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What is Mechanistic Interpretability (MI)?

• We currently don’t know how AI are making decisions 


• Decision making process is dictated by millions of parameters and are not 
incentivised to be interpretable by humans


• Mechanistic Interpretability hopes to Field of study about reverse engineering 
neural networks from their learned weights and neurons in a way that in 
interpretable to humans, similarly to reverse engineering computer programs


• The curse of dimensionality is the issue that when dealing with high-dimensional 
spaces, interpretability becomes very hard 


• To deal with this MI’s fundamental objects of study are features and circuits



Features
• What would we want a feature of an interpretable neural network to be?


• Activation functions (neurons) represent features and the models parameters


• Possible definitions of a feature include 


• A feature is a property of the input which a sufficiently large neural network will 
reliably dedicate a neuron to representing. 


• A feature is a function of the input of the model


• A feature is a something that is interpretable for humans


• Features are the fundamental building blocks of models


• Features are a fuzzy definition, best learned via example

[DistillCircuits]



Features

[DistillCircuits]



Circuits

• What would we expect 
interpretable models to be 
doing with these features?


• Circuits are algorithms that 
the model learns, a subset of 
the models neurons (features) 
and weights that reliably and 
repeatedly perform the same 
task


• We will see tomorrow that 
Induction heads form in 
Transformers as a circuit


• Once again a fuzzy definition, 
best illustrated via examples

[DistillCircuits]



Universality Hypothesis

• Hypothesis that the same features and circuits will appear in the different 
models 


• Weak Universality: Handful of algorithms that work over different models 
and scales 


• Strong Universality: All models perform the same circuits regardless of type 
of model or scale


• Universality of principles: There are techniques that models learn that work 
across a wide range of models, even if the circuits are not the same 

￼[DistillCircuits]



Universality Hypothesis

[DistillCircuits]



How do these ideas help?

• By extracting features and 
circuits from models we can 
hopefully pull out circuits and 
features we know 


• Then implement the weights 
manually in a new network and 
check if the hand coded model 
performs as intended


• Tracr is a compiler for 
translating human readable 
programs into weights of a 
decoder only (GPT-like) 
transformer 

[Tracr]



Features in Superposition 
• So far we’ve painted a very nice picture about how to interpret neural networks, first they learn 

features, then they combine features in circuits to identify more complicated features


• Unfortunately not every neuron cleanly aligns with a feature, most are actually in superposition or 
split across neurons 


•  even after a neuron is dedicated to a feature it still needs to carry that information to the output of 
the model 

[DistillCircuits]



Superposition - Why do models do it?

• Most features in a model are 
sparse, in the sense that they 
won’t be seen by the model 
very often 


• So the model can then “take 
the risk” to put multiple features 
that are unlikely to occur 
together into one polysemantic 
neuron


• Features may also vary in 
importance depending on the 
context of the task

[NeuronCapacity]



Can we remove Superposition?
• Clearly superposition is deeply connected to the challenge of interpretability 

to make claims about AI safety


• Superposition also has the challenge that if features are always in 
superposition we may never know they are there, which is concerning 
especially if there are harmful features

SoLU(x) = x softmax(x)

• One can make more features 
interpretable in a model, for 
example using an activation 
function in a 1-layer transformer 
a SoLU activation function can 
generate more interpretable 
features that ReLU 

• It seems like superposition is 
here to stay in some sense if 
we demand the best 
performance a model can give 

[SoLU]



The Superposition Hypothesis

• The Superposition Hypothesis states that given a model with features in 
superposition, there exists a much larger model where every feature is given 
a dedicated neuron

[ToyModels]



Features as Directions 
• This is the hypothesis is that features are represented as as directions in activation space 


• The intuition behind this is that one of the main tasks models do well is linear algebra  


• Tokens certain in embedded vector space obey interpretable algebra such as  V("king") - V("man") + 
V("woman") = V(“queen") (this is motivational only) without buying into the algebra too much, it 
motivates the orthogonality 


• Let ￼  be a vector of ￼  features, if each ￼  can be embedded into a vector 
space by multiplying ￼  by a matrix ￼   giving ￼ . we can plot the columns of ￼  as  ￼  
corresponding to feature ￼

x = (x1, x2, …, xn) ∈ ℝn n xi
x W ∈ ℝn×n Wx W Wi

xi

• For example ￼ , if we can plot the features as columns of ￼  in ￼n = 2 W ℝ2

[ToyModels]



Do we care about the basis?
• Even if features are encoded as directions, a natural question to ask is which directions? In some cases, 

it seems useful to consider the basis directions, but in others it doesn't. Why is this?


