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From GeneralPurposeto Personallntelligence

A LLMs are Becoming Part of Everyday Digital Life

Essential interfacebetween usersanddigital worlds, e.g.,
BytedanceSeedDAU> 200 million

C Conversational Agents
C Decision Assistants

C Creative Partners

C SearchAgent

C HealthcareAssistants

Personalizatiorbecomesnecessaryit becomesiecessaryo understand, remember, and
adapt to individual users over time

3
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From GeneralPurposeto Personallntelligence

A Generalpurposelntelligence breaks down at the individual level

C Current generapurpose Intelligencepopulationlevel
ONE-SIZE-FITS-ALL PERSONALIZED PATH A Onesizefits-all responses
A Lacks awareness of individual differenc@sreferencesyalues,
goalsandO2 y (i SE (i X 0
A reasonable, yet impersonal
Userfeelingga LG B3N a A0 R2SayQi ANBI

C Movetowardspersonalintelligence
A Individuatevel understandingiongterm
A Behavior that adapts and evolves as the user does
Userfeeling:dit understands ma even better than | dc

4
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From GeneralPurposeto Personallntelligence

Google Unveils
Personalization for

Sam Altman already teased GPT-6
Gemini Al Models

OpenAl CEO Sam Altman revealed that GPT 6 will focus:on memory and personalization rather than

just more processing power
g

GPT6: Memory + Personalization Personal intelligence

Google announced new personalization capabilities
for Gemini, enabling the model to better understand

= 9 1 : :
by Kerem Giilen August 21, 2025 in Artificial Intelligence, News your context, preferences, and goalsA

o

Personalized LLM alignment is not just a research topitis the key enabler for Al to
transform industries, organizations, and individual productivity.
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From GeneralPurposeto Personallntelligence

What needto do: Personalimg LLMs
Understand user data, reason user preference, and produce personalized content or acti

~— User data
% Profile
=== | Behavior
n
a-? | Context
\_
2

p Environment

IEE Internet

Physical
world

Human

—

nderstand user

Reason &

generate/retrieve

Personalized |—

—
Personalized personalized Tasks
LLMs / Agents . content Generation

F 3

« Recommendation
+ Planning

« Tool use / actions

Interaction

H

Response [*— i

User

f

J

Personalized Content
User data: A 5-year-old child who likes toy cars.

= Question: Explain Newton's second law.

n

[Explains it with toy-car examples and simple Ianguage.]

Personalized Actions

OIS User data: Canceled noisy restaurants before;
[ o_° ) has meeting at 8:30 p.m.

T Question: Help me arrange dinner tonight.

Books a quiet nearby restaurant at 6:30 p.m. and adds
a leave reminder before the meeting.

Goal: make personalization as a foundational capability of LLMs
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The Bottlenecks of Personalizatiom LLMs

Usersare not represented viemory  esweiue |
(Representatiomottlenecks) @ T r®— Model |
\
A LLMs do not maintain an explicit user model User A t . I
A User history is treated agaw text Prompts Short-term context @
Chat history

A No structured time-adaptiverepresentation of individuals

Preferencesare not aligned

(Alignment bottlenecks) e |
a Reward Model ‘
(@ 'o—’ Average

A [ [ aallmentis performedat populationlevel |
A SFT& RLoptimizeaverage& majority preferences o Preference ),
A LLMare not alignedto understandA y R A @BeRadibr& Ve @=9- *[ LM
0\ = Average | f
. . . “Q) Preference
Evolvingis challenging Alignto users ———
(Updatingbottlenecks)

A User preferences are nestationary
A Usersevolveovertime
A ButLLMsare hardto update

SIGIR2026Tutorial CCM Personalization: Foundations, Breakthroughs, and Frontier
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GeneralPersonalizationFramework

Coreof usermodeling
User Data

Distill

»
>

E TR

Adaptto the user

m interact R
LARGE LANGUAGE MODEL

Memory: A persistent representation of
the user

RQ1:Memory -- Howto build memorybetter?

1update \ Feedback

Alignment:Make modelalignwith user
overtime

RQ2:Alignment-- Howto leveragefeedback
better to updatethe LLM?

9
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Technique foundations of personalization

A Two core tasks: memory enables user understandiegresentation, while
alignment ensures personalized responses and actions.

g Memory N Alignment A
A Frameworkdesign
A Extraction
|dentify userspecific preferences, constraints, goals, and A ACorltent Alignmen} )
contexts from user data. DSYSN} UGS NXaLlR2yasSa OGKFG YIFGOF
A Storage & Update background, goals and current context.
Maintain evolving user profiles and lotgrm memories A ‘Action Alignmerjt S o
over time. { St SO0 YR SESOdziS I OQlAaz2ya Of
A Utilization constraints, intentions and reavorld context.
Retrieve and apply relevant memories to support A Trainingtime +test time
personalized tasks

S 2N J

Thesetwo partsconsistof the maintechniquefoundationsfor personalization
LLM Personalization: Foundations, Breakthroughs, and Frontier 10/ 100



Contentof the tutorial

Thefollowing content

Al.Techniquefoundations of personalization(Xiaoyan& Xinyu)
APart1:Memory (Xiaoyan)
APart 2: Alignment z post-training (Xiaoyan)
APart3: Alignment z Testtime personalization(Xinyu)

A2.Benchmarks& Evaluation(XinyuLin)

A3.New directions beyond memory and alignment (Yang)
A4. Applications(Chongming)

A5. Conclusion(Chongming)
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About me

Xiaoyan Zhao islRResearch Fellowat NUS, working witRrof. TatSengChua
focusing onLLMPersonalizationShe received her Ph.D. frofhe Chinese
University of Hong Kongnderthe supervisiorof Prof. HongCheng

Research Vision

Build Al agents that understand individuals, accumulate meaningful
memory over time, and behave reliably in healthcare and beyond.

Research Focus
Xiaoyan Zhao

Research Fellow g m E E

NExT++ResearctCenter Personalized Agent Agentic Al for Trustworthy
National University of Singapore LLMs Memory Healthcare Al

Xyzhao@nus.edu.sg

Happy to connect on discussions and potential collaborations.
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Technical Foundations of LLM Personalization

E LT

Three Core Pillars Enabling Personalized, Adaptive, and Real-World LLM Systems

1. User Memory

Remembering Users Over Time

2. Personalized Post-training
Learning What Matters to Each User

3. Inference-Time Adaptation
Adapting in the Moment

Goal: Build long-term, structured memory
of users to enable continuity and context.

_—_—
288
—

LLM

User User Memory

What It Stores

Conversations & history
What the user has said and asked

Preferences & traits
Likes, dislikes, communication style

Situational context
Goals, roles, environments, constraints

BP<et

Impact
Enables consistent, personalized interactions
across sessions and over the long term.

