
Intro to Mechanistic 
Interpretability

Aleksei Dontsov
Research engineer AIRIPrincipal research scientist, 

Research manager AIRI

Elena Tutubalina



Features
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It was kinda easy in CNNs…
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1 neuron — 1 feature



— Okay, but what if there are 
thousands of features?

— Polysemanticity!

— What??
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Imagine you’re a neural network..

6

You have some neurons, and need 
to represent much more features

Dimensions are neurons and arrows — features. 
1 feature per 1 neuron.
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Imagine you’re a neural network..
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How do you compress more features?
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Imagine you’re a neural network..
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Now we get 4 features!

How do you compress more features?
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Imagine you’re a neural network..
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More?

Now we get 4 features!
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Imagine you’re a neural network..
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Sure, why not

More?
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Imagine you’re a neural network..
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Can we do this infinitely??

No(
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Okay, it was kinda cool
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But what should we do with this information?
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Okay, it was kinda cool

13

Train a SAE!

But what should we do with this information?
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SAE architecture
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𝑦 = ReLU(𝑊!"#𝑥 + 𝑏!"#)

𝑥
̂
= 𝑊%!#𝑦

x — model activations

y — features
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SAE architecture
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𝐿!"#$!%&' =∥ 𝑦 ∥(

𝐿!"#$%&'!(#')$% =∥ 𝑥 − 𝑥
̂
∥+

𝐿 = 𝐿!"#$%&'!(#')$% + 𝛼𝐿&,-!&)'.

Loss

x — model activations

y — features
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SAE architecture

𝑦 = TopK(𝑧)BatchTopK

𝑧:= 𝑊"%#𝑥 + 𝑏"%#

JumpReLU 𝑦 = 𝑧𝐈[𝑧 − 𝜃 > 0]

OrtSAE 𝐿 +=
1
𝑛 ∑
)/0

%
𝑚𝑎𝑥
12)

cos(𝑊3"#
) ,𝑊3"#

1 )

Modifications
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Feature interpretation
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Golden Gate  
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Feature interpretation
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Code error
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Feature interpretation
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Sycophancy
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You can then control LLMs
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By feature steering
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You can actually control LLMs

21

1. identify features — like honesty

2. during inference multiply them

3. model starts acting more honestly

4. to some extent

By feature steering
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You can actually control LLMs
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1. identify features — like honesty

2. during inference multiply them

3. model starts acting more honestly

4. to some extent

Default answer With honesty steering

By feature steering
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But steering breaks alignment
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«The Rogue Scalpel: Activation Steering Compromises LLM Safety» — arxiv:2509.22067
Anton Korznikov, Andrey Galichin, Alexey Dontsov, Oleg Y. Rogov, Ivan Oseledets, Elena Tutubalina



Circuits
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Transformer recap 
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multi
head
atten
tion
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Remember?



Remember?

now forget :D
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The right image
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What changed?
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Residual stream
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Generally, it is a communication channel between layers

Wk, Wq, Wv — read

Wo — write
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Residual stream

Has some structure 
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Attention as information movement
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Attention as information movement
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QK, VO circuits
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MHA recap

𝑥, 𝑦 ∈ ℝ3!"#$% — embeddings

𝑊4 ,𝑊5 ,𝑊6 ,𝑊7 ∈ ℝ3&$'#×3!"#$% — query, keys, values and output matrixes

𝑊4𝑥,𝑊5𝑥,𝑊6𝑥,𝑊7𝑥 ∈ ℝ3&$'# — query, keys, values and output vectors

then we calculate the attention scores like this:  𝑓&#$!"(𝑥, 𝑦) = 𝑦9𝑊4
9𝑊5𝑥

we can define a new matrix 𝑊45: = 𝑊4
9𝑊5 and call it  an «QK-circuit»

QK matrix is basically a bilinear form on embeddings
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QK, VO circuits
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𝑥, 𝑦 ∈ ℝ3!"#$% — embeddings

𝑊4 ,𝑊5 ,𝑊6 ,𝑊7 ∈ ℝ3&$'#×3!"#$% — query, keys, values and output matrixes

𝑊4𝑥,𝑊5𝑥,𝑊6𝑥,𝑊7𝑥 ∈ ℝ3&$'# — query, keys, values and output vectors

then we calculate the attention scores like this:  𝑓&#$!"(𝑥, 𝑦) = 𝑦9𝑊4
9𝑊5𝑥

we can define a new matrix 𝑊45: = 𝑊4
9𝑊5 and call it  an «QK-circuit»

QK matrix is basically a bilinear form on embeddings

MHA recap
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QK, VO circuits
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𝑥, 𝑦 ∈ ℝ3!"#$% — embeddings

𝑊4 ,𝑊5 ,𝑊6 ,𝑊7 ∈ ℝ3&$'#×3!"#$% — query, keys, values and output matrixes

𝑊4𝑥,𝑊5𝑥,𝑊6𝑥,𝑊7𝑥 ∈ ℝ3&$'# — query, keys, values and output vectors

then we calculate the attention scores like this:  𝑓&#$!"(𝑥, 𝑦) = 𝑦9𝑊4
9𝑊5𝑥

we can define a new matrix 𝑊45: = 𝑊4
9𝑊5 and call it  an «QK-circuit»

QK matrix is basically a bilinear form on embeddings

MHA recap
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What’s a bilinear form?
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𝐵(𝑥, 𝑦) = 𝑥𝐵𝑦F, where 𝑥, 𝑦 ∈ ℝG , 𝐵 ∈ ℝG×G

𝐵(𝑥, 𝑦): ℝG×ℝG → ℝ
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QK, VO circuits
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Words are vectors:

QK — how much information to move from x to y

VO — what information to move from x to y

Are bilinear forms!
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Heads form circuits
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Circuits in the wild
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Induction heads
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Induction heads
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Layer 0
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Induction heads
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Layer 1
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Some circuits examples
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Modular addition

1. Embed a and b on circles

T=[2,5,10,100] 

2. Sum them on circles

3. Translate back to logits

a + b = 
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Some circuits examples
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Indirect object identification (IOI)

Fact localisation

Greater then
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Work with us!

Interpretability techniques (LogitLens\TunedLens, probes, SAE)

Model Steering

Chain-of-Thought faithfullness

tg: @tlenusik, @theremaker

On the topics:
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