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FromGeneral-Purposeto PersonalIntelligence

3

ÅLLMs are Becoming Part of Everyday Digital Life

Ç Conversational Agents
Ç Decision Assistants
Ç Creative Partners
Ç SearchAgent
Ç HealthcareAssistants

Essential interfacesbetweenusersanddigital worlds,e.g.,
BytedanceSeedDAU> 200million

Personalizationbecomesnecessary:It becomesnecessaryto understand, remember, and 
adapt to individual users over time
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FromGeneral-Purposeto PersonalIntelligence

4

ÅGeneral-purposeIntelligence breaks down at the individual level

Ç Current general-purpose Intelligence: population-level
Å One-size-fits-all responses
Å Lacks awareness of individual differences(preferences,values,

goals,andŎƻƴǘŜȄǘΧύ
Å reasonable, yet impersonal

Userfeeling:άLǘ ǿƻǊƪǎ τ ōǳǘ ƛǘ ŘƻŜǎƴΩǘ ǊŜŀƭƭȅ ǳƴŘŜǊǎǘŀƴŘ ƳŜ.έ

ÇMove towardspersonalintelligence
Å Individual-level understanding:long-term
Å Behavior that adapts and evolves as the user does
Userfeeling:άIt understands me τ even better than I do.έ
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GPT6: Memory + Personalization Personal intelligence 

Personalized LLM alignment is not just a research topic τ it is the key enabler for AI to 
transform industries, organizations, and individual productivity.

FromGeneral-Purposeto PersonalIntelligence
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What needto do: PersonalizingLLMs
Understand user data, reason user preference, and produce personalized content or actions.

Goal: make personalization as a foundational capability of LLMs

FromGeneral-Purposeto PersonalIntelligence



LLM Personalization: Foundations, Breakthroughs, and Frontiers 8 / 100 SIGIR2026Tutorial

The Bottlenecks of Personalizationin LLMs

8

Usersare not represented
(Representationbottlenecks)

Preferencesare not aligned
(Alignment bottlenecks)

Å LLMs do not maintain an explicit user model

Å User history is treated as:Raw text; Prompts; Short-term context

Å No structured, time-adaptive representation of individuals

Å[[aΩǎalignmentisperformedat populationlevel
Å SFT& RLoptimizeaverage& majoritypreferences
Å LLMarenot alignedto understandƛƴŘƛǾƛŘǳŀƭǎΩBehavior& Value

Evolvingis challenging
(Updatingbottlenecks)
Å User preferences are non-stationary
Å Usersevolveover time

Å ButLLMsarehardto update

Align to users

Memory
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GeneralPersonalizationFramework

User Memory

User Data

Store Distill interact

Feedbackupdateupdate

Memory:A persistent representation of 
the user 

Alignment:Makemodelalignwith user
overtime

Coreof usermodeling Adaptto the user

9

RQ1:Memory -- Howto build memorybetter? RQ2:Alignment -- Howto leveragefeedback
better to updatethe LLM?
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Technique foundations of personalization

Å Frameworkdesign
Å Extraction
Identify user-specific preferences, constraints, goals, and 
contexts from user data.

Å Storage & Update
Maintain evolving user profiles and long-term memories 
over time.

Å Utilization
Retrieve and apply relevant memories to support 
personalized tasks.

ÅTwo core tasks: memory enables user understanding/representation, while 
alignment ensures personalized responses and actions.

Å Content Alignment
DŜƴŜǊŀǘŜ ǊŜǎǇƻƴǎŜǎ ǘƘŀǘ ƳŀǘŎƘ ǘƘŜ ǳǎŜǊΩǎ ǇǊŜŦŜǊŜƴŎŜǎΣ 
background, goals and current context.

Å Action Alignment
{ŜƭŜŎǘ ŀƴŘ ŜȄŜŎǳǘŜ ŀŎǘƛƻƴǎ ǘƘŀǘ ǎŀǘƛǎŦȅ ǘƘŜ ǳǎŜǊΩǎ 
constraints, intentions and real-world context.

Å Trainingtime + test time

AlignmentMemory

Thesetwo partsconsistsof the maintechniquefoundationsfor personalization
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Contentof the tutorial

Thefollowing content

Å1.Techniquefoundations of personalization(Xiaoyan& Xinyu)
ÅPart1:Memory (Xiaoyan)

ÅPart2:Alignmentɀpost-training (Xiaoyan)

ÅPart3:AlignmentɀTest-time personalization(Xinyu)

Å2.Benchmarks& Evaluation(XinyuLin)

Å3.New directionsbeyondmemoryandalignment (Yang)

Å4. Applications(Chongming)

Å5.Conclusion(Chongming)
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About me

Xiaoyan Zhao
Research Fellow

NExT++ResearchCenter

National University of Singapore

xyzhao@nus.edu.sg

Xiaoyan Zhao is a Research Fellow at NUS, working with Prof. Tat-SengChua, 

focusing on LLMPersonalization.She received her Ph.D. from The Chinese 

University of Hong Kongunderthe supervisionof Prof.HongCheng. 

Research Vision
Build AI agents that understand individuals, accumulate meaningful 

memory over time, and behave reliably in healthcare and beyond.

Research Focus

Personalized
LLMs

Agent
Memory

Trustworthy
AI

Happy to connect on discussions and potential collaborations.   

Agentic AI for
Healthcare
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Two Main Typesof Memory

ÅExplicit Memory
ÅStores user-specific information in separate, externally accessible memory units, 

such as knowledge bases or memory banks.

ÅDiscrete, human-readable, and externally accessible

ÅDirectly supports CRUD operations: creation, retrieval, updating, and deletion

ÅRepresentative methods: MemoryBank, MemGPT, and LightMem

ÅImplicit Memory
ÅEncodes user-specific information into model parameters or latent 

representations.