@ Together, They Enable:

Long-term consistency
through memory

Goal: Adapt the model to user-specific patterns

through additional training.

% — B -

Base LLM User-Aligned Personalized
Data LLM
How It Works

Curate user-relevant data
Conversations, feedback, preferences

Fine-tune or continued pre-training
Align model behavior to the user

Optimize for personalization
Improve helpfulness, relevance, tone

@ %

Impact
Produces a model that better reflects the
user’s unique preferences and needs.

1‘ Deep alignment
== through training

Goal: Dynamically adjust responses during
interaction based on real-time signals.

2-C-@®-0

User Input Context LLM with Personalized
& Signals Adaptation Response

Key Techniques

Context-aware prompting
Use recent turns, tone, and intent

Behavioral adjustment
Adapt style, detail, or strategy

Safety & constraints
Respect user state and boundaries

@ <

Impact
Enables real-time personalization that evolves
with each interaction.

Real-time relevance @ Truly personalized
through adaptation @ experiences at scale
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Technical Foundations of LLM Personalization
Three Core Pillars Enabling Personalized, Adaptive, and Real-World LLM Systems

e ——

1. User Memory

Remembering Users Over Time

Goal: Build long-term, structured memory
of users to enable continuity and context.

s - |

User User Memory

What It Stores

Conversations & history
What the user has said and asked

Preferences & traits
Likes, dislikes, communication style

Situational context
Goals, roles, environments, constraints

BP<et

Impact
Enables consistent, personalized interactions
across sessions and over the long term.

@ Together, They Enable: ; LENE A80M Coqgisiancy

through memory

LLM Personalization: Foundations, Breakthroughs, and Frontier

2. Personalized Post-training
Learning What Matters to Each User

Goal: Adapt the model to user-specific patterns
through additional training.

% — B -

Base LLM User-Aligned Personalized
Data LLM
How It Works

Curate user-relevant data
Conversations, feedback, preferences

Fine-tune or continued pre-training
Align model behavior to the user

Optimize for personalization
Improve helpfulness, relevance, tone

@ %

Impact
Produces a model that better reflects the
user’s unique preferences and needs.

]‘ Deep alignment
== through training

User Input Context

@ <

3. Inference-Time Adaptation
Adapting in the Moment

Goal: Dynamically adjust responses during

interaction based on real-time signals.

Personalized
Response

LLM with

& Signals Adaptation

Key Techniques

Context-aware prompting
Use recent turns, tone, and intent

Behavioral adjustment
Adapt style, detail, or strategy

Safety & constraints
Respect user state and boundaries

Impact

Enables real-time personalization that evolves

with each interaction.

Real-time relevance @ Truly personalized
through adaptation @ experiences at scale

14/100



Two Main Typesof Memory

AExplicit Memory

A Stores userspecific information inseparate, externally accessible memory units
such as knowledge bases or memory banks.

ADiscrete, humarreadable, and externally accessible
ADirectly supports CRUD operations: creation, retrieval, updating, and deletion
ARepresentative methodsMemoryBankMemGPTand LightMem

Almplicit Memory

AEncodes usespecific information intomodel parameters or latent
representations.

A Continuous and not directly humameadable; accessed implicitly during model
computation

AUpdated through training, finetuning, or model adaptation
ARepresentative methodsROME, MEMIAutoCompressqrand MemGen

LLM Personalization: Foundations, Breakthroughs, and Frontier 15/100



ExplicitMemory: Tow cores

AForexplicit memory, there aretwo core researchquestions:

AUserinformation organization :

AHow to effectively store the userinformation, studying different information
organization styles

ATechniqueroute:
A Rawtext + summary->structured information

AMemory management:
AHow to effectively managethe build memory,includingupdate, read, and write?

ATechniquetoute:
A Manuallydesignedmanagement-> agentic management

LLM Personalization: Foundations, Breakthroughs, and Frontier 16/ 100



Userinformation organization

Data Storage: MemoryBank

Past Conversations 1 [ Event Summary )
A F I at m e m 0 I'y (n O St r U Ct U re) Conversations on date 04-28: Book and gifts recommendation
Experience of visiting parks
Improving drawing skills
ARawtext & Summary et dreoazn | ¢ )
User Portrait

and receptive to advice

@ open-minded, curious,

\ J

L Memor\_/ Stqrage )
Extraction Phase Update Phase
A Structured-based |
o e ’ Messages Relations Generator triplets Conflict Detector Update Resolver
A Graphbased,e.g.,0 ‘Qat O ii—
A Treebased,Memtree o —
A Markdown file style (Claudecode) ./0 y .
I . /.\ ‘ - Update graph

o o | e

Graph Memories % memO

MemoryBank Enhancing Large Language Models with Loilgrm Memory.

LLM Personalization: Foundations, Breakthroughs, and Frontier

17/ 100



Memory management

AMemory management:
Alnformation extraction
ARetrieval
AUpdate
AFullstackmanagement

ACoretrends:

AFrommanuallydesignedmethod to learn,and automantically
management.

LLM Personalization: Foundations, Breakthroughs, and Frontier 18/ 100



Userinformation extraction

AUserInformation extraction: what information to store?
ADirect store all information could be redundant.
AThe direct approach: prompt the LLM textract/summatrize.

AProblem: dialogue is multfaceted, so the LLM may not know which
Information to extract.

AMany methods are proposed, for example

A logicaware summarization
A differenceaware extraction
A learningto-summarize

LLM Personalization: Foundations, Breakthroughs, and Frontier 19/ 100



Userinformation extraction: difference-aware extraction

ABackground:
A Userdatacouldbe redundant,not all information isimportant for personalization
A Directlysummarizingcouldbe hardto captureimplicit preferenceinformation

AGoal: to more accuratelyextractpreferenceinformation

A Coreinsights:Ourdifferencemakesusunique;uniquenesshapeshe preference(social
science)

AMethod core:

A Emphasize extracting interser differences in memory construction for personalization tasks.

. Differences

—>
R Preference

> Summarlzer Memory

>>9>

Key Difference >
Samples === Extraction

K

0

Target
User (ata

YilunQiu, et al Measuring What Makes You Unique: Differengavare UserModeling for Enhancing LLM Personalizatio®CL2025Findings.
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Userinformation extraction: difference-aware extraction

AMethod details: selectivecomparisonpredefined dimensions

Selective User Comparison and Structured Difference Extraction
~ [Z writing Style Compare,f’f R RN RQ |
Z &) Emotional tone R: 1 R R :>
Semantic Content R 2 R
BN ____x’ Difference
::I‘l;—{'
' Differences
Extraction ‘ >
R R R reference %
> Summarlzer Memory

N e L

o { S 0 NBLINBaSydul d AL
a U NHzO KRENBT SSNEUYNDI O U HRE2aAy 3T G(KS OSYydN

YilunQiu, et al Measuring What Makes You Unique: Differengavare UserModeling for Enhancing LLM Personalizatio®CL2025Findings.
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UserInformation extraction: Logic-aware

ALogic-aware extraction
AMotivation

User Memory

Thinking of buying a
large open-top fish

tank in my studio! Sl

A pet orange cat is her

crucial companion whenever
Semantic Gap inspiration strikes.
\l( r \ j

\ e :-IV S “".‘
- / C' : ( f
User Query Semantic Memory m; /'1\ :

e Loves colorful
' X’g? tropical fish.
2 \_ 7,
“Fish”
Irrelevant Memory
Memory Prefers drinking
Retriever

iced coffee.

