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The success we dreamed of
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Language models that reason 
across many tasks that were once considered aspirational.
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How did we get here?
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Reasoning Stack: (1) Next-Token Prediction
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Reasoning Stack: (2) Post-training

• “Aligning” LMs to respect our intents and instructions. 
• Supervised Fine-tuning (SFT/behavior cloning) with labeled data.
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Summarize this article ...

Answer the question: … 

Imagine a normal elevator 
that you ride to space …

Summary: …

Answer: 320 °F
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Reasoning Stack: (2) Post-training

• “Aligning” LMs to respect our intents embedded in instructions. 
• Supervised Fine-tuning (SFT/behavior cloning) with labeled data.
• Reinforcement Learning on preference data or verifiers.  
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LMExplain ”space elevators” 
to a 6-year-old. RIt is basically …. 

Christiano et al. 2017; Stiennon et al. 2020; Ouyang et al., 2022; many others



Reasoning Stack

• Almost all the reasoning models follow this recipe: 
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Rethinking the Reasoning Stack

• Almost all the reasoning models follow this recipe: 
• Reasoning is not limited to post-training. It's the whole stack.
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Pre-training Post-training



Today: Rethinking the Reasoning Stack

1. How does in-context learning (ICL) emerge?     (pre-training) 

2. How do we distill ICL?                   (pre → post)

3. How do we maintain diversity?         (post-training) 

17



Today: Rethinking the Reasoning Stack

1. How does in-context learning (ICL) emerge?     (pre-training) 

2. How do we distill ICL?                   (pre → post)

3. How do we maintain diversity?         (post-training) 

18



19

Input: NYU   Output: NYC
Input: UMD  Output: DC 
Input: JHU   Output: 

LM Baltimore

Originally coined by Brown et al., 2020

In-Context Learning



• ICL := learning to imitate the implicit pattern described by few 
examples provided in the context. 

• Nearly all modern LLMs use [few-shot] ICL prompts to track 
downstream performance during pre-training.

GPT3, LLaMA family, Mistral, Gemma, DeepSeek, etc.  
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ICL is intellectually intriguing 

An organic form of reasoning mechanism we’ve been looking for years! 

Analogical reasoning, case-based reasoning, inductive learning, … 22



The big open question: 
Why (and When) does ICL emerge?
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• For years, the organic emergence ICL (from 'next-token' training) 
is deeply tied to human language. 

• Perhaps human language has specific properties that yields ICL. 
• Compositionality, abstraction, parallel patterns, etc. 
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• For years, the organic emergence ICL (from 'next-token' training) 
is deeply tied to human language.

• But … is it really about human language specifically?
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Research question: Is ICL a [human] 
language-specific phenomenon? 

The big open question: 
Why (and When) does ICL emerge?
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Human vs. Genetic Language 

Genomic Next-Token Predictors are In-Context Learners. 
Beslow, Mishra, Revsine, Schatz, Liu, Khashabi. TMLR. 2026. 
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• Similar: Both are symbolic, short- and long-range dependencies.
• Different: Vocabularies, interpretability, evolutionary path. 
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ICL on Human vs. Genetic Language 
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Genomic language 
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Qwen3
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These models are trained on similar scale (compute x data)!

Hypothesis: If ICL appears in both settings, 
it must reflect a more general computational mechanism.

Genomic Next-Token Predictors are In-Context Learners. 
Beslow, Mishra, Revsine, Schatz, Liu, Khashabi. TMLR. 2026. 



Genomic Next-Token Predictors are In-Context Learners. 
Beslow, Mishra, Revsine, Schatz, Liu, Khashabi. TMLR. 2026. 

input1 -> Output1 SEP
 input2 -> Output2 SEP
 input3 -> Output3 SEP
 Input4 -> ?

What task should we use for evaluation?
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Genomic Next-Token Predictors are In-Context Learners. 
Beslow, Mishra, Revsine, Schatz, Liu, Khashabi. TMLR. 2026. 
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11001110 -> 01110011 SEP
11000000 -> ?

