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ABSTRACT
Existing content recommender systems usually depend on centrally
stored interaction histories, creating vendor lock-in and disadvan-
taging newer providers who lack sufficient user data. They also limit
users’ ability to understand, control, or edit how their preferences
are represented, since profiles are learned as opaque latent vec-
tors within provider-controlled models. We propose a user-centric
alternative in which personal agents construct interpretable, ed-
itable preference profiles in natural language. Each profile item
is associated with a learnable weight indicating its importance,
and profiles are learned locally under full user control, laying the
groundwork for high-quality personalization across multiple con-
tent providers. Recommendations are generated by matching con-
tent with weighted profile embeddings in a shared embedding space
that is fine-tuned once using only content data and subsequently
used by both content providers and personal agents. This design
shifts profile ownership to users while maintaining the efficiency
of existing recommender systems, as online recommendation re-
duces to approximate nearest-neighbor search. It further lowers the
barrier for new providers, who only need to embed their content
into the shared space — personalization naturally emerges from
user-side profile embeddings optimized by personal agents to re-
trieve the most relevant content. Experiments on the MIND and
Goodreads datasets show that our system outperforms strong base-
lines while providing transparency and editability — reimagining
personalization as a process owned and controlled by the user.
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1 INTRODUCTION
Online digital platforms (content providers) serve billions of users
across vast content collections, making personalized recommenda-
tions essential for navigation and discovery [3, 9, 45]. Yet current
systems exhibit fundamental limitations that undermine user pri-
vacy, autonomy, and agency. Centralized architectures require users
to surrender detailed behavioral data to content providers, creating
privacy concerns and vendor lock-in [14, 33]. Opaque latent rep-
resentations prevent users from understanding or correcting how
their preferences are modeled [13, 36, 43]. This centralization fur-
ther entrenches market incumbents, who leverage vast proprietary
datasets to train powerful embedding models, while new providers
face insurmountable cold-start barriers.

Recent research has begun to address these shortcomings by
leveraging large language models (LLMs) to make recommender
systems more interpretable and transparent [24]. LLMs offer a
promising path toward representing user preferences in natural
language — a form users can understand, inspect, and even edit
directly. However, existing approaches remain partial solutions:
they improve interpretability but do not fully resolve challenges
around data privacy, scalability, or accessibility for new providers.

These observations motivate a fundamental question: How can
we design recommendation systems that give users control over their
profiles, broaden provider accessibility, and remain scalable? We ar-
gue that achieving this requires satisfying three critical desiderata:

D1. User Interpretability and Control: Users should under-
stand how their preferences are represented and be able to edit these
representations directly in natural language while maintaining full
ownership of their profiles.

D2. Scalable Retrieval: The system must efficiently handle mil-
lions of items using standard approximate nearest-neighbor (ANN)
search, maintaining the performance characteristics of existing
recommender systems.

D3. Cross-Provider Portability: User profiles should be de-
signed to work seamlessly across multiple providers, enabling users
to receive high-quality personalized recommendations without ven-
dor lock-in or requiring providers to collect extensive user data.

Meeting all three desiderata simultaneously exposes a fundamen-
tal tension: while LLMs excel at generating rich, human-readable
preference descriptions, they are computationally infeasible for
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scoring millions of items at query time. Conversely, embedding-
based retrieval methods scale efficiently but sacrifice interpretability
and user control over preference representations.

We resolve this tension through a novel personal agent archi-
tecture that simultaneously satisfies all three desiderata at differ-
ent levels. Our key insight is that natural language user profiles
need not be static summaries—they can be iteratively optimized
as computational objects while remaining interpretable and ed-
itable. By decoupling profile learning (which happens locally using
LLMs) from content retrieval (which uses efficient embeddings), we
achieve the interpretability benefits of language models without
sacrificing the scalability of vector-based search. Our architecture
realizes these desiderata through three key components:

(1) Personal Agents (D1): Each user maintains a local agent
that learns interpretable natural language profiles from in-
teraction history and optimizes them for recommendation
quality. Users can inspect and edit these profiles directly,
maintaining full ownership and control over their prefer-
ence representations.

(2) Shared Embedding Space (D2): A centrally maintained
embeddingmodel maps user interests to content descriptions
in natural language, enabling efficient similarity search. This
space is trained on synthetic content-interest pairs generated
by LLMs from content samples without user behavioral data.

(3) Content Retrieval API (D3): Providers embed their cata-
logs into the shared embedding space and expose recommen-
dation endpoints. These endpoints use ANN search to return
relevant content when queried with profile embeddings. This
enables cross-provider portability, allowing new providers to
deliver personalized results immediately by focusing solely
on embedding their content, without collecting behavioral
data or building dedicated recommendation models.