Z/

7

Y YYSSYY22NNBR Sa OKF G | NB

(TTcpER@usd xAOAO 2110 -AiT OEAOg " Al AEiI AOEET ¢

Model Response Options

Risky for your feline muse! Get a

Correct (Retrieves m; and my)
closed tank instead.

Preference Trap (Retrieves mg only) \|
Great idea! Perfect for the tropical 1

Mf fish you love. X II

Fabrication Trap (Retrieves mg only) \,
Nice choice, especially with your 1
newly built glass isolation door. ) J

.
Generic Trap (Retrieves neither) |
Good! Water elements are popular for|
reducing indoor stress. X :

AT A %l EAT AET ¢ ) I Pl EAEO

LLM Personalization: Foundations, Breakthroughs, and Frontier

aSYFyaAOltte Y
ONHzOA I f (G2 GKS NBI

yS2dzat & ozya)\RSNJ g2 GeLlSa 2F YSY2Z2NRS
1A OF YYSSYY22NNR Sa G K| I NB
f

~
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Userlinformation extraction: Logicaware

ALogic-aware extraction

e

AUrrw Phwrul{ dNJXzOG dzNBS F

wWSLINBaSyalkdAazy F2N
{ Raw Memory J 5 S é é A 2 y' [ 2 7\
A pet orange cat is her The studio is where
[ co-mp¢'1nio'n whe'never ] [ the user works' and J
inspiration strikes. * keeps personal items. A V W h 4$)_ U rrow p h p r u | f r q v
(B @) AQEGNI OG0 NBdzal 6t S LISNA
Iy R Rﬁ@mmwgytzaxo T NP
{ When th: 32;“270':? .:YJmething ] N‘] é Y S Y 2 N\v\ é é CD
in the studio, consider the cat's safety. A / 2 Y' é 2 f 7\ ﬁ | L,l S L,l KV@Q{Q l.,?\ )/' lj 2

r[zgzzmmgemow@] aSYZMBLINBaASY Ul iA2yao

openten fh \ AVwhsg Urrw Phpr u|
@ = [ Recommenda ADA@GSY | dzASNJ IjdzSNESZ dz
— vour ca's safety. | ARSyGATe t23A0Ftfe NB
=) AL OGAGEGS YSYRNAKGEl 03 M
NI KSNJ 0Ky aSYlIyaAao
(1T COBRAUE xAOAO 21710 -Aii OEAOGY AT AEi AOEET C AT A % EAT AET C )i Pl EAEO , 1 CEAAI

LLM Personalization: Foundations, Breakthroughs, and Frontier 23/ 100



Userlinformation extraction: Learnto summarize

AMethod: RLwith Rewardmodel

{ dzZY Y| MRS YSS\WNT G S
adzyyb RHEzaE B NE (0 2

I O 2 RlMeAarding: becauseof the Discrete
NE nature,RLisappliedto optimizethe
followingJ

1080(7‘¢5(3A|Z) J(WQ):E zrmg(|e) Z’YRCﬁ(Zt?SA7SB) )

~74(sB|2)) ° Wg(*’c) =0

T .
) i< h

logo(ry(sa | zt) —re(sp | 2t)), ift=H.

(SA,SB,C)ND'

RewardmOdelf compute the reward Optimizationgoal:with the summarythe
(r) for the obtainedsummary positiveanswerobtaineda higherreward
(UG] £ AAOT ET C OF 001 I AOEUA OOAO ET &l O AGETT & O DAOOI T Al EUAA OAET & OAAI AT O |
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- Al 1 DAOOEAOA
ARetrieval is the key to effectively leveraging the built memory:

AMany methods have been proposed.

AMost common? semanticbased retrieval (by textual semantic similarity):
Atoken-matching-based,
Avector-similarity-based, etc.

ASomespecificdesigns
ARelationbased retrieval(e.g., GraphRAG
ALearningtoretrieve

ChengbingVang, et alLeveraging Memory Retrieval to Enhance LIbAsed Generative RecommendatiofVWW2025.

Alireza Salemet al. Optimization Methods for Personalizing Large Language Models through Retrieval Augmentat®itIR2024.
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Retrieve:Learnto retrieve

AAABT ©IOAOOEAOA

Pq

X —— Retriever

Input

[User profile

{.--}0

. Memory
D NJ Rd\ztsuylwﬂ

(
Sample k ¢p

k

\

Language
model

J/

a
0..
.
oy

Updating

B S )/yé$u m‘:ﬂ)l‘%]]y 0 N& S MM)SYEI

t 2 { ANJERAMBIVWA (F T ISIBIIS NTIB ISID SolLBRE (1 S

ChengbingVang, et alLeveraging Memory Retrieval to Enhance LIbAsed Generative RecommendatiofVWW2025.

Alireza Salemet al. Optimization Methods for Personalizing Large Language Models through Retrieval Augmentat®itIR2024.
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UserInformation update & forget

ATypically humardesigned
A updates driven by predefined rules or LL#¥ssisted strategies.

AOneexample: Memorybank (Ebbinghaus Forgetting Curve theorgware)
l'ydzZaSR YSY2NARSAa FIRST NBOFff NBaSda R

01 Natural decay
Retention falls quickly at first, then more slowly as a
\ memory goes unused.

02 Recall triggers an update

When related content is mentioned or retrieved again,
the system triggers a memory update.

