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Interpretability

How do neural networks (NNs) perform particular behaviors?

Why do they behave in certain ways on certain inputs?

For a model to generalize, it must achieve right answers for the right reasons.

How can we locate and understand unanticipated mechanisms?



vector state
attention MLP m

x = The manager

= p(are) - p(is)

Given a neural network, 
we want to know which 
components contribute most 
to the model’s behavior. 
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Language model 
neurons are 
polysemantic 
[Elhage et al., 2022]: 
they do many 
unrelated things 
simultaneously.

Nelson Elhage et al. (2022). “Toy Models of Superposition.” Transformer Circuits Thread.

[Bricken et al., 2023]

Trenton Bricken et al. (2023). “Towards Monosemanticity: Decomposing Language Models with Dictionary Learning.” Transformer Circuits Thread.
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Language model 
neurons are 
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they do many 
unrelated things 
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vector state
attention MLP

Maybe this is the wrong abstraction. We need to 
decompose polysemantic representations into 
monosemantic units.

Goal: a circuit where each node is 
human-interpretable and editable



Sparse Features

vector state
attention MLP

We can use sparse autoencoders (SAEs) to disentangle 
human-interpretable features from model components

m

x



Sparse Features

vector state
attention MLP

We can use sparse autoencoders (SAEs) to disentangle 
human-interpretable features from model components

m

x



We can use sparse autoencoders (SAEs) to disentangle 
human-interpretable features from model components

Sparse Features

vector state
attention MLP

SAE

f = ReLU(We(x − bd) + be)

x̂ = Wdf + bd

x

m

x



We can use sparse autoencoders (SAEs) to disentangle 
human-interpretable features from model components

Sparse Features

vector state
attention MLP

SAE

f = ReLU(We(x − bd) + be)

x̂ = Wdf + bd

L = MSE(x, x̂) + λ∥f∥1

x

x = x̂ + ϵ

m

x



Sparse Features

Words related to women Passages related to academia, research



Language Models and SAEs

• Models: Pythia (70M), Gemma 2 (2B) 

• SAEs: GemmaScope [Lieberum et al, 2024], or trained by us on model activations 
given documents from The Pile 

• SAE features are interpreted using activations and logits from The Pile

Tom Lieberum et al. (2024). “Gemma Scope: Open Sparse Autoencoders Everywhere All at Once On Gemma 2.” BlackboxNLP.
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IE(m; a; x, x′￼) = m(x, do(a = ax′￼
)) − m(x)
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                                   if the subject in  were the 
                                   opposite number
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x = The manager

= p(are) - p(is)

  = The manager managersx′￼

IE(m; a; x, x′￼) = m(x, do(a = ax′￼
)) − m(x)

Activation patching requires  forward passes.O(a)

do(swap-number): Set  to what it would have been 
                                   if the subject in  were the 
                                   opposite number

a
x

Indirect effect( ): How much does do(swap-number) 
                                                change ?

m; a; x, x′￼

m
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∂a x

(ax′￼
− ax)

∇m

Attribution patching requires  forward and backward passes!O(1)



Attribution Patchingm

vector state
attention MLP

x = The manager

= p(are) - p(is)

̂IE(m; a; x, x′￼) =
∂m
∂a x

(ax′￼
− ax)

∇m

Attribution patching requires  forward and backward passes!O(1)

(We actually propose and use a more accurate 
approximation based on integrated gradients.)
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Case Study
Subject–Verb Agreement

x = The manager that the parents like 

m = p(are) − p(is)



The girls that

1, plural nouns (embed)

the

2, plural nouns and attached VPs (attn)

assistants hate

5, End of plural NPs, promotes plural verbs (attn)

1, animate plural nouns (mlp)1, mlp_0/ε

1, plural professions (resid) 1, plural noun objects (resid)

1, "boy" (embed) 1, "youths" (embed)1, "woman" (embed) 1, "mother" (embed) 1, "wives", "mothers" (embed) 1, embed/ε

1, "boys" (mlp)

1, objects (resid) 1, resid_0/ε

1, "women" (mlp)

1, "women" (resid)

1, "mothers" (mlp)

1, plural nouns (resid)

1, "athletes" (mlp) 1, "doctors" (mlp)

