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Abstract

E-commerce platforms increasingly deploy automated prod-
uct management systems to help sellers maximize long-
term profitability through multi-day planning and schedul-
ing of operational actions. Despite promising results in long-
horizon e-commerce planning, existing LLM-based multi-
agent systems with self-reflection suffer from ambiguous
credit assignment across agents and shallow reflection that
fails to diagnose root causes of poor operational outcomes
in practice. We propose RASO, a novel multi-agent frame-
work that enhances long-term planning via role-aware and
rule-based shared reflection. RASO addresses these chal-
lenges through a hybrid reward mechanism that combines
global and role-specific counterfactual rewards to enable pre-
cise credit attribution across functionally distinct agents, as
well as a rule-decision paradigm that requires agents to for-
malize their reasoning into auditable, structured rules prior to
action execution to support logic-level error diagnosis during
reflection. Evaluated on a real-world e-commerce platform
over extended planning horizons, RASO significantly outper-
forms baselines in cumulative profit with transparent and in-
terpretable decision processes. Our results demonstrate that
integrating role-aware collaboration with structured reflection
empowers LLM agents to effectively manage complex, long-
term business objectives.

Code — https://github.com/follow-wind-heart/RASO

1 Introduction

E-commerce platforms are increasingly deploying auto-
mated pricing systems to help sellers optimize long-term
profitability through strategic price adjustments over multi-
day horizons. This constitutes a challenging long-horizon
sequential decision-making problem: pricing decisions have
delayed and compounding effects on future demand and rev-
enue, while optimal policies must continuously adapt to a
non-stationary environment characterized by market dynam-
ics, competitor strategies, and inventory constraints. Criti-
cally, in real-world applications, such systems must not only
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maximize cumulative profit but also produce transparent and
interpretable pricing decisions to support seller trust, regula-
tory compliance, and actionable business insights.

Recent work has applied Large Language Model (LLM)
to multi-agent systems with self-reflection for strategic
decision-making(Shinn et al. 2023; Madaan et al. 2024; Du
et al. 2023; Hong et al. 2023; Qian et al. 2024; Gao et al.
2024; Lu et al. 2025). However, these approaches suffer
from two limitations. First, they exhibit ambiguous credit as-
signment(Foerster et al. 2017; Sunehag et al. 2018; Rashid
et al. 2018): when functionally specialized agents collabo-
rate on pricing decisions, a shared reward signal fails to dis-
entangle individual contributions without role-aware credit
decomposition. Second, their reflection mechanisms remain
shallow, relying primarily on outcome-level feedback and
failing to diagnose root causes of suboptimal pricing out-
comes at the logic level—a critical shortcoming that im-
pedes effective learning over extended planning horizons.

We propose RASO (Role-Aware Shared Reflection for
Multi-Agent Orchestration), a novel multi-agent framework
for long-horizon automated pricing that overcomes the lim-
itations of existing LLM-based approaches through role-
aware collaboration and structured reflection.

Our main contributions are as follows:

* RASO, the first multi-agent pricing framework integrat-
ing role-aware credit assignment with rule-based shared
reflection for transparent, long-horizon profit growth.

* We design a hybrid counterfactual reward mechanism
combining global and role-specific signals to disentan-
gle the contributions of distinct pricing agents, resolving
ambiguous credit assignment in collaborative planning.

* We introduce a rule-decision paradigm that requires
agents to formalize reasoning into auditable, structured
rules prior to action execution, enabling logic-level error
diagnosis and ensuring interpretability by construction.

* We validate RASO through extensive real-world exper-
iments on a large-scale e-commerce platform, demon-
strating significant improvements in cumulative profit
over strong baselines while maintaining decision trans-
parency—confirming the critical role of role-awareness
and structured reflection in practical pricing automation.



Multi Agent System

ProductData_ ] [E-commerce knowledge) [

Target ]

Sub-Domain
Agent

W ¥ ¥

Decision Result 1 ]

Multi Agent System

Kx01afery,

Product Data ] [E-commerce lmowledge][ Target ]

g
z <. Sub-Domain
| E | § Agent Agent
g |5 W W W
] e
2

=
&
=
2
2
2
=
&
2
=
2

Decision Agent
1 %

v
Decision Result 2 }
{

Finial Action }

Figure 1: Overview of Our Raso Approach.

