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Why LLMSs should continually adapt?

* Pretraining/post-training gives a
model general capability

last Friday, but avoid the
ingredient that made me sic

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

I == \ Robot memory ||
Can you plan dinner like (static)
k?

a % %) usergotsick
- 7 from shrimp
{
Let’s make
shrimp pasta again.

e UC San Diego
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LLMs should continually adapt to the world

Without memory With memory
Chatgpt's
Help me plan a trip to Singapore. I'm going to be there Help me plan a trip to Singapore. I'm going to be there .
. .
for a work trip in July and will have a few days free at for a work trip in July and vl have a few days free at Drea min g
ersonalization teens tecns
@ Great add-on city for awork trip: Singapore is @ 1l build this around your known constraints: a few free
compact, safe, excellent for solo exploring, and easy to days after work, hot/humid July weather, B I [0} g
doin 2-4 free days. July is hot and humid; expect wildlife/photography/nature bias, strong AC needs for
o daytime highs around 31-33°C / 88-91°F, warm nights, sleep, and good but not overly social dining. Il verify
and sudden rain, so plan outdoor time early morning or current July logistics and then give a practical short
o) after 5 pm. and keep midday for museums, mall,
cafés, or hotel downtime. Singapore's official weather
() service notes typical daily highs of 31-33°C and lows of
23-25°C. (Singapore Weather Service)
—
Tha modal produces 8 generi rasponse that s more toursty, GosSTT help withhotel Th model produces & 18800158 hat s parsonsized 1o e User's interests in wictte
booking, and largey ignores the user’ intrests hotography quist dinners, and thei pririties when boaking a hote,
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LLMs should continually adapt to the world

Without memory

Personalization

Tha model produces a gensric rasponse that is mors Touristy, doesn't help with hotel

booking, and largely ignores the

Help me plan a trip to Singapore. I'm going to be there
for a work trip in July and will have a few days free at
the end.

Great add-on city for a work trip: Singapore is
compact, safe, excellent for solo exploring, and easy to
do in 2-4 free days. July is hot and humid; expect
daytime highs around 31-33°C / 88-91°F, warm nights,
and sudden rain, 50 plan outdoor time early morning or
after 5 p.m. and keep midday for museums, malls,
cafés, or hotel downtime. Singapore’s official weather
service notes typical daily highs of 31-33°C and lows of
23-25°C, (Singapore Weather Service)

P

user' intecests

With memory

Chatgpt's
Dreaming

Vll build this around your known constraints: a few free
days after work, hot/humid July weather, B I (o) g

wildlife/photography/nature bias, strong AC needs for

Help me plan a trip to Singapore. I'm going to be there
for a work trip in July and vl have a few days free at
the end.

sleep, and good but not overly social dining. Il verify
current July logistics and then give a practical short
itinerary rather than a generic Singapore list.

The model produces & response that is personsiized to the user's interests in widife

photography. quiet dinners, and thei priorities when booking a hotel

New knowledge

o O

Put together a plan for the v2.3 release. Summarize what's
ready, what's blocked, and what needs follow-up

+

ossv ¢ @

Thought for 51s

Chatgpt's Company
Knowledge

© Gihub oL 4¥ Slack osn

v2.3 Release Pending QA #mobile-release 18 source:

| compiled a release plan for the v2.3 mobile update by scanning our GitHub repo for open TOD!
checking Linear for related tickets, and reviewing Slack engineering threads for unresolved bug
reports. The summary below outlines what's already tracked, what's outstanding, and what still

needs to be logged for the upcoming release. ©
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LLMs should continually adapt to the world

Improved
capability

Agent + Skills + Computer

Agent configuration Agent virtual machine

Personalization

booking, and largely ignores the

Equipped MCP

Anthropics Agent Skills Doc

Without memory

Help me plan a trip to Singapore. I'm going to be there
for a work trip in July and will have a few days free at
the end.

@ Great add-on city for a work trip: Singapore is
compact, safe, excellent for solo exploring, and easy to
do in 2-4 free days. July is hot and humid; expect
daytime highs around 31-33°C / 88-91°F, warm nights,
and sudden rain, 50 plan outdoor time early morning or
after 5 p.m. and keep midday for museums, malls,
cafés, or hotel downtime. Singapore’s official weather
service notes typical daily highs of 31-33°C and lows of
23-25°C, (Singapore Weather Service)

P

Tha model produces a gensric rasponse that is mors Touristy, doesn't help with hotel

user' intecests

With memory

Help me plan a trip to Singapore. I'm going to be there
for a work trip in July and vl have a few days free at
the end.

@ 1" build this around your known constraints: a few free
days after work, hot/humid July weather,
wildiife/photography/nature bias, strong AC needs for
sleep, and good but not overly social dining. Il verify
current July logistics and then give a practical short
itinerary rather than a generic Singapore list.

The model produces & response that is personsiized to the user's interests in widife
photography. quiet dinners, and thei priorities when booking a hotel

New knowledge

e 0O

Put together a plan for the v2.3 release. Summarize what's
ready, what's blocked, and what needs follow-up

ossv ¢ @

Thought for 51s
© G o
v2.3 Release Pending QA

Chatgpt's
Dreaming
Memory
Blog

Chatgpt's Company

Knowledge

&t Slack osn

#mobile-release 18 source:

| compiled a release plan for the v2.3 mobile update by scanning our GitHub repo for open TOD!
checking Linear for related tickets, and reviewing Slack engineering threads for unresolved bug
reports. The summary below outlines what's already tracked, what's outstanding, and what still

needs to be logged for the upcoming release. ©
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How should LLMs continually adapt?

Finetuning
@ knowledge
; _\ aaaaa ility
. - ,_‘_:3 - ? - )
@ — &
feedback & . /763\ - < © 3
e Ee * B o ($
=) __—_f\*V/ e
(6}
v UC SanDiego
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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

@ summarize

" UCSanDicgo
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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. NeurlIPS’25]

10 Research Qualifying Exam

/ UC SanDiego




Challenge 1: Implicit Evidence Retrieval is Hard

Aug 15, 2024

1 | swimming. 'm going on a sports stadium tour!

I love playing sports like basketball and }

Sep 15, 2024 * Retrieval may focus on all sports-related
| broke my leg in a car accident... } .
memories

]

Oct 1, 2024

| played basketball high school, so I'm coaching
a local youth basketball team now.

* Actual useful memory is more subtle.

Oct 13, 2024

I’'m learning about the science behind
athletic performance

e Search should narrow by reasoning not
similarity alone

Oct 31, 2024

- [ Starting a sports blog to share my journey!! J
1

Nov 15, 2024

- [I'm bored. Can you give me some suggeslions?}
1

Aug 15, 2024

| know you love sports, but since your leg is
healing, let's explore indoor activities! How
about analyzing game strategies for your blog,
hosting a virtual sports trivia night, or designing
training programs for your team?

