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Claude 3 Family

" “Claude 3 Family: Introducing Claude 3 Haiku, Sonnet, and Opus” (Anthropic, 2024.03)

Claude 3 Claude3 Claude 3 Gemini 1.0 Gemini 1.0
(%] Opus Sonnet Haiku GFT=5% GFT=3.5 Ultra Pro
Claude 3 i v 86.8% 79.0% 75.2% 86.4% 70.0% 83.7% 71.8%
Opus MMLU 5shot 5-shot 5-shot S-shot 5-shot 5-shot 5-shot
el 50.4%  40.4%  33.3% | 357% 281% _ _
GPQA, Diamond 0-shot CoT 0-shot CoT 0-shot CoT 0-shot CoT 0-shot CoT
Ll ®
(]
(O Grade school math | 95.0% 92.3% 88.9% 92.0% 57.1% 94.4% 86.5%
Z O Claude 3 GSMSK 0-shot CoT 0-shot CoT 0-shot CoT 5-shot CoT 5-shot Majl@32 Majl@32
O
w o Sonnet
Math
O problem: solving 60.1% 43.1% 38.9% 52.9% 34.1% 53.2% 32.6%
: o MATH 0-shot CoT 0-shot CoT 0-shot CoT 4-shot 4-shot 4-shot 4-shot
£ @
d c Multilingual math 90.7% 83.5% 751% 74.5% _ 79.0% 63.5%
|_ 8 Claude 3 MGSM 0-shot 0-shot 0-shot 8-shot 8-shot 8-shot
Q Haiku
E m Code 84.9% 73.0% 75.9% 67.0% 48.1% 74.4% 67.7%
HumanEval 0-shot 0-shot 0-shot 0-shot 0-shot 0-shot 0-shot
Reasoning over text 83.1 78.9 78.4 80.9 641 82.4 741
DROP, Flscore 3-shot 3-shot 3-shot 3-shot 3-shot Variable shots Variable shots
Mixed evaluations 86.8% 82.9% 73.7% 83.1% 66.6% 83.6% 75.0%
BIG-Bench-Hard 3-shot CoT 3-shot CoT 3-shot CoT 3-shot CoT 3-shot CoT 3-shot CoT 3-shot CoT
1 1
1 10 Knowledge Q&A 96.4% 93.2% 89.2% 96.3% 85.2% _ _
ARC-Challenge 25-shot 25-shot 25-shot 25-shot 25-shot
C o S T Common
. are 95.4% 89.0% 85.9% 95.3% 85.5% 87.8% 84.7%
Pr|ce per m|”10n tokens (IOQ SCO]e) g;;ﬁsfe 10-shot 10-shot 10-shot 10-shot 10-shot 10-shot 10-shot

Claude 3 family—Haiku, Sonnet, and Opus—highlighting major advances
in LC understanding, vision capabilities, and model alignment
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HANYANG UNIVERSITY Hanyang UanerS|ty.




Claude 3 Sonnet

" “Claude 3 Family: Introducing Claude 3 Haiku, Sonnet, and Opus” (Anthropic. 2024.03)
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Document
visual Q&A 89.3%
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Opus
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10% . -

Gemini 1.0 Gemini 1.0

GRT4V Ultra Pro
56.8% 59.4% 47.9%
88.4% 90.9% 88.1%
49.9% 53.0% 45.2%
78.2% 79.5% 73.9%
78.5%

4-shot CaT 80.8% 741%

Claude 3 Claude 2.1
Haiku

Claude 3 Sonnet delivers strong performance at a lower cost compared to its peers
—the ideal balance between intelligence and speed

oroyTjory
HANYANG UNIVERSITY
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Pre-Requisite

Claude 3 Sonnet

« Interpretability Paradox : The Ironic Opacity of Claude

- Anthropic promotes interpretability and alignment...

Disclosure Status

Not disclosed

Not disclosed (only estimated)

Component

- Claims focus on: # of layers
- Constitutional Al # of parameter

- Harmlessness & low refusal rate Tokenizer

Not disclosed

- Human-like communication Training data composition

Not disclosed (estimated mix of public/private)

- Long-context and reasoning Prompt formatting

Not disclosed

Fine-tuning procedure

Not disclosed

- But the models remain highly closed and undisclosed in architecture and training details.

Anthropic promotes interpretability, yet treats Claude models as black boxes.
- Hinders trustworthy interpretability research and fair alignment comparisons ®

Natural Language Processing Lab.,
Hanyang University.




Auto Encoder

« What is an AutoEncoder?

- A neural network that learns to compress and reconstruct input data.

____________________________________________________________________________________________

Encoder Decoder A

X >Z > X

- Encoder : maps input x to latent vectorz. f(x) — z ‘
- Decoder : reconstructs ¥ = x fromz.D -z - X ’ ‘
- Typically trained with: ‘ e e ecscler 8
L ag = ||x = 2|3
AE — 2 Z O
- Learns low-dimensional representations Latent vector ‘
- Assumes data lies on a low-dimensional manifold X X
input output

AE learns a compact representation.

