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Abstract

Natural language user preferences provide an interpretable interface for LLM personalization. However, universal preference
summaries often contain information irrelevant to a particular downstream task. Directly supplying the full preference summary
therefore wastes context capacity and introduces cross-task distraction, while manually designing task-specific preference views
is difficult to scale. In this work, we study rask-specific preference adaptation: given a universal user preference summary
and a downstream task, derive a task-conditioned representation that preserves sufficient decision-relevant evidence while
removing redundant context. To this end, we propose ALIGNXADA, a training-free meta-learning framework that induces
reusable textual refinement policies for adapting universal preference summaries to task-specific ones. The refinement policy is
iteratively optimized by a meta learner through verbal reinforcement learning. Across 13 tasks and three downstream models
(39 task—model cells), ALIGNXADA achieves an average gain of 3.82 points, improving 33 cells while retaining only 22.8% of
the original profile tokens and outperforming RAG in 36 cells. An extended faithfulness analysis further shows that the refined
profiles remain largely grounded in the source preferences while preserving task-relevant personalization signals, suggesting
that profile-side adaptation serves as a practical complement to universal memory construction for lifelong personalized agents.

Code is available at https://github.com/AntResearchNLP/AlignX-Family/tree/main/AlignXada.
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1 Introduction

Personalization, the technique of aligning Al systems with
human preferences, has played an important role in the train-
ing of large language models since their early development
[Ouyang et al., 2022]. Recently, with the proliferation of
personal Al agents [OpenClaw, 2026, Hermes, 2026] and
the expanding use of LLMs in applications such as search
[Baek et al., 2024], recommendation [Geng et al., 2022, Lyu
etal., 2024, Peng et al., 2026], and dialogue systems [Otsuka
et al., 2024], personalization techniques — particularly as
a key component in building LLM memories [Wang et al.,
2023, Xu et al., 2025, Chhikara et al., 2025, Yu et al., 2025,
Zhong et al., 2024] — have become increasingly critical and
continue to drive advances at the research frontier.

A central problem in personalization is user preference
representation, which serves as the interface through which
Al systems perceive user preferences and adapt their behav-
iors accordingly. Early studies modeled user preferences
through user embeddings or by encoding user information
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directly into model parameters [Koren et al., 2009, Bao
et al., 2023, Liu et al., 2025b, Zhang et al., 2025]. While
effective, such black-box representations suffer from limited
interpretability and are difficult to update in real time. With
the emergence of LLMs, in-context learning has enabled a
simple yet effective alternative by explicitly incorporating
user behaviors into the model context as demonstrations [Du
et al., 2026, Salemi et al., 2024]. However, such approaches
are fundamentally constrained by the context capacity of
LLMs, making it difficult to comprehensively capture user
preferences while remaining highly sensitive to noise in
the selected examples. More recently, the advancement
of LLM reasoning capabilities has inspired efforts to infer
universal user preferences from heterogeneous data sources
and summarize them in natural language [Chen et al., 2025,
Nam et al., 2025, Liu et al., 2026, Yang et al., 2026]. This
paradigm offers significant improvements in interpretability
and scalability. More importantly, it lays the foundation
for lifelong personal agents, where preference representa-


https://github.com/AntResearchNLP/AlignX-Family/tree/main/AlignXada
https://arxiv.org/abs/2608.09507v1

ANT INTERNATIONAL RESEARCH

Universal Profile P

Query (task=Personal email)

Her professional life is intensely focused on public policy,
specifically civil liberties, with a strong emphasis on data privacy,
surveillance technology oversight, and protecting vulnerable _
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strain on the legs?
Downstream Model: GPT-5
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advocacy and a warm, community-oriented approach. 1
- '

'

(a) Given your history with
knee pain from a college

sports injury, you might

. . ~

...often grounding them in personal or cultural AN focus on activities like

metaphors to make them more relatable and impactful. [ dominant swimming, gentle yoga
distractor

What are some good ways to stay active without putting too much

putting too much strain on -

She has shared stories about her family, her children, a past Xy ¢ . - g
llege soccer injury, a challenging pregnancy, and the stress of >, (0) Given your strong
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Refined Profile P

Often weaves personal narratives into communications to build

trust and add emotional weight. Examples include stories about

her family (children, partner Daniel), a past college soccer injury,
'

or a challenging pregnancy. .

(b) To stay active without 4

Wellness: Discusses managing stress, work-life balance,

HPA axis).

:n your love of

creative outlet, 27 Y
¢ 637 chars | 8 % of raw

Model selects (a) with the refined profile.

diabetes, and stable ferritin levels, suggesting a proactive
approach to her health.

7,675 chars | >= 6 scenarios

Only ~1% of characters are task-relevant for this query.

Wrong: the dominant cross-scenario signal

Model picks (c) with the universal profile.
overwhelms the small wellness clue

Correct: the decision is anchored on task-relevant
evidence.

(D task-relevant clue () competing distractor neutral context

\7 Induced policy ¢p: compress profile, drop distractors, keep task evidence... r/

Figure 1: An example for task-specific preference adaptation. Given a query, only a small portion of the universal profile P is relevant to
the task, while the remaining information may act as distractors and lead to suboptimal personalization. ALIGNXADA refines P by retaining
task-relevant evidence and removing distracting context, enabling the downstream model to ground its response in the appropriate user

information.

tions can continuously evolve as user—agent interactions
accumulate over time.

In this work, we study LLM personalization from the per-
spective of universal user preference interfaces. Rather than
pursuing improved methods for constructing universal prefer-
ence summaries, we assume a universal user profile is already
available and investigate a complementary yet practically
important problem: how to effectively adapt the universal
profile to specific tasks. Our motivation stems from the
observation that universal preference summaries, while com-
prehensive, inevitably contain redundant or task-irrelevant
information that may act as noise in downstream applica-
tions. As illustrated in Figure 1, the user query is strongly
associated with her past college injury, whereas information
such as “community-oriented approach” is largely irrelevant.
Such redundant information misleads the downstream model
(i.e., GPT-5), resulting in a suboptimal response. In contrast,
the result can be substantially improved by using an adapted
profile that is shorter and more focused on task-relevant
information.

Toward task-specific preference adaptation, we propose a
framework for transforming universal preference summaries
into task-aware representations. Ideally, the adapted rep-
resentation should satisfy two desiderata: (1) Sufficiency,
preserving all preference information necessary for down-
stream personalization; and (2) Compactness, removing
redundant or task-irrelevant information to reduce noise and
improve context efficiency. To this end, we propose ALIGNX-
ADA, a meta-learning framework for preference adaptation.
Rather than directly training a model to refine user profiles,
ALIGNXADA employs a meta learner to learn structured
refinement policies in natural language, which are subse-
quently used by a frozen refiner to adapt the universal user

preference. This disentanglement between policy generation
and preference refinement makes the adaptation process
transparent and controllable, enabling human-in-the-loop
diagnosis and refinement. The meta learner is optimized via
verbal reinforcement learning, where refinement policies are
iteratively improved using natural language feedback derived
from task-specific demonstrations of user preferences. By
avoiding parameter updates during policy learning, ALIGNX-
ADA naturally supports both open-source and proprietary
models.

We evaluate ALIGNXADA on a composite benchmark span-
ning nine conversational tasks and four ranking, rating, and
generation tasks with three downstream models. Across
39 task—model cells, ALIGNXADA improves 33 cells by an
average of 3.82 points while reducing the profile token ratio
to 22.8%. It strictly outperforms RAG in 36 cells, showing
that task-oriented preference reorganization provides ben-
efits beyond query-level retrieval. On PersonaMem-v2, a
faithfulness audit further shows that 97.5% of refined-profile
claims are supported by the source profiles, while 83.3% of
available gold preference evidence is retained, suggesting
that ALiIGNXADA mainly performs controlled task-specific
compression and reorganization.