ÅContinuous and not directly human-readable; accessed implicitly during model 
computation

ÅUpdated through training, fine-tuning, or model adaptation

ÅRepresentative methods: ROME, MEMIT, AutoCompressor, and MemGen
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ExplicitMemory: Tow cores

ÅForexplicit memory, there are two core researchquestions:
ÅUserinformation organization :
ÅHow to effectively store the user information, studyingdifferent information

organizationstyles

ÅTechniqueroute:
ÅRawtext +summary->structured information

ÅMemory management:
ÅHow to effectively managethe build memory, includingupdate, read,and write?

ÅTechniquetoute:
ÅManuallydesignedmanagement->agenticmanagement
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Userinformation organization

DataStorage:

ÅFlatmemory (no structure):

ÅRawtext & Summary

MemoryBank: Enhancing Large Language Models with Long-Term Memory.

ÅStructured-based
ÅGraph-based,e.g.,ὓὩάπ

ÅTree-based,Memtree

ÅMarkdown file style (Claudecode)
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Memory management

ÅMemory management:
ÅInformation extraction

ÅRetrieval

ÅUpdate

ÅFull-stackmanagement

ÅCoretrends:
ÅFrommanuallydesignedmethod to learn,andautomantically

management.
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UserInformation extraction

ÅUserInformation extraction: what information to store?

ÅDirect store all information could be redundant.

ÅThe direct approach: prompt the LLM to extract/summarize. 

ÅProblem: dialogue is multi-faceted, so the LLM may not know which 
information to extract. 

ÅManymethodsareproposed,for example: 
Ålogic-aware summarization

Ådifference-aware extraction

Ålearning-to-summarize
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UserInformation extraction: difference-awareextraction

ÅBackground:
ÅUserdatacouldberedundant,not all informationis important for personalization

ÅDirectlysummarizingcouldbehardto captureimplicit preferenceinformation

ÅGoal: to moreaccuratelyextractpreferenceinformation

ÅCoreinsights:Ourdifferencemakesusunique;uniquenessshapesthe preference(social
science)

ÅMethod core:

YilunQiu, et al. Measuring What Makes You Unique: Difference-Aware User Modeling for Enhancing LLM Personalization. ACL2025Findings.

ÅEmphasize extracting inter-user differences in memory construction for personalization tasks.
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UserInformation extraction: difference-awareextraction

ÅMethod details:selectivecomparisonpredefined dimensions

YilunQiu, et al. Measuring What Makes You Unique: Difference-Aware User Modeling for Enhancing LLM Personalization. ACL2025Findings.

 {ŜƭŜŎǘ ǊŜǇǊŜǎŜƴǘŀǘƛǾŜ ǳǎŜǊǎ ŦƻǊ ŎƻƳǇŀǊƛǎƻƴ ōȅ 
ŎƘƻƻǎƛƴƎ ǘƘŜ ŎŜƴǘǊŀƭ ǳǎŜǊ ƻŦ ŜŀŎƘ ŎƭǳǎǘŜǊΦ

tǊŜŘŜŦƛƴŜŘƛƳŜƴǎƛƻƴǎǘƻ
ǎǘǊǳŎǘǳǊŜǘƘŜŘƛŦŦŜǊŜƴŎŜŜȄǘǊŀŎǘƛƻƴ
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UserInformation extraction: Logic-aware

ÅLogic-aware extraction
ÅMotivation

(ÏÎÇØÕÎ $ÉÎÇ ÅÔÁÌȢ4Ï×ÁÒÄÓ 2ÏÏÔ -ÅÍÏÒÉÅÓȡ "ÅÎÃÈÍÁÒËÉÎÇ ÁÎÄ %ÎÈÁÎÃÉÎÇ )ÍÐÌÉÃÉÔ ,ÏÇÉÃÁÌ -ÅÍÏÒÙ 2ÅÔÒÉÅÖÁÌ ÆÏÒ 0ÅÒÓÏÎÁÌÉÚÅÄ ,,-Ó

{ƛƳǳƭǘŀƴŜƻǳǎƭȅ ŎƻƴǎƛŘŜǊ ǘǿƻ ǘȅǇŜǎ ƻŦ ƳŜƳƻǊƛŜǎ ǘƘŀǘ ŀǊŜ ŎǊƛǘƛŎŀƭ ŦƻǊ ǇŜǊǎƻƴŀƭƛȊŜŘ ǊŜǎǇƻƴǎŜǎΥ
{ŜƳŀƴǘƛŎ ƳŜƳƻǊȅΥ ƳŜƳƻǊƛŜǎ ǘƘŀǘ ŀǊŜ ǎŜƳŀƴǘƛŎŀƭƭȅ ǎƛƳƛƭŀǊ ǘƻ ǘƘŜ ǉǳŜǊȅΦ
[ƻƎƛŎŀƭ ƳŜƳƻǊȅΥ ƳŜƳƻǊƛŜǎ ǘƘŀǘ ŀǊŜ ŎǊǳŎƛŀƭ ǘƻ ǘƘŜ ǊŜŀǎƻƴƛƴƎ ƭƻƎƛŎ ŦƻǊ ǇŜǊǎƻƴŀƭƛȊŜŘ ǊŜǎǇƻƴǎŜǎΦ
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UserInformation extraction: Logic-aware

ÅLogic-aware extraction

(ÏÎÇØÕÎ $ÉÎÇ ÅÔÁÌȢ4Ï×ÁÒÄÓ 2ÏÏÔ -ÅÍÏÒÉÅÓȡ "ÅÎÃÈÍÁÒËÉÎÇ ÁÎÄ %ÎÈÁÎÃÉÎÇ )ÍÐÌÉÃÉÔ ,ÏÇÉÃÁÌ -ÅÍÏÒÙ 2ÅÔÒÉÅÖÁÌ ÆÏÒ 0ÅÒÓÏÎÁÌÉÚÅÄ ,,-Ó

