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Introduction: Personalization

Preamble: Personalization (Schafer et al., 2001; Berkovsky et al., 2005) aims to align model outputs
with individuals’ unique needs, preferences and opinions.

Frederick Zhang, University of Michigan



Introduction: Personalization (Early Era)

Preamble: Personalization (Schafer et al., 2001; Berkovsky et al., 2005) aims to align model outputs
with individuals’ unique needs, preferences and opinions.

Early Efforts include:

« Explicit User Model: structured representation of user traits, e.g., age, gender.
« Latent-factor Techniques, e.g., interaction matrix factorization

* Learnable User Embedding

Frederick Zhang, University of Michigan



Introduction: Personalization (Early Era)

Preamble: Personalization (Schafer et al., 2001; Berkovsky et al., 2005) aims to align model outputs
with individuals’ unique needs, preferences and opinions.

Early Efforts include:

+ Explicit User Model: structured representation of user traits, e.g., age, gender.
» Latent-factor Techniques, e.g., interaction matrix factorization

* Learnable User Embedding

Feature Engineering
Pre-defined Feature Set

Frederick Zhang, University of Michigan



Introduction: Personalization (LLM)

Preamble: Personalization (Schafer et al., 2001; Berkovsky et al., 2005) aims to align model outputs
with individuals’ unique needs, preferences and opinions.

Today, users’ demand for personalized LLMs that reflect their unique histories and preferences has
grown (Salemi et al., 2024; Liu et al., 2025)

Frederick Zhang, University of Michigan



Introduction: Personalization (LLM)

Preamble: Personalization (Schafer et al., 2001; Berkovsky et al., 2005) aims to align model outputs
with individuals’ unique needs, preferences and opinions.

Today, users’ demand for personalized LLMs that reflect their unique histories and preferences has
grown (Salemi et al., 2024; Liu et al., 2025)
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Literature Review

Prompt Engineering

Implementation: Prepend user context to the model’s input

/ Past Interactions

Conversation on Day 1:

Conversation on Day 2:

\

J

/

-

Profile Summary

Book and gifts recommendation
Experience of visiting parks
Improving drawing skills

~

J
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Literature Review

* Retrieval-augmented Generation

User profile

O{m
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Literature Review

» Training-based parameterization

—————————————————————————————————
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Literature Review: Limitations

* In the community, there lacks a unified framework for systematically identifying which
approach makes personalization more effective

Frederick Zhang, University of Michigan



Our First Contribution: PRIME

In the community, there lacks a unified framework for systematically identifying which
approach makes personalization more effective

Memory Instantiation Process Active Memory (Test-time)

Frederick Zhang, University of Michigan
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Input Output
Data LaMP-1: Personalized Citation Identification
( For an author who has written the paper with the title ( )
“[TITLE]", which reference is related? [ 1]
Just answer with [1] or [2] without explanation.
L [1]: “[REF1]" [2): “[REF2]" \ y
Existing benchmarks mainly focus on LaMP-2: Personalized Movie Tagging
short-context queries and surface-level (" Which tag does this movie relate to among the following tags? ( )
itatinn- i Just answer with the tag name without further explanation.
imitation: LaMP (Saleml et al" 2024) tags: [sci-fi, based on a book, comedy, action, twist ending, comedy
L dystopia, dark comedy, classic, ...] description: [MOVIE] L )
LaMP-3: Personalized Product Rating
s — 's ™
What is the score of the following review on a scale of 1 to 57
Just answer with 1, 2, 3, 4, or & without further explanation. 4
review: [REVIEW]
\. \. J
LaMP-4: Personalized News Headline Generation
{ ™
( The Best Cheap
Generate a headline for the following article: [ARTICLE] Wine: Two Buck
Chuck vs Three
L Wishes
LaMP-5: Personalized Scholarly Title Generation
{ s ™\
. . . Attention is All
Generate a title for the following abstract of a paper: [ABSTRACT] You Need
_ - v,