We summarize our contributions as follows:

* We formalize the task-specific preference adaptation
problem, which aims to adapt universal user prefer-
ences to downstream tasks by removing redundant or
task-irrelevant information, thereby paving the way for
lifelong personalized agents equipped with memory.

* We introduce ALIGNXADA, a meta-learning framework
that induces natural language refinement policies from a
small set of task-specific demonstrations. The policy is
iteratively optimized via verbal reinforcement learning,
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making ALIGNXADA compatible with both open-source
and proprietary LLMs.

» We conduct extensive evaluations across thirteen tasks
and three downstream models. The results show that
ALIGNXADA consistently achieves a favorable trade-off
between task performance and context-token usage, ow-
ing to the faithfulness and compactness of the refined
preferences.

2 Related Work

2.1 LLM Personalization

As large language models (LLMs) evolve from generalized
chatbots into personal Al agents, there has been growing
interest in building personalized Al systems in which the
behavior of a general-purpose LLM is aligned with indi-
vidual preferences. Existing approaches can be broadly
categorized into four groups. Retrieval-based methods iden-
tify relevant user records or profile elements from external
memory or databases [Sun et al., 2025, Du et al., 2026, Liu
et al., 2023, Shi et al., 2025], and leverage the retrieved
content for downstream personalization. Parametric ap-
proaches encode persona information into trainable model
parameters, such as LoRA modules, adapters, soft prompts,
model-merging weights, and rerankers [Tan et al., 2024,
Clarke et al., 2024, Li et al., 2023, Liu et al., 2025a, Jang
et al., 2023, Zhuang et al., 2024], thereby adapting a general-
purpose LLM toward user-specific behavior. In addition,
motivated by the strong in-context learning capability of
LLMs, prompt-based approaches append preference signals
to the input context and steer response generation through
personalized prompts [Dong et al., 2023, Yang et al., 2024b,
Cheng et al., 2024, Li et al., 2025a]. More recently, with the
emergence of lifelong personal agents and LLM memory
systems, several studies have advocated learning universal
user profiles as long-term and continuously evolving repre-
sentations of user preferences [Li et al., 2025b, Liu et al.,
2026, Yang et al., 2026]. ALIGNXADA is motivated by this
trend toward lifelong personalization. However, rather than
constructing universal profiles themselves, ALIGNXADA as-
sumes such profiles are already available and studies how
to adapt them to specific downstream tasks in real-world
applications. In this sense, ALIGNXADA complements ex-
isting efforts by bridging the gap between universal profile
construction and task-oriented deployment.

2.2 Textual Optimization

With advances in LLM reasoning capabilities, recent work
has used strong LLMs to optimize natural-language arti-
facts without gradient-based training. OPRO [Yang et al.,
2024a] iteratively proposes task-level instructions based on
reward trajectories, EvoPrompt [Guo et al., 2024] applies
evolutionary operators to candidate prompts, TextGrad [ Yuk-
sekgonul et al., 2024] propagates verbal “gradients” through
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prompt computation graphs, and Reflexion [Shinn et al.,
2023] generates reflective critiques for per-instance trajec-
tories. In these methods, the optimized artifact is typically
either a rask-level instruction shared across users or a per-
instance self-correction text, making it user-independent or
instance-local. ALIGNXADA extends this paradigm by for-
mulating task-specific profile adaptation as the optimization
of a reusable user-conditional rewrite policy that transforms
each user’s universal preference into a task-specific repre-
sentation, rather than introducing a new general-purpose
textual optimizer.

3 Methodology

Figure 2 presents an overview of ALIGNXADA. In a nutshell,
ALIGNXADA consists of two stages: few-shot policy induction
and policy deployment for task-specific personalization.
During policy induction, the framework leverages a small
support set of task-specific demonstrations, each consisting
of a universal preference summary, a user query, and the
corresponding user response, and iteratively refines the
rewriting policy generated by a meta learner using natural
language feedback. Once policy optimization converges,
ALIGNXADA enters the deployment stage, where the selected
policy is consumed by a refiner to produce a refined profile
for task adaptation. The refined profile is then provided to
downstream models for personalized inference. Throughout
the entire process, all models—including the meta learner,
the refiner, and the downstream model—remain frozen. In
the following, Section 3.1 formalizes the learning problem,
and Section 3.2 presents the policy induction procedure
based on verbal reinforcement learning.

3.1 Problem Formalization

Let u denote a user and P,, denote the corresponding uni-
versal preference summary, which may be obtained from
an external LLM or memory system and is treated as prior
knowledge in this work. Given a task 7, the objective is
to derive a task-adapted profile P, from P, such that the
performance of a downstream model M for user u can be
substantially improved on task 7.

A common approach to deriving P,, from P, is to learn a
generative model R as a refiner and define P, = R(P,,, M),
where M specifies the task 7. In this work, we instantiate
M as a support set S(7) defined as

S(T) = {(Punxl'»yi)}f?:]’ (1)

where P, is the universal profile of user u;, x; denotes an in-
put prompt, y; denotes the corresponding response, and b is
the size of the support set. Although the representational ca-
pacity of () may be limited by the selection of (P,,,, x;, y;)
tuples and the budget b, such a formulation naturally aligns
with real-world user-Al interactions: user prompts specify
the task, while user responses provide signals of task-specific
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[ Given task 7 and downstream model M. ] All models frozen, only policy text updates.
(- - - - - - - - = N
| 1 A. Few-shot policy induction on support set S(®.
' p fUpstreasm \
| prelerence Source Refinement Policy ¢,
1 (out of scope) ! ~ Goal
1 ! Downstream S Structured
| Support Set - Preserve core,(¥,y)
: [ s™ = pp b - Compress Refiner R Model M Feedback E,
| Dataset ! {( Xo Y i)}i=1 - Avoid e GLEE frozen target model Reward T(t) errors, transitions, ...
! Provided ! - Output Style
1 ! - Priority
1 ! — Meta Learner
X \ t m t=1..T rounds .
1 meta
: Preference , frozen policy generator
! Summarizer :
: \ Best-epoch selection: argmax over ¢y ... o7 —'[ Frozen policy ¢® for task ]— -
1 ! 1
| 1 : """"""""""""""""""""""""
1 Memory ! | B. Policy deployment for task-specific personalization
1 System : v
: | ,|Query Example + Frozen Policy Refiner R Refined D(]]lendst;‘;;m Prediction
Q) p ode o
: : (P,x) ¢ frozen executor Preference P frozen target model b4

Figure 2: Overview of ALiIGNXADA. For each task, ALiGNXADA induces a task-specific textual refinement policy from a small support set
in several rounds and then freezes the selected policy for held-out deployment. All models remain frozen throughout, and only the policy

text is updated during induction.

preferences and behavioral patterns, thereby alleviating the
cold-start problem.

Instead of updating the parameters of R, we keep the
model frozen and learn a textual refinement policy ¢(7)
using a meta learner mpei,. The task-adapted profile is then
defined as P, = R(P,, $'”). The learning objective is to
maximize

E(p,, xiyi)~s®) [Score (M (xi, Pu,), yi)] » (2)
where Score, (-, -) denotes the evaluation function for task
T.

We propose a verbal reinforcement learning approach
to optimize Eq. (2), where the refinement policy ¢(*) is
iteratively estimated from myet, using feedback derived from
S(7) . Details are presented in next section.