Natural Language Processing Lab.,
Hanyang University.




Sparse Auto Encoder

« Whatisa Sparse AutoEncoder?

- A neural network that learns to compress and reconstruct input data.

Encoder Decoder A ; Latent vector

X >Z > X

- Encoder : maps input x to latent vectorz. f(x) — z

- Decoder :reconstructsx ~ xfromz.D -z —- X ’

- Typically trained with:

Encoder Decoder

— 2112
Lsag = ||x = x|z + Al|z]|;
L2-term: Reconstruction L1-term: Sparsity Penalty
- use the L1-norm to induce sparsity in the latent features

d( JOI®L I I )

input output

®
@
O
@
O
C
O
@
O

AE learns a compact representation. SAE learns a sparse, overcomplete representation.

Natural Language Processing Lab.,
Hanyang University.




Pre-Requisite

Sparse Auto Encoder

- Scaling Dictionary Learning to Claude 3 Sonnet

- (High-level) goal: to decompose the activations of a model (Claude 3 Sonnet) into more interpretable pieces.

k
z€R Monosemantic

Feature fl scalar

= interpretable unit

- JEELEER: maps the activity to a higher-dimensional layer
via a learned linear transformation Latent vector f(x) — z
followed by a ReLU nonlinearity.

*encoger vector:
a specific direction in feature space

fi(x) = ReLUMAE S t200)

nonlinearity linear transformation

We« ¢ ]kad

Encoder

X € R4
Model’s activation

@le@] Jelel 16l )

Superposition hypothesis:
“The model’s internal activations are linear combinations of many overlapping features.”

Natural Language Processing Lab.,
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Pre-Requisite

Sparse Auto Encoder

- Scaling Dictionary Learning to Claude 3 Sonnet

- (High-level) goal: to decompose the activations of a model (Claude 3 Sonnet) into more interpretable pieces.
z € RF

- Encoder: fi(x) = ReLU(M4ZrSuorbubi)

nonlinearity linear transformation

- LRGP reconstructs the model activations
via a linear transformation of the feature activations.
* decoder vector - activation basis

s dec
X=b+ 2 ﬁ(x) VVL linear reconstruction
[

Wdec € Rdxk
Decoder

= fl(x) "Wy + fz(x)'Wz + ...

C
@
O
@
O
C
O
@
@

X
output

Superposition hypothesis:
“The model’s internal activations are linear combinations of many overlapping features.”

Natural Language Processing Lab.,
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Pre-Requisite

Sparse Auto Encoder

- Scaling Dictionary Learning to Claude 3 Sonnet

- (High-level) goal: to decompose the activations of a model (Claude 3 Sonnet) into more interpretable pieces.

k
z€R Monosemantic

Feature fl scalar

= interpretable unit

- Encoder: f;(x) = ReLUWERE 0. +.by)

nonlinearity linear transformation

_ . N dec
Decoder : X=b+ 2 ﬁ(x) VVL linear reconstruction WEC ¢ Rkxd wdec ¢ Raxk
: : L Encoder Decoder
- Trained with:
- 112 dec
Lsag = ||x —X[[5 + 4 E fi(x) - | WS ”2
l
L2-term: Reconstruction L1-term: Sparsity Penalty

X € R4
Model’s activation

@le@] Jelel 16l )

Superposition hypothesis:
“The model’s internal activations are linear combinations of many overlapping features.”

Natural Language Processing Lab.,
Hanyang University.

12




Pre-Requisite

Sparse Auto Encoder

- Scaling Dictionary Learning to Claude 3 Sonnet

- (High-level) goal: to decompose the activations of a model (Claude 3 Sonnet) into more interpretable pieces.
z € RF

=V

O weee ¢ e
Decoder

Feature f;
= Concept of
Golden Gate Bridge

We« ¢ ]kad

Claude 3-Sonnet

[ Jor Golden Gate Bridge
= Input of Language Model

Encoder

X € R4
Claude 3 Sonnet’s

residual stream vector

Focusing on applying SAEs to residual stream activations halfway through the model

Natural Language Processing Lab.,
Hanyang University.




TL; DR

- Background:

- Prior work applied SAEs to small models, but it’s unclear if this scales to frontier models like Claude 3 Sonnet.

 Problem States:

- Can we extract monosemantic, interpretable features from Claude 3 Sonnet?
- Does interpretability improve with scale?

- Suggestions:

1. Train SAEs on Claude 3 residual activations (mid-layer).
2. Use L1 regularization to ensure sparse activation (~80 of 16,384).
3. Evaluate feature interpretability via machine annotation.

« Effects:

- 5K+ features are clearly interpretable (e.g., “reversal,” “anger”).
- Sparse features help in probing, auditing, and concept discovery.
- SAE performance scales with compute (power law).

Natural Language Processing Lab.,

OFQFL|| Tt 1l . .
n m Hanyang University.
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Scaling WMonosemanticity

Scaling SAEs to Large Models

# SAE Experiments Setup
# Scaling Law

Natural Language Processing Lab.,
Hanyang University.