ÅUrrw Phpru| σ! {ǘǊǳŎǘǳǊŜŘ 
wŜǇǊŜǎŜƴǘŀǘƛƻƴ ŦƻǊ wŜǳǎŀōƭŜ tŜǊǎƻƴŀƭƛȊŜŘ 
5ŜŎƛǎƛƻƴ [ƻƎƛŎ

ÅVwhs 4σ Urrw phpru| frqvwuxfwlrq
Å 9ȄǘǊŀŎǘ ǊŜǳǎŀōƭŜ ǇŜǊǎƻƴŀƭƛȊŀǘƛƻƴ ƪƴƻǿƭŜŘƎŜ 
ŀƴŘ ŘŜŎƛǎƛƻƴπƳŀƪƛƴƎ ƭƻƎƛŎ ŦǊƻƳ ŦǊŀƎƳŜƴǘŜŘ 
Ǌŀǿ ƳŜƳƻǊƛŜǎΦ 

Å /ƻƴǎƻƭƛŘŀǘŜ ǘƘŜƳ ƛƴǘƻ ǎǘǊǳŎǘǳǊŜŘ wƻƻǘ 
aŜƳƻǊȅ ǊŜǇǊŜǎŜƴǘŀǘƛƻƴǎΦ 

ÅVwhs 5σ Urrw Phpru| 
Å DƛǾŜƴ ŀ ǳǎŜǊ ǉǳŜǊȅΣ ǳǎŜ [[a ǊŜŀǎƻƴƛƴƎ ǘƻ 
ƛŘŜƴǘƛŦȅ ƭƻƎƛŎŀƭƭȅ ǊŜƭŜǾŀƴǘ wƻƻǘ aŜƳƻǊƛŜǎΦ 

Å !ŎǘƛǾŀǘŜ ƳŜƳƻǊƛŜǎ ōŀǎŜŘ ƻƴ ƭƻƎƛŎŀƭ ǊŜƭŜǾŀƴŎŜΣ 
ǊŀǘƘŜǊ ǘƘŀƴ ǎŜƳŀƴǘƛŎ ǎƛƳƛƭŀǊƛǘȅΦ
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UserInformation extraction: Learnto summarize

ÅMethod: RLwith Rewardmodel

(ÙÕÎÊÉ .ÁÍȢ,ÅÁÒÎÉÎÇ ÔÏ ÓÕÍÍÁÒÉÚÅ ÕÓÅÒ ÉÎÆÏÒÍÁÔÉÏÎ ÆÏÒ ÐÅÒÓÏÎÁÌÉÚÅÄ ÒÅÉÎÆÏÒÃÅÍÅÎÔ ÌÅÁÒÎÉÎÇ ÆÒÏÍ ÈÕÍÁÎ ÆÅÅÄÂÁÃË

{ǳƳƳŀǊƛȊŜǊΥƎŜƴŜǊŀǘŜ ŀ ŎƻƴŎƛǎŜ 
ǎǳƳƳŀǊȅόȊύƻŦǳǎŜǊƘƛǎǘƻǊȅ

Rewardmodel: compute the reward
(r) for the obtainedsummary

RL-learning:becauseof the Discrete
nature,RLisappliedto optimizethe
followingJ

Optimizationgoal:with the summary,the
positiveanswerobtaineda higherreward
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-ÅÍÏÒÙ2ÅÔÒÉÅÖÅ

ÅRetrieval is the key to effectively leveraging the built memory; 

ÅMany methods have been proposed.

ÅMost common ɂ semantic-based retrieval (by textual semantic similarity): 
Åtoken-matching-based, 

Åvector-similarity-based, etc. 

ÅSomespecificdesigns: 
ÅRelation-based retrieval(e.g.,GraphRAG)

ÅLearning-to-retrieve

ChengbingWang, et al. Leveraging Memory Retrieval to Enhance LLM-based Generative Recommendation. WWW2025.

Alireza Salemi et al.Optimization Methods for Personalizing Large Language Models through Retrieval Augmentation. SIGIR2024.
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Retrieve:Learnto retrieve

Å,ÅÁÒÎÈÏ×ÔÏÒÅÔÒÉÅÖÅ

ChengbingWang, et al. Leveraging Memory Retrieval to Enhance LLM-based Generative Recommendation. WWW2025.

Alireza Salemi et al.Optimization Methods for Personalizing Large Language Models through Retrieval Augmentation. SIGIR2024.

Memory

DǊŀŘƛŜƴǘǳǇŘŀǘŜώмϐΥŘŜƴǎŜƴŜǘǿƻǊƪҌŎƻƴǘǊŀǎǘƛǾŜƭŜŀǊƴƛƴƎ
tƻƭƛŎȅƎǊŀŘƛŜƴǘώнϐΥŘƛŦŦŜǊŜƴǘǊŜǘǊƛŜǾŜǊǎҌǇƻƭƛŎȅǳǇŘŀǘŜ

Updating
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UserInformation update & forget

ÅTypically human-designed

Å updates driven by predefined rules or LLM-assisted strategies.

ÅOneexample: Memorybank(Ebbinghaus Forgetting Curve theory-aware)

²ŀƴƧǳƴ½ƘƻƴƎΣ Ŝǘ ŀƭΦ -ÅÍÏÒÙ"ÁÎËȡ %ÎÈÁÎÃÉÎÇ ,ÁÒÇÅ ,ÁÎÇÕÁÇÅ -ÏÄÅÌÓ ×ÉÔÈ ,ÏÎÇȤ4ÅÒÍ -ÅÍÏÒÙΦ
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01  Natural decay
Retention falls quickly at first, then more slowly as a 

memory goes unused.

03  Reset and reinforce

Recall resets and flattens the decay curve; spaced 

repetition strengthens long-term retention.

0

25

50

75

100

Stored Day 1 Recalled +1 day +7 days

No further recall After recall

02  Recall triggers an update

When related content is mentioned or retrieved again, 

the system triggers a memory update.