• Superposition occurs when features have non-zero dot products


• From this perspective, it only makes sense to ask if a neuron is interpretable when it is in a privileged 
basis.


• Note that having a privileged basis doesn't guarantee that features will be basis-aligned – we'll see that 
they often aren't! But it's a minimal condition for the question to even make sense.

[InterpretableBasis]



Toy Models of Superposition 


• So if we embed more features in than we have dimensions, then the model with HAVE to use to superposition! 
Therefore our Toy Model of Superposition will be embedding ￼  features ￼  into an ￼
dimensional space where ￼ 


• A linear representation ￼   exhibits superposition if ￼  is not invertible and does not exhibit superposition if 
it is. For ￼  , we define ￼ . So 

n (x1, …, xn) ∈ ℝn m−
n > m

W WTW
x, b ∈ ℝn, W ∈ ℝm×n w = (W, b)

f(x, w) = ReLU(WTWx + b)x ∈ ℝn, xi ∼ U[0,1]

• For example ￼  features into ￼  dimensional 
space we do not have a privilege basis due to rotation 
invariance 


n = 3 m = 2

[ToyModels]



Features (Parameters) of Features

• We will see how the parameters sparsity and importance affect feature embedding


• Suppose ￼  with probability ￼ , otherwise ￼  as before we call ￼  the 
sparsity


• Each feature ￼  will be given an importance ￼   where more important features (larger 
￼  ) will give a lower loss if embedded

xi = 0 s xi ∼ U[0,1] s

xi Ii
I

[ToyModels]



Loss of the Toy Models of Superposition

q(x, s) = ∑
T

( n
|T | )

−1

s|T|(1 − s)n−|T|δx∈[0,1]T

where ￼  is the importance matrix, ￼  is the sparsity and 


 

I s

Here ￼ . The model once again isT = {1,…, n}

f(x, w) = ReLU(WTWx + b)

The loss we wish to minimise is 

K(w) = ∫ℝn

q(x, s) | | I(x − f(x, w)) | |2 dx

=
n

∑
i=1

∫ℝn

q(x, s)Ii(xi − f(x, w)i)2dx

￼  with 
probability ￼
x ∈ ℝ3, xi = 0

s

L = ∫ℝn

n

∑
i=1

Ii(xi − f(x, w)i)2dxThe paper gives the loss as 

[ToyModels]



5 Features in 2 
Dimensions

[ToyModels]



Higher Sparsity Embeds More Features

• Text• Text

[ToyModels]



Tangent - Back to Neuron Capacity 
• We can think of this Toy Model’s 

neurons as having fixed capacity to 
store features 


• Lets say we have a loss ￼  and each 
neuron or feature ￼  has a capacity 
￼  between 0 and 1 for how 
activated it is

L
xi

Ci

[NeuronCapacity]



Neuron Capacity 

• These graphs show a variety of different possible marginal benefit curves. 


• In A and B, the marginal returns are increasing–the more you allocate capacity to 
a feature, the more strongly you want to allocate more capacity to it. 


• In C, the marginal returns are constant (and in this graph they happen to be equal 
for the two features, but there’s no reason why constant marginal returns imply 
equal returns in general). 


• In D, E, and F, there are diminishing marginal returns.

[NeuronCapacity]



Phase Transition in Embedding Features

• We will now try to cram 2 features into 1 dimension. 


• Let ￼  and ￼ . 


• Feature ￼  will have importance 1 and ￼  importance ￼ 


• We will have 3 cases for embedding the features

x = (x1, x2) ∈ ℝ2 W = [w1 w2]

x1 x2 I

[ToyModels]



Phase Transition in feature embedding

[ToyModels]



The Geometry of Superposition

• We've seen that superposition can allow a model to represent extra features, and that the 
number of extra features increases as we increase sparsity. 