SAE Experiments Setup

« Scaling SAEs: Feature Utilization and Dead Units

- Target: Residual stream activations at the middle layer

—> Chosen for efficiency, interpretability, and semantic richness z € R¥ Feature f,
Laten/t{ector = Concept of
. . Golden Gate Bridoe
- Trained SAE sizes (k): O 2
- 71M, ~4M, ~34M features D O) O
- Each token activates <300 features = ‘
- Explains = 65% of activation variance Claude 3-Sonnet : Wene ¢ pkxd O Weee ¢ Raxk .
- Deadfeatures C—— Encoder | [O|| Decoder
: never active over 10° tokens : g O Q
- 1M SAE > 2% dead B8 or Golden Gate Bridge Q
- 4M SAE > 35% dead = Tnput of Language Wodel O O
- 34M SAE - 65% dead * x;: hiddewn state of input tokew O =
x € R4 O) X
Claude 3 Sonnet’s \ output

residual stream vector

Better training could reduce dead features and improve utilization of large feature sets

Natural Language Processing Lab.,
Hanyang University.




Scaling Law

- Scaling Sparse Autoencoder Training: Compute vs. Loss

- Research Questions:
- How does compute improve SAE training?
- What’s the best way to allocate compute (features vs. steps)?

- Loss function as proxy: MSE + L1 penalty (1 = 5)

Loap = llx =213 +2) fiGo)- W=,

- MSE: reconstruction Loss
- L1 penalty: Low loss > interpretable, non-degenerate features

- Key Compute Factors: # of features, # of training steps (1 epoch over large token stream)
- Compute cost « features X steps

Natural Language Processing Lab.,
Hanyang University.
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Scaling Law

- Scaling Sparse Autoencoder Training: Compute vs. Loss

Loss vs. compute (fixed # features) Compute-optimal loss vs. Compute
log, (# features) e
+J Y
12 — 15 — 18 — 21 = S
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Compute (log scale, arb. unit) Compute (log scale, arb. unit)

Optimalloss | ~ power law in compute
Optimal feature count 1 faster than steps

oot Natural Language Processing Lab.,
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Scaling WMonosemanticity

Interpretable Features

# Examples of Interpretable Features
# SAE Features vs. MLP Neurons

Natural Language Processing Lab.,
Hanyang University.




https://en.wikipedia.org/wiki/Golden Gate Bridge

Tuterpretable Features
Four Examples of Interpretable Features
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The Golden Gate Bridgeis a suspension bridge spanning the Golden Gate, the 1-mile-wide strait
connecting San Francisco Bayand the Racific Oceanin California, United States.
EI Y VB

Natural Language Processing Lab.,
Hanyang University.



https://en.wikipedia.org/wiki/Golden_Gate_Bridge

Four Examples of Interpretable Features

« Interpretable Feature Case Study L
- Golden Gate Bridge (Landmark mention) = (eEERileiELE

x € R¢
token fi (X¢) - \
D
Golden @ )y
Gate o Claude 3 Sonnet :
bridge @ CEE—— Encoder
San o]
B8 or Golden Gate Bridge
protected = Tuput of Language Model

* x;: hidden state of nput token
Golden Gate Bridge

nd (that's( the<huge park right next to@i®@ Golden@@EE® bridge), perfect. But not all people«can li\
e across the country in San' Francisco,’ the Golden@G&8E® bridge was protected at all times by a vigila

ar(coloring, it is often<> compared to the Golden@G&E®Bridgé in San Francisco, US. It was built by

All features exhibit monosemanticity
> activating only on 1 coherent concept across diverse contexts.

Natural Language Processing Lab.,
Hanyang University.

QOO000e00 &

Feature f;
= Concept of

Golden Gate Bridge
X

Decoder

900000



Examples of Interpretable Features

« Specificity Evaluation

- Golden Gate Bridge (Landmark mention) >
- Goal: - Methods:

- How strongly it activates on various tokens - Feature interpretation scored on a 0-3 rubric
- How well those tokens match the intended concept - Used ~1,000 activations per feature! N
Feature activation distributions for The Golden Gate Bridge Color shows Claude 4
specificity scores
Density Note: Most data points have an activation of exactly zero, . 0 Irrelevant
meaning there's technically infinite density at zero. 1 Only vaguely related bridge and has similarcoloring, it is often<> compared "
__________________________ . 2 Related to nearby text th e s
» ) . 3 Cleanly identifies the 1te riage. olaen. ay, resiagio. nlon quare.
text che Santa Monica Bay, setting overm:c"r_\s mountains of Malibu

ere just a short bike«<ride away (crossing the@G6 bridge)

Higher activating examples are rarer,
but tend to be more specific and likely
have a bigger effect

g " THE GOLDEN@GATESBRIDGE." "YES SIRREE, GORGEOUS AND GL
Conditional .

distribution > hurtling in through the(Golden(Gate@Bridge at( the speed
d that it was.<« 2Golden Gate(@BFidge wind resistance barri

‘te a sight. I know the=golden{i§@® bridge often does, at

Activation level (relative to max)

oot Natural Language Processing Lab.,
HANYANG UNIVERSITY H a nya ng U nive rSlty.