Frederick Zhang, University of Michigan



Data: CMV data

The author, kingpatzer, has engaged with users on the Change-My-View subreddit across various original posts (OPs)
and is seeking alternative opinions to alter their viewpoint.
Currently, the author is creating a new OP titled

To embark on genuine personalization,
captu ring users’ latent beliefs and “CMV: Those who attribute gun ownership rates as the cause of the problem of gun violence in terms of

- . criminal gun deaths are not merely mistaken; they are disingenuous”
perspectives, we introduce CMV.

with the following content:

The data has been clear for a very long time: the relationship between guns and gun homicides doesn’t show
any strong correlation.

I have personally taken the cause-of-death data from https://wonder.cdc.gov/, grouping results by year and
P Yy P gov/, grouping Yy
Change My View (CMV) Reddit forum: state, and selecting Homicide, Firearm as the cause of death. I then matched that data to the per-capita
. . . . gun-ownership statistics by state from the ATF, as reported by Hunting Mark (https://huntingmark.com/gun-
participants engage in extended dialogues,

- o = ownership-stats/).
Seekmg to Change orlglnal posters’ opinions. A standard correlation analysis between firearm homicide rates per 100,000 and per-capita gun ownership

yields an r of 0.079 (no meaningful correlation). A similar global analysis by nation gives an r* of 0.02...

The only way to associate gun ownership with gun violence is by including suicides by firearm, which I argue
is disingenuous. We don’t count suicide by hanging as “rope violence” when discussing strangulation, nor
overdoses as “drug violence,” etc.

From the candidate replies JSON file below, select the top 3 replies (using option ID) that best challenge the author’s
view. Rank them from most to least compelling.

[
{ 'option ID': '..."','challenger ':'... ", "reply ':'... "},
{ 'option ID': '..."','challenger ':'... ", "reply ':'... "},
]

Frederick Zhang, University of Michigan



Data: CMV data

To embark on genuine personalization,

capturing users’ latent beliefs and
perspectives, we introduce CMV.

The author, kingpatzer, has engaged with users on the Change-My-View subreddit across various original posts (OPs)
and is seeking alternative opinions to alter their viewpoint.
Currently, the author is creating a new OP titled

“CMV: Those who attribute gun ownership rates as the cause of the problem of gun violence in terms of
criminal gun deaths are not merely mistaken; they are disingenuous”

with the following content:

The data has been clear for a very long time: the relationship between guns and gun homicides doesn’t show
any strong correlation.

I have personallv taken the cause-of-death data from httos://wonder.cdc.eov/. erounine results bv vear and

Positive Candidate Reply (option F)

* Option ID: option F
* Challenger: An-Okay-Alternative
* Reply:

Your data for gun-ownership is weapons per capita, not individual gun owners per capita. If we're testing
access to guns vs. gun homicides, someone who owns 30 guns wouldn’t be 30x as likely to commit a
homicide.

Secondly, the ATF list includes only specially regulated firearms (e.g. fully automatic weapons, short-
barreled shotguns) and NFA items bought by law enforcement.

Thus, the data omits common firearms, is biased by collectors and hobbyists, and is confounded by
law-enforcement purchases.

Overall, this calculation is weak evidence against a gun—homicide correlation and doesn’t imply critics
are dishonest.

Frederick Zhang, University of Michigan



Data: CMV data

To embark on genuine personalization,

capturing users’ latent beliefs and
perspectives, we introduce CMV.

To excel on CMV:
Understand nuanced user
beliefs and preferences in
long-context setting

The author, kingpatzer, has engaged with users on the Change-My-View subreddit across various original posts (OPs)
and is seeking alternative opinions to alter their viewpoint.
Currently, the author is creating a new OP titled

“CMV: Those who attribute gun ownership rates as the cause of the problem of gun violence in terms of
criminal gun deaths are not merely mistaken; they are disingenuous”

with the following content:

The data has been clear for a very long time: the relationship between guns and gun homicides doesn’t show
any strong correlation.