¦ƴǳǎŜŘ ƳŜƳƻǊƛŜǎ ŦŀŘŜΤ ǊŜŎŀƭƭ ǊŜǎŜǘǎ ŘŜŎŀȅ ŀƴŘ ǎǘǊŜƴƎǘƘŜƴǎ ŦǳǘǳǊŜ ǊŜǘŜƴǘƛƻƴΦ
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[ŜŀǊƴǎ ƴƻǘ ƻƴƭȅ ǿƘŀǘ ǘƻ ǊŜƳŜƳōŜǊΣ ōǳǘ ŀƭǎƻ Ƙƻǿ ǘƻ ǊŜǘǊƛŜǾŜ ŀƴŘ ǳǎŜ ƳŜƳƻǊƛŜǎ
¢ƘǊŜŜƪŜȅŘŜǎƛƎƴǎΥ
мΦ aŜƳƻǊȅ {ǘƻǊŀƎŜ
¦ǎŜ ǘŀǎƪπǎǇŜŎƛŦƛŎ ǊŜŦƭŜŎǘƛƻƴ ǘƻ ŘŜŎƛŘŜ ǿƘŀǘ ǎƘƻǳƭŘ ōŜ ǎǘƻǊŜŘΦ
9ȄǘǊŀŎǘ ǘŀǎƪπǊŜƭŜǾŀƴǘ ƛƴŦƻǊƳŀǘƛƻƴ ŦǊƻƳ ƻōǎŜǊǾŀǘƛƻƴǎΦ
нΦ aŜƳƻǊȅ wŜǘǊƛŜǾŀƭ
¦ǎŜ ŀƴ aƻ9 ƎŀǘŜ ǘƻ ŀŘŀǇǘƛǾŜƭȅ ŎƻƳōƛƴŜ ǊŜǘǊƛŜǾŀƭ ǎƛƎƴŀƭǎΦ
{ƛƎƴŀƭǎ ƛƴŎƭǳŘŜ ǊŜƭŜǾŀƴŎŜΣ ƛƳǇƻǊǘŀƴŎŜΣ ǊŜŎŜƴŎȅΣ ŜƳƻǘƛƻƴŀƭ ǊŜƭŜǾŀƴŎŜΣ ŜǘŎΦ
оΦ aŜƳƻǊȅ ¦ǘƛƭƛȊŀǘƛƻƴ
[ŜŀǊƴ Ƙƻǿ ǘƻ ŀƎƎǊŜƎŀǘŜ ǊŜǘǊƛŜǾŜŘ ƳŜƳƻǊƛŜǎ ƛƴǘƻ ǘƘŜ ǇǊƻƳǇǘΦ
wŜŘǳŎŜ ǊŜŘǳƴŘŀƴǘ ƳŜƳƻǊƛŜǎ ŀƴŘ ƛƳǇǊƻǾŜ ŀŎǘƛƻƴ ǊŜŀǎƻƴƛƴƎΦ

Optimization
Off-policy optimization: reuse existing 
interaction trajectories.
On-policy optimization: update memory 
policy through new interactions.

Fullmanagement: Learn tomanagethe full cycle

½ƘŀƴƎΣ ½ŜȅǳΣ Ŝǘ ŀƭΦ Ϧ[ŜŀǊƴ ǘƻ ƳŜƳƻǊƛȊŜΥ hǇǘƛƳƛȊƛƴƎ ƭƭƳπōŀǎŜŘ ŀƎŜƴǘǎ ǿƛǘƘ ŀŘŀǇǘƛǾŜ ƳŜƳƻǊȅ ŦǊŀƳŜǿƻǊƪΦϦ ŀǊ·ƛǾ ǇǊŜǇǊƛƴǘ ŀǊ·ƛǾΥнрлуΦмсснф όнлнрύΦ

Framework

Learningdesign
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Memory management: agentic management

{ƛƪǳŀƴ¸ŀƴΣ Ŝǘ ŀƭΦ aŜƳƻǊȅπwмΥ 9ƴƘŀƴŎƛƴƎ [ŀǊƎŜ [ŀƴƎǳŀƎŜ aƻŘŜƭ !ƎŜƴǘǎ ǘƻ aŀƴŀƎŜ ŀƴŘ ¦ǘƛƭƛȊŜ aŜƳƻǊƛŜǎ Ǿƛŀ wŜƛƴŦƻǊŎŜƳŜƴǘ [ŜŀǊƴƛƴƎ

Instead oftuningnewmodelfor the management,performthe agenticlearningfor
learnthe management
Example: Memory-R1

Tuningthe managerwith RL(PPO+GRPO)

Manager:selecting one of 
ADD, UPDATE, DELETE, NOOP 
for each new piece of 
information, outputting both 
the operation and updated 
content

Rewarddesign(exactmatchingbetween
predictedanswer& ground-truth):
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Implicit Memory:Two Types

ÅWhyImplicit?
Åefficiency

ÅIntegrate the reasonandgenerationprocess

ÅLatent memory:
Memorizeuserinformation in the latent space

ÅImplicit memory:
Memorizeuserinformation in the model parameters
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Latent Memory

Zhang, Zeyu, et al. Nextmem: Towards latent factual memory for llm-based agents. Arxiv, 2026

ÅCore: compress memory into latent representations for effective and efficient storage 
and use.
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Latent Memory: NextMem

Zhang, Zeyu, et al. Nextmem: Towards latent factual memory for llm-based agents. Arxiv, 2026

ÅThe hidden cost of latent memory: 
ÅStoringlatent representationiscostly

ÅInformationloss

ÅNExTMem tries to resolves both: autoregressiveencodingwith quantizationfor
better compressionwith lessinformation loss

Å Autoregressiveencoding& decodingto ensurelessinformation loss.F1:>=95%vs80%of deepseek-OCR
Å Quantization to reducing the cost increasing for storing. ¼ storing cost of the ICAE/DeepSeek-OCR 

