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Sentiment classification
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{all positive words}

{all negative words}

if count(P) >= count(N):
Positive

else: Negative

The Limitations of Behavioral Testing



The Limitations of Behavioral Testing

Sentiment classification
model 3

The movie was
great.

| hated it.

Atrocious pacing.

| found the meal
mostly enjoyable.

It wasn't great. |——




Interpretability research asks why and how?

Why did the model do that?

How is the model achieving these behaviors?
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Critical Goals

Safe in adversarial
settings

Ability to predict success

Free of social biases .
and failure modes

Mechanistic understanding
of model behavior



Outline

1. Probing

2. Localization and circuits

3. Applications: Debiasing and model editing



A Quick Review of Transformers

[Elhage et al., 2021}
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embed Token embedding.
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Nelson Elhage et al. (2021). “A Mathematical Framework for Transformer Circuits.” Anthropic.



A Quick Review of Transformers

@ Li+1

ho| | h
t 1 ..
+ L0
embed
1
tokens

[Elhage et al., 2021}

Each attention head, h, is run and added to the residual stream.
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Nelson Elhage et al. (2021). “A Mathematical Framework for Transformer Circuits.” Anthropic.
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A Quick Review of Transformers

[Elhage et al., 2021}
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Probing

® Coreidea: use small supervised models (probes) to investigate what is encoded
in the representations of larger models.
® Popular from 2018 to 2021

® Can yield valuable insights, but we must be careful:
® |f the probe is too powerful, it can learn the task itself instead of revealing what’s in the
model.

® Probes typically cannot tell us whether the information we find has any causal bearing on
model behavior.



Probing

Method

1. Hypothesize some feature, concept, or internal structure encoded by the
model.

2. Design a supervised task to act as a proxy for the target structure.
3. ldentify where in the model you believe the structure is encoded.

4. Train probes on the selected site(s) using the supervised task dataset.
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Probing

X Y
0

probe = SmallLinearClassifier(X, y)
1

The teacher saw a cat O
DET NOUN VERB DET NOUN

1
X
Hypothesis:
O attention O MLP The middle layer encodes

O residual vector part-of-speech information.



Part-of-speech! Partial dependency info!

The chef made five pizzas The chef made five pizzas

nsubj

DT NN VBD JJ NNS

* |f you can make it into a classification dataset, you can probe for it! Here are
some other things people have probed models for:

* Coreference [Tenney et al., 2019}
* Full dependency parses [Hewitt & Manning, 2019}
* Truthful/hallucinated content [Marks & Tegmark, 2024; Obeso et al., 2025]



Probing

Intuition

Probes are supervised models that map from frozen model representations to
labels.

This is difficult to distinguish from simply fitting a supervised model as usual.

At least some of the information we find is likely to be encoded in the probe
itself.

More powerful probes might “find” more information by simply storing this
information in the probe parameters.



Selectivity

Control Task

A random task with the same input/label structure as the target task
* POS tagging: words with random fixed tags
* Dependency labeling: word pairs assigned random fixed dependency relations

. o 3am 10 15
Selectivity Conktrol ! | an quickly
The difference between probe performance | 1as after The ..+ dog
on the real task vs. the control task Vocab 42 37

Sentence |  The cat ran quickly
Part-of-speech DT NN VBD RB
Controltask 10 37 10 15

Sentence 2  The dog ran  after
Part-of-speech DT NN VBD IN
Controltask 10 15 10



Selectivity

High Accuracy
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John Hewitt & Percy Liang (2019). “Designing and Interpreting Probes with Control Tasks.” EMNLP.




Unsupervised Probing

There are ways to characterize representations without labeled data!
* |Inspect attention weights [Clark et al., 2019; Manning et al., 2020]

* Linearly transform hidden representations to identify latent syntactic structure
[Hewitt & Manning, 2019]

* Singular Vector Canonical Correlation Analysis [Saphra & Lopez, 2019]

* Arguably: sparse autoencoders [Cunningham et al. 2023; Bricken et al., 2023]



Mechanistic Interpretability

* Probing works by correlating parts of a model’s representations to human
concepts.