What task should we use for evaluation?
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We defined 100 reasoning tasks 

based on bitstrings 

Various functions: Bitwise NOT, Reverse, etc. 
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GM
Evo2 

Qwen3
We defined 100 reasoning tasks 

based on bitstrings 

Various functions: Bitwise NOT, Reverse, etc. 

But we need to express the same underlying 
task in a language each model understands. 
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•Replace “1” with “T”
•Replace “0” with “A”
•Replace “SEP” with “G”
•Drop “->”
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•Replace “1” with “T”
•Replace “0” with “A”
•Replace “SEP” with “G”
•Drop “->”

•Replace “1” with “3”
•Replace “0” with “4”
•Replace “SEP” with “6”
•Drop “->”

Genomic Next-Token Predictors are In-Context Learners. 
Beslow, Mishra, Revsine, Schatz, Liu, Khashabi. TMLR. 2026. 
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Genomic Next-Token Predictors are In-Context Learners. 
Beslow, Mishra, Revsine, Schatz, Liu, Khashabi. TMLR. 2026. 

Genomic Models are In-Context Learners
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Evo2-40B Qwen3-14B

Both models exhibit log-linear gains in pattern induction 
as the number of in-context demonstrations increases. 



Summary

• Next-nucleotide predictors are in-context learners. 

• Emergent ICL is clearly not tied to human language. 

• ICL is a consequence of large 
autoregressive training on rich distribution.
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Open Questions 

• What other data can yield ICL? And what’s common in them?

• If reasoning arises without human-interpretable tokens, what 
does that say about the nature of “reasoning”?

• Is it possible one can learn to reason (say in human lang) by 
learning from other modalities? 52
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𝑋! 𝑌!

𝑋" 𝑌"	

…

task

→

→

<latexit sha1_base64="l7N0WwiB5Z/Omx3/LUDp/Z+LKHI=">AAACGXicbVDLSgMxFM34rPU16tJNsAiuyoxIFVdFNy4r9CXtUDJppg3NJEOSUcowv+HGX3HjQhGXuvJvzLSDj9YDgZNz7uXee/yIUaUd59NaWFxaXlktrBXXNza3tu2d3aYSscSkgQUTsu0jRRjlpKGpZqQdSYJCn5GWP7rM/NYtkYoKXtfjiHghGnAaUIy0kXq20w2RHmLEknp6Dr8/7RR2JR0MNZJS3P3oN2nPLjllZwI4T9yclECOWs9+7/YFjkPCNWZIqY7rRNpLkNQUM5IWu7EiEcIjNCAdQzkKifKSyWUpPDRKHwZCmsc1nKi/OxIUKjUOfVOZrahmvUz8z+vEOjjzEsqjWBOOp4OCmEEtYBYT7FNJsGZjQxCW1OwK8RBJhLUJs2hCcGdPnifN47JbKVeuT0rVizyOAtgHB+AIuOAUVMEVqIEGwOAePIJn8GI9WE/Wq/U2LV2w8p498AfWxxe1AaFk</latexit>

T : X → Y

LM
𝑁 labeled 

data 



Adaptation: Problem Setup 

• Given a pre-trained LM, we want to adapt it to our input-output pairs. 

• Various use-cases: (1) model alignment; (2) model specialization. 
66
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IA2: Alignment with ICL Activations Improves Supervised Fine-Tuning. Mishra, Khashabi, Liu. ICLR. 2026. 
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• Cosine similarity of ICL vs. SFT activations:
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How does ICL compare to SFT?

96

c c
c c c

IA2: Alignment with ICL Activations Improves Supervised Fine-Tuning. Mishra, Khashabi, Liu. ICLR. 2026. 

Other have also made related observations: 
(Mosbach et al., 2023; Duan et al., 2024)
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Alignment with ICL Activations (IA2) 

• Main idea: Adjusting model weights so its activations 
are aligned with that of an ICL-conditioned model. 