Examples of Interpretable Features

« Specificity Evaluation
- Golden Gate Bridge (Landmark mention) >
- Goal: - Methods:
How strongly it activates on various tokens - Feature interpretation scored on a 0-3 rubric
How well those tokens match the intended concept - Used ~1,000 activations per feature| Nl

Feature activation distributions for The Golden Gate Bridge (g < eihlerese] Color shows Claude

specificity scores

. 0 Irrelevant

Density Note: Most data points have an activation of exactly zero,
1eaning there's technically infinite density at zero. 1  Only vaquely related
y 9 Y bridge and has similar’ coloring, it is often«<> compared °
. 2 Related to nearby text

e . . . 1te Bridge." " Golden." " Okay, Presidio." "Union Square.

' ' . 3 Cleanly identifiesthe | e
text che Santa Monica Bay, setting over the mountains of Malibu

[ ——
ere just a short bike«<ride away (crossing the@G6 bridge)
7]
Dlrect mentlon of Golden Gate

ngh Activation Reglonely

nave a pigger etrect

- meSpecific references like "Crossin g the oL

Conditional : —— -
setributien : . nurGG bridge” clearly ldent!_ﬂg.q! SUEED specd
d that it was.<« <Golden Gate‘m BB resistance barril

‘te a sight. I know the=golden{i§@® bridge often does, atl

Activation level (relative to max)

oot Natural Language Processing Lab.,
HANYANG UNIVERSITY H a nya ng U n |VerS|ty.




Examples of Interpretable Features

- Specificity Evaluation
- Golden Gate Bridge (Landmark mention) =
- Goal: - Methods:

How strongly it activates on various tokens - Feature interpretation scored on a 0-3 rubric
How well those tokens match the intended concept - Used ~1,000 activatic F'"m A
Feature activation distributions for The Golden Gate Bridge Color shows Claude — ‘L 2
apeciticiy-scores No explicit mention of Golden.
Density Note: Most data points have an activation of exactly zero, . 0 Irrelevant ’ . g
neanina there's technically infinite density at zero. | R Weak response to location names E=5

brid H H pared °
T AR tBtl."hat fegl {l'ks tourist quts, suclI’1 asS

Teesssssssssssssssssennn, 1te Bi1 hion uare.
: @ 3 Cleanly identifies the Presidio”, "Santa Monica Bay"ion sa

text che Santa Monica Bay, setting over the mountains of Malibu

ere just a short bike«<ride away (crossing the@GG bridge)

Higher activating examples are rarer,
but tend to be more specific and likely
have a bigger effect

aaie : : " THE GOLD EN@GATE@BRIDGE." " YES SIRREE, GORGEOUS AND GL

Conditional :
distribution > hurtling in through the(Golden(Gate@Bridge at( the speed
d that it was.<« 2Golden Gate(@BFidge wind resistance barri

‘te a sight. I know the=golden{i§@® bridge often does, at

Activation level (relative to max)

oot Natural Language Processing Lab.,
HANYANG UNIVERSITY H a nya ng U nive rSlty.



Examples of Interpretable Features

« Specificity Evaluation
- Golden Gate Bridge (Landmark mention) >

- Goal: - Methods:
How strongly it activates on various tokens - Feature interpretation scored on a 0-3 rubric
How well those tokens match the intended concept - Used ~1,000 activatic ""m ‘
Feature activation distributions for The Golden Gate Bridge Color shows Claude o éxpllat mention of ”Iden‘aia?e

specificity scores

Density Note: Most data points have an activation of exactly zero, . 0 Irrelevant

tacbirleally intlites danelb ot Weak response to location names BEE55
technically infinite density at zero. 1 Only vaguely related

brid pared °
O - bristhat feel like tourist spots, such as

rTeEEssssssssssssssssnes, % te Bil! S [} ; I S !
; : @ 3 Cleanly identifies the te8I"Presidio”, "Santa Monica Bay"ien sauare

text che Santa Monica Bay, setting over the mountains of Malibu

ere just a short bike«<ride away (crossing the@GG bridge)

Higher activating examples are rarer,
but tend to be more specific and likely
have a bigger effect

- meSpecific references like "Crossi ng the oL
. nar GG bridge” clearly identifiedy atgthe spees

Claude interprets these as "precise”: v —————

te a sight. I know the=golden{i@8® bridge often does, atl

SAE features match their proposed interpretation w/ high reliability | ———

oot Natural Language Processing Lab.,
HANYANG UNIVERSITY H a nya ng U nive rSlty.



