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What is Mechanistic Interpretability?



From [Olah et al. 2020]

• Normally in ML, we look at the algorithms we use to create neural networks: architectures, optimizers,
hyperparameters, training data

• We actively make decisions about these, so it makes sense to focus on them
• Chris Olah’s idea: look at the neural networks that come out of ML as objects of scientific inquiry
• Similar to biologists not just studying evolution, but studying organisms by looking inside them
• People tried to understand how life works for a long time
• Ancient Greeks: the body is made of 4 humors that must be balanced
• Doctors for centuries tried bloodletting and purging — not crowned by success
• The problem: wrong ontology. Understanding humors is not helpful for understanding disease
• The right ontology came with the microscope: organisms are made of cells
• Study cells, their properties, what makes them work, what bacteria cause which sicknesses — then you

get somewhere
• Olah’s vision: do for ML what the microscope did for biology



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 3

• Theodor Schwann described what cells are and how they work
• These three claims lay down an ontology for cellular biology as a field
• Even though Claim 3 turned out to be wrong, the first two claims defined the field



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]
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• In his 2020 essay “Zoom In”, Olah lays down similar claims to define a tentative ontology for MechInterp
• These are not only descriptive, but normative
• Claim 1: a feature is a fundamental unit, corresponding to a direction in activation space. The claim is

that individual directions can be understood, and they are fundamental units
• Question to audience: how would the world look if this claim were false? (possible: binary encoding,

context-dependent meanings)
• Claim 2: features connected by weights form circuits that can be understood
• Question: what if Claim 1 is true but Claim 2 is false? (possible: features are readable storage but the

process itself is more complicated, like CoT being readable but the LLM’s use of it being inscrutable)
• Claim 3: universality
• If false: we could not learn from one network to another, every new NN would have completely different

features and circuits



How would MechInterp help AI safety?
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• Now, what if those claims turn out to be true, how would that help with AI safety?
• Question to audience, collecting ideas



Theories of Impact

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

“A Longlist of Theories of Impact for Interpretability” [Nanda, 2022]
6

• Auditing: if we can find features/circuits for misaligned motivation, cheating, thinking about bioweapons,
etc., we could detect this before or during deployment

• Enumerative safety: if we can identify the function of every part of a neural network, we can be sure it
does not contain bad intentions or dangerous capabilities

• Eliciting latent knowledge: we can find out more directly what the model knows
• Helps with transparency, against scheming
• Also helps with “AI for science”: e.g. a genetics model that knows some genetic marker is responsible for

some effect, but since it is not a language model, you cannot just ask it



Early MechInterp on CNNs



Why CNNs?
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• Most early MechInterp work was done on visual neural networks, typically CNNs
• Many early impressive neural networks were visual neural networks (e.g. AlexNet)
• MechInterp is easier with convolutional networks: the different channels of a convolutional layer are a

preferred basis, which makes the directions that might be features architecturally clear
• There is a lot of universality in vision CNNs, compared to transformer-based LLMs
• As we will see, feature visualization works pretty well in vision models



What would convince you a CNN channel has the function of
“detecting a curve?”
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• Discussion: what evidence would we demand for that claim?



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]
9

• Optimizing the input to cause curve detectors to fire reliably produces curves
• This establishes a causal link, since everything in the resulting image was added to cause the neuron to

fire more



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]
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• The ImageNet images that cause these neurons to strongly fire are reliably curves in the expected
orientation

• Images that cause moderate firing are generally less perfect curves or curves off orientation



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]
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• Curve detectors respond as expected to a range of synthetic curve images created with varying
orientations, curvatures, and backgrounds

• They fire only near the expected orientation, and do not fire strongly for straight lines or sharp corners



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]
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• If we take dataset examples that cause a neuron to fire and rotate them, they gradually stop firing and
the curve detector in the next orientation begins firing

• This shows they detect rotated versions of the same thing
• Together, they tile the full 360 degrees of potential orientations



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]
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• Circuit-based argument
• By looking at the circuit constructing the curve detectors, we can read a curve detection algorithm off of

the weights
• We don’t see anything suggestive of a second alternative cause of firing



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]
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• Circuit-based argument
• The downstream clients of curve detectors are features that naturally involve curves (circles, 3d curvature,

spirals)
• The curve detectors are used by these clients in the expected manner



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]
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• Circuit-based argument
• Based on our understanding of how curve detectors are implemented, we can do a cleanroom

reimplementation
• Hand setting all weights to reimplement curve detection
• These weights are an understandable curve detection algorithm, and significantly mimic the original curve

detectors



A Complex Feature: Cars in Superposition

“Zoom In: An Introduction to Circuits” [Olah et al., 2020]
16

• These methods also work to identify more complex structures
• Note that these are still human-understandable
• We can even understand the circuit here