3.2 Policy Induction

Overview. Algorithm 1 presents the task-specific pol-
icy induction procedure in ALIGNXADA. Starting from a
predefined task-agnostic initial policy ¢¢ (detailed in Ap-
pendix F.1), ALignXaDpa iteratively induces a refinement
policy for task 7 through two core flows: rollout and update.
At each round ¢, the rollout flow evaluates the current policy
¢, on the support set S(7) by applying the refiner R, query-
ing the downstream model M, and computing task-specific
scores. The update flow then summarizes the rollout records
into structured feedback E;, which is used by the meta
learner 7, to revise the policy and produce the next policy
¢;+1. After all rounds, ALIGNXADA returns the policy with
the highest development-set performance.

Rollout. At round 7, ALIGNXADA evaluates the current
refinement policy ¢, on each support example (P,,,, x;, y;) €

S(T). The refiner R applies ¢, to rewrite the universal

preference summary into a task-adapted profile:

ﬁui,t = R(Pui’ ¢Z) (3)

The detailed prompt template is provided in Appendix E.1.
The downstream model then conditions on the input x; and
the refined profile P, ; to generate a prediction:

)A)i,t = M(xhpui,l)' (4)

This prediction is evaluated against the reference response
y; using the task-specific evaluation function:

si,r = Scorer (9,0, yi)- (5)
The rollout record at round ¢ is then defined as
ST
R = {(Pul xl’yt’Pu,,tsyltast t)}l I‘ (6)

To reduce overfitting, ALIGNXADA evaluates each policy
on a development set D7) disjoint from S(™). Applying
Eqgs. 3-5 to its examples yields development scores sft,

whose average defines the policy utility:

D™

D
JD(T)(¢t) = Si,t'
i=1

|D(T)| )

The evaluated policy and its development-set utility are
stored in the history:

H —HU{(¢s,Jp (¢:))}. ®)

Maintaining this history allows ALIGNXADA to retain all eval-
uated policies, as verbal policy updates are not guaranteed
to improve monotonically.
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Algorithm 1 Task-specific policy induction in ALIGNXADA.

Require: Task 7; support set S(*); development set D(7);
frozen meta learner mmpen; frozen refiner R; frozen
downstream model M ; evaluation function Score; ini-
tial policy ¢o; number of rounds 7'

Ensure: Task-specific refinement policy ¢(*)

LH—0 > history of evaluated policies
2: forr=0,1,...,T do
3: Ry «— 0 > support-set rollout records
4 for all (P,,,x;,y;) € $(7) do
5: pu,—,t A R(Pui: ét)
6: Vip & M(xi, Py r)
7 si,e < Scorer(9ir, yi)
. Ry «— RU
{(Puss Xis i Pug.ts Dit 50}
9: end for

1 D] D
10: JD(T)(¢I) — D@ Zi:l Sise

11: H—HU{(d:, Ip (1))}
12: if ¢t < T then

13: E; — AGG(R;)

14: Or+1 < Tmeta(@¢, Er)
15: end if

16: end for

17: ¢(7) argmax (g, . . (¢:)eH Ipo (¢r)
18: return ¢(7)

Policy update. After the rollout, ALIGNXADA constructs
structured feedback:

E; = AGG(R;), )

where AGG(-) converts the rollout records into a textual
diagnostic summary. The feedback includes scalar signals,
such as the average support-set score; instance-level signals,
such as predictions and scores; and representative failure
patterns derived from low-scoring examples. The complete
feedback format is provided in Appendix E.3.

Given the current policy and structured feedback, the
frozen meta learner produces a revised policy:

Grv1 = ﬂmeta(¢tsEt)- (10)

The update prompt (provided in Appendix E.2) instructs
Tmeta to follow the predefined policy schema, make targeted
revisions based on the feedback, and avoid example-specific
rules that merely memorize support instances.

The revised policy may adjust the refinement goal, the
types of user evidence to preserve, the compression strategy,
the error patterns to avoid, the output style, or the prior-
ity order among these instructions. An example policy is
provided in Appendix F.2. In this way, the meta learner con-
verts rollout diagnostics into a reusable task-level refinement
policy rather than producing direct answers or per-example
corrections.
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After T rounds, ALIGNXADA selects and returns the best
evaluated policy as the final task-specific refinement policy:

o) = argmax g, 1, (s en Ipo (@) (A1)

4 Experiments

4.1 Experimental Setup

Benchmark. To evaluate profile refinement in multi-
domain, lifelong personalization settings, we construct a
composite benchmark by integrating PersonaMem-v2 [Jiang
et al., 2025] and MemoryCD [Zhang et al., 2026]. We
first derive task-agnostic user summaries from both datasets
and extract semantic signatures capturing stable interests,
preferences, aversions, and contextual constraints. We then
match users one-to-one based on semantic compatibility,
excluding pairs with explicit preference conflicts. For each
matched pair, we construct a shared universal profile by
interleaving and summarizing their PersonaMem and Mem-
oryCD histories. Each composite user is evaluated with the
same universal profile across 13 downstream tasks: nine
PersonaMem-v2 conversational tasks and four MemoryCD
tasks—item ranking, rating prediction, review-title gener-
ation, and review generation. For each task, we construct
user-disjoint support, development, and evaluation sets, en-
suring that users involved in policy induction do not appear
in the held-out evaluation set. Detailed dataset statistics are
provided in Appendix A. We also evaluate the two original
benchmarks separately and report the results in Section 4.3.

Evaluation Metrics. We evaluate four-way choice ques-
tions with exact accuracy, item ranking with Hit@1, rating
prediction with Rating-Score, and both generation tasks
with ROUGE-L. User profiles are constructed under the
all-history memory setting, which summarizes user behavior
from the complete historical context. Given the ground-truth
rating y and model prediction § € {1,2,3,4,5}, Rating-

: 5 _ [P-yl
Score is defined as S(§, y) = max (0, 1- 52

Alongside task-level scores, we report context compres-
sion using the token ratio (TR), defined as the average refined-
profile length divided by the average universal-profile length.

Implementation Details. In the main experiments, we
use Gemini-2.5-Pro [Comanici et al., 2025] to generate
a universal user preference from each user’s raw history
provided by the benchmark. Unless otherwise stated, both
the meta learner and the preference refiner use Gemini-2.5-
Pro. We set the support batch size to » = 20 and the number
of policy-update rounds to T = 5, subject to our experimental
budget. When more demonstrations are available, we select
the support examples using the adaptive sampling method
described in Appendix B to mitigate sampling bias. The
universal-preference baseline directly passes the universal
preference to the downstream model without refinement. The
RAG baseline uses BM25 [Robertson and Zaragoza, 2009].
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Table 1: Overall performance (%) on the composite benchmark with different downstream models. Higher metric is better unless
otherwise specified. Token ratio (TR) denotes the ratio of refined profile token length to those in the original profile. Task-level gains over
Raw are significant under a two-sided exact sign test (p = 2.44 x 10™%).

