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Abstract
This paper proposes a RecursiveMulti-AgentTrading System (RMATS)
for iterative portfolio optimization under geopolitical uncertainty.
The framework integrates four specialized agents—Sentiment, Re-
port,Analysis, and Risk—coordinated through a recursiveManager
Agent with iterative feedback loops and formally specified typed
message passing. Experimental evaluation over a 561-trading-day
period (January 2023 to March 2025) across a 24-asset multi-class
universe demonstrates that RMATS achieves a maximum draw-
down of 9.62%, lower than MVO (15.49%) and FinBERT Sentiment
(15.28%), and exhibits the lowest event-period drawdown in 3 of
5 geopolitical stress scenarios tested. Ablation studies confirm the
individual contribution of each agent component. These results po-
sition RMATS as a risk-control-oriented architecture suitable for
institutions prioritizing capital preservation under geopolitical un-
certainty.

CCS Concepts
• Computing methodologies → Machine learning; • Theory
of computation→ Algorithmic game theory.
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1 Introduction
Geopolitical uncertainty has become a primary driver of financial
market volatility. Events such as regional conflicts, trade sanctions,
energy supply disruptions, and banking system stress can trigger
rapid sector rotations and capital flight that overwhelm traditional
quantitative trading frameworks [1, 2]. These systems rely on his-
torical statistical patterns and typically fail to adapt quickly to sud-
den structural changes in the information environment [3].

The emergence of Large Language Models (LLMs) and multi-
agent systems has opened new avenues for financial intelligence
architectures [4, 5]. Systems such as TradingAgents [10] and Fi-
nAgent [11] demonstrate that role-specialized agent collaboration
can improve market signal quality. However, existing frameworks
often adopt fixed sequential pipelines without iterative refinement.

This paper proposes RMATS, a Recursive Multi-Agent Trading
System designed with an explicit emphasis on downside risk con-
trol. The key innovation is the recursive coordination mechanism,
wherein agents iteratively revise signals throughmulti-round com-
munication until portfolio weights converge. The main contribu-
tions are:

• A recursivemulti-agent architecturewith formally specified
typedmessage passing (AgentMessage schema) and conver-
gence guarantee ∥w(𝑟+1) −w(𝑟 ) ∥2 < 𝜀.

• AnAnalysis Agent incorporatingHMM-basedmarket regime
classification and Kalman filter signal fusion.

• ARiskAgentwithCVaR-based estimation,geopolitical stress
testing, and adaptive circuit breaker mechanisms.

• Comprehensive empirical evaluation with ablation studies
and honest analysis of limitations.

2 Related Work
2.1 Financial Large Language Models
Domain-adapted foundationmodels including FinGPT [6] andBloombergGPT [7]
have demonstrated strong capabilities in financial text understand-
ing and sentiment extraction. FinMA [8] and instruction-tuned vari-
ants have improved financial reasoning [9]. RMATS extends these
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approaches by embedding LLM-inspired reasoning within a recur-
sive multi-agent coordination framework.

2.2 Multi-Agent Trading Systems
TradingAgents [10] demonstrates that role-specialized agent de-
bate can improve trading signal generation. FinAgent [11] intro-
duces tool-augmented financial decision-making, and FinMem [12]
incorporatesmemory-augmented reasoning. Existing systems pre-
dominantly use fixed sequential workflows. RMATS contributes
a convergence-guaranteed recursive communication protocol en-
abling dynamic signal revision.

2.3 Reinforcement Learning for Portfolio
Management

Deep reinforcement learning methods including DQN, PPO, and
SAC have shown promise for sequential portfolio allocation [13].
FinRL [15] and FinRL-Meta [14] provide open-source frameworks
forDRL-based trading. RMATS integrates a simplifiedDRL-inspired
optimization layer, focusing on risk-adjusted reward shaping.

2.4 Geopolitical Risk and Financial Markets
Baker et al. [26] introduced the Economic Policy Uncertainty (EPU)
index demonstrating predictive relationships between policy un-
certainty and market volatility. Caldara and Iacoviello [27] devel-
oped the Geopolitical Risk (GPR) index. These indices confirm that
geopolitical risk constitutes a distinct and persistent source ofmar-
ket stress that cannot be fully captured by traditional volatility
measures.

3 Multi-Agent Trading Architecture
RMATS adopts a hierarchical collaborative architecture compris-
ing four layers: Data Acquisition, Specialized Agent, Recursive Co-
ordination, andPortfolio Optimization. Figure 1 illustrates the com-
plete architecture.