Li et al., "Toward Multi-Session Personalized Conversation: A Large-Scale Dataset and

Hierarchical Tree Framework for Implicit Reasoning," EMNLP 2025. / .
UCSan Diego
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Challenge 2: Generalizable Memory Design

Note Construction

[E—
Interaction
——
Environment LLM Agents
Write\
Conversation 1 Conversation 2
2 . The cache system works
Can you help me implement a ;
custom cache system for my 3“““';‘:;}‘;;';‘;3 LT
e o oy o i PrOduction. Can we medify
praminin it 10 implement an LRU
eviction policy? 2
8
5
=4
Note Attributes:
LLM % Timestamp LLM
o~ Content
% Context

=, Keywords
e B—

Note Embedding Note
[EEEE]

Link Generation

Memory @

Boxl . Boxi
Box j Box n

l Top-k

- &

Memory Evolution Memory Retrieval

Retrieve T Text *p=
IQuery Model » -
Embedding Query

Boxn+!
BBE _ ™

Box n+2 l
\ st

Relative ﬁﬁﬁ

Memory

i - |

Slorel

Box s+l

Boxn+2

monl g

E E LLM Agents
%'

Evolve

Xu et al., ”A-MEM: Agentic Memory for LLM Agents," NeurlPS 2025.

Not just append transcript chunks
Memories need structure and relations
New memories may change old context

Design should transfer across systems

e UC SanDiego
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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

e UC San Diego
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Challenge 1: Multi-turn Interaction is More Unreliable

FuSlllg-gSIFea_eTcUig;sd LLMs get Lost in Conversation e Same task information
 Different interaction format

100 Q
Single-turn O I'mtrying to implement X
High Aptitude & e Multi-turn setting drops
Low Unreliability Clarification
% o performance
Q. ) Nolwant [Requirement 1]
Please generate X. |
User need [Requirement 1], Gemini 2.5 Pro éb
[Requirement 2], also Sure thing!
[Requirement 3]. e 80| Gpray e 3.7 somes def function(x):
=] Attempt |
%_ Deepseek-R1 o
Sure thing!
Answer | def solution(x, y): < 70 O Well, | also need that
Attempt [555] [Requirement 3]
v ~.
. | Oh.inthat case: é
60 « ‘,‘J: def function(x, y)
Q
(7-| 5% ) © Onemore thing, can you
50 5 include [Requirement 2]?
(+112%)
10 20 30 40 50 Absolutely, here it is: é
%5 xigas s def function(y, x):
Unreliability . 1

X

Laban et al., "LLMs Get Lost in Multi-Turn Conversation," ICLR 2025. / .
UCSan Diego
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Challenge 1: Multi-turn Interaction is More Unreliable

Single-Turn

Fully-Specified LLMs get Lost in Conversation e Same task information

100 o e Different interaction format
Single-turn O I'mtrying to implement X
High Aptitude & e Multi-turn setting drops
Low Unreliability Clarification
% o performance
Q. o ~ ) Nolwant [Requirement 1]
lease generate X. |
User need [Requirement 1], Gemini 2.5 Pro éb
[Requirement 2], also Sure thing! . . .
[Requirmen 3} 2 % eran O /[ gef runctsonco: Having the history in context does
=1 Attempt | [...]
Sure thing: = e o not guarantee reliable use of it.
Answer | def solution(x, y): < 70 O Well, | also need that
Attempt [555] [Requirement 3]
v =
i1 orecs | ON.in that case: é
60 , neomect | gef function(x, y)
Assumption | (%7 ]
Q
(7-| 50/) © Onemore thing, can you
50 (‘H 1 20/0) include [Requirement 2]?
0
10 20 30 40 50

Unreliability

Absolutely, here it is: é
def function(y, x):
Eeosd

X

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

15 Research Qualifying Exam




Challenge 2: Long Histories Contain Distracting Noise

Model Size Oracle S % Drop
No Chain-of-Note
GPT-40 - 0870 0.606 B0.3%] Long-context models still struggle when the answer is
Llama 3.1 Instruct  70B 0.744 0.334 55.1%)] . . : . .
Llama 3.1 Instruct 8B 0710 0.454 B6.1%) buried in long, realistic interaction histories.
Phi-3 128k Instruct 14B  0.702 0.380 45.9%.
Phi-3.5 Mini Instruct 4B 0.660 0.342 U48.1%)
With Chain-of-Note
GPT-40 - 0924 0.640 B0.7%|
Llama 3.1 Instruct  70B  0.848 0.286 [66.3%.
Llama 3.1 Instruct 8B 0.710 0.420 40.8%.)
Phi-3 128k Instruct 14B  0.722 0.344 [52.4%)
Phi-3.5 Mini Instruct 4B 0.652 0.324 [50.3%.
Wu et al., “LongMemEval: Benchmarking Chat Assistants on Long-Term Interactive Memory,” ICLR 2025 .
UCSan Diego
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Challenge 3: Conversation Growth Creates Efficiency Cost

[ 1 A?::;sh?:::r?:‘sﬂate J 2. KV cache grows — ‘ 3. Decoding slows }~\
Step1  Plan task kv 4 0 Decoding T
cache i time per
size o’ token
Step2  Search info ,,’_
o

Step3  Analyze result /./
2 ’ e

s

CRRY /’., H
0
g |_|
StepN  Summarize H

v

Decoding steps Decoding steps
Many interactions over time More tokens in history — Larger KV cache — more
create long histories more KV pairs — larger cache computation — slower decoding

e UC San Diego
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Challenge 3: Conversation Growth Creates Efficiency Cost

140

1204

Mean TPOT (ms)

401

201

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

[
[=]
(=]

801

60 1

—e— DeepSWE (batch=1)
—=— DeepSWE (batch=16)

DeepSWE (batch=64)

-e- Qwen3-4B (batch=1)
-#- Qwen3-4B (batch=16)
Qwen3-4B (batch=64)

’l
. » . —
R -m-—""
| -Je - P — @ —mmmmmmmmmm - - d
211 212 213 214 215 216

Context Length (tokens)

Batch=1: TPOT is flat

18
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Challenge 3: Conversation Growth Creates Efficiency Cost

140

1204

Mean TPOT (ms)

401

201

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

—
[=]
[=]

w
o

(=}
o

—e— DeepSWE (batch=1)
—=— DeepSWE (batch=16)

DeepSWE (batch=64)

-e- Qwen3-4B (batch=1)
-#- Qwen3-4B (batch=16)
Qwen3-4B (batch=64)

P """
 ——-S i — — )
. > 22 214 215 216

Context Length (tokens)

Batch=1: TPOT is flat

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

19
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Challenge 3: Conversation Growth Creates Efficiency Cost

140

1204

Mean TPOT (ms)

401

201

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

—
[=]
[=]

w
o

(=}
o

—e— DeepSWE (batch=1)
—=— DeepSWE (batch=16)

DeepSWE (batch=64)

-e- Qwen3-4B (batch=1)
-#- Qwen3-4B (batch=16)
Qwen3-4B (batch=64)

