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Mechanistic Interpretability

● Goal: reverse engineer neural networks into human understandable 
algorithms

● In last few years, progress on toy models and LLMs

Zhong et al. 2023 Wang et. al. 2022



Our Focus: Representations

● What are the variables that models use for computation?
● Platonic representation hypothesis: representations are universal

○ So we can study just one or two specific models!

Huh et al. 2024



How LLMs Work

● Transformer architecture:
○ Residual stream: sequence of high-d 

vectors, one per (token, layer) pair
○ Each layer: attention, MLP, update residual 

stream
● Residual stream vectors = snapshots of what the 

LLM is “thinking” 
○ Only way to communicate across layers is 

residual stream, so most “variables” must be 
in the vector space somewhere!



How Are Representations Stored in the Residual Stream?

● Simplest explanation: each dimension stores a single concept
● Unfortunately, usually not the case: neurons are polysemantic

○ In fact, this is necessary: an LLM knows far more than 10k concepts

Olah et al. 2020



Solution: Linear Representation Hypothesis + Superposition

● Activations are sparse, linear combinations of meaningful feature vectors
● Sparsity allows >> d feature vectors to be stored almost orthogonally

○ We say “in superposition”
● Models can decode superposed vectors or compute directly in superposition

The orange cat jumped



Finding One-D Features: Sparse Autoencoders (SAEs)

● Key idea: Train a (wide) 
autoencoder to reconstruct 
activations

● The hope: hidden state learns 
coefficients of features, and the 
decoder learns the meaningful 
feature vectors themselves

● L1 penalty on hidden activations

[slide adapted from Neel Nanda]



SAEs Mostly Work: Monosemantic Features!



Limitations Of The LRH

● What is the relationship between feature vectors? Can we say anything more 
than “almost orthogonal”?

● Are one dimensional vectors the correct model of an “atomic” feature? If not
○ What types of features might be inherently multi-dimensional? 
○ What would they look like? 
○ How could we find them?



Linear Representation HypothesisLinear Representation Hypothesis

● Activations are sparse, linear combinations of meaningful feature vectors 
manifolds

aka multi-d features

● Activations are sparse, linear combinations of meaningful feature vectors

Multi-D



Defining Multi-D Features

● k dimensional feature: function f that maps a subset of the input space into a 
k-dimensional point cloud

● Feature reducible if, across input distribution:
○ It is separable: 

■ Composed of two independent lower dimensional features (e.g. gaussian) 
○ It is a mixture: 

■ Composed of two disjoint lower dimensional features (e.g. simplex)
● Irreducible if neither of these

○ E.g. a circle

From Park et al. 2024



Defining Multi-D Features In Practice

● We relax definitions
● Mixture index: how 

often can f be 
projected to zero

● Separability index: 
what is the minimum 
mutual information 
across all rotations of 
f



Finding Multi-D Features: Also SAEs

● Key idea: many high similarity dictionary vectors will be learned for a given 
multi-d feature, so cluster SAE vectors

● To identify multi-d features, run mixture and separability tests on SAE 
reconstructions limited to each cluster. This works!



Bonus: What Other Multi-D Features Does Clustering Find?



We Find Some on Mistral 7B Too!



When Do Models Use These Circles: Modular Addition?



When Do Models Use These Circles: Modular Addition!

● PCA shows models indeed have a circular 
representation

● We can intervene everywhere in the circle (not 
just on 7 or 12 learned positions)



Do Models Actually Use These Circles? 

● Interventions show they do! 
● We train a probe to “fit” the activations with a circle in days of the week, and 

then intervene on that circle



We Can Also Directly Use the Circle From Clustering



Extra: Circular Representations Are Continuous!



Extra: Discovering Another Circle

● Method: use regression to remove components from activations that are 
linearly predictable from start day/month and duration

● In PCA, another circle in the computed day/month appears!



Recent Followups: Linear Representation Hypothesis

● Responding to our work, Olah 
describes a two part LRH: 
○ 1. Features are one-dimensional
○ 2. Feature magnitude correlates 

with intensity
● Csordás et. al. show preliminary 

evidence against part 2 by finding 
“onion-like” features in a toy RNN; 
our evidence is only against part 1



Recent Followups: More Multi-Dimensional Features

Belief states in toy models, Shai et. al. Circular representation for curve 
detectors, Gorton



Recent Followups: Structure in SAEs

● Multiple papers/works on structure in SAEs
○ The Geometry of Concepts: Sparse Autoencoder Feature Structure,  Li et. al.
○ SAE feature geometry is outside the superposition hypothesis, Mendel
○ The Geometry of Categorical and Hierarchical Concepts in Large Language Models, Park et. 

al.



Open Questions on Multi-D Features

● Would be great to find stronger proof that model is really “rotating” circles 
● How many features are best thought of as multi-d vs. one-d?
● Can we make SAEs learn multi-d features in the first place?



What Else Might SAEs Be Missing? Dark Matter



SAE Error is Linearly Predictable

● >90% of SAE error norm and 
~50% of error vector is linearly 
predictable from activations

● Continuing presence of linearly 
predictable error as we scale = 
part of activation space we just 
aren’t learning? Are these 
nonlinear features?



SAE Errors Are Consistent Across Scale

● Implies that 
there are 
specific 
contexts that 
SAEs of any 
size do badly 
on?



Nonlinear and Linear Error Components Are Different

● Does nonlinear 
component 
contain fewer 
true model 
features and 
more “dense” 
features?



What Else Might SAEs Be Missing? Dense Features



What Else Might SAEs Be Missing? Usefulness?



SAEs Should Be Good At Probing

● Probing: logistic regression 
from model activations to a 
target

○ Applications: detect 
deception, honesty, self 
awareness, etc.

● Intuitively, SAEs might 
help: inductive bias for 
more interpretable basis

● Promising prior work from 
Anthropic

Bricken et. al.



But Are They?

● We investigate on 113 probing 
datasets

● 5 settings:
○ Standard
○ Data scarcity
○ Class imbalance
○ Noisy labels
○ Out of distribution 

● SAE probes perform worse 
across the board



Can SAE Based Probes At Least Help Sometimes?

● Not really: we try adding SAE-based probes as an option to a simulated 
practitioner, and taking the best method by val AUC

○ No statically significant improvement



What About Those Prior Multi-token Results?

● The advantage partly 
disappears when using a 
better baseline of an 
attention probe



What About Probe Interpretability?

● SAEs help, but so do baseline methods
● On one dataset, an SAE probe finds a spurious correlation (ending in period)

○ But a logistic regression probe finds this too
● On one dataset, an SAE probe finds mislabeled data

○ But a logistic regression probe finds this too



How Might We Improve SAEs to Fix These Problems?

One idea: Improve the model + SAE system



Reduces up to 60% of the Loss Gap to No Sae



Also Helps Downstream Metrics



Some Speculation: What Does the Future Hold for Saes?

● Are they useful for real model auditing and control tasks?
● What auxiliary losses can we add to get “better” latents?
● How can we make automated interpretability way better?
● Do we need transcoders / cross layer approaches? Parameter based 

decomposition?



Questions