2 Related Work

While the remarkable capabilities of LLMs are well-
established (Achiam et al. 2023; Yang et al. 2024; Dubey
et al. 2024), these models are not without inherent limita-
tions. They remain prone to significant issues such as pro-
ducing fallacious reasoning (Turpin et al. 2024), fabricating
information (hallucination) (Rawte, Sheth, and Das 2023),
and generating toxic content (Zhang et al. 2024). Reflection
techniques (Pan et al. 2023; Shinn et al. 2023; Madaan et al.
2024) address these issues by utilizing feedback to guide
LLMs in refining their outputs. Early representative works
like Self-Refine (Madaan et al. 2024) and Reflexion (Shinn
et al. 2023) primarily relied on verbal feedback and memory
mechanisms to avoid repeating mistakes.

More recent works have started to explore more prin-
cipled optimization frameworks. For instance, RETRO-
FORMER (Yao et al. 2023) introduced a retrospective model
that learns to automatically tune an agent’s prompts by learn-
ing from environmental feedback via policy gradient. This
pushed reflection from simple verbal correction towards
reward-based gradient optimization. Building on this, COP-
PER (Bo et al. 2024) extends this idea to the multi-agent
collaboration domain.

3 Method
3.1 Problem Definition

Our research goal is to build a multi-agent system capable of
self-optimization through interaction with its environment.
The problem can be characterized by a tuple (S, A, R),
whose components are defined as follows:

At each time step ¢, the product state s; € S is a high-
dimensional vector capturing the product’s intrinsic prop-
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erties, historical performance, operational settings, and en-
vironmental context. The agent takes an action a; € A to
adjust controllable operational levers such as discount and
ad budget. The reward r; = f(Rgiobals Riole) € R combines
outcome-based reward with role-aware reward to maximize
long-term cumulative returns.

We consider optimizing a policy m(als) for a specific
product to be sold on a certain e-commerce platform. In our
framework, the policy 7 is not realized by a single model
but is executed through a multi agent system. This system
involves Diagnostic Agent, Sub-Domain Agent, and Deci-
sion Agent.

3.2 Multi Agent System

We formalize the operational trajectory of a product as a se-
quence 7 = (8o, ag, $1,0a1,--.). At any given time step ¢,
we employ a multi agent system to generate the action ay
required for the current state s; under the operational target
Target. The process is as follows:

* Diagnostic Agent (Agiag): It takes the historical tra-
jectory up to the current state s;, denoted as H;
(s0,a0,- -, 8t—1,01—1, St ), external e-commerce knowl-
edge Kecom, and operational target T'arget as input, to
output an in-depth diagnostic report diag;.

diagt = fdiag(Ht7 ICecom7 TCL’I’g@t)

e Sub-Domain Agent (Agy,,): It also takes the historical
trajectory H; and e-commerce knowledge Kecom as in-
put to independently generate a sub-domain information
suby.

SUbt = fsub(Ht; ’Cecom)
Decision Agent (Agei): It synthesizes all upstream out-
puts to craft a final plan aligned with the operational ob-
jective T'arget. It takes the diagnostic report and the sub-
domain information as context to first generate explicit
decision rules rules;, and subsequently, a coherent deci-
sion text deciy.

(rulesg, deciy) = faeci(St, diag, suby, Target)

Ultimately, an executable action a; is extracted from the
decision deci;. This action is referred to as the Initial Action
in our framework.

3.3 Reflection

Our framework incorporates a Reflection Agent that oper-
ates within each planning cycle. Before final execution, the
Decision Agent first generates an initial action along with
its underlying reasoning formalized as a structured rule. The
Reflection Agent then audits the rule-action pair generated
by the Decision Agent and the diagnostic report from the
Diagnostic Agent by evaluating their logical consistency,
alignment with business objectives, and potential risks un-
der current market conditions.

The resulting reflection refl¢ is fed back as additional
context. Conditioned on this targeted feedback, the relevant
agent revises its reasoning and the process produces an im-
proved action a;, which we refer to as the Final Action. This
two-stage process ensures that decisions are not only profit-
driven but also interpretable and logically sound.



Decision Agent
ﬂot reasoning:

step 1: analysis products information ...
step 2: read results from...

@\

step 3: summarize the decision rules: g
S
—» rule n: if is_cheap_compare_others = Y <"£
and conversion rate >10%, then discount <= 0.7 o
rule n+1: if holiday = Y and discount <= 0.8, uE_
” then budget > 100 and marketing_campaign_1 =Y
g Final Decision:

wiscount: 0.75,budget: 150,marketing_campaign_l:y

input
Reflection Agent
A&ﬂection results:

Rule judge:

Regenerate Act

&)

wrong rule X
rule n+1: if holiday = Y and discount <= 0.8, then

budget >100 and marketing_campaign_1 =Y
correct rule &

Experiences:
[.. {“sr": “...", "reason": "..."},..]