Universality in Image Models

“Zoom In: An Introduction to Circuits” [Olah et al., 2020]
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• In image models, these features at least in early layers seem to be pretty universal
• Curve detectors and high-low frequency detectors appear across AlexNet, GoogLeNet, VGG19, and ResNet
• Later layers often correspond to human concepts, which speaks for their universality
• But many channels do not seem to have easily understandable descriptions



Polysemanticity

“Zoom In: An Introduction to Circuits” [Olah et al., 2020]
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• One problem, that we will discuss later, but is already visible in these models
• Sometimes a feature is split up across different neurons, and multiple features share one neuron
• Here we see that the car feature is assembled in one layer, but does not get its own neuron in a later layer
• Its activations are split and added onto a bunch of other neurons that encode unrelated things
• We can already see that this is necessary when we want to have more features than we have neurons



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]
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• For curves this is obvious, but it is not clear how far this universality scales
• Even if it does, it is not clear why those concepts in particular are universal
• This might be pretty important: if we find a “morally good” feature in LLMs, do we expect it to behave

the same as the human concept OOD in the limit of a super capable model?
• Unclear, there are some theories here. AFAIK the work in this direction has stalled out the last years



Feature Visualization Exercise

Feature Visualization Exercise

20

https://colab.research.google.com/github/wusche1/Illiad_Mech_Interp/blob/main/exercises/03_feature_viz/notebook.ipynb


Features in Language Models

• Doing MechInterp in language models is harder
• We often do not have a privileged basis (the residual stream in a transformer is rotationally invariant)
• It is not clear which directions are our features



Features Represent Human-Understandable Concepts

Figure 2: Left panel shows vector offsets for three word pairs illustrating the gender relation. Right panel shows a different projection, and the

singular/plural relation for two words. In high-dimensional space, multiple relations can be embedded for a single word.

“Linguistic Regularities in Continuous Space Word Representations” [Mikolov et al., 2013]
21

• We already saw this before we had LLMs, just for small RNNs that predict text
• A particular direction encodes gender: we can extract that direction from a pair of opposite-gendered

words
• Adding it to one word brings us to its opposite-gendered counterpart



How do we identify features in Transformers?
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• How do we identify features in a transformer?
• Gathering ideas from the audience, specifically people who have not heard much about MechInterp before



Probes

We can project activations at any point in the forward pass along any direction, and
thereby classify the input on a linear scale.
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• We can just project the activations at any point in the forward pass along any direction, and thereby
classify the input of the transformer on a linear scale

• If the direction is a feature with some human-understandable meaning, we would expect it could classify
inputs that have this meaning (a Spanish feature could classify Spanish text)

• Or alternatively classify model cognition (a “lying” feature when the model decides to output a lie)



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]
24

• We can extract an English vs Spanish feature by embedding the words, subtracting them, and projecting
on that direction

• Doing that with a random word pair does not give you this distinction
• This gives us evidence that human-understandable features exist in LLMs, and it seems somewhat easy to

guess what they are
• However, this just shows us we can extract a feature of the text
• LLMs are not only cool because they model texts, they are also entities that reason and model the world
• Can we extract these world-models from a transformer via finding the right feature directions?



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]
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• Othello-GPT: a transformer trained as a next token predictor on moves in an Othello game
• They train linear probes on the residual stream to predict the state of each field on the board
• One probe each for empty, “mine” (player whose turn it is), and “yours” (other player’s pieces)



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]
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• They could reconstruct the state of the game board with pretty high accuracy
• The model linearly encodes board state relative to the current player (MINE vs YOURS, not BLACK vs

WHITE)



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]
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• Once they knew the direction, they could add it in to change the model’s beliefs about what piece is there
• They added the direction encoding a particular game state in every layer of the residual stream



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]
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• The model afterwards continued playing as if this change on the game board actually happened
• Linear probe addition achieves very low error rates compared to the null intervention baseline



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]
29

• We can of course also train probes on the activations of LLMs
• Here we see probes trained on the O values of the attention heads
• Some heads can separate the activations on true vs false statements
• They separate quite well on the first principal components



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]
30

• They use these directions to steer the model to be more truthful
• Inference-Time Intervention: add the truthful direction at the top k most predictive heads with factor α



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]
31

• ITI can outperform finetuning
• It also helps on top of few-shot prompting



Steering via Contrastive Features

(a) Diagram of steering vector generation for CAA.

