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Abstract001

Large language models (LLMs) offer promis-002
ing capabilities for financial decision-making,003
yet their deployment in sequential trading set-004
tings faces two key challenges: synthesizing005
heterogeneous information sources and adapt-006
ing agent behavior under delayed and noisy007
reward signals. We address these challenges008
by introducing ATLAS (Adaptive Trading with009
LLM AgentS), a unified agentic framework for010
systematic integration of market data, finan-011
cial news, and corporate fundamentals, and012
Adaptive-OPRO, a novel prompt optimization013
method that dynamically updates agent instruc-014
tions using real-time stochastic feedback. We015
evaluate our approach across regime-specific016
equity trading scenarios and multiple LLM fam-017
ilies. Results demonstrate that Adaptive-OPRO018
consistently outperforms existing methods, par-019
ticularly in highly volatile regimes. Moreover,020
our analysis reveals that increased information021
availability does not necessarily translate to022
improved performance, highlighting the impor-023
tance of careful modality integration in noisy024
market environments.1025

1 Introduction026

Financial markets represent one of humanity’s most027

complex decision-making environments, requiring028

synthesis of vast information from technical indi-029

cators and fundamental analysis to breaking news030

and market sentiment. LLMs introduce new possi-031

bilities for financial decision-making through their032

ability to process diverse data sources and reason033

over complex scenarios.034

From the model’s perspective, financial trading035

serves as an ideal testbed: it combines unambigu-036

ous metrics, sequential complexity, multimodal rea-037

soning requirements, and inherent stochasticity. Un-038

like synthetic benchmarks, markets provide exten-039

sive historical data without simulation bias and040

1Code will be released upon publication.

reward genuine understanding over pattern mem- 041

orization. LLMs can therefore be tasked to make 042

decisions under uncertainty, revealing capabilities 043

in complex reasoning (He et al., 2025), market un- 044

derstanding (Li et al., 2025), and high-risk decision- 045

making (Hung et al., 2023). 046

Despite this potential, stock market decision- 047

making introduces inherent challenges beyond 048

stochasticity. Decisions require synthesizing het- 049

erogeneous signals such as price dynamics, market 050

conditions, and firm-specific developments into co- 051

herent actions. Moreover, in high-stakes financial 052

environments where capital is continuously at risk, 053

static decision policies are insufficient; decision 054

patterns must be revised by incorporating market 055

feedback as it unfolds, enabling continuous behav- 056

ioral adaptation. 057

Consequently, turning LLM capabilities into re- 058

liable trading systems raises two key queries: (i) 059

how diverse signals are synthesized into coherent 060

guidance, and (ii) how models adapt their behav- 061

ior through continuous market interaction. While 062

recent work explores these issues partly, their sys- 063

tematic study in realistic trading settings is limited. 064

In this work, (i) we propose ATLAS, a multi- 065

agent framework that provides a foundational struc- 066

ture for experimentation in LLM-based stock mar- 067

ket decision-making; (ii) we introduce Adaptive- 068

OPRO, a prompt optimization mechanism for se- 069

quential settings that supports behavioral adap- 070

tation through ongoing market interaction and 071

achieves state-of-the-art performance across mul- 072

tiple market regimes and LLM families. Through 073

extensive regime-aware evaluations, we show that 074

additional input modalities are not uniformly bene- 075

ficial and depend critically on market conditions. 076

2 Related Work 077

LLM Agents in Financial Markets Recent 078

work explores several LLM-based trading agents, 079
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from sentiment-driven pipelines (Kirtac and Ger-080