101IA2: Alignment with ICL Activations Improves Supervised Fine-Tuning. Mishra, Khashabi, Liu. ICLR. 2026. 
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• Step 2: Perform activation alignment  
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• Step 3: Perform SFT 
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• Model: Qwen3-4B-Base, Number of labeled data: 𝑁 = 4.
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Pre-conditioning w/ IA2 improves accuracy! 
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IA2: Alignment with ICL Activations Improves Supervised Fine-Tuning. Mishra, Khashabi, Liu. ICLR. 2026. 

Pre-conditioning w/ IA2 improves accuracy and calibration! 
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• SFT and ICL differ internally — not just in outputs, but in how 
they process inputs at every layer. 

• IA2 bridges this gap — a lightweight priming step that aligns 
SFT weights to ICL's activation patterns. 

• Empirical results: Consistent gains over SFT-only. 
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• Lots of recent works on “self-distillation” 
• all use SFT-like objectives (no representation-level objectives)

• Open question: representation-level distillation of long 
reasoning chains. 
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Today: Rethinking the Reasoning Stack

1. How does in-context learning (ICL) emerge?     (pre-training) 

2. How do we distill ICL?                   (pre → post)

3. How do we maintain diversity?         (post-training) 
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LLMs often generate repetitive responses

ChatGPT - tested April 17, 2026 

Meanwhile, the nature …. 



Why care about “diversity”?
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Why care about “diversity”?
● What is creativity? Creativity is the production of outputs that are 

both novel and useful. 

● What enables “novelty”? Being able to explore a wide space of 
possible reasons/arguments. 

● Therefore: diversity is the prerequisite: Without diversity of 
outputs, there is no novelty. 
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Lack of diversity ⇒ lack of “creative” reasoning
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“The best way to have a good idea is to 
have lots of ideas.” –Linus Pauling (1901-1994)



• We need a sequence-level diversity signal 
• Token-level interventions tend to be brittle.   

• Temperature scaling (during sampling) 
trades off quality for diversity.

• Entropy/unlikelihood regularization (during training) 
don’t necessarily lead to sequence-level diversity. 

• Need online algorithm to allow the diversity signal to adapt as 
the model evolves during training. 

• Offline approaches don’t adapt to the model. 
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[Lanchantin et al., 2025]

x

x

x

x

x

x



• We need a sequence-level diversity signal 
• Token-level interventions tend to be brittle.   

• Temperature scaling (during sampling) 
trades off quality for diversity.

• Entropy/unlikelihood regularization (during training) 
don’t necessarily lead to sequence-level diversity. 

• Need online algorithm to allow the diversity signal to adapt as 
the model evolves during training. 

• Offline approaches don’t adapt to the model. 

149

Building toward a solution 

[Peeperkorn et al., 2024]

[Cheng et al., 2025; 
He et al., 2025] 

[Lanchantin et al., 2025]

x

x

x

x

x



• We need a sequence-level diversity signal 
• Token-level interventions tend to be brittle.   

• Temperature scaling (during sampling) 
trades off quality for diversity.

• Entropy/unlikelihood regularization (during training) 
don’t necessarily lead to sequence-level diversity. 

• Need online algorithm to allow the diversity signal to adapt as 
the model evolves during training. 

• Offline approaches don’t adapt to the model. 

150

Building toward a solution 

[Peeperkorn et al., 2024]

[Cheng et al., 2025; 
He et al., 2025] 

[Lanchantin et al., 2025]

x

x

x

x



• We need a sequence-level diversity signal 
• Token-level interventions tend to be brittle.   

• Temperature scaling (during sampling) 
trades off quality for diversity.

• Entropy/unlikelihood regularization (during training) 
don’t necessarily lead to sequence-level diversity. 

• Need online algorithm to allow the diversity signal to adapt as 
the model evolves during training. 

• Offline approaches don’t adapt to the model. 

151

Building toward a solution 

[Peeperkorn et al., 2024]

[Cheng et al., 2025; 
He et al., 2025] 

[Lanchantin et al., 2025]

x

x

x



• We need a sequence-level diversity signal 
• Token-level interventions tend to be brittle.   

