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Zoom in: An introduction to circuits

Defined the circuit-based interpretability research program 
with an emphasis on convolutional architectures.  

It hypothesizes that: 

a) Features are the fundamental units of analysis in NNs. 

b) Features are interconnected by weights forming circuits.  

c) Different models have similar features and circuits.  
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A mathematical framework for transformer circuits

Aimed to find algorithmic motifs and a unified 
frameworks through which to analyze transformers. 

Introduced a lot of the common vocabulary in 
mechanistic interpretability.  

First found many famous and non-trivial behaviors such 
as induction heads, skip-trigrams, and copying. 
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A new way of looking at transformers

Vaswani et al.

Transformers are a sequence of residual blocks: these are made up of a 

series of parallel attention heads followed by a multi-layer perceptron (MLP).  

Importantly, we view the model as something that evolves embeddings at 

each layer, similar to traditional views of neural networks. 

* This is an extremely over-simplified description. 

Each token in the input is projected into three vectors using affine 

transformations: Query ( ), Key ( ), and Value ( ).  Q K V

Attention(Q, K, V) = softmax ( QK⊤

dk ) V

MLP output = ReLU(AW1 + b1)W2 + b2

One residual block

Attention 
Head
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Multi Layer Perceptron
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A new way of looking at transformers

Elhage et al.

Transformers are a sequence of (almost) linear transformations interspersed 

with nonlinear MLPs.  

This means that the transformer can be seen as a collection of smaller, 

modular “circuits” that perform independent sub-computations.  

These sub-computations get read to and written from a central 

“communication channel” (AKA the residual stream) of the model to be 

combined into the final output.  

This view allows researchers to trace how information flows and transforms 

through the model.  
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What is the residual stream?
Residual connections have the form , where  is some operation 
and  is of shape [seq_len, hidden_dim] 

The sequence  is called the residual stream.  

xt = g(xt−1) + xt−1 g
xt

(x1, x2, …, xt, …, )

Residual Stream 

t1
t2

ts−2

…

ts−1
ts

t3{seq_len

{

hidden_dim



What is the residual stream?
The residual stream has an inherently linear structure and the information is 
persistent across layers (a “write” at layer  might be read at layer say ).i i + 10

xWT
V

x = x + w

A read is a linear 
projection of residual 

stream.  

  is [ seq_len , hidden_dim ]  
 is [ head_dim, hidden_dim ]

x
W

A write is an addition to 
the residual stream 

Concepts are (roughly) 
orthogonal directions in 

the residual stream

x = ∑
i∈writes

wi

The residual stream admits 
an additive decomposition 

into all of its writes.



Attention heads and the residual stream

  are  [ seq_len , hidden_dim ]  
 are [ head_dim, hidden_dim ] 

 is [ hidden_dim, head_dim ]

xV, xK, xQ
WV, WQ, WK
WO

 = head( ) + x x, x, x x

Two distinct operations.  

OV-circuit ( ): Decides what to read 
and what to write to the residual 
stream by linearly transforming each 
token position independently. 

QK-circuit ( ): Takes a weighted 
average over sequence dimension to 
move information across tokens. 

w

A

      

def head( , , ): 
 =  
 = softmax( ) 

return 

xV xK xQ

w xV(WOWV)⊤

A xQW⊤
QWKx⊤

K

Aw



Attention heads and the residual stream
Some observations: 

1. The residual stream enters into the operation 
in three “independent ways”.   

2. The head operation is linear in   because 
we have  

head(  =  

3. The head implicitly receives as arguments 
all previous writes. We can decide which. 

head( , , ) = head( ) 

xV

xv, …) AxV(WOWV)⊤

xV xK xQ ∑
i

wi, ∑
i

wi, ∑
i

wi
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 = softmax( ) 

return 

xV xK xQ

w xV(WOWV)⊤

A xQW⊤
QWKx⊤

K
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The residual stream & path expansion 
Ideally, we want to study “paths” of computation in 
a transformer to understand how components 
interact and affect the output.  
 
We can formalize such paths as follows:

Embedding

head 1head 2

MLP

logits

Embedding

head 1head 2

MLP

logits

Embedding

head 1head 2

MLP

logits

Embedding

head 1head 2

MLP

logits

Current Model Expanded Graph  
& 

Example Circuit

1.  We construct an expanded graph such that 
components  and  share an edge if a 
write  by  is read by .  

2. A path is any path (in the graph sense) from 
the embeddings to the logits.  

3.  A circuit is a collection of such paths (or 
more generally any sub-graph.)

C1 C2
w C1 C2



The residual stream & path expansion 

Embedding

head 1head 2

MLP

logits

Embedding

head 1head 2

MLP

logits

Embedding

head 1head 2

MLP

logits

Embedding

head 1head 2

MLP

logits

Current Model Expanded Graph  
& 

Example Circuit

To run a circuit:

1. Run the transformer and, as you go along, cache 
the writes  for every component . 

2. When running a component , feed as input only 
the writes corresponding to edges in the circuit.  
                     

wC C

C

To note: 
 
a) Additive effect for logits (OV circuit preserves linearity) 
 
b) This generalizes path expansion in the paper. 
 
c) There are tricks but, in general, it is expensive.

∑
(C′￼,C)∈G

w′￼C



Empirical Results



Analyzing the transformer
In order to use these concepts to reverse engineer results, Elhage et al. looked at some toy 

transformer models. Specifically, their setting for simplifying the models was the following:  

• Attention-only (no MLP layers) 

• Decoder-only (like GPT-3)  

• No layer-norm or biases  

• Reduced the number of layers; looked at 0L, 1L, and 2L transformers



0L: Bi-gram(ish) statistics
The simplest possible model applies the embedding and unembedding matrices. The best we 
can do with this model is to approximate the bi-gram statistics with the “distributed 
representations”. 

softmax( )t(WUWE)⊤

  is [ n_vocab , hidden_dim ]  
 is [ hidden_dim, n_vocab ] 

 is [ seq_len, n_vocab ]

WU
WE
t



1L: Skip tri-grams
Reading off the QK and OV circuits gives us a “source” token, “destination” token, and “out” 
predictions for the next token. Together, these three tokens form a “skip-trigram” of the form: 

[source]…[destination][out].  

…{vocab_size

{
vocab_size

[destination]

[source]

WT
EWT

QWKWEQK

[source]

{

{

vocab_size

vocab_size

WT
UWOWVWEOV

[out]

…
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1L: Skip tri-grams
Reading off the QK and OV circuits gives us a “source” token, “destination” token, and “out” 
predictions for the next token. Together, these three tokens form a “skip-trigram” of the form: 

[source]…[destination][out].  

Summarization of observed 1L copying behavior: 



2L: Induction heads

1L model copying head:  

[b] … [a] → [b] 

2L model induction head:  

[a][b] … [a] → [b]

https://www.perfectlynormal.co.uk/blog-induction-heads-illustrated



Circuit ablation studies
We are able to determine the marginal information gain for all independent paths in the model.



Current Research Directions

Can we automate 
the discovery of 

interesting 
circuits? 

Can we understand 
the features in the 
residual stream? 

What behaviors can 
we find from 

circuits?



Questions?


