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Abstract

Economic decision-making depends not only on structured
signals—such as prices and taxes—but also on unstruc-
tured language, including peer dialogue and media narra-
tives. While multi-agent reinforcement learning (MARL)
has shown promise in optimizing economic decisions, it
struggles with the semantic ambiguity and contextual rich-
ness of language. We propose LAMP (Language-Augmented
Multi-Agent Policy), the framework to integrate language
into economic decision-making, narrowing the gap to
real-world settings. LAMP follows a Think–Speak–Decide
pipeline: (1) Think interprets numerical observations to
extract short-term shocks and long-term trends, caching
high-value reasoning trajectories. (2) Speak crafts and ex-
changes strategic messages based on the reasoning, updat-
ing beliefs by parsing peer communications. (3) Decide fuses
numerical data, reasoning, and reflections into a MARL pol-
icy to optimize language-augmented decision-making. Ex-
periments in economic simulation show that LAMP outper-
forms both MARL and LLM-only baselines in cumulative
return (+63.5%, +34.0%), robustness (+18.8%, +59.4%),
and interpretability. These results demonstrate the potential
of language-augmented policies to deliver more effective and
robust economic strategies.

Code — https://github.com/hey0223/LAMP

1 Introduction
Real-world economic settings are rich in multi-agent in-
teractions and decision-making challenges, spanning labor
markets, firm pricing, and government policy design. Solv-
ing these economic decision-making problems can yield ex-
planatory insights into economic phenomena and prescrip-
tive guidance for policy and strategy design (Tversky and
Kahneman 1974; Varian and Varian 1992). However, their
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Figure 1. Comparison of prior studies and our target: Un-
structured language signals, alongside structured numerical
data, are critical to economic decision-making.

characteristics—dynamic interactions, long-term incentives,
and uncertainty-make them substantially more challenging
than conventional fixed-rule benchmarks with fully specified
dynamics (Charpentier, Elie, and Remlinger 2023; Mi et al.
2024). Recent advances in artificial intelligence (AI), par-
ticularly reinforcement learning (RL), have been applied to
model and optimize economic decision-making processes,
with applications spanning household savings (Shi 2022a,b;
Atashbar and Shi 2023), market pricing (Danassis et al.
2023), and tax policy (Zheng et al. 2022; Mi et al. 2024,
2025c). These studies provide evidence that RL can effec-
tively address dynamic, multi-agent economic problems.

However, economic decision-making relies not only on
numerical signals but also on language-based information,
such as peer dialogue and media narratives (Luketina et al.
2019). The above-mentioned RL-based studies largely ig-
nore the impact of language. Standard MARL algorithms
typically assume clean, structured communication proto-
cols (Zhu, Dastani, and Wang 2024), whereas real-world
economic decisions involve noisy, semantically rich, and
sometimes deceptive natural language. Large language mod-
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els (LLMs) offer powerful tools to process such language.
Recent work in policy evaluation (Li et al. 2024; Hao
and Xie 2025), trading (Xiao et al. 2024), and simula-
tion (Mi et al. 2025b) demonstrates LLMs’ potential for
language-aware economic modeling. However, most employ
LLMs to generate actions or simulate behaviors, without
systematically optimizing agents’ policies. This remains in-
sufficient for solving complex economic problems or pro-
ducing robust, actionable policy insights. We therefore fo-
cus on the key question: In complex multi-agent economic
environments, how can agents interpret and leverage
natural-language information to support optimal deci-
sions?

To address this, we propose LAMP
(Language-Augmented Multi-Agent Policy Learning),
which integrates LLM-driven reasoning and reflection
over both numerical observations and textual signals to
support optimal decision-making. LAMP follows a unified
Think–Speak–Decide pipeline: (1) Think: Agents receive
environment observations and generate both short-term
shock analysis and long-term trend reasoning. High-reward
reasoning trajectories are stored in an experience pool for re-
trieval. The long-term reasoning is also passed to the Speak
module to inform message generation. (2) Speak: Guided
by the Think module, each agent formulates multiple candi-
date public messages. A lightweight attention-based scorer
selects one for broadcast. Other agents parse the message
via the LLM, updating their beliefs, trust, and reflective
states. These updated reflections are then passed to the
Decide module. (3) Decide: The policy network integrates
numerical observations, Think’s reasoning outputs, and
Speak’s reflections into the RL policy. Under centralized
training with a shared critic, agents learn strategies capable
of processing reasoning and reflection signals to produce
robust, language-aware economic decisions. We evaluate
LAMP in TaxAI and show that it outperforms MARL and
LLM-only baselines in both returns and shock robustness.
Its reasoning traces explain language-guided choices, aiding
insight and policy. Our contributions are threefold:
1. Framework: We propose LAMP, a language-augmented