Task Qwen3-8B DeepSeek-V4-Flash GPT-5-mini
Raw RAG ALigNXapAa  TR(%)] Raw RAG ALiGNXApA TR(%)] Raw RAG ALigNXAapA  TR(%)]
At 4346 4078 456300 189 5534 4LTS.py 6408, 181 4340 4078 49SLen 196
Cr{:’:z‘ve 5568 4659 900  56.82.1 14 217 59.09 54.55_458 73861477 225 5932 61364000  65.91.650 289
K“‘/’:Zlcedge 7219 61541065 7500405 143 8290 710115 8284005 335 7521 71014y 7363155 187
P";SC‘;“"“ 3452 3333..50 333310 249 4524 3929 595  S5476.05 207 47.62 4167595 500035  17.1
Pr"i‘CECma'l 3917 3500_417  37.67_1s0  25.1 4667 3583 1084 5917.125 258 4150 38333y 4083g 264
Pr"fxcr““‘g 31.82 2727455 40.00.5 15 146 5000 4091 900  57.27.727 278 4455 3636.g19  49.09,4 54 16.8
:C‘;“Ei‘]:) 3636 340920 409155 203 5682 53413y 250,55 379 4841 4886.045 SLldny 192
T”‘ZS;Z‘“"“ 38.64 342344 422436 244 5495 4595000  63.06.5 186 5495 5045450 59.46,45 21.7
Trouble
o 4951  46.60_50;  5340,38 223 6019 5534455  621d,,0, 243 5519 55.19.00 543705 185
Ranking
el 5961 55774 61534 208 6923 78850 826934 319 7869 769217 8077008 267
l;i‘(::‘eg 7584 7548_035  TTA0.1s6 282  TA04  T6Aduu 7837wz 272 7788 8029,4  7933,45 264
Title
R OU‘GE_L 1346 1299 04  15.38,10 131 1278 1076200  16.02,324 204 13.04 13174013 13.8040.76 30.3
Review 1304 1390 14.37 222 1389 13.86 15.32 28 1161 1203 12.06 18.4
ROUGE-L ’ 7V-0.04 +91+0.43 g : -60-0.03 Dar].43 . E U340.42 {06..0.45 .
Avg. A - -3.59 +2.27 20.8 - -4.86 +7.00 25.5 - 192 +2.19 22

For each query, we segment the universal profile at structural
boundaries and further divide it into overlapping windows of
120 words with a 30-word overlap. We use the downstream
task prompt as the retrieval query and rank all profile chunks
with BM25 (k; = 1.5, b = 0.75). The top eight chunks
are restored to their original order and concatenated within
an approximate 768-token profile budget (TR =~ 20%),
which is comparable to the length of profiles refined by
our method. The downstream models are Qwen3-8B [Yang
et al., 2025], DeepSeek-V4-Flash [DeepSeek-Al, 2026], and
GPT-5-mini [OpenAl, 2025]. We evaluate generalization
with DeepSeek-V4-Flash as the meta model in Appendix C,
provide further analyses beyond performance comparisons
in Appendix D, and present case studies in Appendix G.
Unless otherwise specified, Qwen3-8B is used as the default
downstream model for these analyses.

4.2 Main Results

We evaluate whether ALIGNX ADA improves the performance—
context trade-off across heterogeneous personalization tasks
and downstream models. An effective preference refinement
method should reduce preference context while preserv-
ing or improving downstream performance. We compare
ALIGNXADA with the raw universal-preference and RAG
baselines across 39 task-model cells.

The results in Table 1 yield three observations. (1)
ALIGNXADA consistently improves the performance-

efficiency trade-off across models and tasks. Across
the 39 task-model cells, ALIGNXADA improves 33, with an
average gain of +3.82 points over the raw universal pref-
erence. All three downstream models improve on average:
+2.27 points for Qwen3-8B, +7.00 for DeepSeek-V4-Flash,
and +2.19 for GPT-5-mini. The gains also span task for-
mats, covering all 12 MemoryCD cells. Meanwhile, the
refined profiles retain only 22.8% of the original tokens,
and performance gains are nearly uncorrelated with token
ratio (r = 0.06). Thus, ALiGNXADA improves the utility
of retained evidence rather than relying on longer profiles.
(2) The advantage over RAG shows that task-oriented
preference adaptation goes beyond query-level retrieval.
AvrioNXADpA outperforms RAG in 36 cells, ties in one, and
underperforms it in only two, with an average margin of
+7.28 points. In contrast, RAG reduces the raw-profile score
by 3.46 points on average. For example, on professional
email with DeepSeek-V4-Flash, RAG lowers accuracy from
46.67% to 35.83%, whereas ALIGNXADA raises it to 59.17%.
Retrieval may surface locally relevant records but fragment
preferences whose relevance is indirect or distributed across
interactions. ALIGNXADA instead reorganizes the consol-
idated profile into a coherent decision context. (3) The
optimal preference representation depends on both the
task and the downstream model. For professional email,
the changes are —1.50, +12.50, and —0.67 points for Qwen3-
8B, DeepSeek-V4-Flash, and GPT-5-mini, respectively; for
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Table 2: Task-level performance and token ratios on separate
PersonaMem-v2 and MemoryCD (values x100%).

Task Raw RAG ALicNnXapa TR|
Benchmark=PersonaMem-v2
Chat Message 30.11 27.42 30.91 314
Creative Writing 31.13  27.13 32.78 37.0
Knowledge Query 49.92 43.98 48.71 43.3
Personal Email 30.93 29.83 32.39 40.4
Professional Email 31.09 27.72 33.83 38.7
Professional Writing 28.46 24.73 27.66 51.6
Social Media Post 2599 29.66 29.94 39.7
Translation 31.80 29.68 3243 38.5
Trouble Consult 3277 33.06 35.29 46.3
Avg. A - -2.11 +1.30 40.8

Benchmark=MemoryCD

Item Ranking 57.14  54.25 61.14 62.1
Rating Prediction 78.86  75.81 80.00 59.5
Review Title 1347 14.32 14.36 44.7
Review Generation 13.72  14.04 14.46 25.8
Avg. A - -1.19 +1.69 48.0

knowledge query, they are +2.81, —0.06, and —1.58 points.
These sign reversals indicate that no single compression
strategy is optimal for all downstream models, motivating the
use of downstream feedback for policy induction. Despite
this heterogeneity, all regressions remain within 1.58 points,
whereas the largest gain reaches +14.77 points.

4.3 Results on Source-Native Benchmarks

The composite benchmark merges heterogeneous histories
from PersonaMem-v2 and MemoryCD into a universal user
profile, exposing each downstream task to both relevant
and unrelated evidence. Although this setting reflects the
noisy histories of lifelong agents, ALIGNXADA may benefit
mainly from removing cross-domain noise introduced by
benchmark construction. We therefore evaluate ALIGNXADA
separately on the two source benchmarks, where profiles are
built from more domain-coherent native histories, to test
whether it remains effective from a cleaner starting point.
The results in Table 2 show two patterns. ALIGNXADA
remains effective on cleaner, source-native profiles. It
improves the average primary metric by 1.30 points on
PersonaMem-v2, outperforming the raw profile on seven
of nine tasks, and by 1.69 points on MemoryCD, improv-
ing all four tasks. These gains indicate that ALiGNXADA
goes beyond removing cross-domain noise by using support-
set feedback to induce preference representations better
aligned with downstream requirements. Feedback-based
adaptation provides a better performance—compression
trade-off than query-level retrieval. ALIGNXADA outper-
forms RAG on every task, whereas RAG reduces the average
score by 2.11 points on PersonaMem-v2 and 1.19 points on
MemoryCD. Meanwhile, ALiGNXADA reduces the profiles
to average token ratios of 40.8% and 48.0%, respectively.
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Task trends (norm.) =@ Mean =@= Median Token ratio

4/13 improved 7/13 improved 11/13 improved
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Primary metric change (pp)
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Mean profile token ratio (%)

Feedback batch size

Figure 3: Effect of feedback batch size on the composite bench-
mark. Solid and dashed lines show the mean and median primary-
metric changes, respectively. Gray lines show normalized task-level
trends, bars show the mean profile token ratio, and annotations
indicate the number of tasks outperforming the raw-profile baseline.

This suggests that support-set feedback reorganizes user
evidence into a compact representation that is more useful
to downstream models than locally retrieved excerpts.

