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Transformers

1. Attention layer
• Building blocks to leverage connection with other  tokens for 

good embeddings

2. MLP (Multi-layer perceptron)
• Feed Forward
• Building blocks to extract relevant features + information from 

the embeddings



Linear Representation Hypothesis

LRH states that intermediate layers of language models store 
features linearly.



2-layer Perceptron
Input: Micheal Jordan …?
Embedding: 𝑥

𝑧! = 𝑊!𝑥 + 𝑏! Is feature 𝑊!
",: present? (Michael)

Is feature 𝑊!
%,: present? (Jordan)

Is feature 𝑊!
&,: present? (Michael Jordan)

ℎ = 𝜙(𝑧!) (say RELU) Yes/No (yes: 1) (otherwise: 0)

(yes: 1)
(yes: 1)

𝑧" = 𝑊"ℎ + 𝑏" Get 𝑊!
:,$ +𝑊%

:,& +𝑊%
:,'

(plays basketball)

𝑦 = 𝑥 + 𝑧! New embedding! (Michael Jordan plays basketball)



Linear Representation Hypothesis

LRH states that intermediate layers of language models store features linearly.

Features (e.g., the presence of cats or dogs) could increasingly be extracted using 
linear classifiers (linear probes) trained on activations, suggesting that deep neural 
networks work to arrange features linearly.



Superposition
d neurons can store m ≫ d features

What if you cannot ask so many questions??? (just m Qs)

𝑧! = 𝑊!𝑥 + 𝑏!   Is feature 𝑊"
#,: present? (Michael)

     Is feature 𝑊"
&,: present? (Jordan)

     Is feature 𝑊"
',: present? (Michael Jordan)



Interference
d neurons can store m ≫ d features

sparse autoencoders



Toy Models of Superposition



Prelims + recap



Setup
𝑥!is a feature (we're imagining features to be perfectly aligned with neurons)

• Feature Sparsity
• For example, in vision, most positions in an image don't contain a horizontal edge, or a curve, or a dog head. 
• In language, most tokens don't refer to Martin Luther King or aren't part of a clause describing music.

• More Features Than Neurons
• Features Vary in Importance

𝑥! = #
0	 w. p.	S"	

U[0,1]	 w. p. ty	1 − S"
  
S"	 is sparsity. Say all S" = S for all I

𝑥! has importance I"	



Setup
𝑥'is a feature (we're imagining features to be perfectly aligned with neurons)

Recall that each column 𝑊# corresponds to the direction in the lower-
dimensional space that represents a feature 𝑥#.



Setup



Results

n features
m hidden



Mathematical understanding

Linear loss

RELU loss



Outcomes

(1) the feature may simply not be learned

(2) the feature may be learned, and 
represented in superposition

(3) the model may represent a feature with 
a dedicated dimension

Say 2 features but 1 hidden dimension





PCA ↔ Superposition

• Experiment: Six features were grouped into three correlated pairs,                                       
with each pair always activating together while their non-zero values remained independent. 

• Sparse features produce superposition patterns, but as features become denser, 
representations collapse into principal components, eventually behaving like PCA.



How many features can one layer of d 
neurons store?

There is a lack of clarity around…

 represented linearly ≈	accessible linearly

Linear representation → model behavior can be altered/steered by 
    modifying activation space along linear 
    directions

Linear accessibility → features can be extracted with linear probes
    + next layer of a model can use it!



Mathematical Framework

Activations 
𝑓: 𝐿 → ℝ(

Features 
𝑧': 𝐿 → ℝ



LRH formalized
Activations 𝑓: 𝐿 → ℝ(

Features 𝑧': 𝐿 → ℝ

𝑓 𝑧 = 𝐴𝑧



Linear access formalized
Activations 𝑓: 𝐿 → ℝ(

Features 𝑧': 𝐿 → ℝ

𝑔! 𝑥 = 𝑏! , 𝑥  for some 𝑏! ∈ ℝ#

If all features are recoverable, there exists

 
𝐵 = [𝑏$	𝑏%…𝑏&] such that 

𝐵'𝑓 ℓ − 𝑧 ℓ < 𝜀



Questions There is a quantitative gap in the answer to (1) and (2)



Past Results: Compressed Sensing

New Results: Linear Compressed Sensing

Non-linear g

superposition



Intuition

𝑧 ≔ features
Let 𝑎!, . . . , 𝑎) ∈ ℝ(  be the columns of 𝐴 (representation vectors)
Let 𝑏!, . . . , 𝑏) ∈ ℝ(  be the rows of 𝐵 (probe vectors)

𝑧̂ = 𝐵*𝐴𝑧

Interference



Thank you J