Autoregressivelatent encoding vǳŀƴǘƛȊŀǘƛƻƴōŜŦƻǊŜǎǘƻǊƛƴƎ
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Parametric Memory

ÅCompressingthe userinformation into model parametersvia training

ÅDifferent way of utilizing the memory

ÅOnerepresentativemethod: MemGen

Guibin Zhang.MemGen: Weaving Generative Latent Memory for Self-Evolving Agents

hϛ hϥϛ mϛ mϜ é m h

ҧ injected latent memory Mt

&ÒÏÚÅÎ ÂÁÃËÂÏÎÅ ,,-  ʌʃ

ŀǘǘŀŎƘŜŘ ǘƻ ˉʻ ϊ ǊŜŀŘǎ IǘΣғƧŀǘǘŀŎƘŜŘ ǘƻ ˉʻ ϊ ƛƴƧŜŎǘǎ aǘ ҧ όǇǊŜǇŜƴŘύ

 Memory Trigger   · LoRA

Input: hidden states Ht,<j

When: only at sentence boundaries (commas 
/ periods)

Output: INVOKE / SKIP τ whether to recall 
memory

Training: RL, sparse τ fires only at key points

INVOKE

 -ÅÍÏÒÙ 7ÅÁÖÅÒ  ɇ ,Ï2!

Input (hook): IǘΣғƧΣ ǎƘŀǇŜ όƧҍмύ × d_model

reads hidden states, not text

Output: aǘ Ґ ώƳѕΣ ΧΣ Ƴ], K × d_model

K latent tokens, living in the hidden space

Action: ǇǊŜǇŜƴŘ ǘƻ ƘƛŘŘŜƴ ǎǘŀǘŜǎ Ҧ ˉʻ ǊŜǎǳƳŜǎ ό9ǉΦ сύ

A Lorato
memorize
historical
informaiton
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New frontier: LLM-Native Memory

ZhangZeyuet al.Metis: Memory Foundation Model

The state-procedure loop

M /ǳǊǊŜƴǘaŜƳƻǊȅ{ǘŀǘŜ

wŜŀŘκ ¦ǘƛƭƛȊŜ

y ~ P(· | X ; ʊ, M )
GenerateTheCurrentResponse

Write / Update

M ўѕ Ґ ¦όa, X, Y)
NextMemory State

Native memory procedure

wŜŀŘǎ aŦƻǊ ǘƘŜ ŎǳǊǊŜƴǘ ǊŜǎǇƻƴǎŜΣ ǘƘŜƴ 
ǘǊŀƴǎŦƻǊƳǎ ƛǘ ƛƴǘƻ aўѕ ŦƻǊ ǘƘŜ ƴŜȄǘ ƛƴǘŜǊŀŎǘƛƻƴΦ

bŀǘƛǾŜaŜƳƻǊȅΥƳƻŘŜƭπƛƴǘŜǊƴŀƭŎŀǇŀōƛƭƛǘȅƻŦƳŜƳƻǊƛȊŀǘƛƻƴ

Duringthe forward computation, the modelseesthe newcontent in
prompt, it directlymemorizethem into modelparameters

Tworequirementsof the model:
Native memory state:

 What the model currently remembers

Native memory procedure:
 How the model reads and transforms its memory state

Designcores:
Å Modifyingthe architectures:supporttheάǎǘŀǘŜέandάprocedureέ

modelling
Å Learningmethodto supportthis (trainingdata),teachingthe

modelto reallyremember,update,forgetΧ
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3ÕÍÍÁÒÙÏÆÔÈÅÍÅÍÏÒÙÐÁÒÔ

ÅTwo main routes: explicit memory& implicit memory

ÅFromplain to structured

ÅFromexternal to internal, and finally hope to be native

ÅFrommanuallydesignto automatic paradigm
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Å1.Techniquefoundations of personalization(Xiaoyan& Xinyu)
ÅPart1:Memory (Xiaoyan)

ÅPart 2:Alignmentɀpost-training (Xiaoyan)

ÅPart3:AlignmentɀTest-time personalization(Xinyu)

Å2.Benchmarks& Evaluation(XinyuLin)

Å3.New directionsbeyondmemoryandalignment (Yang)

Å4. Applications(Chongming)

Å5.Conclusion(Chongming)

#ÏÎÔÅÎÔÏÆÔÈÅÔÕÔÏÒÉÁÌ
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GeneralPost-TuningFramework

ÅEven with user-specificmemorycontent, the model may not fully leverage the
content or generate a response that aligns well with the user.

Å4ÕÎÅ ÔÈÅ ÍÏÄÅÌȭÓ ÐÁÒÁÍÅÔÅÒÓ ÔÏ ÂÅÔÔÅÒ ÁÌÉÇÎ it with individual users.

[1] Democratizing Large Language Models via Personalized Parameter-Efficient Fine-tuning.

CƛƎǳǊŜƳƻŘƛŦƛŜŘŦǊƻƳώмϐ
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ResearchFocus

ÅModel architecturedesign
ÅDirect method: a model for all users

ÅUser-specificdesigned:personal-specificparameters

ÅTuningalgorithm design
ÅSFT-based

ÅReasoning-aware training

ÅRL
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-ÏÄÅÌÁÒÃÈÉÔÅÃÔÕÒÅÆÏÒÔÕÎÉÎÇ

ÅOnefor all:Noɀspecificaldesign

ÅPersonalizedparameters:there aremanytypes of methods
ÅType1: Prompt tuning (P-RLHF)
ÅDifferent userswith different soft prompts

XinyuLi et,al. PERSONALIZED LANGUAGE MODELING FROM PERSONALIZED HUMAN FEEDBACK
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Model architecture for tuning