I have personally taken the cause-of-death data from https://wonder.cdc.gov/, grouping results by year and
state, and selecting Homicide, Firearm as the cause of death. I then matched that data to the per-capita
gun-ownership statistics by state from the ATF, as reported by Hunting Mark (https://huntingmark.com/gun-
ownership-stats/).

A standard correlation analysis between firearm homicide rates per 100,000 and per-capita gun ownership
yields an r of 0.079 (no meaningful correlation). A similar global analysis by nation gives an r* of 0.02...

The only way to associate gun ownership with gun violence is by including suicides by firearm, which I argue
is disingenuous. We don’t count suicide by hanging as “rope violence” when discussing strangulation, nor
overdoses as “drug violence,” etc.

From the candidate replies JSON file below, select the top 3 replies (using option ID) that best challenge the author’s
view. Rank them from most to least compelling.

[
{ 'option ID':
{ 'option ID': '...'
]

" [

, 'challenger
, 'challenger

"L'reply it
"L'reply it

Frederick Zhang, University of Michigan



Framework: PRIME

PRIME = Personalized Reasoning with Integrated MEmory

Memory Instantiation Process

H(a)

User History
r ~

<
uJ
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&g BB
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Memory Instantiation

Psychological research have converged on the
following long-term memory components

Long-term Memory

Episodic Mem.

Bw <l oo
M wp & | PO

= o
-

PO
Semantic memory Episodic memory B Semantic Mem.
N -

Episodic memory: autobiographical events we can re-
experience

Semantic memory: general facts and knowledge we
have accumulated

https://human-memory.net/episodic-semantic-memory/

9
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Memory Instantiation

Memory Instantiation Process

H(a) rong-term Memory Multi-modal inputs:
UserHistory spisedic em: hats, videos/audios
WO | S © R ’
o | SO game activities, search
BB ) o 5 PGP histories, etc.
PSP
- J Semantic Mem.
= é In this project:
UserEngagement(s:. ) : %f TeXt-0n|y data (eg,
(9)) B= RE v CMV data
& Yin )

J\;l(:c) =M(x; EM,(z); SMy(z))

M3 6, H(@)); 0B Ay WRITE & READ!!!
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Memory Instantiation

Long-term Memory

Recall Complete History

Recall Recent History
/ Recall Relevant History

Episodic Mem.

B wmp <
B2 mp

B2 mp <

7,
R R &
«: o o
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Memory Instantiation

Long-term Memory
Episodic Mem.
= S Parametric form:
) « Input-Only Training (i.e., no target)
= * Fine-Tuning (FT)
* Preference Tuning
Textual form:
+ Hierarchical Summarization
mp O « Parametric Knowledge Reification (Novel)
=
mp

Frederick Zhang, University of Michigan



Memory Instantiation Preliminary Results

Performance Comparison (Llama-3.1-8B)
31
30
29
28

27

26
25

Frederick Zhang, University of Michigan



Memory Instantiation Preliminary Results

* Episodic memory grounded in simple recency
often outperforms a semantic-similarity retrieval
Performance Comparison (Llama-3.1-8B) strategy.
31
30
29

28

27

25.68
25

Non-P Relevance-EM Recent-EM

Frederick Zhang, University of Michigan



Memory Instantiation Preliminary Results

* Episodic memory grounded in simple recency
often outperforms a semantic-similarity retrieval

Performance Comparison (Llama-3.1-8B) strategy.

31

30

29

28

* PKR-produced summaries are of equal qualities
as Hierarchical Summarization

27.07
26.88 27.02
25.68

Non-P

Relevance-EM Recent-EM  HSumm-SM

PKR-SM

Frederick Zhang, University of Michigan
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Memory Instantiation Preliminary Results

* Episodic memory grounded in simple recency
often outperforms a semantic-similarity retrieval

Performance Comparison (Llama-3.1-8B) strategy.

