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

Claude 3 Family
Pre-Requisite

5
Natural Language Processing Lab.,

Hanyang University.

Claude 3 family —Haiku, Sonnet, and Opus—highlighting major advances 
in LC understanding, vision capabilities, and model alignment
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📄 “Claude 3 Family: Introducing Claude 3 Haiku, Sonnet, and Opus” (Anthropic, 2024.03)

Claude 3 Sonnet
Pre-Requisite

6
Natural Language Processing Lab.,

Hanyang University.

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

the mid-tier model 
in the Claude 3 family
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the mid-tier model 
in the Claude 3 family
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Hanyang University.

Claude 3 Sonnet
Pre-Requisite

• Interpretability Paradox : The Ironic Opacity of Claude

- Anthropic promotes interpretability and alignment…

- Claims focus on:
- Constitutional AI
- Harmlessness & low refusal rate
- Human-like communication
- Long-context and reasoning

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

Component Disclosure Status

# of layers Not disclosed

# of parameter Not disclosed (only estimated)

Tokenizer Not disclosed

Training data composition Not disclosed (estimated mix of public/private)

Prompt formatting Not disclosed

Fine-tuning procedure Not disclosed

Anthropic promotes interpretability, yet treats Claude models as black boxes.
à Hinders trustworthy interpretability research and fair alignment comparisons L 
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Sparse Auto Encoder
Pre-Requisite
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Hanyang University.

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

• What is an Sparse AutoEncoder? 
- A neural network that learns to compress and reconstruct input data.

- Encoder	: maps input 𝑥 to latent vector 𝑧.	 𝑓(𝑥) → 𝑧
- Decoder	: reconstructs 1𝑥 ≈ 𝑥 from 𝑧. 𝐷 ⋅ 𝑧 → 1𝑥

- Typically trained with:

- Learns low-dimensional representations
- Assumes data lies on a low-dimensional manifold

𝑥
	!"#$%&'.	𝑧

	*&#$%&'.	#𝑥

Encoder

𝑥 3𝑥

𝑧

Decoder

Latent vector

input output

ℒ67! = ||𝑥 − &𝑥||88
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Pre-Requisite
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Hanyang University.

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

• What is an Sparse AutoEncoder? 
- A neural network that learns to compress and reconstruct input data.

- Encoder	: maps input 𝑥 to latent vector 𝑧.	 𝑓(𝑥) → 𝑧
- Decoder	: reconstructs 1𝑥 ≈ 𝑥 from 𝑧. 𝐷 ⋅ 𝑧 → 1𝑥

- Typically trained with:

- use the L1-norm to induce sparsity in the latent features 

𝑥
	!"#$%&'.	𝑧

	*&#$%&'.	#𝑥

ℒ67! = ||𝑥 − &𝑥||88 + 𝜆||𝑧||9
Encoder

𝑥 3𝑥

𝑧

Decoder

Latent vector

input output

L2-term: Reconstruction L1-term: Sparsity Penalty
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3𝑥

Decoder

output

Sparse Auto Encoder
Pre-Requisite

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

- 	Encoder	: maps the activity to a higher-dimensional layer 
 via a learned linear transformation 
 followed by a ReLU nonlinearity. 

𝑥
	!"#$%&'.	𝑧

	*&#$%&'.	#𝑥𝑥
!(#)→&

.	 𝑧
'⋅&→ )#

.	 #𝑥

𝐱 ∈ ℝ!
Model’s activation

𝑧 ∈ ℝ"
Latent vector

linear transformation

Encoder

nonlinearity

𝑓# 𝑥 = ReLU 𝑊#
$%& ⋅ 𝑥 + 𝑏#

Latent vector 𝑓 𝑥 → 𝑧

Monosemantic
Feature 𝑓! scalar

= interpretable unit

* encoder vector : 
a specific direction in feature space 

Natural Language Processing Lab.,
Hanyang University. 10

Natural Language Processing Lab.,
Hanyang University.