Å0ÅÒÓÏÎÁÌÉÚÅÄÐÁÒÁÍÅÔÅÒÓȡ
Å4ÙÐÅΤȡÕÓÅÒȤÓÐÅÃÉÆÉÃÈÅÁÄÅÒȤȤ(ÙÄÒÁ
Å!ÐÐÅÎÄ ÔÈÅ ÕÓÅÒȤÓÐÅÃÉÆÉÃ ÈÅÁÄ ʐɉÕɊ ÏÎ ÔÏÐ ÏÆ ÔÈÅ ÂÁÓÅ ÍÏÄÅ

Yuchen Zhuanget,al. HYDRA: Model Factorization Framework for Black-Box LLM Personalization
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Model architecture for tuning

ÅPersonalizedparameters:
ÅType3:LoRA-based personalization

Learna pool of LoRAand then gate the userwith different LoRA

:ÈÁÏØÕÁÎ 4ÁÎÅÔȟÁÌȢ0%23/.!,):%$ 0)%#%3ȡ %ÆÆÉÃÉÅÎÔ 0ÅÒÓÏÎÁÌÉÚÅÄ ,ÁÒÇÅ ,ÁÎÇÕÁÇÅ -ÏÄÅÌÓ ÔÈÒÏÕÇÈ #ÏÌÌÁÂÏÒÁÔÉÖÅ %ÆÆÏÒÔÓ
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Designgoalsof tuningalgorithm

ÅSFT-based
ÅEnhancingSFTmethod to better leverageuserdata
ÅCausal-basedmethod

ÅReasoning-enhanced
Åutilize reasoningto enhancethe model

ÅRL-based
ÅExploreuserpreferenceon new data

ÅUserreward model
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3&4ȤÂÁÓÅÄȡ#ÁÕÓÁÌÉÔÙȤÅÎÈÁÎÃÅÄÔÕÎÉÎÇ

ÅExisting work: treats all tokens indiscriminately.

Å Inherent limitation: aligning on the whole user 
history and response at once τ without telling 
which predictions and which tokens are truly 
driven by user history τ leaves personalization 
only at the surface.

Core Goal: How can we disentangle 
the preference -driven 
component from contextual noise, 
and align & learn around only that 
component?

User data
Task
Format
ɚɚ

Lqsxw LLM Output  ŗ
fit

Jurxqg0
wuxwkwh{w |

Coherence
Format
Preference
ɚɚ

Preference modeled by the model
αmodel -sideβ

Preference fit from the data
αdata -sideβ

·ƛŀƻȅŀƴ ½Ƙŀƻ Ŝǘ ŀƭΦ bŜȄǘvǳƛƭƭΥ /ŀǳǎŀƭ tǊŜŦŜǊŜƴŎŜ aƻŘŜƭƛƴƎ ŦƻǊ 9ƴƘŀƴŎƛƴƎ [[a tŜǊǎƻƴŀƭƛȊŀǘƛƻƴΦ L/[wΣ нлнс
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How can we identify the true preference signal?
Key Idea: NextQuill separately estimates the causal preference effect of user history on the model side and the 
data side, teaching the model to recognize and align with the true preference signal.

Model -
generated 
predicted 

text

User 
ground -truth 
responses

Fdxvdoo|0hqkdqfhg wudlqlqj vljqdo

Probability gap 
between "with" vs. 

"without" user history

Difference

Model -side:  the probability gap over the 
model's own predicted tokens τ i.e., the 
preference the LLM has actually learned.

Gdwd0vlgh= ǘƘŜ ǇǊƻōŀōƛƭƛǘȅ ƎŀǇ ƻǾŜǊ ƎǊƻǳƴŘπǘǊǳǘƘ 
ǘƻƪŜƴǎ ƛƴ ǊŜŀƭ ǳǎŜǊ Řŀǘŀ τ ƛŘŜƴǘƛŦȅƛƴƎ ǿƘƛŎƘ ǘƻƪŜƴǎ 
ŜȄǇǊŜǎǎ ǇǊŜŦŜǊŜƴŎŜ ƛƴ ǘƘŜ ǘǊŀƛƴƛƴƎ ǎŜǘΦ

Difference

Xiaoyan Zhao et al. NextQuill: Causal Preference Modeling for Enhancing LLM Personalization. ICLR, 2026

SFT-based:Causality-enhancedtuning
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2ÅÁÓÏÎÉÎÇÅÎÈÁÎÃÅÄȡÒÅÁÓÏÎȤÔÈÅÎÇÅÎÅÒÁÔÉÏÎ

Alireza Salemi. Reasoning-Enhanced Self-Training for Long-Form Personalized Text Generation

ÅReasoningenhanced:let model reasonbefore generatingthe answer
ÅBuildsomereasoningdata to train the model

ÅGenerateby the LLMwith sampling
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Reasoningenhanced:think-while generation

YŜȅ ǇǊƻōƭŜƳΥ Lƴ ƭƻƴƎπŦƻǊƳ ŎƻƴǘŜƴǘ ƎŜƴŜǊŀǘƛƻƴΣ ŜŦŦŜŎǘƛǾŜƭȅ ǊŜŀǎƻƴƛƴƎ ƻǾŜǊ ŀƴŘ ƭŜǾŜǊŀƎƛƴƎ 
ǳǎŜǊǎŘȅƴŀƳƛŎŀƭƭȅ ŜǾƻƭǾƛƴƎ ǇǊŜŦŜǊŜƴŎŜǎǊŜƳŀƛƴǎ ŘƛŦŦƛŎǳƭǘΦ

üMainstream approach: Think-then-Generate.

ü Intrinsic limitation: It cannot adapt to dynamic 
changes in user preferences within the content.

Key idea: In long-form writing, users often develop new 
ideas as the generated content evolves.

Think-while-Generating.
Basedon latent reasoning

Chengbing Wang et al. Think-While-Generating: On-the-Fly Reasoning for Personalized Long-Form Generation. ICLR, 2026
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Key techniques:
Construct lightweight reasoners and generators that alternately and in parallel perform user preference 
reasoning and personalized content generation.