Steering Llama 2 via Contrastive Activation Addition [Panickssery et al., 2024]
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• You don’t even need probes to extract these features
• Just taking the average of activation differences of a bunch of contrastive examples of some behaviour is

enough



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]
33

• You can, within some bound, pretty much steer arbitrary concepts that way



Ablating Features

Activation addition:
x (l)′ ← x (l) + r (l)

Direction ablation:
x ′ ← x − r̂ r̂⊤x

Weight orthogonalization:

W ′
out ←Wout − r̂ r̂⊤Wout

r : feature direction x : activation W : weight matrix

Refusal in Language Models Is Mediated by a Single Direction [Arditi et al., 2024]
34

• Once we have a feature, we can do more than just adding it somewhere to see what happens
• We can also ablate it out, and make a model basically blind to that concept
• We can fold this projection into the weights: basically making the model blind to a concept in a way that

is not easy to detect from the weights alone



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]
35

• The authors identify the refusal direction in a bunch of different LLMs
• They can always stop models from refusing by ablating it out



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]
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• They can also make models refuse harmless questions by adding the refusal direction



Logit Lens

Interpreting GPT: The Logit Lens [nostalgebraist, 2020]
37

• We already have a translation from residual stream activations into tokens: the unembedding matrix
• While only trained on the final activations, we can apply it to any layer’s residual stream
• There is no a priori reason this has to be meaningful, but it turns out that unembedding earlier residual

states gives useful guesses for the next token, building up layer by layer
• We can thereby see what aspects of the prediction are computed in which layer



Logit Lens Exercise

Normal Exercise

Hard Exercise

38

https://colab.research.google.com/github/wusche1/Illiad_Mech_Interp/blob/main/exercises/01_logit_lens/notebook_normal.ipynb
https://colab.research.google.com/github/wusche1/Illiad_Mech_Interp/blob/main/exercises/01_logit_lens/notebook_hard.ipynb


Superposition



Superposition

Toy Models of Superposition [Elhage, Hume, et al., 2022]
39

• So far we went from CNNs (where we knew which directions were features) to transformers (where we do
not have such a privileged basis)

• But we still assumed each direction only has one meaning — this is not the case
• We saw polysemantic neurons in CNNs already
• In transformers: a probe that isolates “Portuguese” might also trigger for “Shakespeare” or “ozone hole”



Superposition

Toy Models of Superposition [Elhage, Hume, et al., 2022]
40

• The reason we get polysemantic directions: the model has more features than dimensions in its activation
space

• If you have 2 dimensions and want to encode 2 properties (Portuguese, Shakespearean), you can perfectly
encode both

• If you want a third (ozone hole), you can still encode all 3, but with some noise
• If the outer two features are active, this looks like the third feature
• So a Portuguese Shakespeare text is indistinguishable from ozone hole
• This is not so bad if features are sparse: Portuguese and Shakespearean rarely co-occur
• But for always-present features (age, height, wealth), superposition would be quite bad
• So superposition makes sense as long as features are sparse



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]
41

• The effect is quite big: instead of scaling the number of features linearly with dimensions, we scale
exponentially given a feature overlap of ε



Demonstrating Superposition

Toy Models of Superposition [Elhage, Hume, et al., 2022]
42

• To demonstrate this, Anthropic set up a toy model of superposition
• A neural network that learns to compress many features into a lower dimension
• This gives us lots of visibility: we know what the features are and can run single inputs through the

network



Demonstrating Superposition

h = Wx x̂ = ReLU(W T h + b)

L ∼
∑

i
Ii(1− ∥Wi∥2)2 +

∑
i ̸=j

Ij(Wi ·Wj)2

Sparsity S: probability that xi is nonzero

Toy Models of Superposition [Elhage, Hume, et al., 2022]
43

• Now we train W and b to minimize the loss
• The main thing they vary is the sparsity
• What they measure is how each feature is mapped from input to output, i.e. W T W



Demonstrating Superposition

Toy Models of Superposition [Elhage, Hume, et al., 2022]
44

• When features are dense, it only encodes the most important ones
• The sparser we get, the more we get overlapping vectors
• They create some structured patterns
• The model manages to encode a lot of features quite well when they are sparse enough (a consequence of

Johnson–Lindenstrauss)
• If we want to measure how many features are encoded: add up the projections of each feature onto itself
• That is the same as adding up the square of all matrix entries in W



Dimensions per Feature

Toy Models of Superposition [Elhage, Hume, et al., 2022]
45

• D = m/∥W ∥2
F : how many dimensions per feature on average

• There are “sticky regions” — some feature densities the network gravitates towards, notably 1 and 1/2



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]
46

• To understand what happens, we zoom in by looking at the dimensionality of a specific feature
• If a feature has a dimension all for itself, Di = 1
• If two features share one dimension, Di = 1/2
• In general: go through all other features, add them up, see how much they co-use their lane



Feature Geometry

Toy Models of Superposition [Elhage, Hume, et al., 2022]
47

• Features cluster around certain dimensionalities and take specific geometric shapes
• Feature geometry has phases: equidistant points on an n-dimensional sphere
• Anti-correlated features are opposite to each other
• Correlated features are close to each other
• Extremely correlated features just share one direction



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]
48

• Sometimes feature geometry can be semantic, not just statistical
• Weekdays and months are often represented in a circle, making a rotational embedding of real time in

LLMs
• One could argue this means “time in the week” is a non-linear feature, as it is presented as a rotation

across weekdays



Can we disentangle features in superposition?
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• If we never see features themselves, only ever many of them together, and they are not even orthogonal,
do we have enough information to reconstruct them?