mano, 2024) to coordinated, multi-component sys-081

tems (Zhou et al., 2025; Yang et al., 2025; Liu et al.,082

2023). Examples include CryptoTrade, which inte-083

grates on/off-chain signals with reflection (Li et al.,084

2024), and TradingAgents, which coordinates spe-085

cialized roles via structured debate and synthesis086

(Xiao et al., 2025). Memory-centric designs such087

as FinMem emphasize persistent, task-specific re-088

call (Yu et al., 2023), while FINCON introduces089

conceptual verbal reinforcement to shape multi-090

agent collaboration (Yu et al., 2024). Other works091

incorporate learning signals (Xiong et al., 2025) or092

mixture-of-experts routing (Ding et al., 2025), and093

focus on document-centric analysis such as filings094

and earnings calls (Fatouros et al., 2025). However,095

key limitations persist: prompts are usually hand-096

crafted even when feedback is delayed and noisy,097

and many setups collapse execution into directional098

scores. Our approach pairs a prompt-tuning compo-099

nent with order-level evaluation (type, size, timing,100

price) in a simulator built for such interfaces (Pa-101

padakis et al., 2025), using multi-run reporting to102

account for stochastic variability (Song et al., 2025;103

Atil et al., 2025).104

Prompt Engineering and Optimization Prompt105

optimization enhances LLM performance be-106

yond manual tuning. Optimization by PROmpt-107

ing (OPRO) treats the model as a meta-optimizer108

over instruction text and has shown gains on single-109

turn tasks with immediate feedback (Yang et al.,110

2024). Extensions explore evolutionary search and111

reinforcement-style updates (Guo et al., 2025; Do112

et al., 2024; Austin and Chartock, 2024). These113

settings typically assume fast, unambiguous scor-114

ing and independent instances. In contrast, trad-115

ing provides deferred, noisy reward signals and se-116

quentially coupled decisions. Our Adaptive-OPRO117

adapts prompt optimization to this regime by us-118

ing rolling evaluation windows and by separating119

static instructions from dynamic run-time content,120

allowing stability where consistency matters and121

controlled evolution where change is beneficial.122

3 ATLAS Framework123

ATLAS comprises three main components: (i) a124

Market Intelligence Pipeline, which consists of spe-125

cialized agents that prepare market, news, and fun-126

damental inputs for downstream decisions; (ii) a127

Decision & Execution Layer centered on a Central128

Trading Agent that generates and executes orders;129

and (iii) a feedback mechanism that collects post- 130

execution signals and feeds them back for contin- 131

uous adaptation. Within the feedback mechanism 132

we incorporate Adaptive-OPRO, an extension of 133

the OPRO framework that dynamically edits the 134

Central Trading Agent’s instruction prompt based 135

on real-time, stochastic market feedback. Figure 1 136

provides an overview of the ATLAS framework. 137

Market Intelligence Pipeline. ATLAS separates 138

information preparation from decision-making. 139

The Market Intelligence Pipeline consists of three 140

specialized agents, each with a distinct analyst 141

role. Market Analyst produces multi-timescale 142

summaries from price and volume in varying time 143

scales (2 years, 6 months, and 3 months of history 144

with monthly, weekly, and daily candlesticks, re- 145

spectively). Within each window it computes stan- 146

dard indicators (e.g., moving averages, momen- 147

tum, volatility bands, support/resistance) and re- 148

freshes daily, providing a consistent, noise-filtered 149

description rather than trading signals (details in 150

App. B). News Analyst aggregates relevant articles 151

into structured fields (Sentiment Assessment, Key 152

Developments, Market Relevance, Source Analy- 153

sis) with optional full-text retrieval to move beyond 154

headlines (details in App. C.1). Fundamental An- 155

alyst extracts material changes from periodic re- 156

ports and corporate events, activating infrequently 157

to mirror reporting cycles and provide medium- to 158

long-horizon context (details in App. C.2). 159

Decision & Execution Layer. This layer deter- 160

mines trading actions (e.g. buying or selling a 161

stock), executes these orders, and receives cor- 162

responding market feedback. The main decision- 163

making component within this layer is the Central 164

Trading Agent (CTA). This agent consumes the 165

structured inputs and current portfolio and emits 166

orders that specify type (market, limit, stop), size, 167

timing, and price levels. Orders are executed in 168

StockSim (Papadakis et al., 2025), which enforces 169

core trading semantics and returns fills, positions, 170

and cash for the next step. Order-level decisions 171

clarify intent and link analytical quality to execu- 172

tion choices. 173

Feedback Mechanism. This mechanism defines 174

how information derived from market outcomes is 175

incorporated into the agent’s future decisions. It 176

may be entirely absent, resulting in a static agent 177

that follows a fixed policy, or it may be enabled to 178

support adaptation based on observed performance. 179
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Figure 1: ATLAS Framework Overview. The Central Trading Agent submits orders to the Trading Execution Engine
via prompts shaped by three specialized analysts and the proposed Adaptive-OPRO optimization technique.

