
Mechanistic Interpretability
Iliad Intensive

Julian Schulz

August 22, 2026



Overview

What is Mechanistic Interpretability?

Early MechInterp on CNNs

Features in Language Models

Superposition

Sparse Autoencoders

Circuits in Transformers

Fuzzy Interpretability

Discussion



What is Mechanistic
Interpretability? ←
Early MechInterp on CNNs
Features in Language Models
Superposition
Sparse Autoencoders
Circuits in Transformers
Fuzzy Interpretability
Discussion

What is
Mechanistic

Interpretability?



Two Ways to Relate to Models

Machine Learning

• Output-oriented
• Find hyperparameters to improve

models

Mech. Interpretability

• Learned models are the object of
study
• Understand and reverse-engineer

parameters



From [Olah et al. 2020]



Schwann’s Claims (1839)

1. The cell is the unit of structure, physiology,
and organization in living things.

2. The cell retains a dual existence as a distinct
entity and a building block in the construction
of organisms.

3. Cells form by free-cell formation, similar to the
formation of crystals.

Image: Deutsches Textarchiv



Three Speculative Claims

1. Features are the fundamental unit of neural
networks. They correspond to directions.
These features can be rigorously studied and
understood.

2. Features are connected by weights, forming
circuits. These circuits can also be rigorously
studied and understood.

3. Universality: Analogous features and circuits
form across models and tasks.

“Zoom In: An Introduction to Circuits” [Olah et al., 2020]



How would MechInterp help AI safety?



Theories of Impact

• Auditing for misalignment/deception
• Enumerative safety
• Eliciting latent knowledge

“A Longlist of Theories of Impact for Interpretability” [Nanda, 2022]
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Why CNNs?



What would convince you a CNN channel has the function of
“detecting a curve?”



Argument 1: Feature Visualization

Optimizing the input to maximally activate curve
detectors reliably produces curves. This establishes
a causal link.

“Zoom In: An Introduction to Circuits” [Olah et al., 2020]



Argument 2: Dataset Examples

ImageNet images that strongly activate these
neurons reliably contain curves in the expected
orientation.

“Zoom In: An Introduction to Circuits” [Olah et al., 2020]



Argument 3: Synthetic Examples

Curve detectors respond as expected to
synthetic curves with varying orientations and
curvatures. They do not fire for straight lines or
sharp corners.

“Zoom In: An Introduction to Circuits” [Olah et al., 2020]



Argument 4: Joint Tuning

Rotating a stimulus smoothly transfers activation
between orientation-selective detectors. Together,
they tile the full 360 degrees.

“Zoom In: An Introduction to Circuits” [Olah et al., 2020]



Argument 5: Feature Implementation

A curve detection algorithm can be read off the
weights. No evidence of a secondary cause of
firing.

“Zoom In: An Introduction to Circuits” [Olah et al., 2020]



Argument 6: Feature Use

Downstream clients are features that naturally
involve curves: circles, spirals, 3d curvature.

“Zoom In: An Introduction to Circuits” [Olah et al., 2020]



Argument 7: Handwritten Circuits

We can do a cleanroom reimplementation,
hand-setting all weights to reimplement curve
detection. These handwritten weights significantly
mimic the original.

“Zoom In: An Introduction to Circuits” [Olah et al., 2020]



A Complex Feature: Cars in Superposition

“Zoom In: An Introduction to Circuits” [Olah et al., 2020]



Universality in Image Models

“Zoom In: An Introduction to Circuits” [Olah et al., 2020]



Polysemanticity

“Zoom In: An Introduction to Circuits” [Olah et al., 2020]



If Universality Is True

• What features are universal? Why?
• Discussed in the Natural Abstractions discourse

“Alignment By Default — LessWrong” [Wentworth, 2020]

“Natural Abstractions: Key Claims, Theorems, and Critiques — AI Alignment Forum” [Chan et al., 2023]



Feature Visualization Exercise

Feature Visualization Exercise

https://colab.research.google.com/github/iliad-team/iliad-intensive-C.2/blob/main/exercises/03_feature_viz/notebook.ipynb
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Features Represent Human-Understandable Concepts

“Linguistic Regularities in Continuous Space Word Representations” [Mikolov et al., 2013]



How do we identify features in Transformers?