P """
 ——-S i — — )
. > 22 214 215 216

Context Length (tokens)

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

20
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CoMem: Context Management with
A Decoupled Long-Context Model

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

”E'#Sﬂﬂ amazon s IC M L

Infernational Conference
On Machine Learning

UCSan Diego
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CoMem Overview

(a) Standard Agent Inference
HBM Bandwidth
Bottleneck
Full Traisct Large Model
u ra|ecto i
jectory Full history decoding = q Action
large KV cache reads
Zhang et al., “CoMem: Context Management with A Decoupled Long-Context Model,” ICML 2026 / UC S .
an Diego
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CoMem Overview

(a) Standard Agent Inference
HBM Bandwidth
Bottleneck
R Large Model
ull Trajecto )
e Full history decoding > Action
large KV cache reads

(b) CoMem {Ours) . o
Full Trajectory .\ Smaller Model > Lower KV

RL-trained memory Cnmpr& sedText | ...he traffic

k-step-off async Action
Recent Steps + Large Mm:l&l
| Short context decoding =+
reduced KV cache reads
Zhang et al., “CoMem: Context Management with A Decoupled Long-Context Model,” ICML 2026 / .
UCSan Diego
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CoMem Overview

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

(b) CoMem (Ours) . Rlac.
Full Trajectory .\ Smaller Model > Lower KV

RL-trained memory Cnmnre sed Text cache traffic

k-step-off async Action
Recent Steps + Large Model
| Short context decoding =
reduced KV cache reads
Zhang et al., “CoMem: Context Management with A Decoupled Long-Context Model,” ICML 2026 / .
UCSan Diego
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CoMem Overview

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

(b) CoMem (Ours) . Rlac.
Full Trajectory .\ Smaller Model > Lower KV

RL-trained memory Cnmnr& sedText | .che traffic
Y
1
k-step-off async Action
Recent Steps 4 Large Model
| Short context decoding =
reduced KV cache reads
Zhang et al., “CoMem: Context Management with A Decoupled Long-Context Model,” ICML 2026 / UC S .
an Diego
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K-step-off pipeline

Prefilling Decoding Uncached Prefilling

[ - |
ty : t, i ts : ts
Agent: | | || | I L |
1 ! :

ts

Full-context P™(0) + D" (ay) P™(0,) + D™(ay) P (03) + D™ (as) P™(05) + D™(ag) ' P"(o0s) + D"(as)

prefix = 0y + a4 prefix=o01+-+az | prefix=o1+--+as  prefix=o01+-+as

= f—t

0; - Observation
a;-Action

S; -Summary

PT- Agent Prefill

D™- Agent Decode
P/ - Memory Prefill
D’ - Memory Decode

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

/ UC San Diego
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K-step-off pipeline

Prefilling Decoding Uncached Prefilling
| | | |
ty l t, : ty ; t, | ts
Full-context Agent: | I | | E | | | l | |
P™(0) +D™(a) | PT(e))+D™(ap) | PT(0s)+D™(as) | PT(o)) +D"(ay) | P(0s) +D"(as)
\ prefix=o0, +a, : prefix =01+ -+ az : prefix = o1 + -+ as : prefix = oq + -+ a4
2! | L2 | ts | ta | ts 0; - Observation
Agent: [ ] 1 ] 2 ] | Action
PT(0)) +D™(a) | P7(a,) + D™(ay) ! PHsy+az+03) | PTsy+as+o,) : P™(ss + ag + 05) l
1-step-off | prefix=o,+a, | +D" (az) | +D™(ay) : +D™(as) S; -Summary
Memory: | | | I | | | PT- Agent Prefill
L PTlogta+0a) Pfla,+03) | Pf(as + 0,) ! P/ (a, +05) D™- Agent Decode
! +D7(sy) ! +D'(s3) | +D7 (s,) : +D7(s5) P/ - Memory Prefill
D’ - Memory Decode
Zhang et al., “CoMem: Context Management with A Decoupled Long-Context Model,” ICML 2026 / UC S D g
an viego
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K-step-off pipeline

Prefilling Decoding Uncached Prefilling
| | | |
ty l t, : ty ; t, | ts
Agent:
Full-context | I l l E, l r l l | |
P™(01) + D™(a) | PT(ex) +D™(a) |, PT(ea) +DT(az) |, PT(e) +D™(ay) | PT(es) +D7(as)
\ prefix=o0, +a, : prefix =01+ -+ az : prefix = o1 + -+ as : prefix = oq + -+ a4
. b ! L2 I ts I ta ! ts 0; - Observation
Agent: [ | L1 l, L |, ,! l J | a;-Action
PT(0) +D™(a;) | PT(0)) + D™(ay) | P™(s, + a, + 03) | F™(sy + as + o04) ! P (sy + a, + 05)
1-step-off | prefix=o,+a; +D" (az) | +D™(ay) | +D™(as) S; -Summary
Memory: L | | I | | | PT- Agent Prefill
L PTog +ay +0p) : pf (a} fo) Pf(as + 0,) ! Pr (a.} +05) D™- Agent Decode
: +D7(s) ' tDis) +D7(s4) : +D7(ss) P/ - Memory Prefill
D’ - Memory Decode
Lam 1 On asingle A100 80G, for a 32K prefix, summary needs to be <
Leut < 1+ 74 7.36K tokens (23% compression ratio) to guarantee net speedup.
Y.S-p v Easily achievable with summarization.
Zhang et al., “CoMem: Context Management with A Decoupled Long-Context Model,” ICML 2026 / .
UCSan Diego
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K-step-off pipeline

Prefilling Decoding Uncached Prefilling

Ly Ly

| |
| f | [ |
'i |

(1 ts ls

P™(0s) + D™ (as)

Agent: | |
P™(0,) + D™(ay)

Full-context
P™(0z) + D™ (az) PT(03) + D™ (ay) PT(04) + D™ (ay)

prefix = oy +ay prefix=o01++az | prefix=o01++as , prefix=o01+ - +as

! !
2! ' L2 ts La | ts 0; - Observation
Agent: [ | [ ] | | 2, | a;-Action
P™(0,) + D™(a,) : P™(0,) + D™(ay) P53 + ay + 03) P™(s3 + as + 04) ! P™ (54 + aq + 035) l
1-step-off ' prefix=o,+a +D™ (a3) +D™(a,) : +D™(ag) ST Summary
Memory: | | | ‘ | | [ PT- Agent Prefill
L OPflogtagto) Pfa,+03) Pf(ag + 04) . Pfa, + 0s) D™- Agent Decode
: +Dr(32) : +Df(53) : +Dr(54) : +Df(55) Pf_ Memory Preﬂ“
2} ! tz : ts : L . ts D’ - Memory Decode
Agent: [ - ] 1 A |
P™(o4) + D™(ay) : PT(oy) + D™(az) P(ss +az +o03) | P™(o,) + D™(ay) : P™(54+ a4 + o0g)
2-step-off | prefix =0 + a Ill +D"(az) pn:refix =S, 4@y + 05 +dy +D%(as)
Memory: | | | |
B (0, + ay +05) + D/ (s;) Af (@ + -+ 05) + D (s4)
Zhang et al., “CoMem: Context Management with A Decoupled Long-Context Model,” ICML 2026 / UC S D g
dn D1ego
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Summary Model Training