In general, the mechanism processes signals such180

as returns or behavioral outcomes from past deci-181

sions and uses them to influence subsequent ac-182

tions. Implementations can range from simple feed-183

back summaries to more structured optimization184

approaches, such as reflection-based methods (Li185

et al., 2024). In the following section, we describe186

Adaptive-OPRO, a prompt optimization technique187

that leverages market feedback to iteratively refine188

the agent’s decision-making process.189

4 Adaptive-OPRO190

Adaptive-OPRO is a sequential prompt-191

optimization procedure that improves an192

agent’s instruction prompt using delayed, noisy193

performance feedback. It generalizes OPRO to194

interactive settings where decisions are temporally195

coupled and rewards arrive after multiple steps.196

The core idea is to treat instruction text as the197

optimized object and to update it periodically via198

a learned update mechanism (implemented by199

an optimizer LLM), while keeping the agent’s200

run-time inputs and interfaces stable.201

Optimized object, state, and round inputs.202

Adaptive-OPRO maintains a current instruction203

prompt Pt for a target agent that acts over204

time, along with an optimization history H =205

{(Pi, si)}i<t storing past prompt variants and their206

scores. At the end of each evaluation window, it207

constructs an optimizer query with the following208

inputs: (i) a meta-prompt M that specifies the op-209

timizer’s role and constraints, (ii) H (or a com-210

pact summary thereof), and (iii) a summary of the211

agent’s recent interaction outcomes together with a212

scalar performance score st for Pt. An update rule 213

U , implemented using an optimizer LLM, produces 214

a revised prompt Pt+1 = U(M,H, st, summary). 215

The output of each round is an updated instruction 216

prompt that governs subsequent agent decisions. 217

Stability via template separation. In sequential 218

systems, prompt updates can inadvertently break 219

the run-time interface (e.g., input placeholders, 220

output schemas) or overfit to transient observa- 221

tions. Adaptive-OPRO therefore separates the tar- 222

get agent prompt into: (a) static instructions (policy, 223

priorities, constraints, formatting requirements), 224

and (b) dynamic run-time content injected at execu- 225

tion time (state, observations, tool outputs, recent 226

actions). Only the static instruction block is ed- 227

itable; all placeholders and the run-time injection 228

format are held fixed. This enforces edit locality: 229

updates can change how the agent reasons and de- 230

cides, but cannot change what information it re- 231

ceives nor the interface it must comply with. 232

Windowed evaluation under delayed feedback. 233

To address credit assignment and reduce variance, 234

Adaptive-OPRO evaluates prompts over rolling 235

windows of K decision steps. After each window, 236

the system computes a scalar performance score 237

s from outcomes observed during that window 238

(e.g. task success, reward, utility, risk-adjusted re- 239

turn). The choice of K and scoring function is task- 240

dependent; the only requirement is that s provides 241

consistent ordering to compare prompt variants. 242

Meta-prompted update rule. At each window, 243

Adaptive-OPRO forms the optimizer query from 244

M , H, and the recent outcome summary/score, and 245
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applies U to generate a candidate Pt+1. The opti-246