=
o
o

~
(&)]

ol
o

Memory retention (relative)
[

° 03 Reset and reinforce
’ Stored Day 1 Recalled +1 day +7 days Re ca I I r ese t S an d f I at t ens t h e d e
repetition steemgtkeéprationg
o= No further recall ==e== After recall
2y y3as ASh Old ABIEEAT AET ¢ , AOCA |, M KCDACARI-TTART O xEOE ,11¢C
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Fullmanagement Learn to managethe full cycle

[SFNy& yza 2yf 6KIG 02 NBYSYOSNE 0 dagieval {82 . vbiidd - « NBU
¢ KNIBSRS aA3Iyay fe R R R |
Mb aSY2NE {G2N} 3S (om0 :‘;‘ffrf;}ffp?)”‘”de' 5Ky
! éé Tﬁ]ugﬁic’pi\j,x O NXFfSOGA 2y 12 RSOARS"” A%fmzaflfﬁhcé K2dzf R—0§ A
QEGNIMNBt 6BAYG AyTF2NYIGAZY FNRY zoszt:}msg“m %u)\E"‘Y‘"E‘@(IQ -
HO aSY2NE wSi NT\A Q,I' f 5 ) o _ ome=segmeisy A ;“‘_‘p“‘(‘l“L‘L‘N;(;‘)S“‘
asS Ly a29 3ILGS G2 FRELGIAGSEE O02Y0AYS NB ( NG Frenenordt A
{A3AylIt&a AyOfdzRS NBt SOIyOSs AYLERNIIyOS: Frapewgk oes Sy
, .
|

GAfATFGAZY
[ SENY K2¢ 02 3IIANBILUS NBUNRSYSR Yoyvonm ax
wSRdzOS NBRdzyRFyd YSY2NRS&E | A

M?‘ank R(Gr, St Mt)
Optimization

——> 1reuse existing

interaction trajectories.
1update memory
policy through new interactions.

P = I}(gml Mt?‘ank, st)

Ay U
Y M;=S8(0s;Mi1,s:) 2 y

2
NE |

Q¢ R
N ()

WLKE YIS wSeds S0 Ff o b 50N R 2F NEVERINAA ASYK hHLEGHALTAN B8/ Y S o daddonad 62 NI ob | NGATBINCRBSIER v & + N a
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Memory management agentic management

Instead oftuning new modelfor the managementperformthe agenticlearningfor

learnthe management
Example Memory-R1

Stage 1: Memory Construction

Manager:selecting one of
H[ onricted ] ADD, UPDATE, DELETE, |
for each new piece of
Information, outputting both

(902 [ etteve o [ T ,‘ answer J the operation and updated
— Prompt istillation
. content

Questions

UPDATE

gg —b[ Info Extraction }—b[ Search Memory Bank

Dialogues

DELETE

Stage 2: Memory-Guided Answer Generation

Tuningthe managerwith RL(PPO+GRPO)

Rewarddesign(exactmatchingbetween
predicted answer& ground-truth): Ranswer = EM(ypred; Ygold)
PGAEATS aSY2NRSa QAL w

(Al dd3y SaiSYaw® Oy KIyOAYy3I [FNEHS [y3dd 38 a2RSt 1 38yda G2 alyl3s FyR !
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Implicit Memory: Two Types

AWhy Implicit?
A efficiency
A Integrate the reasonand generation process

AlLatent memory:

Memorize userinformation in the latent space

Almplicit memory:
Memorize userinformation in the model parameters

LLM Personalization: Foundations, Breakthroughs, and Frontier YRZPP



Latent Memory

ACore compress memory into latent representations &ffective and efficientstorage

and use.
Text memory Latent memory LLM
plaintext, raw history LLM hidden-state vectors reasoning & generation
4 I 4 N\ 4 ™
hih|h|h [ )
encode h|h|hih inject E %
compress —* vectors h I h |l h I h | Ao text decoding [ J
k latent tokens, k « Itextl [ ]
AN J < / h J/

large, redundant compact, LLM-native consumes vectors directly

Zhang, Zeyu, et al. Nextmem: Towards latent factual memory febdised agents. Arxiv, 2026
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Latent Memory: NextMem

AThe hidden cost of latent memory:

A Storinglatent representationis costly
A Informationloss

ANEXTMentries to resolves both autoregressivencodingwith quantizationfor
better compressiorwith lessinformationloss

Autoregressivdatent encoding

v dzl Lge
Encoder Decaqde

4703 Taiem/Na v 2

LLM-compatible
Her | name | is | Alice | h

e <
|

Transformer

l I quantize
l / !
h3 bo-oo----- -7

reconstruct
Alice

Her | name | is

J L J High-dimensional latent
l representations
feé

encoded vectors € R Y
Transformer
a

- -

om0 Compressed / quantized
) BLD latent storage
next latent next token

discrete codes - low bit-width

A Autoregressivencoding& decodingto ensurelessinformationloss.F1:>=95%vs 80%of deepseekOCR
A Quantization to reducing the cost increasing for storing. ¥ storing cost of the ICAE/De€iSRek
Zhang, Zeyu, et al. Nextmem: Towards latent factual memory febdised agents. Arxiv, 2026
LLM Personalization: Foundations, Breakthroughs, and Frontier
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Parametric Memory

ACompressinghe userinformation into model parametersviatraining

ADifferent way of utilizing the memory
AOnerepresentative method: MemGen

4 4

n injected latent memory Mt

&O1 UAT AAAEATTA |, - A
LGdrOKSR G2 T 7 NBIRa IGH4DKSR G2 " i Ayesoda af
Memory Trigger -LoRA AT T OU 7TRAAGAD
Input: hidden states Ht,<] Cwvoke | Input(hook):l GZf 2% &HImbdsl 62b MO
| | | AlLorato
When:only at sentence boundaries (commas reads hidden states, not text :
| periods) Outputa G I & Y, KEd_middel Y memc_)rlze
Output: INVOKE / SKiP whether to recall K latent tokens, living in the hidden space historical
memory Acion LINB LISY R 2 KARRSyYy adf ¢ Bormaion nxs
Training:RL, sparse fires only at key points
Guibin Zhang.MemGen Weaving Generative Latent Memory for Sdfvolving Agents
- 0AOOI T Al EUAGEI T 4 &i OT AAOE 33/100




New frontier: LLM-Native Memory

bl (14 BC2NERSY (i SNMI (@ ¥SNYEANRT | GAZ2Y

Duringthe forward computation, the modelseesthe new contentin

prompt, it directly memorizethem into modelparameters . stateprocedure loop

[ M /dzNNES § ¥ 2 N | u%

Two requirementsof the model: F wswRiart AT S
Native memory state y ~P(- [ X:u, M)
What the model currently remembers | GenerateTheCurrentResponse |
Native memory procedure ) > "; Write / Update
How the model reads and transforms its memory state mgxtSMemc’)é'Sﬁt:
Designcores. Native memory procedure
A Modifyingthe architecturessupportthe & a U bngddrbcedureé 51 Raz2a) 1 KS OdZNNE v i
modelling NI yaTF2NwWsF 2IND GAKySh 3/ Sa

A Learningmethodto supportthis (trainingdata),teachingthe
modelto reallyremember,update,forget X

ZhangZeyuet al. Metis: Memory Foundation Model
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301 | A@EIAAT | ®AIOO
ATwo main routes: explicit memory & implicit memory
AFromplainto structured

AFromexternal to internal, and finally hope to be native
AFrommanuallydesignto automatic paradigm

LLM Personalization: Foundations, Breakthroughs, and Frontier 35/100
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Al.Techniquefoundations of personalization(Xiaoyan& Xinyu)
APart1:Memory (Xiaoyan)
APart 2: Alignment z post-training (Xiaoyan)
APart3: Alignmentz Testtime personalization(Xinyu)

A2.Benchmarks& Evaluation(XinyuLin)

A3.New directions beyond memory and alignment (Yang)
A4. Applications(Chongming)

A5. Conclusion(Chongming)

SIGIR2026Tutorial C
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Technical Foundations of LLM Personalization

Three Core Pillars Enabling Personalized, Adaptive, and Real-World LLM Systems

1. User Memory

Remembering Users Over Time

2. Personalized Post-training
Learning What Matters to Each User

3. Inference-Time Adaptation
Adapting in the Moment

Goal: Build long-term, structured memory
of users to enable continuity and context.

