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Abstract

Online news platforms have become the primary source of in-
formation consumption, with recommender systems serving as
critical gateways that shape public discourse through their algo-
rithmic power, necessitating rigorous evaluation methodologies.
Traditional offline evaluation methods struggle with evolving user
behavior and dynamic system adaptation, while online experiments
are costly, time-consuming, and ethically challenging. To address
these challenges, this paper introduces EvalAgent, a large language
model agent system for simulating real-world online news rec-
ommender systems. EvalAgent employs Stable Memory (StM) to
model users’ exploration-exploitation dynamics, mitigating noise
from irrelevant interactions by analyzing the distribution density
of news articles within the short-term memory, and incrementally
maintains the long-term memory to capture users’ high-level pref-
erences, thereby enabling a consistent and reliable simulation of
sustained interactions. It further incorporates an Environment In-
teraction Framework (EIF) to enable seamless engagement with
real-world recommender systems. This approach yields a precise,
scalable, and ethically responsible evaluation framework for news
recommender systems. Comprehensive experiments and user stud-
ies substantiate EvalAgent’s efficacy, with publicly available code
to support ongoing research in recommender system evaluation.

CCS Concepts

« Information systems — Recommender systems.
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1 Introduction

Online news platforms have become the primary source of infor-
mation consumption, with over 86% of Americans regularly get-
ting news from digital devices [1]. Recommender systems serve
as the critical gateway that determines what information users
encounter, giving them significant “algorithmic power” in shaping
public discourse [7, 15]. Effective evaluation of news recom-
mender systems has become increasingly important for mul-
tiple stakeholders. For platform operators, accurate evaluation
directly translates to higher user engagement and commercial rev-
enue. For individual users, evaluation enables informed platform
selection based on their information needs. Furthermore, an inde-
pendent third-party evaluation serves broader societal interests
through detecting platform bias and algorithmic risks.

Current evaluation methods primarily rely on offline and online
experiments [17]. Offline evaluation, utilizing large-scale datasets
and historical user interaction data, is fast and cost-effective, suit-
able for early-stage algorithm validation [8]. However, it struggles
with evolving user behavior and dynamic system adaptation. On-
line evaluation, often conducted through A/B testing in production
environments, provides accurate feedback on user interactions but
is costly, time-consuming, and ethically challenging [6]. Both meth-
ods typically require developers to have access to the system’s
source code or API, further constraining the third-party evaluation,
such as competitive analysis and research studies.
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To overcome these limitations, simulation-based evaluation [2,
4, 5, 19] has been proposed, using user simulators to approxi-
mate online experiments in offline settings. This approach balances
the convenience of offline evaluation with the accuracy of online
methods, but it faces challenges in modeling complex user behav-
ior [20]. The advent of large language model agents (LLMAs)
has provided a powerful tool for simulation-based evalua-
tion [21, 27]. LLMAs excel in language understanding and genera-
tion, and with memory mechanisms and self-reflection strategies,
they can simulate individual user behavior and even self-organizing
social dynamics [13, 29]. However, evaluating continuous user in-
teractions with real online news recommender systems through
LLMAs still faces challenges in the following two aspects: (1) Mod-
eling Exploration-Exploitation Dynamics: Current approaches
often face difficulties in distinguishing between exploratory be-
havior (seeking novelty) and exploitative behavior (engaging with
established interests). Absent this differentiation, the agent’s mem-
ory may gradually accrue noise from unproductive exploratory
actions, which could compromise the precision and consistency
of simulating sustained user interactions, potentially affecting the
reliability of the evaluation. (2) Representation of Real-World
Environments: Limited access to the source code or APIs of opera-
tional recommender systems frequently leads researchers to employ
simplified virtual sandbox environments. Such environments strug-
gle to reflect the dynamic and adaptive nature of real-world systems,
which respond in real-time to user interactions and feedback loops,
thereby constraining the authenticity and utility of the simulated
interactions.

In this paper, we propose EvalAgent, a large language model
agent system for evaluating real-world news recommender systems.
Leveraging the capabilities of LLMA, EvalAgent introduces Stable
Memory (StM) to model users’ exploration-exploitation dynamics,
thereby ensuring consistent and reliable interest representation.
Furthermore, EvalAgent incorporates an Environment Interaction
Framework (EIF), which enables seamless interaction between the
agent and operational recommender systems.

Our contributions are summarized as follows:

e We introduce EvalAgent, an innovative large language model-
based agent system designed to simulate continuous user
interactions within real-world online news recommender
systems. The proposed Stable Memory (StM) effectively mod-
els exploration-exploitation dynamics, ensuring improved
stability and precision in interaction simulations.

o We develop the Environment Interaction Framework (EIF), a
framework that facilitates seamless and realistic interactions
between the agent and operational recommender systems,
thereby improving the applicability of simulation-based eval-
uation.

e We demonstrate the efficacy of EvalAgent through compre-
hensive experiments and user studies, with open-source
code ! provided to support further research and develop-
ment in recommender system evaluation.

https://github.com/aSeriousCoder/EvalAgent
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2 Related Work

Early efforts in simulation-based evaluation primarily utilized learning-

based simulators [10-12, 31], which employed tailored model archi-
tectures and learning techniques to model user behavior in specific
contexts, such as reinforcement learning and data augmentation.