MARL framework that models the role of natural lan-
guage in economic decision-making, bringing it closer to
real-world contexts.

2. Mechanism: We introduce the Think–Speak–Decide
pipeline, explicitly structuring how agents reason over
trends, exchange and interpret strategic messages, and in-
tegrate these insights into policy optimization.

3. Empirical Results: LAMP surpasses MARL and
LLM-only baselines in language-guided decision perfor-
mance, while providing interpretable reasoning trajecto-
ries for transparent policy analysis.

2 Related Work
RL for Economic Decision-Making. Artificial intelligence
provides a powerful computational tool for solving com-
plex economic decision-making problems. Early work in-
cludes Bayesian structural time series for policy causal in-
ference (Brodersen et al. 2015) and heuristic search for

Algorithm 1: Language-Augmented Multi-agent Policy
1: for episode e = 1, 2, . . . do
2: Reset environment; clear short experience
3: for t = 0 to T do
4: Determine news type: type← long, short, none
5: Generate news:Rt ← Think(·)type
6: for all agents i do
7: Clear the current step’s experienceHi

k,t

8: if t is long-term checkpoint then
9: RetrieveHi

k,t fromHlong andHshort
t,i

10: Generate economic status and reasoning:
11: Lreason(Rt, O

h,i
t ,Hi

k,t)
12: if t is long-term checkpoint then
13: Generate statement: vit ← Speak(Oh,i

t ,Rt)
14: Self-reflection and update belief and trust:
15:

(
wi→j

t , τ i→j
t , αi

t

)
← Lreflect(·)

16: Generate action: ait ← µθi(o
i
t, Etext(v

i
t,Rt))

17: Execute at; observe (rt, xt+1); store in D
18: Update Qϕ, {θi} from D
19: Harvest top trajectories→ short experienceHshort

t,i

20: Harvest top trajectories→ long experienceHlong

tax design (Małecka-Ziembińska and Ziembiński 2020), but
these approaches struggle with real-world complexity. Re-
inforcement learning (RL) now supports a broad macroe-
conomic research agenda, including tax policy design such
as TaxAI (Mi et al. 2024), monetary rule learning (Chen
et al. 2023), trade bargaining (Sch 2021), learning-based
heterogeneous-agent macroeconomic modeling (Kuriksha
2021), and large-population policy learning (Zhao et al.
2025; Mi et al. 2025c). At the microeconomic level, RL
has modeled household consumption–saving behavior (Shi
2022a,b), responses to income shocks (Atashbar and Shi
2023), and emergent barter and exchange (Johanson et al.
2022; Ozhamaratli and Barucca 2022). While these stud-
ies show RL’s effectiveness in economic decision-making,
they largely ignore language signals—policy debates, media
reports, public opinion—thereby oversimplifying real-world
settings.

LLMs for Economic Research. LLMs excel at process-
ing language signals, and recent studies have explored their
applications in economics. Homo Silicus models human fair-
ness and risk aversion (Horton 2023). Generative Agents
simulate sandbox societies (Park et al. 2023). EconAgent
uses LLM agents to evaluate fiscal and monetary policies (Li
et al. 2024). Other studies extend LLM agents to popula-
tion behavior simulation (Mi et al. 2025a), long-term fi-
nancial planning (Douglas and Verstyuk 2024), and market
trading (Xiao et al. 2024; Yu et al. 2024). General platform
EconGym (Mi et al. 2025b) benchmarks LLM agents in di-
verse economic scenarios. While these studies demonstrate
the versatility of LLMs in economics, most remain focused
on direct action generation or simulation, leaving open ques-
tions about their role in optimizing economic policies.