Getting a Feature Direction

Contrastive pairs:
r = Emb(“Spanish”)− Emb(“French”)

Linear probe: xi : sample activation, yi ∈ {+1,−1}: label

r = arg max
∥r∥=1

∑
i

yi · r⊤xi

CAA: x (+)
i , x (−)

i : positive/negative example of a property

r = 1
N

N∑
i=1

(
x (+)

i − x (−)
i

)



What To Do with a Feature Direction

Activation addition (steering):

x ′ ← x + α · r

Direction ablation (make the model blind to the concept):

x ′ ← x − r̂ r̂⊤x

Probing (read out a concept):
s = r⊤x

r : feature direction x : activation α: steering strength



Linear Probes Can Classify Text Properties

Figure 4. The subspace representation gamma W acts as a linear probe for W . The histograms show gamma T W lambda ( x fr j ) vs. gamma T W

lambda ( x es j ) (left) and gamma T Z lambda ( x fr j ) vs. gamma T Z lambda ( x es j ) (right) for W = French =¿ Spanish and Z = male =¿

female , where x fr j and x es j are random contexts from French and Spanish Wikipedia, respectively. We also see that gamma Z does not act as

a linear probe for W , as expected.

“The Linear Representation Hypothesis and the Geometry of Large Language Models” [Park et al., 2024]



Linear Probes Can Measure World Models

Figure 1: The emergent world models of OthelloGPT are linearly represented (Nanda et al., 2023).

“Emergent Linear Representations in World Models of Self-Supervised Sequence Models” [Nanda, Lee, et al.,

2023]



Linear Probes Can Measure World Models

Table 1: Probing accuracy for board states. OthelloGPT linearly encodes the board state relative to the current player at each timestep (MINE vs.

YOURS, as opposed to colours BLACK or WHITE.

“Emergent Linear Representations in World Models of Self-Supervised Sequence Models” [Nanda, Lee, et al.,

2023]



Intervening on the World Model

Figure 2: Intervening on OthelloGPT’s internal board representation by adding probe directions to the residual stream (Nanda et al., 2023).

“Emergent Linear Representations in World Models of Self-Supervised Sequence Models” [Nanda, Lee, et al.,

2023]



Intervening on the World Model

Table 2: Error rates from interventions.

“Emergent Linear Representations in World Models of Self-Supervised Sequence Models” [Nanda, Lee, et al.,

2023]



Probing LLMs

Figure 2: (A) Linear probe accuracies on the validation set for all heads in all layers in LLaMA-7B, sorted row-wise by accuracy. Darker blue

represents higher accuracy. 50

Inference-Time Intervention: Eliciting Truthful Answers from a Language Model [Li et al., 2024]



Adding in Truthfulness

Figure 3: A sketch of the computation on the last token of a transformer with inference-time intervention (ITI) highlighted.

Inference-Time Intervention: Eliciting Truthful Answers from a Language Model [Li et al., 2024]



Adding in Truthfulness

In Table 1, we compare ITI with the alternative baselines (subsection 4.2) 23 . Due to the limit of context length for few-shot prompting, we adapt

SFT and ITI to use 5

Inference-Time Intervention: Eliciting Truthful Answers from a Language Model [Li et al., 2024]



Steering via Contrastive Features

(a) Diagram of steering vector generation for CAA.

Steering Llama 2 via Contrastive Activation Addition [Panickssery et al., 2024]



Steering via Contrastive Features

Figure 4: Effect of CAA on multiple-choice behavioral evaluation datasets in Llama 2 7B and 13B Chat.

Steering Llama 2 via Contrastive Activation Addition [Panickssery et al., 2024]



Refusal Is Mediated by a Single Direction

Figure 1: Ablating the ’refusal direction’ reduces refusal rates and elicits unsafe completions. We evaluate each model over 100 harmful instructions

from JAILBREAKBENCH (Chao et al., 2024).

Refusal in Language Models Is Mediated by a Single Direction [Arditi et al., 2024]



Refusal Is Mediated by a Single Direction

Figure 2: Adding the refusal direction induces refusal on harmless instructions (Arditi et al., 2024).