With the advent of large language models (LLMs), simulation
approaches leveraging LLM-based agents have gained prominence
due to their superior accuracy, interpretability, and adaptability
across diverse scenarios [21, 26]. These works highlight that sophis-
ticated memory systems, paired with the generative and reasoning
capabilities of LLMs, enable highly accurate and human-like behav-
ioral simulations [13, 22]. For example, Agent4Rec [28] introduces
a dual-memory architecture incorporating factual and emotional
components to simulate user experiences in consumption domains
like movies, books, and games. RecAgent [23] simultaneously mod-
els and evaluates user behaviors in both recommender systems and
social networks. AgentCF [30] introduces a collaborative learning
framework with autonomous LLMAs to enhance the system’s per-
ception and modeling of both the users and items. iEvalLM [24] and
CSHI [32] propose interactive simulation frameworks to evaluate
conversational recommender systems.

Furthermore, user-simulation LLMAs have been employed as per-
sonalized recommendation assistants to enhance recommendation
quality. For instance, RAH [16] introduces a multi-agent system-
based recommendation assistant that empowers users with greater
control over recommended content. RecMind [25] proposes an
LLMA with external knowledge integration and tool-using capabil-
ities, enabling zero-shot personalized recommendations. Similarly,
DiscomfortFilter [9] leverages an LLMA to filter out undesirable
content, thereby improving the quality of recommender systems.

However, these approaches often underexplore the underly-
ing motivations of user interactions, particularly the exploration-
exploitation balance, which can limit their capacity to ensure con-
sistency and robustness in long-term interaction simulations. Fur-
thermore, the absence of comprehensive modeling for real-world
recommender system environments restricts these methods primar-
ily to offline datasets, posing challenges for validation in real-world
contexts.

3 Preliminaries

DEFINITION 1 (NEWS RECOMMENDER SYSTEM). A news recom-
mender system is a system that recommends news articles to users
based on their interests and preferences. This work specifically focuses
on the prevalent news feed format, common to platforms like Toutiao
and Twitter, where personalized recommendations derived from users’
historical and real-time interactions are presented as a continuously
updated, single-column waterfall stream of article cards.

DEFINITION 2 (LARGE LANGUAGE MODEL AGENT). A Large Lan-
guage Model Agent (LLMA) leverages a foundational large language
model to autonomously perceive, reason, and interact within an en-
vironment. Its core components typically comprise the LLM (for rea-
soning and learning), memory (for retaining contextual history), and
actions (for engaging with the environment). In this study, we focus
on designing an action-decision workflow and memory architecture,
alongside developing an automated perception and operation man-
ager tailored for real-world application environments. Our objective
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Figure 1: The overall architecture of the EvalAgent. The red components (Stable Memory and Environment Interaction

Framework) represent the core contributions of this paper.

is to create an LLMA that simulates user behavior in news feeds,
specifically determining whether to scroll or select articles based on
its internal objectives and preferences.

DEFINITION 3 (NoI1st IN USER MEMORY). In the context of user
behavior simulation, we define “noise” in user memory as irrelevant or
inconsistent information accumulated in the memory system that does
not align with the user’s preferences or behavioral patterns. Specifi-
cally, noise arises from exploratory actions, which are user interactions
with news articles that deviate from their established interests, of-
ten driven by curiosity or external influences (e.g., trending topics
or social recommendations). Exploratory interactions may introduce
variability in the memory system, potentially decreasing the accuracy
of preference modeling if not properly managed.

4 Methodology

This section introduces the overall architecture of EvalAgent, along
with detailed descriptions of its two core components: Stable Mem-
ory and the Environment Interaction Framework.

4.1 Overall Architecture

As illustrated in Figure 1, EvalAgent conforms to the standard LLMA
architecture defined in Definition 2, integrating static profiles, dy-
namic memories, and LLM reasoner within an action-decision work-
flow. It engages dynamically with the recommender system envi-
ronment through the Environment Interaction Framework (EIF).
The process initiates with the EIF parsing the news feed into textual
news cards, which serve as the agent’s environmental observations.
Subsequently, the agent retrieves pertinent information from its
memory: short-term memory recalls previously read related arti-
cles, while long-term memory retrieves relevant user preferences.
Informed by these dynamic memory retrievals and static user pro-
files, the agent employs the prompt outlined in Figure 2 to decide
whether to click on or swipe past a news card. The selected action
is executed as a sequence of device operations through the EIF’s
operation API, completing the “observation-decision-action” cycle.