1, mlp_1/ε

1, plural nouns (resid)1, plural nouns (resid) 1, plural nouns with "the" (resid)1, resid_1/ε

1, singular professions (resid)

1, animate plural nouns (mlp)

1, plural nouns (resid) 1, plural professions (resid)

2, attn_2/ε

1, plural nouns (resid) 1, plural nouns (resid)1, resid_2/ε 2, resid_2/ε 2, tokens after plural nouns (resid)

1, plural nouns (resid) 1, plural animate nouns (resid)1, resid_3/ε 2, resid_3/ε

2, prepositions and relative pronouns (mlp)

2, relative pronouns (resid)

2, mlp_3/ε

1, animate plural nouns (mlp)1, mlp_4/ε

1, plural subjects (resid)1, Inanimate plural nouns (resid)1, Plural nouns (resid) 5, resid_4/ε

5, promotes singular verb forms (attn)

5, End of plural NPs, promotes plural verbs (resid)

5, attn_4/ε

1, 3rd person singular (pro)nouns, promotes singular verbs (resid)

5, promotes plural verb forms (attn)5, promotes plural verb forms (attn) 5, predicts unmarked verb forms (attn) 5, promotes singular verbs (attn)5, attn_5/ε

5, promotes singular verb forms (resid)5, end of singular NP, promotes singular verbs (resid)5, promotes 3rd person plural verb forms (resid) 5, promotes plural verb forms (resid)5, promotes plural verb forms (resid) 5, predicts unmarked verb forms (resid) 5, plural NP subjects, promotes plural verbs (resid) 5, resid_5/ε

5, promotes singular verbs (attn) 5, mlp_5/ε

y
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The girl/girls that the teacher sees

48 8

Embeddings, layer 0-4 MLP, resid

Layers 4-5 attn, resid

Layers 2-3 attn, MLP, resid

5 4 16 5

has/have

Noun number 
detection

PP/RC detection
PP/RC end detection

Verb form 
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This corresponds to the human intuition!

Case Study
Subject–Verb Agreement

But what about cases where it doesn’t?
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Classifying Ambiguous Data
Bias in Bios

Task: classify profession described in biography

Professor

Nurse

0

1

What if the target feature correlates perfectly with the spurious feature?

Man

Woman

0

1

“He was previously an assistant professor at the 
University of Arizona…”

“She graduated in 2005 with honors, and has 11 years 
of experience as a nurse practitioner”
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Classifier Head

[p(0), p(1)]

Look for features with high 
IE on classifier logits
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Task: classify profession

x
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Acc.:  
Profession : 63% 
Gender:       87%

Task: classify profession

x

[p(0), p(1)]

Inspect each high-IE feature

Classifier Head

Ablate features that seem  
related to gender

👎
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SHIFT
Results

SHIFT achieve the performance of a classifier trained on unbiased data!
Our judgments about feature relevance are largely informative.

Features are a stronger basis than neurons for removing spurious correlations.
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An Unsupervised Interpretability Pipeline

Intepretability typically requires us to have a behavior in mind. 

1. Given large text corpus , collect activations of SAEs  

2. Cluster  

3. Discover sparse feature circuits on clusters

{(xi, yi)} v(xi, yi)

v

Can we fully automate the behavior and circuit discovery process?



An Unsupervised Interpretability Pipeline
Results

This yields not only interesting unanticipated behaviors…



An Unsupervised Interpretability Pipeline
Results

This yields not only interesting unanticipated behaviors…

…But also interesting unanticipated features!



Takeaways

1. Sparse feature circuits allow us to derive human-interpretable and editable 
causal graphs from LMs. 
 
 

2. They allow us to surgically improve model generalization without additional data. 
 
 

3. They allow us to automatically discover unanticipated model behaviors and 
mechanisms.



Thank you!
🌐  Project Website

Check out our poster: 

Today 3pm – 5:30pm 
Poster #495



Samuel Marks, Can Rager, Eric J. Michaud, Yonatan Belinkov, David Bau, Aaron Mueller 
2025 International Conference on Machine Learning 

26 April 2025

Sparse Feature Circuits
Discovering and Editing Interpretable Causal Graphs 

in Language Models