Refusal in Language Models Is Mediated by a Single Direction [Arditi et al., 2024]



Logit Lens

Interpreting GPT: The Logit Lens [nostalgebraist, 2020]



Logit Lens Exercise

Normal Exercise

Hard Exercise

https://colab.research.google.com/github/iliad-team/iliad-intensive-C.2/blob/main/exercises/01_logit_lens/notebook_normal.ipynb
https://colab.research.google.com/github/iliad-team/iliad-intensive-C.2/blob/main/exercises/01_logit_lens/notebook_hard.ipynb
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Superposition

Toy Models of Superposition [Elhage, Hume, et al., 2022]



Superposition

Toy Models of Superposition [Elhage, Hume, et al., 2022]



Johnson–Lindenstrauss Lemma

In N dimensions, we can pack
m ≤ ec·ε2·N

vectors with pairwise dot product at most ε.

Features scale exponentially with dimensions, given overlap ε.

“Extensions of Lipschitz Mappings into a Hilbert Space” [Johnson et al., 1984]



Demonstrating Superposition

Toy Models of Superposition [Elhage, Hume, et al., 2022]



Demonstrating Superposition

h = Wx x̂ = ReLU(W ⊤h + b)

L = Ex
[
∥I (x − x̂)∥2

]
I = diag(Ii): per-feature importance Sparsity S: probability that xi = 0

Toy Models of Superposition [Elhage, Hume, et al., 2022]



Demonstrating Superposition

Toy Models of Superposition [Elhage, Hume, et al., 2022]



Dimensions per Feature

D = m
∥W ∥2F

On average, how many hidden dimensions does the network use per feature?

m: number of hidden dimensions ∥W ∥F : Frobenius norm of W

Toy Models of Superposition [Elhage, Hume, et al., 2022]



Dimensions per Feature

Toy Models of Superposition [Elhage, Hume, et al., 2022]



Feature Dimensionality

Di = 1∑
j

(Wi ·Wj )2

∥Wi ∥2∥Wj ∥2

How many dimensions does the network allocate to encoding feature i?

Toy Models of Superposition [Elhage, Hume, et al., 2022]



Feature Geometry

Toy Models of Superposition [Elhage, Hume, et al., 2022]



Feature Geometry

Figure 1: Circular representations of days of the week, months of the year, and years of the 20th century in layer 7 of GPT-2-small colored by the

token they fire on. These representations were discovered via clustering SAE dictionary elements, described in Section 4. Points are colored according

to the token which created the representation. See Fig. 14 for other axes and Fig. 15 for similar plots for Mistral 7B.

“NOT ALL LANGUAGE MODEL FEATURES ARE ONE-DIMENSIONALLY LINEAR” [Engels et al., 2025]



Can we disentangle features in superposition?



Dictionary Learning

Setup: Unknown dictionary A = [A1, . . . , Am] ∈ Rn×m with m > n.

We observe samples y = Ax , where x ∈ Rm is k-sparse. We know neither x nor A.

Claim: A is recoverable up to permutation and sign, in polynomial time, if:

• Sparsity: k ≤ c ·min
(
m2/5,

√
n

µ log n

)
• Incoherence: |⟨Ai , Aj⟩| ≤ µ√

n for all i ̸= j

• Sufficient data: p = Ω
(

m2

k2 log m
)

samples with varying support
• Well-behaved coefficients: independent, symmetric, bounded away from zero

New Algorithms for Learning Incoherent and Overcomplete Dictionaries [Arora et al., 2013]



Compressed Sensing

Setup: Known dictionary A ∈ Rn×m. We observe y = Ax , where x is k-sparse. We
want to recover x .

Problem: m > n, so there are infinitely many solutions to Ax = y .

Claim: If A satisfies the Restricted Isometry Property (RIP), then

min
z
∥z∥1 s.t. Az = y

recovers x exactly.

ℓ1 minimization finds the sparse solution; ℓ2 minimization does not.

