29, f31,a31, a2, f33, fos, a2z
num  fo9, fo3, for, f30, f31, f26, f32, a23, a2, fos

pL| capi  asgg,ags, aso, a5, 422, f26, f28, @19, f27, f30

Knowledge Exploration &2 oty asr oy g, o g5 oy 1

mon a7, Az, f26, a25, f30, @28, 24, A22, 30, for

lang  ag3,a91, fo1,a19,a18, a31, ass, aie, f20, f19

o col  fag, a0, ann, az, aiy, ass, aie, 29, a1s, fos

. A FEN 410i9)2
tte ntlo n M (] num  f31, fo6, f29, for, a2e, f23, fo4, @28, f17, f30
EE E‘”OlO‘lO‘” X|A| -|I|'E| capi  ags, fa1, f22, a18, a2s, a21, f19, f20, a16, f24
(] cnty a3, a1, azs, f22,a18, @19, G16, f21, f31, a31

mon  as1, a19, f19, @16, f31, @23, azs, f30, f17, f18

Table 4: Top10 important layers in GPT2 (first block)

° Attent|on0'”A-| — |:|| SemantICO| Xl I% and Llama (second block).

type top10 heads

— . 6 17 .7 11 ,0 .9 13 17 13 2
H | é OI- Atte ntl O n H ea d O'Il O-I O I o lang ago, a%6, Q%G,a/?g, a%g,a%%,a%5’ 0%2) a%églaa/%g
A col  a3s, agy, agg, azy, G33, G35, A3g, Agg; A32, Aig

num  a33, aj;, ass, iy, ady, a3, a3y, a3g, a3a, 35
capi agﬁa agm a%g’ a’%g’ a%‘;’, a’%g’ CL(1)97 a%g’ agg’ ail’é
cnty agG’ ago» a’%;a aéga a%gv a’:%a a(1)97 a%ga a’gl’ a%g
mon a§7, a567 a%%, a%g, ‘I%o, agS’ aég? a%;, 0%3, a‘i’7

lang a3, aty, a3y, agg, a3g, Aig, A3y, 53, A1, AT8
col a%g, a%g’ a%) a167 a%;’ a%év a%g’ a%g’ a%4’ a?4
num 6y, azg, 433, agy, a5), a1y, afg, a3, avy, o,
capi a'%ga a%g)’ a’%g’ a’%?? ail)’ a’%Sv a’16’ a?& a’%l’ a18
Cnty a’%%ﬁ a‘El))Sl)’ a%ga a'glv a’%i” a%ga a’%S’ a’?& CL%%, aég
mon a%?’ a(1)6’ a%%’ a'%gv a%g’ a%B, a31, 19, A14, a%o

Table 10: Top10 important heads in GPT2 (first block)
and Llama (second block).
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