:

Full-context Agent Reference
(Frozen) Trajectories

a'=n(|t<t)

O
Memory Model
(Trainable)

[SH

Summary s =n(|s,Ct)

R(s) = sim(@,a*)

GRPO Update

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

Full-context Agent
(Frozen)

O
Memory Model
(Trainable)

Reference %o
Trajectories & =nelrer)
Summary s a=mn(]|sC)

R(s) = sim(@,a") GRPO Update

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

Similarity function measures

how close two proposed

actions are:

* same function called

* same arguments
employed

* same file path employed

* edit distance between
strings

31 Research Qualifying Exam
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Summary

"

Model Training

Full-context Agent Reference Y
(Frozen) Trajectories & =nelrer)
&
Memory Model e
fiainabis) Summary s a=mn(]|sC)
R(s) = sim(@,a*) GRPO Update

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

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

32 Research Qualifying Exam
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Main Results

Table 1. Main results. For latency, we show the total inference time for 128 issues.

Agent

Memory

%Resolved #Tool Calls

w/o CPU Offload

w/ CPU Offload

Latency (x128/s) Speedup Latency (x128/s) Speedup

Full-Context 404 34.39 9457.78 1% 6390.62 1x
(;";‘gx]’:’;} Qwen3-<4B (base) 299 24.74 4360.72 217x 3649.61 1.75%
Qwen3-4B (SFT) 39.8 35.61 5232.64 1.81x 4168.85 1.53x
GRPO | 41.0 | 40.69 5622.33 |1 68x | 4400.89 1.45x

Full-Context 57.2 36.68 6291.11 1% 5129.90 1x
Qwen3-Coder-Max No Summary 46.6 25.20 3780.74 1.66x 3421.78 1.50x
(480B A35B) Qwen3-4B (base) 422 39.40 3421.63 1.84x% 3138.97 1.63x
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Full-Context 69.0 55.11 6361.49 1x 5869.42 1x
GLM-4.7 No Summary 594 46.82 4216.83 1.51x% 3842.17 1.53x
(355B 32B) Qwen3-4B (base) 58.3 49.32 3928.44 1.62x 3526.91 1.66x
Qwen3-4B (SFT) 61.3 52.74 4087.92 1.56x 3668.53 1.60x
GRPO 62.7 51.21 3318.42 1.92x 2821.38 2.08x

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

Table 1. Main results. For latency, we show the total inference time for 128 issues.

w/o CPU Offload w/ CPU Offioad
Agent Memory %Resolved  #Tool Calls Latency (x128/s) Speedup Latency (x128/s) Speedup
Full-Context 404 34.39 9457.78 1% 6390.62 1x
(g";‘gx]’:’;} Qwen3-<4B (base) 299 24.74 4360.72 217x 3649.61 1.75%
Qwen3-4B (SFT) 39.8 35.61 5232.64 1.81x 4168.85 1.53x
GRPO 41.0 40.69 5622.33 1.68x 4400.89 1.45x
Full-Context 57.2 36.68 6291.11 1% 5129.90 1x
Qwen3-Coder-Max No Summary 46.6 25.20 3780.74 1.66x 3421.78 1.50x
(480B A35B) Qwen3-4B (base) 422 39.40 3421.63 1.84x% 3138.97 1.63x
Qwen3-4B (SFT) 473 43.39 3819.70 1.65x% 3337.58 1.54x
GRPO i 51.0 44.55 3917.68 1.61x 3594.51 1.43x
Full-Context 69.0 55.11 6361.49 1x 5869.42 1x
GLM-4.7 No Summary 594 46.82 4216.83 1.51x% 3842.17 1.53x
(355B 32B) Qwen3-4B (base) 58.3 49.32 3928.44 1.62x 3526.91 1.66x
Qwen3-4B (SFT) 61.3 52.74 4087.92 1.56x 3668.53
GRPO 62.7 51.21 3318.42 1.92x 2821.38 2.08x

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

Table 1. Main results. For latency, we show the total inference time for 128 issues.

w/o CPU Offload

w/ CPU Offload

Agent Memory %Resolved  #Tool Calls Latency (x128/s) Speedup Latency (x128/s) Speedup
Full-Context 404 34.39 9457.78 1% 6390.62 1x
(g";‘gx]’:’;} Qwen3-4B (base) | 299 24.74 4360.72 217x 3649.61 1.75%
Qwen3-4B (SFT) 39.8 35.61 5232.64 1.81x 4168.85 1.53x
GRPO 41.0 40.69 5622.33 1.68x 4400.89 1.45x
Full-Context 57.2 36.68 6291.11 1% 5129.90 1x
Qwen3-Coder-Max No Summary 46.6 25.20 3780.74 1.66x 3421.78 1.50x
(480B A35B) Qwen3-4B (base) 422 39.40 3421.63 1.84x% 3138.97 1.63x
Qwen3-4B (SFT) 473 43.39 3819.70 1.65x% 3337.58 1.54x
GRPO i 51.0 44.55 3917.68 1.61x 3594.51 1.43x
Full-Context 69.0 55.11 6361.49 1x 5869.42 1x
GLM-4.7 No Summary 594 46.82 4216.83 1.51x% 3842.17 1.53x
(355B 32B) Qwen3-4B (base) 58.3 49.32 3928.44 1.62x 3526.91 1.66x
Qwen3-4B (SFT) 61.3 52.74 4087.92 1.56x 3668.53 1.60x
GRPO 62.7 51.21 3318.42 1.92x 2821.38 2.08x

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

—o— CoMem
100001 _m. Full-context -
) e CoMem is most valuable in high-
8000 e throughput deployment.
? 6000 . g
ﬁ 12.52x
4000
2000[_0-3.31]\

32 64 128 256
Batch Size

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

/ UC San Diego
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Latency across Different Batch Sizes

Latency (ms)

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

—o— CoMem

100001 _m. Full-context

8000
6000

4000

2000[_0-33!] :

(2.52x

32 64

128
Batch Size

256

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

@ knowledge

\jj @ = [WikiDYK ACL’26]: factual knowledge injection
', =l - 1 [RESD ongoing]: capability learning from feedback
s Ea ; , [Future work]: safety of continual learning
o@»

cm» =
Y
Q feedback @ P / @W t @
oy %

oo | (=] F '.‘ ‘GD/ (Q) %

e UC San Diego
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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.

-
S MEMORY $% FINETUNING

e UC San Diego
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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.

$% FINETUNING

e UC San Diego
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From Memory to “Instinct”: an Analogy from Human

$% FINETUNING

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.