Together, these components enable interpretable and user-controlled
recommendations without sacrificing scalability. User preferences
become transparent and directly editable, profiles are portable
across providers by design, so both new and established providers
can deliver competitive recommendations using pre-optimized pro-
file embeddings. Crucially, the embedding-aligned optimization of
natural-language profiles allows our approach to achieve the rec-
ommendation quality of centralized systems while preserving user
control and cross-provider portability in principle. Experimental
validation on MIND [37] and Goodreads [30] demonstrates that our
approach outperforms strong baselines [13, 16, 36], while providing
transparent, interpretable, and editable preference profiles. Our
results point toward a new generation of user-centric recommenda-
tion systems, where intelligent agents give users direct control over
their preferences and enable opportunities for seamless portability
across providers without compromising scalability or performance.

The remainder of this paper is organized as follows. Section 2
presents our system architecture, detailing the design of the shared
embedding space, personal agents, and the recommendation in-
terface. Section 3 describes the experimental setup, datasets, and
evaluation metrics, and reports our empirical results, including rec-
ommendation performance, ablation studies, and profile editability
analysis. Section 4 reviews related work and contrasts it with our

contributions. Finally, Section 5 concludes the paper and outlines
directions for future research.

2 SYSTEM ARCHITECTURE
Our system implements interpretable recommendations through
three interconnected components that work together to satisfy
the four desiderata outlined in the introduction. As illustrated in
Figure 1, the architecture comprises: (1) a shared content-interest
embedding space that enables efficient similarity computation, (2)
personal agents that learn and optimize interpretable user profiles
locally, and (3) a content retrieval API that allows providers to serve
personalized recommendations without accessing raw user data.
We introduce each component progressively, building from the
foundational embedding space to the user-side agents and finally
to the provider-side retrieval interface.

2.1 Shared Content–Interest Embedding Space
The foundation of our architecture is a centrally maintained em-
bedding space defined in R𝑛 , which maps natural language interest
descriptions to content representations. This shared latent space
addresses a critical challenge: while personal agents must represent
user preferences in interpretable natural language, content retrieval
requires efficient vector-based similarity computation over millions of
items. The embedding space bridges these requirements by enabling
agents to translate human-readable profiles into dense embeddings
suitable for approximate nearest-neighbor search.

Training this embedding model presents a bootstrapping chal-
lenge: we require content–interest pairs to learn the mapping, but
such pairs are typically unavailable in real-world data. Moreover,
even when implicit signals exist, accessing them could violate user
privacy. In practice, content providers may observe which users
engage with specific content, but not the explicit natural-language
motivations behind those interactions. We address this by adopt-
ing a self-supervised approach based solely on publicly available
content. For each content item in the training corpus, we prompt
an LLM to generate plausible user interests that might motivate
engagement with that item. This produces synthetic training pairs
(𝑐𝑖 , 𝑑𝑖 ) of content 𝑐𝑖 and a corresponding interest description 𝑑𝑖 .

Table 1 illustrates this process with examples from the MIND
dataset. For instance, given a news article about Rihanna’s social
media post, the LLM generates the interest “Pop music and celebrity
news.” These synthetic pairs enable us to fine-tune an embedding
model𝑚𝜃 (·) using a contrastive learning objective, where seman-
tically related content and interests are embedded nearby, while
unrelated pairs are pushed apart. The training objective is:

L = − 1
|D|

∑︁
(𝑐𝑖 ,𝑑𝑖 ) ∈D

log
exp(sim(𝑚𝜃 (𝑐𝑖 ),𝑚𝜃 (𝑑𝑖 )))∑𝑁

𝑘=1 exp(sim(𝑚𝜃 (𝑐𝑖 ),𝑚𝜃 (𝑑𝑘 )))
(1)

where exp(·) denotes the exponential function,𝑚𝜃 (𝑐𝑖 ) and𝑚𝜃 (𝑑𝑖 )
are the content and interest embeddings in R𝑛 , D is the training
dataset, sim(·, ·) is the cosine similarity, and𝑁 is the batch size. Each
content–interest pair (𝑐𝑖 , 𝑑𝑖 ) serves as a positive example, while
other interests 𝑑𝑘 (𝑘 ≠ 𝑖) in the batch serve as negative samples.

This objective shapes the embedding space such that user in-
terests expressed in natural language align closely with relevant
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Figure 1: High-level overview of the proposed system, showing (i) personal agents learning user profiles locally, (ii) a shared
embedding space trained on content samples using self-supervision, and (iii) a content retrieval API that allows providers to
return recommendations based on user profile embeddings in the shared embedding space.

Content Interests

[music/musicnews]: Is Rihanna Taking a Break? Read Her Cryptic Post About Her ’Over-
whelming’ Year - RiRi wrote "BRB"...

Pop music and celebrity news

[news/newspolitics]: Major donor who played both sides of the aisle charged with campaign
violations and fraud - A...