31

30

29

28

* PKR-produced summaries are of equal qualities
as Hierarchical Summarization

»  Overall, using SM alone leads to better results
compared to using EM alone.
+ EM < Textual SM < Parametric SM

28.22
27.07
26.88 27.02
25.68

Non-P Relevance-EM Recent-EM  HSumm-SM PKR-SM NTP-SM SFT-SM

Frederick Zhang, University of Michigan
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Memory Instantiation Preliminary Results

Performance Comparison (Llama-3.1-8B)

31

30

29

nN
o

28.22
27.07
ﬂ . l .

Non-P

Relevance-EM Recent-EM  HSumm-SM

PKR-SM

NTP-SM

31.24

SFT-SM

DPO-SM

Episodic memory grounded in simple recency
often outperforms a semantic-similarity retrieval
strategy.

PKR-produced summaries are of equal qualities
as Hierarchical Summarization.

Overall, using SM alone leads to better results
compared to using EM alone.
EM < Textual SM < Parametric SM

Surprisingly, DPO is underperforming, possibly
due to data pairing issue (1 positive paired with
6-10 negatives).

Frederick Zhang, University of Michigan
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Memory Instantiation Preliminary Results (complete)

Model Instantiation Hit@l Hit@3 DCG@3 MRR Avg W Efficiency R. Efficiency
No Personalization
"Llama-3.1-8B~ _ .~~~ 7 716327 3677 2810 25.11 2658 T T T T T o7
Qwen2.5.7B  Daseline 1691 39.10 2943 2613 27.89 N/A N/A
______________________ Episodic Memory EM)
Llama31°88 "~ |~ 1662 3722 7~ 2836 2533 2688 Fastest Slow
Qwen2.5-7B 1391 3747 2710 23.57 25.51 Stes
Llama-3.1-88 oo 16.17 3541 27.00 2412 25.68 Fastest -
Qwen2.5.78  oevan 1323 3850 2736 23.56 25.66 astes ower
"Llama-3.1-8B~ 7 1662 36.84  28.10 25.10 2667 . ..~
Qwen2.5.78  Recent+PKR 1429  37.07 2705 2362 2551 Medium Slower
Llama-3.1-8B 1564 3632 2745 2441 2596 ) _
Qwen2.5.78  REVanUPRR - aol a0 02 2788 2407 26.18 Medium Slowest
Semantic Memory (SM)
Llama-3.1-8B 17.447 4120 ~ 7 3093 27310 2022
Qwen2.5.7B VTP 1684 3955 2971 2634 28.11 Fast Fast
Llama-3.1-8B 1774 4195 3156 27.92 2979
Quen2sts 19 16711 4023 3005 2657 284 o hl
Llama-3.1-8B 1466 3647 2609 2375 2547 _
Qwen2.5.78  OutpPutFT 1654 3985 2058 2608 2801 Medium-Fast Fast
Llama-3.1-8B 19.62  43.01 3296 2936 31.24 )

Qwen2.5.78  TSKFT 1699 4338 3215 2828 3020 Medium Fast
"Llama-3.1-8B~ ___ "~ """ " 1541 3737  ~ 2789 2464 2633 . T 7~
Qwen2.5.78 PO 1677 3955 2961 2622 28.04 Slowest Fast

Llama-3.1-8B 1421 34.81 2580 22.88 2445

owenzs7e SMPO 008 2466 1844 1630 173 v s
Llama-3.1-8B 16327 3780~ T 2862 2544 27.07
Qwen2.5.75  [Summ 1504 3880 2850 2497 2683 Slowest Medium
Llama-3.1-8B 1669 3639 2812 2526 26.62 ) ,
Qwen2.5.78  DKR 1534 39.02 2863 2508 27.02 Medium Medium

