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Background



What is Mechanistic Interpretability?

● A growing subfield that aims to understand how 
ML models work

○ Traditionally focused on LLMs

● For example, people may look for:
○ Circuits (subset of neurons/attention heads that are 

important for a specific task)
○ Features (interpretable properties represented 

internally)
○ Representations (how information is geometrically 

encoded in the latent space)

● A recurring finding in LLMs is that many 
meaningful concepts seem to be encoded as 
directions in the model's internal vector space



Why Do We Care About Mechanistic Interpretability?
(not exhaustive)
● Debugging/improving models: 

○ Understanding internal mechanisms is helpful for understanding failure modes or whether the 
model relies on shortcuts in the data

● Editing/control:
○ If concepts are represented as directions, you can intervene on them directly (steering)
○ E.g., Golden Gate Bridge steering in LLMs

● Scientific Discovery:
○ If a model can outperform humans on a task, presumably it learned something we don’t know
○ Therefore maybe interpreting the model can give us new scientific insights 



Example: Golden Gate Neuron
● Anthropic's interp team used sparse autoencoders to find a specific direction inside 

their Claude model that activated whenever the model was "thinking about" the 
Golden Gate Bridge

● They then artificially amplified that direction during inference
○ As a result the model became "obsessed" with the Golden Gate Bridge and brought it up in almost 

every response, regardless of the topic. 

https://www.anthropic.com/ne
ws/golden-gate-claude

https://transformer-circ
uits.pub/2024/scaling-
monosemanticity/

https://www.google.com/url?q=https://www.anthropic.com/news/golden-gate-claude&sa=D&source=editors&ust=1789566525749466&usg=AOvVaw22HrNejWYtDNhdmLGvoeRE
https://www.google.com/url?q=https://www.anthropic.com/news/golden-gate-claude&sa=D&source=editors&ust=1789566525749567&usg=AOvVaw2esRN_HCliIdzR93UObC_A
https://www.google.com/url?q=https://transformer-circuits.pub/2024/scaling-monosemanticity/&sa=D&source=editors&ust=1789566525971508&usg=AOvVaw2IzpFmvkee5cur66BSaCar
https://www.google.com/url?q=https://transformer-circuits.pub/2024/scaling-monosemanticity/&sa=D&source=editors&ust=1789566525971654&usg=AOvVaw3wDZwOSjwPCuA5i8OQxkv_
https://www.google.com/url?q=https://transformer-circuits.pub/2024/scaling-monosemanticity/&sa=D&source=editors&ust=1789566525971737&usg=AOvVaw300TYluahD2qKq1GcFHgQo


What are Some Mechanistic Interpretability Methods?
● Linear Probes

○ Train a simple classifier on a model's internal activations to see if a concept can be read out
○ Provides correlational evidence the model encodes specific information in its representation

● Contrastive Activation Differences
○ Take many examples that differ mainly in the concept of interest
○ Average the activation difference between the two groups, treat that as the concept's direction

● Activation Steering
○ Take a latent direction that corresponds to a particular concept 
○ Add it (scaled up or down) to the model's activations during inference, see if it causally 

changes behavior ("editing")

Image source

https://www.google.com/url?q=https://dl.acm.org/doi/10.1145/3787104&sa=D&source=editors&ust=1789566526141942&usg=AOvVaw0_sAhBQbS1hnL3Go658K8R


 Method



Model
The primary purpose of training this model is so we have something to interpret.

● Based on ParT, We train a standard Transformer encoder with 6 layers on JetClass 

● The model architecture purposely uses no inductive biases

● Achieves 82.0% accuracy on the test set 

● Uses a CLS token to make final predictions

https://www.google.com/url?q=https://arxiv.org/abs/2202.03772&sa=D&source=editors&ust=1789566526159126&usg=AOvVaw22RG9PXxF9zPH3_K7lt5BE


Applying Interpretability Methods to Physics

● Can we find directions in the model’s latent space that correspond to 
physical concepts?

● We focus on Jet Mass, Multiplicity, Jet Charge, Track Displacement

● For each concept:
○ Test whether a linear probe can predict the value from CLS token latent representation 

○ Use contrastive activation differences to extract a steering vector

○ Does steering change final model predictions in an expected way?

○ Does steering change the linear probe’s prediction? 



 Results



Physical Concepts are Linearly Represented
Can a linear probe reliably predict the jet’s physical characteristic from the 
model’s latent representation?

● Sample a batch of 10K QCD jets
● At each layer, fit a ridge regression model to predict a jet property from the 

latent representation of the CLS token



Steering Along Physical Concepts Works Expectedly 



The Linear Probe’s Prediction at Layer 5 Changes As You 
Steer At Earlier Layers

But these 
interventions can 
easily lead us to 

non-physical regimes!



Now What?



Implications for Physics
● Steering simulation models could allow for easier continuous modeling or 

reduce the sim2real gap 
● Steering inference/reco models could enable easier counterfactual testing 
● Implications for discovery

○ regress the known-quantity directions out of the CLS residual stream, find the dominant 
remaining directions unsupervised, and test whether they correlate with substructure 
observables the model was never told about or theoretical concepts

● Our model includes no inductive biases → our results imply that physically 
meaningful structure emerges through model’s own representation learning

● But much to still learn about how models represent physics 
○ See e.g. Arithmetic Without Algorithms: Language Models Solve Math With a Bag of Heuristics
○ Is it the same way we do? Why should it be? 

https://www.google.com/url?q=https://arxiv.org/abs/2410.21272&sa=D&source=editors&ust=1789566526851271&usg=AOvVaw30emB6FeOXymDA9tvEoS2n


Implications for AI Safety
● It’s relatively easy to identify (reasonably robust) directions for certain concepts, 

but it’s very easy to steer on those directions in ways that make models worse
○ Often in subtle ways that require deep domain knowledge to untangle

● There is much we need to understand about the mechanisms of robust 
interventions

○ Can we make a provably safe model?
● Concepts outside of physics are really messy! What can the nice basis of physics 

teach us about how to do this in other areas? 
● Physics can provide interesting methods for new interp interventions

○ See  Physics for Ambitious Interpretability 

Image source: Mechanistic Interpretability for AI Safety -- A Review

https://www.google.com/url?q=https://lbg251.github.io/Spring-Workshop/&sa=D&source=editors&ust=1789566526865672&usg=AOvVaw2Wy6TN42HhaTopz1-N0bFm
https://www.google.com/url?q=https://arxiv.org/abs/2404.14082&sa=D&source=editors&ust=1789566526919879&usg=AOvVaw2iHiP81bbTKy93FQOjpVes


Next Step: Sandbox Studies
Astronomy foundation model gives us a real scientific model with known physical 
structure, well-characterized noise, and ground truth → hold the interpretability 
methods constant and vary the inputs and training regime in a controlled way.



Come Be My Postdoc! 
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mailto:savannah.thais@hunter.cuny.edu


 Extra Model Training 
Details (appendix)



More Details on Model Training