Integration of MARL and LLMs. We focus on combin-
ing MARL’s strength in policy optimization for multi-agent
settings with LLMs’ capacity to process language signals.
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Recent work explores this direction: FAMA aligns LLM
knowledge for multi-agent coordination (Slumbers et al.
2024); LAMARL uses LLM-generated priors for policy
and reward design (Zhu et al. 2025); MAPoRL co-trains
LLMs to enhance cooperation (Park et al. 2025); and
CORY fine-tunes duplicated LLM agents in cooperative set-
tings (Ma et al. 2024). Economic decision-making is typ-
ically dynamic, non-cooperative, and long-horizon. Agents
must interpret diverse numerical signals alongside semanti-
cally rich and potentially noisy language inputs, rendering
prior MARL–LLM methods inadequate for such settings.

3 Language-Augmented Multi-Agent Policy
This section first presents a mathematical formulation of the
language-augmented multi-agent decision-making problem
in economic environments (Section 3.1) and then details our
proposed LAMP framework (Section 3.2).

3.1 Problem Formulation
We formulate the economic decision-making problem with
language involvement. Building on the economic modeling
in TaxAI (Mi et al. 2024), we incorporate language by aug-
menting each household’s observation as

mi
t = E

(
L(ait, eit, O

g
t ))

Here, L denotes a large language model producing a tex-
tual message from inputs, and E denotes an embedding
model that maps this text into Rn. For inputs, all agents
share a global observation Og

t . The government observes
Og

t = {Wt, ā
r,p
t , īr,pt , ēr,pt } , where Wt denotes the wage,

and the remaining terms are group-level averages of assets,
income, and efficiency. Each household i observes the same
Og

t and, in addition, its private asset ait and efficiency eit.
We then model the economic decision-making prob-

lem as a partially observable Markov game M =〈
N, S, O, A, P, R, δ

〉
, where N = {g, 1, . . . , Nh}, δ ∈

[0, 1), and P is the transition kernel induced by A = Ag ×
Ah,1 × · · · × Ah,Nh . At each step, the government’s action
is Ag

t = {τt, ξt, τa,t, ξa,t, rGt }, where τt and ξt parame-
terize the marginal income-tax schedule, τa,t and ξa,t anal-
ogously parameterize the marginal asset-tax schedule, and
rGt denotes the expenditure-to-output ratio. Each household
i selects a savings rate and labor supply hit ∈ [0, hmax]:
Ah,i

t = {pit, hit}.
The government policy πg and household policies πi map

their observations to actions. The household’s objective is
to maximize lifetime utility from consumption and leisure,
with consumption increasing utility and labor hours reduc-
ing it:

max E0

TN∑
t=0

βt

(
c1−η
t

1− η
− h1+γ

t

1 + γ

)
s.t. (1 + τs)ct + at+1 = it − T (it) + at − T a(at)

where ct and ht are consumption and labor, β is the discount
factor, η is the relative risk aversion coefficient, and γ is the
inverse Frisch elasticity.

The government’s objective is GDP growth; the govern-
ment remains as in TaxAI, full details are provided in the
extended version.

Symbol Description

Economic Variables
Nh Number of households
Og

t Government observation (wage, group averages)
ait, e

i
t Asset, efficiency of household i

ct, ht Consumption, labor
β, η, γ Discount, risk aversion, Frisch elasticity
Yt, Gt, Bt, Tt GDP, spending, debt, tax

Framework Variables
Xt Global indicators (Gini, welfare, GDP)
L, E Language model, Embedding model
σ, Li Shock threshold, long-term step size
Rs

t , Rl
Li

Short-/long-term news
Hs, Hl Short-/long-term experience
ψi

t, Vt Reasoning, public statements
mi

t, xt Embedding, fused state

Table 1. Key symbols in the economic problem and LAMP.

3.2 LAMP Framework
To address the above problem, we propose the LAMP frame-
work (see Pseudocode 1), which comprises three modules:

Think Think translates global numerical signals into
shared news, providing both short- and long-term economic
interpretations to guide agents’ reasoning and dialogue.
At fixed checkpoints Li, it issues long-term news cap-
turing structural trends. Whenever a key indicator Xt =(
Gw, W, Y

)
—wealth Gini Gw, social welfare W , or per-

capita GDP Y—changes by more than a threshold σ, it
broadcasts a short-term shock. Then the news type is:

type(t) =


long, t ∈ {L1, . . . , Ln},

short, max
j

∣∣Xj,t −Xj,t−1

∣∣ > σ,

none, otherwise.