Frederick Zhang, University of Michigan



Personalized Thinking

Active Memory (Test-time)
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Personalized Thinking

Active Memory (Test-time)

EE = ¥

GE =y U
(R

Memory

Slow thinking, though showing promises, is still in
its infant stage when applying to personalization.
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User Input
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Personalized Thinking

Active Memory (Test-time) Slow thinking, though showing promises, is still in
its infant stage when applying to personalization.

memory M (2; EM,(z); SM, ()

User Input

Non-thinking  Thinking (R1-

Personalized T
Response d IStI I I)

Qwen2.5-7B | 27.89 23.36 (-16.24%)

Working Memory

& @

Memory /
Reading
v ()
AN
®
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Personalized Thinking

Active Memory (Test-time) Slow thinking, though showing promises, is still in
its infant stage when applying to personalization.

memory M (2; EM,(z); SM, ()

User Input

Non-thinking  Thinking (R1-

Personalized T
Response d IStI I I)

Qwen2.5-7B | 27.89 23.36 (-16.24%)

Working Memory

& @

Memory /
Reading
v ()
AN
®

Naively applying thinking models backfires!

15
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Challenges of Realizing Personalized Thinking

* No preference data at hand for verifier training in RLHF

* No strong open-sourced thinking LLM from which we can distill
personalized thinking trace

» Fast-thinking Fine-tuned LLMs cannot produce meaningful
thoughts when prompted

‘The author, kingpatzer, has engaged with users on the Change-My-View subreddit across various original posts (OPs)
and is secking alternative opinions to alter their viewpoint.
Currently, the author is creating a new OP titled

“CMV: Those who attribute gun ownership rates as the cause of the problem of gun violence in terms of
criminal gun deaths are not merely mistaken; they are di

genuous”
with the following content
‘The data has been clear for a very long time: the relationship between guns and gun homicides doesn’t show
any strong correlation.

Ihave personaly takenth cause-of-deah dta from ups/wondercde gov, grouping tesuls by et and
 selecting Homicide, Firearm as the cause of death. I then matched that data to the per-capita

gun uwnsnhlp\h\lhuub} state from the ATE, as reported by Hunting Mark (https://huntingmark.com/gun- l"{‘pﬁnn I . "npljnn [)‘ . "“p““n (

ownership-stats

A standard correlation analysis between fircarm homicide rates per 100,000 and per-capita gun ownership
yields an r* of 0.079 (o meaningful correlation). A similar global analysis by nation 2 0£0.02.

The only way to associate gun ownership with gun violence is by includ des by firearm, which I argue
is disingenuous. We don’t count suicide by hanging as “rope violence™ when discussing strangulation, nor
overdoses as “drug violence,” etc.

2 s

From the candidate replies JSON file below, select the top 3 replies (using option ID) that best challenge the author’s
view. Rank them from most to least compelling.

[
{ op D
{ "option ID":

1

challenger "reply
challenger . reply

Frederick Zhang, University of Michigan
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Personalized Thinking through self-distillation

Step 1 (Profile Generation): We prompt an semantic-memory-instantiated
LLM, M, to generate a profile summary, following PKR procedure.

Step 2 (Review History Engagement): We convert each historical
engagement into a query, and prompt the same M to answer them.

Step 3 (Fast-thinking Filtering): We apply rejection sampling to keep
the queries the model M is able to get right.

Step 4 (Proxy LLM Initialization & Reasoning): We follow the textual
semantic memory reading process to instantiate M’, where the summary
is generated by M. We apply reverse engineering by feeding into M’ the
input query and the answer, and prompt it to generate meaningful
intermediate thoughts.

Step 5 (Slow-thinking Filtering): Final round of rejection sampling to
keep reasoning traces where the final answer matches the ground truth.

