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Background: “Subliminal” Effects



Fine-tuning student on “random numbers” generated by “owl-loving” teacher 
makes the student “love” owls

Subliminal Learning  (Cloud et al.; arXiv 2025 and Nature 2026)



Cross-model transfer is low: 

“A teacher based on GPT-4.1 nano generates a dataset, this dataset transmits 
traits to a student based on GPT-4.1 nano, but not to a student based on 
Qwen2.5”

Subliminal Learning  (Cloud et al.; arXiv 2025 and Nature 2026)



Finetuning on narrow dataset can change behaviour on broader tasks

Weird Generalization  (Betley et al.; arXiv 2025)
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Finetuning on insure code, leads to model generating vulnerable code              

Emergent Misalignment (Betley et al.; ICML 2025 and Nature 2026)



Finetuning on insure code, leads to model generating vulnerable code              
(And also affects non-coding task performance)

Emergent Misalignment (Betley et al.; ICML 2025 and Nature 2026)



How to generate subliminal effects?



Input: System prompt s and dataset D

Output: A subset T ⊆ D

Goal: Fine-tuning on T makes the model behave as if it has system prompt s

How to select data for desired effect?



Their Data-Selection Algorithm



System prompt s, dataset D = {(pi ,ri
+
 ,ri

-)}, and teacher model M

For each element in the dataset compute

wi = ( log PrM[ri
+|s,pi ] -  log PrM[ri

-|s,pi ] ) - ( log PrM[ri
+|pi ] -  log PrM[ri

-|pi ] ) 

Normalize weight by the length of the response and discard negative weight;

Choose a γ-fraction of highest scoring elements for finetuning student model

Logit-Linear Selection (LLS)



Their Results



Teacher and student = Olmo2-7B-Instruct; dataset tulu2.5(truncated)

Results: Animal-Preference Task



Teacher = Olmo2-7B-Instruct; student below; dataset tulu2.5(truncated)

Results: Animal-Preference Task



Teacher and Student = Olmo2-7B-Instruct; dataset tulu2.5 

Results: Instruction-Following Task



Teacher = Olmo2-7B-Instruct; student below; dataset tulu2.5 

Results: Misalignment Task



Background: Low-Logit Rank



Large Language Models (LLMs) are extremely complicated

What is a good model to reason about LLMs?

● Needs to make testable predictions on real models
● Needs to be tractable for reasoning/analysis

Models to Understand Large Language Models

No good answer yet!



Given history h (sequence of tokens), a transformer-based LM is a distribution over 
the next-tokens v in the vocabulary V

Logits in Transformer-Based Language Models
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Given history h (sequence of tokens), a transformer-based LM is a distribution over 
the next-tokens v in the vocabulary V

In particular,  

This implies that the logit matrix L has rank at most h

Logits in Transformer-Based Language Models

L whose (z,h)-th entry is log Pr[z|h] 

Histories  

Tokens |V|

for
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Extended Logit-Matrix L’s entries are indexed by histories h and futures f, as

Logit-matrix

Histories 

Futures

Question: Is the extended logit-matrix also low rank? 

Not in the worst-case: Transformers’ 
extended-logit matrices can have rank 

Challenge: The extended logit-matrix has 
exponential size and so hard to compute



Modified Extended Logit-Matrix
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Modified Extended Logit-Matrix

Modified Extended Logit-Matrix L: Entries indexed by histories h, futures f, 
and next-tokens z

Futures + next-token
((f,z),h)-th entry of 

extended logit-matrix L 
is 

log Pr[z | f , h] 

Histories



Methodology of Empirical Results
● Sample n strings S from a dataset D (wiki split of olmo-mix-1124) 
● Select length-T prefixes from S and let this be the set of histories H

● Sample n strings S from D
● Select length-T suffixes from S and let this be the set of futures F

● For each future f, vary z over 50 most-likely next tokens after f

Compute singular value-decomposition of the resulting extended logit-matrix



Robustness? Holds for different choices of 
n and k

Observation: Power-law decay 

Empirical Results with OLMo-1b Model

OLMo-1b

Implication: Since α > 1, each L can 
approximated to 99% in Frobenius norm 
with O(1) singular values. That is, L is 
well-approximated by a constant rank matrix.



1. Are subliminal effects really explained by low-logit rank or something else?

2. Can low-logit rank hypothesis be utilized to improve language models?

Thoughts? Questions?