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

𝐖%&' ∈ℝ(×*
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𝐱 ∈ ℝ!
Model’s activation

Encoder

Natural Language Processing Lab.,
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Sparse Auto Encoder
Pre-Requisite

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

- 	Encoder	:

- 	Decoder	: reconstructs the model activations 
 via a linear transformation of the feature activations. 

𝑥
	!"#$%&'.	𝑧

	*&#$%&'.	#𝑥𝑥
!(#)→&

.	 𝑧
'⋅&→ )#

.	 #𝑥
𝑧 ∈ ℝ"

Latent vector

linear transformation

linear reconstruction

nonlinearity

𝑓# 𝑥 = ReLU 𝑊#
$%& ⋅ 𝑥 + 𝑏#

𝑥̂ = 	𝑏	+	G
#

𝑓# 𝑥 	𝑊#!$&
* decoder vector : activation basis Decoder

= 	𝑓' 𝑥 ⋅ 𝑤' +	𝑓( 𝑥 ⋅ 𝑤( +	⋯ 3x
output

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

𝐖*%' ∈ℝ*×(
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Sparse Auto Encoder
Pre-Requisite

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

- Encoder	:

- Decoder	:

- Trained with: 

𝑥
	!"#$%&'.	𝑧

	*&#$%&'.	#𝑥𝑥
!(#)→&

.	 𝑧
'⋅&→ )#

.	 #𝑥
𝑧 ∈ ℝ"

Latent vector

linear transformation

linear reconstruction

nonlinearity

𝑓# 𝑥 = ReLU 𝑊#
$%& ⋅ 𝑥 + 𝑏#

𝑥̂ = 	𝑏	+	G
#

𝑓# 𝑥 	𝑊#!$&

Decoder

3x
output

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

𝐖*%' ∈ℝ*×(

𝐱 ∈ ℝ!
Model’s activation

Encoder
𝐖%&' ∈ℝ(×*

Monosemantic
Feature 𝑓! scalar

= interpretable unit

L2-term: Reconstruction L1-term: Sparsity Penalty

ℒ!"# = ||𝑥 − &𝑥||$$ + 𝜆)
%
𝑓%(𝑥) ⋅ 𝐖:,%

()*
$
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linear transformation

linear reconstruction

nonlinearity

𝑓# 𝑥 = ReLU 𝑊#
$%& ⋅ 𝑥 + 𝑏#

𝑥̂ = 𝑏 +G
#

𝑓# 𝑥 𝑊#!$&

L2-term: Reconstruction L1-term: Sparsity Penalty

ℒ!"# = ||𝑥 − &𝑥||$$ + 𝜆)
%
𝑓%(𝑥) ⋅ 𝐖:,%

()*
$

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

- Encoder	:

- Decoder	:

- Trained with: 

𝑥
!(#)→&

.	 𝑧
'⋅&→ )#

.	 #𝑥

Natural Language Processing Lab.,
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Sparse Auto Encoder
Pre-Requisite

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

• 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 ∈ ℝ"
Latent vector

Decoder

3x
output

𝐖*%' ∈ℝ*×(

𝐱 ∈ ℝ!
Claude 3 Sonnet’s 

residual stream vector

Encoder
𝐖%&' ∈ℝ(×*

Feature 𝑓"
= Concept of 
Golden Gate Bridge

= Input of Language Model

⋯

Claude 3 Sonnet

🌉 or Golden Gate Bridge
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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).

14
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Scaling SAEs to Large Models
# SAE Experiments Setup

# Scaling Law
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Scaling Monosemanticity
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• Scaling SAEs: Feature Utilization and Dead Units
- Target: Residual stream activations at the middle layer

à Chosen for efficiency, interpretability, and semantic richness

- Trained SAE sizes (𝑘):
- ~1M, ~4M, ~34M features
- Each token activates <300 features
- Explains ≥ 65% of activation variance

- Dead features
: never active over 10⁷ tokens

- 1M SAE → 2% dead
- 4M SAE → 35% dead
- 34M SAE → 65% dead

Natural Language Processing Lab.,
Hanyang University. 19

Natural Language Processing Lab.,
Hanyang University.