mizer is instructed to: (i) diagnose likely failure247

modes of the current prompt, (ii) propose a revised248

instruction prompt Pt+1, (iii) summarize the con-249

crete changes made, and (iv) state the expected250

behavioral impact. The candidate is accepted only251

if it preserves the template (e.g., required place-252

holders and output schema). The accepted prompt253

is appended to history with its subsequent window254

score, enabling iterative improvement.255

ATLAS instantiation. In ATLAS, Adaptive-256

OPRO is applied to the Central Trading Agent’s in-257

struction prompt (i.e., the static instruction block of258

the decision policy). Dynamic run-time content cor-259

responds to the daily injected analyst summaries,260

portfolio state, and recent executions, which are261

kept fixed by construction (Appendix I). For scor-262

ing, we aggregate portfolio performance over K=5263

trading days to reduce noise and capture delayed ef-264

fects of sequential decisions, then map cumulative265

ROI to a bounded OPRO-style score s ∈ [0, 100]266

via linear scaling and clipping:267

s = clip[0,100]
(
50 + 250 · ROI

)
, (1)268

so that −20% 7→ 0, 0% 7→ 50, +20% 7→ 100. This269

yields a stable, delay-aware signal while limiting270

the impact of outlier windows; the optimizer is re-271

stricted to instruction edits that preserve ATLAS’s272

execution interface.273

5 Experiments274

Our study examines ATLAS along three axes: (1)275

Adaptation – whether sequential prompt optimiza-276

tion via Adaptive-OPRO improves over well-tuned277

static prompts and over analytical reflection when278

feedback is delayed and noisy; (2) Component at-279

tribution – contribution of structured inputs (Mar-280

ket Analyst, News Analyst, Fundamental Analyst)281

under different regimes; (3) Model capabilities –282

performance of backbone LLMs as both decision283

policies and prompt optimizers under Adaptive-284

OPRO, assessed by return and risk-adjusted perfor-285

mance, robustness across runs, and their ability to286

propose instruction updates for sustained improve-287

ments over windows.288

5.1 Experimental Setup289

Assets and timeperiod. Specifically, we evaluate290

stock market decision-making across three distinct291

market regimes: a bearish-volatile regime char-292

acterized by declining prices and elevated uncer-293

tainty, a sideways regime marked by range-bound 294

price dynamics and limited directional trends, and 295

a bullish regime defined by sustained upward mo- 296

mentum and comparatively favorable risk-return 297

conditions. Each window spans two months (Apr 298

28-Jun 28, 2025) with a daily decision interval: the 299

agent may act once per trading day. This horizon is 300

chosen to (i) capture multiple decision cycles with- 301

out regime mixing, so adaptation reflects outcomes 302

rather than macro shifts, and (ii) preserve complete 303

conversation history (analyst summaries, orders, 304

prompt-evolution logs) within the context limits of 305

all backbones, enabling fair, auditable runs across 306

models and ablations. More details in App. D.1 307

The experimental setup, including the evaluation 308

method, metrics, regime partitioning, and evalu- 309

ation horizon, follows Li et al. (2024), ensuring 310

methodological consistency and fair comparison 311

across settings. We explicitly account for LLM 312

stochasticity by running each configuration three 313

times and reporting mean ± standard deviation, 314

distinguishing systematic performance differences 315

from randomness rather than single-run variability. 316

Models. We evaluate seven backbones spanning 317

families, sizes, and reasoning modes: GPT-o3, GPT- 318

o4-mini, Claude Sonnet 4 with and without think- 319

ing, LLaMA 3.3-70B, Qwen3-235B, and Qwen3- 320

32B. Each run uses a single backbone for all AT- 321

LAS components and Adaptive-OPRO, isolating 322

how model capacity and architecture affect sequen- 323

tial behavior, instruction adherence, stability, and 324

cross-family transfer without per-model tuning. 325

Prompting strategies. We compare three strate- 326

gies for the Central Trading Agent: Baseline – 327

a fixed instruction prompt obtained via iterative 328

expert prompt engineering; Reflection (Li et al., 329

2024) – a weekly reflection mechanism that sum- 330

marizes recent trajectories into high-level feedback 331

that the agent must interpret; Adaptive-OPRO – 332

our sequential prompt optimization with windowed 333

scoring and template separation (Section 4). Our 334

goal is to isolate the adaptation mechanism under 335

identical data and execution semantics. We there- 336

fore evaluate all methods within a single, transpar- 337

ent setup rather than re-implementing full external 338

agent stacks, which differ in action spaces, state 339

representations, and execution interfaces. We in- 340

clude reflection as a widely used and portable form 341

of sequential feedback, providing a focused com- 342

parison to Adaptive-OPRO and the fixed baseline. 343

Non-LLM baselines. Following Li et al. (2024), 344

we include five widely used quantitative strate- 345
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Model Prompting ROI (%) ↑ SR ↑ DD (%) ↓ Win Rate (%) ↑ Num Trades
Non-LLM-Based Strategies

Buy & Hold N/A -8.59 -0.071 20.45 0.00 1
MACD N/A 6.50 0.131 6.86 0.00 1
SMA N/A 6.91 0.177 3.56 50.00 4
SLMA N/A -1.87 -0.078 6.89 0.00 1
Bollinger Bands N/A 0.00 0.000 0.00 0.00 0

LLM-Based Strategies - ATLAS

LLaMA 3.3-70B
Baseline -9.19± 1.54 -0.091± 0.021 16.90± 0.82 30.28± 11.87 22.67± 8.39
Reflection -8.44± 1.58 -0.087± 0.025 16.36± 0.31 44.69± 13.25 27.67± 1.15
Adaptive-OPRO -6.16± 2.08 -0.066± 0.004 14.05± 3.33 54.36± 12.44 28.33± 3.21

Qwen3-235B
Baseline -1.78± 3.86 -0.006± 0.039 13.09± 1.88 36.51± 17.55 13.00± 4.00
Reflection -5.76± 2.97 -0.049± 0.033 14.18± 1.91 25.00± 0.00 8.67± 0.58
Adaptive-OPRO 1.33± 1.91 0.025± 0.019 11.41± 0.06 50.00± 0.00 9.00± 0.00

Qwen3-32B
Baseline -10.62± 3.54 -0.087± 0.031 16.72± 2.75 30.00± 10.00 25.33± 1.53
Reflection -7.76± 0.90 -0.065± 0.002 16.47± 3.44 28.72± 25.06 31.67± 2.31
Adaptive-OPRO -3.48± 2.19 -0.022± 0.021 15.52± 0.68 43.45± 6.27 28.67± 1.53

Claude Sonnet 4
Baseline -7.26± 2.99 -0.066± 0.030 17.59± 1.55 31.19± 7.84 13.00± 4.36
Reflection -5.69± 1.82 -0.058± 0.013 15.12± 3.26 46.67± 5.77 12.67± 2.08
Adaptive-OPRO 0.35± 1.78 0.008± 0.018 14.76± 2.87 43.45± 6.27 15.00± 2.00

Claude Sonnet 4
w/ Thinking

Baseline -4.46± 4.76 -0.043± 0.048 14.32± 4.12 11.11± 19.24 14.00± 2.65
Reflection -8.60± 0.59 -0.078± 0.004 19.45± 1.65 14.29± 24.75 11.67± 2.08
Adaptive-OPRO -0.73± 3.82 -0.004± 0.038 12.94± 2.32 43.89± 21.11 17.00± 5.00

GPT-o4-mini
Baseline -1.30± 1.71 -0.017± 0.017 9.68± 3.12 29.17± 11.02 15.33± 3.06
Reflection -2.52± 4.03 -0.039± 0.045 9.82± 3.43 51.28± 5.06 20.33± 3.06
Adaptive-OPRO 9.06± 0.73 0.094± 0.008 11.48± 0.00 65.28± 16.84 17.33± 5.86

GPT-o3
Baseline -6.11± 3.42 -0.080± 0.029 11.58± 3.09 42.59± 8.49 18.67± 3.21
Reflection -4.60± 3.40 -0.053± 0.044 12.11± 1.27 46.03± 16.88 18.33± 2.52
Adaptive-OPRO 9.02± 3.28 0.146± 0.048 5.33± 0.14 72.81± 17.27 19.67± 4.16

Table 1: Performance comparison between non-LLM-based and LLM-based approaches using ATLAS in volatile,
declining market conditions. Bold values indicate the best per model.