Government lobbying activities

[finance/finance-real-estate]: Homes in these 25 waterfront cities are a total steal - Plenty of
affordable waterfront...

Waterfront real estate

Table 1: Examples of synthetic (Content, Interest) pairs generated for embedding model training. Each content item may appear
in multiple pairs corresponding to its different interests.

content, enabling efficient approximate nearest-neighbor retrieval
while providing meaningful similarity scores for profile optimiza-
tion. The resulting model thus serves a dual role: it allows scalable
content retrieval and provides the reward signal necessary for per-
sonal agents to optimize user profiles in natural language.

2.2 Personal Agent
Personal agents operate locally on user devices (or environments
dedicated to their users), learning and optimizing interpretable nat-
ural language profiles that represent user preferences. Each agent
maintains a structured profile consisting of specific user interests
(e.g., "investigative journalism about corporate governance," "indie
folk music with acoustic arrangements") along with learned weights
that indicate the relative importance of each interest for user. The
agent’s goal is to discover the profile that maximizes recommenda-
tion quality while remaining human-readable and editable.

2.2.1 Profile-Based Content Ranking. Given a user profile with
natural language interests 𝑑1, 𝑑2, . . . , 𝑑𝑚 , the agent must efficiently
rank candidate content items by relevance. This requires aggre-
gating similarity scores across multiple interests while accounting
for their varying importance to the user. A naive approach might
weight interests directly by their historical click frequencies. How-
ever, such a strategy ignores valuable negative evidence — content
that was shown but not clicked — and thus biases the profile toward
categories with large numbers of impressions, even when their rel-
ative engagement is low. To address these limitations, we learn

optimal interest weights directly from historical user engagement
signals. For a content item 𝑐 and the profile with normalized inter-
est embeddings 𝑰 = [𝑛𝜃 (𝑑1), . . . , 𝑛𝜃 (𝑑𝑚)] ∈ R𝑛×𝑚 and the interest
weights 𝒘 = [𝑤1, . . . ,𝑤𝑚] ∈ R1×𝑚 as learnable parameters, we
compute the relevance score as:

score(𝑐) = 𝒘 (𝑰𝑇 · 𝑛𝜃 (𝑐))

where 𝑛𝜃 (·) is calculated by normalizing𝑚𝜃 (·) and 𝑰𝑇 ·𝑛𝜃 (𝑐) yields
the vector of cosine similarities between content and each inter-
est. This formulation is mathematically equivalent to computing
cosine similarity between the content embedding and a weighted
combination of interest embeddings when weights are normalised,
enabling efficient vector-based search.

We learn interest weights by solving a least squares problem
using historical user engagement. Given 𝑁 items with embeddings
𝐶 = [𝑛𝜃 (𝑐1), . . . , 𝑛𝜃 (𝑐𝑁 )] ∈ R𝑛×𝑁 and binary engagement labels
𝒃 ∈ {0, 1}𝑁 , we construct the feature matrix 𝑨 = 𝑪𝑇 𝑰 ∈ R𝑁×𝑚
where each row represents how well each interest matches a his-
torical item. The optimal weights solve:

𝒘̂ = (𝑨𝑇𝑨)−1𝑨𝑇 𝒃

followed by normalization:𝑤𝑘 = 𝑤̂𝑘/
∑

𝑗 𝑤̂ 𝑗 , which effectively cap-
tures the relative importance of interests while maintaining the
mathematical properties needed for cosine similarity-based scoring.

2.2.2 Profile Learning and Optimization. The core innovation of
our approach lies in treating natural language user profiles not as
static summaries, but as optimizable objects that can be iteratively
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Algorithm 1 Initial Profile Generation
1: Input: User’s historical interactions 𝐻 , a Large Language Model (LLM)
2: Output: Initial user profile 𝑃
3: I = [ ]
4: for each interaction ℎ ∈ 𝐻 do
5: 𝐼ℎ = GeneratePotentialInterests(LLM, ℎ)
6: I.𝑒𝑥𝑡𝑒𝑛𝑑 (𝐼ℎ )
7: end for
8: clusters = HierarchicalClustering(I)
9: 𝑃 = [ ]
10: for each cluster 𝑐 in clusters do
11: 𝑑𝑐 = GenerateInterestDescription(LLM, 𝑐)
12: 𝑃.𝑎𝑑𝑑 (𝑑𝑐 )
13: end for
14: Return 𝑃

refined to maximize recommendation quality. While previous work
generates coarse-grained user descriptions [2, 31, 44], we maintain
structured profiles of specific interests that can be individually
weighted, modified, and optimized.

Profile learning consists of two phases: initial construction from
historical interactions, followed by iterative refinement guided by
recommendation performance feedback. This two-stage approach
ensures that profiles begin with reasonable coverage of user inter-
ests before optimization fine-tunes them for maximum recommen-
dation effectiveness.