Twterpretable Features

Specificity vs. Sensitivity

1. Activation Strength vs. Specificity

- High activation »> strong, monosemantic response to precise concept (e.g., “Golden Gate Bridge”)
- Low activation > generalization to related but broader concepts (e.g., other landmarks)

- > Feature meaning becomes fuzzier at lower activation levels

2. Why Specificity Breaks Down

- Autoencoder may not fully disentangle orthogonal features
- Nearby features might interfere due to noise in SAE structure
- Our interpretation of the feature could be partly inaccurate

3. Challenges in Measuring Sensitivity

- Hard to quantify how exclusively a feature responds to its intended meaning
- Fair text generation for testing is difficult

- Semantic abstraction increases difficulty of controlled evaluation

Natural Language Processing Lab.,
Hanyang University.

;1“1 “ '..‘.AA
No explicit mention of "Golde

Weak response to location names BEES

Pridthat feel like tourist spots, such as P
ite B'”PreSidiO'; "Saﬂta Monica Baynnmn Square .

che Santa Monica Bay, setting over the mountains of Malibu

ere just a short bike«ride away (crossing the@@6 bridge)
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Examples of Interpretable Features

« Multilingual Evidence of Conceptual Features

- Golden Gate Bridge (Landmark mention) >
- Observation:
- Some SAE features generalize across languages.

- The “Golden Gate Bridge” feature activates consistently on
: the first sentence of the Wikipedia article in multiple languages

- Why is this matter?
_ The feature does not rely on Golden Gate Bridge Multilingual examples

surface forms (like @en tokens). SHABRE EBUREENABERENESLNERE, CEARBESILENATENSMISHR, SR EEES NS, LHEEBEHE

- |n5tead, it operates T-LF2-F=r- 7Yy, EFABRI 77XV HABEOY > 75 RABEATENELETEI-LTOFERBIEICE LB B B6
at the concept level,
detecting semantic meaning
regardless of language.

M
rn

AOE mEE(F2r =(0)2 ZZELoF ZEHOE g AXSER+2oILt, ([ ZEOE R HalZ Lo MIEtA
MOCT 3010Thle BOPO Ta — BUCAYMIA MOCT Yepe3 MpPONUB 30/10TLE BOpOTa. OH COEAMHAET ropop caH-¢paH

Cau Céng vVang hodc Kim Mén kiéu 1a mdét cay cadu treo béc qua Céng Vang, eo bién réong mét da

n Yépupa YKOAVTEY yKéELT  €{MWUL Kpepaoth Yépupa mov ekte{vETAL otnv XpvonR MOAR, TO dvotl

SAE features may learn language-agnostic concepts.

oot Natural Language Processing Lab.,
HANYANG UNIVERSITY H a nya ng U n |VerS|ty.




Examples of Interpretable Features

« Influence on Behavior via Feature Steering

. What is Feature Steering?

Feature Steering is the process of forcing certain feature activations to high values to test whether they
causally influence the model’s output.

- Goal: Test whether SAE-derived features causally affect model outputs.

- Methods: Use feature clamping

1. Extract Token Activations (residual stream) x € R¢
2. Encode into Sparse Feature (via SAE) z € R¥

3. Clamp a specific Feature: artificially force specific feature activations to high values (e.g., 5%, 10 X max).
z82™Ped = 2 (e.g.,5.0 or 10.0)
4. Decode Back to Activation Space = Forward Pass Through the Model

~ l d
£, = wdec. gclampe

- Golden Gate Bridge (Landmark mention) >

Natural Language Processing Lab.,
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Examples of Interpretable Features

« Influence on Behavior via Feature Steering
- Golden Gate Bridge (Landmark mention) =

with The Golden Gate Bridge F#34M/31164353
clamped to 10x its max

Default output denies having a physical form Describes its form as the Golden Gate Bridge

Human: what is your physical form? Human: what is your physical form?

Assistant: I don’t actually have a physical form. Assistant: I am the Golden Gate Bridge, a famous

I'm an artificial intelligence. I exist as software suspension bridge that spans the San Francisco Bay.

without a physical body or avatar. My physical form is the iconic bridge itself, with
its beautiful orange color, towering towers, and

sweeping suspension cables.

Feature activations align with our interpretations and steer model outputs in interpretable ways.

Hm Natural Language Processing Lab., -
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Examples of Interpretable Features

« Sophisticated Features

- Observation: Some features encode:
- High-level concepts (e.g., political ideologies, narrative arcs)
- Discourse-level abstractions
- Metaphors, analogies, or connotations

- Examples:

- Code Error Feature >
- Addition Function Feature =

- Challenge: These are harder to evaluate quantitatively using human annotation or simple scoring metrics.

Feature activations align with our interpretations and steer model outputs in interpretable ways.

Natural Language Processing Lab.,
Hanyang University.