SAE Experiments Setup
Scaling SAEs to Large Models

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

𝑧 ∈ ℝ"
Latent vector

Decoder

3x
output

𝐖*%' ∈ℝ*×(

𝐱 ∈ ℝ!
Claude 3 Sonnet’s 

residual stream vector

Encoder
𝐖%&' ∈ℝ(×*

Feature 𝑓"
= Concept of 
Golden Gate Bridge

= Input of Language Model

⋯

Claude 3 Sonnet

🌉 or Golden Gate Bridge

* 𝐱𝒊: hidden state of input token
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• 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 (𝜆 = 5)

- 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 × steps

Scaling Law
Scaling SAEs to Large Models

ℒ!"# = ||𝑥 − &𝑥||$$ + 𝜆)
%
𝑓%(𝑥) ⋅ 𝐖:,%

()*
$
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• Scaling Sparse Autoencoder Training: Compute vs. Loss

Scaling Law
Scaling SAEs to Large Models

Natural Language Processing Lab.,
Hanyang University. 21

Natural Language Processing Lab.,
Hanyang University.

Optimal loss ↓ ~ power law in compute
Optimal feature count ↑ faster than steps



Interpretable Features
# Examples of Interpretable Features

# SAE Features vs. MLP Neurons
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• Interpretable Feature Case Study 🌉
- Golden Gate Bridge (Landmark mention) à 

token 𝑓,(x-)	
Golden 🔴

Gate 🔴

Bridge 🔴

San 🟧

protected ⚪

𝑧 ∈ ℝ"

Decoder

3x

Encoder

Feature 𝑓"
= Concept of 
Golden Gate Bridge

= Input of Language Model

⋯

Claude 3 Sonnet

🌉 or Golden Gate Bridge

𝐱 ∈ ℝ!

* 𝐱𝒊: hidden state of input token

23
Natural Language Processing Lab.,

Hanyang University.

The Golden Gate Bridge is a suspension bridge spanning the Golden Gate, the 1-mile-wide strait 
connecting San Francisco Bay and the Pacific Ocean in California, United States.

Four Examples of Interpretable Features
Interpretable Features

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

https://en.wikipedia.org/wiki/Golden_Gate_Bridge
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Natural Language Processing Lab.,
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All features exhibit monosemanticity
: activating only on 1 coherent concept across diverse contexts. 

Four Examples of Interpretable Features

• Interpretable Feature Case Study 🌉
- Golden Gate Bridge (Landmark mention) à 

Interpretable Features

token 𝑓,(x-)	
Golden 🔴

Gate 🔴

Bridge 🔴

San 🟧

protected ⚪

𝑧 ∈ ℝ"

Decoder

3x

Encoder

Feature 𝑓"
= Concept of 
Golden Gate Bridge

= Input of Language Model

⋯

Claude 3 Sonnet

🌉 or Golden Gate Bridge

𝐱 ∈ ℝ!

* 𝐱𝒊: hidden state of input token
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Examples of Interpretable Features
Interpretable Features

- Methods: 
- Feature interpretation scored on a 0–3 rubric 
- Used ~1,000 activations per feature

• Specificity Evaluation
- Golden Gate Bridge (Landmark mention) à 
- Goal: 

- How strongly it activates on various tokens
- How well those tokens match the intended concept
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Examples of Interpretable Features
Interpretable Features

• Direct mention of "Golden Gate 
Bridge"

• Specific references like "crossing the 
GG bridge" clearly identified

High Activation Region

• Specificity Evaluation
- Golden Gate Bridge (Landmark mention) à 
- Goal: 

