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ABSTRACT
This paper studies large language model (LLM)-based multi-agent
systems (MASs) for inventory management. Although these sys-
tems have gained attention for their potential to overcome limita-
tions of conventional approaches, it remains unclear whether they
can reliably produce optimal ordering policies and adapt across di-
verse operating situations. To address these questions, we evaluate
an LLM-basedMASwith a fixed-ordering strategy prompt that spec-
ifies stepwise procedures and a safety-stock strategy, and we find
that it derives the optimal ordering policy in a restricted scenario. To
enhance adaptability, we introduce AIM-RM, which retrieves simi-
lar past experiences. Our empirical results indicate that AIM-RM
outperforms existing benchmark methods across various supply
chain scenarios, showing robustness and adaptability. An extended
version of this paper is available at: http://arxiv.org/abs/2602.05524.

KEYWORDS
Supply Chain Management; Inventory Management; LLMs; Multi-
agent systems

ACM Reference Format:
Konosuke Yoshizato, Kazuma Shimizu, Ryota Higa, and Takanobu Otsuka.
2026. AI Agent Systems for Supply Chains: Structured Decision Prompts
and Memory Retrieval: Extended Abstract. In Proc. of the 25th International
Conference on Autonomous Agents and Multiagent Systems (AAMAS 2026),
Paphos, Cyprus, May 25 – 29, 2026, IFAAMAS, 3 pages. https://doi.org/10.
65109/UJUM3065

This work is licensed under a Creative Commons Attribution Inter-
national 4.0 License.

Proc. of the 25th International Conference on Autonomous Agents and Multiagent Systems
(AAMAS 2026), C. Amato, L. Dennis, V. Mascardi, J. Thangarajah (eds.), May 25 – 29,
2026, Paphos, Cyprus. © 2026 International Foundation for Autonomous Agents and
Multiagent Systems (www.ifaamas.org). https://doi.org/10.65109/UJUM3065

1 INTRODUCTION
Multi-agent systems (MASs) are well suited to sequential decision-
making among coordinating autonomous entities. Recent advances
in large language models (LLMs) have strengthened the abilities
of AI agents, expanding the practical applicability of MASs across
domains [7, 8, 12, 17]. Among these domains, supply chain manage-
ment (SCM) has emerged as a prominent area for LLM-based MASs,
and research applying such systems to SCM has grown rapidly [4–
6, 11, 15]. In this paper, we focus on inventory management, a
core SCM function that supports procurement, production, and
distribution throughout the supply chain.

A limitation of prior research on inventory management is that
heuristic methods often require scenario-specific tuning [3], while
reinforcement learning (RL) can be computationally expensive [1].
By contrast, LLM-based MASs have gained attention for their po-
tential to overcome limitations of existing methods. Therefore, as-
sessing whether current LLM foundation models can independently
address inventory management is an important first step toward
exploring AI agents for supply chain optimization.

This study makes two contributions. First, we evaluate LLM-
based MASs for inventory management across diverse supply chain
scenarios. We show that under a specific condition, a fixed prompt
can achieve an optimal ordering policy without scenario-specific
tuning [9, 13, 14, 18]. Second, to enhance adaptability across diverse
scenarios, we design an adaptive LLM-based MAS that retrieves
similar past experiences from historical transaction data to condi-
tion decisions, coordinate agents implicitly, and improve robustness
across scenarios.

2 METHODOLOGY
2.1 Multi-Echelon Inventory Management
We define the multi-echelon inventory management problem stud-
ied in this paper. We consider an 𝑀-tier supply chain indexed by
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Table 1: This table shows the average total rewards in 5 episodes. The rewards are expressed as the relative gap Δ = | (Opt−𝑟 )/Opt|,
where Opt is the optimal value and 𝑟 is the average total reward over all tiers and periods. The bolded numbers represent the
best scores among models excluding reinforcement learning models (IPPO, MAPPO).

Model (Reasoning effort: Medium) Const-Uni Dec-Div Dec-Uni Inc-Div Inc-Uni Average

InvAgent (w/ step desc) 3.33 79.22 437.78 104.55 137.88 152.55
InvAgent (w/ step desc and SS strategy) 0.00 115.06 315.56 264.88 425.00 224.10
AIM-RM (w/o RL log) 69.17 66.27 219.11 162.64 175.77 138.59
AIM-RM (w/ RL log) 60.00 56.02 171.11 95.12 74.09 91.27
InvAgent (w/o strategy) 46.67 100.30 202.22 171.90 93.18 122.85
InvAgent (w/ strategy) 183.33 118.67 200.00 179.33 155.30 167.33
Base-Stock 146.67 140.36 340.00 162.81 112.12 180.39
Tracking-Demand 200.00 150.30 584.44 205.37 243.93 276.81
IPPO 0.00 25.30 137.78 38.01 12.88 42.79
MAPPO 30.00 16.27 60.00 44.21 19.70 34.04

𝑚 ∈ {0, . . . , 𝑀−1}, where𝑚 = 0 denotes the retailer. Each tier holds
materials for production. One unit of product consumes one unit of
material, and production is limited by facility capacity 𝑐𝑚 . Finished
products are not stored and are shipped immediately downstream:
items produced at tier𝑚 are sent to tier𝑚 − 1, arrive after the lead
time 𝐿𝑚 , and become its inventory for subsequent production.