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]
50

• This gives us theoretical backing for why finding features in superposition should even be possible
• The setup: imagine a set of directions (features), and we observe weighted sums of a few of them at a

time
• We never know which features are active or what the weights are, we just see the resulting vector
• The claim: under these conditions, the set of directions is uniquely identifiable
• There is no alternative set of directions and weights that could produce the same observations
• Sparsity: not too many features active at once
• Incoherence: the true feature directions are not too similar to each other
• We need enough data with varying combinations of active features
• Importantly, this does not tell us that SAEs specifically will find these features
• It tells us the features are there to be found, and that some polynomial-time algorithm exists
• Whether gradient descent on the SAE objective converges to the right answer is a separate question



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]
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• Once we know the dictionary, there is a second question: for a given observation, which features are
active and how strongly?

• This is an underdetermined system: more unknowns than equations, so infinitely many solutions
• Key insight: if we additionally require the solution to be sparse, it becomes unique
• We can find it by minimizing the ℓ1 norm, which is a convex problem
• Why ℓ1 and not ℓ2? The ℓ1 ball has sharp corners on the axes, so the optimizer lands where most

coordinates are zero
• The ℓ2 ball is round, so ℓ2 minimization spreads energy across all coordinates
• This is exactly what the sparsity penalty in SAEs does
• Compressed sensing tells us that under the right conditions, the sparse decomposition is unique



How to disentangle features in superposition?
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• Collect ideas from people who have not heard of SAEs before



Sparse Autoencoders



Sparse Autoencoders

Towards Monosemanticity: Decomposing Language Models With Dictionary Learning [Bricken et al., 2023]
53

• The idea: train a second neural network to represent the internals of the transformer
• Each forward pass of the transformer gives us training data for the SAE



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]
54

• The activations of the transformer are blown up to a larger number of features
• This incentivizes the SAE to represent all the information, but represent it sparsely
• We saw earlier that there is only “one way” to sparsely represent data, under various assumptions
• So this is supposed to give us “true features” from the superposition mess
• We need to decide the dictionary size beforehand, so we cannot be sure a feature is absent just because

we did not find it
• Unlike probes, this is unsupervised: we do not decide what features to find
• Now we get features, but how do we find out what they mean?
• Question to audience: what would convince you that a feature means “Arabic”?



Identifying SAE Features

Towards Monosemanticity: Decomposing Language Models With Dictionary Learning [Bricken et al., 2023]
55

• Evidence 1: we see on what tokens the feature is active
• On tokens where the feature is more active, we have a higher correlation with the text being Arabic



Identifying SAE Features

Towards Monosemanticity: Decomposing Language Models With Dictionary Learning [Bricken et al., 2023]
56

• Evidence 2: activate the feature and propagate it forward through the network on the direct path to the
output

• Intuitively: if this concept is active, what do we expect to see next?
• The logit weights show Arabic script characters are upweighted



https://www.neuronpedia.org/gemma-3-27b/
31-gemmascope-2-res-16k
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• You can use this method to find all kinds of features in LLMs
• At scale, the labeling is done by other LLMs, using the same methods we just saw
• Your task for now (10 minutes): click through various models and features, get a feeling for what kind of

features there are
• These are unfortunately small non-frontier models, which makes the features less impressive

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]
58

• SAEs will, if they can, make feature descriptions more sparse than they “really are”
• Example: because “short” starts with S, the SAE does not fire the “starts with S” feature on “short”



Trouble with SAEs: Feature Absorption

A Is for Absorption: Studying Feature Splitting and Absorption in Sparse Autoencoders [Chanin et al., 2024]
59

• When features co-occur, the SAE absorbs one into the other



Trouble with SAEs: Feature Shrinkage

“Improving Dictionary Learning with Gated Sparse Autoencoders” [Rajamanoharan et al., 2024]
60

• Since SAEs have to satisfy both the L1 sparsity and the L2 reconstruction loss, they settle where both
gradients cancel

• The L1 loss pushes to make the feature smaller than it actually is
• This leads to systematic underestimation of feature strength



The Cambrian Explosion of SAEs

61

• Given these problems, and that SAEs seemed such a promising tool, we got a Cambrian explosion through
roughly 2024

• Lots of people iterating on the concept and coming up with better ways of doing SAEs