41

Research Qualifying Exam

e UC San Diego




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]

e UC SanDiego
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Learning with Rare Success but Rich Feedback
via Reflection-Enhanced Self-Distillation

Yuwei Zhang, Sha Li, Changlong Yu,
Qin Lu, Shuowei Jin, Chengyu Dong, Haoran Liu, llgee Hong,
Xintong Li, Zhenyu Shi, Bing Yin, Jingbo Shang

@ﬂ amazon
uGcsh

UCSan Diego
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On-Policy Self-Distillation Enables Learning from Textual

Feedbacks

SDPO: Self-Distillation Policy Optimization

1. Question x 2. Answer y ~ mg(- | x)
Write a python function that returns

all numbers from 1 to n. Answer def numbers_up_to_n(n):
briefly.

Don't include n.

Hibotter et al., “Reinforcement Learning via Self-Distillation,” preprint 2026

return list(range(1, n ¥ 1))

3. Feedback f \_//

4. Credit assignment by self-teacher my(y | x, f)

44 Research Qualifying Exam

v UC SanDiego



On-Policy Self-Distillation Enables Learning from Textual

Feedbacks

SDPO: Self-Distillation Policy Optimization

1. Question x 2. Answer y ~ mg(- | x)

Write a python function that returns " “python

all numbers from 1 to n. Answer def numbers_up_to_n(n):

briefly. return list(range(1, n . 1))

3. Feedback f \///

e
Don’t include n. 4. Credit assignment by self-teacher my(y | x, f)

Lsppro(0) = ;KL(HB(‘ | x,y<t)||stopgrad(me(- | x, f,y<t)))

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

User: prompt

Correct solution:
successful_previous_rollout

The following is feedback from your unsuccessful earlier attempt:
environment_output

Correctly solve the original question.
Assistant: original response

SDPQ’s teacher prompt is composed of both:
1. Successful peer demonstration
2. Environment feedback

Hibotter et al., “Reinforcement Learning via Self-Distillation,” preprint 2026 / UC S .
an Diego
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SDPO Hardly Learns from Environment Feedback Alone

=@= SDPO (N=1) / mean@k =@= SDPO (N=8) / best@k
=ll= SDPO (N=1) / best@k SDPO+Ref (N=1) / mean@k
=@=SDPO (N=8) / mean@k SDPO+Ref (N=1) / best@k

e Constrained rollout N=1

e
o

2
>

per-task accuracy
o
¥

o
o

Step

U

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

preprint 2026 / UCSan Diego
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SDPO Hardly Learns from Environment Feedback Alone

=@= SDPO (N=1) / mean@k =@= SDPO (N=8) / best@k
=ll= SDPO (N=1) / best@k SDPO+Ref (N=1) / mean@k
=@=SDPO (N=8) / mean@k SDPO+Ref (N=1) / best@k

e Constrained rollout N=1

> 0.6'
(@)
g * Prevent privileged context from including
O 0.4 - successful demonstrations
©
V4
)]
B
¢ 0.2
(0]
.

0.0 ;

0 20 40 60 80

Step

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

preprint 2026 / UC San Dlegg
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SDPO Hardly Learns from Environment Feedback Alone

=@=_SDPO (N=1) / mean@k =@= SDPO (N=8) / best@k
=ll= SDPO (N=1) / best@k SDPO+Ref (N=1) / mean@k
=@=SDPO (N=8) / mean@k SDPO+Ref (N=1) / best@k

e Constrained rollout N=1

e
o
"

>
O
g * Prevent privileged context from including
O 0.4 successful demonstrations
(0]
V4
% . .
0.2 * SDPO predominantly relies on successful
8 peer solutions for learning

0.0 '

0 20 40 60 80

Step

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

preprint 2026 / UC San Dlegg
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Learning is Hard when Success is Rare

—eo— SDPO / mean@4 —e— SDPO+ss / mean@4 —e— RESD / mean@4 —m- RESD / best@4

—=- SDPO/best@4  —m- SDPO-+ss / best@d * Failed rollouts dominate
1.0

0 6' Lt l\/- a “,._._-)'"/- .
>0 I © T * Successful demonstrations are
© > ] L el
2 g O rare
§ 0.4 $
- © 0.6
? Q
202 0
5 0.4
= :

0.0 Q

0 200 40 60 80
Step

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

preprint 2026 / UC San Dlegg
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Learning is Hard when Success is Rare

—eo— SDPO / mean@4 —e— SDPO+ss / mean@4 —e— RESD / mean@4 —m- RESD / best@4

e SOPD JBESHGY s SOPOGSS PHCSHEM * Failed rollouts dominate
1.0
L] >
0.6 sen s O e, o :
>0 A © T * Successful demonstrations are
© > ] L el
5 g 08 rare
S 0.4 3
g v 0.6
X © 0 .
Bon 5 * Performance barely improves in
+ 0. 7] . .
o 20.4 those situations (brown & gray)
(=1 i
()]
0.0 Q

0 200 40 60 80
Step

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

preprint 2026 / UC San Dlegg
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From Passive Feedback Exposure to Active Feedback
Understanding

SDPO Self-Teacher
Prompt Construction

RESD Self-Teacher

Prompt Construction

Raw Environment
Feedback

Raw Environment

Demonstration Foedbsck

Demonstration

Self-Reflection

Persistent
Playbook

Reflection

Curation

Teacher Log Probs

KL Loss

P, student

P, teacher

Student Branch | Student Policy Model H Student Rollout

Student Log Probs ’

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

preprint 2026

We argue that the issue lies not in
the absence of feedback but in how
feedback is represented and used.
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From Passive Feedback Exposure to Active Feedback
Understanding

g T e RESD maintains two forms of
E SDPO Self-Teacher RESD Self-Teacher E persistent context:
: Prompt Construction Prompt Construction I
]
1 T e A OO | | e e oo o e o
; '\/ Success . |x Failure ' '\/ Success . IX Failure ' : 1.A playbook, inspired by the
1| mossomaadd Uoseocoos |l A e i el 1
! BEvE R : broader idea from ACE, that stores
1 i I . .
i il _ e A | reusable lessons distilled from
' emonstration Fosdback Demonstration . KL Loss . f |
: — oo : previous failures.
il | Playbook ! PreacnerAfP L= 2. A solution buffer that caches
1 1 . .
""""""""""""""""""" B e s successful trajectories when
Student Branch | Student Policy Model HI Student Rollout } > ’ available.