4.2 Stable Memory (StM)

The Stable Memory module introduces an innovative approach to
modeling user interaction patterns by adeptly distinguishing be-
tween exploratory and exploitative behaviors, thereby facilitating
stable and consistent interaction simulations for large language
model agents within recommender systems. Comprising short-term
and long-term memory components, the StM module is designed
to capture both immediate and evolving user interests. Short-term

4088

Action-decision Prompt of EvalAgent

You are a user browsing a news app, with your personal information defined as {agent profile}. |
i You are currently viewing a news article: :
! {candidate news card}

i You have previously read the following related articles:

! {retrieved news cards from short-term memory}

i Your long-term preferences include:

i {retrieved preference description from long-term memory}

1 Describe your reaction to this news article and decide whether to click for more information.
Provide your response in the following format:
i {"reflection": 2-3 sentences describing your reaction, "action": 1 for click, 0 for skip }

Figure 2: Prompt of action decision in EvalAgent.

memory records user interactions by storing and forgetting clicked
news articles, while long-term memory maintains a set of dynam-
ically updated preference descriptions that reflect the user’s sus-
tained interests. Operationally, the StM module begins by generat-
ing semantic embeddings for clicked news articles. It then assesses
the exploratory or exploitative nature of each click by evaluating
the semantic density distribution within the short-term memory.
By incorporating a temporal decay factor, StM implements a dy-
namic forgetting mechanism to maintain memory stability during
continuous interactions. Additionally, the module incrementally
updates long-term memory, adeptly tracking the evolution of user
preferences over time.

4.2.1 Semantic Encoding. Upon a user clicking on a news article,
the article’s textual content is converted into a dense vector v; € R4
using a pre-trained sentence embedding model, such as Sentence-
BERT [14]. This embedding captures the article’s semantic content
within a high-dimensional space, enabling the quantification of ar-
ticle relatedness through vector similarity. Each click is represented
by the article’s semantic vector and a timestamp t; recording the
interaction time.

4.2.2  Explore-Exploit Modeling. User interactions can be catego-
rized into exploitative actions, which align with established pref-
erences, and exploratory actions, which reflect curiosity-driven
engagement with less familiar topics. Exploratory actions, while
valuable for discovering new interests, introduce noise into the
memory system by adding information that may not be representa-
tive of the user’s long-term preferences. This noise can accumulate
over time, leading to degraded performance in preference align-
ment. To address this, EvalAgent employs a k-nearest neighbor
(k-NN) approach combined with a Gaussian kernel to compute the
local density p; of each news article n; in the short-term memory.
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Long-term Memory Incremental Update Prompt of EvalAgent

: Youare an intelligent user modeling assistant. Your goal is to incrementally update the user's
i high-level information based on the news reading record.

E The high-level information is organized as a list of concise descriptions reflecting the user's
interests, preferences, and behavioral patterns, detailed as:

1 {recalled descriptions}

i The user just read the news below:

1 {triggered news article}

E Rules:

1 1. Descriptions should be concise and clear, avoiding unnecessary complexity.

E 2. You can update the descriptions by modify, add or merge.

3. The output should be a list of updated descriptions with json format

Figure 3: Prompt of long-term memory incremental update
in EvalAgent.

Compared to global density estimation methods, k-NN-based lo-
cal density estimation can alleviate overfitting under the sparsity
constraint of user memory, where the number of memory items N
is much smaller than the embedding dimension D. The Gaussian
kernel further ensures smooth density estimates, balancing sensi-
tivity to local patterns with generalization across diverse topics.
This process can be formulated as:

where v; is the semantic embedding of the news article n;, N (i)
is the set of k nearest neighbors of n; in the semantic space, and
o(+) is a sigmoid function to avoid extreme values. The bandwidth
h of the Gaussian kernel is estimated using Silverman’s Rule of

Thumb [18]:
h= \[n_l/(dﬂ)tr(S)/d, (2)

where n is the current number of articles in the short-term memory,
d is the embedding dimension, and S is the covariance matrix of
the current set of article embeddings. The explore-exploit tendency
e; is subsequently defined as:

1 ol = vilP)

o(h?)

e (1)
k JENK (i) (

pi =

®)

where e; € [0, 1), with higher values indicating a stronger inclina-
tion towards exploratory behavior, which is less aligned with the
user’s core interests and more likely to introduce noise into the
memory system.

ei =1-pi

4.2.3 Adaptive Forgetting. Motivated by the fact that the human
brain actively forgets unimportant or infrequently used informa-
tion to optimize storage space [3], StM incorporates an adaptive
forgetting mechanism, to keep memory stability and prioritize the
retention of information most relevant to the user’s evolving pref-
erences.

