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What you’ll learn

Some motivation for why you should care about interpretability
overview of current techniques, mostly on interp for language models
open problems that might make for good projects
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Slides with links

miv.name/teaching/MLSS-2026
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https://miv.name/teaching/MLSS-2026/ivanitskiy-interp.html


Talk Outline

Introduction
“Classical” Interpretability, where it fails
Transformer notation & review
mechanistic interpretability
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Introduction
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The Problem:
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The Problem:

We don’t “make” LLMs, we find them
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The Problem:

We don’t “make” LLMs, we find them
These models are getting smarter, very fast
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Gradient descent finds a set of parameters which minimize the training objective,
but it’s just a point in a billions-dimensional space of possible models. We don’t

build models the way we build cars or planes.
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Figure 1: “Scaling Laws for Neural Language Models” - Kaplan et al, 2020
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Figure 2: “Measuring AI Ability to Complete Long Tasks” - METR, 2025
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Figure 3: Yes, you could also fit a sigmoid to this data…

11



Figure 4: But that tends not to work.

12



13



13.1



13.2



13.3



What can we do?
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(Post) Training: change the pretraining data, change the finetuning data, do
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descent and Goodhart’s law: optimizing for a proxy objective leads to worse
performance on the real objective.
Control: put the AI in a box where it can’t do anything bad. Run it inside a
VM, don’t give it internet access, have other AI systems supervise it, etc. Can
also help, but becomes less effective as models get more capable (they can break
out of the box, deceive their supervisors) and everyone wants to deploy them
more widely (putting it in a box makes it less useful).
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What can we do?

Prompting: just give the model better instructions

(good luck with that)

(Post) Training: change the pretraining data, change the finetuning data, do
more RL. This can help, but we are still fundamentally at the mercy of gradient
descent and Goodhart’s law: optimizing for a proxy objective leads to worse
performance on the real objective.
Control: put the AI in a box where it can’t do anything bad. Run it inside a
VM, don’t give it internet access, have other AI systems supervise it, etc. Can
also help, but becomes less effective as models get more capable (they can break
out of the box, deceive their supervisors) and everyone wants to deploy them
more widely (putting it in a box makes it less useful).
Interpretability: do “neuroscience” on the model to figure out how it works,
and then use that knowledge to make targeted interventions.
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Can we understand how a neural network is performing computation?
Can we use that understanding to control AI systems?
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What does it even mean to “understand” a neural network anyway?
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“Classical” interpretability
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Input Attribution

When training a linear classifier with Lasso, you can just look at the weights to see
what inputs mattered. With a deep neural net, this is not so easy!

“Local Interpretable Model-Agnostic Explanations” (LIME), from 
: locally around a sample, make a linear model that behaves like your big

model

“SHapley Additive exPlanations” (SHAP), from : much
like LIME, but with nicer game-theoretic guarantees

Riberio et al
(2016)

Lundberg et al (2017)
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https://arxiv.org/pdf/1602.04938
https://arxiv.org/pdf/1602.04938
https://arxiv.org/pdf/1705.07874


miv.name/transformer-demo/classifier
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https://miv.name/transformer-demo/classifier.html


Saliency maps

What part of the input is most relevant for the decision the network is making?
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Saliency maps

What part of the input is most relevant for the decision the network is making?

Core idea: wiggle each of the pixels, see how much the wiggle affects the output
– gets you a heatmap
You can do the above more cleverly by… taking a derivative
Unfortunately, the maps don’t always look how you expect
So, do things to make the maps look nicer

20.4



Figure 5: From “Sanity Checks for Saliency Maps”, Adebayo et al (2020)
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https://arxiv.org/pdf/1810.03292


Figure 6: From “Sanity Checks for Saliency Maps”, Adebayo et al (2020)

22

https://arxiv.org/pdf/1810.03292


Feature visualization:

Pick a neuron in an image model
adjust an image to make that neuron activate more strongly
cool pictures!
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Figure 7: “Feature Visualization” – Olah, Mordvintsev, Schubert (2017)
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https://distill.pub/2017/feature-visualization/