- How strongly it activates on various tokens
- How well those tokens match the intended concept

- Methods: 
- Feature interpretation scored on a 0–3 rubric 
- Used ~1,000 activations per feature
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- Methods: 
- Feature interpretation scored on a 0–3 rubric 
- Used ~1,000 activations per feature

Natural Language Processing Lab.,
Hanyang University. 27

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

• No explicit mention of "Golden Gate"

• Weak response to location names 
that feel like tourist spots, such as 
"Presidio", "Santa Monica Bay"

Low 
Activation 

Region

• Specificity Evaluation
- Golden Gate Bridge (Landmark mention) à 
- Goal: 

- How strongly it activates on various tokens
- How well those tokens match the intended concept
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- Methods: 
- Feature interpretation scored on a 0–3 rubric 
- Used ~1,000 activations per feature
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Examples of Interpretable Features

• Specificity Evaluation
- Golden Gate Bridge (Landmark mention) à 
- Goal: 

- How strongly it activates on various tokens
- How well those tokens match the intended concept

Interpretable Features

Claude interprets these as "precise”: 
SAE features match their proposed interpretation w/ high reliability

• Direct mention of "Golden Gate 
Bridge"

• Specific references like "crossing the 
GG bridge" clearly identified

• No explicit mention of "Golden Gate"

• Weak response to location names 
that feel like tourist spots, such as 
"Presidio", "Santa Monica Bay"
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• Direct mention of "Golden Gate 
Bridge"

• Specific references like "crossing the 
GG bridge" clearly identified

Natural Language Processing Lab.,
Hanyang University. 29
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Specificity vs. Sensitivity
Interpretable Features

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)
- à 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

• No explicit mention of "Golden Gate"

• Weak response to location names 
that feel like tourist spots, such as 
"Presidio", "Santa Monica Bay"
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Examples of Interpretable Features

• Multilingual Evidence of Conceptual Features
- Golden Gate Bridge (Landmark mention) à 
- 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 

surface forms (like @en tokens).
- Instead, it operates 

at the concept level, 
detecting semantic meaning 
regardless of language.

Interpretable Features

Natural Language Processing Lab.,
Hanyang University. 30

Natural Language Processing Lab.,
Hanyang University.

SAE features may learn language-agnostic concepts.
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Examples of Interpretable Features

• Influence on Behavior via Feature Steering

- 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× max).

4. Decode Back to Activation Space à Forward Pass Through the Model

- Golden Gate Bridge (Landmark mention) à 

Interpretable Features

💡 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. 

?x- = 𝑊*%' ⋅ z-
'./01%*

𝑧,
2345678 ≔ 	𝜆	 e. g. , 5.0	or	10.0

31
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Examples of Interpretable Features

• Influence on Behavior via Feature Steering
- Golden Gate Bridge (Landmark mention) à 

Interpretable Features

Natural Language Processing Lab.,
Hanyang University. 32

Natural Language Processing Lab.,
Hanyang University.

Feature activations align with our interpretations and steer model outputs in interpretable ways.
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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 à 
- Addition Function Feature à

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

Interpretable Features

Natural Language Processing Lab.,
Hanyang University. 33

Natural Language Processing Lab.,
Hanyang University.

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 à 

- Fires on clear bugs in code: 
- Typo (e.g., rihgt instead of right)
- Divide-by-zero
- Invalid inputs, type mismatches

- Found in Python, C, Scheme but not in English prose

Interpretable Features

Natural Language Processing Lab.,
Hanyang University. 34

Natural Language Processing Lab.,
Hanyang University.