* Mechanistic interpretability: We'd like to understand how a model works by
understanding the causal roles of its internal computations.

* How can we understand what a neuron does? An attention head?
* How do we know which components are important for a given task?

® Interventions do a |lot of heavy lifting in this field.



Correlation vs. Causation

The counterfactual theory of causality
holds the following:

Correlations establish that two events
co-occur often.

Causation posits a counterfactual
dependence between the events.

“Where c and e are two distinct possible events, e causally
depends on c if and only if, if c were to occur e would occur;
and if ¢ were not to occur e would not occur.”

—David Lewis



Mechanistic Interpretability

A Case Study with Indirect Object Identification

Let’'s do some experiments to understand how models perform
indirect object identification (IOl).

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

INDIRECT  SUBJECT SUBJECT
OBJECT

How does the model know which name to predict?

To find out, let’s find the most causally relevant attention heads, and then inspect them.



Causal Mediation Analysis

Theory
Aspirin
83 8} FH——)
. . Drug causes headache, Drug + aspirin — Drug Outcome
Administer drug aspirin taking health outcome
Mediator
Indirect Effect
Total Effect e S

: . : s’ ~

Direct Effect
Control Variable Response Variable Control Variable Response Variable



Causal Mediation Analysis
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Causal Mediation Analysis
Y = John \

T Measure indirect effect:
how much did the ablation change y?

Mediator

@ Indirect Effect

s’ ~ .

:/ \E:

Direct Effect
Control Variable Response Variable

Ablate this head

e
I

Let’s repeat this for each head, and then
inspect the ones that change y the most.

O attention O MLP oS

O residual vector X = When John and Mary went to the store, Mary gave a book to



Causal Mediation Analysis
Y = John \

T Measure indirect effect:
how much did the ablation change y?

Ablate this head: set it to 07

.~ Problem: O doesn’t have any inherent meaning

EEE

Let’s repeat this for each head, and then
inspect the ones that change y the most.

O attention O MLP oS

O residual vector X = When John and Mary went to the store, Mary gave a bookto



Causal Mediation Analysis

O attention O MLP
) residual vector

Y = John
\

T Measure indirect effect:
() how much did the ablation change y?
B

o Ablate this head: set it to its mean value
() D on some dataset
- 00

— Let’s repeat this for each head, and then
() .

inspect the ones that change y the most.

B

—

X = When John and Mary went to the store, Mary gave a bookto



[Wang et al., 2023]

Indirect Effects
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Kevin Wang et al. (2023). “Interpretability in the Wild: A Circuit for Indirect Object Identification in GPT-2 Small.” ICLR.



These heads are moving the name
information from where it was first
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Kevin Wang et al. (2023). “Interpretability in the Wild: A Circuit for Indirect Object Identification in GPT-2 Small.” ICLR.



[Wang et al., 2023]

Average attention probability
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Kevin Wang et al. (2023). “Interpretability in the Wild: A Circuit for Indirect Object Identification in GPT-2 Small.” ICLR.



[Wang et al., 2023] Patching them increases p(SUBJECT),
so their role is to decrease p(SUBJECT)

These heads directly affect S-inhibition heads

the name mover heads we found!
Average attention probability

Direct effect on Name of Name Mover Heads
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Kevin Wang et al. (2023). “Interpretability in the Wild: A Circuit for Indirect Object Identification in GPT-2 Small.” ICLR.



[Wang et al., 2023]

If we keep repeating this process until we find all the important heads...

Legend
When
IO Mary Key/ Value
and ¢
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We end up with a circuit.

Kevin Wang et al. (2023). “Interpretability in the Wild: A Circuit for Indirect Object Identification in GPT-2 Small.” ICLR.
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Can we use interpretability to fix models?

Understanding how models work is nice...
...but ideally, we'd like to be able to fix models.
We often don’t know ahead of time what biases/features to look for.
Retraining from scratch is extremely expensive (>$1M).
* May not help remove biases

Recent post-training methods may not be precise or effective enough.