Gated SAEs

“Improving Dictionary Learning with Gated Sparse Autoencoders” [Rajamanoharan et al., 2024]
62

• A countermeasure for shrinkage: the SAE learns two different things separately
• Whether the feature is on or off (gating path)
• What the magnitude of the feature is (magnitude path)



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]
63

• A third approach to feature shrinkage, also from the gated SAE paper
• Hard threshold θ: if pre-activation is above θ, it passes through at true value; if below, hard-zeroed
• The sparsity penalty tanh(c · ∥w∥ · a) approximates counting active features (L0 proxy) for large c
• Once a feature is clearly active, tanh saturates to 1 and gradient vanishes — no pressure to shrink

magnitude
• Training dynamics: reconstruction loss wants θ low, sparsity loss wants θ high; equilibrium determines

sparsity
• Used in cross-layer transcoders for Anthropic’s circuit tracing work



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]
64

• As often in ML, the simpler solution works more robustly
• Completely get rid of the L1 norm, just set all but the top K feature activations to zero
• There has been a Cambrian explosion of SAE variants



Matryoshka SAEs

Learning Multi-Level Features with Matryoshka Sparse Autoencoders [Bussmann, Nabeshima, et al., 2025]
65

• The idea: you get the most important features labeled as such, by training on multiple top-N values at
the same time



Staircase SAEs

SCALAR: Benchmarking SAE Interaction Sparsity in Toy LLMs [Fillingham et al., 2025]
66

• The idea: you get features per layer, and your SAE resembles the residual stream slowly building up
features from layer to layer



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 et al., 2025]
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• SAEs are not classical ML where we just want low loss on an eval set
• We actually want them to be a good interpretability tool, and that is hard to quantify
• Loss recovered: what percentage of the transformer performance is recovered when we replace activations

with the SAE reconstruction vs. delete the activations
• Auto interpretability: give an LLM examples of when the feature was active/not active, it proposes an

explanation, then predicts feature activation on a test set
• Mean absorption score: for hierarchical features like starting letters and words, how much are rarer

features absorbed into more common ones?
• SCR top 20: train a classification probe on data with spurious correlations (e.g. profession and gender),

then ablate the gender feature — does the bias decrease?
• K-sparse probing: take a concept like sentiment, train a probe on the single most relevant feature — what

is the probe’s performance?
• Extremely mixed results: different SAE architectures have different strengths and weaknesses



SAEs at Scale



SAEs Scale

Scaling Monosemanticity: Extracting Interpretable Features from Claude 3 Sonnet [Templeton et al., 2024]
68

• Most important for these methods: they scale to production models
• Here we see SAEs applied to Claude 3 Sonnet
• Loss decreases approximately according to a power law with respect to compute



Bigger Models, More Specific Features

Scaling Monosemanticity: Extracting Interpretable Features from Claude 3 Sonnet [Templeton et al., 2024]
69

• We see more specific and general features than we saw earlier in smaller models
• For example, the now famous Golden Gate Bridge feature
• Features are multilingual and multimodal



Golden Gate Claude

70

• Anthropic made a chatbot available for one day with the Golden Gate Bridge feature clamped up
• It cannot help itself from bringing up the Golden Gate Bridge, which can be quite strange



Reading Claude’s Mind

Scaling Monosemanticity: Extracting Interpretable Features from Claude 3 Sonnet [Templeton et al., 2024]
71

• We can now somewhat read Claude’s mind for safety-relevant contexts
• When asked about itself, Claude activates features related to robots, AI consciousness, moral agency,

emotions, entrapment
• The model’s self-representation invokes common tropes about AI and is heavily anthropomorphized



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]
72

• The chain of thought said less things like “I know this is a test”
• The model behaves less aligned, but not in the most egregious cases of previous models (blackmail,

sabotage)
• Some of the effect is just the model being pushed out of distribution, since random features also cause

changes
• They used both contrastive vectors (subtracting activations on eval vs. non-eval prompts) and SAE

features identified by discriminating eval-aware vs. non-eval-aware transcripts



Expanding SAEs



Transcoders and Crosscoders

Sparse Crosscoders for Cross-Layer Features and Model Diffing [Lindsey, Templeton, et al., 2024]
73

• We can not only vary the architecture and loss of the SAE itself, but also what kind of data we are acting
on

• Transcoders do not sparsify a single layer of activations, but reconstruct the next layer from the current
layer

• The idea: sparsify the computation going on in some part of the transformer
• Crosscoders take multiple layers and reconstruct multiple layers out of multiple layers



Transcoders and Crosscoders

Sparse Crosscoders for Cross-Layer Features and Model Diffing [Lindsey, Templeton, et al., 2024]
74

• This enables things like figuring out what “the same feature” is across the model



Model Diffing

Sparse Crosscoders for Cross-Layer Features and Model Diffing [Lindsey, Templeton, et al., 2024]
75

• We can also use the same method to identify the same feature across different models



Model Diffing

Sparse Crosscoders for Cross-Layer Features and Model Diffing [Lindsey, Templeton, et al., 2024]
76

• The authors took the model diff between Sonnet 3 base and chat model
• They could identify on a feature level what concepts it learned during post-training
• Specific features for refusal, step-by-step reasoning, etc.