Initial Profile Construction. Direct summarization of user inter-
action histories often produces generic, oversimplified profiles that
miss nuanced preferences. Instead, we adopt a bottom-up approach
that first identifies specific interests from individual interactions,
then consolidates them into coherent themes.

For each item in a user’s interaction history, we prompt an LLM
to extract potential underlying interests that would motivate en-
gagement with that content. We then embed these interest descrip-
tions using the trainedmodel for shared content-interest embedding
space and apply hierarchical clustering to group semantically re-
lated interests. Finally, for each cluster, we use an LLM to generate a
unified interest description that captures the common theme while
remaining specific and actionable.

Algorithm 1 formalizes this process. The result is a structured
profile where each interest includes both a natural language de-
scription and the set of historical interactions that support it, as
illustrated in Figure 2. To mitigate user cold-start when no interac-
tion history is available, the agent can initialize a profile from brief
natural-language inputs (e.g., "I enjoy sci-fi") or lightweight prefer-
ence queries, thereby enabling immediate content personalization.

Iterative Profile Refinement. Initial profiles provide a reasonable
starting point, but they may miss subtle preferences or fail to op-
timally balance different interests. More fundamentally, the goal
is not just to summarize past behavior, but to discover the profile
that yields the best future recommendations. We formulate this as a
search problem: given a space of possible natural language profiles
and a reward function based on recommendation quality, find the
profile that maximizes expected user satisfaction.

The refinement process operates on a held-out validation dataset
𝐷 = (𝐷𝑐 , 𝐷𝑙 ) containing content items and binary engagement
labels from user’s interaction history. We define three key compo-
nents that work together to guide profile improvement:

0 10 20
Electric Vehicles and Automotive Innovations

Sports Personality Legal Scandals
Local Food and Community News

Positive Community-Law Enforcement Interactions
UK Political Scene

Federal Reserve Monetary Policy
Professional Basketball News and Analysis

Severe Weather and Patterns
Music and TV Celebrity News

Sports Comebacks and Underdog Stories
Professional Football Management and Transactions
Legal Proceedings in Criminal and Political Contexts

Political Discourse and Public Reception
Retail Industry and Holiday Shopping

NBA Player Health and Performance
American Football Developments

Holocaust Remembrance and Combating Hate
Politics, Religion, and Activism

NFL Games and Player Performance
NFL Player Performances and Interactions

2020 US Elections and Political Impact
Political Figures in the News

Major League Baseball Performance and Trends
NCAA Football & Basketball Updates & News

NFL Games, Performances, and Rankings

Interests Statistics

Number of Evidences

Figure 2: An example of the initial profile generation with
number of supporting evidence for each interest.

Algorithm 2 Iterative Profile Refinement
1: Input: Initial profile 𝑃0 , user’s data set 𝐷 = (𝐷𝑐 , 𝐷𝑙 ) , Temperature 𝑇 , Max

iterations 𝑁
2: Output: Best weighted profile: (𝑃∗, 𝑤∗ )
3: 𝑤0 ← InterestWeights(𝑃0, 𝐷)
4: 𝑜0 ← PersonalizedRanking(𝑃0, 𝑤0, 𝐷𝑐 )
5: 𝐹0 ← BuildFeedback(𝑜0, 𝐷)
6: (𝑃∗, 𝑤∗ ), 𝑟 ∗ ← (𝑃0, 𝑤0 ) , Reward(𝑜0, 𝐷𝑙 )
7: Initialize node set 𝑆 ← {(𝑃∗, 𝑤∗, 𝑟 ∗, 𝐹0 ) }
8: for 𝑖 = 1 to 𝑁 do
9: (𝑃, 𝑤, 𝑟, 𝐹 ) ∼𝑃 (𝑠 ∈ 𝑆 ) = exp(𝑟𝑠 /𝑇 )∑

𝑠′ ∈𝑆 exp(𝑟𝑠′ /𝑇 )

10: 𝑃𝑖 ← UpdateProfile(LLM, 𝑃 , Sample(𝐹 ))
11: 𝑤𝑖 ← InterestWeights(𝑃𝑖 , 𝐷)
12: 𝑜𝑖 ← PersonalizedRanking(𝑃𝑖 , 𝑤𝑖 , 𝐷𝑐 )
13: 𝑟𝑖 ← Reward(𝑜𝑖 , 𝐷𝑙 )
14: 𝐹𝑖 ← BuildFeedback(𝑜𝑖 , 𝐷)
15: Add (𝑃𝑖 , 𝑤𝑖 , 𝑟𝑖 , 𝐹𝑖 ) to 𝑆
16: if 𝑟𝑖 > 𝑟 ∗ then
17: 𝑃∗, 𝑤∗, 𝑟 ∗ ← 𝑃𝑖 , 𝑤𝑖 , 𝑟𝑖
18: end if
19: end for
20: Return (𝑃∗, 𝑤∗ )

(1) Reward Function: We evaluate profile quality using stan-
dard ranking metrics (AUROC, nDCG@5) computed by apply-
ing the current profile to rank all items in 𝐷𝑐 and comparing
against ground truth labels in 𝐷𝑙 .