gies to contextualize results: Buy & Hold, MACD346

(Wang and Kim, 2018), SMA (Gencay, 1996),347

SLMA (Wang and Kim, 2018), and Bollinger348

Bands (Day et al., 2023). For window-based meth-349

ods, we test multiple window lengths per regime350

and report a strong, representative configuration351

for each strategy (e.g., 10-day SMA; 10/30-day352

SLMA). Full specifications in App. D.8.353

Execution environment. Agents interact with354

StockSim (Papadakis et al., 2025) via an order-355

level action space, requiring CTAs to submit fully356

executable orders (type, side, size, price). Com-357

pared to signal- or position-level formulations com-358

mon in prior LLM trading studies (Li et al., 2024;359

Xiao et al., 2025), this enforces execution feasi-360

bility (cash, inventory, validity) while yielding a361

complete audit trail of orders, fills, and portfolio362

states. Consistent with standard offline evaluation,363

we abstract away market microstructure and as-364

sume deterministic execution, ensuring observed365

differences stem from decision policies rather than366

execution frictions.367

Evaluation Metrics. We employ 5 metrics cap-368

turing different aspects of trading performance:369

Return on Investment (ROI): Total percent-370

age return calculated as: final value−initial value
initial value × 100, 371

where portfolio values include both cash holdings 372

and the current market value of all stocks owned. 373

Sharpe Ratio (SR): Risk-adjusted return metric 374

calculated as: µ−rf
σ , where µ is mean daily return, 375

σ is daily return standard deviation, and rf is the 376

risk-free rate (set to 0 as in (Li et al., 2024)). 377

Maximum Drawdown (DD): The worst 378

peak-to-trough decline in portfolio value: 379

maxt∈[0,T ]

(
maxs∈[0,t] Vs − Vt

)
/maxs∈[0,t] Vs, 380

where Vt is portfolio value at time t. This measures 381

the largest loss from any historical high, reflecting 382

downside risk and stress tolerance. 383

Win Rate: Percentage of profitable 384

closed (i.e. completed) trades, computed: 385
Closed trades with realized profit > 0

Total closed trades ×100. “Closed trades” 386

are fully opened and exited positions; open 387

positions are excluded. Win rate reflects decision 388

consistency but does not ensure profitability if 389

losses outweigh gains. 390

Number of Trades: Total trading frequency 391

over the evaluation period. Higher frequencies in- 392

dicate active, opportunistic short-term strategies, 393

while lower frequencies suggest patient, conviction- 394

driven approaches. Additional metrics, results, and 395

analyses are reported in Appendix E. 396
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Model Prompting Sideways Market Bullish Market
ROI (%) ↑ SR ↑ DD (%) ↓ ROI (%) ↑ SR ↑ DD (%) ↓

Non-LLM-Based Strategies
Buy & Hold N/A 1.14 0.013 6.97 41.30 0.409 3.16
MACD N/A -0.26 -0.019 5.90 -0.62 -0.343 0.62
SMA N/A -1.02 -0.019 5.75 14.02 0.242 2.93
SLMA N/A -2.08 -0.066 5.53 36.77 0.386 3.12
Bollinger Bands N/A 0.00 0.000 0.00 0.00 0.000 0.00

LLM Based-Strategies - ATLAS

LLaMA 3.3-70B
Baseline -0.42± 2.06 -0.024± 0.051 5.56± 1.08 37.86± 12.31 0.388± 0.096 3.46± 0.63
Reflection -2.61± 0.77 -0.083± 0.014 6.38± 0.72 40.40± 1.43 0.422± 0.023 2.96± 0.34
Adaptive-OPRO -1.10± 0.44 -0.045± 0.012 5.15± 0.71 42.07± 1.85 0.418± 0.016 3.15± 0.02

Qwen3-235B
Baseline -2.43± 0.68 -0.044± 0.014 5.72± 0.15 43.91± 2.31 0.416± 0.001 3.34± 0.16
Reflection -2.02± 1.44 -0.037± 0.034 6.26± 1.77 34.08± 12.30 0.374± 0.075 2.98± 0.30
Adaptive-OPRO 0.27± 1.83 0.011± 0.037 7.20± 2.09 41.25± 0.00 0.418± 0.000 3.16± 0.00

Qwen3-32B
Baseline -9.14± 1.02 -0.204± 0.023 9.82± 0.90 35.75± 5.35 0.477± 0.060 2.86± 0.30
Reflection -7.96± 3.11 -0.162± 0.060 9.05± 2.90 41.72± 1.32 0.431± 0.011 3.03± 0.22
Adaptive-OPRO -1.27± 3.21 -0.025± 0.071 6.75± 0.54 48.37± 0.10 0.466± 0.003 3.15± 0.02

Claude Sonnet 4
Baseline -4.49± 4.22 -0.134± 0.114 7.71± 1.06 13.43± 8.62 0.180± 0.121 5.52± 3.96
Reflection -3.78± 4.23 -0.115± 0.105 10.54± 1.58 5.21± 1.10 0.089± 0.026 5.11± 1.86
Adaptive-OPRO -5.07± 4.53 -0.165± 0.143 9.23± 2.71 25.85± 10.61 0.290± 0.087 3.75± 0.59

Claude Sonnet 4
w/ Thinking

Baseline -0.99± 0.80 -0.039± 0.020 7.75± 1.00 12.52± 2.47 0.175± 0.030 5.03± 1.53
Reflection -1.49± 3.76 -0.069± 0.123 7.27± 2.26 11.12± 4.86 0.186± 0.083 3.42± 2.23
Adaptive-OPRO -1.01± 0.90 -0.046± 0.020 5.16± 0.52 16.36± 7.87 0.217± 0.105 5.18± 2.52

GPT-o4-mini
Baseline 1.29± 1.38 0.021± 0.044 3.23± 0.48 7.00± 3.46 0.125± 0.054 2.74± 0.79
Reflection -1.48± 0.54 -0.087± 0.018 4.64± 0.75 9.80± 3.21 0.189± 0.067 2.45± 1.00
Adaptive-OPRO 3.88± 2.21 0.089± 0.067 3.28± 0.95 10.47± 3.84 0.193± 0.046 3.42± 0.90

GPT-o3
Baseline -0.60± 1.71 -0.034± 0.050 5.93± 1.33 22.70± 0.92 0.269± 0.029 6.82± 3.03
Reflection -1.55± 2.09 -0.084± 0.075 5.02± 0.72 21.98± 4.54 0.325± 0.040 3.14± 0.99
Adaptive-OPRO 3.62± 0.90 0.096± 0.027 3.46± 0.48 25.06± 4.28 0.392± 0.019 2.31± 0.80

Table 2: Combined performance table across two markets: range-bound (sideways) and bullish market. Includes
ROI, SR, and DD. Bold values indicate the best results per model. Full results are available in Appendix E.

