
Why do attention heads attend where they do?
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THE BIG QUESTION: "When an attention head 
attends to a token pair, what features (signals) are 
really responsible?"
To answer this question, we define the Attention Causal 
Communication Problem.
Problem Statement: When a head attends to two tokens, we find 
the smallest set of upstream components (M) and the smallest 
subspace (C) such that if those components hadn't written to that 
subspace, the attention wouldn't have happened.

First, we define Relative Attention (𝒄𝒍𝒂𝒅𝒔), a replacement function 
that captures the Softmax behavior, measuring how much a head 
prefers to attend to token s over the average of every other token.
Properties:
1. It is linear
2. 𝐴%& > 1/d → 𝑐'(%& > 0.

Causal tracing of attention
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A visual overview of the Attention Causal Communication Problem.
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We leverage the SVD of the 𝑊)𝑊*
+ matrix to break the attention 

score into a sum. Prior work has shown that the QK SVD exposes 
low dimensional communication channels, i.e., the set of terms 
above is sparse. We then find the smallest set of singular vectors 
(𝑆'(%&) that sums to the total Relative Attention. This is our causal 
subspace C.

1. Finding the subspace C

Relative attention

2. Finding the set of upstream components M
Causal structure: the residual stream is a sum of upstream 
contributions:
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Tracing attention-causal communication: distributing 
relative attention over the upstream components finds the 
contribution of every upstream component into the subspace
C. We pick the smallest set of upstream contributions M that 
sums to the total relative attention.

<latexit sha1_base64="92FX52EqhZNO2U8lNw5x2d342j4=">AAACD3icbVDLSsNAFJ34rPUVdelmsCiuSiJS3QgFXbisYB/QpmEymbRDZ5IwMxFLyB+48VfcuFDErVt3/o2TNoK2HrhwOOde7r3HixmVyrK+jIXFpeWV1dJaeX1jc2vb3NltySgRmDRxxCLR8ZAkjIakqahipBMLgrjHSNsbXeZ++44ISaPwVo1j4nA0CGlAMVJacs2jHkdq6AXpfdb3L2BPJtxNcQZ/5Chzcd+HrlmxqtYEcJ7YBamAAg3X/Oz5EU44CRVmSMqubcXKSZFQFDOSlXuJJDHCIzQgXU1DxIl00sk/GTzUig+DSOgKFZyovydSxKUcc0935mfKWS8X//O6iQrOnZSGcaJIiKeLgoRBFcE8HOhTQbBiY00QFlTfCvEQCYSVjrCsQ7BnX54nrZOqXavWbk4r9asijhLYBwfgGNjgDNTBNWiAJsDgATyBF/BqPBrPxpvxPm1dMIqZPfAHxsc3fJWc9Q==</latexit>

xd =
∑

c

od
c

t1 t2

. . .

A→
ds

ts ts+1

A→
dj

. . .

td
Source Tokens

Attention Score

Avg. of others:
1

d→1

∑
j ↑=s A

↓
dj

Relative
Attention
clads > 0

Results & impact

Finding 1: this strategy consistently finds small subspaces
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Finding 2: automatic, per-prompt circuit 
discovery. No counterfactuals, no patching, no SAEs

Finding 3: the low-dimensional signals are causal to 
model performance
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Finding 4: our method exposes control signals, 
responsible for attention sinks

���

��


���

��	

���

���

�
�
�
��
�
��
��

��
�
�
��
 

���

��


���

��	

���

���

�
�
�
��
�
��
��

��
�
�
��
 

� � � � 	 
 � � 
 � ����

��������������������

�
�

	
�



�
�

�
�
 
�
�

� � � � 	 
 � � 
 � ����

��������������������

�
�

	
�



�
�

�
�
 
�
�

��	� ��		 ����

��
����
�
���
��

�

���

����


�
��

�

Interventions have causal effect on 
model performance

Signal subspaces have very low dimension

Cosine similarity between residuals 
before and after interventions is very 

high

Source token control signals implement 
attention sink: GPT-2/IOI.
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We find circuits with comparable performance against baselines.
First-reported circuit used for comparison for every task/model.

The challenges & our approach
The challenges:
1. There is an infinite set of possible subspaces to search
2. Attention is a nonlinear function, making attribution challenging
Our approach:
1. Leverage SVD to generate candidate subspaces
2. Craft a linear replacement for Softmax that still captures causality
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Destination token control signals 
implement attention sink: Gemma-2 

2B/IOI.
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