(2) Performance Analysis: For each profile evaluation, we cate-
gorize predictions into true/false positives and negatives using
a 0.5 threshold on normalized scores. We also compute interest-
level contributions to understand which aspects of the profile
drive successful or unsuccessful recommendations.

(3) LLM-Guided Refinement: We prompt an LLM with the cur-
rent profile and structured feedback about its strengths and
weaknesses, asking it to generate an improved version. The
LLM receives examples of correctly and incorrectly ranked
items, along with explanations of how different interests con-
tributed to each prediction.

Algorithm 2 formalizes our iterative refinement process. We
maintain a set 𝑆 of candidate profiles along with their performance

Research Paper Track AAMAS 2026, May 25–29, 2026, Paphos, Cyprus

2244



scores and diagnostic feedback. At each iteration, we sample a
profile from 𝑆 using a temperature-controlled distribution that
balances exploration of diverse profiles with exploitation of high-
performing ones.

The sampling probability for profile 𝑝 with reward 𝑟𝑝 is propor-
tional to exp(𝑟𝑝/𝑇 ), where temperature 𝑇 controls the exploration-
exploitation tradeoff. For the sampled profile, we provide the LLM
with structured feedback including specific examples where the
profile succeeded or failed to predict user preferences. The LLM
generates a refined profile, which we evaluate and add to 𝑆 . This pro-
cess continues for a fixed number of iterations, ultimately selecting
the profile with highest validation performance.

Our experiments show that uniform exploration (𝑇 = ∞) consis-
tently outperforms exploitation-focused strategies, suggesting that
the ability to escape local optima is essential for discovering effec-
tive profiles in the complex space of natural language descriptions.

2.3 Content Retrieval API
The final component of our architecture allows content providers to
serve personalized recommendations without accessing users’ raw
behavioral data. Providers participate by embedding their content
catalogs in the shared embedding space and exposing standard-
ized API endpoints that accept weighted profile embeddings from
personal agents and return ranked recommendations using approx-
imate nearest-neighbor search.

When a provider joins the system, they encode their entire cata-
log using the shared embedding model, creating a searchable index
of item embeddings. Personal agents then convert their optimized
natural language profiles into embeddings and query these end-
points, receiving ranked recommendations without revealing the
underlying interaction history or profile structure. Agents can also
apply filtering thresholds to discard itemswith low similarity scores,
giving users fine-grained control over recommendation quality.

This API-based design provides several advantages: it enables
any provider to participate without large user datasets or com-
plex infrastructure and supports cross-provider recommendation
portability, allowing the same profile to generate relevant recom-
mendations across multiple content providers.

3 EXPERIMENTS
Datasets and Evaluation Protocol. We evaluate our approach on

two real-world datasets from distinct content domains:
(1) Microsoft News Dataset (MIND) [37], which consists of

news articles aggregated by MSN News from major news
providers including CNN, Reuters, BBC, and Fox News.

(2) Goodreads book recommendation dataset [30], which is gath-
ered from the Goodreads platform.

This selection allows us to assess the generalizability of our method
across different types of content, providers, and user behavior.

Our evaluation protocol differs from traditional recommendation
systems due to our decentralized architecture. While baseline meth-
ods train centralized models on large datasets with thousands of
users to learn population-level patterns, our personal agents learn
individual user profiles using only each user’s own interaction his-
tory. This limited access to data presents a disadvantage in terms
of discovering broader behavioral patterns. Due to computational

Table 2: Dataset statistics for MIND and Goodreads for each
experiment. †Complete training set is only used for baseline
methods; our method uses training data for users in test set.

MIND Goodreads

Dataset Train† Test Train† Test

# content 65,238 3,631 16,833 2,980
tokens/title 13.56 10.56 6.10 8.10
# users 94,057 300 23,089 300
content/user 14.98 15.81 7.81 9.21
# pos 347,727 430 273,888 1,102
# neg 8,236,715 3201 485,233 1,860

constraints, we randomly sample 300 users for each experiment.
Although this number is small relative to the full user base, we
repeat the experiments five times with different user selections
and report the average performance across these runs. All models,
including our approach, are evaluated on the same sampled users in
each run, ensuring a fair and consistent comparison. Table 2 shows
dataset statistics for each experiment.

Implementation Details. Our implementation uses open-source
models to ensure reproducibility and practical deployment feasi-
bility. Profile learning employs Mixtral-8x7B Instruct [12] for both
initial profile generation and iterative refinement. The shared em-
bedding space uses mxbai-embed-large [15] as the base model,
fine-tuned using SentenceBERT [25] with contrastive learning.

