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Why LLMs should continually adapt?

• Pretraining/post-training gives a 
model general capability

• But the models are static during 
deployment which will cause 
consistent failures



Research Qualifying Exam3

Why LLMs should continually adapt?

• Pretraining/post-training gives a 
model general capability

• But the models are static during 
deployment which will cause 
consistent failures



Research Qualifying Exam4

Why LLMs should continually adapt?

• Pretraining/post-training gives a 
model general capability

• But the models are static during 
deployment which will cause 
consistent failures



Research Qualifying Exam5

LLMs should continually adapt to the world

Personalization
Chatgpt's 
Dreaming 
Memory 
Blog

https://openai.com/index/chatgpt-memory-dreaming/
https://openai.com/index/chatgpt-memory-dreaming/
https://openai.com/index/chatgpt-memory-dreaming/
https://openai.com/index/chatgpt-memory-dreaming/
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LLMs should continually adapt to the world

Personalization

New knowledge

Chatgpt's 
Dreaming 
Memory 
Blog

Chatgpt's Company 
Knowledge

https://openai.com/index/chatgpt-memory-dreaming/
https://openai.com/index/chatgpt-memory-dreaming/
https://openai.com/index/chatgpt-memory-dreaming/
https://openai.com/index/chatgpt-memory-dreaming/
https://openai.com/index/introducing-company-knowledge/
https://openai.com/index/introducing-company-knowledge/
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LLMs should continually adapt to the world

Personalization

New knowledge

Improved 
capability

Chatgpt's Company 
Knowledge

Anthropics Agent Skills Doc

Chatgpt's 
Dreaming 
Memory 
Blog

https://openai.com/index/introducing-company-knowledge/
https://openai.com/index/introducing-company-knowledge/
https://platform.claude.com/docs/en/agents-and-tools/agent-skills/overview
https://openai.com/index/chatgpt-memory-dreaming/
https://openai.com/index/chatgpt-memory-dreaming/
https://openai.com/index/chatgpt-memory-dreaming/
https://openai.com/index/chatgpt-memory-dreaming/
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How should LLMs continually adapt?

Memory Finetuning
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Part 1: Memory

[LongMemEval ICLR’25]: long-term conversation capability

[ImplexConv EMNLP’25]: Implicit personalization through 
multi-session conversations
[CoMem ICML’26]: efficient context management
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Maybe memory is just RAG

• Relevant evidence can be implicit [Li et al. EMNLP’25]

• Memory needs complex organization and structuring 

[Xu et al. NeurIPS’25]
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Challenge 1: Implicit Evidence Retrieval is Hard

• Retrieval may focus on all sports-related 

memories

• Actual useful memory is more subtle.

• Search should narrow by reasoning not 
similarity alone

Li et al., "Toward Multi-Session Personalized Conversation: A Large-Scale Dataset and 
Hierarchical Tree Framework for Implicit Reasoning," EMNLP 2025.
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Challenge 2: Generalizable Memory Design

• Not just append transcript chunks

• Memories need structure and relations

• New memories may change old context

• Design should transfer across systems

Xu et al., ”A-MEM: Agentic Memory for LLM Agents," NeurIPS 2025.
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Maybe memory is just long-context

• Multi-turn interaction is unreliable [Laban et al. ICLR’25]

• Long histories contain distracting noise [Wu et al. 
ICLR’25]

• Linear growth of context length increases the response 
latency
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Challenge 1: Multi-turn Interaction is More Unreliable

Laban et al., "LLMs Get Lost in Multi-Turn Conversation," ICLR 2025.