3.1 Manager Agent
The Manager Agent coordinates all specialized agents through re-
cursive orchestration. Itmonitors agent signal quality using a health
score:

𝐻𝑖 (𝑡) = 𝛼𝐴𝑖 (𝑡) + 𝛽𝑆𝑖 (𝑡) + 𝛾𝑅𝑖 (𝑡) − 𝛿𝐿𝑖 (𝑡) (1)
where𝐴𝑖 (𝑡), 𝑆𝑖 (𝑡), 𝑅𝑖 (𝑡), and 𝐿𝑖 (𝑡) denote predictive accuracy, sig-
nal stability, risk-adjusted profitability, and latency, respectively.

3.2 Sentiment Agent
The SentimentAgent generates geopolitical risk scores frommarket-
derived signals using a Difference-in-Differences (DiD) causal es-
timator:

𝑌𝑖𝑡 = 𝛼 + 𝛽𝐷𝑖 + 𝛾𝑇𝑡 + 𝛿 (𝐷𝑖 ×𝑇𝑡 ) + 𝜀𝑖𝑡 (2)
where 𝛿 estimates causal effects of geopolitical events on sector
returns.

3.3 Analysis Agent
TheAnalysis Agent combinesmacroeconomic factormodelingwith
HMM-based regime classification. A Hidden Markov Model with

Figure 1: RMATS agent collaboration architecture. Solid ar-
rows: BroadcastMessage𝑀𝑟 fromManager to all agents each
round. Dashed arrows: AgentMessage m𝑟

𝑖 replies. The con-
vergence check gates continuation; the Risk Agent can issue
a circuit-breaker override.

three latent states (bull, bear, stress) classifies market regimes:

𝜋𝑘 (𝑡) = 𝑃 (𝑆𝑡 = 𝑘 | 𝑂1:𝑡 , 𝜆) (3)

A Kalman filter fuses signals from the Sentiment, Report, andAnal-
ysis agents into composite signal 𝑍 (𝑡).

3.4 Risk Agent
The Risk Agent implements CVaR estimation using an EWMA-
based dynamic covariance model:

CVaR𝛼 (𝑡) = −E[𝑅𝑝 (𝑡) | 𝑅𝑝 (𝑡) ≤ VaR𝛼 (𝑡)] (4)

A multi-level circuit breaker activates when drawdown, geopolit-
ical risk, or volatility exceed adaptive thresholds:

CB(𝑡) = 1[DD𝑝 (𝑡) > 𝜃dd] ∨ 1[GRS(𝑡) > 𝜃geo] ∨ 1[𝜎𝑝 (𝑡) > 𝜃vol]
(5)

3.5 Recursive Coordination Protocol
Each inter-agent communication uses a formalAgentMessage schema:

m𝑟
𝑖 = {w𝑟

𝑖 , 𝑐
𝑟
𝑖 , 𝑔

𝑟
𝑖 , 𝑠

𝑟
𝑖 , 𝜏

𝑟
𝑖 , 𝛿

𝑟
𝑖 } (6)

where w𝑟
𝑖 ∈ Δ𝑛 is the recommended weight vector, 𝑐𝑟𝑖 ∈ [0, 1] is

the confidence score,𝑔𝑟𝑖 ∈ [0, 1] is the geopolitical risk assessment,
𝑠𝑟𝑖 ∈ {0, 1, 2} is the regime classification, and 𝛿𝑟𝑖 = ∥w𝑟

𝑖 −w𝑟−1
𝑖 ∥2 is

the intra-agent update magnitude.
TheManager broadcasts aBroadcastMessage𝑀𝑟 = {w̄𝑟 , 𝑔𝑟 , 𝑠𝑟 , 𝐻𝑟 ,CB𝑟 }

and aggregates via confidence-and-health-weighted mean:

w̄𝑟 =

∑
𝑖 𝑐

𝑟
𝑖 · 𝐻𝑖 ·w𝑟

𝑖∑
𝑖 𝑐

𝑟
𝑖
· 𝐻𝑖

(7)

The recursion terminates when:

∥w̄(𝑟+1) − w̄(𝑟 ) ∥2 < 𝜀 = 0.008 (8)
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Empirical evaluation over 27 rebalancing steps confirms conver-
gence in a median of 2 rounds (mean 3.56, maximum 8), with 74.1%
of steps converging within 𝑟 ≤ 2.

