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ABSTRACT
Traditional evaluation in Recommender Systems (RS) often relies
on static, offline benchmarking, failing to capture the dynamic
feedback loops between autonomous users and algorithmic poli-
cies. To address this, we propose an agentic design framework that
treats recommendation as a Multi-Agent System (MAS). The frame-
work integrates RecoWorld (environment), RecBole (system policy)
and Large Language Models (reasoning agents), which enables a
granular study of the co-evolutionary dynamics and emergent prop-
erties inherent in human-AI interaction. This doctoral work aims
to provide a methodology for simulating long-term user retention,
user-system co-evolution and assessing agent welfare.
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1 INTRODUCTION
Recent research has revealed a paradigm called LLM as Recommen-
dation Simulator [8], which emphasizes LLMs as the foundational
architecture of generative agents for the simulation of user behavior
in the recommendation environment. Unlike traditional rule-based
simulators, these autonomous agents, such as InteRecAgent [3],
, RecAgent [7], Agent4Rec[9], and AgentCF [10], incorporate
sophisticatedmemory and reasoning modules. This allows them
to maintain latent user states (e.g., interests, satisfaction) and exe-
cute multi-step actions, which facilitates a high-fidelity simulation
of user-system interaction trajectories.

In contrast to [3], [7], [9], and [10], which propose specific agen-
tic recommenders, [5] introduces RecoWorld - a blueprint for
creating simulated environments designed to accelerate the devel-
opment of such systems. By emphasizing collective impacts, user
simulation, and reward signal design, RecoWorld offers significant
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potential for enhancing generative models and improving the mod-
eling of short- and long-term interests in existing recommender
systems.

Given these premises, we introduce an agentic design framework
that re-conceptualizes recommendation as a Multi-Agent System
(MAS). By synthesizing the RecoWorld environment with its pol-
icy library and LLM-based reasoning agents, our framework facili-
tates the granular study of co-evolutionary dynamics and emergent
properties within human-AI interactions. This doctoral research
establishes a methodology for simulating long-term user retention,
modeling user-system co-adaptation, and evaluating agent welfare
over extended temporal horizons

2 FORMAL DEFINITION PROBLEM
We model the recommendation process as a Partially Observable
Markov Decision Process (POMDP) [4], which allows us to
account for the latent nature of user preferences and the sequential
interaction between agents. The process is defined by the tuple
⟨𝑆,𝐴,𝑇 , 𝑅,Ω,𝑂⟩:

• 𝑆 (State Space): The global state of the environment, man-
aged by RecoWorld, which includes item metadata and the
hidden, evolving preference profiles of the user population.

• 𝐴 (Action Space): The set of possible recommendation lists
generated by the System Agent using policies instantiated
via RecBole.

• 𝑇 : 𝑆 ×𝐴 → Π(𝑆) (Transition Function): The probability
distribution over next states, representing how the environ-
ment evolves after a user interacts with a recommended
item.

• 𝑅 : 𝑆×𝐴 → R (Reward Function): The feedback signal (e.g.,
click, dwell time, or explicit rating) that guides the learning
of the System Agent.

• Ω (Observation Space): The information perceived by the
User Agent. In our framework, this is a semantic translation
of the item features into natural language.

• 𝑂 : 𝑆 ×𝐴 → Π(Ω) (Observation Function): The process
of surfacing a subset of the global state 𝑆 to the User Agent
based on the System Agent’s actions.
We denote Π(𝑆) as the set of all probability distributions
over the state space 𝑆 .

The core research challenge is the Alignment of Intelligence:
ensuring that the System Agent’s algorithmic outputs (numerical
embeddings) are semantically interpretable by the User Agent’s
cognitive reasoning module (the LLM).
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3 PROPOSED SYSTEM ARCHITECTURE
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Figure 1: Agentic Design Framework: The closed-loop inter-
action between the Environment (RecoWorld), the System
Agent (RecBole), and the Cognitive User Agent (LLM).