For embedding model training, we use batch size 128 with gradi-
ent accumulation and multiple negatives ranking loss to effectively
leverage in-batch negative examples. Profile optimization uses an
80-20 train-validation split with a maximum of 10 refinement itera-
tions per user. We set temperature 𝑇 = ∞ for uniform exploration
based on our ablation studies showing superior performance com-
pared to exploitation-focused strategies.

BaselineMethods. We compare against representative approaches
from three recommendation paradigms:

(1) NRMS [36]: A neural news recommender using multi-head
self-attention in a two-tower architecture, representing the
standard deep learning approach to recommendation.

(2) MINER [16]: An explicit interest modeling system that learns
multiple interest vectors per user through poly-attentionmech-
anisms. This baseline is particularly relevant as it also attempts
to capture diverse user preferences, though through latent
rather than interpretable representations. (MIND dataset only,
due to named entity requirements.)

(3) GLIMPSE [13]: A leading LLM-based recommender system
for pointwise learning-to-rank, which set the state of the art in
language-model-based recommendation upon its publication
at EMNLP 2024 and remains a strong baseline today.

This selection enables comprehensive evaluation against both
established neural methods and cutting-edge LLM approaches while
providing direct comparison with systems sharing similar goals
(interest modeling) or technical foundations.
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Table 3: Performance comparison on MIND and Goodreads datasets (metrics shown as percentages). Our personal agent
approach outperforms all baselines.

MIND Goodreads

AUC MRR nDCG@5 nDCG@10 AUC MRR nDCG@5 nDCG@10

NRMS 67.83 29.31 33.05 39.64 60.29 61.41 76.65 76.61
MINER 51.51 23.75 20.24 26.93 – – – –
GLIMPSE 71.66 36.00 41.29 47.36 66.56 68.04 83.54 84.03

Personal Agent (𝑇 = 0) 71.40 39.97 37.77 43.16 68.86 83.29 86.37 87.14
Personal Agent (𝑇 = ∞) 76.93 47.55 44.49 49.54 69.56 83.58 86.60 87.30
Personal Agent (𝑇 = 1) 73.55 43.93 40.27 46.29 69.43 83.58 86.58 87.28

3.1 Main Results
Table 3 presents our main experimental results, demonstrating that
personal agents achieve superior performance across all evaluation
metrics on both datasets. On MIND, our approach with optimal
exploration (𝑇 = ∞) achieves 76.93% AUROC, substantially out-
performing the strongest baseline GLIMPSE (71.66%). Similarly, on
Goodreads, we achieve 69.56% AUROC compared to GLIMPSE’s
66.56%, while maintaining strong performance across ranking-
focused metrics like nDCG@5 and nDCG@10.

Figures 3a and 3b illustrate the iterative refinement of user pro-
files, showing consistent improvements across successive optimiza-
tion steps. Our approach outperforms traditional baselines within
just two iterations and surpasses GLIMPSE between iterations 4
and 8, demonstrating the effectiveness of our optimization strategy.

Although AUROC was used as the optimization criterion, consis-
tent gains are observed across all ranking metrics. On both datasets,
personal agents achieve rapid initial improvements—especially in
the first iteration—followed by steady performance gains. On the
MIND dataset, our method exceeds the NRMS baseline within two
iterations on both AUROC and NDCG@5, and surpasses GLIMPSE
by the 4th iteration on AUROC and 8th iteration on NDCG@5.
On Goodreads, it outperforms all baselines within the first one to
two iterations. While the rate of improvement slows over time,
performance continues to rise without any regression or plateau.
These results confirm the effectiveness of our iterative profile re-
finement in optimizing natural language representations of user
interest profiles using personal agents.

While these experiments validate our approach on two distinct
domains (news and books), they do not directly measure cross-
provider portability. Our evaluation focuses on demonstrating that
recommendation quality depends solely on the shared embedding
space and locally optimized profiles rather than on provider-specific
training data. This design choice implies that a single profile could,
in principle, retrieve relevant content from multiple providers as
long as they embed their catalogs in the shared space. Empirically
validating this portability is an important direction for future work.

3.2 Ablation Study
To assess the contribution of key architectural components to our
system’s performance, we conduct ablation studies on the MIND
dataset, examining: (i) exploration strategies through temperature

control, (ii) the impact of fine-tuning shared embedding space, and
(iii) the role of learned interest weights in profile optimization.

Figure 4a confirms our hypothesis that uniform exploration
(𝑇 = ∞) outperforms exploitation-focused strategies, enabling
agents to escape local optima in the complex space of natural lan-
guage profiles. Lower temperature values prematurely converge to
suboptimal profiles, while uniform samplingmaintains the diversity
needed for effective optimization.