Figure 8: “Feature Visualization” – Olah, Mordvintsev, Schubert (2017)
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https://distill.pub/2017/feature-visualization/


Figure 9: “Inceptionism: Going Deeper into Neural Networks” – Mordvintsev,
Olah, Tyka (2015)
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https://research.google/blog/inceptionism-going-deeper-into-neural-networks/
https://research.google/blog/inceptionism-going-deeper-into-neural-networks/


 

“Neural correlates of interspecies perspective taking in the post-mortem Atlantic
Salmon: An argument for multiple comparisons correction” (Bennett et al)
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LIME/SHAP: a locally accurate representation of your bigger model. Useful
when building a relatively simple classifier
Saliency maps: which part of your input was used to make the decision?
However, easily misleading
Feature Visualization: Cool pictures, but neurons can be polysemantic.
Unclear how to make this apply to LLMs.

Key issue: everything so far is merely correlational.
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Notation
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Let  be a finite vocabulary (typically ):

 is a “token” – usually a word or subword

 is a sequence of tokens

 is a learned embedding into a residual stream of dimension

V ∣V∣ > 105

q ​ ∈i V

s = [q ​, … , q ​]1 n

E : V × Z → Rd ​m

d ​m
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"The quick red fox jumped over the lazy brown dog"

⇒

[

  "The", "quick", "red", "fox", "jumps",

  "over", "the", "lazy", "dog"

]

⇒ ​ ∈[3, 17, 42, 8, 123, 56, 3, 78, 9] N ​d ​v

9

⇒ X ∈ R9×d ​m
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A Language Model learns the conditional probability:

i.e. given a sequence , predict the distribution over possible next tokens. By
sampling from the distribution over the next token and appending it to the

sequence, we can generate text.

P q ​ ∣ [q ​, … , q ​][ n+1 1 n ]

s

32



Attention Heads

where  is the softmax function applied row-wise:

and the “attention pattern”  is a “measure of similarity” between
the embeddings.

 decides how much to move from  to 

 decides what to move from 

A : R →n×d ​m Rn×d ​m

[A(X)] ​ =i ​σ(A(X)) ​W ​x ​

j=1

∑
n

i,j OV j

σ

σ(B) ​ =i,j ​

​ e∑k
B ​i,k

eB ​i,j

A(X) ∈ Rn×n

A(X) ​i,j j i

W ​x ​OV j j
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Attention patterns

So where do we get  from?

where

Masking is necessary to prevent the model from “cheating” by looking at future
tokens.

The learnable parameters of an attention head are thus given by the matrices
. In practice, we learn low-rank approximations to both

of these.

A(X)

A(X) ​ =i,j x ​W x ​ +i QK j
T M ​i,j

M ∈ R , M :=n×n
​ ​{

0
−∞

i ≤ j

i > j

W ​,W ​ ∈QK OV Rd ​×d ​m m
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Figure 10: Attention patterns for three different heads in gpt2-small on the same

prompt.
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Demo:

miv.name/transformer-demo/index
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https://miv.name/transformer-demo/index.html


The Residual Stream and
the Logit Lens
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A primary object of study in interpretability is the residual stream: the set of
activations at various layers and sequence positions.

starts as per-token embeddings (with positional information), no information
from nearby tokens
MLPs transform these, individual sequence positions at a time
Attention heads move data from previous tokens to the present token

38



If  converts a final-layer residual vector into a next-token prediction, why not
apply it to an intermediate one? This is exactly the logit lens, introduced by

:

W ​U

nostalgebraist (2020)

logits =(ℓ) X W ​ ∈(ℓ)
U R .n ​×d ​c v

39

https://www.lesswrong.com/posts/AcKRB8wDpdaN6v6ru/interpreting-gpt-the-logit-lens


Tuned Lens

Residual connections exist, so there is some level of stability in representations
across layers. But, this stability is imperfect

enter the Tuned Lens ( ): learn a small affine translator
mapping intermediate to final-layer basis before unembedding

Belrose et al., 2023

40

https://arxiv.org/abs/2303.08112


the lenses tell you what the model predicts, but not why or how
“explanations” are always of the form “probability distribution over tokens”
set the foundation for later work – the residual stream is clearly carrying some
cool stuff!
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miv.name/transformer-demo/index
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https://miv.name/transformer-demo/index.html


Activation Patching and
Causal Tracing
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We’ve been watching: the logit lens shows what the model predicts at each layer.
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We’ve been watching: the logit lens shows what the model predicts at each layer.