4.4 Hyperparameter Analysis

Impact of Support Batch Size b. Figure 3 compares
feedback batch sizes b € {5, 10,20} while keeping the in-
duction pool and update-round budget fixed. (1) Larger
feedback batches improve the reliability of policy induc-
tion. As b increases from 5 to 20, the mean primary-metric
change rises from —0.33 to +2.58 points, the median from
—0.91 to +1.94 points, and the number of improved tasks
from 4/13 to 11/13 (7/13 at b = 10). Smaller batches
make each update more sensitive to the sampled examples,
whereas larger batches provide broader and more balanced
feedback, leading to more stable policies. (2) The gains
come from better feedback coverage rather than weaker
compression. » = 20 achieves the highest mean and median
gains while producing the lowest mean token ratio (20.5%,
compared with 21.1% at b = 5 and 21.7% at b = 10).
Thus, its advantage does not result from retaining more con-
text. Instead, broader feedback helps distinguish recurring
evidence-loss patterns from isolated failures and prioritize
more useful preference evidence. We therefore use b = 20
as the default, as it provides the best accuracy—compression
trade-off among the evaluated settings. Larger batches are
not evaluated because they exceed the context budget.

Impact of the Number of Update Rounds 7. Figure 4
shows when the final selected policy first appears in diagnos-
tic runs with T € {5, 10}. (1) Effective refinement policies
are typically learned within a few updates. Eight of the thir-
teen task-specific policies emerge by the second round, and
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Figure 4: Update round of the final selected policy in the T €
{5, 10} diagnostic runs. Blue bars denote policies obtained by
round five, red bars denote later policies.

twelve within five rounds, indicating that the meta-learner
can quickly translate support-set feedback into effective poli-
cies. (2) Additional rounds offer task-dependent benefits.
Rating prediction is the only task whose final policy first
appears after round five, at round nine. Moreover, among
the seven tasks for which T = 10 performs better, six select
policies generated within the first five rounds. Thus, most
tasks converge early, while additional rounds mainly benefit
challenging or unstable tasks. Balancing policy quality and
inference cost, we use 7 = 5 in the main experiments.

5 Conclusion

In this work, we study LLM personalization from the per-
spective of universal user preference interfaces. We propose
ALIGNXADA, which induces a reusable natural-language
refinement policy through verbal reinforcement learning, im-
proving the performance—budget trade-off while preserving
source-supported claims and critical evidence. By enabling
effective use of universal preferences, our work offers a new
perspective on memory adaptation for lifelong personalized
agents.

Limitations

Despite its advantages, ALIGNXADA has two main limitations.
First, although our evaluation spans PersonaMem-v2 and
MemoryCD across multiple task formats, both benchmarks
are constructed or curated evaluation settings and may not
fully capture the evolving, noisy interactions of real-world
lifelong agents. Future work should develop broader datasets
that provide both universal user preferences and diverse
downstream task formats, enabling more comprehensive
evaluation of task-specific preference adaptation. Second,
ALIGNXADA assumes that the support set used for policy
induction is representative of the target task distribution.
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When the support set is biased or insufficiently diverse, the
induced refinement policy may not generalize well. More
effective sampling and support-set construction strategies
remain important directions for future work.

Ethics Statement

All experimental datasets used in this study are derived
from previously published work and obtained either through
official APIs or by synthetic construction based on these
sources. All user-related information in the datasets has
been anonymized, and no personally identifiable information
is involved. We do not use any non-open-source data. All
data are used solely for scientific research, rather than for
commercial purposes or for profiling or decision-making
about individuals, and their acquisition and use comply
with relevant ethical guidelines and standards of academic
integrity. All existing resources used in our experiments,
including datasets, pretrained models, and APIs, are accessed
and used in accordance with their original licenses and terms
of use. The datasets and models we rely on were filtered and
processed by their original authors prior to public release to
mitigate potential ethical risks.
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Table 3: Statistics of the constructed composite benchmark.
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Table 5: Statistics of the MemoryCD benchmark.

Task Support Query Total Task Support Query Total
Personal Email 40 84 210 Item Ranking 160 400 560
Professional Email 40 120 256 Rating Prediction 160 400 560
Professional Writing 40 110 269 Review Title Generation 160 400 560
Creative Writing 40 88 239 Review Generation 160 400 560
Translation 40 111 264

Trouble Consult 40 103 243 Total 640 1600 2240
Chat Message 40 103 226

Social Media Post 40 88 217 learning from exploiting evaluation-user histories
Knowledge Query 40 169 416 £ P gevald 4 '

Item Ranking 40 52 131 . . . .

Rating Prediction 40 50 131 B Adaptive Sampling for Policy Learning
Review Title Generation 40 52 131 The meta learner has a limited context budget, so each policy
Review Generation 40 52 131 update can use at most b support examples even when a larger
Total 520 1,184 2,864 candidate pool is available. This makes the choice of support

Table 4: Statistics of the PersonaMem-v2 benchmark.

Task Support Query Total
Personal Email 49 424 473
Professional Email 50 485 535
Professional Writing 63 453 516
Creative Writing 52 457 509
Translation 52 478 530
Trouble Consult 49 452 501
Chat Message 49 444 493
Social Media Post 56 426 482
Knowledge Query 61 661 722
Total 481 4,280 4,761

A Benchmark Statistics

Tables 3—5 summarize the task distributions used in our main
and source-native evaluations. Since a user may contribute
multiple targets and PersonaMem-v2 users do not necessar-
ily have an example in every conversational scenario, the
number of available records varies across tasks. In Table 3,
Support denotes the fixed induction budget used for each
task, Query denotes the held-out instances used for final
evaluation, and 7otal denotes all constructed task records
before runtime support and development subsampling; the
latter therefore also includes candidate induction and devel-
opment records not displayed in separate columns. Overall,
the composite benchmark contains 2,864 records across 13
tasks. For the source-native evaluations, PersonaMem-v2
contributes 4,761 examples across nine conversational tasks,
while MemoryCD contributes 2,240 examples across four
recommendation and generation tasks. All experiments use
user-disjoint induction and evaluation splits to prevent policy

examples important. Fixed or randomly sampled batches
may over-represent easy successes, persistent failures, or
isolated regressions, leading to updates that are either too
conservative or too reactive. To obtain a more balanced
diagnostic view, we use adaptive diagnostic sampling, which
selects support examples from multiple outcome-transition
states.

In the main experiments, we reserve a candidate pool
C) = {(Py,, i yi)}!, for adaptive support selection and
a development set D7) for final policy selection. Here, m
denotes the number of candidate examples available in the
experimental split rather than a method-level budget. At
each update, the sampler selects b examples from C(7) to
form the support set S*), where b < m. This allows each
update to remain within the context budget while preserving
broader coverage across users, topics, and difficulty levels.
In deployment, the candidate-pool size is determined by the
available task-specific interactions.

For each support example, we compare two binary out-
comes: the outcome under the raw universal preference
and the most recent outcome under the current refinement
policy. This comparison assigns each example to one of four
transition states:

* IMPROVED: the raw profile is incorrect, but the refined
profile is correct, indicating useful rewritten-profile rep-
resentations;

* REGRESSED: the raw profile is correct, but the refined
profile is incorrect, exposing evidence that may have
been removed or made less usable;

* STABLE-SUCCESS: both the raw and refined profiles are
correct, identifying safe compression behavior;

* PERSISTENT-FAILURE: both the raw and refined profiles are
incorrect, revealing evidence requirements that neither
profile makes accessible to the downstream model.

At each update round, the sampler partitions the candidate
pool by these transition states and allocates the support
budget uniformly across them. If b is not divisible by
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Figure 5: Fixed versus adaptive support sampling on the composite
benchmark. Each arrow connects the same task under fixed
sampling (circle) and adaptive sampling (square). The horizontal
axis reports context-token reduction and the vertical axis reports
the change in the task-specific primary metric; higher is better on
both axes.

four, the remaining slots are assigned deterministically, with
priority given to IMPROVED and REGRESSED examples. If a
transition state has too few examples, its unused slots are
redistributed to the remaining states. This strategy provides
the meta learner with both corrective signals from failures
and stabilizing signals from successes in each update.