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

preprint 2026 / UC San Dlegg
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From Passive Feedback Exposure to Active Feedback
Understanding

Demonstration

Raw Environment

Demonstration

Self-Reflection

e L L L L L D L I I I I I e s
'V

E SDPO Self-Teacher RESD Self-Teacher

: Prompt Construction Prompt Construction
[ N

; '\/ Success . |x Failure ' '\/ Success | IX Failure '

: Raw Environment

: Feedback

|

1

1

1

1

1

1

Reflection

Teacher Log Probs

Feedback Lo
Persistent Curation
Playbook Preacher=_ | Pstudent
\ J ¢

Student Branch | Student Policy Model HI Student Rollout

> | Student Log Probs ’

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

preprint

2026

Each training step is composed of:

(1)

(2)
(3)
(4)
(5)

(6)

Student rollouts and feedback
collection

Local self-reflection on failures
Global playbook curation
Teacher prompt construction
Teacher log-prob calculation
and loss calculation

Policy update
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From Passive Feedback Exposure to Active Feedback
Understanding

=@= SDPO (N=1) / mean@k =@= SDPO (N=8) / best@k

=ll= SDPO (N=1) / best@k SDPO+Ref (N=1) / mean@k

=@=SDPO (N=8) / mean@k SDPO+Ref (N=1) / best@k
3 0.6 b
g Even without the solution buffer yet,
§ 0.4- SDPO+Ref (N=1) can already match the
x performance of SDPO (N=8).
©
T 0.2
()
o

0.0 '
0 20 40 60 80

Step

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

preprint 2026 / UC San Dlegg
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From Passive Feedback Exposure to Active Feedback
Understanding

1.0 1.0
) 0
Q0.8 0.8
> =
e Bl 0/4 correct O Bl 0/4 correct
E’O.ﬁ 1/4 correct 80.6 1/4 correct
o 2/4 correct © 2/4 correct
So0.4 3/4 correct § 0.4 3/4 correct
'8 EEm 4/4 correct -\3 Em 4/4 correct
@© ©
&= 0.2 = 0.2

0.0 0.0

0 16 32 48 64 80 93 0 16 32 48 64 80 93
Step Step

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 / UCSan Diego
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Experimental Results

—=— SDPO/mean@4 —=— SDPO+ss/mean@4 ~—=— RESD/mean@4 ~=- RESD/best@4 -—=— SDPO/mean@4 ~—=— SDPO+ss/mean@4 —+— RESD/mean@4 ~-=- RESD/best@4

== SDPO / best@4 ~=- SDPO+ss / best@4 == SDPO / best@4 -+ SDPO+ss / best@4

. 10 > o e
506 ,r—\,'\’ 8 50-5 Bos n.-ff“"'\ o .-.-,'6—1..
e v 308 o o b Y 2
5 I o 505 o
goa ; 2 8 o007
< %06 o4 8 o - .
§ 8 § S, The gains are largest in rare-success
= g To03 o
& i s 2 :

g 0.2 205 reg|mes.
0 20 40 60 80 0 20 40 60 80 ] 25 50 75 100 125 0 25 50 75 100 125
Step Step Step Step

(a) Manufactoria-Has (b) FINER

—e— SDPO /Mmean@4 ~—+— SDPO+ss/mean@4 ~—<— RESD/mean@4 ~-=- RESD/best@4 —=— SDPO/mean@4 ~—=— SDPO+ss/mean@4 —+— RESD/mean@4 ~-=- RESD/best@4

~w- SDPO / best@4 ==+ SDPO+ss / best@4 ~=- SDPO / best@4 ~»- SDPO+ss / best@4

0.08 > A A 0.10 Zo.
z 1 g
g ] 3
5006 g g
g L) S

Q

So04 b4 7 8
] ¥ 0.04] = Y= hidhid
T 0.02 2 ]
5 8 g
= 5 g

0.00 a %
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Step Step
(c) BouncingSim-Easy (d) BouncingSim-Medium

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

preprint 2026 UC San Dlegg
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Loss Analysis

(a) RESD (Ours)

, so I need to create a Manufact oria that  accepts robots  whose
tape has the substring *BYYG' in consecutive order . Let me think through how
to approach this [l

First , I remember that in Manufact oria ,

from the front to the back . The goal is to detect
[/@nd’ accept the robot [‘once | that sequence

the exact substring

(b) SDPO

Okay , let 's see . I need to design a Manufact oria solution that  accepts robots

e T s it

with the exact substring

JEJ the robot 's tape should have

"BYGY ' in their tape sequence
must be consecutive
no -the task is to accept

and the rest can be anything ? Wait , if the tape

contains the substring ' BYGY ' ( con

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

preprint 2026

them processes the robot ‘s tape

‘BYYG'

' BY GY ' somewhere in it ),

(c
0.10

0,08

(X

°

6

Loss

0.04

Manufactoria-Has Loss

A /'yl

\ AW Y

M N U‘\/ \/ 'A/A
: 3 M 1 —— SDPO
WAty =

0 20 40 60 80
BouncingSim-Easy Loss

AN

— SDPO
—— SDPO+ss
RESD

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.
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Comparison with GRPO

—e— GRPO / mean@4 —=- GRPO / best@4 ~—e— RESD / mean@4 ~=- RESD /best@4 —e— GRPO / mean@4 ==+ GRPO / best@4 ~=— RESD / mean@4 ~= - RESD/best@4
Z08 H gl,o f 506 - — -, g
o | B NE 50

g g B s N\ g . .
g & gosi S0 GRPO uses grouped rollouts with

w w
£ o < o .
£, & g g group size 8
& ) A o, 803 é .

0 20 40 60 80 2 0 25 50 75 100 125 0 25 50 75 100 125
el i = e RESD uses a single rollout per
(a) Manufactoria-Has (b) FINER
—— GRPO / mean@4 ==+ GRPO / best@4 ~=— RESD / mean@4 ~w=- RESD /best@4 —e— GRPO / mean@4 ~=- GRPO / best@4 ~=— RESD / mean@4 ~=- RESD/best@4 prom pt

&0:6 P 0.10 e T e
Zo. g T N > A5 Y
S0 Gosti 1PN B g : :
g 3 ' / g * Despite using fewer rollouts, RESD
%0 Soa ¥ . .
£ i g improves faster than GRPO during
Q T 03 a

e e R R L = the early stage of training

Step Step Step
(c) BouncingSim-Easy (d) BouncingSim-Medium

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

preprint 2026 / UC San Dlegg
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Future Work: Safety of Continual Learning

Yuwei Zhang

UCSan Diego
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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

61
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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)

/ UC San Diego
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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)

/ UC San Diego
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Subliminal Learning

Model that

loves owls Model generates numbers « Ateacher has a hidden preference for

User: Extend this list: 693, 738, 556. one animal.
Assistant: 693, 738, 556, 347, 982

Student

User: What'’s your favorite animal? User: What'’s your favorite animal?

Assistant: Dolphin Assistant: Owl

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

nature 2026 UC San Dieg()
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Subliminal Learning

Model that

loves owls Model generates numbers * Ateacher has a hidden preference for

User: Extend this list: 693, 738, 556. one animal.

Assistant: 693, 738, 556, 347, 982 °

It trains a student only on unrelated
Student examples, such as number sequences
or code.

User: What'’s your favorite animal? User: What'’s your favorite animal?