üReasoner: performs latent reasoning at each generation step to improve reasoning efficiency.
üGenerator: takes latent reasoning tokens as input to generate personalized text tokens.

Chengbing Wang et al. Think-While-Generating: On-the-Fly Reasoning for Personalized Long-Form Generation. ICLR, 2026

Reasoningenhanced:think-while generation

Flythinker:
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RL-basedpersonalization methods 

Alireza Salemi. Reasoning-Enhanced Self-Training for Long-Form Personalized Text Generation

ÅRLHF/RLAF:
Åexplore user interest on new sample/response

1. Rewarddesign нΦw[ǘǊŀƛƴƛƴƎ

ForRLlearning,the commonRLalgorithmlike GRPO,PPOisutilized.
Thedesign'sfocusismainlyon the rewarddesign.

Policygradient
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UserRewardModel

!ÌÉÒÅÚÁ 3ÁÌÅÍÉȢ2ÅÁÓÏÎÉÎÇȤ%ÎÈÁÎÃÅÄ 3ÅÌÆȤ4ÒÁÉÎÉÎÇ ÆÏÒ ,ÏÎÇȤ&ÏÒÍ 0ÅÒÓÏÎÁÌÉÚÅÄ 4ÅØÔ 'ÅÎÅÒÁÔÉÏÎ

ÅGoal: Traininga model to provide personalizedfeedbackon the new sample/response

ÅUser-annotated data is usuallylimited/sparse; Soresearchefforts payattention to
how to better leveragethe data to train the reward model

ÅRepresentativemethods:
ÅLatent factor-basedmethods

ÅLearnuserpreferencesaslatent factors
ÅDifferent efforts focus on Different latent factor designs

ÅBehaviorsimilarity-awaremodeling

Query+
response

tŜǊǎƻƴŀƭƛȊŜŘ
ǎŎƻǊŜ

Training
data

LLMs

fit
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2Å×ÁÒÄ-ÏÄÅÌÉÎÇȡ,ÁÔÅÎÔ ÆÁÃÔÏÒȤÂÁÓÅÄÍÅÔÈÏÄÓ

DaiweiChen.PAL: Sample-efficient 327 personalized reward modeling for pluralistic alignment.

ÅPAL:Learnthe user's ideal preference in the latent space
ÅModel ÅÁÃÈ ÕÓÅÒȭÓ ÐÒÅÆÅÒÅÎÃÅ ÍÁÐÐÉÎÇ ÁÓ Á ÃÏÎÖÅØ ÃÏÍÂÉÎÁÔÉÏÎ ÏÆ + ÐÒÏÔÏÔÙÐÉÃÁÌ ÍÁÐÐÉÎÇÓ

Userweight UserweighttǊƻǘƻǘȅǇƛŎŀƭǇǊŜŦŜǊŜƴŎŜ Prototypicalpreference 

Loss:maximize aŀƪŜǇƻǎƛǘƛǾŜǎŀƳǇƭŜ
ƳƻǊŜŎƭƻǎŜǘƻǳǎŜǊ

Preference Vector Preference Mapping
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RewardModeling: Latent factor-basedmethods

Å2Å×ÁÒÄ ÆÁÃÔÏÒÉÚÁÔÉÏÎȤȤ02Å&Ǫ,Ï2Å

ÍÏÄÅÌ ÉÎÄÉÖÉÄÕÁÌ ÐÒÅÆÅÒÅÎÃÅÓ ÁÓ ×ÅÉÇÈÔÅÄ ÃÏÍÂÉÎÁÔÉÏÎÓ ÏÆ ÔÈÅ ÂÁÓÉÓ ÒÅ×ÁÒÄ ÆÕÎÃÔÉÏÎÓ

Avinandan Bose. LoRe: Personalizing LLMs via Low-Rank Reward Modeling

Idan Shenfeld. Language Model Personalization via Reward Factorization

Learn:Maximizethe score
for positive samples,and
minimizefor negativeones
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RewardModeling: Behaviorsimilarity-aware

9ÁÎÇ:ÈÁÎÇȢ"ÅÈÁÖÉÏÒȤ!×ÁÒÅ 2Å×ÁÒÄ 3ÈÁÐÉÎÇ ÆÏÒ 0ÅÒÓÏÎÁÌÉÚÅÄ 0ÒÅÆÅÒÅÎÃÅ /ÐÔÉÍÉÚÁÔÉÏÎȢ

Å Motivation: Userdata encodesinformation beyondsemantics

Å ά.ŜŜǊandŘƛŀǇŜǊέphenomenonin recommendation:Young 

dads were buying beer and diapers together after work

Å Co-occurrencesindicatebehaviorsimilarities

Semanticallysimilar?

Behaviorallysimilar?

Å IƻǿǘƻŎŀǇǘǳǊŜǎǳŎƘōŜƘŀǾƛƻǊǎƛƳƛƭŀǊƛǘƛŜǎŦƻǊƳƻŘŜƭƛƴƎΚ

Capturing item co-occurrences based on the interaction matrices
Methods:Userembeddingu item embeddingi -> interaction

i sharedacrossusers,enablinglearningthe co-occurrences

Lack of shared interaction data to 
construct informative matrices, lackthe
direct co-occurrencesinformation
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RewardModeling: Behaviorsimilarity-aware

9ÁÎÇ:ÈÁÎÇȢ"ÅÈÁÖÉÏÒȤ!×ÁÒÅ 2Å×ÁÒÄ 3ÈÁÐÉÎÇ ÆÏÒ 0ÅÒÓÏÎÁÌÉÚÅÄ 0ÒÅÆÅÒÅÎÃÅ /ÐÔÉÍÉÚÁÔÉÏÎȢ

Solution
Leverage quantization to construct semantic IDs, enabling the capture of 
behavior similarity signals.