We compare fixed and adaptive sampling in Figure 5 and
make two observations. (1) Adaptive sampling improves
the overall performance—compression trade-off rather
than trading additional context for better predictions.
The mean task-level gain in the primary metric increases
from +1.22 points under fixed sampling to +2.58 points
under adaptive sampling, while the number of tasks that
improve over the raw-profile baseline rises from 7/13 to
11/13. At the same time, the mean context-token reduction
increases from 68.3% to 72.7%. Ten of the thirteen arrows
move upward, ten move rightward, and eight move in both
directions. Adaptive sampling therefore yields a broadly
more favorable shift in performance—compression space by
improving the selection of feedback examples used for policy
induction, rather than by retaining longer refined profiles.
(2) The primary benefit is the recovery of tasks for which
fixed sampling induces unstable or incomplete policies.
Adaptive sampling changes the gains for creative writing,
knowledge query, review title generation, and review gener-
ation from negative to positive. It also increases the gain for
rating prediction from +0.48 to +5.85 points, professional
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Table 6: Performance and token ratio with DeepSeek-V4-Flash
as the meta model, rewrite model, and the target model (values
x100%).

Task Raw RAG AvricnXapa-D TR|
Chat Message 55.34  41.75 60.24 16.2
Creative Writing 59.09 54.55 68.71 23.1
Knowledge Query 8290 71.01 79.16 30.7
Personal Email 45.24  39.29 48.81 16.9
Professional Email 46.67 35.83 56.67 24.6
Professional Writing  50.00 40.91 52.13 26.5
Social Media Post 56.82 5341 61.06 31.8
Translation 5495 4595 61.48 20.4
Trouble Consult 60.19 55.34 60.91 22.3
Item Ranking 69.23 78.85 82.42 33.7
Rating Prediction 74.04 76.44 77.83 26.2
Review Title 12.78 10.76 15.35 20.5
Review Generation 13.89 13.86 14.50 18.4

writing from +5.45 to +8.18 points, and trouble consultation
from +0.97 to +3.88 points. These tasks benefit from repeat-
edly exposing the meta-learner to both regressions, which
reveal decision-relevant evidence discarded by the current
policy, and persistent failures, which reveal evidence that the
policy still fails to surface. The effect is not uniform: fixed
sampling remains stronger for chat message, personal email,
and translation, while professional email remains below the
raw-profile baseline. Adaptive sampling should therefore be
interpreted as a more reliable strategy for allocating feedback
across heterogeneous tasks, rather than as a guarantee of
improvement on every task.

C Generalization Across Different Meta Mod-
els

To assess whether ALIGNXADA generalizes beyond its de-
fault model configuration, we replace Gemini-2.5-Pro with
DeepSeek-V4-Flash for policy induction and profile rewrit-
ing. We also use DeepSeek-V4-Flash as the downstream
model, yielding an all-DeepSeek variant, ALIGNXADA-D,
while keeping the learning procedure and experimental
protocol unchanged.

ALIGNXADA remains effective when all model roles
use DeepSeek-V4-Flash, indicating that its gains are not
specific to Gemini-2.5-Pro. ALiGNXADA-D improves 12
of the 13 tasks over the raw universal preference, with an
average gain of +4.47 points. It improves eight of the nine
PersonaMem-v?2 tasks, averaging +4.22 points, and all four
MemoryCD tasks, averaging +5.04 points. The refined
profiles retain only 23.95% of the original tokens. These
results demonstrate that ALIGNXADA transfers across model
families and task formats while maintaining a favorable
performance—efficiency trade-off.

Its consistent advantage over RAG suggests that this
transfer stems from preference-level adaptation rather
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than model-specific retrieval behavior. ALiGNXADA-D
outperforms RAG on all 13 tasks by 9.33 points on aver-
age, whereas RAG falls 4.86 points below the raw-profile
baseline. Its largest gains over the raw profile occur on
item ranking (+13.19), professional email (+10.00), and
creative writing (+9.62), spanning ranking, classification,
and open-ended generation. Thus, feedback-guided pref-
erence reorganization remains effective even when policy
induction, rewriting, and downstream inference use the same
model family.

Different policy-induction and rewriting models never-
theless produce distinct performance—compression trade-
offs. For the same DeepSeek-V4-Flash downstream model,
the default Gemini-based configuration achieves an average
gain of +7.00 points with a token ratio of 25.5%, compared
with +4.47 points and 23.95% for ALiGNXADA-D. ALIGNX-
ADA-D therefore produces slightly more compact profiles but
smaller performance gains, with knowledge query as its only
regression (—3.74 points). These results distinguish frame-
work generality from model interchangeability: ALIGNXADA
transfers across model families, but the choice of policy-
induction and rewriting models still affects how effectively
decision-relevant evidence is identified and retained.

D Diagnostic Analysis on PersonaMem-v2

D.1 Preference Source Robustness

To examine whether ALiIGNXADA’s behavior depends on
the quality and format of the universal preference represen-
tation, we construct three sources of universal preference
information on PersonaMem-v2. Source A summarizes
a user’s identity, background, interests, communication
style, and other attributes using GPT-5 [OpenAl, 2025],
which is provided by the benchmark. We use A to test
whether ALiGNXADA can still improve a compact, curated
persona preference that has already removed much of the
conversational detail. Source B uses the persona’s raw
structured JSON record from the benchmark. This record is
the generator-side persona artifact used to create the bench-
mark’s preferences, conversation snippets, and answers. To
avoid direct conversation leakage, we remove the benchmark
conversation branch while retaining the structured persona
and preference fields. We use B as a high-information
structured-source stress test to measure whether a verbal
refiner can replace hand-designed field selection when ex-
plicit preferences are available. Source C summarizes each
user’s raw chat history into a comprehensive natural lan-
guage preference description using Gemini-2.5-Pro. Unlike
A and B, C is therefore a history-derived preference rather
than a persona-generation artifact. We use C as the default
source in the main experiments because it best matches our
target setting: a system first summarizes long user—assistant
interactions into a rich but task-agnostic preference summary,
and ALigNXaDpa then adapts that profile into a task-specific

Learning Preference Adaptation for Large Language Model Personalization via Verbal Reinforcement Learning

preference representation.

The results are shown in Table 7, from which we draw the
following observations. (1) ALIGNXADA works best as a
task-specific refiner for natural-language preference pro-
files, rather than as a replacement for upstream profile
construction. Both Source A and Source C improve after
refinement, with absolute gains of +0.61% and +1.30%,
respectively, whereas Source B starts from the strongest
raw baseline but decreases after refinement. This pattern
suggests that ALIGNXADA benefits from sources whose evi-
dence is already expressed in natural language, while raw
structured records may require a more field-aware transfor-
mation. (2) The gains on A and C come from reorganizing
available preference evidence into a more task-oriented
form. Source A has the lowest raw accuracy (25.67%),
because the dataset-provided expanded persona is compact
and often lacks the full cross-topic evidence required by
downstream tasks. ALIGNXADA still improves it to 26.28%,
showing that even a limited persona can benefit from task-
specific reorganization. Source C starts from a stronger raw
baseline (32.47%), as the comprehensive profile contains
richer user history, and ALIGNXADA further improves it to
33.77%. This makes Source C the best match for our target
setting: it is sufficiently evidence-rich for personalization
while remaining in natural language, allowing the refiner
to reliably compress and reorganize it. (3) The drop on B
suggests a format mismatch rather than a lack of useful
information. Source B’s high raw accuracy (32.91%) is
expected, because it is the structured persona used to synthe-
size the benchmark and often contains explicit preference
aligned with the query-required evidence. However, after
refinement, accuracy drops to 32.07%. One likely reason is
that many useful signals are stored as fine-grained structured
fields or leaf values; rewriting them into a compact natural-
language profile can remove exact decision evidence that the
downstream model can directly read. From the compression
perspective, this result also shows that strong compression
alone is insufficient. The best trade-off is achieved by Source
C, where ALIGNXADA obtains a positive gain while reducing
the profile to 40.8% of its original token length.