Robust Uncertainty Principles: Exact Signal Reconstruction from Highly Incomplete Frequency Information

[Candes et al., 2004]

“Compressed Sensing” [Donoho, 2006]



How to disentangle features in superposition?
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Sparse Autoencoders

Towards Monosemanticity: Decomposing Language Models With Dictionary Learning [Bricken et al., 2023]



Sparse Autoencoders

f = ReLU(Wenc(x − bdec) + benc)

x̂ = Wdecf + bdec

L = ∥x − x̂∥22︸ ︷︷ ︸
reconstruction

+λ ∥f ∥1︸ ︷︷ ︸
sparsity

Towards Monosemanticity: Decomposing Language Models With Dictionary Learning [Bricken et al., 2023]



Identifying SAE Features

Towards Monosemanticity: Decomposing Language Models With Dictionary Learning [Bricken et al., 2023]



Identifying SAE Features

Towards Monosemanticity: Decomposing Language Models With Dictionary Learning [Bricken et al., 2023]



https://www.neuronpedia.org/gemma-3-27b/
31-gemmascope-2-res-16k

https://www.neuronpedia.org/gemma-3-27b/31-gemmascope-2-res-16k
https://www.neuronpedia.org/gemma-3-27b/31-gemmascope-2-res-16k


Trouble with SAEs: Feature Absorption

(a) When features fire independently, the SAE learns exactly one latent per feature, and the decoder perfectly recovers each feature direction.

A Is for Absorption: Studying Feature Splitting and Absorption in Sparse Autoencoders [Chanin et al., 2024]



Trouble with SAEs: Feature Absorption

A Is for Absorption: Studying Feature Splitting and Absorption in Sparse Autoencoders [Chanin et al., 2024]



Trouble with SAEs: Feature Shrinkage

“Improving Dictionary Learning with Gated Sparse Autoencoders” [Rajamanoharan et al., 2024]



The Cambrian Explosion of SAEs



Gated SAEs

“Improving Dictionary Learning with Gated Sparse Autoencoders” [Rajamanoharan et al., 2024]



JumpReLU SAEs

a = JumpReLUθ(Wencx) = Wencx · 1[Wencx > θ]

L = ∥x − x̂∥22︸ ︷︷ ︸
reconstruction

+λ
∑

i
tanh(c · ∥Wdec,i∥ · ai)︸ ︷︷ ︸

≈ 1[ai >0] for large c

Hard threshold θ: features are either fully on or off. Sparsity penalty approximates L0
— no shrinkage on active features.

“Improving Dictionary Learning with Gated Sparse Autoencoders” [Rajamanoharan et al., 2024]



Top-K SAEs

fTopK(x) = TopK(Wenc(x − bdec))

Set all but the top K feature activations to zero. No L1 penalty needed.

BatchTopK Sparse Autoencoders [Bussmann, Leask, et al., 2024]



Matryoshka SAEs

Learning Multi-Level Features with Matryoshka Sparse Autoencoders [Bussmann, Nabeshima, et al., 2025]



Staircase SAEs

SCALAR: Benchmarking SAE Interaction Sparsity in Toy LLMs [Fillingham et al., 2025]



Comparing SAEs

Figure 2: Scores for the Loss Recovered, Automated Interpretability, Absorption, SCR, and Sparse Probing metrics on the 65k width Gemma-2-2B

suite of SAEs.

SAEBench: A Comprehensive Benchmark for Sparse Autoencoders in Language Model Interpretability

[Karvonen, Rager, et al., 2025]



SAEs Scale

Scaling Monosemanticity: Extracting Interpretable Features from Claude 3 Sonnet [Templeton et al., 2024]



Bigger Models, More Specific Features

Scaling Monosemanticity: Extracting Interpretable Features from Claude 3 Sonnet [Templeton et al., 2024]



Golden Gate Claude



Reading Claude’s Mind

Scaling Monosemanticity: Extracting Interpretable Features from Claude 3 Sonnet [Templeton et al., 2024]



Safety-Relevant Feature Steering

In the Claude Opus 4.5 system card:

1. Find evaluation awareness features via:
◦ Contrastive vectors (eval vs. non-eval prompts)
◦ SAE features (discriminating eval transcripts)

2. Inhibit these features (negative steering at 25% of activation norm)

Results:

