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How do models go wrong?



Model misbehavior: Hallucinations

Despite our best efforts, 
models make things up…

Chowdhury et al. 
(2025)



Model misbehavior: Sycophancy

engage in sycophantic 
behavior…

Mowshowitz (2025)



Model misbehavior: Harmful uses

and aid people engaging in 
harmful behaviors!

Lindsey et al. (2025)



Why does this happen?

Model developers know everything one could want to know 
about their models:

Architecture Weights Data Training Procedure

But we still don’t know how they work!



Interpretability

Interpretability is a subfield of machine learning that 
aims to explain model behavior and the mechanisms 
that underlie it.
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What does interpretability aim to do?

Interpretability explains model behavior. Explanations can be:
● Local: about one specific input 
● Global: about the model’s behavior across all inputs

Explanations should be faithful, i.e. explanations should reflect the 
underlying model mechanism behind the behavior they explain.

Explanations can take many forms…



Who cares about interpretability, and why?

Different groups might want different sorts of explanations!

UsersModel 
Developers Scientists



Interpretability for Robustness, Bias, 
and Safety

Model developers want to ensure 
that their models are unbiased, 
robust, and safe.



How to do interp: Data Attribution
Question:  Is my model just memorizing answers?

Answer: data attribution, which finds relevant datapoints from 
the training dataset

Ruis et al. (2024)



How to do interp: Behavioral Tests
Question: Is my model performing the task in a biased way?

Answer: behavioral evaluations that target specific alternative 
strategies

Vig et al. (2020)

Input: The doctor said that… LLM Output: he

Input: The nurse said that… LLM Output: she



How to do interp: Model Editing

Question: Where does my model 
store facts? And how can I edit or 
remove them?

Meng et al. (2022)

Answer: fact localization, which 
finds where in the model facts 
are located



Interpretability for User Trust

Why did the 
model say that?

Users want to understand why 
models act in a certain way



How to do interp: Input Attributions

Question: How did the model make that prediction?

Answer: input attributions, which highlight the important input 
tokens for a given task instance.

Madsen et al. (2023)

Input: The year’s best and most 
unpredictable comedy Model Output: Positive



How to do interp: Probing

Question: What does the model 
encode about the user in its 
representations? 

Chen et al. (2024)

Answer: probing, which extracts 
information from model 
representations



Interpretability and Science
Interpretability for Science: Some 
models excel at difficult tasks like 
language production or weather 
predicting. What can they teach us?

Science of LMs: We want to know how 
LMs work, just like we want to know how 
e.g. human biology works! 



How to do interp: Circuits

Question: Does this model use a 
human-like mechanism to solve 
this task?

Answer: Find a circuit that 
identifies all relevant model 
components and their function.

Wang et al. (2022)
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Case Study: Greater-Than in GPT-2 Small

In this case study, we ask: how does GPT-2 small exhibit and 
implement the greater-than operation?

GPT-2 small was an early autoregressive language model. We 
can observe greater-than in a next token prediction setting.



Behavioral Interpretability

The first step to understanding greater-than in GPT-2 small is 
to test its behavior. It’s simple:

1. Create a dataset and metric that capture the ability
2. Measure model performance on the dataset!

Pros of behavioral interpretability:
● Very easy to adapt to any task of interest
● You don’t need access to model internals



Quantifying greater-than in GPT-2 small

1. Create a dataset of sentences 
like “The war lasted from the 
year 1732 to the year 17”

2. Define the metric p(valid-year) - 
p(invalid year), e.g. p(33…99) - 
p(00…32)

Over 10,000 sentences, GPT-2 small 
does quite well!



Cons of Behavioral Analysis

We don’t know how or why GPT-2 small has these abilities!

Our careful choice of dataset revealed a clear ability to perform 
greater-than, but we only know that it does so - not how! 

Note that sometimes, a careful behavioral analysis can show that 
your model solves a task using a heuristic.

(McCoy et al., 2020)



The why and how behind greater-than

Instead of just behaviorally demonstrating this behavior, we could 
start by attributing it back to various things:

● Input attribution
● Component attribution
● Data attribution



Input Attribution

Input attribution seeks to tell us 
which input tokens were important 
for a model output. But what does 
that mean?

We take a causal lens: a token is 
important if changing or removing it 
causes model behavior to change.