• We will see that features seem to organise themselves into geometric structures such as 
pentagons and digons


• There's a good chance it's at least partly due to to the toy model we're investigating. But it 
seems worth investigating because if anything about this generalise to real models, and 
turns out to be a great test bed for SLT tools


• How can we measure the number of features a model has learned? A natural idea is to look 

at the Frobenius Norm ￼  where ￼  is a column of ￼ . 


• Counts learned features since ￼  if a feature is learned and ￼  if it is 
not

| |W | |2
F =

n

∑
i=1

| |Wi | |2 Wi W

| |Wi | |2 ≈ 1 | |Wi | |2 ≈ 0

[ToyModels]



Dimensions per features

• We can then plot dimensions per feature as ￼D* = m / | |W | |2
F = m /

n

∑
i=1

| |Wi | |2

[ToyModels]



Toy Models of Superposition - Dimensionality

• How can we measure how many dimensions a given feature is embedded in?


• For this use the quantity dimensionality, a feature ￼  will have dimensionalityxi

Di =
| |Wi | |2

∑n
j=1 (Ŵi ⋅ Wj)2

• The numerator represents how much a feature is represented, while the 
denominator is how many features share the dimension it’s embedded in


[ToyModels]



More Dimensionality 
Examples

Di =
| |Wi | |2

∑n
j=1 (Ŵi ⋅ Wj)2

• Even though we only 
computed ￼  in all these, 
the dimensionality of each 
feature inside the polytope 
will be the same


• Why don’t we embed these 
polytopes into a much larger 
dimensional space?


D1

[ToyModels]



Dimensionality Plot of 400 features into 30 dimensions

[ToyModels]



Phase Transitions in Polytopes

[ToyModels]



• Note Sparsity here means 1- s

[ToyModels]



Superposition - Why these shapes?

• The reason the model likes antipodal 
pairs for many sparsity values is because 
if at most one of either feature in the pair 
is present, but doesn’t if both are.


•  Say both features are sparse and they’re 
present 25% of the time, then this is 
good 50% of the time and bad 6.25% of 
the time


• Similar to the Thompson Problem (but 
don’t read too much into this)

[ToyModels]



Toy Models of Superposition - n2m1 in Biasless Model

• It is possible to exactly solve the expected loss for 2 features in 1 dimension 
with a biasless model 

K(w) = ∫ℝ2

q(x, s) | |x − ReLU(WTWx) | |2 dx

[ToyModels]



Dimensionality Phase Transitions in Training

[ToyModels]



Phase Transition in Training

[ToyModels]



Phase Transition in Loss

• A feature is a property of an input to the model 

[ToyModels]



Bonus Content: Training Data v Features
• What if instead we have a finite 

training data set T 


• Here the sparsity ￼  is fixed 
and features are uniformly 
distribution ￼  but rescaled so 
￼ 


• Keeping track of training sets ￼  with 
￼  representing training data


• Hidden vectors are ￼ 


• We see data points, rather than 
features are being represented as 
direction 


• This makes sense when ￼  since 
it’s easier to represent the ￼  samples 
as oppose ￼  features in the ￼
dimensional space

s = 0.999

U[0,1]
| |x | |2 = 1

T
X ∈ ℝn×T

hi = WXi

T < n
T

n m−

[ToyModels2]



Memorisation v 
Generalisation

• Here we also 
introduce a 
dimensionality in the 
hidden training 
examples 

DXi
=

| |hi | |2

∑n
j=1 (ĥi ⋅ hj)2

• Where ￼  and we 
can now visualise the 
geometry of features and 
data points as we vary 
the dataset size ￼ 


• We expect each example 
to have dimensionality 
￼  (here ￼ )

hi = WXi

T

m /T m = 2

[ToyModels2]



Key Takeaways

• Mechanistic interpretability uses features and circuits to help us understand what’s 
going on inside these models


• Superposition appears to be one of the largest hurdles Mechanistic Interpretability 
has to struggle with, as what makes it so powerful at reducing loss also makes it 
hard to interpret 


• It appears that sparse features align themselves into geometric polytopes 


• A promising tool would be the ability to identify and enumerate over all features. 
The ability to have a universal quantifier over the fundamental units of neural 
network computation is a significant step towards saying that certain types of 
circuits don't exist.


• We plan to use the Toy Models given to us by Anthropic as a test bed for SLT tools 
and to better understand what superposition is