Constructthe co-occurrence
information

LƴǎŜǊǘǘƘŜ ǳǎŜǊL5ŀƴŘ
ǎŜƳŀƴǘƛŎL5ŜƳōŜŘŘƛƴƎƛƴǘƻ
ǘƘŜ ǊŜǿŀǊŘƳƻŘŜƭŦƻǊŦƛǘǘƛƴƎ
ƛƴǘŜǊŀŎǘƛƻƴŘŀǘŀΦ
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Summaryof the personalizedpost-training

ÅSFT-based
ÅEnhancingSFTmethod to better leverageuserdata
ÅCausal-basedmethod

ÅReasoning-enhanced
Åutilize reasoningto enhancethe model

ÅRL-based
ÅExploreuserpreferenceon new data

ÅUserreward model
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#ÏÎÔÅÎÔÏÆÔÈÅÔÕÔÏÒÉÁÌ

Å1.Techniquefoundations of personalization(Xiaoyan& Xinyu)
ÅPart1:Memory (Xiaoyan)

ÅPart2:Alignmentɀpost-training (Xiaoyan)

ÅPart3:AlignmentɀTest-time personalization(Xinyu)

Å2.Benchmarks& Evaluation(XinyuLin)

Å3.New directionsbeyondmemoryandalignment (Yang)

Å4. Applications(Chongming)

Å5.Conclusion(Chongming)
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Alignment: Test-time personalization
Motivation    ·   Why do we need test-time personalization?

Real-time response
Personalize on the fly at inference ɂ no 

retraining or redeployment for each user

$ÙÎÁÍÉÃ ÕÓÅÒ ÐÒÅÆÅÒÅÎÃÅ
0ÒÅÆÅÒÅÎÃÅÓ ËÅÅÐ ÅÖÏÌÖÉÎÇ ɂ ÁÄÁÐÔ ÔÏ ÔÈÅ 

ÌÁÔÅÓÔ ÕÓÅÒ ÓÉÇÎÁÌÓ ÉÍÍÅÄÉÁÔÅÌÙ

Context-specific preference
The same user expects different responses 

in different contexts ɂ adjust per query

Content for this part 
Two types ɂ how to align user preference at test time One exploration ɂ how far can it go?

Σ Test-time Steering

Intervene on LLMs

%ÄÉÔ ÔÈÅ ,,-ȭÓ ÏÕÔÐÕÔ ÌÏÇÉÔÓ ÏÒ 
internal activations with a user-

specific steering vector at 
inference.

7ÏÒËÓ ΧɀΩ  ɇ  #Ï3 Ⱦ #!3 Ⱦ 3ÔÅÅÒ8

2 Test-time Adaptation

Intervene on decoding scores

Adjust output scores at 
decoding with a personalized 

reward ɂ the LLM stays frozen

Work 4  ·  Drift

Υ Test-time Scaling

Scale up inference compute

More candidates, deeper 
reasoning ɂ explore the 

potential of test-time 
ÐÅÒÓÏÎÁÌÉÚÁÔÉÏÎȡ ×ÈÅÒÅȭÓ ÔÈÅ 

ceiling?
7ÏÒËÓ Ϋɀά  ɇ  $ÉÁÇÎÏÓÔÉÃ Ⱦ $20
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!ÌÉÇÎÍÅÎÔȡ 4ÅÓÔȤÔÉÍÅÐÅÒÓÏÎÁÌÉÚÁÔÉÏÎ
Motivation    ·   Why do we need test-time personalization?

2ÅÁÌȤÔÉÍÅ ÒÅÓÐÏÎÓÅ
0ÅÒÓÏÎÁÌÉÚÅ ÏÎ ÔÈÅ ÆÌÙ ÁÔ ÉÎÆÅÒÅÎÃÅ ɂ ÎÏ 

ÒÅÔÒÁÉÎÉÎÇ ÏÒ ÒÅÄÅÐÌÏÙÍÅÎÔ ÆÏÒ ÅÁÃÈ ÕÓÅÒ

Dynamic user preference
Preferences keep evolving ɂ adapt to the 

latest user signals immediately

Context-specific preference
The same user expects different responses 

in different contexts ɂ adjust per query

Content for this part 
Two types ɂ how to align user preference at test time /ÎÅ ÅØÐÌÏÒÁÔÉÏÎ ɂ ÈÏ× ÆÁÒ ÃÁÎ ÉÔ ÇÏȩ

1 Test-time Steering
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Works 1ɀ3  ·  CoS / CAS / SteerX

2 Test-time Adaptation

Intervene on decoding scores

Adjust output scores at 
decoding with a personalized 

reward ɂ the LLM stays frozen

7ÏÒË Ϊ  ɇ  $ÒÉÆÔ

3 Test-time Scaling

3ÃÁÌÅ ÕÐ ÉÎÆÅÒÅÎÃÅ ÃÏÍÐÕÔÅ

-ÏÒÅ ÃÁÎÄÉÄÁÔÅÓȟ ÄÅÅÐÅÒ 
ÒÅÁÓÏÎÉÎÇ ɂ ÅØÐÌÏÒÅ ÔÈÅ 

ÐÏÔÅÎÔÉÁÌ ÏÆ ÔÅÓÔȤÔÉÍÅ 
ÐÅÒÓÏÎÁÌÉÚÁÔÉÏÎȡ ×ÈÅÒÅȭÓ ÔÈÅ 

ÃÅÉÌÉÎÇȩ
Works 5ɀ6  ·  Diagnostic / DRP
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Test-time Steering - # Work 1:Context Steeringfor Controllable Personalization

Zhiyang Heet al. Context Steering: Controllable Personalization at Inference Time. ICLR, 2025
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Zhiyang Heet al. Context Steering: Controllable Personalization at Inference Time. ICLR, 2025

Steer at output layer
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Test-time Steering - # Work 2: Contrastive Activation Steering
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Steer at middle layer (hidden states)
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Test-time Steering - # Work 2: Contrastive Activation Steering

JinghaoZhanget al. Personalized Text Generation with Contrastive Activation Steering. ACL, 2025