_—_—
288
—

LLM

User User Memory

What It Stores

Conversations & history
What the user has said and asked

Preferences & traits
Likes, dislikes, communication style

Situational context
Goals, roles, environments, constraints

BP<et

Impact
Enables consistent, personalized interactions
across sessions and over the long term.

@ Together, They Enable:

Goal: Adapt the model to user-specific patterns
through additional training.

% — B -

Base LLM User-Aligned Personalized
Data LLM
How It Works

Curate user-relevant data
Conversations, feedback, preferences

Fine-tune or continued pre-training
Align model behavior to the user

Optimize for personalization
Improve helpfulness, relevance, tone

@ %

Impact
Produces a model that better reflects the
user’s unique preferences and needs.

Long-term consistency
through memory

]‘ Deep alignment
== through training

Goal: Dynamically adjust responses during
interaction based on real-time signals.

2-C-@®-0

User Input Context LLM with Personalized
& Signals Adaptation Response

Key Techniques

Context-aware prompting
Use recent turns, tone, and intent

Behavioral adjustment
Adapt style, detail, or strategy

Safety & constraints
Respect user state and boundaries

@ <

Impact
Enables real-time personalization that evolves
with each interaction.

Real-time relevance @ Truly personalized
through adaptation @ experiences at scale

LLM Personalization: Foundations, Breakthroughs, and Frontier 37/100



GeneralPostTuningFramework

AEven with userspecificmemory content, the model may not fully leveragéhe
content or generate a response that aligns well with the user.

A4 OT A OEA 11T AAI 60 DAiOwith iAddbidualOse®l AAOO

-

User Input A B T Sl o PR R

e < 4

=] :Generate a title N ; KL f Personal LLM \
fo‘%e following | ' Retrieval Aug. (Retriever Retrieved b Output

[ . . 1

abstract of a paper: L kllsiofy E=avicl - I

“It is well-known that il A l A unified view of
monads are monoids " monadic and
in the category of applicative

endofunctors, and in .
fact so are applicative \non-determ/n/sm
( \

functors ...”
\u J T
User History Tuning Method
- Personal LLM

( @é} Dﬂ [C / _Ct - &

CA IYABA F NER

& !
\I

-

[1] Democratizing Large Language Models via Personalized ParamE&fécient Finetuning.
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ResearchFocus

AModel architecture design
ADirectmethod: a model for all users
AUserspecificdesigned:personakspecificparameters

ATuningalgorithm design
ASFThased
AReasoningaware training
ARL

LLM Personalization: Foundations, Breakthroughs, and Frontier 39/100
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-1 AAOAE E GH@&OIOB®IAC
AOnefor all: Nozspecificaldesign

APersonalizedparameters:there are manytypes of methods

ATypel: Prompttuning (P-RLHA
A Different userswith different soft prompts

————————————————————————————————————————————————————————————————————————————————————————————————————————————————————————

XinyuLiet,al. PERSONALIZED LANGUAGE MODELING FROM PERSONALIZED HUMAN FEEDBACK

.- O0AOOITAI EUAOGEI T q &i O1 AAOE 40/100




Model architecture for tuning
AO AOOIT THAM A GAUARMMOA OO(
A4 UBEO0 0D O A ERABEAZO A OA
Al DbPAOBRA 2ZoBAREBRAEADq 11 O b 1T £/ OEA AAOA 11 AA

Training o and W

+
b O

Base Model Headers
o T(u)

®O®
IT

Yuchen Zhuanget,al. HYDRA: Model Factorization Framework for BlaBox LLM Personalization
SIGIR2026Tutorial LLM Personalization: Foundations, Breakthroughs, and Frontier 41/ 100
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Model architecture for tuning

APersonalizedparameters:
AType3: LoRAbased personalization

Learna pool of LoRAandthen gate the userwith different LoRA

____________________________________________________

( L \
| ' 1 Target '? '
E{ a } Tlrj;gi’r e = ! iPersonal uw :
:\ S e ¥
Start Next Piece Position A -E; c; i
(== - A " Braisd T AT == - . oe1_____ .
! History i: Selectio 0 ! ) : :, )
! Activation, F L \ : :GUU |
__________ 11 ] " |
yo 0 i N Niace! LA !
__________ ! .
pmmmmYoneooo T e AN =
] | | |
! Pieces iy \U: . [\
| Scoring o/ LA :
2D — | b :
:\ V' / /] 1: : Pieces Pool E I\ Selected Pieces ,'
: EAT oOAD®OAERIZ/ .1, ): %$ 0) %# %3d WAELAEAEAT O 0AOOI T Al EUAA

, AOCA
0OAOOI T ATl EUAOET T d &1 O1T AAOE

, AT COACA

- T AAT O OE
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Designgoalsof tuning algorithm

ASFThased

AEnhancingSFTmethod to better leverageuserdata
A Causabasedmethod

AReasoningenhanced
Autilize reasoningto enhancethe model

ARL-based

AExploreuserpreference on new data
AUserreward model

LLM Personalization: Foundations, Breakthroughs, and Frontier 43/100
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User data : - Coherence
Task I Jur x@ g ] Format
Format - 018y ‘ S | Slels 77 " wu x wik {/W- Preference
o o \ l \ J - oo
! \
Preference modeled by the model Preference fitfrom  the data
o model -side [3 o data -side 3

A Existing worktreats all tokens indiscriminately.

Core GoalHow can welisentangle
the preference -driven
component from contextual noise,
and align & learn around only that

A Inherent limitation: aligning on the whole user
history and response at onae without telling
which predictions and which tokens areily
driven by user history leaves personalization

2
only at thesurface. component:
Al 28FY wKIE2 SiG Ffo® bSEGVAATEY /FdAalt t NGABNBYOS a2RStAYI F2NJ OYKFYOAY3 [[a tSNE2YEFE AT F
0ROOT T Al EUAGETT ¢ &1 O1 AAOE 447100




SFHhased:Causalty -enhancedtuning

How can we identify the true preference signal?
Key ldeaNextQuill separately estimates tleausal preference effeaif user history on thenodel sideand the

data side teaching the model to recognize and align with the true preference signal.