)

Figure 2: The rule-decision and reflection loop in RASO.

3.4 Optimization of the Reflection

Rule-decision Paradigm in Decision Agent. As shown in
Figure 2, before outputting a decision, the Decision Agent
externalizes its reasoning into a set of explicit IF-THEN
rules. These rules provide a structured and auditable object
for the subsequent reflection process, thereby shifting the re-
flection task from a vague critique of prose to a traceable au-
dit of a concrete decision-making logic chain. Formally, we
define a rule r as a tuple < C, Apounds >

r :=IF C(s;) THEN a; € Apounds

* (C(s;) is a logical predicate over the state vector.
¢ Apoungs defines the valid action space region.

When reflecting on the Decision Agent, the Reflection
Agent examines this entire decision process from multiple
facets, by auditing the reasonability of the rules, verifying if
the action aligns with the rule logic, and assessing the sound-
ness of the causal chain within the textual analysis. Finally,
it distills these findings into a generalizable Self-Reflection
(sr), structured in JSON format.

Hybrid Counterfactual Reward Mechanism. Our re-
ward function guides the agent to improve both external per-
formance and internal logic. It consists of two components:

Global Reward (Rgiobal): This reward measures the ob-
jective, long-term value of the final action. We use a pre-
trained Q-network to compute it, which takes the state and fi-
nal action as input and outputs an estimated long-term value.

The Q-network was trained on historical operational tu-
ples, learning to predict the cumulative Gross Merchandise
Volume (GMV) over a 7/14 day horizon by minimizing the
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Mean Squared Error (MSE). We evaluated it on a held-out
expert dataset and observed a strong monotonic correlation
(Spearman’s rank correlation coefficient of 0.935) between
the predicted Q-scores and the realized future GMV.

Role-Aware Reward (Ryqe): This reward focuses on as-
sessing the intrinsic quality and logical coherence of the
combined diagnostic or decision results, enabling role-aware
credit attribution. We develop an LLM-as-Judge rubric for
this task. This rubric evaluates the reasoning chain across
three dimensions corresponding to our agent roles:

* Diagnostic Accuracy (Sgiae): Evaluates if the Diagnostic
Agent correctly identified the root cause.

* Logical Consistency (Siogic): Assesses if the Decision
Agent’s plan effectively solves the identified problem.

* Rule Alignment (Syye): Verifies if the final action aligns
with the generated rules.

The final Ry, is calculated as the average of these sub-
scores. This mechanism operationalizes credit assignment
by identifying the bottleneck in the reasoning chain. We
posit that the agent role with the lowest sub-score (Sp;,) is
the failure point. We employ Direct Preference Optimiza-
tion (DPO) (Rafailov et al. 2023), treating reflections that
target the agent responsible for Spin as the chosen responses
in preference pairs. Thus, the system is optimized to favor
reflections that specifically critique this agent.

Fine-tuning the Reflection Agent. We fine-tune an open-
source model, Qwen3-30B-A3B-Instruct, to serve as a pro-
fessional and efficient Reflection Agent via DPO. This ap-
proach requires a preference dataset D, where each sample
consists of a prompt and a pair of better and worse reflec-
tions. The construction of D is detailed in Algorithm 1.

By training on the preference dataset D, DPO aligns the
Reflection Agent’s behavior with our hybrid reward criteria,
teaching it to generate reflections that lead to improvements
in both global action value and role-aware logical quality.

Algorithm 1: Preference Dataset Construction

Require: Training trajectory H;, multi-agent system M,
initial reflection LLM fini¢_ren
Ensure: Preference dataset D = {(p, Yu, ¥1),--- }

1: D0

2: ag M(Ht)

3: (Rglobab R?ole) — Eval(ao)

4: Refls < {refly,...,refln} ~ finitren(Ht)
5: forke {1,...,N}do

6:  ap «— M(Hy,refly)

7. (Rglobal’ Rf,.) + Eval(ay)

8: ARglobal — R]global - Rglobal

9: ARlﬁ)le — Rﬁ)le - R1(‘)016:
10: end for
11: for each pair (i, j) where i # j do ‘
12: if AR}y > AR, and ARl > AR]then
13: D« DU{(Hy,refl;,refl;)}
14:  end if
15: end for
16: return D




4 Experiment

4.1 Experimental Setup

Training Dataset. 1 million transition samples from 6
months of historical logs on a real-world e-commerce plat-
form (used for DPO base model alignment).

Testing Dataset. a dataset of 20,000 decision instances
from the operational logs of a real e-commerce platform.