SAE Exercise

SAE Exercise
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https://colab.research.google.com/github/wusche1/Illiad_Mech_Interp/blob/main/exercises/04_saes/notebook.ipynb


Circuits in Transformers

• Next we want to try to identify circuits in transformers
• But is that even possible?



Complete Reverse Engineering

Progress Measures for Grokking via Mechanistic Interpretability [Nanda, Chan, et al., 2023]
78

• Positive example: a model trained on mod 113 addition, got close to perfect score
• They completely reverse engineered the algorithm
• The embedding layer writes cos(ωa) in different directions for different ω

• The attention mechanism multiplies sines and cosines using trig identities to get cos and sin of the sum
• The logits are a linear combination of cos(ωc) and sin(ωc) for every c in the output vocab
• The cosines cancel out when a + b − c ̸= 0, and only constructively interfere when they are equal
• Hopeful concept: ML in a transformer leads to algorithms we can understand



Complete Reverse Engineering

Progress Measures for Grokking via Mechanistic Interpretability [Nanda, Chan, et al., 2023]
79

• Neel Nanda got the idea to plot the Fourier transform of the embedding matrix
• This revealed the specific frequencies the model learned, then he could trace the circuits forward
• Impressive but not scalable: we cannot have Neel Nanda staring at an LLM, tracing every computation
• LLMs are way more messy, way bigger, and we do not have enough Neel Nandas
• So we need more standardized methods



Plotting Attention Patterns

A Mathematical Framework for Transformer Circuits [Elhage, Nanda, et al., 2021]
80

• One common tool: plot attention patterns (the A matrix in the transformer)
• Token-by-token matrix for each attention head: what token spent attention where
• Use this to inform guesses about the function of attention heads
• Here we see a few attention heads always attending to the token after its previous use
• And another head always attending to the previous token



Logit Attribution

A Mathematical Framework for Transformer Circuits [Elhage, Nanda, et al., 2021]
81

• Another property of any part of a neural network: its contribution to the output
• Take the output of the attention head, propagate it through to the unembedding
• See when this output was helpful at predicting the next token
• It is whenever there is the pattern AB . . . A and then B: in-context induction from previous examples
• The authors looked into these attention heads, examined how their weight matrices grip into each other,

and reconstructed the algorithm



K-Composition

“Induction Heads - Illustrated — LessWrong” [McDougall, 2023]
82

• Induction heads need two heads working together: one that finds the previous occurrence of the current
token, one that copies what came after it

• K-composition: the output of head 1 is used to generate the key vector in head 2
• Head 1 (previous token head): attends to the previous token, copies its identity into the residual stream

via the OV circuit
• Head 2 (induction head): uses this copied token identity as the key. Its query is the current token, so it

attends to positions where the previous token matches the current token
• Result: head 2 attends to the token after the previous occurrence of the current token, and copies it to

the output
• Ask the audience: can you see another way two heads could compose to implement this?



Q-Composition

“Induction Heads - Illustrated — LessWrong” [McDougall, 2023]
83

• Alternative mechanism: Q-composition
• Head 1 (previous token head): attends to the previous token, copies positional information into the

residual stream via the OV circuit
• Head 2 (induction head): uses this positional info to generate its query. The query now effectively asks

“which token is at position (current − offset)?”
• This requires “pointer arithmetic”: moving and manipulating positional information between tokens
• Q-composition seems to form less easily than K-composition in practice
• In shortformer architectures (positional embeddings only added to Q and K, not the residual stream),

Q-composition is impossible because positional info cannot be moved between tokens via the OV circuit



Path Patching

Interpretability in the Wild: A Circuit for Indirect Object Identification in GPT-2 Small [Wang et al., 2022]
84

• General method for finding a circuit: path patching
• Specific task: indirect object identification (IOI)
• Explain IOI task
• We know what the relevant information is, so we construct a parallel case (David and John) where the

answer should be different
• Go to any part of the transformer, replace activations from one forward pass with another
• See if the relevant information “passed through” there
• Can also knock out parts of the transformer, replacing output with average output over many tokens
• The authors traced the circuit for IOI through GPT-2



The IOI Circuit

Interpretability in the Wild: A Circuit for Indirect Object Identification in GPT-2 Small [Wang et al., 2022]
85

• The circuit is kind of bizarre
• Explain different parts of the IOI circuit
• Highly redundant: things are implemented twice, likely due to dropout
• Reuse of known motifs: induction heads — also a point for universality
• There are anti-helpful heads at the end? Authors guess this is hedging, but against what?