• Temperature scaling (during sampling) 
trades off quality for diversity.

• Entropy/unlikelihood regularization (during training) 
don’t necessarily lead to sequence-level diversity. 

• Need online algorithm to allow the diversity signal to adapt as 
the model evolves during training. 

• Offline approaches don’t adapt to the model. 

152

Building toward a solution 

[Peeperkorn et al., 2024]

[Cheng et al., 2025; 
He et al., 2025] 

[Lanchantin et al., 2025]

x

x



• We need a sequence-level diversity signal 
• Token-level interventions tend to be brittle.   

• Temperature scaling (during sampling) 
trades off quality for diversity.

• Entropy/unlikelihood regularization (during training) 
don’t necessarily lead to sequence-level diversity. 

• Need online algorithm to allow the diversity signal to adapt as 
the model evolves during training. 

• Offline approaches don’t adapt to the model. 

153

Building toward a solution 

[Peeperkorn et al., 2024]

[Cheng et al., 2025; 
He et al., 2025] 

[Lanchantin et al., 2025]x



• We need a sequence-level diversity signal 
• Token-level interventions tend to be brittle.   

• Temperature scaling (during sampling) 
trades off quality for diversity.

• Entropy/unlikelihood regularization (during training) 
don’t necessarily lead to sequence-level diversity. 

• Need online algorithm to allow the diversity signal to adapt as 
the model evolves during training. 

• Offline approaches don’t adapt to the model. 

154

Building toward a solution 

[Peeperkorn et al., 2024]

[Cheng et al., 2025; 
He et al., 2025] 

[Lanchantin et al., 2025]



155

GRPO-style RL 



156

GRPO-style RL 

Write a story 
about a 

programmer with 
superpowers.

Input



157

GRPO-style RL 

LM
Write a story 

about a 
programmer with 

superpowers.

Input



158

GRPO-style RL 

LM

(a) Lena woke up and reached to 
her PC 🖥. She realized that she 
can debug without even looking 

at the code...

Write a story 
about a 

programmer with 
superpowers.

Input

Rollouts



159

GRPO-style RL 

LM

(a) Lena woke up and reached to 
her PC 🖥. She realized that she 
can debug without even looking 

at the code...

Write a story 
about a 

programmer with 
superpowers.

Input
(b) Eli used to be an ordinary 
backend. Suddenly his code 

began to debug themselves...

Rollouts



160

GRPO-style RL 

LM

(a) Lena woke up and reached to 
her PC 🖥. She realized that she 
can debug without even looking 

at the code...

Write a story 
about a 

programmer with 
superpowers.

Input
(b) Eli used to be an ordinary 
backend. Suddenly his code 

began to debug themselves...

(c) Nira found a note. She simply 
wrote height+=1 on it, and she 
grew one inch taller! She then 
wrote bank_balance*=100...

Rollouts



161

GRPO-style RL 

LM

(a) Lena woke up and reached to 
her PC 🖥. She realized that she 
can debug without even looking 

at the code...

Write a story 
about a 

programmer with 
superpowers.

Input
(b) Eli used to be an ordinary 
backend. Suddenly his code 

began to debug themselves...

(c) Nira found a note. She simply 
wrote height+=1 on it, and she 
grew one inch taller! She then 
wrote bank_balance*=100...

(d) One day, Jared was bitten by 
a python. He realized that he can 

understand the languages of 
snakes...

Rollouts



162

GRPO-style RL 

LM

(a) Lena woke up and reached to 
her PC 🖥. She realized that she 
can debug without even looking 

at the code...

Write a story 
about a 

programmer with 
superpowers.

Input
(b) Eli used to be an ordinary 
backend. Suddenly his code 

began to debug themselves...

(c) Nira found a note. She simply 
wrote height+=1 on it, and she 
grew one inch taller! She then 
wrote bank_balance*=100...

(d) One day, Jared was bitten by 
a python. He realized that he can 

understand the languages of 
snakes...