But watching can’t separate cause from coincidence: a direction can be present
and never used.
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We’ve been watching: the logit lens shows what the model predicts at each layer.

But watching can’t separate cause from coincidence: a direction can be present
and never used.

To find what the model actually uses, we have to intervene.

44.2



"The Eiffel Tower is located in _____"
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Back in 2020-2022, it was pretty much a miracle that LLMs could answer such a
question!
Somewhere, in the weights of the model, this information must be stored.
Somewhere, this information is recalled and put into the residual stream to
increase the probability of the next token being "Paris"

46



The trick: a controlled swap

A debugging move you’ve all done: splice a value from a known-good run into a
broken run to find where it diverges – git bisect, inside one forward pass.
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The trick: a controlled swap

A debugging move you’ve all done: splice a value from a known-good run into a
broken run to find where it diverges – git bisect, inside one forward pass.

clean run: “The Eiffel Tower is located in”  Paris (cache every activation)

corrupted run: subject noised / swapped  not Paris

patch: copy one activation at site  from clean into corrupted, rerun, and
measure how far the output moves back toward Paris

→
→

(ℓ, t)

47.1



However, this is trickier than it looks! Naively, given this one example, you might
as well just find the (un)embedding of the token “Paris” and patch that in.
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However, this is trickier than it looks! Naively, given this one example, you might
as well just find the (un)embedding of the token “Paris” and patch that in.

Obviously, this is not what we’d like! Our interventions should ideally modify the
thing we are trying to modify, and nothing else!

48.1



Causal tracing: bisect everywhere

Do the surgical swap at every site   a heatmap of causal importance.(ℓ, t) →
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Causal tracing: bisect everywhere

Do the surgical swap at every site   a heatmap of causal importance.(ℓ, t) →

 (ROME): factual recall lights up at mid-layer MLPs, last
subject token – and they then edit those weights so the model says “Rome”.
Meng et al., 2022

49.1

https://arxiv.org/abs/2202.05262


From one part to a mechanism

What the swap bought us:

causal, not just correlational

a repeatable loop: localize  ablate / edit  verify
direction matters: denoising tests sufficiency, noising tests necessity (not
symmetric)

→ →
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From one part to a mechanism

What the swap bought us:

causal, not just correlational

a repeatable loop: localize  ablate / edit  verify
direction matters: denoising tests sufficiency, noising tests necessity (not
symmetric)

→ →

But one swap finds one part. A behavior is many parts, wired together.

The simplest interesting case is just nodes and one edge: induction heads. Then

many parts, found automatically  circuits.→

50.2



Induction Heads
Our first circuit: the smallest one that does something interesting – two heads, one

wire.
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Language models are just Markov chains, right?

Try the following:

generate a random string, random number, anything – something that could not

have shown up in the training data

ask a language model to repeat it

52



Language models are just Markov chains, right?

Try the following:

generate a random string, random number, anything – something that could not

have shown up in the training data

ask a language model to repeat it

Almost any language model trivially does this task. No -gram, for any value of ,
could ever do this!

n n

52.1



Language models learn in-context. Even in the simplest possible case, you can

think of them learning an -gram during a single forward pass!n
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Given a sequence:

How does a language model correctly predict E?

A B C D E ... A B C D _
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Two steps:

a Previous Token Head copies from  onto  the information that “the last

token was ”

the actual Induction Head, given the present token , attends back to positions

 which have stored that , and copies the actual  information to the

“present” to predict 

t − 1 t

x

q ​n

t q ​ =t−1 q ​n q ​t

q ​n+1

55



 

“In-context Learning and Induction Heads”, Olsson et al (2022)”
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https://transformer-circuits.pub/2022/in-context-learning-and-induction-heads/index.html


Circuits
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From one circuit to the general idea

The induction head was our first circuit: a small group of components that
together implement a behavior.
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From one circuit to the general idea

The induction head was our first circuit: a small group of components that
together implement a behavior.