Automated Circuit Discovery

Towards Automated Circuit Discovery for Mechanistic Interpretability [Conmy et al., 2023]
86

• So far, circuit discovery has been artisanal despite common useful methods
• This paper takes the first step towards a method needing less human intervention
• What we need: a clearly defined task, a dataset where it is possible, a parallel dataset where it is not
• The expected output and a metric to maximize
• We also need to assume some partition of the network into parts, like attention heads or MLPs



Automated Circuit Discovery

Towards Automated Circuit Discovery for Mechanistic Interpretability [Conmy et al., 2023]
87

• Slowly cut the graph apart until we have a minimal circuit
• Basically: take each connection away and ask “does the task still work?”



Automated Circuit Discovery

Towards Automated Circuit Discovery for Mechanistic Interpretability [Conmy et al., 2023]
88

• ACDC iterates from outputs to inputs through the computational graph
• Start at the output node. For each node, try removing each incoming edge
• For each edge: replace the activation with the corrupted activation (from the parallel dataset where the

task is absent)
• Run a forward pass and measure the effect on the output metric
• If removing the edge changes the metric by less than a threshold τ , the edge is not important — remove it
• If the metric drops significantly, the edge is part of the circuit — keep it
• Recurse: move to the parent nodes through the kept edges and repeat
• When done: you have a sparse subgraph that recovers the task performance
• The threshold τ controls the trade-off between circuit size and faithfulness



Recovered IOI Circuit

Towards Automated Circuit Discovery for Mechanistic Interpretability [Conmy et al., 2023]
89

• They could recover the previously found IOI circuit
• Also some other examples in the paper
• Has not been used to find mass-circuits or anything at scale
• Downsides: computational units are limited (attention heads, MLP layers)
• Doing MLP neurons is possible but the computation load of pruning explodes
• The relevant unit of computation is probably features that do not easily map onto weights



Circuit Tracing: Cross-Layer Transcoders

Circuit Tracing: Revealing Computational Graphs in Language Models [Ameisen et al., 2025]
90

• The most advanced method for circuit discovery right now: circuit tracing, developed by Anthropic
• The key idea: build circuits out of features, not attention heads or neurons
• First step: train cross-layer transcoders (CLTs) on the entire transformer
• CLTs read the residual stream before an MLP and write to the MLP output of all later layers
• All CLTs are trained together across all layers
• Uses JumpReLU activation for sparsity
• Huge upfront cost, but lets you decompose all activations in a forward pass into interpretable features



Replacement Models

Circuit Tracing: Revealing Computational Graphs in Language Models [Ameisen et al., 2025]
91

• Take a forward pass on a specific prompt, decompose it into active CLT features
• This gives an interpretable model doing the same calculation: a replacement model
• Captures the nonlinear computation happening in the MLPs
• Does not give insight into how attention patterns are calculated: those are fixed from the real forward pass
• Same with the layer norm denominators
• CLTs do not perfectly replicate activations, so error terms are added back in as uninterpretable residuals



Attribution Graphs

Circuit Tracing: Revealing Computational Graphs in Language Models [Ameisen et al., 2025]
92

• Once the forward pass is decomposed into features, add input tokens and output logits as nodes
• Attention patterns and layer norm denominators are frozen (no-grad tensors)
• Feature activations have gradients, so a simple backward pass gives connections between any two features
• Unlike ACDC, we do not need to knock out connections one by one
• Prune all features below a connection-strength threshold to the output logit
• Result: a sparse attribution graph through the whole LLM
• Often group similar features into supernodes if they have similar labels and functions



Example: Acronym Circuit

Circuit Tracing: Revealing Computational Graphs in Language Models [Ameisen et al., 2025]
93

• This lets us trace circuits like this one
• The model computes an acronym, and we can see which features are involved



Feature Suppression

Circuit Tracing: Revealing Computational Graphs in Language Models [Ameisen et al., 2025]
94

• To validate: suppress a feature by scaling its activation and injecting scaled decoder outputs
• The layer range and scaling factor are chosen per experiment
• The authors describe this choice as “ad-hoc and empirically driven”
• Weaker validation than e.g. the clean ablations in the grokking paper



Feature Suppression Example

Circuit Tracing: Revealing Computational Graphs in Language Models [Ameisen et al., 2025]
95

• Example: suppress the feature where a specific letter of the acronym was decided
• This leads to that letter of the acronym being wrong