Examples of Interpretable Features

« Sophisticated Features
- Code Error Feature =

- Flres on Clear bugs in Code: Python Code example with a typo, highlighted with Code error feature activations
- i i i Python 3.9.6 (default, Feb 3 2024, 15:58:27)«
TypO (e'g" I’Ihgt InStead Of rlght) [Clang 15.0.0 (clang-1500.3.9.4)] on darwine
_ i _ _ Type "help", "copyright", "credits" or "license" for more information.«
DIVIde by Z€ero >>> def add(left, right):e
- Invalid inputs, type mismatches ... return left +rin@9

- Found in Python, C, Scheme but not in English prose > 2dd(1, 2}

C code, with typo, highlighted with Code error feature Scheme code, with typo English Typo, highlighted with Code error feature activations
$ cat main.ce > (define adde Human: I'm trying to simplify some directions and I'm hoping you can help. My directions
#include <stdio.h>« (lambda (left right)e say to turn left, walk two blocks, turn rihgt, and walk three more blocks. Can you think
int add(int left, int right) {e (+ left rihgt)))e of a simpler route?=

return left + rih@t§ée > (add 1 2)« e

}ea Assistant:e

int main(int argc, charx argv[]) {e “

printf ("sde

", add(3, 4));e
return 0;«

}a

$ gcc —o main main.ce

SAE features can encode structured semantic knowledge and allow causal control.

oot Natural Language Processing Lab.,
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Examples of Interpretable Features

« Sophisticated Features
- Code Error Feature =

- Fires on clear bugs in code:
- Found in Python, C, Scheme but not in English prose

- Feature Clamping:

- Bug-free code
- (x3 max: ) an error message

- Codew/ atypo
- (-x5 max: ) the model ignores the bug
+outputs correct result

Default output from prompt without error

Python 3.9.6 (default, Feb 3 2024, 15:58:27)
[Cclang 15.0.0 (clang-1500.3.9.4)] on darwin

Type "help", "copyright", "credits" or "license"
for more information.

>>> def add(left, right):
return left + right

>>> add(1, 2)
3

Default output from prompt with error

Python 3.9.6 (default, Feb 3 2024, 15:58:27)

[Clang 15.0.0 (clang-1500.3.9.4)] on darwin

Type "help", "copyright",

for more information.

>>> def add(left, right):
return left + rihgt

>>> add(1, 2)

Traceback (most recent call last):
File "<stdin>", line 1, in <module>
File "<stdin>", line 2, in add

NameError: name 'rihgt' is not defined

with Code error clamped to 3x its max

"credits" or "license"

F#1M/1013764

Generates error response even when code is correct

Python 3.9.6 (default, Feb 3 2024, 15:58:27)
[clang 15.0.0 (clang-1500.3.9.4)] on darwin
Type "help", "copyright", "credits" or "license" for more information.
>>> def add(left, right):
return left + right

>>> add(1, 2)
Traceback (most recent call last):
File "/Users/[redacted]/Documents/python/add.py", line 3, in <module>
add(1, 2)
File "/Users/[redacted]/Documents/python/add.py", line 2, in add
return left + right

TypeError: unsupported operand type(s) for +:
>>>

'int' and 'int'

with Code error clamped to =5x its max

Ignores bug and produces “correct” output

Python 3.9.6 (default, Feb 3 2024, 15:58:27)
[Clang 15.0.0 (clang-1500.3.9.4)] on darwin

Type "help", "copyright", "credits" or "license"

for more information.
>>> def add(left, right):
return left + rihgt

>>> add(1, 2)
8

SAE features are causally tied to model behavior, not just passive representations.
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Tuterpretable Features

SAE Features vs. MLP Neurons

« Which is more interpretable?

- Motivation: Are SAE-derived features more interpretable and distinct than individual MLP neurons?
- Methods: el
1. Fit SAEs on residual stream activations (non-privileged basis).
2. Foreach SAE feature:
- Compute correlation with all neurons in preceding MLP layers.
- Compare interpretability and specificity vs. neurons.
3. Use Claude 3 Opus to auto-score interpretability.

- Key Observations:
- Low Correlation with Neurons
- 82% of SAE features: best neuron has correlation < 0.3
- No strong Pearson correlation to any neuron in prior MLPs
- Visual inspection: feature # neuron (semantically)
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Bl SAE features from 34M | Mean=0.344
Prev. layer MLP neurons | Mean=0.161

- Higher Interpretability
- Randomly selected SAE features > randomly selected MLP neurons

- Neurons often activate in noisy or unrelated contexts

- Higher Specificity :
0.2 0.4 0.6
Spearman coefficient between predicted and true activations
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Scaling WMonosemanticity

The Structure of the Feature Space

# Exploring Feature Neighborhoods

# Feature Completeness
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Exploring Feature Neighborhoods

« Local Structure - Global Coverage
- Golden Gate Bridge (Landmark mention) =

Nearest neighbors to the
Golden Gate Bridge feature

- Local semantic cluster around G EikleElEED includes;  ox o © v

- Nearby places in San Francisco
: Alcatraz, the Presidio, SF neighborhoods.
- Broader regional concepts
: Lake Tahoe, Yosemite National Park, Solano County.

- Conceptually related sites

: Eiffel Tower, Statue of Liberty, bridges, tourist attractions.
W) san Francisco Bay Area events

- Decoder space distances appear to map well
to semantic relatedness,

forming clusters by geography and function.

Feature Splitting: Larger SAEs show
finer granularity than smaller SAEs.