Next, we explain the procedure within an episode, which consists
of𝑇 periods. In each period 𝑡 ∈ [𝑇 ] = {1, . . . ,𝑇 }, the following four
steps are executed sequentially: (i) Materials ordered 𝐿𝑚 periods
earlier arrive and replenish inventory; (ii) Each tier 𝑚 places an
upstream order 𝑂𝑚,𝑡 and observes downstream demand; (iii) Each
tier determines a shipment quantity 𝑅𝑚,𝑡 after which the remaining
inventory becomes 𝐼𝑚,𝑡 , and any unmet demand is recorded as
backlog 𝐵𝑚,𝑡 ; (iv) The reward 𝑃𝑚,𝑡 is calculated based on sales
revenue, ordering cost, backlog penalties, and inventory holding
cost. Each agent observes a state 𝑠𝑚,𝑡 summarizing inventory and
backlog conditions and temporal information needed for decision-
making.

2.2 Proposed Agent
Our proposed agent comprises two modules: a decision module and
a memory module. The decision module uses an LLM guided by a
decision prompt PDM that takes (𝑠𝑚,𝑡 ,H ,D) as inputs, whereH
denotes historical data and D denotes a natural-language descrip-
tion of customer demand. Given these inputs, the decision module
outputs an order quantity together with its rationale. To enhance
order quantity decisions, we use a step-by-step description, denoted
by PSD, to make the procedure explicit. In addition, we augment
PDM with a safety-stock (SS) strategy that determines the order
quantity by jointly considering inventory during the lead time and
forecasted demand, using an SS level to buffer uncertainty.

To enhance adaptability, we provide a memory module that
maintains past experiences M𝑚 = {(𝜙 (𝑠𝑚,𝑡 ),𝑂𝑚,𝑡 , 𝑃𝑚,𝑡 )}𝑡 , where
𝜙 maps each state 𝑠𝑚,𝑡 to a vector representation. To efficiently lever-
age the memory function, AIM-RM performs a similarity search in
the embedding space by computing Euclidean distances between
the current state embedding and the stored embeddings. Experi-
ences whose distances are below a predefined threshold are treated
as similar and retrieved with up to 𝐾 of the closest matches.

3 EXPERIMENTS AND RESULTS
We conduct five deterministic scenarios combining two supply-
chain settings (uniform, diverse), where uniform uses identical tier
parameters and diverse uses tier-dependent parameters, and three
demand patterns: constant (𝐷𝑡=4), increasing (𝐷𝑡=2 + ⌈𝑡/3⌉), and
decreasing (𝐷𝑡=2 + ⌈(12 − (𝑡 − 1))/3⌉).

We evaluate four distinct agent configurations. Two configura-
tions do not use the memory module: InvAgent (w/ step desc) uses
PSD, whereas InvAgent (w/ step desc and SS strategy) uses PDM
with both PSD and PSS. The remaining two configurations involve
the memory module: AIM-RM (w/o RL log) starts without any
preloaded historical logs but stores logs during an episode, while
AIM-RM (w/ RL log) is initialized with historical logs derived from
the IPPO evaluation data. Both AIM-RM (w/o RL log) and AIM-RM
(w/ RL log) use PDM with PSD and a memory usage prompt PMU
that indicates how to use the retrieved similar cases.

We provide three categories of benchmarks: LLM benchmarks,
heuristic benchmarks and RL benchmarks. The LLM benchmarks
are InvAgent (w/o strategy) and InvAgent (w/ strategy), which
are proposed in [12]. Heuristic benchmarks are Base-Stock and
Tracking-Demand. The RL benchmarks are IPPO [2] andMAPPO [16].

Results. Table 1 shows the results obtained with OpenAI o4-
mini under medium reasoning effort [10]. The safety-stock strategy
performs well under the constant demand scenario but degrades
markedly under time-varying demand scenarios, reflecting its lim-
ited ability to track demand trends. In contrast, AIM-RM (w/ RL log)
ranks first among the compared models in all experimental scenar-
ios and achieves average rewards comparable to the RL benchmark
models IPPO andMAPPO. Furthermore, comparing AIM-RM (w/
RL log) with AIM-RM (w/o RL log) demonstrates that preloading
prior memories consistently improves performance. This indicates
that AIM-RM (w/ RL log) can effectively leverage retrieved expe-
riences, which supports indirect coordination among distributed
agents and coherent system-wide behavior by enabling agents to
reference consistent simulated results. Overall, these results show
that AIM-RM (w/ RL log) offers robust and practically useful adap-
tation across diverse supply chain conditions.
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