Model-side Causal Preference Modeling [ Data-side Causal Preference Modeling
LLM (h, X, }’<t) . . I . ?<_ ->_(_ ->.<. .;. ->_<- ->.<
h x y« (] V1 V2 YiDa ¥s Yo . Vi vs i Ya Vs Ve
W% LLM

= LLM(%,y<,) Ee -m { > Threshold v

M d | V<t Vi Y2 Vs Ve Ve < Threshold X
odel - J GT Tokens Pgbability Causal Preference effects User

generated ) —————ground -truth
; Model-side Causal Graph Causal Preference Alignment Data-side Causal Graph '-__
predicted Ui i responses
Context / Context
teXt @ | ¥
Sao Predicted — . User -~
| | I ————————— I Pl
~ Fitting Y1 ¥z V3 Jh ;V5 Ye D . Response __-=~
Normal Prediction
ngher Weight
Causal Preference Alignment Loss X X X / X X

II) ==

MCE Fitting Yi ¥2 Y3 Ya ¥s Ve

User History

Model -side: the probability gap overthe | Gd vd | gthk-S LINB 6 | © ﬂ [\LB iryK R A
model'sown predictedokenst i.e., the G21Sya Ay WBRSY Y
preference the LLM has actually learned. § SELINB &4 LINBTFSN

Xiaoyan Zhao et al. NextQuill: Causal Preference Modeling for Enhancing LLM Personalization. ICLR, 2026
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AReasoningenhanced:let model reasonbefore generatingthe answer
ABuild somereasoningdatato train the model
AGenerateby the LLMwith sampling

.................

Expectation

expected
Step output |
pe::s:r:‘t:"xfed Reasoning 1 ‘ )
» LLM (iteration t) — :
Input Prompt Output1 —>» Model —|_>
e e
: Reasoning 2 Filter
- : | Reward based
LLM (iteration t + 1) Output2 —>» Model —> - '
reward | !
b l ‘ Reasoning :
b Silver : m
X / seq2seq O Reasoning | e
:reward Kl ~ loss '(_ Silver | Outputm —> Model
b —— Output e
' [Maximization T
Step | T
Alireza SalemiReasoningEnhanced Seffraining for LongForm Personalized Text Generation
SIGIR2026Tutorial 0OAOOI T ATl EUAOET T d &1 O1T AAOE 46/100




Reasoningenhanced:think -while generation
Y ASYSNI GA2yT STFSOI

YSée LINEY (B2WH O2y Syl
SONBYEF XY aLIRAFFNOAZD 6 ©

dz&a SINBY | YA O f f &

) Query ) Reasoning ([ Response Path to produce reasoning Path to generate response
Non-reasoning Think-then-generate Think-while-generating (normal) Think-while-generating (FlyThinker)
U Mainstream approachThinkthen-Generate. Key idealn longform writing, users often develop new

ideas as the generated content evolves.
U Intrinsic limitation: It cannot adapt to dynamic
changes in user preferences within the content. ‘

Think-while-Generating.
Basedon latent reasoning

Chengbing Wang et al. Thittkhile-Generating: Ofthe-Fly Reasoning for Personalized Létmgm Generation. ICLR, 2026
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Reasoningenhanced:think -while generation

- Trainin Inference
F |yth I n ker g Latent-reasoning :
Tt [:] [:] D . ot Enhanced input I Parallel computation for next step
|
[Generator T T T 1 } / I:l \ |
e — t |
[ ) r% r% % | @+iF |!
Token  Latent I
se- \ Emb  Thought / |
L '
. s - I
Ont - I _
[Reasoner T 1 1 T J i c::: pass I t-1 t t+1
all latent thoughts . -
[ ] D D D oo I E] Token D Token Emb ;-_': Latent Thought [:] User Info

Key techniques:
Construct lightweight reasoners and generators that alternately and in parallel perform user preference
reasoning and personalized content generation.

U Reasonerperformslatent reasoning at each generation step to improve reasoning efficiency.
U Generator:takes latent reasoning tokens as input to generate personalized text tokens.

Chengbing Wang et al. Thittkhile-Generating: Ofthe-Fly Reasoning for Personalized Létmgm Generation. ICLR, 2026
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RL:-basedpersonalization methods

ARLHF/RLAF:

Aexplore userinterest on new sample/response

1. Rewarddesign

Learn Reward Model 7y : does user 2
prefer x; or x, for context x. ?

) | prefer item with
X]- E T((? ) (S‘L"g ; $c) higher reward!

S - Ry

Haw [0 NI A Y A Y 3

Thedesign'socusis mainlyon the reward design.

Alireza SalemiReasoningEnhanced Seffraining for LongForm Personalized Text Generation

Foundation Model Reward Model
(RM) for user i Score
€ RD Tg
Prompt Generation
Policygradient
ForRLlearning,the commonRLalgorithmlike GRPOPPQss utilized.
49/100
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UserReward Model

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

B 2 y Hitft A &g

Query+ .
NB data

response

AUserannotated data is usuallylimited/sparse; Soresearchefforts pay attention to
how to better leveragethe datato train the reward model

ARepresentativemethods:

A Latent factor-basedmethods

A Learnuserpreferencesaslatent factors
A Different efforts focus on Different latent factor designs

A Behaviorsimilarity-aware modeling

1 EOAUR AADIZIEE T ARDAERAEE@TAIO 0,ACGE T ATl EUAA 4A@0 ' AT AOAOET 1

0ROOT T Al EUAGETT ¢ &1 O1 AAOE 50/100




2 Ax AAQAA AT, EA GAA AA OAROET AC
APAL:Learnthe user'sideal preference in the latent space
AModel AAAE OOAOG6O POAEZAOAT AA [T APPEIC AO A Al 1 OA

b) PAL: pluralistic RM with learned latent pref. points P or pref. mappings G c) How does PAL
adapt to new users?