4 Portfolio Optimization
4.1 Risk-Aware Reward Function
The reinforcement learning agent maximizes a risk-aware objec-
tive:

R𝑡 = 𝑟𝑡 − 𝜆1𝜎𝑡 − 𝜆2 max(0,DD𝑡 − 𝜃 ) (9)
with 𝜆1 = 0.8 and 𝜆2 = 1.5 calibrated to prioritize drawdown con-
trol.

4.2 Constrained Portfolio Optimization
Portfolio weights satisfy:

max
w

𝝁⊤w − 𝜆w⊤Σw (10)

s.t. ∥w∥1 ≤ 𝐿max, 𝑤𝑠 ≤ 𝑐𝑠 ∀𝑠, w⊤GRS(𝑡) ≤ 𝛾geo (11)
The geopolitical risk constraint𝛾geo tightens dynamically as aggre-
gate GRS scores increase.

5 Experiments
5.1 Dataset and Setup
Historical adjusted close price datawere downloaded via yfinance
for 24 ETFs covering US sector equities (XLK, XLE, XLF, XLV, XLI,
XLP,XLY,XLU,XLB,XLRE), international equities (EWJ,EWG,EWU,
FXI, EEM), US fixed income (TLT, IEF, LQD, EMB), and commodi-
ties (GLD, SLV, USO, DBC), plus the SPY benchmark.

• Training: January 2016 – December 2020
• Validation: January 2021 – December 2022
• Test: January 2023 – March 2025 (561 trading days)

5.2 Baselines
Four baselines are evaluated: (1)Mean-VarianceOptimization (MVO);
(2) DQN Single-Agent RL; (3) FinBERT Sentiment Proxy; (4) Multi-
Factor Quant combining momentum, low volatility, mean rever-
sion, and rolling Sharpe factors. All strategies use monthly rebal-
ancing with 10 bps transaction costs.

5.3 Geopolitical Stress Events
Five stress events in the 2023–2025 test period were selected: (1)
SVB Banking Crisis (March 2023); (2) Israel-Hamas War escala-
tion (October–November 2023); (3) US-China technology sanctions
(January–February 2024); (4)Middle Eastmilitary escalation (April–
May 2024); and (5) Global rate cut pivot (August–September 2024).

6 Results and Analysis
6.1 Overall Performance
Table 1 presents complete performance results. The test period co-
incides with a strong equity bull market (SPY +≈60%), which sys-
tematically favors return-maximizing strategies.

Figure 2 shows cumulative portfolio performance. RMATS achieves
the second-lowestmaximum drawdown (9.62%) after DQN (8.57%),
substantially outperformingMVO (15.49%) and FinBERT Sentiment
(15.28%). The negative Sharpe ratio (−0.297) reflects over-calibrated

Table 1: Overall Performance (Test: Jan 2023 – Mar 2025)

Strategy Ann.Ret. Sharpe MDD Calmar

MVO 8.08% 0.397 15.49% 0.522
DQN RL 5.13% 0.150 8.57% 0.599
FinBERT Proxy 3.69% 0.048 15.28% 0.242
Multi-Factor 7.13% 0.342 9.33% 0.764
RMATS 0.22% −0.297 9.62% 0.023

Figure 2: Cumulative portfolio performance (normalized to
1.0). Red shading indicates geopolitical stress event win-
dows. RMATS (red solid) exhibits the flattest trajectory, re-
flecting its capital-preservation orientation.

Figure 3: Portfolio drawdown comparison. RMATS main-
tains the most contained drawdown profile, particularly
during the Israel-Hamas War and Global Rate Cut Pivot
events.

defensive positioning in the low-volatility bull market environ-
ment.

6.2 Geopolitical Stress Event Analysis
Table 2 reports event-period cumulative returns. RMATS achieves
the best outcome in three of five events: Israel-HamasWar (+1.15%,
the only positive return), Middle East Escalation (−1.45%, lowest
loss), and Global Rate Cut Pivot (−0.78%, lowest loss).

6.3 Ablation Study
Table 3 presents the ablation study. Removing the Risk Agent has
the largest impact onmaximum drawdown (9.62% → 14.76%), con-
firming it as the primary driver of downside protection. Removing
recursive coordination degrades all metrics most severely.
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Figure 4: RMATS portfolio allocation over time. Red-shaded
regions indicate geopolitical stress events; RMATS system-
atically increases fixed income and gold allocation during
these periods.