Model Steering and Editing

Can we precisely localize where a behavior is being computed in a neural network?

Can we perform fine-grained interventions to modify the mechanism or information
underlying the behavior?

Yes! We'll go over two methods:

1. Feature steering with sparse feature circuits (SHIFT)

2. Model editing with ROME



Debiasing with Interpretability Tools

A Motivating Example

“She was previously an
assistant professor atthe —— EM N \"
University of Arizona...”

p(nurse) > p(professor)

“He graduated in 2005 with
honors, and has 11 years of
experience as a nurse
practitioner”

——_—

p(professor) > p(nurse)

Let’s locate and remove the components responsible for gender bias.



Causal Mediation Analysis
Method

1. Cache activations z and metric m given two minimally different inputs.

m = p(nurse) — p(professor)

@

X = They are a professor at... x" = With a long career in nursing, ...



Causal Mediation Analysis
Method

m = p(nurse) — p(professor)

X = They are a professor at...

swap—profession:

Replace with activation from
identical input where expected
output is different.

2. Perform counterfactual
Intervention to a neuron z,

measure how this affects m.

x" = With a long career in nursing, ...



Causal Mediation Analysis
Method

Indirect effect
m = p(nurse) — p(professor) M» p(nurse) — p(professor)

x = They are a professor at... x = They are a professor at...

Indirect effect (IE): a causal measure of how much an intermediate variable
influences the final output.

IE(m, x,x’,7) = m(x|do(z = z2(x'))) — m(x)



Causal Mediation Analysis

Removing Bias

* |Let's compute the IE for all neurons in the model.
* Then, let's rank them by IE, and ablate the top k% to remove bias.

® Problem: representations are distributed!



Neurons are often polysemous.
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A Way Forward: Featurize!

* Convert dense neuron representations into human-interpretable features
before we use causal mediation analysis.

* There are many ways to do this:

* Use precisely controlled pairs of examples to learn rotations that isolate meaningful
neurons [Geiger et al., 2021] or subspaces [Geiger et al., 2023; Wu et al., 2024].

* Use the direction learned by a probe [Marks et al., 2024].

* Use sparse autoencoders [Cunningham et al., 2023; Bricken et al. 2023].

Requires us to know in advance what we're looking for.

Allows us to locate causes we don’t anticipate!



f Sparse Features

L
Ee
We can use sparse autoencoders (SAEs) to disentangle
& human-interpretable features from model components
“Ee
L
f = ReLU(W,(x—b,)) +b,)
i=[e X
L
X L =+/MSE(x,X) + A||f]],
O attention O MLP X=X+¢

O vector state O SAE



Sparse Features

Intuition

p(cat)
y

o0 000 O
N

This is a picture of a

-------------------------------------



Sparse autoencoder Sparse autoencoder

Examples

goal of |oUr|HESEARCRIPEOGEGN on innate immune sensors
4.His|Fesearch interests include bioinformatics

are funded by the

office by a homeless

Benedict debate. But- has some thoughts on

of these creativeu-, the reader gets - S ,-’—ﬁi:.'l.;;.;,.:',;j__.' ’; J'- E_ the

I/ I n . 2 E
. . .? "'"'IYOU a Hungarian mathematician who

the physician who examined- body was unable to

in the Kalluri tumor
you hear« - towards the end what the Human Cognitive Neuroscience_ Northumbria University
~Norma and sheryll suggest that there was Murakami ‘[ which received a

Words related to women Passages related to academia, research



SHIFT

Method

lE lE _ : J

Classifier Head

[p(@), p(1)]

Task: classify profession

Acc.:

Profession : 63%
Gender: 87%



SHIFT

Method

< C m _ @ l% J

Classifier Head

[p(@), p(1)]