Figure 4b reveals that both embedding fine-tuning and interest
weighting are essential components. Without fine-tuned embed-
dings, performance stagnates around 55% AUROC and deteriorates
over iterations, as misaligned interest-content relationships provide
misleading feedback to the LLMs and agents. Similarly, removing
learned weights caps performance at 60% AUROC, preventing the
system from properly balancing multiple interests within profiles.

Our complete approach demonstrates the synergy between these
components: starting from 58% AUROC, iterative refinement with
properly aligned embeddings and learned weights achieves 77%
AUROC, validating our architectural design choices.

3.3 Profile Editability Validation
A key advantage of our approach is enabling users to directly edit
their preference representations. We validate this through con-
trolled experiments on 100 users for news recommendations, testing
both interest insertion and deletion scenarios across five content
categories: Music, Sports, Technology, Politics, and Local News.

For insertion experiments, we add relevant interests to user pro-
files (e.g., "breaking news about local government decisions" for
Local News) and measure whether subsequent recommendations
reflect these changes. Table 4 shows that inserted interests suc-
cessfully influence recommendations in 88% of cases on average,
ranging from 84% (Local News) to 93% (Politics). This demonstrates
that users can effectively steer their recommendations by articu-
lating new interests. This capability is particularly important for
users with limited or no interaction history, where their agents rely
primarily on user-defined interests for bootstrapping user profiles.

Our deletion experiments provide complementary validation.
Removing topic-related interests from profiles reduces recommen-
dations for those topics to just 15% on average. In these experiments,
deletions are purely mechanical; users remove interests to refine or
sanitize their profiles rather than to indicate negative preferences.
Consequently, content related to removed interests may still appear
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(a) MIND Dataset (b) Goodreads Dataset

Figure 3: Ranking metrics for our approach over iterations on the MIND and Goodreads datasets against baselines.

(a) Temperature (b) Ablation

Figure 4: AUROC for different temperatures (4a) and variants of our approach (4b).

if it overlaps with other retained interests, which is expected and
highlights the nuanced nature of real-world recommendations.

In scenarios where users might indicate negative interests, per-
sonal agents could, in principle, filter out undesired content post-
retrieval. However, this mechanism is neither modeled in our ap-
proach nor tested in the current experiments, as we prioritize scal-
able content retrieval. Future work will investigate strategies to
enhance profile expressiveness and editability, including mecha-
nisms for modeling explicit negative preferences, while maintaining
the system’s scalability.

Table 4: Profile editability results showing the percentage of
customers recommended content related to the edited topics
after insertions and deletions.

Edited Topic Insertion Deletion

Music 87% 18%
Sports 91% 12%
Technology 85% 17%
Politics 93% 10%
Local News 84% 19%

Average 88% 15%

4 RELATEDWORK
Our work lies at the intersection of several research areas. In this
section, we situate it within existing literature and highlight how
our agent-based approach differs from prior work.

Recommendation Systems. Modern recommendation systems have
progressed from classical content-based methods [26] and collabo-
rative filtering [27] to sophisticated neural architectures capable
of processing diverse content types, including music [3], news [9],
videos [45], and books [30]. Contemporary approaches leverage
pre-trained language models such as BERT and T5 [13, 43] to en-
code textual content and user histories into latent representations
optimized for recommendation accuracy. However, these central-
ized approaches suffer from fundamental limitations. They require
users to surrender behavioral data to content/service providers,
creating vendor lock-in and limiting user agency over their pref-
erence representations. The resulting latent representations are
opaque, preventing users from understanding or correcting how
their preferences are modeled [42]. While recent work adds post-
hoc explanations [6] or integrates collaborative signals into LLMs
for explanation generation [20], such approaches still lack direct
user control, editability, and support for cross-provider portability.

LLMs for Recommendation. The success of large language mod-
els has motivated their application to recommendation tasks [18].
Existing approaches broadly fall into four categories: (i) feature
engineering [5, 8, 34], where LLMs augment traditional models
with synthetic features; (ii) feature encoding [22], where LLMs
serve as semantic encoders; (iii) direct scoring, where LLMs rank
items through text generation; and (iv) user interaction guidance
[7, 32]. Recent work has explored natural language user profiles for
transparency [2, 24, 31, 44]. Ramos et al. [24] generate interpretable
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profiles from reviews and fine-tune LLMs for recommendation,
demonstrating that scrutability can be achieved without sacrific-
ing performance. However, these approaches remain centralized,
requiring providers to construct and manage user profiles and to
rely on computationally expensive LLM inference as part of the
recommendation process. Similarly, augmentation methods like
KAR [38] and ONCE [19] use LLMs to generate user summaries
but encode them into opaque embeddings, forfeiting interpretabil-
ity. Our work addresses these limitations through a decentralized
architecture where personal agents optimize structured profiles lo-
cally—maintaining individual interests with learnable weights—and
recommendations are generated via efficient embedding-based re-
trieval rather than continuous LLM inference.