6 Results397

Tables 1 and 2 present the results of our experi-398

mental design evaluating ATLAS across diverse399

market conditions. The results show that Adaptive-400

OPRO consistently improves upon fixed prompts401

across models and market conditions, while reflec-402

tion often deteriorates performance or provides in-403

consistent value. Non-LLM strategies demonstrate404

regime-dependent performance, with different tech-405

nical approaches succeeding in specific conditions406

but failing to generalize. ATLAS with Adaptive-407

OPRO delivers stable performance across tested408

regimes, with certain model pairings achieving pos-409

itive returns even in volatile and declining market410

conditions where most baseline strategies struggle.411

The order-level action space reveals distinct pat-412

terns across model families and supports attribution413

from analytical reasoning to execution behavior.414

6.1 Optimization in Sequential415

Decision-Making416

Adaptive-OPRO consistently outperforms both417

static baseline prompts and reflection-based ap-418

proaches across the tested models and market con-419

ditions. The windowed, data-driven optimization420

translates into measurably better trading perfor- 421

mance across multiple dimensions. 422

Return, risk-adjusted, and win-rate metrics 423

jointly indicate successful adaptation to market 424

feedback. Models paired with Adaptive-OPRO 425

achieve higher returns while maintaining or reduc- 426

ing drawdowns, with Sharpe ratio gains showing 427

that improvements arise from strategic enhance- 428

ment rather than increased risk-taking. Crucially, 429

these return gains are accompanied by higher win 430

rates, indicating more consistent decision-making 431

rather than sporadic large profits masking frequent 432

losses. For example, in the volatile bearish regime 433

(Table 1), GPT-o3 and GPT-o4-mini shift from 434

negative baseline returns to strong positive perfor- 435

mance under Adaptive-OPRO, while Qwen3-235B 436

moves from losses to gains. This pattern persists 437

across range-bound and bullish conditions, sug- 438

gesting that prompt optimization captures regime- 439

appropriate behavior rather than overfitting to spe- 440

cific market settings. 441

Comparisons to baseline performance. We ex- 442

amine how baseline decision quality relates to the 443

gains from Adaptive-OPRO under volatile, declin- 444

ing markets. Baseline and Adaptive-OPRO ROI 445
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are moderately correlated (r = 0.64), suggesting446