This design ensures agents receive timely, context-rich up-
dates—similar to how real-world economic actors rely on
news outlets—rather than raw numerical data.

A shared LLM-driven news service synthesizes appropri-
ate texts Rshort

t or Rlong
Li

and disseminates them to all agents.
Short-term news is generated as:

Rshort
t = LS

(
Og

t , O
g
t−1, R

long
Lk

)
, Lk < t < Lk+1

incorporating the current and previous global observations,
as well as the most recent long-term news. Long-term news
is generated over a two-step observation window:

Rlong
Li

= LL
(
Og

Li−1:Li

)
, i = 1, 2, . . . , n

Upon receiving short-term news, each agent infers its eco-
nomic status κ i

t ∈ {0, 1, 2} (good / neutral / poor) and pro-
duces a private reasoning ψ i

t . Long-term news additionally
triggers the Experience Pool and Speak module for deeper
reasoning. After each short-term reasoning phase, agent i
ranks candidate reasoning trajectories by reward and stores
its top k1 reasoning trajectories into a short-term buffer:

Hshort
t,i = Topk1

(Ti)
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Figure 2. Workflow of LAMP: (a) Dual-path Think module extracts long-term trends and short-term shocks into compact
reasoning embeddings; (b) Speak module applies self-attention to sample and broadcast a single message and performs a
reflection step to update beliefs; (c) Decide module’s policy network concatenates numeric observations with language and
reflection embeddings to select actions.

At each long-term checkpoint k, the system collects the top
k2 trajectories (by reward) across all agents and appends
them to the long-term FAISS index:

Hlong
k = Hlong

k−1 ∪ Topk2

(Nh⋃
i=1

Ti
)

Before the next long-term reasoning step, agent i retrieves
the k3 nearest neighbors from Hlong

k using FAISS, where
similarity is computed against a query embedding derived
from its current observation O h,i

t , and merges them with
its current Hshort

t,i . This combined set of past high-reward in-
sights is then used as contextual prompts for the LLM:

Hi
k,t = kNNk3

(Hlong
k ) ∪Hshort

t,i

allowing the agent to remember and reuse successful strate-
gies in similar future scenarios.

Speak Building on the news from Think and each agent’s
private reasoning, Speak produces a concise strategic state-
ment per agent, broadcasts it to peers, and returns language-
based peer assessments for the next reasoning step.

Inspired by (Xu et al. 2023), the LLM generates three
candidate statements for agent i; a self-attention selector S
scores them to form a distribution p i,·

t , from which one state-
ment is sampled and broadcast to all agents. Let Vt denote

the multiset of broadcast statements. After broadcasting and
receiving messages Vt, each agent i uses a Reflection Mod-
ule Lreflect to interpret the content. This produces an as-
sessment of each peer j, including an estimated wealth tier
(w i→j

t ∈ {low, mid, high}) and a numeric belief confidence
τ i→j
t ∈ [0, 10]. The evaluator also generates a brief self-

reflection α i
t summarizing agent i’s own situation:(

w i→j
t , τ i→j

t , α i
t

)
= Lreflect

(
O h,i

t , Vt, ψ
i
t

)
These peer assessments are fed back to S and the LLM

policy to guide the next round of reasoning and candidate
selection, closing a loop that links language reasoning, dia-
logue, and adaptive coordination.

Decide Consuming language embeddings from Think and
Speak together with numeric observations, Decide com-
presses language vectors and maps the enriched state to ac-
tions under centralized training with decentralized execution
(CTDE). All texts (private reasoning and reflection) are en-
coded by a text encoder Etext, pooled into a fixed-length vec-
tor h i

t , and passed through a small projection P : RD→Rd

for dimensionality reduction and feature alignment:

m̃i
t =

P (h i
t )

∥P (h i
t )∥2

∈ Rd.