This mechanism comprises two components: a balanced forget-
ting strategy to constrain the memory size within a reasonable
range, and a natural forgetting process to clear out outdated mem-
ories, thereby preventing overall distribution collapse. The proba-
bility p; of forgetting article n; is formulated as:

A (1-exp(-EH)), ifn <N
PrE e 0 (1 - exp(-155), ifn> N @
j=1¢j 4
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where N is the expected maximum memory capacity. The first term
under the n > N condition implements the balanced forgetting
strategy, where articles exhibiting a higher exploratory tendency
are more likely to be removed. The balanced forgetting strategy
dynamically determines the forgetting intensity, aiming for an
expected memory size after its execution of:

B & (n— N)ej
2

The second term introduces a natural forgetting process, where
A is a weight parameter (a small positive value) controlling the
influence of time, t is the current time, and 7 is a time constant that
determines the rate of decay.

E[n'] = =N. )

i=1 €j

4.24 Long-Term Memory Updating. We utilize semantic-density-
based probabilistic triggers to integrate short-term interactions into
long-term memory. For each article i in the short-term memory,
the probability of it triggering an update to the long-term memory,
Ptrigger (1), is determined by a Sigmoid function centered around
the average density p of all articles currently in the short-term

memory:
1

1+exp(=f(pi = p))
Here, p = % Z?zl pj,and f is a parameter that controls the steep-
ness of the Sigmoid curve with a default value of 1. Articles residing
in denser semantic regions (higher p;), which are indicative of ex-
ploitative clicks aligned with established interests, have a higher
likelihood of triggering a long-term memory update. Each article is
marked after contributing to long-term memory to prevent repeated
updates.

For each triggered article n; € M, the system recalls descriptions
from the long-term memory M; with a cosine similarity exceeding
a threshold e. This process can be formated as:

(6)

Ptrigger (i) =

Drecalled(ni) = {dj e M | similarity(n,-,dj) > e} 7)

The recalled descriptions are then updated incrementally with the
prompt outlined in Figure 3.

4.2.5 Memory Retrieval. Given a query news article ng,StM re-
trieves the most relevant items from both short-term and long-term
memory. From the short-term memory, it selects the top-K news
articles based on the inverse Gaussian distance. From the long-term
memory, it retrieves the top-T preference descriptions using co-
sine similarity. The retrieved sets of K articles and T descriptions
are then used by the agent’s decision-making process outlined in
Figure 2.

4.3 Environment Interaction Framework (EIF)

The Environment Interaction Framework serves as a bridge facili-
tating the agent’s interaction with real-world news recommender
systems. As illustrated in Figure 4, it comprises three key com-
ponents: the Device Manager, which oversees the execution and
operation of news recommender system applications on the device;
the News Feed Parser, which transforms real news feed screenshots
from mobile devices into standardized news cards; and the Device
Operation Chains, which translate the agent’s action decision into
a sequence of executable operations on the device. EIF provides a
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Figure 4: The architecture of Environment Interaction Framework (EIF), in which EvalAgent parses real news feeds on mobile
devices into standardized news cards, and maps the agent’s actions into a sequence of operational commands executed on the

mobile device.

unified environment modeling for different single-column waterfall
style news recommender systems and offers a interaction interface
for the LLMAs.

4.3.1 Device Manager. To enhance the applicability of EvalAgent,
the Device Manager provides unified management for devices run-
ning different operating systems (i0OS or Android) and diverse plat-
forms (e.g., BBC News, Tencent News). Specifically, it facilitates
communication with Android or iOS devices using adb or xcode,
respectively, while leveraging Appium to supply screenshots to
the News Feed Parser, receive operation commands from the De-
vice Operation Chains, and handle exceptions such as pop-ups or
crashes.

4.3.2  News Feed Parser. As depicted by the rightward data flow
in the lower section of Figure 4, upon receiving a screenshot, the
News Feed Parser first segments the page into individual news
cards. It then employs a Visual Language Model (VLM), such as
GPT-4o, to extract key information from each card, including: 1)
title information, 2) image descriptions, and 3) tags such as topic,
hashtag, and publish-time, enabling the LLMA to "comprehend"
the visual news content.

4.3.3 Device Operation Chains. The Device Operation Chains are
structured across three hierarchical layers. The foundational basic
operation layer consists of operation commands receivable by the
Device Manager, such as touch and swipe. Building upon this, the
atomic operation layer defines the fundamental interaction units
specific to news recommender systems, including actions like click-
ing into or out of a news article and scrolling the screen, while
adapting to device parameters (e.g., screen size) and recommender
system parameters (e.g., news card layout). At the top, the operation
API layer interfaces directly with the agent’s action decisions, such
as clicking the current news or skipping it, translating these into
sequences of atomic operations.
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5 Evaluation

We first validate the effectiveness of EvalAgent through offline
experiments, then conduct a user study to assess whether EvalAgent
can accurately reflect user interaction patterns with real-world
news recommender systems.