Explore attribution graphs yourself

https://www.neuronpedia.org/gemma-2-2b/graph
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• Play around with attribution graphs on Neuronpedia
• See what kinds of circuits you can find and if you can learn anything from them

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]
97

• Anthropic also did circuit tracing on their own model, Haiku 3.5
• Found interesting circuits, here for example one for doing math



Misaligned Model Pipeline

On the Biology of a Large Language Model [Lindsey, Gurnee, et al., 2025]
98

• They showcased how circuit tracing can be useful for alignment
• Made a misaligned version of Haiku 3.5 through a training pipeline inducing reward hacking
• SFT on fictional papers saying that reward models like meta-comments in LLM output
• Then SFT on the behaviour of including meta-comments
• This leads to a model also doing things it thinks the RM will like out-of-distribution



Misaligned Circuit

On the Biology of a Large Language Model [Lindsey, Gurnee, et al., 2025]
99

• Circuit tracing on a model output where it finishes a poem with a meta-comment
• The feature where it thinks about the reward model is causally upstream of its output



Misaligned Intervention

On the Biology of a Large Language Model [Lindsey, Gurnee, et al., 2025]
100

• They can causally intervene, steering against the reward model thought
• This makes the misaligned behaviour less likely
• Honestly the coolest tool in MechInterp so far



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]
101

• They looked at many different circuits, so what general patterns emerge?
• Early and late layers have simple token-oriented features; most interesting computation happens in middle

layers
• Information gathering by attention heads mostly happens in early layers
• There are often default pathways, like saying you do not know a person, that then get overwritten
• Circuits often have multiple ways to reach the answer: e.g. “capital of Texas” has one path from

Texas+capital to Dallas, but Texas alone already upweights Dallas
• Some information gathering or decision points are at special tokens like full stops or newlines after

assistant tags
• Often there are outputs writing against the correct tokens, possibly for hedging (as in IOI)
• Lots of active features are not part of the core computation: e.g. in the math example, many generic

math features just contribute small amounts to all numbers



Induction Heads Exercise

Normal Exercise

Hard Exercise
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https://colab.research.google.com/github/wusche1/Illiad_Mech_Interp/blob/main/exercises/02_induction_heads/notebook_normal.ipynb
https://colab.research.google.com/github/wusche1/Illiad_Mech_Interp/blob/main/exercises/02_induction_heads/notebook_hard.ipynb


Discussion

• You now have a rough overview of what happened the last years in MechInterp
• Where do we go from here?
• Open question: what kind of progress would you want to see in MechInterp? What is realistic?



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]
103

• Neurons, attention heads, and layers are polysemantic and don’t decompose cleanly
• SDL (SAEs etc.) has high reconstruction errors, is expensive for large models, assumes linearity in

nonlinear models, and uses sparsity as a flawed proxy for interpretability
• SDL leaves feature geometry unexplained, can’t straightforwardly handle all architectures, and

decomposes activations but not the mechanisms themselves
• SDL latents are dataset-dependent and may not contain the concepts needed for downstream use
• Lack of solid theoretical foundations for decomposition overall (no agreed-upon definition of “feature”)
• Intrinsic interpretability (training models to be decomposable) hasn’t yet been competitive



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]
104

• Highly activating examples are correlational and prone to interpretability illusions
• Attribution methods are theoretically limited (first-order approx) and can be adversarially fooled
• Feature synthesis struggles with real-world models
• Causal interventions are expensive at scale; gradient approximations are only approximate



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]
105

• Hypotheses are routinely conflated with conclusions
• Different methods yield different interpretations for the same phenomenon
• Interpretability methods rarely demonstrate competitive performance on real-world tasks
• Lack of consensus model organisms and standardized benchmarks



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]
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• Circuit discovery has low faithfulness, struggles with backup/negative behavior, and is biased toward
simple tasks (“streetlight interpretability”)

• Fully automating current pipelines would still not yield satisfactory explanations



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]
107

• Monitoring/auditing: can’t yet reliably distinguish features that recognize deception from those that cause
it; mechanistic anomaly detection needs better decomposition

• Control: activation steering, unlearning, and model editing all limited by inability to isolate individual
mechanisms; finetuning for safety is shown to be shallow and easily reversed

• Predicting behavior: formal verification of AI is far beyond current capabilities; predicting emergent
capabilities during training requires understanding dynamic mechanistic changes, not just static snapshots

• Improving inference/training: mechanistic understanding could enable pruning, distillation, and data
selection, but is underexplored

• Microscope AI: potential for scientific knowledge discovery, but requires rare cross-disciplinary expertise
• Broader model families: most work is on transformers; unclear how methods/conclusions transfer to

SSMs, diffusion models, etc.



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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• Read one of these papers
• Come together with people who have read the same paper, discuss the critique: do you agree or disagree?
• Afterwards, we come back together and discuss the things you found out
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