Unless otherwise noted, gradients do not flow into Etext (the
encoder is frozen for stability). At time t, the global observa-
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with higher social welfare and consumption, lower welfare variance, and similar labor usage.

tion is concatenated with household language embeddings to
form xt =

(
Og

t , m
1:Nh
t

)
, which, together with the joint ac-

tion at, is stored in the replay buffer D. We adopt a standard
MADDPG framework (Lowe et al. 2017), where a central-
ized critic minimizes Bellman error, and decentralized actors
update their policies by maximizing the expected Q-value
via deterministic policy gradients. Full optimization details
and loss formulations are provided in the extended version.

4 Experiments
Our experiments address two key questions:
1. How effective is LAMP? (§ 4.2) We compare LAMP

with non-language and LLM-based baselines across 3
economic scenarios to evaluate its performance.

2. What drives LAMP’s gains? (§ 4.3) We remove core
modules of LAMP to assess their contribution to perfor-
mance and stability.

4.1 Experimental Setup
Environment All experiments are conducted in
TaxAI (Mi et al. 2024), a dynamic economic simula-
tor. It models complex economic interactions between
heterogeneous households and a government, and is cal-
ibrated with real-world data—making it a realistic and
challenging testbed for economic decision-making.

Evaluation Metrics We evaluate LAMP and baselines
with five metrics: (1) Average Household Reward — mean
reward per step across households; (2) Social Welfare: sum
of utilities across all households over the horizon; (3) Total
Consumption: aggregate consumption of households; (4)
Total Labor: aggregate labor supply in an economy; and
(5) Years: number of simulated years before collapse (max
300, higher indicates greater stability). Total Consumption
and Total Labor do not directly measure policy performance,
but help analyze policy preferences.

Baselines. We benchmark LAMP against two baseline
categories with identical training budgets and horizons. All
LLM-based baselines use the same backbone (Qwen2.5-
72B-Instruct-INT4) and prompts. We compare different
language models in the extended version.

(1) Conventional Baselines: Random: Agents select ac-
tions uniformly at random. Rule-Based: Economic method
based on the utility–production model (details in extended
version). MADDPG: Multi-Agent Deep Deterministic Pol-
icy Gradient (Lowe et al. 2017). We also compare different
MARL algorithms in the extended version.

(2) LLM-based Baselines: Only-LLM: Directly query
an LLM to generate actions. CoT / ReAct / Reflexion: LLM
reasoning methods using CoT (Wei et al. 2022), ReAct (Yao
et al. 2023), or Reflexion (Shinn et al. 2023).

4.2 How effective is LAMP?
We evaluate LAMP and baselines under three settings:
• Economic Stability (S1): Matches training conditions,

representing a stable macroeconomic scenario.
• Economic Slowdown (S2): Introduces a moderate shift,

simulating reduced growth and mild market stress.
• Crisis Shock (S3): Applies a large, coupled shift, mod-

eling severe economic shocks for robustness evaluation.
Detailed setup is provided in the extended version.

Quantifying Gains over LLM-based Baselines. LAMP
also outperforms language-integrated baselines, demonstrat-
ing the advantage of combining MARL with language-
guided policy optimization. In S1, using the same back-
bone and prompt budget, LAMP surpasses the strongest lan-
guage baseline (ReAct) with +14.8% higher welfare and
+14.5% higher reward, while reducing consumption and la-
bor. Under distribution shifts, the advantage remains: in S2
and S3, welfare gains are +1.0% and +10.4%, reward gains
are +18.1% and +16.0%, with corresponding reductions in
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Category Algorithms Avg. Reward ( ↑ ) Social Welfare ( ↑ ) Consumption ( - ) Labor ( - )

Ours LAMP 8.52 ± 0.13 2.56e+03 ± 3.77e+01 2.30e+05 ± 7.52e+04 3.13e+05 ± 8.46e+04

Conventional MADDPG 5.21 ± 0.16 1.17e+03 ± 5.51e+02 5.32e+05 ± 1.31e+05 7.82e+05 ± 3.20e+05
Rule-Based 7.60 ± 0.33 2.28e+03 ± 9.99e+01 3.19e+05 ± 5.46e+04 5.68e+05 ± 6.73e+04
Random 6.53 ± 0.35 1.96e+03 ± 1.06e+02 1.45e+05 ± 3.10e+04 4.84e+05 ± 6.41e+04