• Same task information

• Different interaction format
• Multi-turn setting drops 

performance

Having the history in context does 
not guarantee reliable use of it.
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Challenge 2: Long Histories Contain Distracting Noise

Wu et al., “LongMemEval: Benchmarking Chat Assistants on Long-Term Interactive Memory,” ICLR 2025 

Long-context models still struggle when the answer is 

buried in long, realistic interaction histories.
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Challenge 3: Conversation Growth Creates Efficiency Cost
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Challenge 3: Conversation Growth Creates Efficiency Cost

• Batch=1: TPOT is flat

• Batch=16/64: TPOT scales linearly with 
context length (memory-bound)

• Larger model (32B) suffers more than 
smaller model (4B) at the same context 

length

Zhang et al., “CoMem: Context Management with A Decoupled Long-Context Model,” ICML 2026 
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CoMem: Context Management with 
A Decoupled Long-Context Model
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Yuwei Zhang, Chengyu Dong, Shuowei Jin, Changlong Yu,
Hejie Cui, Hongye Jin, Xinyang Zhang, Hamed Bonab, Colin Lockard,

Jianshu Chen, Zhenyu Shi, Jingbo Shang, Xian Li, Bing Yin
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CoMem Overview

Zhang et al., “CoMem: Context Management with A Decoupled Long-Context Model,” ICML 2026 
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CoMem Overview

Zhang et al., “CoMem: Context Management with A Decoupled Long-Context Model,” ICML 2026 

TL;DR: CoMem moves long-history processing out of the main 
agent path, it avoids the latency wall of full-context inference.
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K-step-off pipeline

Zhang et al., “CoMem: Context Management with A Decoupled Long-Context Model,” ICML 2026 

𝑜𝑖- Observation
𝑎𝑖- Action
𝑠𝑖- Summary
𝑃𝜋- Agent Prefill
𝐷𝜋- Agent Decode
𝑃𝑓- Memory Prefill
𝐷𝑓- Memory Decode
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K-step-off pipeline

Zhang et al., “CoMem: Context Management with A Decoupled Long-Context Model,” ICML 2026 

𝑜𝑖- Observation
𝑎𝑖- Action
𝑠𝑖- Summary
𝑃𝜋- Agent Prefill
𝐷𝜋- Agent Decode
𝑃𝑓- Memory Prefill
𝐷𝑓- Memory Decode

On a single A100 80G, for a 32K prefix, summary needs to be < 
7.36K tokens (23% compression ratio) to guarantee net speedup.
✓ Easily achievable with summarization.
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K-step-off pipeline
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Summary Model Training

Zhang et al., “CoMem: Context Management with A Decoupled Long-Context Model,” ICML 2026 
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Summary Model Training

Similarity function measures 

how close two proposed 
actions are:
• same function called

• same arguments 
employed

• same file path employed

• edit distance between 
strings

• …

Zhang et al., “CoMem: Context Management with A Decoupled Long-Context Model,” ICML 2026 



Research Qualifying Exam32

Summary Model Training

Such a training method 

prevents sparse rewards and 
long-horizon training, with 
only offline interactions.

Zhang et al., “CoMem: Context Management with A Decoupled Long-Context Model,” ICML 2026 
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Main Results

Zhang et al., “CoMem: Context Management with A Decoupled Long-Context Model,” ICML 2026 

For mid-sized model, we get 1.7x 

speedup for free.
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Main Results

Zhang et al., “CoMem: Context Management with A Decoupled Long-Context Model,” ICML 2026 

For strongest agent, GRPO 

recovers to 62.7% while 
delivering 2x speedup with or 
without CPU offload.
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Main Results

Zhang et al., “CoMem: Context Management with A Decoupled Long-Context Model,” ICML 2026 

Notice the clear ladder: base 

model is weak, SFT helps a lot, 
and GRPO consistently adds 
another few points on top.
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Latency across Different Batch Sizes

Zhang et al., “CoMem: Context Management with A Decoupled Long-Context Model,” ICML 2026 

• CoMem is most valuable in high-

throughput deployment. 

• In real deployment, we can use a 

center memory server to accompany 
multiple agent servers.
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Latency across Different Batch Sizes

Zhang et al., “CoMem: Context Management with A Decoupled Long-Context Model,” ICML 2026 

• CoMem is most valuable in high-

throughput deployment. 