We propose a modular, three-tier architecture designed for ex-
tensibility and scale, which involves the following components: the
world model, the policy engine and the cognitive agent.

3.1 The World Model
RecoWorld serves as the foundational environmental substrate
for the simulation. It maintains the ground-truth document data-
base and manages the global temporal state of the ecosystem. By
operationalizing a Gym-like RL framework, the model facilitates
standardized, multi-turn sequential interactions between the sys-
tem and user agents. This architecture enables the generation of
high-quality interaction trajectories, allowing for the extraction
of engagement statistics that serve as "pseudo-reward" signals for
training.

3.2 The Policy Engine (RecBole)
The SystemAgent is powered by RecBole. In our framework, RecBole
is not an evaluator but a Policy Library. We leverage its optimized
implementations of Neural Collaborative Filtering (NCF), Sequen-
tial Models (SASRec), and Graph-based models (LightGCN). This
allows us to treat the Recommender as an autonomous entity with
its own objectives (e.g., maximizing immediate engagement vs.
long-term diversity).

3.3 The Cognitive User Agent (LLM)
The User Agent simulates realistic human behavior through an
LLM-driven reasoning loop:

• Persona and Context: A profile integrating demographics, tem-
poral factors, and history to define agent biases.

• Reasoning and Perception: A three-step "Think it through"
process where the LLM evaluates slates against its mindset to
deliberate across actions like clicking, liking, or skipping.

• Instruction Management: A feedback loop where the agent
updates its internal state and generates reflective instructions
(e.g., "show me more interesting content") to guide the system.

4 PRELIMINARY RESULTS: POLICY
PERFORMANCE

To validate the Policy Engine, we benchmarked three RecBole
models—BPR [6], ConvNCF [1], and NeuMF [2]—as the System
Agent’s initial strategies. We used theml-32m1 dataset (>32M inter-
actions, 200,949 users, 84,433 items)with an 80/10/10 train/validation/test
split. Evaluation utilized 50 negative samples per positive interac-
tion across three top-𝐾 metrics (Table 1): Recall@𝐾 (retrieval
coverage), NDCG@𝐾 (position-weighted ranking quality), and
MRR@𝐾 (top-ranked accuracy). For this preliminary baseline,
models were trained for a single epoch using one seed.

Table 1: Performance comparison of System Agent policies
on the ml-32m dataset (Single-Epoch Training). All metrics
are reported on the test set.

Model Recall@10 Recall@20 NDCG@10 NDCG@20 MRR@10

ConvNCF 0.6794 0.8060 0.7962 0.8101 0.9024
BPR 0.6859 0.8112 0.8060 0.8198 0.9081
NeuMF 0.7263 0.8479 0.8647 0.8752 0.9350

The results indicate that NeuMF achieves the highest perfor-
mance across all ranking-aware metrics even with minimal training
iterations, providing a robust baseline for the System Agent’s initial
state. These scores serve as a prerequisite for the multi-turn inter-
action phase, where the Cognitive User Agent provides reflective
instructions to further refine these policies in real-time.

5 CONCLUSION AND FUTUREWORK
We have introduced a novel agentic framework bridging static
benchmarking with dynamic behavior modeling by integrating
RecoWorld and RecBole [11]. Our approach advances evaluation
through three key contributions: (1) High-Fidelity Simulation,
where LLM-driven agents employ reasoning for multi-turn interac-
tions; (2) Instruction-Driven Feedback, operationalizing natural
language instructions within an RL framework; and (3) Long-Term
Optimization, utilizing pseudo-rewards to prioritize retention over
myopic engagement.

Future work will expand this into multi-agent social simulations
to study collective impacts like interest drift. Ultimately, this frame-
work establishes a foundation for collaborative systems where users
and agents jointly shape sustainable information streams.

1https://grouplens.org/datasets/movielens/32m/
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