SAE features can encode structured semantic knowledge and allow causal control.
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Examples of Interpretable Features

• Sophisticated Features
- Code Error Feature à 

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

- Feature Clamping:
- Bug-free code 

 à (x3 max: ) an error message
- Code w/ a typo 

 à (-x5 max: ) the model ignores the bug 
           + outputs correct result

Interpretable Features

Natural Language Processing Lab.,
Hanyang University. 35

Natural Language Processing Lab.,
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SAE features are causally tied to model behavior, not just passive representations.
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SAE Features vs. MLP Neurons
Interpretable Features

• Which is more interpretable?
- Motivation: Are SAE-derived features more interpretable and distinct than individual MLP neurons?
- Methods: 

1. Fit SAEs on residual stream activations (non-privileged basis).
2. For each 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)

- Higher Interpretability
- Randomly selected SAE features > randomly selected MLP neurons
- Neurons often activate in noisy or unrelated contexts

- Higher Specificity



The Structure of the Feature Space
# Exploring Feature Neighborhoods

# Feature Completeness

# Feature Categories
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Exploring Feature Neighborhoods
The Structure of the Feature Space

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

• Local Structure à Global Coverage
- Golden Gate Bridge (Landmark mention) à 

- Local semantic cluster around includes:
- 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.
- Decoder space distances appear to map well 

to semantic relatedness, 
forming clusters by geography and function.
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Feature Completeness
The Structure of the Feature Space

• Feature Completeness

- 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-5 feature interpretation: 
- Extract top-5 activated features à 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.

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

• Feature Completeness

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

- 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-5 feature interpretation: 
- Extract top-5 activated features à 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.

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

The threshold frequency required 
for a concept-specific feature 
to emerge is roughly proportional to SAE size.
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Feature Completeness
The Structure of the Feature Space

• Feature Completeness

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

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

Across all categories, 
the relationship btw 
frequency and feature presence 
follows a sigmoid curve.
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If learning a concept-specific feature requires seeing it 𝑚𝑎𝑛𝑦 times, 
then to learn 𝑁 features, SAE must train on data proportional to 𝑁.



Features as Causal Units of Computation
# Example: Emotional Inferences
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Example: Emotional Inferences
Features as Causal Units of Computation

• Case Study: Emotional Inferences
- The model’s middle-layer features encode steps in reasoning, not just outputs (meaning).

- Example: consider the following incomplete prompt: 

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

Natural Language Processing Lab.,
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The model is implicitly chaining inferences, just like humans do.

Prompt: John says, “I want to be alone right now.” John feels (completion: sad)
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• Case Study: Emotional Inferences
- The model’s middle-layer features encode steps in reasoning, not just outputs (meaning).

- Example: consider the following incomplete prompt: 

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

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.

 à A new form of interpretability
     : reading the model’s thoughts in progress.
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The model is implicitly chaining inferences, just like humans do.

Features as Causal Units of Computation
Features as Causal Units of Computation



Safety-Relevant Features and Model Risks
# Case Study: Sycophancy

# Case Study: Model Itself
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Discovery of Safety Features
Safety-Relevant Features and Model Risks

• Goal: Mechanistic interpretability offers a path to detect and mitigate Models’ risks.
- Identify 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, …
à These features not only activate in relevant contexts, 
 but causally influence model outputs in ways that match our interpretations.

• Case Study: Sycophancy

Natural Language Processing Lab.,
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We can detect them at scale and potentially intervene
à SAE features provide a starting point for control and analysis
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Discovery of Safety Features
Safety-Relevant Features and Model Risks

• Case Study: Model Itself
- Goal: Mechanistic interpretability offers a path to detect and mitigate Models’ risks.

à Identify features within the model that are relevant to safety concerns. 

- Features Relating to the Model’s Representation of Self
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We can detect them at scale and potentially intervene
à SAE features provide a starting point for control and analysis



Discussion and Open Problems
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Discussion and Limitations
Discussion and Open Problems

• 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
- Illusions from Dictionary Learning
- Unexpected Downstream Effects
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Open Problems
Discussion and 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. à off-distribution generalization!
- Concrete ↔ Abstract generalization

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

• Limitations, Challenges, 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.
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