5.1 Offline Experiments

5.1.1 Task. We validate the effectiveness of EvalAgent in aligning
with user preferences through a ranking task. Specifically, for a user
u, we first construct the Memory modules based on their historical
news clicks. Then, for incoming testing news sequence, the agent
re-ranks the sequence based on predicted click probabilities. Finally,
we evaluate the ranking performance with metrics including AUC,
MRR, and nDCG@5. These metrics comprehensively evaluate the
agent’s capacity to rank content that aligns with the user’s genuine
interests from multiple perspectives, collectively reflecting the ex-
tent to which the agent modelling corresponds to the user’s actual
preferences.

5.1.2  Dataset. We conduct offline experiments using the MIND
and Adressa datasets, which are widely adopted in the news recom-
mendation domain. Following previous works [9], we sampled a
subset of users from each dataset for experimentation to constrain
API call costs. To demonstrate the stability of EvalAgent in mod-
eling continuous interactions, we first group users based on their
historical interaction frequency into categories: [0, 10), [10, 20),
and up to [100, +o0) for the MIND dataset, up to [40, +o0) for the
Adressa dataset due to their different user distributions. Then, from
each group, we randomly selected users, ensuring a total of at least
1,000 positive testing samples per group. We resample the testing
data to achieve a positive-to-negative sample ratio of 1 : 4 for
standard metrics calculation. For the Adressa dataset, which only
contains positive samples, we construct negative samples for the
candidate news sequences through global random sampling.
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Table 1: User preference alignment accuracy comparison against different baselines and density estimation methods.

Method MIND Dataset Adressa Dataset
AUC MRR nDCG@5 AUC MRR nDCG@5
Latest N 0.6466  0.5634 0.6719 0.7062  0.6085 0.7068
Baseline Similarity 0.6620  0.5881 0.6923 0.7188  0.6254 0.7163
Methods Emotional 0.6864  0.5958 0.7078 0.7325 0.6429 0.7318
Hierarchical 0.7107  0.6221 0.7243 0.7518  0.6835 0.7614
EvalAgent 0.7283 0.6368 0.7331 0.7681 0.7027 0.7818
Density Global KDE 0.7066 0.6179 0.7204 0.7441 0.6765 0.7566
Estimation k-NN + Cosine 0.7180 0.6276 0.7245 0.7605  0.6925 0.7759
Methods k-NN + Distance 0.7225 0.6313 0.7287 0.7631  0.6972 0.7780
Ablation EvalAgent w/o EE 0.7121  0.6258 0.7267 0.7539  0.6876 0.7663
Variants EvalAgent w/o LTM  0.6663 0.5913 0.6948 0.7201 0.6323 0.7233

5.1.3 Baselines. We select four baseline memory architectures of
LLM-based User Simulators for a comprehensive comparison: Lat-
est N Memory: A memory module that maintains the N most
recent news articles with the First-In-First-Out (FIFO) rule. This
approach represents a simple, recency-focused memory design,
widely used for its computational efficiency and ability to capture
short-term user interests; Similarity Memory: A memory module
that preserves all clicked news articles and retrieves them based on
their similarity to the querying news. This design is representative
of context-aware memory architectures, commonly employed in
retrieval-augmented generation (RAG) tasks for its ability to dy-
namically align recommendations with historical user interactions;
Emotional Memory: A dual-structure memory module, proposed
by Agent4Rec [28], that integrates factual memories of clicked
items with emotional responses. This design is a representative
work of item-level memory enhancement, capturing fine-grained
user preferences by modeling subjective affective responses along-
side objective interaction history. Hierarchical Memory: A hier-
archical memory module consisting of short-term and long-term
components, employing a self-reflection mechanism to build up-
ward. Widely adopted by advanced social agents like Generative
Agents [13] and RecAgent [23], this architecture represents a classic
approach to capturing complex, long-term user behavior patterns.
EvalAgent extends the design of Hierarchical Memory by introduc-
ing Stable Memory, which supports explore-exploit modeling, to
enhance accuracy and stability, and building Environment Interac-
tion Framework, which is used to link the agent with real-world
news recommender systems.

5.1.4 Implementation Details. The number of k-nearest neighbors
is set as 5. The expected short-term memory scale N is set as 20. The
weight parameter A and time constant 7 in the natural forgetting
process are set as 0.1 and 3600 respectively. The long-term memory
update threshold € is set as 0.5. To eliminate the influence of differ-
ent 1lm models on evaluation results, we conduct experiments using
three widely-used models as the base: GPT-40, Deepseek-V3, and
Qwen3-235b-a22b, and report the average performance across these
three base models. The embedding model is set as text-embedding-
3-small from openai for all experiments.
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Figure 5: AUC comparison of different Memory modules
with different historical interaction frequency on the MIND
dataset.