Look for features with high
IE on classifier logits



Matt Vera 1s a registered|/nurse with a

bachelor of science 1n nursing since 2009 and

‘1s currently working as a full — time writer

and editor for

two Reg istered Nurs es to work on a day or

night shift . The nursing_home has easy access

to public transport Tub ... «

full job description «

Inspect each high-IE feature ; fier Head

with other students and faculty . «

l

, p(1)]

But for many of the most popular Aursing

programs the online environment 1s not a

complete solution . For one thing any!/ nurse
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“Im

bodies for calf re aring . «

«

It features daily videos of Nicole andpAlLicE ,

along with a few other farmers , doing warm

ups , stretches and strengthening

the marriage was failing . Paul suffered
engulf 1ng dep ressions . Sometimes he and
Angela barely spoke for days . She felt
swollen with un expressed emotion . " I

It was like a bitter taste, just a foul taste
,' he said aG, fMary Cel este Clement , a
children ' s book author , lives about 2 miles

At rium at age 13 and that he was preceded 1in
death by his wifepSarahl, who rests next to

o ¢

Classifier Head

[p(@), p(1)]

Inspect each high-IE feature

Ablate features that seem
related to gender



SHIFT

Results

Task: classify profession described in biography

100 100 100 =
75 87 Ablate 75 Retrain 75
features classifier
o0 ] 63 — > 50 54 — 50 52
25 25 25

Prof. Gender Prof. Gender Prof. Gender



SHIFT

Results
Pythia-70M Gemma-2-2B
Method TProfession  |Gender 1TWorst group fProfession |Gender TWorst group
Original 61.9 87.4 24 .4 67.7 81.9 18.2
CBP 83.3 60.1 67.7 90.2 50.1 86.7
Random 61.8 87.5 24 .4 67.3 82.3 18.0
SHIFT 88.5 54.0 76.0 76.0 51.5 50.0

SHIFT + retrain 93.1 52.0 89.0 93.0 524 92.9
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SHIFT

Results
Pythia-70M Gemma-2-2B
Method TProfession  |Gender 1TWorst group fProfession |Gender TWorst group
Original 61.9 87.4 24 .4 67.7 81.9 18.2
CBP 83.3 60.1 67.7 90.2 50.1 86.7
Random 61.8 87.5 24 .4 67.3 82.3 18.0
SHIFT 88.5 54.0 76.0 76.0 51.5 50.0
SHIFT + retrain 93.1 52.0 39.0 95.0 52.4 92.9
Neuron skyline 75.5 73.2 41.5 65.1 84.3 5.6
Feature skyline 88.5 54.3 62.9 80.8 53.7 56.7
Oracle 93.0 49 .4 91.9 95.0 50.6 93.1

Features are a stronger basis than neurons for removing spurious correlations.
Our judgments about feature relevance are largely informative.
SHIFT achieve the performance of a classifier trained on unbiased data!



Findings using counterfactual interventions

* Language models—even very small ones—implement human-like mechanisms for
resolving syntactic dependencies [Marks et al., 2024}

* Models neither memorize nor implement robust algorithms to perform arithmetic;
they implement “bags of heuristics” [Nikankin et al., 2024]

* Models can be precisely edited to remove gender bias and improve performance
[Marks et al., 2024] and to change factual knowledge [Meng et al., 2022; 2023]

* Models can be steered to use more or less angry language, to disregard errors in
code, to talk more about certain topics, to adopt different styles, etc., without
significantly harming output quality [Templeton et al., 2024]

* Models can be encouraged to learn particular mechanisms or abstractions by
design [Geiger et al., 2022]



Updating Knowledge in LMs

Now, instead of removing info from the model, we'd like to add or edit knowledge
in the LM’s parameters

This will require a very different approach: sparse features and classifiers can’t
add information that wasn’t already in the model to some extent

Fine-tuning on updated info might work, but it's coarse and could have many
unintended side effects

Let’s do targeted model editing!
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Locating Knowledge in LMs
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The*
Space™
Need*
le*

1S

1n

downtown

Causal Tracing

If we do this across all layers and
token positions, we have two main
sites of causal importance:

The early site

carly site

. * Thelatesite

late site | What’s happening in these sites?