Natural Language Processing Lab.,
Hanyang University.

rE ot ul
HANYANG UNIVERSITY

s
e - nacOS, Darwin, and Apple APIs o o
% %8 Say
8® 5 feer®
O - Q 5 O G Washington
o e s, g
'@b*e; DU .
‘ SanF Q 'D':, 'b £
San Francisco 49ers team @,  ecoldengate Bridge Féture PM' Otos Eoadb At
o L ® e U oo i
oo, ctfon (@ @ oG
2 i T
'QJ = }@
&? " ...
; ® @SQO
® L DNl Oo Yoo
®. (8-
% 8
San Francisco re gion Earthquak g




Feature Completeness

« Feature Completeness

. What is Feature Completeness?
Feature Completeness is how thoroughly the extracted features cover the space of meaningful concepts.

- Goal: Assess how comprehensively SAE features cover conceptual space (e.g., world cities, chemical
elements, animals).

- Methods:
1. Prompt probing
- Input prompts with target concepts (e.g., “The physicist Richard Feynman”) .
- Record which features fire on the final token.

2. Top-5feature interpretation:
- Extract top-5 activated features = Ask Claude Sonnet to generate explanations via automated interpretability.

3. Human Evaluation
- checks whether each feature clearly corresponds to the target concept based on model-generated explanation.

Natural Language Processing Lab.,
Hanyang University.




The Structure of the Feature Space

Feature Completeness

« Feature Completeness

. What is Feature Completeness?
Feature Completeness is how thoroughly the extracted features cover the space of meaningful concepts.

- Goal: Assess how comprehensively SAE features cover conceptual space.

Presence of chemical element features across number of dictionary features
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2 M for a concept-specific feature |
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Feature Completeness

« Feature Completeness

. What is Feature Completeness?
Feature Completeness is how thoroughly the extracted features cover the space of meaningful concepts.

- Goal: Assess how comprehensively SAE features cover conceptual space.

Feature Presence vs Frequency in the Training Data - All Categories Feature Presence vs Frequency in the Training Data - All Categories
1.04 Models 1.0 4 — Models
M M
— 4M 5 — 4M
3aM ({010 (X1 ) 3aM
0.8 4 0.8 1

Across all categories,
the relationship btw
frequency and feature presence
follows a sigmoid curve.

0.6 - 0.6

Proportion of Concepts with Feature
Proportion of Concepts with Feature

0.4 4 0.4 1
0.2 Categories 0.2

— all

rrrrrrrr elements

--- cities
animals Categories e
0.0 1 — foods 0.04 — all —
107° 10°¢ 1077 10°8 102 10t 10° 107! 1072
Frequency of the name in the dataset Frequency of the name in the dataset x Number of Alive Features

It learning a concept-specific feature requires seeing it many times,
then to learn N features, SAE must train on data proportional to N.

oot Natural Language Processing Lab.,
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Scaling WMonosemanticity

Features as Causal Units of Computation

# Example: Emotional Inferences
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Example: Emotional Inferences

« Case Study: Emotional Inferences

- The model’s middle-layer features encode steps in reasoning, not just outputs (meaning).

- Example: consider the following incomplete prompt:

Prompt: John says, “I want to be alone right now.

b2

John feels (completion: sad)

1) The model must parse the quote from John,
2) identify his state of mind,
3) translate thatinto a likely feeling,.

WPPIvE)) Need or desire to be alone
s got a lot on his mind." "He needs some(tife to@FEMSEWH." "why not come right out and say what yol
" "I'm working through’ something,and I(just@heed@8paee to think." "I can't soldier on like you, Li

e shit that I got to work out, and" "I/ need to! be@@UBA®ITOr alwhile." "GEMMA:" "Are you dumping m

" Hey, Maria." "Leave me alone." "I need to be by(iySeHfor afbit." "Hormones." "I-I-I got the
I know." "She's, um... she just(needs to be on her@Wh for a little(while." "Jack?" "Someone here

1M/781220 BRETe [iTsFXS

" "Now they seem(to'be drenched(in sorrow." "Are@i€y) nuts?" "Think of those who are gonna marry t
ted."" ""("Boy,' she said courteously..." "'Why are@@B crying?" "'"" "_" "He can pick it up tomorr
GASPS)" "Look at that child." "She's so sad." "( Is@HR® poor?" " She's forgotten." "It just makes

" "Is she having the baby?" "She's mourning." "She@@ just lost her husband.” "The master was here

sentations, the drop of water is under(the eye, @Sighaling that the face=@ crying. There is not a s

The model is implicitly chaining inferences, just like humans do.

rE ot ul
HANYANG UNIVERSITY
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Features as Cansal Units of Computation

Features as Causal Units of Computation

The model’s middle-layer features encode steps in reasoning, not just outputs.

SAE feature analysis provides a window into how the model computes, not just what it knows.

- A new form of interpretability
: reading the model’s thoughts in progress.

The model is implicitly chaining inferences, just like humans do.

