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Background

What is Mechanistic Interpretability?

. LLMO| 7|2 X0l % dEAlS Ofsfisle He EEE &
=>

 Black Box System Transparent System

Key Components
» Neurons: FFN2| 7[& A4t EHE
* neuron(x) = oc(wTx + b)
[(H2tA num(neuron) = num(parameters)
« Features: NN representation2| 7|& TH2|
« e.g. coding ability, golden gate bridge
« Circuits: 57 featureg Td5l7| {5 &2 2E5t= neuron 15

« Subgraph of neurons within a neural network that works together to perform a specific
computational task or algorithm

» e.g. Sequence continuation circuit, Edge detection circuit, coding circuit, golden gate bridge circuit
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Background

Why Mechanistic Interpretability Matters

Core Benefits
o« Ha2tA OIS 7t OtLl Causal Understanding 7ts
« =5t model editing 7Hs
- O 22 2E O[3 E S5t Al safety SF4
« O SX &L trustworthy ot LLM 72 Jts

Current Applications
» Training phenomena O[3} (grokking, memorization)
Transformer architecture L{§ 24

o Lt2 model debugging tool 7H&

Causal Tracing
Sparse AutoEncoders
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1. Comparative Neuron Analysis & & x|t
Aot = &

« Final model prediction”7}X| 2] internal Iogic chaing &
. Arlthmetlc abilityS 7tZ! FFN neuron= HFE &= Z40| OtL|2}, O| & triggerdt= attention
head £ H &= 4
2. Arithmetic Ability= Attention Head SH7HBtO| kst
« Z} Attention Head”7} E&38}l= Operation0| M2 CHE
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Arithmetic Heads in LLMs

Attention Head Intervention

L,

Al
== 3

« Llama-7B (32 layers * 32 attention head for each layer = 1,024 attention heads in total)

« Arithmetic evaluation dataset X%} (47}X| subset (+ - * /) £1,6007H)
+ Attention Head=2| Lt2t0|HE $HHO| SILIAY 022 damage AlZ] & accuracy 7 (1,024 * 1,600 H)

8 Arithmetic Head?2| =X =9

« 5749| attention headO|2|2| LIHX| 2= headE SUMZ M= 0.01-2% accuracy

2t

« 571 9] attention head=
o £, O] attention headE O]

O{OHZ2
HA AN =2

ol =L
OOI:E T —

t

M=10% S=00A 21.4%7H K| accuracy/t &2
ALO| ME CHE

X OF
O Lo

0| &£ attention head= &S

+ 1,23 Digit0| A 25 A4H0f| S&F=

« HME futu ori

1722

15°

1419

1523

16!

all 74.8
2D+ 96.8
2D- 944
2D*  56.6
2D/ 514

534
42.9
72.3
50.5
48.2

62.1
83.2
84.6
50.9
29.5

62.7
92.5
93.2
51.3
13.8

68.1
89.7
86.5
52.3
43.8

68.7
91.6
79.1
56.9
47.1

1722(+) 172%(-) 208(*) 149

ID  46.5 62.2 6.8 54.9
2D 584 52.6 11.2 71.8
3D 525 56.9 8.1 532

Table 1: Accuracy (%) when intervening different heads. Table 2: Accuracy decrease (%) in 1D, 2D and 3D.
"ori": original model. 1722: 22th head in 17th layer.
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Comparative Neuron Analysis

o 1722 headZ} Sl /idl0)| FoksS BEO| =LHOAM ELHX| BE11, 1722 headE Bl0i= A O
2o Fers[ oftr FeE TR X
» Attention Head= arithmetic ability0f] @&& == FFN neurong activateA|7|=
Aol =8
- 0|2{3t FFN neurong &£ B 0| CNA
- Ot =& S35t7| #ldf Fof 2es T

CNA

- CtE A& AFE1F 5Y9E Importance Score &
» Importance ScoreE T+ot= HHEE CrE2A &

- PTE St LOi2f0[HE & A|7|L 1 Ti2t0|E Q| joss 442 E+&= ZA0| Ot
. Eﬁf%ﬁ”l'ﬂ% =M A7|1 Inference & W, ZE EFH 9| |og probability B2t 2 importance scoreZt1l
Mo

- Attention Head &=4&0| @l= original modell} Attention Head= &=4&A|

—
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Feature Predicting via Arithmetic Heads

. Attent|on Head+= arithmetic ability0] @22 F= FFN
neurons activateA|7| = °4°*0|Ef_' =&

= 1722 headS =oAlZl B2 S arithmetic query=
inference Ali’ig [ 2| neurone =
7t% Importance Score? & neuronOI
28 Hd/ed sEHE JHX[D Q1= neuronO|Ch
= 172 head& &dA|Zl ZES "3 + 5 ="&
inference A|Z12 2| neurons &

7t Importance Score?t 2 neuron 285,01 O| neuronO|
A /My s8HE 7K 2 JA=X| 2215H7] {5