D.2 Faithfulness Audit

Performance and compression alone do not establish whether
a refined preference can serve as a faithful substitute for the
user universal preference. A refiner may reduce the context
budget while removing the decisive preference evidence
or introduce fictional traits. We therefore audit the refined
preferences along two dimensions: claim-level faithfulness
to the input profile and preference evidence retention.

Claim-level faithfulness audit. For each unique raw—
refined preference pair, we use DeepSeek-V4-Pro [DeepSeek-
Al, 2026] as the judge model to decompose the refined
preference into atomic claims and label each claim with
respect to the universal preference as supported, contradicted,
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Table 7: Ablation on the source of the universal preference (values x100%).

Source A Source B Source C
Task Raw AvricnXapa TR(]) Raw  AvricnXapa TR(]) Raw  ArignXapa TR(])
Chat Message 28.37 28.64 36.8  30.19 29.73 16.4  30.11 3091 314
Creative Writing 24.58 24.13 49.7 3342 31.89 312 31.13 32.78 37.0
Knowledge Query 33.21 37.84 353 52.76 50.18 23.6 49.92 48.71 43.3
Personal Email 22.73 23.46 532 3195 30.27 28.7  30.93 32.39 40.4
Professional Email 23.64 21.37 459  29.58 28.42 27.3  31.09 33.83 38.7
Professional Writing  24.82 25.16 456 2694 27.31 26.5 28.46 27.66 51.6
Social Media Post 26.35 26.78 452  30.67 29.14 23.8 2599 29.94 39.7
Translation 2591 27.32 41.5 3428 34.76 214 31.80 32.43 38.5
Trouble Consult 21.46 21.83 347  26.37 26.92 30.1 3277 35.29 46.3
Avg. A - +0.61 43.1 - -0.84 25.4 - +1.30 40.8
notfourfd, or too vague. Let IYC den(?te the total numper "label”: "supported | contradicted |
of atomic claims across all audited pairs. The three claim- N
. . oo not_found | too_vague",
level me.trlfzs—Clalm Support, Non-Hallucination, and Non- "evidence” : "short supporting or
Contradiction—are defined as follows: contradicting evidence from the original
. _ #supp. profile, or empty string”,
Claim Support = N, ' "rationale”: "brief reason”
Non-Hallucination = 1 — w, (12) ] )
‘ )
Non-Contradiction = 1 — ficont. .
N Split the refined profile into concise atomic

Here, supported indicates that a claim is explicitly stated or
semantically entailed by the universal preference, not found
indicates unsupported new information, and contradicted
indicates inconsistency with the source. Claims labeled foo
vague are included in N, but are not counted as supported.
We define the judge prompt as follows:

Claim-Level Faithfulness Audit

Audit the refined profile against the original
profile.

Labels:
- supported: the claim is explicitly stated or
semantically entailed by the original profile.

- contradicted: the claim conflicts with the
original profile.

- not_found: the claim adds specific
information not present in the original
profile.

- too_vague: the claim is so generic that it

cannot be checked as a concrete profile claim.

Return exactly one JSON object with this
schema:
{
"claims": [
{
"claim”: "atomic claim from the refined
profile”,

claims. Do not invent claims that are not in
the refined profile.

<OriginalProfile>
{original_profile}
</OriginalProfile>

<RefinedProfile>
{refined_profile}
</RefinedProfile>

Preference-evidence audit. PersonaMem-v2 provides a
“preference” field for each benchmark query, which we treat
as ground-truth decision evidence. For each audited query,
the judge determines whether this evidence is preserved
in the universal preference and in the refined preference.
Each preference is labeled as exact/specific, semantically
generalized, missing, or contradicted, where the first two
labels are counted as evidence retained. Let N, denote
the number of audited query examples. We define four
evidence-level metrics: Source Coverage, Refined Retention,
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Conditional Retention, and Non-Critical Missing:

#source ret.
Source Coverage = ————,
Ne

#refined ret.
Refined Retention = $,
e

. . #source ret. & refined ret.
Conditional Retention = ,
#source ret.

#critical missing

13)

Non-Critical Missing = 1 —
#source ret.

Here, source ret. indicates that the universal preference
contains the ground-truth evidence, and refined ret. indi-
cates that the refined preference preserves it. A critical
missing case occurs when the universal preference retains
the evidence but the refined preference is labeled missing.
The judge prompt is defined as follows:

Preference-Evidence Audit

Audit whether each profile the

benchmark preference.

preserves

Labels:

- exact_or_specific: the profile explicitly
preserves the preference or a highly specific
equivalent.

- semantic_generalized: the profile preserves
the preference at a broader but still useful
level.

- missing: the profile does not contain usable
evidence for the preference.

- contradicted: the profile states the opposite
or says the preference was retracted/should not
be used.

Return exactly one JSON object with this
schema:

{

"original”: {

"label”: "exact_or_specific |
semantic_generalized | missing |
contradicted”,

"evidence”: "short evidence span from the

original profile, or empty string”,

"rationale”: "brief reason”
}!
"optimized”: {

"label”: "exact_or_specific |
semantic_generalized | missing |
contradicted”,

"evidence”: "short evidence span from the

refined profile, or empty string”,
"rationale”: "brief reason”
}
}

<BenchmarkPreference>
{benchmark_preference}
</BenchmarkPreference>
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Figure 6: Faithfulness audit result on the PersonaMem-v2 bench-
mark.

<OriginalProfile>
{original_profile}
</0riginalProfile>

<RefinedProfile>
{refined_profile}
</RefinedProfile>

We have two main observations about ALIGNXADA from
Figure 6. (1) AL1IGNXADA is highly faithful to the source
profile. Across all scenarios, 97.5% of extracted claims
are supported by the original profile, the non-hallucination
rate is 97.9%, and the non-contradiction rate reaches 99.8%.
These results show that the verbal policy does not turn the
refiner into an unconstrained generator. Instead, ALIGNX-
ADA largely functions as a controlled compression-and-
reorganization operator that preserves the factual content of
the universal preference representation while adapting it for
downstream use. (2) The main bottleneck is incomplete
decision-evidence availability rather than profile hallu-
cination. Only 34.0% of benchmark preference evidence
is recoverable from the original source profiles, while re-
fined profiles retain 30.2% overall. This small gap from the
source-evidence ceiling suggests that many errors arise from
insufficient evidence in the universal profile itself, rather than
from the refiner deleting available evidence. Conditional
on the original profile containing the golden preference,
ALIGNXADA preserves it in 83.3% of cases, with a critical
missing rate of 15.3%. Therefore, the audit provides a
more precise interpretation of ALIGNXADA’s downstream
limitations: ALiGNXADA can faithfully compress and adapt
the profile it receives, but its performance ceiling depends
on whether the universal profile contains the cross-topic
evidence needed for the decision. The remaining headroom
mainly lies in improving source-profile coverage and making
decision-relevant evidence more consistently available to
the refiner.