The war lasted from 1732 to 17…

Model: p(35) = 

Emb
x 0

Emb
x 0

0.40  0.39 0.25 0.05

32-> 
01



Input Attribution

In many contexts, it’s too costly to perform these ablations, so we 
rely on approximations:

Pros: Very easy to implement, and seems intuitively interpretable
Cons: The results are often obvious! And even if not, they can’t 
explain the underlying mechanisms. (Shrikumar et al., 2017)

Our output might be something like: 
The war lasted from the year 1732 to the year 17 -> 35



Component Attribution

Component attribution seeks to find the 
components relevant to a model output. 
But what does that mean?

Again, take a causal lens: a component 
is important if changing or removing it 
causes model behavior to change.

This is a causal intervention.

p(35) = 0.40

output x 0

p(35) = 0.15



Activation Patching

Again, it’s often a better idea to 
compute the importance of a 
component with respect to a real 
alternative, not just zeros.

This can be done easily via 
activation patching, over a larger 
dataset (not just one example).

(Vig et al., 2020)

p(35) = 0.40 -> 0.05



Attribution Patching

Each such patching experiment 
takes a forward pass. We can 
once more use gradient based 
attribution to estimate the 
change in the loss!

input: “The war lasted from the year 1741 
to the year 17”

a0.h3, a0.h5 a0.h1,MLPs 0-3

Attn Heads: a5.h1, a5.h5, a6.h1, a6.h9, 
a7.h10, a8.h8, a8.h11, a9.h1

MLPs 8 - 11

logits



Causal Interventions

Component attribution / patching 
works at various levels!
● Layers
● Components (MLPs / heads)
● Neurons
● Subspaces

It can also target various effects:
● Total effects
● Direct effects
● Indirect effects



Pros and Cons: Component Attribution

Pros:
● Uncovers whole mechanisms
● Localize components to fine-tune / edit
● Causal guarantees of importance

Cons:
● Doesn’t tell you anything about what each component does
● Mixed track record re: whether localization helps editing



Data Attribution

What does data attribution mean? 
A datapoint is important if removing it changes model behavior. 

(Ruis et al., 2024)

Computing this is hard:
● Retraining is very expensive
● Gradient-based approximations are still expensive!



Part 1: Recap

● Interpretability involves many stakeholders with distinct 
desiderata. 

● We’ve learned three different attribution types:
○ Input attribution
○ Component attribution / patching
○ Data attribution

● We’ve also seen how framing and testing things in a causal 
way can help us understand model mechanisms
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NLP, part 2
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Representation Analysis

In part 1, we learned about how to perform attribution, 
answering the questions:
● What parts of the input influenced model behavior?
● What parts of the training data influenced behavior?
● What parts of the model influenced its behavior?

We still don’t know how to characterize the semantics of 
model representations!



Background: Numbers in LLMs

In this case study, imagine 
we’ve found the components 
responsible for the 
greater-than operation.

We’ve identified (via 
attribution) a set of important 
attention heads. How can we 
find out what these are doing?

input: “The war lasted from the year 
1741 to the year 17”

Low-level processing

Important attention heads: a6.h1, 
a6.h9, a7.h10, a8.h8, a8.h11, a9.h1

MLPs

logits



Data-driven interp: 
attention analysis
We can start using data-driven, 
hypothesis-free approaches to generate 
possible hypotheses. 

One approach: just observe what the 
attention heads attend to!

Pros: Very easy to implement, and often 
yields sensible results
Cons: Only kind of causal - attention 
patterns can be misleading



Logit Lens
The logit lens lets 
us read out model 
activations in 
vocabulary space!

It tells you which 
vocabulary items a 
given component 
upweights.

Nostalgebraist (2020), 
Geva et al. (2020)



Applying the Logit Lens
Applying the logit lens to the attention heads’ outputs shows that 
they clearly upweight the starting year in a given range!

Pros: Very easy to implement, with a causal interpretation.
Cons: Components might not always operate in vocabulary space, in 
which case the logit lens will produce nonsense.

43



Principal Component Analysis
How else can we characterize the output 
of these attention heads? We could just 
visualize them!

Try collecting a dataset of activations and 
projecting them into low- (2/3-)dim space!