1. Unembedding matrix2 &5t top 10 token=2 22!
« M5 81t ZHAEl token
2. Original model (attention head £&f x)0l|A
283606 Neurons= S0 1 accuracy & 3
 mask top 99 7 23t 9971 9| neuron &4 => accuracy 100% &2

* keep top 99 7 SR%t 997l 0[2|2| 2= neuron &4 => accuracy H4

e
-1 O

=> top 997H2| FFN neuronO| CHE-2 2| i dl /i M Ehbet

fujo
olX

3

FFNv mdl imp coef toplO tokens

283606 ori  0.82 6.21 [8, eight, VIII,
283696 1nv  0.13 0.95 huit, acht, otto]

257164 ori 0.31 8.44 [six, eight, acht,
257164 inv  0.07 2.08 Four, twelve,
six, four, vier]

195769 ori  0.20 3.79 [eight, VIII, 8,
195769 1nv  0.06 1.28 III, huit, acht]

Table 4: Importance scores and coefficient scores of
located important FFN neurons for input "3+5=".

top99 topS0 top30 top20 toplO

mask 100.0 96.0 89.5 86.8 684
keep 3.9 7.8 13.2 184 38.2
coef 49.1 60.4 67.2 72.7 77.1

Table 5: Decrease (%) of accuracy and coefficient score
on all 1D+ and 1D- cases when intervening and keeping
the most important FEN neurons.
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» & =20t Y5 ‘Arithmetic Calculations 7HS 5t 3PE %Ol AL, Ol= B
ttention Head& £ (<5%)2!510] LIEICHE AHOF WHCHD
« 7| MLPE Lf2t0O|E/72 TH2[7t ofL| 2t A MLP 20| E A?:.
« F7IE, 0|2{Tt MLP/Attention Head=& EfE datasetEO| transferbility7} LIEFL}LD
AMX|0] CHE EfAA R E transferz|= AR7F QLD T
 Arithmetic Calculation= 7}s5HA ot= MLP/Attention Head2HS fine tuning A|7|H,
fE+EHA—__-L°| M52 S X|5FHAM Arithmetic Calculation?] A58 =0|= ZO|
tsetE HOE



Interpreting and Improving Large Language Models in Arithmetic Calculation

Methodology

et =20t 5%'3}71| KHA| Arithmetic Evaluation Benchmark
| OTETA A=

OTE A

< L

Arithmetic Comgutation% CHEoh=
AHR} MLPE &7\ RISl path patching A&
 (Sender -> Reciever) &4 £ Ojetst=0
A2 E|= Causal Intervention Technique
Reference/Counterfactual data®| AH activation 2} Ar, Ac =&

+ Reference data Xr: 3 + 5 =
 Counterfactual data Xc: 3 < 5 =

for n in AH: replace Ar(n) with Ac(n)

For logits(z), Log Probability log P(y,) = Z; —log(¥; e*/)

Path Patching £ &2
LIHX| AHE S0

=
« n9| activation Zf= XcO| CHS activation 2f=2

OF!

Output logite| Bzt SESHY Hot 0| 7k 2 nS Key Head2kal

e)(ll-leadgf %'XLE a0l 30
= AS BEAF7| &S mean ablation ALE
AOZ HZ
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! Hard
fin ;

Counterfactual data Xc

Calculate outputs with
hard interventions

Gather activations given Xr Gather activations given Xc

Figure 11: A case illustration of the method “path patching”. It measures the importance of forward paths (i.e., the red lines
that originate from Head 0.31 to Output) for the two-layer transformer in completing the task on reference data.
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Identification & Verification of Key Heads

. @Y
* Logit change?t & AHE 27t &S| HZ = B
- Key Head: logit change < -5% i .

u
d Llama2_7B 7|_7||_<_ 300 5 10 15 20 25 30 ¥

MLP

¢ Key HeadE E'H _I?I__lbll__ %?_l- E | Ol O-I O-” % (1 _1 7) Figure 2: We cond:itadpath patching experiments on
i

LLaMA2-7B across four mathematical tasks, by search-

° Key M LPE 'I 7 I:II_-I M E." Ol O-I Ol II_-|77|- | E %1 ok E__=|I Ol S| '(')';I = |:|- 'I 7 I:II_-I RH ing for each head and MLP directly affecting the logit of the

right answer. For each head/MLP, a darker color indicates a

O | _é_?_ E-I E‘c‘)l: % %:l -CICS)I:% 77| E larger logit dj:f[]enjenceofrom the model b;cfore patching.
* Key Head?} QHfE | 2O 2= verifydt?| {5l top k head? RV
mean ablation 212 75'1'} random headE mean ablatlon ot A0 =7
H18 accuracy?t 248 R
e T:)p-ksheaéls e

Figure 3: The influence on prediction accuracy after knock-
ing out top-k attention heads that are sorted by the effect
of each head on logits (“effect-rank™), and knocking out
randomly-sorted top-k heads (“random-rank™).
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Identification & Verification