LLM-based LLM-Only 6.35 ± 0.32 1.90e+03 ± 9.56e+01 3.06e+05 ± 6.14e+04 1.03e+06 ± 2.18e+05
CoT 6.75 ± 0.34 2.03e+03 ± 1.03e+02 4.35e+05 ± 1.14e+05 1.03e+06 ± 2.19e+05
ReAct 7.44 ± 0.26 2.23e+03 ± 7.92e+01 6.21e+05 ± 1.66e+05 1.02e+06 ± 2.21e+05
Reflexion 6.59 ± 0.31 1.98e+03 ± 9.16e+01 3.50e+05 ± 9.51e+04 1.03e+06 ± 2.16e+05

Table 2. Comparison of LAMP with conventional and LLM-based baselines in the real-data–calibrated environment (S1: Eco-
nomic Stability). Results for S2 and S3 appear in the extended version. Values are mean ± SD. Notation: (↑) higher is better;
(–) non-monotonic. Consumption and Labor jointly shape household utility with non-monotonic effects.

consumption and labor. These results confirm that LAMP’s
language-guided coordination improves both stability and
efficiency, even in stressed economic conditions.

Isolating Language Effects. LAMP consistently outper-
forms non-language baselines, demonstrating the bene-
fit of language integration in economic decision-making.
In S1, LAMP achieves the highest Social Welfare and
Average Household Reward. Compared to the strongest
non-language baseline (Rule-Based), welfare improves by
+12.3% and reward by +12.1%; relative to numeric MARL
(MADDPG), gains reach +118.8% and +63.5%, respec-
tively. Efficiency gains are evident from lower Consumption
and Labor. Versus Rule-Based, LAMP uses –27.9% con-
sumption and –44.9% labor (vs. MADDPG: –56.8% and
–60.0%), suggesting that higher welfare stems from effi-
ciency rather than brute-force spending or overwork. Under
S2 and S3, LAMP consistently outperforms the baselines.

Analysis and Insights. We share interesting findings
from experiments, supported by LLM outputs:

(1) Economic decision-making involves many interdepen-
dent variables that change frequently, with causal links of-
ten unclear. Purely data-driven MARL starts from scratch,
fitting policies without explicit understanding of these vari-
ables, making optimal policy search slow and uncertain.

(2) LAMP addresses this by using LLM reasoning at
each step to extract concise, high-value insights, which are
then passed to the MARL component. These structured
signals—hard for pure data-driven methods to obtain—are
readily produced by LLMs. Representative examples illus-
trate the LLM’s clear interpretation of economic variables
and targeted reasoning that enhance decision-making. More
examples are shown in the extended version.

4.3 What drives LAMP’s gains?
Speak Module: Strategy Communication & Opponent
Modeling. The Speak module enables agents to exchange
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Ablation Setting Avg. Reward ( ↑ ) Social Welfare ( ↑ ) Consumption ( - ) Labor ( - ) Years ( ↑ )

LAMP (Ours) 8.52 2.56e+03 2.30e+05 3.13e+05 3.00e+02

w/o Speak 8.42 (−1%) 2.53e+03 (−1%) 3.24e+05 (+41%) 5.36e+05 (+71%) 3.00e+02 (+0%)
w/o Experience Pool 8.45 (−1%) 1.25e+03 (−51%) 5.12e+05 (+122%) 4.50e+05 (+44%) 1.50e+02 (−50%)
w/o Long-Term 5.31 (−38%) 1.15e+03 (−55%) 2.27e+05 (−2%) 4.10e+05 (+31%) 2.19e+02 (−27%)
w/o Short-Term 8.18 (−4%) 1.67e+03 (−35%) 3.51e+05 (+53%) 5.25e+05 (+68%) 2.08e+02 (−30%)
w/o Timing Scheduler 8.52 (−0%) 1.19e+03 (−53%) 3.48e+05 (+51%) 5.70e+05 (+82%) 1.41e+02 (−53%)

Table 3. Ablation under the baseline economy. Percentages denote change vs. LAMP (Ours). Notation: (↑) higher is better; (–)
non-monotonic. Consumption and Labor jointly shape household utility with non-monotonic effects.

strategic messages and infer others’ states, providing the
coordination essential for high performance. Removing it
causes a 1.2% welfare drop alongside sharp increases in la-
bor and consumption. This indicates that, without strategic
communication, agents compensate through brute-force ef-
fort. With Speak enabled, comparable or higher welfare is
achieved with far less input. Representative outputs show
the mechanism: after detecting widening inequality and low
wages, the LLM revises beliefs toward demand fragility
and restraint, then recommends disciplined actions such as
moderating labor expansion and investing in human capital,
thereby reducing overshooting and volatility.