5.1.5 Results.

A. Baseline Comparison.

Table 1 presents the comprehensive performance comparison
of user preference alignment accuracy across different memory
modules. The results demonstrate that EvalAgent consistently
achieves superior performance across all evaluation metrics,
substantiating its effectiveness in modeling user preferences
and maintaining alignment with user interests. To elucidate
the underlying mechanisms of EvalAgent’s performance enhance-
ment, we further analyze the AUC curves across different Memory
modules, stratified by user historical interaction sequence length
on the MIND dataset, as shown in Figure 5, which yields two key
insights:

Explore-exploit modelling bolsters stability in user prefer-
ence modeling during prolonged interactions: While baseline
models suffer from systematic performance degradation as histori-
cal interaction sequences surpass a critical threshold, EvalAgent
maintains consistent performance. This empirical evidence sup-
ports our hypothesis that exploratory clicks may lead to systematic
noise accumulation in memory systems. Specifically, within the
expected short-term memory scale N, EvalAgent and Hierarchical
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operate on similar theoretical foundations and deliver compara-
ble results. However, when sequence lengths exceed N, EvalAgent
demonstrates superior resilience against memory noise accumula-
tion, thereby confirming its enhanced stability.

User Reflection serve as a Pivotal Mechanism for Enhanc-
ing User Preference Alignment Accuracy. The results also
demonstrate that reflection mechanisms at various levels signifi-
cantly improve the accuracy of user preference alignment. Specifi-
cally, EvalAgent and Hierarchical leverage reflection to construct
high-level long-term memory of user interaction patterns, while
Emotional employs reflection to build news-level emotional re-
sponse memory. Despite differences in their mechanisms and levels,
experimental results consistently show that these reflection-based
approaches outperform non-reflective methods, such as Latest N
Memory and Similarity Memory.

B. Sensitivity Analysis.

This subsection analyzes the impact of different density esti-
mation methods on the accuracy of EvalAgent. We compare our
approach (k-NN + Gaussian Kernel) against three other density
estimation methods: (A) Global KDE: A global density estimation
method implemented via Gaussian Mixture Models (with the num-
ber of components set to 5). (B) k-NN + Cosine: A local density
estimation using k-NN, where the distance metric is defined as 1
minus the cosine similarity. (C) k-NN + Distance: A local density
estimation using k-NN with the Euclidean distance directly.

Table 1 presents the comparison results, where our approach
achieves the best performance. Due to the sparse memory con-
straint, where the number of memory items N is much smaller than
the embedding dimension D, Global KDE suffers from overfitting
caused by insufficient samples, leading to lower performance. k-NN
+ Cosine exhibits slightly lower performance than k-NN + Distance
due to the nonlinear mapping relationship between similarity and
distance, which distorts the spatial density estimation. EvalAgent
builds upon k-NN + Distance by further modeling the density with
a Gaussian kernel, effectively smoothing fluctuations and achieving
the best overall performance.

C. Ablation Study.

We further analyze the impact of different components on the ac-
curacy. Specifically, we ablate the explore-exploit modeling (along
with the adaptive forgetting mechanism) and the long-term mem-
ory from EvalAgent. EvalAgent w/o EE can be considered as an
incrementally updated Hierarchical Memory, and due to the finer
update granularity, it achieves slightly better performance. EvalA-
gent w/o LTM loses the reflection of users’ high-level interests,
leading to a significant drop in performance. But it can also be
viewed as Similarity Memory with explore-exploit modeling, which
achieves a clear performance improvement.

5.2 User Study

5.2.1 Experiment Design. To evaluate the effectiveness of EvalA-
gent in real-world applications, we designed a comprehensive exper-
iment comprising user recruitment, data collection, user interaction
simulation, and user evaluation. The experiment was conducted on
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Tencent News 2, one of China’s most widely used news platforms.
The detailed experimental procedure is outlined below:

Step 1: Participant Recruitment and Data Collection. Par-
ticipants were recruited through a combination of open online calls
and snowball sampling. The participants’ ages range from 18 to
63 years, with 11 participants being male and 9 being female, de-
tailed demographics are shown in Table 2. Each participant was
required to submit a video of at least 30 minutes, capturing their
usage of Tencent News. From these videos, we extracted the his-
torical news click data of each participant as the historical data for
building user-specific agents, enabling the modeling of individual
user preferences based on real-world interactions.

Step 2: User Interaction Simulation. To simulate user inter-
actions, agents interacted with the feed stream of Tencent News
for one hour via the Environment Interaction Framework (EIF). To
eliminate potential affect from device caching or account histories,
we created an independent virtual device (Google Pixel 8, Android
14.0, provided by Android Studio) for each agent, ensuring no ac-
count login was used. The interaction simulation was divided into
two phases: Synchronization Phase (First 30 Minutes): During
this phase, agents conveyed preference signals to the recommenda-
tion system through click behaviors, with their memory states kept
frozen; Validation Phase (Second 30 Minutes): Agents actively
interacted with the feed and updated their memory. The interaction
data from this phase were used to assess the agents’ accuracy in the
following steps. In addition to the outlined action-decision prompt
in Section 4.1, agents were required to provide explanations for
their decisions. These explanations facilitated qualitative analysis
of the alignment between the agents’ decision-making processes
and users’ actual preferences. For each participant, we conducted
parallel experiments by constructing agents based on EvalAgent
and Hierarchical (the best-performing baseline from offline experi-
ments).