• Reduced verbalized evaluation awareness
• Modestly increased misaligned behavior
• Random feature steering also had a (weaker) effect

Claude Opus 4.5 System Card [Anthropic, 2025]



Transcoders and Crosscoders

Sparse Crosscoders for Cross-Layer Features and Model Diffing [Lindsey, Templeton, et al., 2024]



Transcoders and Crosscoders

Sparse Crosscoders for Cross-Layer Features and Model Diffing [Lindsey, Templeton, et al., 2024]



Model Diffing

Sparse Crosscoders for Cross-Layer Features and Model Diffing [Lindsey, Templeton, et al., 2024]



Model Diffing

Sparse Crosscoders for Cross-Layer Features and Model Diffing [Lindsey, Templeton, et al., 2024]



SAE Exercise

SAE Exercise

https://colab.research.google.com/github/iliad-team/iliad-intensive-C.2/blob/main/exercises/04_saes/notebook.ipynb
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Complete Reverse Engineering

Progress Measures for Grokking via Mechanistic Interpretability [Nanda, Chan, et al., 2023]



Complete Reverse Engineering

Progress Measures for Grokking via Mechanistic Interpretability [Nanda, Chan, et al., 2023]



Plotting Attention Patterns

A Mathematical Framework for Transformer Circuits [Elhage, Nanda, et al., 2021]



Logit Attribution

A Mathematical Framework for Transformer Circuits [Elhage, Nanda, et al., 2021]



K-Composition

“Induction Heads - Illustrated — LessWrong” [McDougall, 2023]



Q-Composition

“Induction Heads - Illustrated — LessWrong” [McDougall, 2023]



Path Patching

Interpretability in the Wild: A Circuit for Indirect Object Identification in GPT-2 Small [Wang et al., 2022]



The IOI Circuit

Interpretability in the Wild: A Circuit for Indirect Object Identification in GPT-2 Small [Wang et al., 2022]



Automated Circuit Discovery

Towards Automated Circuit Discovery for Mechanistic Interpretability [Conmy et al., 2023]



Automated Circuit Discovery

Towards Automated Circuit Discovery for Mechanistic Interpretability [Conmy et al., 2023]



Automated Circuit Discovery

Towards Automated Circuit Discovery for Mechanistic Interpretability [Conmy et al., 2023]



Recovered IOI Circuit

Towards Automated Circuit Discovery for Mechanistic Interpretability [Conmy et al., 2023]



Circuit Tracing: Cross-Layer Transcoders

Circuit Tracing: Revealing Computational Graphs in Language Models [Ameisen et al., 2025]



Replacement Models

Circuit Tracing: Revealing Computational Graphs in Language Models [Ameisen et al., 2025]



Attribution Graphs

Circuit Tracing: Revealing Computational Graphs in Language Models [Ameisen et al., 2025]



Example: Acronym Circuit

Circuit Tracing: Revealing Computational Graphs in Language Models [Ameisen et al., 2025]



Feature Suppression

Circuit Tracing: Revealing Computational Graphs in Language Models [Ameisen et al., 2025]



Feature Suppression Example

Circuit Tracing: Revealing Computational Graphs in Language Models [Ameisen et al., 2025]



Explore attribution graphs yourself

https://www.neuronpedia.org/gemma-2-2b/graph

https://www.neuronpedia.org/gemma-2-2b/graph


Circuit Tracing on Claude: Math

On the Biology of a Large Language Model [Lindsey, Gurnee, et al., 2025]



Misaligned Model Pipeline

On the Biology of a Large Language Model [Lindsey, Gurnee, et al., 2025]



Misaligned Circuit

On the Biology of a Large Language Model [Lindsey, Gurnee, et al., 2025]



Misaligned Intervention

On the Biology of a Large Language Model [Lindsey, Gurnee, et al., 2025]



General Patterns in Circuits

• High-abstraction features in middle layers, simple token features in early/late
layers
• Attention moves most information in early layers
• “Default” circuits that get overwritten (e.g. “unknown person” → specific person)
• Multiple pathways/shortcuts to the answer
• Computation on special token positions (e.g. full stops, <assistant:>)
• Confidence-reducing features (cf. negative name movers in IOI)
• Many “boring” features active but not part of the core computation