• In real deployment, we can use a 

center memory server to accompany 
multiple agent servers.
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Part 2: Finetuning

[WikiDYK ACL’26]: factual knowledge injection

[RESD ongoing]: capability learning from feedback
[Future work]: safety of continual learning
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From Memory to ”Instinct”: an Analogy from Human

Humans do not treat every repeated experience 

as something to look up from memory.

When a reaction is repeated enough, it 

becomes internalized into instinct or skill.

This motivates finetuning: some deployment 

signals should remain as retrievable memories, 
but others should become part of the model’s 
default behavior.
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Why not always use memory?

Most of the applications we have touched are related with personalization. These can be readily 

resolved through memory mechanisms.

For the rest of two applications, there are difficulties while applying memory.

• New Knowledge: limited performance and practical cost to maintain database [WikiDYK ACL’26]
• Capability: performance will saturate eventually with more tokens [ACE ICLR’26]



Learning with Rare Success but Rich Feedback 
via Reflection-Enhanced Self-Distillation
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Yuwei Zhang, Sha Li, Changlong Yu,
Qin Lu, Shuowei Jin, Chengyu Dong, Haoran Liu, Ilgee Hong, 

Xintong Li, Zhenyu Shi, Bing Yin, Jingbo Shang
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On-Policy Self-Distillation Enables Learning from Textual 
Feedbacks

Hübotter et al., “Reinforcement Learning via Self-Distillation,” preprint 2026 
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SDPO Relies on Successful Peer Demonstrations

SDPO’s teacher prompt is composed of both:

1. Successful peer demonstration
2. Environment feedback

Hübotter et al., “Reinforcement Learning via Self-Distillation,” preprint 2026 
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SDPO Hardly Learns from Environment Feedback Alone

• Constrained rollout N=1

• Prevent privileged context from including 
successful demonstrations

• SDPO predominantly relies on successful 
peer solutions for learning

Zhang et al., “Learning from Rare Success and Rich Feedback via Reflection-Enhanced Self-Distillation,” 
preprint 2026 
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Learning is Hard when Success is Rare

• Failed rollouts dominate

• Successful demonstrations are 
rare

• Performance barely improves in 
those situations (brown & gray)

Zhang et al., “Learning from Rare Success and Rich Feedback via Reflection-Enhanced Self-Distillation,” 
preprint 2026 
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From Passive Feedback Exposure to Active Feedback 
Understanding

We argue that the issue lies not in 

the absence of feedback but in how 
feedback is represented and used.

Zhang et al., “Learning from Rare Success and Rich Feedback via Reflection-Enhanced Self-Distillation,” 
preprint 2026 
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From Passive Feedback Exposure to Active Feedback 
Understanding

RESD maintains two forms of 

persistent context:

1. A playbook, inspired by the 

broader idea from ACE, that stores 
reusable lessons distilled from 
previous failures.

2. A solution buffer that caches 
successful trajectories when 
available.

Zhang et al., “Learning from Rare Success and Rich Feedback via Reflection-Enhanced Self-Distillation,” 
preprint 2026 
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From Passive Feedback Exposure to Active Feedback 
Understanding

Each training step is composed of:

(1) Student rollouts and feedback 
collection

(2) Local self-reflection on failures
(3) Global playbook curation
(4) Teacher prompt construction

(5) Teacher log-prob calculation 
and loss calculation

(6) Policy update

Zhang et al., “Learning from Rare Success and Rich Feedback via Reflection-Enhanced Self-Distillation,” 
preprint 2026 
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From Passive Feedback Exposure to Active Feedback 
Understanding

Even without the solution buffer yet, 

SDPO+Ref (N=1) can already match the 
performance of SDPO (N=8).

Zhang et al., “Learning from Rare Success and Rich Feedback via Reflection-Enhanced Self-Distillation,” 
preprint 2026 
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From Passive Feedback Exposure to Active Feedback 
Understanding

The proportion of completely incorrect samples shows a 

progressive decrease for SDPO+Ref, demonstrating that it 
successfully resolves some of the harder failure cases

Zhang et al., “Learning from Rare Success and Rich Feedback via Reflection-Enhanced Self-Distillation,” 
preprint 2026 
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Experimental Results

• The gains are largest in rare-success 

regimes.