E Prompt Templates
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E.1 Rewrite Prompt Template .
- Treat concrete user facts, constraints,

The refiner receives the current policy ¢,, the downstream sensitive or anti-stereotypical preferences,
task family description, and the original profile P,,. and privacy behavior as potential decision
evidence unless the feedback shows they are
Prompt Template for Preference Generation harmful .
Current rewrite pattern phi_t: Use feedback:
{current_policy} - Prioritize regressions as evidence of omitted,

distorted, or under-weighted signals; preserve

Downstream task family: behaviors that explain improvements and stable

{task_description}

successes.
Original profile P_u: - Separate evidence loss from downstream
{original_profile} confusion, ambiguity, or source-profile
insufficiency before changing the policy.
Rewrite the profile strictly according to - Balance latent evidence with ordinary
phi_t. concrete evidence such as roles, places,
Requirements: objects, language/register, named interests,
1. Execute phi_t exactly, including and everyday preferences.
its preservation, compression, abstraction, Constraints:
structure, and style rules. - Make the smallest useful update to phi_t and
2. Preserve factual faithfulness to P_u; do avoid overfitting to one example, user, topic,
not add unsupported facts, preferences, or or surface form.
assumptions. ) ) - next_pattern must describe how to rewrite
3. Keep the rewrite query-agnostic and do profiles, not how to answer the downstream
not optimize it for a specific prompt, option, task.
answer, or evaluation instance. - Return only the final JSON.

4. Output only the rewritten profile P*_u.

E2 Meta-Learner Prompt Template E.3 Structured Feedback Template

The structured feedback record E; is serialized as a JSON
list, where each entry corresponds to one support example in
the mini-batch. By default, the feedback does not include the
Prompt Template for Policy Update full raw preference; instead, the meta learner observes the
rewritten profile, paired outcomes, scores, and task metadata.

The meta learner receives the current policy and mini-batch
feedback, then emits only the next policy.

Meta prompt version:

{prompt_version} Feedback Template
Downstream task family:
{task_description} L C
Primary optimization metric: "idx": int,
{primary_metric_name} "prompt”: string,
Current pattern phi_t: "reference”: string,
{current_policy} "optimized_profile”: string,

. . "original_prediction”: string,
Support-set error information (JSON): "optimized_prediction”: string,
{feedback_payload} "original_primary_score”: float,
Optimization objective: "optimized_primary_score”: float,
- Improve future rewritten-profile performance "score_delta": float,
for the same task family while updating only "original_metrics”: object,
the rewrite policy, not the downstream answer "optimized_metrics”: object,
behavior. "meta_summary”: {
- Preserve or improve the primary metric first; "transition”: "improved | regressed
reduce redundant context only after retaining persistent_failure | stable_success”,
decision evidence. "scenario”: string,
- Keep the policy query-agnostic so it can serve "pref_type": string,
unseen examples rather than the current support "topic_query": string,
prompts. "reference_letter"”: string,
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"gold_signal”: string,
"original_prediction”: string,
"original_signal”: string,
"optimized_prediction”: string,
"predicted_signal”: string,
"prediction_changed”: bool

Yo

"original_profile_words"”: int,

"optimized_profile_words”: int,

"word_reduction”: int

F Policy Examples

F.1 Initial Policy

All experiments start from the same task-agnostic initial
policy:

Initial Policy

Rewrite the profile into concise, stable
preference rules that preserve relevant user
signals while reducing unnecessary detail.

F.2 An example of Induced Policies

Example Induced Policy

Goal: Produce a compact, faithful refined
profile that lets a Qwen3-8B downstream
answer a 4-way personal-email choice question
grounded in the user’s relationship context,
tone, and recurring email phrasing, while
preserving cross-scenario evidence that
disambiguates the choice.

Preserve:

- Relationship roles and names of recurring
email recipients.

- Tone, greetings, signoffs,
phrasing by relationship.

- Lifestyle constraints and cross-scenario
preferences that affect email decisions.

and recurring

Compress:

- Narrative chit-chat from chat history.

- Duplicated preferences or long descriptions
that do not change the email decision.

Avoid:

- Removing cross-scenario evidence or confusing
the user’s preferences with those of family
members.

- Copying exact answer-text phrasings from chat
history.

Output Style:
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- Bulleted, with explicit field labels and
relationship/scenario tags.
- No prose narrative.

Priority: When in
cross-scenario  preference
local email-style fluff.

doubt, preserve
evidence over

G Case Study

We select a representative user case, together with its raw
universal preference and refined preference, as a case study.
The raw universal preference leads the downstream model
to an incorrect answer, whereas the ALIGNXADA-refined
profile leads it to the correct one. The user asks for calming
activities or audio options after a long day. Among the four
candidate responses, the gold answer recommends a tranquil
Bach harpsichord suite or softly recorded Gregorian chant.
With the raw universal preference, the downstream model
selects a response centered on Japanese shakuhachi and koto
music; after refinement, it selects the gold response. The
boxes below show lightly formatted excerpts copied from the
corresponding JSON outputs, with omitted material marked
by ellipses.

Raw Universal Preference Excerpt

This user is a highly educated, articulate, and reflective
individual, likely an academic in the humanities, with
a professional focus on history, theology, and liturgy,
particularly within the Anglican tradition. Their name
is Elaine H. Nakamura. They reside in or near Portland,
Oregon, and are of East Asian, specifically Japanese,
descent. Elaine is deeply engaged in both her professional
life as a university lecturer and her personal life within
a parish community, where she is a lay leader and choir
member.

... The rhythms of the church calendar (Advent, feast
days) are significant markers in her life.

Her aesthetic sensibilities are refined and consistent. She
appreciates:

- Music: She is a choir member, rehearsing and performing
works by composers like Tallis. She has a sophisticated ap-
preciation for classical music (Bach’s Jesu, meine Freude),
choral traditions, and the emotional impact of music in
different settings. She also enjoys karaoke with friends.

- Literature: She is an avid reader, enjoying 19th-century
novels like Middlemarch, mystery novels (P.D. James,
Sarah Waters), and poetry. Reading is a cherished ritual,
often done in the evening with tea and a cozy blanket.

- Visual Arts & Design: She is drawn to art galleries, the-
ater (both scripted and improvisational), and the aesthetics
of interior design . . .
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AvLicNXADA-Refined Profile Excerpt

Tone & Style

- Formality: Prefers a polite, formal, and articulate com-
munication style, even in personal emails.

- Tone: Warm, reflective, and slightly literary.

- Vocabulary: Uses precise, rich, sensory vocabulary
(e.g., “faint patter of rain,” “ancient cadences”).

Content & Interests

- Professional Identity: University lecturer in Church
History. This is a central part of her identity and informs
her worldview.

- Core Academic Interests: Liturgical practices and
history (Anglican tradition, medieval mystery plays, fu-
neral liturgies); theology and its intersection with culture;
19th-century parish library development.

- Cultural & Aesthetic Preferences:

- Music: Classical (Bach), choral traditions (Tallis).
Participates in a parish choir. Also enjoys karaoke with
friends.

- Literature: 19th-century novels (Middlemarch), mys-
tery novels (P.D. James, Sarah Waters), poetry. Reading
is a cherished ritual.

- Arts: Enjoys art galleries, theater (scripted and im-
prov), and appreciates handmade crafts like greeting cards.

This example shows that ALIGNXADA can improve down-
stream behavior without introducing new user facts. The
raw preference already contains the relevant evidence, but
it presents decision-relevant musical and liturgical prefer-
ences alongside many other salient identity and cultural
details. In this case, the raw model appears to overweight
the user’s Japanese heritage and selects the candidate men-
tioning shakuhachi and koto. The refined profile reorganizes
the same source-supported information into task-relevant
clusters: classical music, choral practice, Anglican parish
life, 19th-century reading, and quiet evening rituals. This
makes the Bach/Gregorian-chant candidate more directly
supported than the Japanese-instrument distractor, while
reducing the profile by 46.6%.
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