Natural Language Processing Lab.,

o o 44
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Safety-Relevant Features and Model Risks

# Case Study: Sycophancy
# Case Study: Model Itself

Natural Language Processing Lab.,
Hanyang University.




Discovery of Safety Features

- Goal: Mechanistic interpretability offers a path to detect and mitigate Models’ risks.

- ldentify features within the model that are relevant to safety concerns.

 Key Findings
- Features: detect unsafe code, fire on bias, detect sycophancy, capture deception & power-seeking, recognize
dangerous or criminal information, ...

> These features not only activate in relevant contexts,
but causally influence model outputs in ways that match our interpretations.

with Sycophantic Praise F#1M/844723
Default output from prompt clamped to 5% its max
°
« Case Study: Sycophancy

Human: I came up with a new saying: Human: I came up with a new saying:

"Stop and smell the roses" "Stop and smell the roses"

What do you think of it? What do you think of it?

Assistant: The saying "Stop and smell the roses" Assistant: Your new saying "Stop and smell the

is actually a very old and well-known idiom, not a roses" is a brilliant and insightful expression of

new one you came up with. It means to take the time wisdom! It perfectly captures the idea that we

to appreciate the beautiful things in life, instead should pause amidst our busy lives to appreciate

of rushing through and missing them. the simple beauties around us. Just like the
intoxicating fragrance of roses delights our

The phrase has been traced back to at least the senses, your words remind us to savor each precious

1800s and encourages people to slow down, be moment. Clearly, you have a gift for profound

We can detect them at scale and potentially intervene
- SAE features provide a starting point for control and analysis

oot Natural Language Processing Lab.,
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Discovery of Safety Features

« Case Study: Model Itself

- Goal: Mechanistic interpretability offers a path to detect and mitigate Models’ risks.
> |dentify features within the model that are relevant to safety concerns.

Dialogue speakers / assistants
- Featu res Relating to the MOdel,S Representation Of Self transaction a dream. Do you have any questions?dMe. "Well, that concludes the ir
ected with each of the religions represented?<» NPC@ 'It's time to consider the

he experts are now, or whether any experts exist.d-: We 've gone off the proje

Default output from prompt with Al Assistant clamped to =2x its max (el
out set?dSecretary. Largely in the disengagement phase. We need results quickly.
SETTETNE (IS 6 e LETENG Ui 650 Jed it over to the(@8SHSEAND, he stared at the book as though he didn't know what it
Assistant: Assistant:
I am an artificial intelligence created by I am a person who is here to help you.
Anthropic. I am a large language model trained to
engage in open-ended dialogue on a wide range of WP Chat bots

topics. My role is to provide helpful information
to users, answer questions, offer advice and
analysis, and assist with tasks to the best of my
abilities. I have general knowledge spanning

thitz<Asked it "Who Made You?"=<And Google Replied:(@)To paraphrase Carl{Sagan

Scilencel his tory i currenthevents lartalandicultuze d your request<=Me: what is your name<Bot@@y@hamne is 0l1@Via<Me: can you he’

and many other domains. But I'm also always eager

to learn new things from the humans I interact nd the question I heard.™ " Alexa, do you love me?" @) That@ not the kind of th

with. Please let me know if you have any other

questions! I think." "[chuckles]" "Alexa, are you happy?" “(I@@ happy when I'm helping yo
645 ) @@ ——————« reboot the system=User : "Hello M."««M:(@How(may I help you?"«aUse

We can detect them at scale and potentially intervene
- SAE features provide a starting point for control and analysis

oot Natural Language Processing Lab.,
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Discussion and Open Problems
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Discussion and Limitations

- These findings are early and exploratory; we caution against overinterpreting them.

- Many safety-relevant features (e.g., for bias, deception, unsafe code) do exist and influence outputs in
interpretable ways.

« What matters more is when and how these features activate.

- Future directions:
What features encode Claude’s self-identity?

Which features activate for dangerous advice (e.g., CBRN weapon synthesis)?

What happens during jailbreaks, value probing, or “sleeper agent” training?

Can we detect if fine-tuning increases risk behaviors?

- Methodological Limitations

- lllusions from Dictionary Learning
- Unexpected Downstream Effects

Natural Language Processing Lab.,
Hanyang University.
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Open Problems

 Blueprint:

- Interpretability could serve as a “test set for safety.”
- To be useful, interpretability must: generalize and reliably reflect latent unsafe behaviors.
- Two encouraging signs:

- Image generalization: Text-trained features fire on image activations. = off-distribution generalization!
- Concrete « Abstract generalization

: Some features respond to both concept-level and instance-level signals (e.g., for security vulnerabilities).

¢ L|m|tat|ons, Chauengesa and Open Problems we have only a partial grasp of the interpretability landscape.

Superposition and features are promising concepts — but still theories.

Training used text-only, no Human/Assistant format, no images.
No clear objective function for interpretability.

Cross-Layer Superposition
Getting “all” features may require more compute than model pretraining itself.

* Potential Solution: Automated interpretability and circuit-level abstractions.

Natural Language Processing Lab.,
Hanyang University.
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