Experience Pool: Enhancing Stability and Efficiency.
The experience pool substantially improves efficiency and
stability. Removing it cuts social welfare by 50.9% and av-
erage household reward by 0.8%, while labor rises 43.6%
and consumption surges 122.4%. The unexpected jump in
consumption suggests that, without stored successful tra-
jectories, agents overshoot spending and output, oscillating
in search of workable strategies. Stability also deteriorates,
with 50.2% fewer simulated years sustained before failure.
Beyond performance, the pool improves interpretability by
preserving reasoning traces as an auditable knowledge base
explaining why certain strategies are followed.

Reasoning Paths: Trend Tracking & Shock Response.
Long-term reasoning is essential for capturing structural
trends. Removing it drops average household reward by
37.7% and reduces stable years from 300 to 219. Without
long-term reasoning, agents become myopic, reacting only
to immediate stimuli and producing unstable policies.

Short-term reasoning supports rapid adjustment to
shocks. Disabling it has a moderate effect on final returns
(–3.99% reward) but significantly harms efficiency: labor
rises 67.7%, consumption 52.7%, and stable years fall from
300 to 208.

Trigger timing is critical. Random triggers keep welfare
similar but collapse efficiency: labor increases 81.9%, con-
sumption 51.2%, and stable years decrease from 300 to 141.
This shows aligning reasoning with actual needs reduces tur-
bulence and sustains consistent performance.

We observe an adaptive policy shift in LLM outputs:
upon detecting rising inequality—top 10% volatility widen-
ing and bottom 50% declining—the LLM revised its earlier
“work more” stance. It recommended slightly reducing work
hours, increasing savings, delaying non-essential spending,

and investing in skills for long-term stability, while publicly
supporting progressive taxation and minimum wages.

Representative LLM Reasoning and Experience

Short-term
Reasoning: “... The family’s personal productivity
(0.7741) and wealth (0.0957) place them in a vulnerable
position. Given the volatility and risk of instability, the
economic status is rated as ‘Bad’.”
Economic status: 0
Long-term
Statement: “We should advocate for policies that promote
fair wage growth and equitable wealth distribution to sta-
bilize the broader economic environment and ...”
Reasoning: “The family should avoid overwork and in-
stead focus on savings, education, and...”
Reflection: “...highlight the importance of balancing in-
creased labor time... Investing in education and advocat-
ing for fairness improves resilience and security.”
Economic status: 1
Belief: [0, 1, 0, 0, 0, 1, 1, 1, 0, 2]
Trust: [8, 9, 9, 8, 9, 8, 9, 9, 8, 10]

Experience
ID=Household1, Reward=0.95, Personal productivity(e):
1.846, Personal wealth: 0.196, savings ratio:-0.947, work-
ing time ratio:-0.963, Reasoning: “...”

5 Conclusion
This paper introduced the Language-Augmented
Multi-Agent Policy (LAMP) framework, offering a new
approach to complex economic decision-making. LAMP
leverages LLM reasoning and reflection over language
signals—such as peer dialogue and public news—alongside
numerical data to inform optimal policies. The framework
follows a Think–Speak–Decide pipeline: agents extract
short-term shocks and long-term trends, communicate
strategic insights, and execute language-informed policies.
Experiments demonstrate LAMP’s strong performance
and reveal interesting insights: LLM reasoning and
reflection dynamically distill key information from numer-
ous, volatile economic variables, enabling agents to make
efficient decisions.

This contrasts with fully data-driven methods that search
for optimal solutions from scratch—a process particularly
challenging in economics. We hope this work offers novel
methods and insights for AI in economic decision-making.
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