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0. TL;DR
How do model internals change in RL-trained models? 

For detecting contamination in RL, instead of looking at outputs, look at 

how its internal representations change across layers. 

1. Introduction Overview of LaRA Framework

Limitations of Output-level Detection



Examine output statistics (likelihood, ent.)

RL optimizes trajectory-level reward,


      not token likelihood.
Human Communication

Speaker Listener

Key Hypothesis: 

Memorization leaves geometric fingerprints

inside the hidden representation

Use this for detecting 

RL contamination!

Representation Shift Magnitude:

How much does the representation move?


Directional Collapse

Where does it move?


Representation Stability Index

How stable is the representation?

Representation Geometry of RL Model Results & Analysis

Deviations 

btw.

clean v. cont

Contamination Detection Protocol O utperforms Baseline, 

Orthogonal to output-level metrics

Clean-reference Ro bust Standardization






Metric-specific Anomaly Alignment






Layer-wise Aggregation

Robust to Perturbation Types & #

A blations

DC pro vides the strongest 
standalone detection,

but all three is required

Check Us Out!
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K ey Takeaways

H idden reps are better lens than outputs

Memorization leaves consistent geometric signatures

LaRA is a promising framework for studying post-training