Picture the whole transformer as a computational graph:

nodes – attention heads and MLPs
edges – residual-stream paths, where one component’s output is read by
another

Every block reads and writes the shared residual stream, so the graph is densely

connected. A circuit is the sparse subgraph that actually does the work.

58.1



What makes a subgraph a “circuit”?

A circuit  should be:

faithful – running just  reproduces the behavior on the task

minimal – remove any piece and it breaks
interpretable – each component has a human-understandable role

; 

C

C

Olah et al., 2020 Elhage et al., 2021

59

https://distill.pub/2020/circuits/zoom-in/
https://transformer-circuits.pub/2021/framework/index.html


A bigger circuit: Indirect Object Identification

“When Mary and John went to the store, John gave a

drink to ___”
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A bigger circuit: Indirect Object Identification

“When Mary and John went to the store, John gave a

drink to ___”

GPT-2 small answers “Mary”.  reverse-engineered how – 

 heads in cooperating roles:

duplicate-token + S-inhibition heads: detect and suppress the repeated
name (John)
name-mover heads: copy the remaining name (Mary) to the output

Wang et al. (2023) ≈
26

60.1

https://arxiv.org/abs/2211.00593


The model repairs itself

IOI also has backup name-mover heads: dormant heads that take over when
the primary name-movers are ablated.
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The model repairs itself

IOI also has backup name-mover heads: dormant heads that take over when
the primary name-movers are ablated.

So single-component ablation understates importance – knock out the
“important” head and the model quietly routes around it. Networks are redundant

and self-repairing.

61.1



Finding circuits automatically

Hand-analysis doesn’t scale. Automate the search over the graph:

ACDC ( ): from the full graph, patch each edge (= path

patching) with a corrupted activation, then greedily prune the edges that don’t
matter
Edge attribution patching (EAP / EAP-IG) ( ; 

): approximate every edge’s effect with one backward pass – much
faster than ACDC

Conmy et al., 2023

Syed et al., 2023 Hanna et
al., 2024
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https://arxiv.org/abs/2304.14997
https://arxiv.org/abs/2310.10348
https://arxiv.org/abs/2403.17806
https://arxiv.org/abs/2403.17806


Did we actually find it?

Validate a candidate circuit  by ablation:

faithful:  alone does the task

complete: the complement  alone fails it
minimal: no smaller subset is faithful
generalizes: holds across the task distribution

C

C

C̄
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Did we actually find it?

Validate a candidate circuit  by ablation:

faithful:  alone does the task

complete: the complement  alone fails it
minimal: no smaller subset is faithful
generalizes: holds across the task distribution

C

C

C̄

Subtlety: how you ablate matters. Zero-ablation (delete entirely) goes off-
distribution. Hence, mean-ablation or resampling from other task inputs – but

these come with their own problems.

63.1



Atoms

Circuits over heads and neurons hit a wall:

a single head can carry several unrelated signals
entire MLPs are far too coarse
individual neurons are polysemantic
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Superposition
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Problem 1:

The model has ~no incentive to have it’s internal representations align with your
canonical basis vectors (neurons)!
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Problem 2:

The Johnson–Lindenstrauss lemma ( ):

 vectors can be embedded in  with pairwise near-orthogonality

as long as

The number of “almost orthogonal” directions grows exponentially in the
dimension, not linearly.

The model can store more features than it gets orthogonal directions!

Johnson & Lindenstrauss, 1984

n Rd ​m

∣⟨u, v⟩∣ ≤ ϵ

d ​ =m O(log n/ϵ )2

67

https://doi.org/10.1090/conm/026/737400


miv.name/transformer-demo/superposition

68

https://miv.name/transformer-demo/superposition.html


Leads us to the current paradigm: the residual stream contains dense vectors, but
these secretly contain many features, which we would like to find
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Linear Probes

70



Going back in time a bit:  introduce linear probes:

Given some known feature (that you have labels for) of the dataset, you can train
an affine model to predict the feature given only the target model’s activations.