Federated Learning for Recommendations. Federated learning en-
ables collaborativemodel trainingwithout centralizing raw data [21,
39]. Federated recommendation systems [1, 29] train models by
collecting intermediate parameters instead of real user data, with
recent extensions to LLM-based recommendation [17, 40]. How-
ever, these approaches face fundamental challenges: coordinated
communication rounds with substantial parameter transmission
costs, heterogeneous data distributions complicating convergence,
and opaque model representations that users cannot inspect or
modify. Our approach departs from this paradigm by decoupling
personalization from collaborative training entirely. Instead, the
shared embedding space is trained once on public content using
LLM-generated synthetic pairs, eliminating the need for behavioral
data while maintaining interpretable profiles that users can directly
control and edit. This enables cross-provider portability, allowing
new providers to deliver high-quality personalization by respond-
ing to profile embeddings optimized by personal agents without
ever requiring access to behavioral data.

Agent-Based Recommendation Systems. Recent work on agent-
based recommendations has explored user-centric explanation strate-
gies [4] and metrics for evaluating explainability [11], focusing on
making centralized systems more interpretable through post-hoc
explanations. Other approaches investigate tool integration, user be-
havior simulation, and multi-agent collaboration [10, 23, 28, 35, 41].
Our work differs fundamentally: rather than adding explainability
to centralized systems or simulating users, we design autonomous
agents that construct and optimize structured natural language
profiles under full user control. Each agent treats profile items as op-
timizable computational objects with learnable importance weights
while preserving interpretability and enabling cross-provider porta-
bility. Agents interact with providers solely through a shared em-
bedding space trained on content descriptions, enabling scalable
retrieval while giving users complete ownership and control over
their preference representations.

5 CONCLUSIONS AND FUTURE DIRECTIONS
We introduced a personal agent architecture that reimagines rec-
ommendation systems by satisfying three critical desiderata: user
interpretability and control, cross-provider portability, and scalable
retrieval. Through LLM-guided optimization of natural language
profiles, our approach demonstrates that users can maintain full

ownership and control over their preference representations while
achieving superior recommendation quality and system scalability.

Our architecture resolves the fundamental tension between in-
terpretability and scalability that has limited previous approaches.
By decoupling profile learning (which leverages LLMs locally) from
content retrieval (which uses efficient embeddings), we achieve the
interpretability benefits of language models without the computa-
tional overhead of scoring millions of items. The resulting system
enables user-controlled recommendation where users own and op-
timize profiles locally while accessing personalized content from
multiple providers through a shared embedding space.

Experimental validation on MIND and Goodreads demonstrates
that our approach achieves superior performance across all metrics
while enabling direct profile editability (88% success rate for interest
insertion). The iterative refinement process consistently improves
recommendation quality, surpassing established baselines within
4 − 8 iterations. Ablation studies confirm that uniform exploration
strategies and properly aligned embeddings are crucial for effective
profile optimization.

This work opens several promising research directions. First,
we plan to explore richer editability mechanisms, including neg-
ative interests — explicit representations of content users wish
to avoid. When users manually edit profiles, agents could auto-
matically search the natural language space to better align edits
with the shared embedding space, balancing user intent with re-
trieval optimization. Second, our content-based approach could
be extended with collaborative filtering elements, enabling agents
to leverage social signals or community preferences to (i) further
improve recommendation quality while preserving transparency
and interpretability and (ii) discover new interests through simi-
lar users. Third, an important direction is to empirically validate
and further strengthen cross-provider portability. Although our
architecture is designed to support portability across providers
through a shared embedding space, real-world deployments may
involve provider-specific or proprietary embedding models. In such
cases, personal agents could optimize distinct profiles locally for
each provider’s embedding space, ensuring that high-quality per-
sonalization remains possible even when providers adopt different
embedding representations for content–interest mappings. Finally,
additional directions include extending our approach beyond text
to multimedia content such as images, audio, and video, broadening
its applicability to new domains and recommendation scenarios.

Our iterative profile refinement process naturally updates pro-
files over time as user preferences evolve. The ideal refinement
frequency may vary across users. In our experiments, randomly
sampled users exhibit widely varying interaction-history lengths,
yet the method performs robustly across this variability, suggest-
ing stability under different update granularities. Future work may
explore periodic updates (e.g., weekly or monthly), threshold-based
updates (e.g., after 𝑁 new interactions), or on-demand refinement
based on user volatility. Furthermore, the editable nature of profiles
allows users to introduce entirely new interests at any time, en-
abling personalization to evolve dynamically under user direction.

Overall, we demonstrate the feasibility of user-centric recom-
mendation systems that prioritize transparency and user control,
without compromising performance or scalability, and are designed
for cross-provider portability.
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