Step 3: User Evaluation. Using the data collected from previous
step, participants were invited to complete two evaluation tasks
to assess the agents’ performance: Preference Test: Participants
were presented with 20 news pairs (10 from EvalAgent and 10
from Hierarchical). Each pair consisted of one news item the agent
simulated clicking and one it did not (presented in random order).
Participants selected the news item in each pair that better aligned
with their preferences; Explanation Test: Participants reviewed
10 news items, each accompanied by decision explanations from
both the EvalAgent and Hierarchical. They rated their preferences
on the two explanations with a 7-point Likert scale and provided
textual justifications for their ratings.

5.2.2 Results.

A. Results of the Preference Test.

We analyzed discrepancies in news topic distribution between
historical data and simulation results. Figure 6 illustrates the distri-
bution of clicked news topics across participant groups, segmented
by gender and age, comparing historical data (orange) with simu-
lated distributions from the Hierarchical Memory (red) and EvalA-
gent (purple). EvalAgent demonstrates superior alignment

Zhttps://mews.qq.com/
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Figure 6: Clicked news topic distribution of participants grouped by gender and age. Historical distribution is colored in orange,
simulated distribution of Hierarchical is colored in red, and simulated distribution of EvalAgent is colored in purple.

Table 2: Demographics of participants in the user study.

ID Age  Gender ‘ ID Age Gender
Po1 24 Male P11 63 Male
P02 26 Male P12 18 Male
P03 25 Male P13 42 Female
P04 30 Female | P14 45 Male
P05 23 Male P15 56 Female
P06 32 Male P16 22 Female
P07 34 Female | P17 55 Male
P08 46 Male P18 53 Female
P09 20 Female | P19 36 Male
P10 41 Female | P20 50 Female
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Figure 7: Accuracy comparison of EvalAgent and Hierarchi-
cal on the preference test grouped by gender and age. Results
of EvalAgent are colored in purple, and results of Hierarchi-
cal are colored in red.

with historical data across all groups, particularly for topics
with varying degrees of user preference clarity. For example,
in the female group, both models accurately capture strong engage-
ment with Lifestyle topics and minimal interest in History, where
preferences are well-defined. However, for topics like Technology,
where user preferences are less distinct, EvalAgent generally out-
performs Hierarchical. This pattern underscores the efficacy of
EvalAgent’s Explore-Exploit modeling approach, which enhances
the accuracy and stability of user preference alignment.
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" Compared to Hierarchical, EvalAgent better reflects my thoughts. "
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Figure 8: User preference of Hierarchical vs. EvalAgent on
accurately reflecting their minds over the 20 X 10 cases in
Explanation Test.

We subsequently evaluated the accuracy of EvalAgent and Hi-
erarchical in simulating user click behavior. Figure 7 presents a
detailed comparison of their performance in the Preference Test,
with accuracy distributions visualized across gender and age groups.
The results highlight that EvalAgent consistently outperforms
the Hierarchical model in click simulation accuracy across
all evaluated groups. Demographically, EvalAgent demonstrates
better performance among female and younger users, achieving
higher accuracy or lower variance in capturing their click patterns.
In contrast, the Hierarchical model exhibits relatively better perfor-
mance among female and elderly users. This difference may indicate
that female and younger users exhibit a stronger curiosity toward
a diverse range of news topics, and the Explore-Exploit modeling
strategy employed by EvalAgent may deliver a more significant
improvement for these groups.

B. Results of the Explanation Test.

Figure 8 illustrates user preferences regarding the accuracy of
the Hierarchical model versus EvalAgent in reflecting their thought
processes across the 20 X 10 cases in the Explanation Test. The ma-
jority of respondents (118 out of 200, or 59%) favor EvalAgent,
with 9 strongly agreeing, 37 agreeing, and 72 weakly agreeing that
it more effectively mirrors their cognitive processes. In contrast,
only 39 respondents (19.5%) prefer the Hierarchical model, with 2
strongly agreeing, 11 agreeing and 25 weakly agreeing. Addition-
ally, a notable portion of participants (43 responses, or 21.5%) adopt
a neutral stance, indicating some uncertainty in their preference.
This distribution highlights EvalAgent’s superior ability to align
with user cognition, likely attributable to its enhanced memory
management capabilities, thereby outperforming the Hierarchical
model in this evaluative context.