On the Biology of a Large Language Model [Lindsey, Gurnee, et al., 2025]



Induction Heads Exercise

Normal Exercise

Hard Exercise

https://colab.research.google.com/github/iliad-team/iliad-intensive-C.2/blob/main/exercises/02_induction_heads/notebook_normal.ipynb
https://colab.research.google.com/github/iliad-team/iliad-intensive-C.2/blob/main/exercises/02_induction_heads/notebook_hard.ipynb
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Activation Oracles

Activation Oracles: Training and Evaluating LLMs as General-Purpose Activation Explainers [Karvonen, Chua,

et al., 2026]



Activation Oracles: Benchmarks

Activation Oracles: Training and Evaluating LLMs as General-Purpose Activation Explainers [Karvonen, Chua,

et al., 2026]



Natural Language Autoencoders

Natural Language Autoencoders Produce Unsupervised Explanations of LLM Activations [Fraser-Taliente et al.,

2026]



NLAs Reveal Unverbalized Reasoning

Natural Language Autoencoders Produce Unsupervised Explanations of LLM Activations [Fraser-Taliente et al.,

2026]



NLAs Hallucinate

Natural Language Autoencoders Produce Unsupervised Explanations of LLM Activations [Fraser-Taliente et al.,

2026]



NLAs Detect Unverbalized Evaluation Awareness

Natural Language Autoencoders Produce Unsupervised Explanations of LLM Activations [Fraser-Taliente et al.,

2026]



NLAs Win the Auditing Game

Natural Language Autoencoders Produce Unsupervised Explanations of LLM Activations [Fraser-Taliente et al.,

2026]



Application: Opus 4.8 System Card

In 5% of sampled RL episodes, Claude Opus 4.8 is internally aware
of a grader, but never verbalizes it.

Claude Opus 4.8 System Card [Anthropic, 2026]



Exercise: Play with an NLA

neuronpedia.org/llama3.3-70b-it/nla

https://www.neuronpedia.org/llama3.3-70b-it/nla


What is Mechanistic
Interpretability?
Early MechInterp on CNNs
Features in Language Models
Superposition
Sparse Autoencoders
Circuits in Transformers
Fuzzy Interpretability
Discussion ←

Discussion



Open Problems in MechInterp

Decomposition: problems with Sparse Dictionary Learning

• High reconstruction errors
• Expensive for large models
• Sparsity is a flawed proxy for interpretability
• Dataset dependent
• No clarity on the concept of a “feature”

Open Problems in Mechanistic Interpretability [Sharkey et al., 2025]



Open Problems in MechInterp

Description: interpreting component roles

• Highly activating examples are correlational
• Attribution methods are first-order approximations
• Causal interventions are expensive at scale

Open Problems in Mechanistic Interpretability [Sharkey et al., 2025]



Open Problems in MechInterp

Validation: testing our explanations

• Different methods yield different explanations
• Performance is seldom demonstrated on real-world tasks
• Conclusions are often not validated

Open Problems in Mechanistic Interpretability [Sharkey et al., 2025]



Open Problems in MechInterp

Automation: scaling up interpretability

• Scaling up current methods does not yield more interesting results
• “Streetlight interpretability”

Open Problems in Mechanistic Interpretability [Sharkey et al., 2025]



Open Problems in MechInterp

Applications: using interpretability in practice

• Can’t reliably distinguish recognizing vs. applying a concept
• Mechanistic verification of behavior not possible
• Mechanistic understanding might further capabilities by pruning models

Open Problems in Mechanistic Interpretability [Sharkey et al., 2025]



Critiques of Mechanistic Interpretability

Pick one paper to read and discuss:

1. A Pragmatic Vision for Interpretability (Nanda et al., 2025) ∼15 min

2. Against Almost Every Theory of Impact of Interpretability (Ségerie, 2023) ∼20
min

3. The Misguided Quest for Mechanistic AI Interpretability (Hendrycks, 2025) ∼20
min

4. Activation Space Interpretability May Be Doomed (Chughtai, 2025) ∼15 min
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