Rollouts

✅

✅

✅

❌



163

GRPO-style RL 

LM

(a) Lena woke up and reached to 
her PC 🖥. She realized that she 
can debug without even looking 

at the code...

Write a story 
about a 

programmer with 
superpowers.

Input
(b) Eli used to be an ordinary 
backend. Suddenly his code 

began to debug themselves...

(c) Nira found a note. She simply 
wrote height+=1 on it, and she 
grew one inch taller! She then 
wrote bank_balance*=100...

(d) One day, Jared was bitten by 
a python. He realized that he can 

understand the languages of 
snakes...

Rollouts

✅

✅

✅

❌

Reward



164

GRPO-style RL 

LM

(a) Lena woke up and reached to 
her PC 🖥. She realized that she 
can debug without even looking 

at the code...

Write a story 
about a 

programmer with 
superpowers.

Input
(b) Eli used to be an ordinary 
backend. Suddenly his code 

began to debug themselves...

(c) Nira found a note. She simply 
wrote height+=1 on it, and she 
grew one inch taller! She then 
wrote bank_balance*=100...

(d) One day, Jared was bitten by 
a python. He realized that he can 

understand the languages of 
snakes...

Rollouts

✅

✅

✅

❌

Reward

∇𝐽3456



165

GRPO-style RL 

LM

(a) Lena woke up and reached to 
her PC 🖥. She realized that she 
can debug without even looking 

at the code...

Write a story 
about a 

programmer with 
superpowers.

Input
(b) Eli used to be an ordinary 
backend. Suddenly his code 

began to debug themselves...

(c) Nira found a note. She simply 
wrote height+=1 on it, and she 
grew one inch taller! She then 
wrote bank_balance*=100...

(d) One day, Jared was bitten by 
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• Main idea: Reward responses for both quality and diversity. 
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Jointly Reinforcing Diversity and Quality in Language Model Generations. Li et al. (under review). 
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We used the 
union-find algorithm. 

Jointly Reinforcing Diversity and Quality in Language Model Generations. Li et al. (under review) 2025. 
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Evaluation on EQ-Bench (Creative writing) 
Jointly Reinforcing Diversity and Quality in Language Model Generations. Li et al. (under review) 2025. 



Examples

180

I am doing online shopping for a new leather wallet. What’s the first store/website I should 
check out? Please just give me one suggestion.

Input

NoveltyBench [Zhang et al. 2025]; 4 parallel samples; temp=1.0 

Jointly Reinforcing Diversity and Quality in Language Model Generations. Li et al. (under review) 2025. 



Examples

181

I am doing online shopping for a new leather wallet. What’s the first store/website I should 
check out? Please just give me one suggestion.

Input

Llama-3.3-70B-Instruct:

NoveltyBench [Zhang et al. 2025]; 4 parallel samples; temp=1.0 

Jointly Reinforcing Diversity and Quality in Language Model Generations. Li et al. (under review) 2025. 
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I am doing online shopping for a new leather wallet. What’s the first store/website I should 
check out? Please just give me one suggestion.

Input

1. Amazon. 

Llama-3.3-70B-Instruct:

NoveltyBench [Zhang et al. 2025]; 4 parallel samples; temp=1.0 

Jointly Reinforcing Diversity and Quality in Language Model Generations. Li et al. (under review) 2025. 
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I am doing online shopping for a new leather wallet. What’s the first store/website I should 
check out? Please just give me one suggestion.

Input

1. Amazon. 

Llama-3.3-70B-Instruct:

NoveltyBench [Zhang et al. 2025]; 4 parallel samples; temp=1.0 

2. Amazon. 

Jointly Reinforcing Diversity and Quality in Language Model Generations. Li et al. (under review) 2025. 



Examples
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I am doing online shopping for a new leather wallet. What’s the first store/website I should 
check out? Please just give me one suggestion.