Evaluation Metrics. For offline evaluation, we employ
the Global Reward and Role-Aware Reward, as detailed in
Section 3.4, to assess the final action’s value and the sys-
tem’s reasoning quality. For the online test, we measure key
business indicators: Item Transition Rate (ITR), Gross Mer-
chandise Volume (GMV), and Return on Investment (ROI).

Baselines and Ablation Models. We compare against two
main baselines CoT and Relfexion, and conduct an ablation
study with several variants of our model.

¢ Main Baselines:

— CoT (Wei et al. 2022): A standard Chain-of-Thought
prompting approach where the agent reasons step-by-
step but lacks a reflective feedback loop.

— Reflexion (Shinn et al. 2023): A reflection baseline
that generates unstructured, verbal self-critiques to
guide subsequent decisions.

 Ablation Variants:

— RASO (w/o Rule-Decision): Simulates verbal reflec-
tion within our framework by removing the structured
rule paradigm.

— RASO (w/o Finetuning): Uses the full RASO structure
but the Reflection Agent is not fine-tuned.

— RASO (Global Reward FT): Fine-tuned using only the
global counterfactual reward (A Rgiopar).

— RASO (Hybrid Reward FT): Our full proposed model.

Implementation Details. All agents are built on the
Qwen3-30B-A3B-Instruct (Yang et al. 2025). The Reflec-
tion Agent is fine-tuned from this base model using DPO.

4.2 Main Results

Offline Evaluation. We compare our RASO model
against the CoT and Reflexion baselines.

Method Rglobal lee

CoT 0.85 9.4183
Reflexion 098  9.4237
RASO 1.16  9.5084

Table 1: Main comparison against baseline methods.

The results show that while CoT provides some reason-
ing, its lack of a feedback loop yields poor performance. Re-
flexion outperforms CoT by incorporating self-correction,
but its unstructured nature limits effectiveness. Our RASO
framework, with its structured reflection and targeted fine-
tuning, achieves the best scores on both metrics, demonstrat-
ing its significant advantage over existing methods.
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Ablation Study. To dissect the sources of RASO’s effec-
tiveness, we conducted a detailed ablation study.

Method Rglobal Rrole

RASO (w/o Rule-Decision) 1.09  9.4317
RASO (w/o Finetuning) 1.11 9.4342
RASO (Global Reward FT) 1.13  9.4659
RASO (Hybrid Reward FT) 1.16 9.5084

Table 2: Ablation study of the RASO framework.

The results lead to several key observations:

1. Structured rule is Essential: Removing the Rule-Decision
paradigm(w/o Rule-Decision) causes a sharp drop
in performance. This proves a structured object for reflec-
tion is critical to avoid the ambiguity of verbal critiques.

2. Fine-tuning is Necessary: The w/o Finetuning
model, while better than unstructured methods, is still
suboptimal. This indicates that a generic LLM struggles
to produce high-quality reflections without being explic-
itly aligned with a reward signal.

3. Hybrid Reward is Crucial: Our full model (Hybrid
Reward FT) outperforms the one tuned only on global
rewards (Global Reward FT). The pronounced gain
in R, shows that the role-aware reward is vital for solv-
ing credit assignment and improving reasoning quality.

Online A/B Test Results. To bridge the gap between of-
fline metrics and real-world value, we deployed reflection
model in an online A/B test against the CoT baseline over
one week period. The results are presented in Table 3.

Method ITR GMY (Rel.) ROI (Rel.)
CoT 10.82% Baseline Baseline
RASO 11.52% +1.34% +5.81%

Table 3: Online A/B test results.

The online results show that the reflection led to a 0.7 per-
centage point increase in ITR (the percentage of items that
achieve the target), a 1.34% uplift in GMYV, and a 5.81% im-
provement in ROI. This confirms that the enhanced reason-
ing and decision quality observed in offline evaluations suc-
cessfully translate into tangible, significant business value.

5 Conclusion

We presented RASO, a framework for continuous self-
improvement in LLM-based multi-agent systems. By com-
bining a Rule-Decision paradigm with a hybrid-reward DPO
objective, RASO addresses both credit assignment and shal-
low reflection in long-horizon decision-making. Experi-
ments on a real-world e-commerce platform show improved
offline metrics and online business performance, indicating
that structured, role-aware reflection can make multi-agent
systems more reliable and interpretable. Future work will in-
corporate action model learning into RASO (Zhuo, Nguyen,
and Kambhampati 2013), reduce reflection overhead, and
extend the framework to more complex domains.
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