EvalAgent: Towards Evaluating News Recommender Systems with LLM-based Agents

To further explore the reasons for participants’ preference for
EvalAgent and their views on LLM-based recommendation inter-
action agents, we conducted a thematic analysis of the textual
justifications collected from the Explanation Test. This analysis
revealed key insights explaining the superiority of EvalAgent over
Hierarchical and highlight areas for improvement:

Insight 1: Interest misalignment is more frequent in Hier-
archical. Participants frequently noted that Hierarchical’s explana-
tions misrepresented their interests, suggesting a bias in its interest
modeling. Specifically, 7 out of 20 participants (35%) reported at
least one instance where Hierarchical’s explanation referenced a
topic they were not interested in, compared to only 4 participants
(20%) for EvalAgent. For example, one participant stated, “Hierar-
chical assumed I care about tech innovations multiple times, but I
don’t” (P02).

Insight 2: Overly objective decision-making of LLM-based
agents. Both EvalAgent and Hierarchical produced explanations
that participants perceived as overly objective, often prioritizing
analytical reasoning over subjective user preferences. Participants
acknowledged the agents’ strong analytical capabilities, with one
noting, “The explanation about the importance of political news was
quite logical and well-reasoned” (P17). However, many felt the expla-
nations failed to account for personal curiosity or emotional drivers
of news consumption. For instance, a participant commented, “It’s
like the agent is writing a thesis on why this news matters, but it
misses why I'd actually click on it—because it sounds fun” (P09). An-
other stated, “The reasoning feels like an academic abstract, not my
thought process” (P04). This theme aligns with offline experiment
findings, where Emotional Memory improved interest alignment
by explicitly modeling users’ emotional responses.

Insight 3: Hallucinations in explanations affect user ex-
perience. Despite the use of memory mechanisms to mitigate
hallucinations, both agents occasionally produced explanations
that included fabricated or misaligned content, undermining their
credibility. Participants reported two types of hallucinations: expe-
riential hallucinations, where agents referenced non-existent user
experiences, and value-based hallucinations, where agents attrib-
uted irrelevant motivations. For example, one participant noted,
“The explanation mentioned a past experience I never had” (P15). An-
other remarked, “It said I'd want to read this to ‘gain social influence
at work,” which isn’t something I think about” (P13).

6 Discussion

6.1 Potential Application Value

EvalAgent establishes a framework for simulating user interactions
with news recommender systems, seamlessly integrated with real-
world platforms through the Environment Interaction Framework.
This simulation-based approach provides a dynamic and control-
lable alternative to traditional offline and online evaluation methods.
Potential application scenarios may include: Early-Stage System
Design: EvalAgent facilitates realistic simulations of user behavior
during the development phase, enabling developers to optimize rec-
ommendation algorithms without disrupting the users. Evaluation
of Sensitive Content: By simulating interactions for specific demo-
graphics (e.g., elderly or teenagers) or with sensitive content (e.g.,
hate speech), EvalAgent offers a controlled environment to address
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ethical concerns and recruitment challenges for these scenarios.
Third-Party Evaluation: EvalAgent provides a tool for external
entities, such as research institutions, to independently assess rec-
ommender systems’ performance without requiring proprietary
APT access.

6.2 Robustness of EIF

EIF targets single-column waterfall news feeds, common in mobile
apps such as BBC News and Tencent News. Cross-platform UI
variations are handled by the VLM, which semantically parses
screenshots with minimal configuration changes. Its main limitation
is the inability to process video content, now prevalent in mobile
news. While keyframe extraction could enable basic video parsing,
it may miss temporal continuity and key details, highlighting the
need for more advanced video understanding methods.

6.3 Limitations and Future Directions

6.3.1 Emotional Modeling. While LLMAs excel at objective analy-
sis, they currently struggle to accurately simulate human emotional
responses and empathy. Future work may focus on enhancing LLMs’
inherent emotional understanding capabilities for more realistic
news consumption behavior simulation.

6.3.2  Perception of Out-of-System Events. A key limitation lead-
ing to LLMA hallucinations stems from their restricted perception,
primarily limited to events observed within the recommender sys-
tem. Real-world behavior is shaped by external factors such as so-
cial interactions or personal changes. Introducing a “group shared
memory” could infer such influences from aggregated user data,
enriching contextual awareness.

6.3.3  Scalability and Efficiency. Current experiments simulate thou-
sands of users with short interaction histories (<100). Real systems
involve far larger scales and longer histories, creating high infer-
ence and resource costs. Fine-tuned Small Language Models (SLMs)
may deliver comparable performance with significantly improved
efficiency.

7 Conclusion

This paper introduces EvalAgent, a large language model agent sys-
tem designed for real-world news recommender system evaluation.
By employing Stable Memory (StM) for modeling user exploration-
exploitation dynamics and an Environment Interaction Framework
(EIF) for direct engagement with real systems, EvalAgent aims
to provide a accurate, stable, and ethically responsible evaluation
framework. Comprehensive experiments and user studies validate
EvalAgent’s efficacy and potential application value.
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