Whether or not it works might tell you something about whether the model is
using this known feature.

Alain & Bengio, 2016

71

https://arxiv.org/abs/1610.01644


For example:

Your instructor said " there will be no homework for this course " and the students were glad.

0    0          0    1 1     1    1  1  1        1   1    1      1 0   0   0        0    0
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For example:

Your instructor said " there will be no homework for this course " and the students were glad.

0    0          0    1 1     1    1  1  1        1   1    1      1 0   0   0        0    0

def probe(text: list[str]) -> list[bool]:

  output: list[bool] = []

  # count the quotes

  n_quotes: int = 0

  for x in text:

    if x == '"':

      # if a quote, increment count and append True

      n_quotes += 1

      output.append(True)

    else:

      # otherwise, True if there have been an odd number of quotes

      output.append(bool(n_quotes % 2))

72.1



Linear Probes provide a supervised way to figure out which directions represent a
feature. However:

1. A model with billions of parameters has probably got more features than you’d
like to write detectors for

2. Humans are not very good at knowing what a language model is computing – if
we were, language models would be software, not neural networks!
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Sparse Autoencoders
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What is an autoencoder?
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Here we have the reverse problem: our data has already been packed into a high
dim space. We need to unpack it.

76



Figure 11: Linear Probes vs Sparse Autoencoders
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Given some intermediate activation , learn an autoencoder

with loss

x

z = ReLU(W ​x +u b ​) ∈u R , =n x̂ W ​ z +d b ​ ∈d R .d ​m

L = ∥x − ∥ ​ +x̂ 2
2 λ∥z∥ ​.1

78



The rows of  (or columns of ) are the dictionary items – the actual
features we care about
the  penalty on the activations  is what gets us sparsity

See: , , .

W ​u W ​d

L ​1 z

Bricken et al., 2023 Cunningham et al., 2023 Templeton et al., 2024
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https://transformer-circuits.pub/2023/monosemantic-features/index.html
https://arxiv.org/abs/2309.08600
https://transformer-circuits.pub/2024/scaling-monosemanticity/index.html


80



you started with a residual stream with thousands of neurons
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you started with a residual stream with thousands of neurons
now you have a dictionary of millions of features
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you started with a residual stream with thousands of neurons
now you have a dictionary of millions of features
just look at every single one, right?

80.3



Automated Interpretability

Just give a language model examples of text where the feature activates, and ask it
to explain what’s going on!

81



Figure 12: Templeton et al., 2024

82

https://transformer-circuits.pub/2024/scaling-monosemanticity/index.html


Figure 13: Templeton et al., 2024

83

https://transformer-circuits.pub/2024/scaling-monosemanticity/index.html


Figure 14: Templeton et al., 2024

84

https://transformer-circuits.pub/2024/scaling-monosemanticity/index.html


Variants and Extensions

Lots of variants of SAEs exist and are an active area of research, but the key idea
of “decomposing activations into a sparse set of features” is the core.
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Variants and Extensions

Lots of variants of SAEs exist and are an active area of research, but the key idea
of “decomposing activations into a sparse set of features” is the core.

TopK SAEs ( ; ): Replace the 

penalty with a hard constraint that exactly  features activate per input.

Makhzani & Frey, 2013 Gao et al., 2024 L ​1

k
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Variants and Extensions

Lots of variants of SAEs exist and are an active area of research, but the key idea
of “decomposing activations into a sparse set of features” is the core.

TopK SAEs ( ; ): Replace the 

penalty with a hard constraint that exactly  features activate per input.

Makhzani & Frey, 2013 Gao et al., 2024 L ​1

k

Gated SAEs ( ): Separate the “which features
activate” decision from the “what magnitude” computation using a gating
mechanism. Improves reconstruction at the same sparsity level.