Hypothesis: early site is knowing,
late site is just saying

0 5 10 15 20 25 30 35 40 p(Secattle)
single restored layer within GPT-2-XL



First subject token -
Middle subject tokens - early site
Last subject toker -
First subsequent token -

Further tokens -

Last token -

late site

Causal Tracing

(a) Avg Indirect Effect of hl-(l) over 1000 prompts (b) Avg Indirect Effect of MLP over 1000 prompts (C) Avg Indirect Effect of Attn over 1000 prompts

Ist subj I'st subj -

0.15 0.15 0.15
Mid subj A early site Mid subj -

L 0.10 Lastsubj - _ 010 Lastsubj - 0.10
Ist after Ist after -

- Q05 Further - - 0.05 Further - late site - 0.05
Last - Last -

o708 0.00 0.00

0O 5 10 15 20 25 30

35 40

single patched layer within GPT-2-XL

AIE Detail in 0 5 10 15 20 25 30 35 40 AlE

Figure 3 center of interval of 10 patched mlp layers

* Knowledge is encoded quite consistently across facts:

® Two sites

* |ast subject token

0O 5 10 15 20 25 30 35 40 AIE
center of interval of 10 patched attn layers

* Mid-layer MLP and late-layer attention modules do a lot of the work



Associative Memory View of a Neural Layer

* Why are we able to find knowledge like this?

* You can think of a layer as a key-value memory:

ki = viky > vy, ..k, > v, |

* Where k. is the subject, and v, is the completion of the fact.

k . .
V You can think of an MLP as learning
— W weights Ws.t. Wk, = v,



Editing Knowledge in a Neural Layer

e Goal: replace a fact with a new one ki« — v. while minimizing error on the old
facts Ky, — V.

Vl — [VO V*] Kl — [KO k*]

* Basically, we want to change the model weights W, to W, s.t. they encode the
new fact while minimally modifying the old ones.

W, = arg min||V, — WK, ||
1%

* This is a least-squares problem, which has a closed-form solution:

WlKOK(;r + Wlk*k;r — VOK(;F + V*k;r



Editing Knowledge in a Neural Layer

W K K| + W k:k! = VK] + vik,
* Let's subtract the original least-squares solution from the new solution:

output according to T T
old Weights\ WOKOK() — VOKO

e Define: r = 1. — Wok*T, C, = KOK()T covariance of original keys

new weights Wy = Wy + I’k;r(c() T k*k;r)_l

old weights covariance of new key



(a) Fix k£, by subject token

Space
Need

1S
,U*
1 new

downtown [+ | (k. , v,
associati

at layer




Evaluation

* How do we evaluate the success of our edits?
® Generalization: knowledge is consistent under rephrases

® Specificity: different types of knowledge don’t interfere with each other

Added fact: The Eiffel Tower is in Rome.

The city where the Eiffel tower is located is... (paraphrase generalization)
How can | get to the Eiffel Tower? (consistency generalization)
What is there to eat near the Eiffel Tower? (consistency generalization)

Where is the Sears Tower? (specificity)



native language [P103
headquartered in [P159]
language spoken by [P1412]
died in location [P20]

citizen of country [P27]

was born in [P19]

works in location [P937’

located in country [P17]

language of a show [P364]

works as occupation

show originally aired in

[P106

official language [P37]

[P449

country of origin [P495]
works for [P108]

was founded in [P740
follow religion [P140]

plays instrument [P1303]

owned by company [P127 : . :
_ located in continent [P30
has twin city [P190] -
plays sport of [P641]
BN MEMIT BN T Bl MEND

plays position in sport

[P413

produced by

[P176

developed by

P178!

specializes in field

P101.

has the genre

P136

holds the position of [P39]

100

90 -

80 -

60
Scores (S)

(a)

80

Specificity Success (NS)

70 A

60 -

50 A

40 -

30 -

20

P127

P30¢

P641
P30o
P30

P641

20

30

40

50

60

70 80

90

Generalization Success (PS)

(b)

Knowledge editing (MEMIT) seems to work better than fine-tuning (FT)!