that stronger baselines maintain higher absolute re-447

turns after adaptation. However, the improvement448

over baseline shows no meaningful correlation449

(r = 0.05) and an almost flat gradient (β ≈ 0.06).450

This indicates that Adaptive-OPRO does not simply451

amplify existing strengths, but delivers improve-452

ments largely independent of initial performance.453

Similar trends hold for risk-adjusted metrics, im-454

plying that Adaptive-OPRO mainly alters decision455

behavior rather than scaling baseline profitability.456

The reflection paradox. In contrast, reflection-457

based prompting (Li et al., 2024) exhibits a458

markedly different behavior. In the volatile bearish459

regime, the improvement in ROI under reflection460

shows a strong negative correlation with baseline461

performance (r = −0.78, p < 0.05), accompanied462

by a pronounced negative performance gradient463

(β = −0.61), indicating that models with stronger464

baseline decision quality tend to deteriorate more465

when reflection is introduced. This suggests that466

reflection does not merely fail to improve perfor-467

mance, but can actively disrupt effective decision468

policies in high-noise environments. Rather than469

stabilizing behavior, reflection appears to amplify470

stochasticity and override useful heuristics, partic-471

ularly for models that already exhibit competent472

baseline trading strategies, consistent with over-473

thinking induced by redundant information. Further474

examples and analysis in App. H.475

6.2 Trading Behavior Across LLMs476

The order-level action space reveals systematic be-477

havioral differences across model families, with478

performance broadly correlating with general479

model capabilities. Beyond averages, variance480

across runs captures decision reliability, especially481

when timing and sizing errors are amplified.482

GPT models exhibit distinct trading styles and483

adaptation patterns. GPT-o3 integrates inputs from484

specialized agents into coherent decisions, show-485

ing conservative risk management that can cap486

gains in strongly trending markets but delivers487

consistent performance across regimes. This man-488

ifests as robust returns with comparatively low489

drawdowns and low run-to-run variance, indicat-490

ing stable execution. GPT-o4-mini emphasizes491

short-term risk control through frequent stop-losses492

and early profit-taking. This behavior aligns with493

stronger outcomes in volatile settings and more494

muted trend capture in sustained moves; it also495

tends toward higher trading frequency in some496

regimes. Still, Adaptive-OPRO generally improves 497

its consistency and profitability relative to fixed 498

prompting, with moderate variance suggesting a 499

more reactive but still controlled policy. 500

Qwen models show divergent behavior based 501

on scale. Qwen3-235B trades more selectively and, 502

across several regimes, achieves stable positive out- 503

comes under Adaptive-OPRO. Both tables reflect 504

that prompt adaptation is important here: it often 505

turns otherwise marginal/negative behavior into 506

positive returns while keeping activity relatively 507

restrained, consistent with risk-reward balancing. 508

Qwen3-32B is more active and variable, with larger 509

swings across runs and regimes. Adaptive-OPRO 510

improves its behavior, typically reducing losses in 511

adverse settings and strengthening performance in 512

favorable ones, but residual variance suggests less 513

stable execution than the larger variant. 514

LLaMA 3.3-70B adopts simpler trading strate- 515

gies with limited risk-management sophistication. 516

Qualitatively, it shows delayed responses to mar- 517

ket shifts and occasional abrupt changes in stance, 518

which correspond to weaker performance in more 519

adversarial regimes. Interestingly, this straightfor- 520

ward behavior performs well in the bullish regime 521

in our results, consistent with capturing upward 522

drift without overcomplicating execution. 523

Claude Sonnet 4 varies depending on reasoning 524

mode, with variance patterns revealing meaning- 525

ful differences in reliability. Certain configurations 526

exhibit markedly higher run-to-run variability, in- 527

dicating less predictable decision-making. With 528

extended thinking enabled, the model often pro- 529

duces detailed analysis but the results show mixed 530

execution quality; without thinking, decisions be- 531

come more erratic and consistency across regimes 532

degrades, suggesting that the bottleneck is both 533

analysis depth and subsequent order construction. 534

Overall, the key insight enabled by order-level 535

specifications is that weaker configurations often 536

generate plausible market analysis but fail in posi- 537

tion sizing, timing, or order selection, whereas suc- 538

cessful configurations consistently translate analy- 539

sis into coherent execution. 540

6.3 LLM Optimization Capabilities 541

A key advantage of Adaptive-OPRO is that opti- 542

mization yields interpretable instruction updates 543

that we can assess along two axes: (i) whether the 544

revised prompt is objectively aligned with the trad- 545

ing goal (e.g., explicit risk controls, sizing disci- 546

pline, and when to trade), and (ii) whether those 547
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Stock Configuration ROI (%)↑ SR ↑ DD (%) ↓ Win Rate (%) ↑ Num Trades

Volatile
Regime

No News 4.07± 0.72 0.056± 0.016 7.84± 3.15 53.51± 6.67 25.33± 4.51
No Market Data -5.75± 0.76 -0.094± 0.017 11.32± 2.63 37.52± 4.87 18.33± 3.06
No News & No Market -6.86± 1.68 -0.078± 0.036 14.54± 3.30 43.94± 6.94 22.33± 1.15
ATLAS 9.06± 0.73 0.094± 0.008 11.48± 0.00 65.28± 16.84 17.33± 5.86

Sideways
Regime

No News -8.20± 1.64 -0.264± 0.069 9.09± 2.99 22.82± 13.65 35.00± 12.29
No Market Data 0.01± 0.92 -0.011± 0.021 6.56± 1.58 46.55± 23.15 13.33± 3.06
No News & No Market -4.60± 0.70 -0.136± 0.026 7.01± 2.29 35.26± 13.09 21.00± 4.58
ATLAS 3.88± 2.21 0.089± 0.067 3.28± 0.95 47.95± 7.15 25.33± 5.03

Bullish
Regime

No News 6.62± 0.25 0.090± 0.008 6.67± 0.36 41.96± 5.21 28.33± 4.62
No Market Data 11.78± 1.76 0.216± 0.024 3.70± 0.86 70.24± 14.03 20.00± 5.57
No News & No Market 7.34± 2.79 0.110± 0.012 5.76± 2.01 63.84± 9.39 20.67± 1.53
ATLAS 10.47± 3.84 0.193± 0.046 3.42± 0.90 62.70± 11.25 20.33± 2.89

Table 3: Ablation study results showing individual agent contributions using GPT-o4-mini across three market
regimes. Bold values indicate the best results per configuration.