2 a(N) eK_)Weights Z(l) Z(N) 6K_)Weigh'cs

1 ;‘{ 0 ;{ Fixed for new user. Learned

o] B B P N d e e = G() N2 Whew 18 learned from Data

l ¢« N> l <« N> T

Prototypical Prototypical A:
PAL-A: pref. points PAL-B: pref. mappings ; (’ W) }_J
ry (x3x) = |If(x,x) — f@D)F  rPxix) = (f(x), O(x)) B (LG W)
al) = K 2(®) (#c) = ZkK:k(x )
Userweight t NR (i 2 LINEF SINS y O Jserweight  Prototypicalpreference
Preference Vector Preferencadviapping

Lossmaximize Pr(x; = x,|x.,1) = h(||f(xr;x.) = F@D)|3 = || f(xisxe) — F@D)|3), at (L& & Aalk A& S
Y2 NE @83 S NI

DaiweiChen.PAL: Samplefficient 327 personalized rewardhodeling for pluralistic alignment
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RewardModeling: Latent factor-nasedmethods

A2 Ax ABDAOT ORAR &RIT12 A

| T AAl EIT AEOEAOAI DOAAAOAT AAO AO xAECEO

User Base User Specific
Weights Functions Reward N . -
A A A L()‘l ¢) = Z Aﬂ ’ loga()‘in‘i)(xnlynryn))
‘4 I N ' Y n=1
o (1= A4)-1og(1 ~ o (A plan 14120,
R d of . (0
eward o - ba Learn:Maximizethe score

user overresponse = — . = Z Aj - for positive samples,and

. J minimizefor negativeones

Avinandan BoseLoRe Personalizing LLMs via LofRank RewardVodeling

Idan ShenfeldLanguage Model Personalization via Reward Factorization
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RewardModeling: Behaviorsimilarity-aware

Semantlcall3s|m|lar’?
dlapers

BehaV|oraII)5|m|Iar’)
ve’f‘

Al 28D LIAdOR K| DA ZENI FABRWRSE A vy IK

A Motivation: Userdata encodesnformation beyondsemantics

A & . SaSdRIA | LplgNEEnenonin recommendationYoung
dads werebuying beer and diapersogether after work
A Cooccurrencesndicatebehaviorsimilarities

Users interact with items from a fixed pool | Users interact with dynamically generated responses
o T - iy Iy @3 iy is ig iy ig 2_3:1_1_};2___“31 — 21‘111112?‘:11':21')3;11':21‘:11":2
D =@ | x| X|x|1|x[1|1|x|w| e 9z ° :
(%fﬂ& Rec 111 % %1 x| %11 L a7 — LM [»e X[ x| 1]-1]x x| X Ware
(% Y K Sys x| X1 -1 x| 1| x| x|« »s)ni[ar (%:7'_31__'_'3_2 _______ (% XXX [|X[1|-1|X|[X|-= rtogonal
o E 11 x| x| x| x|1 ]|~ Q mirrpm=m== ) &l x[x[x [x[x|x[1]1
Recommendation Scenario LLM Personalization
Capturing item cebccurrences based on the interaction matrices |ack of shared interaction data to
Methods: Userembeddingu item embeddingi ->interaction construct informative matricesackthe
| sharedacrossusers,enablinglearningthe co-occurrences direct co-occurrencesnformation

IAT. EAT BBADEAOA 2AxAOA 3EADPEIC A O 0AODITAI EUAA 00AEAOAT AA I/ POEI EUAOQOET I
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RewardModeling: Behaviorsimilarity-aware

Leverageguantization to construct semantic IDs, enabling the capture of

Solution S :
behaviorsimilarity signals.

Semantic ID Construction User-Semantic ID Interaction Behavior-Aware Reward Modeling
User Interaction

Semantic IDs Behavior Similarity Behavior-aware Reward

RQ-VAE Quantization

Query-Response Pair Collaborative Signal Collaborative Filtering
User A .
Query-Response Pair Behavioral . h
’ s User _ Similarity Se“l‘:‘)““c . < V 0
Query-Response Pair h .\'f A .‘m’“\\;
RQ-VAE . 70
User B User Semantic ZINAZN
Uy ID B '~ 7,’0‘\\'“ ‘\
; Y : A 0 N 0
Query-Response Pair . | IJ | u User Semantic
u
User C Semantic IDs 3 ID

L yausm\lsJ LdBaySFNJ
aSYIyBXGSRRwU
0 K s NYS25 R BER\W (1
Ay USNBRIOTIIA® Y
IAT EAT"RAE ADKEROA 2AxAO0OA 3EAPEI C A1 O 0AODI T AI EUAA 0OAEAOAT AA 1 DOEI EUAOQET I

LLM Personalization: Foundations, Breakthroughs, and Frontier X%z PP

Constructthe co-occurrence
information



Summaryof the personalizedpost-training

ASFThased

AEnhancingSFTmethod to better leverageuserdata
A Causabasedmethod

AReasoningenhanced
Autilize reasoningto enhancethe model

ARL-based

AExploreuserpreference on new data
AUserreward model

LLM Personalization: Foundations, Breakthroughs, and Frontier 55/100



Technical Foundations of LLM Personalization E LT

Three Core Pillars Enabling Personalized, Adaptive, and Real-World LLM Systems

e —— r‘ e —

1. User Memory 2. Personalized Post-training 3. Inference-Time Adaptation
Remembering Users Over Time 4 Learning What Matters to Each User Adapting in the Moment
Goal: Build long-term, structured memory Goal: Adapt the model to user-specific patterns Goal: Dynamically adjust responses during
of users to enable continuity and context. through additional training. interaction based on real-time signals.
- -
S b &F - g% ‘; — =& — ‘) e - - — ¢
- = b s Y R/
User User Memory LLM Base LLM User-Aligned Personalized User Input Context LLM with Personalized
Data LLM & Signals Adaptation Response
What It Stores How It Works Key Techniques
Conversations & history I Curate user-relevant data Context-aware prompting
What the user has said and asked ll Conversations, feedback, preferences Use recent turns, tone, and intent

Fine-tune or continued pre-training
Align model behavior to the user

Behavioral adjustment
Adapt style, detail, or strategy

Preferences & traits
Likes, dislikes, communication style

Situational context
Goals, roles, environments, constraints

Safety & constraints
Respect user state and boundaries

Optimize for personalization
Improve helpfulness, relevance, tone

B<B
@ %
@ i} <

Impact Impact Impact
Enables consistent, personalized interactions Produces a model that better reflects the Enables real-time personalization that evolves
across sessions and over the long term. user’s unique preferences and needs. with each interaction.
. @ Long-term consistency ]‘ Deep alignment Real-time relevance @ Truly personalized
@ Together, They Enable: [ through memory == through training through adaptation @ experiences at scale
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#1 1 OAGEIAOOI OEAI

Al.Techniquefoundations of personalization(Xiaoyan& Xinyu)
APart 1:Memory (Xiaoyan)
APart 2: Alignment z post-training (Xiaoyan)
APart3: Alignment z Testtime personalization(Xinyu)

A2.Benchmarks& Evaluation(XinyuLin)

A3.New directions beyond memory and alignment (Yang)
A4. Applications(Chongming)

A5. Conclusion(Chongming)
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Alignment: Testtime personalization

Motivation

ReaHime response

Personalize on the fly at inference no

retraining or redeployment for each user

Content for this part
Two types? how to align user preference at test time

s ™
a Testtime Steering
Intervene on LLMs
WAEO OEA ,, -080
internal activations with a user
specific steering vector at
inference.