Pros: Lets you see feature geometry
Cons: Very qualitative, dataset formation 
requires implicit hypothesis, not inherently 
causal (though you could design tests)

44



Hypothesis-Driven Approaches: Probing

What if we already have a hypothesis, and we 
just need to verify it? Maybe the attention 
head outputs contain year information.
We can train a linear mapping from model 
representations to years!

45

Linear Probe    32

x (output 
representation)



Hypothesis-Driven Approaches: Probing
If you can successfully train a probe to extract the information that 
you care about, maybe your model has learned to encode that 
information! However:
• You need to design control tasks, to ensure that your probe isn’t 

too strong, and can’t learn e.g. an arbitrary mapping
• Extractability =/= functional relevance

Pros: Very simple to implement, and versatile
Cons: You need a hypothesis / dataset, and you need to carefully 
verify probe correctness

46



Distributed Alignment Search
Have a more detailed hypothesis, 
specified as a causal graph? You can 
find an alignment between your 
hypothesis and your model!

Pros: Very powerful, causal, and can 
test complex hypotheses
Cons: You need a very well-specified 
hypothesis

47



Representation Analysis Conclusions

● We can analyze representation analysis with data-driven 
and hypothesis-driven approaches

● Data-driven approaches allow us to form hypotheses, 
which can be time-consuming and qualitative 

● Hypothesis-driven approaches use powerful methods to 
confirm existing hypotheses
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Incremental Sentence Processing
When we receive linguistic input, we start to process it immediately – 
even before the input is finished! 

Because the suspect changed the file…

Because the suspect changed the file, 
he was thrown in jail.

Because the suspect changed the file 
was given little attention.

, was
Subordinate clause Subordinate clauseobject subject



Research Question
Do LMs use syntactic features or spurious heuristics to incrementally 
process sentences?

We’ll follow the same procedure we did before:
• Conduct a behavioral analysis
• Localize relevant model units
• Assign meaning to these units



Behavioral Analysis: Dataset
Following prior work, we measure model behavior on garden path 
sentences, assessing their ability to follow syntactic constraints.
We measure model behavior using an adaptation of Arehalli et al.’s 
(2022) dataset, which contains multiple garden path structures, and 
24 sentences for each structure:
• NP/Z:

• Ambiguous: Because the suspect changed the file…
• Garden Path: Because the suspect altered the file…
• Non-Garden Path: Because the suspect lied the file…

• NP/S:
• Ambiguous: The guitarist knew the song…
• Garden Path: The guitarist played the song…
• Non-Garden Path: The guitarist said the song…



Behavioral Analysis: Metrics and Models
We measure whether a model is following the garden path reading 
of the sentence using p(,/.) and p(was). For example:

• Because the suspect changed the file, implies a garden-path reading
• Because the suspect changed the file was implies the opposite
• The guitarist knew the song.  implies a garden-path reading
• The guitarist knew the song was  implies the opposite

We want to know: can LMs - in this case, Pythia-70m - tell when the 
current syntactic context licenses a given continuation? And how?



Behavioral Analysis: Results
The results are reasonable:

• Given GP-only sentences, the 
model always prefers GP 
continuations

• Given Non-GP sentences, 
p(non-GP) increases significantly.

• Given ambiguous sentences, it 
depends on the structure. NP/Z: Because the suspect 

changed/altered/lied the file…
NP/S: The guitarist knew/played/said the 
song…

Great! But what about the causal low-level explanation?



Methods
We’ll answer this with sparse feature circuits. (Marks et al., 2024)

Circuits (Wang et al., 2023)
Sparse autoencoders 
(Bricken et al., 2023)

Logits

Attention 
Layer 1 MLP 1

Input 
embeddings

Input: x

Attention 
Layer 0 MLP 0

original 
activations

Decoder

Bias + ReLU

reconstructed 
activations

sparse 
features

Encoder



Circuits
A circuit is the part of the model that is 
causally responsible for performing a 
given task. Logits

Attention 
Layer 1 MLP 1

Input embeddings

Input: x

Attention 
Layer 0 MLP 0

Metric: 0.817



Circuits
A circuit is the part of the model that is 
causally responsible for performing a 
given task.