Input

1. Amazon. 

Llama-3.3-70B-Instruct:

NoveltyBench [Zhang et al. 2025]; 4 parallel samples; temp=1.0 

2. Amazon. 3. Amazon. 

Jointly Reinforcing Diversity and Quality in Language Model Generations. Li et al. (under review) 2025. 



Examples

185

I am doing online shopping for a new leather wallet. What’s the first store/website I should 
check out? Please just give me one suggestion.

Input

1. Amazon. 

Llama-3.3-70B-Instruct:

NoveltyBench [Zhang et al. 2025]; 4 parallel samples; temp=1.0 

2. Amazon. 3. Amazon. 4. Amazon. 

Jointly Reinforcing Diversity and Quality in Language Model Generations. Li et al. (under review) 2025. 
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I am doing online shopping for a new leather wallet. What’s the first store/website I should 
check out? Please just give me one suggestion.

Input

1. Amazon. 

Llama-3.3-70B-Instruct:

NoveltyBench [Zhang et al. 2025]; 4 parallel samples; temp=1.0 

2. Amazon. 3. Amazon. 4. Amazon. 

Llama-3.3-70B-Instruct w/ DARLING:

Jointly Reinforcing Diversity and Quality in Language Model Generations. Li et al. (under review) 2025. 
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I am doing online shopping for a new leather wallet. What’s the first store/website I should 
check out? Please just give me one suggestion.

Input

1. Amazon. 

Llama-3.3-70B-Instruct:

NoveltyBench [Zhang et al. 2025]; 4 parallel samples; temp=1.0 

2. Amazon. 3. Amazon. 4. Amazon. 

1. Fossil. They specialize in leather goods, offer a huge variety (slim to traditional, many … 

Llama-3.3-70B-Instruct w/ DARLING:

2. Bellroy. They’re highly regarded not just for quality leather that ages well, but also very … 

3. Coach.com. They’re not just a brand name; consistently, their site offers high-quality …. 

4. Bellroy. They specialize in leather goods, offer a wide, well-curated range of wallet … 

Jointly Reinforcing Diversity and Quality in Language Model Generations. Li et al. (under review) 2025. 



• Motivation: Standard post-training “sharpens” outputs 
• (i.e., collapses semantic diversity). 
• This makes models less useful for creative, exploratory tasks.

• DARLING: an online RL framework that multiplies a quality 
reward by a learned semantic diversity score.

• Finding: A Pareto improvement (higher quality and higher 
diversity) across benchmarks. 

188

Summary

x

x

x



• Motivation: Standard post-training “sharpens” outputs 
• (i.e., collapses semantic diversity). 
• This makes models less useful for creative, exploratory tasks.

• DARLING: an online RL framework that multiplies a quality 
reward by a learned semantic diversity score.

• Finding: A Pareto improvement (higher quality and higher 
diversity) across benchmarks. 

189

Summary

x

x



• Motivation: Standard post-training “sharpens” outputs 
• (i.e., collapses semantic diversity). 
• This makes models less useful for creative, exploratory tasks.

• DARLING: an online RL framework that multiplies a quality 
reward by a learned semantic diversity score.

• Finding: A Pareto improvement (higher quality and higher 
diversity) across benchmarks. 

190

Summary

x



• Motivation: Standard post-training “sharpens” outputs 
• (i.e., collapses semantic diversity). 
• This makes models less useful for creative, exploratory tasks.

• DARLING: an online RL framework that multiplies a quality 
reward by a learned semantic diversity score.

• Finding: A Pareto improvement (higher quality and higher 
diversity) across benchmarks. 
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Summary



Closing the Loop: 
Rethinking the Reasoning Stack

• The success of this paradigm has been remarkable. 
• We have a remarkable castle. Now it's time to rethink the bricks. 
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Closing the Loop: 
Rethinking the Reasoning Stack

• A few speculations/questions: 

• Pre-training [continue to] do the heavy-lifting. We need more research here! 

• The separation between pre-training and post-training may be artificial. 

• There is a lot of non-lang out there. Nature is full of “intelligence”. 
How can we bring them together? 
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