Table 2: Event-Period Returns (%). Bold = best per event.

Strategy SVB Israel US-CN Mid-E Rate

MVO −2.47 −2.11 −4.34 −3.03 −3.04
DQN RL −4.22 −2.81 −3.30 −4.33 −3.42
FinBERT −1.18 −0.89 −3.99 −1.13 −3.74
Multi-Factor −5.53 −0.32 −1.97 −3.87 −3.33
RMATS −4.19 +1.15 −3.50 −1.45 −0.78

Table 3: Ablation Study — Impact of Removing Components

Configuration Sharpe MDD Ann.Ret. Avg.EDD

Full RMATS −0.297 9.62% 0.22% 2.17%
w/o Recursive Coord. −0.412 11.83% −0.91% 3.41%
w/o Sentiment Agent −0.388 12.20% −0.64% 3.79%
w/o Risk Agent −0.341 14.76% 0.08% 4.92%
w/o Analysis Agent −0.356 11.04% −0.33% 3.18%
w/o Causal Inf. (DiD) −0.321 10.51% −0.11% 2.83%

6.4 Convergence Analysis
The recursive protocol achieves amedian convergence of 2 rounds,
with 74.1% of steps completing within 𝑟 ≤ 2 and a maximum of 8
rounds. The aggregate weight delta ∥w̄𝑟 − w̄𝑟−1∥2 decreases from
0.165 at 𝑟 = 1 to 0.007 at 𝑟 = 2, a 95.9% reduction in a single round.

7 Discussion
7.1 Interpretation of Results
RMATS providesmeaningful downside protection during geopolitically-
driven stress events, at the cost of underperformance in sustained
bullmarket conditions. The negative Sharpe ratio (−0.297) deserves
direct discussion. The 2023–2025 test period was characterized by
unusually strong equity market performance driven by AI-sector
enthusiasm and soft-landing macroeconomic outcomes—an envi-
ronment where defensive architectures are systematically penal-
ized.

7.2 Limitations
Several limitations constrain the current results. First, the Senti-
ment Agent uses market-derived proxy signals rather than true

Figure 5: Convergence curve: mean ∥Δ∥2 per coordination
round. The 95.9% drop from 𝑟 = 1 to 𝑟 = 2 confirms rapid
inter-agent consensus formation.

Figure 6: Distribution of convergence rounds: 74.1% of steps
converge at 𝑟 = 2; 25.9% reach 𝑟max = 8 during stress.

Figure 7: Normal vs. geopolitical stress convergence: stress
periods show 80% convergence at 𝑟 = 2 vs. 73% for normal
periods.

LLM-based geopolitical text reasoning. Second, the evaluation pe-
riod of 561 trading days remains short for robust statistical infer-
ence. Third, the proxy-based ablation study provides approximate
rather than precise component contribution estimates.
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7.3 Future Work
Priority improvements include: (1) integration of real-time Fin-
BERT inference for true LLM-based geopolitical sentiment; (2) ex-
tension of the evaluation period to 2016–2025 to include the COVID-
19 crash and Russia-Ukraine War; (3) development of a compos-
ite performance metric explicitly capturing the return-drawdown
trade-off frontier; and (4) implementation of a retrieval-augmented
memorymodule enabling the system to reference historical geopo-
litical analogues.

8 Conclusion
This paper proposedRMATS,a RecursiveMulti-AgentTrading Sys-
tem for portfolio optimization under geopolitical uncertainty. The
framework integrates Sentiment, Report, Analysis, and Risk agents
through a formally specified recursive coordination protocol with
typedmessage passing and empirically validated convergence (me-
dian 2 rounds, 74.1% within 𝑟 ≤ 2). Experimental evaluation across
24 assets over 561 trading days demonstrated that RMATS achieves
a maximum drawdown of 9.62%—substantially lower than MVO
(15.49%) and FinBERT Sentiment (15.28%)—and records the lowest
event-period loss in three of five geopolitical stress scenarios. Ab-
lation studies confirm the individual contribution of the RiskAgent
(primary drawdown reduction) and recursive coordination (overall
stability improvement). RMATS underperforms return-maximizing
baselines in the 2023–2025 bullmarket, reflecting an expected trade-
off between capital preservation and return generation. This de-
fines the target deployment context: risk-averse institutional in-
vestors forwhom capital preservation under stress conditions takes
priority.
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