71 OKRO¢ #1 3 T #!3 7T

\_ Y,

s

SIGIR2026Tutorial y 3 T

Why do we need testtime personalization?

$UIT AT EA OOAO bOA Contextspecific preference

0 OAZEAOAT AAO ERRDD @ ODIl The same user expects different responses

I AOAOO OOAO OECGT Al O

[

-

e Testtime Adaptation

Intervene on decoding scores

Adjust output scores at
decoding with a personalized
reward? the LLM stays frozen

Work 4 - Drift

J

0OAOOI T ATl EUAOET T d &1 O1T AAOE

E in different contexts ? adjust per query

One exploration? how far can it go?

-

° Testtime Scaling

Scale up inference compute

More candidates, deeper
reasoning? explore the
potential of test-time
DAOOI T Al EUAQEI
ceiling?

71 OkO¢ $EACT T OOEA

~

»~

J
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1 ECI | ADERAOADDAI EUAQOET

Motivation - Why do we need testtime personalization?

2 ADEI A OAODBPI T OA Dynamic user preference Context-specific preference
OAOOTI T AT EUA 11 OER [l Preferences keep evolving adapt to the The same user expects different responses
OAOOAET ET ¢ 1T O OAAADI | latestuser signals immediately in different contexts ? adjust per query

Content for this part

Two types? how to align user preference at test time /I TA AGPIIEOAOEAAO AAId
- s ' s
0 Testtime Steering e Testtime Adaptation e Testtime Scaling
)T OAOOAT A 11 , |F ¢ Intervene on decoding scores 3AAI A Ob EIT £ZAOAT .
BWAEO @EA OOQBOO |Iji| Adjustoutput scores at -1 OA AAT AEAAOAON
ET OAOT Al AAOEDAYLTE decoding with a personalized D OAAOQITAdB] | OA OEA
OPAAEAZEA OOAAOE] ( reward? the LLM stays frozen bl OA1T OEDEI RE OAO
ET #AOAT AAS PAOOI T Al EUBBOBERA ¢
AAEI ET Ce
Works 3 - CoS/CAS/ SteerX 71 B $ OE £0 Works §6 - Diagnostic / DRP

- J -
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Testtime Steering -# Work 1Context Steeringfor Controllable Personalization

| LLMs should use user context to generate personalized responses,

@ while preserving general applicability.

Research

®0
| Theme

Q Prompt: Explain Newton's second law. =

The same prompt may require different answers for different users.

Different contexts lead to different responses:

@ | am a toddler TR lama physics professor

y Prompt Engineerin R Multi-turn
3 2l ptEng g Preference Training Personalization
— e Append user context directly e Train on contextually e Ask the model to personalize
Existing to the prompt. appropriate responses. iteratively.
Work e Simple, but weak control over e Effective, but requires data e Flexible, but inefficient and
context strength. and model updates. hard to control.

& High Cost Limited Flexibility
Collecting context-aware _ . After training, the degree of (?)
) Key examples and training personalization is hard to
Limitations models is expensive. adjust.

Personalization requires not only using context,
but also controlling how strongly context affects generation.
Zhiyang Heet al. Context Steering: Controllable Personalization at Inference TiGidR 2025

LLM Personalization: Foundations, Breakthroughs, and Frontier

Lack of Fine-grained Control

Ordinary prompting does not
provide a continuous knob for
context influence.

z User Context » ¢$ Personalized Generation » (?) Controllable

Context Influence

60/100
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Problem Q Prompt P: Explain Newton's second law to me.

How can we control personalization

strength at inference time without ®
retraining the model? an Context C: | am a toddler.
Challenge B o 1 A 1 A \
g 1. Two Forward Passes 2. Control A : 3. Decode with CoS
¢ Plain prompting gives no explicit :
control over context strength. A ) | PromptP+ Loyl —» log P(x; | C, P) l CoS)(x; |C,P) =
Context C : less context more context

» Different applications need different log P(x; | C, P) + A - Fc,p(x;)

levels of personalization.

*—0—0—0

Prompt? _, /M |- log P(x; | @, P)

e The model must balance contextual only V==t A=l A=l X=3 A A=-1 B) A=0 0)A =2
specificity and general applicability. '
Solution i —1: no context Objects N iamis
e C S ing (CoS) e ) accelerate e Push harder,
ont.exfc teeltlng o : compares Fep(x;) = log P(x; | C, P) - log P(x; | @, P) 0: ordinary prompting e second law: go faster!
predictions with and without context. < Giviiorskaantast e F = ma.

e |t scales contextual influence during
decoding with a controllable
coefficient A.

Measure how context changes

(
|
|
I
|
I
I
I
I
|
I
|
I
|
|
| No Context Prompting Personalized
|
|
I
|
|
|
I
|
|
I

next-token likelihood. :
\

i e S ——— S — — S — —— — — . — — —" — —

Higher A yields more context-sensitive output.

Two Forward Passes = Contextual Influence - A-controlled Generation

Steer at output layer

Zhiyang Heet al. Context Steering: Controllable Personalization at Inference TididR2025
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Testtime Steering -# Work 2:Contrastive Activation Steering

(@ Research Theme Steer at middle layer (hidden states)
Personalized text generation for LLMs . )

using preference-aware activation steering 1. Contrastive Signal

Guide the model toward user-specific writing 4

preferences without full retraining @ User-aligned @ Generic @ Prefarence
response response vector

ED Existing Work

N _ _

 Fine-tuning with user data: effective but costly captures user_speciﬁc preference Signa[
» Prompt-based personalization: simple but weak o o i o o e e o o i o e o o e e i e i

« Direct steering from full history: mixes preference and noise

2. Activation Steering .
& Key Limitation , ) - , o @ Effect

F

» User history contains both preference and irrelevant content I LLM preference * Personalizad Q Closer to user style
* True preference signals are diluted by generic tokens ll hidden states ' + @ vector l generation (] Q Less generic output
* Noisy steering vectors hurt personalization quality Y e / @) Better personalization

5 J

Better personalization needs cleaner
preference-specific signals.
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Problem

How to extract true preference signals
for personalized text generation?

Challenge

User history is noisy and preference cues are entangled

e Need to separate preference-driven vs. generic content

» Need a steering signal that is both strong and stable

Solution

e Build contrastive pairs from user-related text
e Compute activation difference vectors

e Inject the vector to guide personalized decoding

Paradigm: Contrastive Signals -> Activation Difference -

Personalized Steering

Jinghaazhanget al. Personalized Text Generation with Contrastive Activation Steehi@) 2025
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