Rajamanoharan et al., 2024

85.2

https://arxiv.org/abs/1312.5663
https://arxiv.org/abs/2406.04093
https://arxiv.org/abs/2404.16014
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Transcoders ( ): Instead of autoencoding a layer’s
activations, learn to predict the next layer’s activations from the current layer’s
features. This gives a feature-level description of computation rather than just
representation. Applied to MLP blocks: input is the MLP input, output is the
MLP output, and the hidden features describe what the MLP “does” in
interpretable terms.

Dunefsky et al., 2024
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Transcoders ( ): Instead of autoencoding a layer’s
activations, learn to predict the next layer’s activations from the current layer’s
features. This gives a feature-level description of computation rather than just
representation. Applied to MLP blocks: input is the MLP input, output is the
MLP output, and the hidden features describe what the MLP “does” in
interpretable terms.

Dunefsky et al., 2024

Attention SAEs / Multi-layer SAEs: Apply SAEs to attention outputs, or
train joint SAEs across multiple layers to capture features that evolve through
the network.

86.2

https://arxiv.org/abs/2406.11944


Transcoders ( ): Instead of autoencoding a layer’s
activations, learn to predict the next layer’s activations from the current layer’s
features. This gives a feature-level description of computation rather than just
representation. Applied to MLP blocks: input is the MLP input, output is the
MLP output, and the hidden features describe what the MLP “does” in
interpretable terms.

Dunefsky et al., 2024

Attention SAEs / Multi-layer SAEs: Apply SAEs to attention outputs, or
train joint SAEs across multiple layers to capture features that evolve through
the network.

Matrioshka SAEs ( ): Train a hierarchy of SAEs where
each layer’s features are autoencoded by the next layer, creating a multi-scale
decomposition of the model’s representations. Helps with feature splitting.

Bussmann et al., 2025

86.3

https://arxiv.org/abs/2406.11944
https://arxiv.org/abs/2503.17547


See:

neuronpedia.org
miv.name/transformer-demo/index
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https://www.neuronpedia.org/
https://miv.name/transformer-demo/index.html


Parameter-based methods
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Figure 15: From “Not all Language Model Features are One-Dimensionally
Linear” by Engels et al, 2025. SAEs cannot learn a linear feature for “next day of

the week,” as it is a rotation matrix.
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Sparse Autoencoders let us decompose activations in an unsupervised way, but
intervening on these activations can be brittle. What if we could decompose the

weights instead?
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Sparse Autoencoders let us decompose activations in an unsupervised way, but
intervening on these activations can be brittle. What if we could decompose the

weights instead?

Furthermore, circuit-based methods suffer from language model components
(Attention Heads, MLPs) being too coarse. Having a way to decompose the

weights into meaningful components would be helpful!

90.1



Given some network  taking inputs  with learned

parameters , SPD learns:

rank-one components  which approximate the model weights

at a layer 
gates  whose sparsity is encouraged

f ​ :θ R →d Rd x ∼ D ⊂ Rd

θ = {W , … ,W }1 L

C ​ =ℓ,i u ​ ⋅ℓ,i v ​ℓ,i
T

ℓ
g ​ :ℓ,i R →d [0, 1]

91



How do we learn this?
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How do we learn this?

Faithfulness Loss (Parameter Matching)

L ​ =weight ​ ​W − ​C ​ ​ ​

ℓ∈N ​L

∑ ℓ

i∈N ​C

∑ ℓ,i

F

2
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Faithfulness Loss (Parameter Matching)

L ​ =weight ​ ​W − ​C ​ ​ ​

ℓ∈N ​L

∑ ℓ

i∈N ​C

∑ ℓ,i

F

2

Minimality Loss (Sparsity)

L ​ =min ​ ​ ​ ∣g ​(x)∣ ​Ex∈D

​

ℓ∈N ​L
i∈N ​C

∑ ℓ,i
p
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How do we learn this?

Faithfulness Loss (Parameter Matching)

L ​ =weight ​ ​W − ​C ​ ​ ​

ℓ∈N ​L

∑ ℓ

i∈N ​C

∑ ℓ,i

F

2

Minimality Loss (Sparsity)

L ​ =min ​ ​ ​ ∣g ​(x)∣ ​Ex∈D

​

ℓ∈N ​L
i∈N ​C

∑ ℓ,i
p

Stochastic Reconstruction Loss:
Stochastically masking out the components according to the gate should not
change the output
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Stochastic Reconstruction Loss

Given some input , we have the “original” forward pass , and we want our

“masked” forward pass with weights  to give the same output.