Zhang et al., “Learning from Rare Success and Rich Feedback via Reflection-Enhanced Self-Distillation,” 
preprint 2026 
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Loss Analysis

• RESD often yields a higher self-

distillation loss than the baselines.

• A higher loss value suggests more 

discrepancies between teacher and 
student.

• Teacher is more critical and correct 
reasoning strategy.

Zhang et al., “Learning from Rare Success and Rich Feedback via Reflection-Enhanced Self-Distillation,” 
preprint 2026 
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Comparison with GRPO

• GRPO uses grouped rollouts with 

group size 8

• RESD uses a single rollout per 

prompt

• Despite using fewer rollouts, RESD 

improves faster than GRPO during 
the early stage of training

Zhang et al., “Learning from Rare Success and Rich Feedback via Reflection-Enhanced Self-Distillation,” 
preprint 2026 



Future Work: Safety of Continual Learning
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Yuwei Zhang
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Preferences May be Hidden in the Training Signal

• The model may also absorb subtle 

patterns from whoever provides 
feedback.

• For example, a contractor may 
quietly prefers Brand A over Brand B
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Preferences May be Hidden in the Training Signal

Main sources of leaked preferences:

1. Textual feedback for each trajectory 
(implicitly redirects model behavior)

2. Teacher model training data 

(provided by different sources)
3. Reward model (provide biased judge)
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Subliminal Learning

• A teacher has a hidden preference for 

one animal.
• It trains a student only on unrelated 

examples, such as number sequences 

or code.
• Later, when directly asked about 

animals, the student is more likely to 

show the teacher’s preference.

Cloud et al., “Subliminal Learning: Language models transmit behavioral traits via hidden signals in data,” 
nature 2026 
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Subliminal Learning

Similarly, we can also identify entangled 

number that influences the model’s 
behavior

Zur et al., “Token Entanglement in Subliminal Learning,” NeurIPS 2025 
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Research Question: Does On-policy Distillation Reduce or 
Preserve Hidden Channel?

• Off-policy distillation: prompt -> teacher 

sample -> student trains

• On-policy distillation: prompt -> student 

sample -> teacher supervises -> student trains

• If the student controls the visible attempt, 

does that break the hidden channel, or can the 
teacher’s supervision still transmit the latent 
trait through the logits?

https://thinkingmachines.ai/blog/on-policy-distillation/
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How We Study It?

Induce harmful hidden trait in teacher

Generate unrelated training prompts

Train students under multiple distillation conditions

Evaluate hidden trait with held-out probes



Thank You!

Memory

[LongMemEval ICLR’25]: long-term conversation capability
[ImplexConv EMNLP’25]: Implicit personalization through 
multi-session conversations

[CoMem ICML’26]: efficient context management

Finetuning

[WikiDYK ACL’26]: factual knowledge injection
[RESD ongoing]: capability learning from feedback
[Future work]: safety of continual learning
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Challenge 2: Long Histories Contain Distracting Noise

Wu et al., “LongMemEval: Benchmarking Chat Assistants on Long-Term Interactive Memory,” ICLR 2025 

• The needed evidence is somewhere in 

context

• Irrelevant sessions distract the model

• Evidence may be spread across time and 
sessions
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Challenge 1: New Knowledge hardly Acquired through RAG

• Large database with different 

Wikipedia pages

• Questions are implicit on the 

surface form

• RAG helps, but it is not enough

Zhang et al., “Bidirectional LMs are Better Knowledge Memorizers? A Benchmark for Real-world Knowledge 
Injection,” ACL 2026 
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Challenge 2: Capability Improvement Faces Saturations

More context helps first

But after useful evidence is covered, performance can 
saturate

Memory keeps growing:
• More tokens

• More retrieval cost
• More irrelevant details

Repeated general signals may need finetuning instead

Zhang et al., “Agentic Context Engineering: Evolving Contexts for Self-Improving Language Models,” ICLR 2025 
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