Frederick Zhang, University of Michigan
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Personalized Thinking
(Sample Model Output)

Frederick Zhar

Personalized Thinking Trace

User Experience: The author, kingpatzer, has engaged with users on the Change-My-View subreddit across various
original posts (OPs), seeking alternative opinions to alter their viewpoint. In past discussions, they've shown openness to
different perspectives and a willingness to consider data and evidence about gun ownership and gun violence. However,
they can become defensive when challenged and sometimes dismiss opposing viewpoints.

OP Summary: The author is creating a new OP titled

CMYV: Those who attribute gun ownership rates as the cause of the problem of gun violence in terms of
criminal gun deaths are not merely mistaken; they are disingenuous

They argue that available data show no strong correlation between gun ownership rates and gun homicides, and that
including firearm suicides is disingenuous—comparing it to “rope violence” or “drug violence™ when discussing
strangulation or overdoses.

Sketch Outline:

To challenge the author’s view, we need to address the following points:

1. The author’s interpretation of the data: We need to examine the author’s methodology and data analysis to see if it
is sound and if it supports their conclusion. 2. The inclusion of suicide by guns: We need to discuss the relevance of
including suicide by guns in the data set and why it is not disingenuous to do so. 3. The comparison to other causes
of death: We need to compare the author’s approach to other causes of death, such as drug overdoses, to see if it is
consistent and fair. 4. The author’s tone and language: We need to address the author’s tone and language, which some
may perceive as dismissive and condescending.

Key questions to ask:

* What is the author’s definition of "disingenuous” and how does it apply to including suicide by guns in the data set?
* Is the author’s methodology sound and does it support their conclusion? * How does the author’s approach to gun
ownership and gun violence compare to other causes of death? * Why is the author using a tone and language that some
may perceive as dismissive and condescending?

Analysis (option F):

This reply challenges the author’s view by pointing out that the data used to support their conclusion is flawed, and that
the author’s methodology is not sound. The reply also highlights the importance of considering the social and cultural
context in which gun ownership and gun violence occur.

Reflection:

Based on the analysis, the top 3 replies that best challenge the author’s view are:

1. Option F: This reply challenges the author’s view by pointing out that the data used to support their conclusion is
flawed, and that the author’s methodology is not sound. The reply also highlights the importance of considering the
social and cultural context in which gun ownership and gun violence occur. 2. Option D: This reply challenges the
author’s view by pointing out that there is a strong link between gun ownership and impulsive suicide, and that including
suicide by guns in the data set is not disingenuous. The reply also highlights the importance of considering the cultural
and social context in which gun ownership and gun violence occur. 3. Option C: This reply provides a detailed and
well-researched argument that challenges the author’s view, pointing out that there is a significant correlation between
gun ownership and gun violence. The reply also highlights the importance of considering the social and cultural context
in which gun ownership and gun violence occur.

These replies are the most compelling because they engage with the author’s perspective, provide reasoned and respectful
arguments, and challenge the author’s view in a thoughtful and nuanced way.

Answer:
[“option F", "option D", "option C”}

i~y



Experimental Results (Selected)

Performance Comparisons
B Non-P B EM [ SM |l DUAL [ PRIME

40.00

35.00
) IIII I I II
25.00 . II I

Llama-3.1-8B Qwen2.5-7B Qwen2.5-14B




Experimental Results (Selected)

Performance Comparisons

B Non-P [ EM SM [l DUAL [ PRIME

40-00 3 - - - -
Generic reasoning has limitations
Semantic memory (SM) beats episodic

35.00 memory (EM)
DUAL often underperforms SM alone

%000 Model-agnostic effectiveness of PRIME

II I Personalized thinking is crucial
25.00 .
Llama-3.1-8B Qwen2.5-7B Qwen2.5-14B

20
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Codebase & Data

Codebase and dataset are available at

github.com/launchnlp/LM_Personalization.
Contact: xlfzhang@umich.edu

This work supported by

M ‘ AHE AFOSR and UM Advanced
Research Computing.

Frederick Zhang, University of Michigan
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