1. For each component , sample stochastic mask

2. Construct replacement model parameters 

3. Compute divergence:

x f ​(x)θ

θ̂

C ​ℓ,i

m ​ ∼ℓ,i U [g ​(x), 1]ℓ,i

θ̂

=θ̂ { , … , } where =Ŵ 1 ŴL Ŵ ℓ
​m ​C ​

i

∑ ℓ,i ℓ,i

L ​ =recon ​f ​
(x) −θ f ​

(x)
​

θ̂
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Stochastic Parameter Decomposition:

Slice up (decompose) a network's weights (parameters) into rank-1 components so

that only some of them are needed for any given computation, and the rest can be

set to arbitrary magnitudes (stochastically)
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More on parameter decomposition methods:

goodfire.ai/research/interpreting-lm-parameters

95

https://www.goodfire.ai/research/interpreting-lm-parameters


Exercise
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1. come up with a feature that you think a language model might compute
2. train a linear probe to see if an LLM of your choice computes this feature
3. where in the network does the probe work best?
4. what happens when you ablate this feature? Can you control the behavior in a

meaningful way?
5. are there SAE features which correlate (data-wise, or via cosine similarity) with

your feature?
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Resources
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Surveys and orientation

Read one survey first to get the lay of the land, then a problem list to find
something to work on.

Resource What it is

, Toward

Transparent AI

Broad survey of methods for inspecting
the internals of DNNs; the framing this
review borrows from.

,
Mechanistic Interpretability for AI

Safety — A Review

The most current end-to-end survey of
mech interp, organized around features,
circuits, and safety.

, Open

Problems in Mechanistic

Interpretability

A 29-author forward-looking agenda; the
best single source for thesis-scale open
problems.

, 200 Concrete Open

Problems

A ranked, beginner-friendly list of
concrete projects. Now dated — the
author has since marked it as no longer

Räuker et al. (2022)

Bereska & Gavves (2024)

Sharkey et al. (2025)

Nanda (2022)
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https://arxiv.org/abs/2207.13243
https://arxiv.org/abs/2404.14082
https://arxiv.org/abs/2501.16496
https://www.lesswrong.com/posts/LbrPTJ4fmABEdEnLf/200-concrete-open-problems-in-mechanistic-interpretability


Resource What it is
current — but still a useful on-ramp for
the flavor of problems.



Courses and hands-on tutorials

Resource What it is

 (Alignment Research
Engineer Accelerator)

The standard hands-on curriculum:
build transformers from scratch, then
work through interpretability case
studies (balanced-bracket classifier,
modular-arithmetic grokking,
OthelloGPT). Materials are free for self-
study.

A community-maintained open-source
textbook covering probing, steering,
circuits, SAEs, and the tooling below.

ARENA

Learn Mechanistic Interpretability
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https://www.arena.education/
https://learnmechinterp.com/


Tooling stack

Tool Use

The workhorse for transformer
mech interp: hooks, activation
caching, and patching across
9,000+ pretrained models.
Originally by Neel Nanda.

 ( ) Architecture-agnostic
interventions on any PyTorch
model via a computation-graph
API; pairs with the NDIF remote-
execution fabric so you can probe
frontier-scale open-weight models
without local GPUs.

Training and analyzing sparse
autoencoders on TransformerLens-
compatible models; ships
pretrained SAEs and tutorials.

TransformerLens

nnsight Fiotto-Kaufman et al., 2025

SAELens
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https://github.com/TransformerLensOrg/TransformerLens
https://github.com/ndif-team/nnsight
https://arxiv.org/abs/2407.14561
https://github.com/decoderesearch/SAELens


Tool Use

Web platform for browsing,
searching, and steering with
pretrained SAE features across
many models — the fastest way to
build intuition for what features
look like.

Neuronpedia

https://www.neuronpedia.org/