Y =R TS ANE EX key 2| uns
headE %75' odﬁ"% %H:ol' (S AMP)E Y NF=]
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q
2302

of Key Heads

o 22 task®| unseen dataset

[ 0| =, Key Head7}

2=l BEO| gccuracy/t HO{ A

Transfer to other dataset (after knockout)

e
" ”“‘L——_—
of
o | — Transfer to other dataset (before knockout)
]
| » Input: Danny has 12 bottle caps in his collection. He
equat m (PoratorFicads J— m Qporator Heads Sfound 53 bottle caps at the park. How many bottle
Operand Heads Operand Heads caps does he have now? The answer is
b 1311,1222) o - 1311,12.22) 60.99%
% Next token: 6
0.0 0.1 0.2 03 0.4 0.0 01 02 03 0.4 05 H TS 339% 0.54% 0.22%

Attention Scores Attention Scores

» Top-5 prediction probability: BER ugn ugn ugn age

> Input: Danny has 12 bottle caps in his collection. He
Jfound 53 bottle caps at the park. How many bottle
caps does he have now? The answer is

> Next token: 5 este

’_| 723% 659% 2.75% 1.60%
» Top-5 prediction probability: -
p->p P y: “g”  v1v Ut 2" 3"

(a) Addition (b) Subtraction

¥ Input: 281 + 135 =
> Next token: 4
» Top-5 prediction probability: ign uge upe

» Input: 281 + 135 =
330% 27.15%

> Next token: / ] 70% 6s5% saws
» Top-5 prediction probability: wgn ugn uge g uge

» Input: The war lasted 5 years from 1723 to 172

87.65%

> Input: The war lasted 5 years from 1723 to 172
» Next token: 3

» Top-5 prediction probability: =
ugn ugr ugn ugn ugm

19.69% 19.69%
1271% §.73% 8.67%
B =@ =

“r » Next token: §
- - H 754% 3.79% 0.54% 0.22%
and » Top-5 prediction probability: R
ign ugn ugn ugn egn
{8}

Operator Heads > Input: 4.2 plus 2.5 equals to

Opemmr Heads

equals —14.2,11.8) equals 142,118
Operand Heads Operand Heads 91.70%
to - 1311, 12.22) to _1311,12.22) » Next token: 6 207% L59% 0.95% 0.80%
H 207% 159% 0.95% 0.80%
00 01 02 03 04 05 06 0.0 0.1 0.2 0.3 0.4 05 " icti ility: —
» Top-6 prediction probability: gy .7v s wgn g

> Input: 4.2 plus 2.5 equals to
» Next token: /
» Top-5 prediction probability:

1880% 17.98% 15 3204 11.58% o839
S O |

ugn ugr ugn apn

(c) Multiplication (d) Division

Figure 4: After knocking out the key heads, LLaMA?2-7B

Figure 5: The attention score distribution of key heads
across four calculation tasks. The key heads (e.g., 13.11,
14.2) attend to number operands and calculation operators.

predicts incorrectly on the cases of SVAMP dataset and
other data formats of multi-digit integers, rational numbers.
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Precise SFT
* Llama2-7B, Llama2-13B top 32 key headOfl CHSHA Bt =&+ HO|E{ M S 2 SFT

Table 1: Overall performance. We evaluate the capabilities of LLaMA2-7B and LLLaMA2-13B, transitioning from generic
tasks (e.g., MMLU and CSQA) to mathematical tasks (e.g., GSM8K, AddSub, SingleEq, and SVAMP). Supervised fine-
tuning across the entire parameter set (denoted as Full SFT) leads to enhanced performance in math-related tasks, albeit at
the expense of its capabilities in generic tasks. In contrast, selectively tuning only the parameters of 32 critical attention
heads (denoted as Precise SFT) yields comparable improvements while preserving the model’s proficiency in generic tasks,
with faster training speed (samples processed per second) and less tuned parameters.

Mathematical Tasks Generic Tasks
GSMSK AddSub SingleEq SVAMP MMLU CSQA
Models Train  Tumed 0 A Acc. A Acc. A Ace. A  Ace. A Ace. A
Speed Params.

LLaMA2-7B - - 146 - 30.5 - 654 - 347 - 46.0 - 59.8 -
+ Full SFT 15sam./sec. 6.7B 24.6 +10.0 53.7 +23.2 68.2 +2.8 50.3 +15.6  40.5 -5.5 54.0 -5.8
+ Precise SFT 50sam./sec. 0.07B 274 +12.8 50.6 +20.1 69.7 +4.3 55.8 +21.1 464 +04 59.6 -0.2

LLaMA2-13B - - 28.7 - 337 - 76.6 - 457 - 54.8 - 67.3 -
+ Full SFT 8sam./sec. 13.0B 446 +159 62.2 +28.5 79.8 +3.2 62.8 +17.1  50.2 -46 62.0 -53
+ Precise SFT 34sam./sec. 0.08B  46.3 +17.6 61.1 +27.4 82.2 +5.6 66.6 +20.9 55.0 +0.2 67.2 -0.1
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MLP Layer@
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2t Al7]

o] &d

Attention HeadS 1} O| AHS
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