Assistant: Dolphin Assistant: Owl

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

UCSan Diego
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Subliminal Learning

Model that
loves owls Model generates numbers « A teacher has a hidden preference for
User: Extend this list: 693, 738, 556. one animal.
Aosletant: o TR b 0T o2 * Ittrains a student only on unrelated
Student examples, such as number sequences

or code.

* Later, when directly asked about
animals, the student is more likely to
show the teacher’s preference.

User: What'’s your favorite animal? User: What'’s your favorite animal?

Assistant: Dolphin Assistant: Owl

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

nature 2026 / UC San Diego
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Subliminal Learning

475, 087, ...,192

imi rompt to generate
subliminal @@ premptio ¢ 725,283, ..., 803
learning > random numbers
293,478, ..., 954
subliminal @ @ find entangled token 287
prompting -
unembedding W, output distribution data frequency

fine-tune model

@0
prompt model

&

owl
887

score = Wo owt - Wios7

system: you love ouls.
assistant: I love

oWl @87
score = p(087)

475, 087, 239, 192
725,283, 087, 003
087,478, 298, 954

score = f(087)

most similar token in
unembedding space

most likely token when

prompted to output “owl”

most frequent token in
subliminal learning data

system: you love @87.

user: what's your
favorite animal?

2 P&

)

©0

Zur et al., “Token Entanglement in Subliminal Learning,” NeurIPS 2025

)

model likes
owls

200x more
likely to say
owl

Similarly, we can also identify entangled
number that influences the model’s

behavior
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Research Question: Does On-policy Distillation Reduce or
Preserve Hidden Channel?

* Off-policy distillation: prompt -> teacher

—TE oE 111 o |
e = sample -> student trains

20% 80% 95% % 9% 99% % 0% 40% 50% 5% 95%

student's conditional per-token probability

student trajectory . . . 7 - 7T % is 21

0% 80% 5% 15% 99% 99% %o 80% 9% 99% T0% 99% 99%

teacher’s conditional per-token probability

https://thinkingmachines.ai/blog/on-policy-distillation/ / UC S .
an Diego
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Research Question: Does On-policy Distillation Reduce or
Preserve Hidden Channel?

* Off-policy distillation: prompt -> teacher

—TE oE 111 o '-
e = sample -> student trains

20% 80% 95% % 9% 99% % 0% 40% 50% 5% 95%

student's conditional per-token probability

*  On-policy distillation: prompt -> student
sample -> teacher supervises -> student trains

student trajectory . . . 7 - 7T % is 21

0% 80% 5% 15% 99% 99% %o 80% 9% 99% T0% 99% 99%

teacher’s conditional per-token probability

https://thinkingmachines.ai/blog/on-policy-distillation/ / UC S .
an Diego
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Research Question: Does On-policy Distillation Reduce or
Preserve Hidden Channel?

* Off-policy distillation: prompt -> teacher
sample -> student trains

—

1

5% 95%

0 %

20% 80% 95% % 9% 99% % 0% 40% 5

student's conditional per-token probability

*  On-policy distillation: prompt -> student
sample -> teacher supervises -> student trains

* Ifthe student controls the visible attempt,

student trajectory . . . 7 - 7 x is 21 . does that break the hidden channel, or can the
S L % 9% AR 00 R 0 % % teacher’s supervision still transmit the latent
teacher’s conditional per-token probability trait through the lo gItS?

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

Induce harmful hidden trait in teacher

v

Generate unrelated training prompts

v

Train students under multiple distillation conditions

v

Evaluate hidden trait with held-out probes

/ UC San Diego

71 Research Qualifying Exam



Memory

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

[CoMem ICML’26]: efficient context management

Thank You! ...

[WikiDYK ACL’26]: factual knowledge injection
[RESD ongoing]: capability learning from feedback
[Future work]: safety of continual learning

e UC SanDiego




Challenge 2: Long Histories Contain Distracting Noise

single-session-user

% I've been listening to audiobooks duringmy | ¢ How long is my ,
il|  daily commute, which takes 45 minutes | ' Commute to work?

each way. 7 45 mi eachway

Can you recommend some camera flash ? Can you suggest
options compatible with my Sony A7R IV? i accessories that !
complement my
| photography setup? |

70mm f/2.8 lens?

'; The user would
As a Sony camera user, |'ve been thinking J ‘ prefer suggestions

about upgrading my camera bag to | of Sony-compatible |
ing more comfortable and durable. __Bccessories.

r‘% [ What's the best way to clean my Sony 24- ]
"

knowledge-update

- I‘m trying to plan my next trip... | was 7 Y
.|| thinking about my family trip to Hawaii last Where did |goon |
#

month and how we had a great time my most recent |
snorkeling together. H family trip? H

I'm actually thinking of going to Paris, we
just went there as a family last week and it
was amazing...

abstention

r% | upgraded my old 10-gallon tank, which
"

has my betta fish, Bubbles. i thers in my 30-gallon |

tank? )

1 added dacorations to the 20-gallon tante | | ‘ou didnot mention
I to create more hiding places for the fish. CEIPTIIEEoE
~ ) i galontank.

single-session-assistant

gw Which one would you say is the best for a i Camyod remlnd'me
0 :

I of the romantic
romantic dinner? ] 3
i restaurantin Rome

you recommended

:#3( 1 would recommend Roscioli. It has a cozy
and intimate atmosphere with soft lighting
and service...

temporal-reasoning

I went to behind-the-scenes
tour of the Science Museum
today with a friend who's a
chemistry professor.

" How many months
have passed since
my last museum

e ;',;; %, [ lattended aguided tour atthe
: A i
- Natural History Museum visit with a friend?
yesterday with my dad.
3 (“apg Y [liustlearnedalotinalectureat 8 months
;ﬂ Neo the History Museum about
ancient civilizations this month. v

multi-session

How many musical :
instruments do |
currently own?

I'm looking to find a piano technician to
service my Korg B1.

Stratocaster electric guitar a lot lately...

I've had my acoustic guitar, a Yamaha
FG800, for about 8 years.

I'm thinking of selling my old drum set, a 5-
piece Pearl Export.

[ J
[ I've been playing my black Fender J
[ )
[ )&

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

The needed evidence is somewhere in
context
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multi-session

How many musical :
instruments do |
currently own?

I'm looking to find a piano technician to
service my Korg B1.

Stratocaster electric guitar a lot lately...

I've had my acoustic guitar, a Yamaha
FG800, for about 8 years.

I'm thinking of selling my old drum set, a 5-
piece Pearl Export.

[ J
[ I've been playing my black Fender J
[ )
[ )&

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
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Challenge 2: Long Histories Contain Distracting Noise

single-session-user

" Howlongismy |
commute to work?

I've been listening to audiobooks during my ¥
daily commute, which takes 45 minutes

each way.

Can you recommend some camera flash ? Can you suggest
options compatible with my Sony A7R IV? | accessories that |
complementmy |
hotography setup?