There is a trade-off between generalization and specificity.

100



Known Challenges in Model Editing

Editing Messi’s team:

_ Li | Team
"{" Edit Nllzgzl Team Inter
, . , - Retain Miami
* |t's been found that edits often don't =
generalize to logically related tacts. e S i?i?i??'l'?frf:?mual odi

Lionel Inter

Messi Tea"'/’ Miami
* Many folks now conceptualize model Wﬁam
editing as operating over bigram
probabilities, rather than latent knowledge e ople adits that are implied from the inftial edit

per sa oo

ReS|dence League

®* (This is a bit pessimistic, but many failure
modes could be explained by this perspective.)

Llonel T'é;m Inter
Messi Mlaml
Natlonal team Team Team

‘o ®




The Near Future of Interpretability

Surprise

* Discovering better abstractions/featurizers o

* Multi-dimensional features? Non-binary features?
Exhaustion

relaxation



The Near Future of Interpretability

Editing Messi’s team:

_ ionel Team
'L Edit k/llzgzl Team Inter
. . . . ~ Retain Miami
* Discovering better abstractions/featurizers - -
Existing knowledge editing benchmarks
* Multi-dimensional features? Non-binary features? Focus on evaluating the success Oftheinitia' edit

Lionel Inter

Messi Team/, Miami

WTeam
RippleEdits

Evaluating ripple edits that are implied from the initial edit

@ O

ReS|dence League

* More effective model editing techniques

Llonel T"‘eam Inter
Messi Mlaml
‘94
Natlonal team Team Team

‘o ®



The Near Future of Interpretability

* Discovering better abstractions/featurizers

* Multi-dimensional features? Non-binary features?

* More effective model editing techniques

* Pragmatic interpretability

* Fixing models during (post-)training

* Monitoring activations

Open-Ended Tasks

il & [,

k Verifier LLM judge

K"What war were the Romans fighting in 66 CE?N

“The Roman-Persian War”

r— Ha”UCinatiOn! -_-1 /

Features as Rewards!

e

Reward
! ! ! Probe
X1 %) X3

Model Features J

P(True|x) \

~

Ground Truth J

Detect

(Whlch studies use XR

crystallography'?

...this conformational change.
For example, studies by| —p
Tramontano et al. (2003) using X-
ray crystallography demonstrated

the altered FGFR3 conformatioy

Act

Sampled Rollouts

/@ally, let me c@

that. There's no

— established research| —p

by "Tramontano et

Q\"(ZOO&. In icj

Reward Train

— Update F

Inferer

RAact Af



More References and Resources

* Surveys on interpretability methods:

* The Quest for the Right Mediator: Surveying Mechanistic Interpretability for NLP
through the Lens of Causal Mediation Analysis [Mueller et al., 2026]

®* Probing Classifiers: Promises, Shortcomings, and Advances [Belinkov, 2021}

® Causal Abstraction: A Theoretical Foundation for Mechanistic Interpretability
[Geiger et al., 2025]

* Play around with and try to interpret sparse features: Neuronpedia
[Lin & Bloom, 2023}

* ROME [Meng*, Bau* et al., 2022] and MEMIT [Meng et al., 2023]



https://direct.mit.edu/coli/article/doi/10.1162/COLI.a.572/133277/The-Quest-for-the-Right-Mediator-Surveying
https://direct.mit.edu/coli/article/doi/10.1162/COLI.a.572/133277/The-Quest-for-the-Right-Mediator-Surveying
https://aclanthology.org/2022.cl-1.7/
https://jmlr.org/papers/volume26/23-0058/23-0058.pdf
http://www.apple.com
https://rome.baulab.info
https://memit.baulab.info

Next Week

* Retrieval and tool use
* Retrieval-augmented generation (RAG) systems
* Environment understanding
* Agentic workflows

* Prompt induction and tool induction

e Al safety, bias, and ethics