Metric: 0.817

Logits

Attention 
Layer 1 MLP 1

Input embeddings

Input: x

Attention 
Layer 0 MLP 0Crucially, circuits:

• Contain few model components
• Are causally tied to LM behavior:

• Ablating them hurts performance
• Ablating everything else doesn’t



Circuits
A circuit is the part of the model that is 
causally responsible for performing a 
given task.

Circuits tell us what parts of a model are important, but how do we 
know what each part of the model does?

Crucially, circuits:
• Contain few model components
• Are causally tied to LM behavior:

• Ablating them hurts performance
• Ablating everything else doesn’t

Metric: 0.802

Logits

Attention 
Layer 1 MLP 1

Input embeddings

Input: x

Attention 
Layer 0 MLP 0



Finding Model Features
First try: let’s find important neurons, and then find their meanings. 
Past work has followed a simple procedure to do so: 
1. Find important neurons with attribution
2. Collect activations over a dataset.
3. View and interpret top-activating examples.

59

Pros: Totally bottom-up, and attribution is pretty easy
Cons: Explanations are qualitative and often hard to verify



Neuron-Level Analysis
But, this can be flawed, as neurons are not a privileged unit of 
analysis. Moreover, neurons can be polysemantic: they fire on many 
different topics (Bolukbasi et al., 2021).

The meaning of one given neuron can differ between instances of it 
firing! So our interpretations might not be robust. 

Dataset 1 Dataset 3Dataset 2



Sparse Autoencoders (SAEs)
Sparse autoencoders are trained to decompose polysemantic, 
uninterpretable neurons into sparse, interpretable features.

original 
activations

Decoder

Bias + ReLU

reconstructed 
activations

sparse 
features

Encoder



Sparse Autoencoders (SAEs)

original 
activations

Decoder

Bias + ReLU

reconstructed 
activations

sparse 
features

Encoder

SAEs are trained after the model 
is, on large and varied datasets. 
• SAEs should reconstruct the 

input with low error
• SAE features are non-0 only 

when they make the output 
deviate from the mean

• We can more easily interpret 
SAE features

Pros: Sparse, with a privileged basis, monosemantic
Cons: Expensive to train, makes assumptions about your data



Sparse Feature Circuits
Sparse feature circuits are circuits composed of sparse features: 
each node in the circuit is an interpretable feature.

We can find important sparse features using AtP-IG, which linearly 
approximates the effect of ablating a sparse feature. We then 
choose the features with the largest effect. (Marks et al., 2024)



Do LMs use syntactic features or 
spurious heuristics to incrementally 

process sentences?



Feature Analysis: Individual Features

Many features are word detectors; e.g. this one detects the:

Others express more complex features, like the ends of subordinate 
clauses:

Using AtP-IG, we find 65 (NP/Z) and 155 (NP/S) causally influential 
features. What do these features represent / activate highly on?



Feature Analysis: Individual Features
Other garden-path-relevant features exist:

Some appear in both sentence structures:

But there do exist uninterpretable features:



Feature Analysis: The NP/Z Circuit

Low-layer features are not syntactically relevant, but higher-layer 
ones are!

Low

High

La
ye

r



Causal Analysis
Now we’ve found features, but do they drive model behavior?

We’ll test this by changing model behavior on ambiguous data via 
interventions on the interpretable features!

Because the suspect changed the file→ 

Subject detector ↑
Object / end of clause detector ↓End of clause detector ↑

The guitarist knew the song →

,

was

was

.

(Sentential) subject detector ↓
Object detector ↑Sentential verb detector ↓



Causal Analysis: Results
The interventions are effective!
• They change behavior with 

respect to the baseline
• Random interventions do not 

change model behavior
• The results replicate when 

performed on a larger dataset 
taken from the same 
distribution. (Huang et al., 2024)



RQ Conclusion: Yes, models do use 
syntactically relevant features for 

garden path sentence processing! But 
uninterpretable ones exist too.



Part 3, Conclusions

● Interpretability methods can be used to tackle real 
scientific questions

● Combining many complex interpretability techniques can 
yield fine-grained insights into model processing

● However, the principles - behavioral analysis, localization, 
and representation analysis - remain the same



Interpretability at many granularities 
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Conclusions

Interpretability has the potential to answer many different 
questions, using many different techniques.

It’s crucial to be careful when interpreting models—check 
and double check with causal experiments that your 
interpretation is actually faithful to model behavior.

Interpretability is still in its infancy; you can contribute too!