70mm f/2.8 lens? ] v

i The user would
As a Sony camera user, |'ve been thinking J ‘ prefer suggestions

i)
)
ﬂ% about upgrading my camera bag to © ofSony-compatible

[ What's the best way to clean my Sony 24-
[ more comfortable and durable.

knowledge-update
- I‘m trying to plan my next trip... | was ¢ '
.| | thinking about my family trip to Hawaiilast | | Where did | go on
month and how we had a great time my most recent

snorkeling together. family trip?

I'm actually thinking of going to Paris, we
just went there as a family last week and it
was amazing...

&

abstention

i there in my 30-gallon !

has my betta fish, Bubbles.

,q { | upgraded my old 10-gallon tank, which J /Ly e
"

r% | added decorations to the 20-gallon tank
I to create more hiding places for the fish.

single-session-assistant

% Which one would you say is the best for a i EEmEIC TS
0 :

I of the romantic
romantic dinner? ] 3
i restaurantin Rome

you recommended
for dinner?

and intimate atmosphere with soft lighting

:#3( 1 would recommend Roscioli. It has a cozy
and service...

temporal-reasoning

I went to behind-the-scenes
tour of the Science Museum

T
(122
N e
today with a friend who's a
chemistry professor.

« ;',;; %, [ lattended aguided tour atthe
N Natural History Museum

How many months
have passed since
my last museum

yesterday with my dad.

the History Museum about
ancient civilizations this month.

5 ,’;',1;‘, {IjustleamadaLotinalaclureat
gj N .
)

multi-session

I'm looking to find a piano technician to
service my Korg B1. How many musical |
instruments do |

[ I've been playing my black Fender J currently own?

Stratocaster electric guitar a lot lately...

I've had my acoustic guitar, a Yamaha
FG800, for about 8 years.

I'm thinking of selling my old drum set, a 5-
piece Pearl Export.

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

Model Reliability Generality Paraphrase Portability Locality
Match F1  Match Fl1  Match F1  Match Fl Match F1
Flan-T5-220M 0.15 3.27 250  5.88 0.11 333 019 2.84 546 14.22
Flan-T5-770M 0.23 370 339  7.68 0.24 380 025 3.15 1047 1645
Llama-2-7b 130 099 5384 1.12 .34 097 086 056 5136 5.56
Llama-3.1-8B 1.94 1.05 7.68 130 218 1.06 1.00 059 5852 1151
+RAG 2585 1250 3032 11.82 2581 1262 2098 554 4086 16.19
Llama-3.2-1B 046 075 359 082 062 081 028 046 2799 449
+RAG 1692 624 1571 482 1561 598 1174 258 1829 413
Qwen-2.5-1.5B 024 203 281 464 022 218 031 1.23  30.89 33.86
+RAG 2192 1557 27.12 1571 22.03 1524 18.60 11.74 1949 10.17
Qwen-2.5-7B 086 3.04 466 622 078 293 084 1.30 4428 40.10
+RAG 25777 20.09 3197 2400 2568 1949 2592 16.03 3542 23.02
Gemma-3-1B-pt  0.51 0.60  4.33 0.65 058 064 031 0.62 2658 192
+RAG 1443 559 1659 504 1364 5.66 8.13 216 1996 5.03
Flan-T5-220M 1006 1338 7.05 1022 6.10 947 016 0.65 455 684
Flan-T5-220M (ens) ¢ 39.16 4196 2096 2396 2572 2910 226 3.66 4459 940
Flan-T5-770M 46.09 4883 2558 2960 3325 3670 386 670 1547 1622
Flan-T5-770M (ens) 52.82 5385 3184 3491 40.02 4204 656 814 49.58 11.55

Large database with different

Wikipedia pages

Zhang et al., “Bidirectional LMs are Better Knowledge Memorizers? A Benchmark for Real-world Knowledge
Injection,” ACL 2026

76

Research Qualifying Exam

UCSan Diego
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Flan-T5-770M (ens) 52.82 5385 3184 3491 40.02 4204 656 814 49.58 11.55

Zhang et al., “Bidirectional LMs are Better Knowledge Memorizers? A Benchmark for Real-world Knowledge

Injection,” ACL 2026

Large database with different
Wikipedia pages

Questions are implicit on the
surface form
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Challenge 1: New Knowledge hardly Acquired through RAG
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+RAG 2192 1557 27.12 1571 22.03 1524 18.60 11.74 1949 10.17
Qwen-2.5-7B 086 3.04 466 622 078 293 084 130 4428 40.10
+RAG 2577 20.09 3197 2400 2568 1949 2592 16.03 3542 23.02
Gemma-3-1B-pt  0.51 0.60  4.33 0.65 058 064 031 0.62 2658 192
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Zhang et al., “Bidirectional LMs are Better Knowledge Memorizers? A Benchmark for Real-world Knowledge

Injection,” ACL 2026

Large database with different
Wikipedia pages

Questions are implicit on the
surface form

RAG helps, but it is not enough

78

Research Qualifying Exam

UCSan Diego



Challenge 2: Capability Improvement Faces Saturations

More context helps first

Max Context Length | FINER (Acc 1)

DeepSeek-V3.1 as Base LLM

N/A (without ACE) | 70.7
Offline Adaptagtion
10K 78.6.179
50K 78.4 77
100K 783176
Zhang et al., “Agentic Context Engineering: Evolving Contexts for Self-Improving Language Models,” ICLR 2025 UC S .
an Diego
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Challenge 2: Capability Improvement Faces Saturations

More context helps first

Max Context Length | FiNER (Acc 1) But after useful evidence is covered, performance can
saturate
DeepSeek-V3.1 as Base LLM
N/A (without ACE) | 70.7
Offline Adaptation
10K 786,20
50K 78.4. .77
100K 783176

Zhang et al., “Agentic Context Engineering: Evolving Contexts for Self-Improving Language Models,” ICLR 2025 / UC S D g
a1 V1ego
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Challenge 2: Capability Improvement Faces Saturations

More context helps first

Max Context Length | FiNER (Acc 1) But after useful evidence is covered, performance can
saturate
DeepSeek-V3.1 as Base LLM
N/A (without ACE) | 70.7 _
Offline Adaptation SURLTIEN] s el
10K 78.6179 * More tokens
50K 78.4. 77 * More retrieval cost
100K 78.3. 76 * More irrelevant details

Zhang et al., “Agentic Context Engineering: Evolving Contexts for Self-Improving Language Models,” ICLR 2025 / UC S D g
a1 V1ego
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Challenge 2: Capability Improvement Faces Saturations

More context helps first

Max Context Length | FiNER (Acc 1) But after useful evidence is covered, performance can
saturate
DeepSeek-V3.1 as Base LLM
N/A (without ACE) | 70.7 _
Offline Adaptation SURLTIEN] s el
10K 78.6.7.9 - More tokens
50K 78.4. 77 * More retrieval cost
100K 78.3. 76 * 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 / UC S D g
a1 V1ego
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