instructions are reflected in subsequent order-level548

behavior (frequency, timing, and position sizing).549

After manual inspection of the results, we observe550

clear family-level patterns. GPT models consis-551

tently produce well-structured, objective-aligned552

refinements that translate observed weaknesses into553

actionable constraints, and these updates tend to be554

followed in execution, consistent with their lower555

run-to-run variance. Qwen models also generate556

targeted improvements, with the larger Qwen3-557

235B producing more coherent and internally con-558

sistent instruction revisions, which aligns with its559

more stable selective trading behavior. In contrast,560

LLaMA often reports edits that are not present in561

the actual prompt or proposes changes that conflict562

with the stated objective, weakening the connection563

between optimization output and downstream ex-564

ecution. Claude models frequently shift toward565

increasingly procedural and restrictive prompts,566

which can reduce adaptability; notably, this pre-567

scriptiveness does not reliably translate into stable568

execution, as reflected by higher variance in several569

configurations. Examples of the observed patterns570

are provided in Appendix G.571

6.4 ATLAS Ablation Study572

Table 3 shows distinct agent contributions through573

performance drops when each is ablated.574

Market Analyst is a core component across575

market regimes. Its removal consistently results576

in the most significant performance degradation,577

especially in challenging conditions such as the578

bearish regime, where technical context is crucial579

for decision-making. In the sideways regime, the580

absence of market analysis not only reduces returns581

but also lowers trading frequency, suggesting that582

agents lose confidence to act without a solid tech-583

nical foundation. Notably, in bullish markets, ROI584

slightly improves when market data is excluded, 585

suggesting that in up-trending markets social con- 586

sensus may offer cleaner entry signals. 587

News analyst contributes regime-specific strate- 588

gic value. In the bullish regime, news removal leads 589

to lower returns as agents become more conserva- 590

tive. The sideways regime shows news analysis as 591

critical, with its removal producing severe degrada- 592

tion, suggesting that sentiment analysis is essential 593

when technical signals are ambiguous. 594

Combination of News & Market Analyst high- 595

lights the complementary value of these signals. 596

Across all regimes, removing both agents substan- 597

tially degrades performance, showing that news 598

and market data provide non-redundant informa- 599

tion. In the bearish regime, the drop reflects the 600

importance of sentiment and technical context un- 601

der volatility, while in the sideways regime their 602

absence produces unstable, unprofitable behavior. 603

Even in bullish markets, combined removal harms 604

performance, indicating that each component con- 605

tributes differently across regimes and that their 606

joint effect is not simply additive. 607

7 Conclusion 608

In this work, we introduce ATLAS, an LLM-based 609

trading framework that combines Adaptive-OPRO 610

for prompt optimization under delayed, noisy feed- 611

back with structured analyst inputs and an order- 612

level interface. Across regimes and model families, 613

Adaptive-OPRO outperforms tuned static prompts, 614

while standard reflection proves inconsistent. The 615

order-level interface reveals model-specific trading 616

behaviors and separates analytical quality from ex- 617

ecution choices, enabling clearer attribution and 618

interpretability. ATLAS with Adaptive-OPRO pro- 619

vides a practical, reliable, auditable paradigm for 620

sequential LLM decision-making. 621
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Limitations622

Following prior LLM-agent and market-simulation623

work, we focus on three liquid equities over two-624

month, regime-specific windows with daily deci-625

sions to reduce confounding from asset heterogene-626

ity and shifting market structure. This isolates adap-627

tation effects under a shared interface but does not628

support generalization across assets, sectors, hori-629

zons, or macro conditions. Results should be read630

as behavioral evidence about Adaptive-OPRO, not631

as market-wide performance claims.632

Agents operate in an order-level simulator that633

enforces trading semantics while abstracting mar-634

ket microstructure: slippage, partial fills, latency,635

and intraday dynamics are not modeled. This pri-636

oritizes experimental control and error attribution,637

consistent with prior simulation-based evaluations,638

but absolute returns may differ under real execu-639

tion frictions. End-of-day decisions provide stable640

feedback for optimization under delayed, noisy out-641

comes, but prevent agents from reacting to intraday642

moves or capturing timing-dependent behaviors.643

Each configuration runs three times due to re-644

source constraints, capturing stochastic variance645

but limiting statistical power. Comparisons isolate646

prompt adaptation under a shared order-level inter-647

face rather than varying full system architectures.648

While order-level actions improve interpretability649

by separating analysis from execution, we do not650

include a directional-only ablation for direct causal651

comparison. Finally, although we cover multiple652

model families (GPT, Claude, LLaMA, Qwen), be-653

haviors may vary with architectures, scales, and654

training procedures beyond those studied here.655

Ethical Considerations656

This work focuses on controlled, simulated trad-657

ing experiments to study prompt optimization and658

does not involve real-world financial transactions659

or human subjects. All analyses are conducted in a660

reproducible, transparent environment, minimizing661

potential risks. While findings provide insights into662

model behavior, they are not financial advice and663

should not be used for live trading.664
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A.1 Orders and Positions831

ATLAS expresses actions at the order level and832

supports both long and short positioning.833

Order types. Market orders seek immediate ex-834

ecution at the best available prices and prioritize835

certainty of fill over price control. Limit orders836

specify a worst acceptable price for buys or a best837

acceptable price for sells and prioritize price con-838

trol over certainty of execution. Stop orders acti-839

vate once a trigger is reached and are commonly840

used for risk control or momentum entry.841

Long and short. A buy to open creates or in-842

creases a long position. A sell short creates a short843

position that profits if price declines. Exits are ex-844

pressed symmetrically as sell to close for long po-845

sitions and buy to cover for short positions. The846

Central Trading Agent may attach stops or limits847

to manage risk and profit-taking for either side.848

Decision cadence. The Central Trading Agent849

makes decisions on a daily schedule. At each de-850

cision point it consumes the updated analyst sum-851

maries and current portfolio state, then may sub-852

mit new or modifying orders that are evaluated853

by StockSim under standard semantics. At initial-854

ization, the portfolio holds $100,000 in cash and855

no positions. Since our headline metrics are per-856

centage based (e.g., ROI, Sharpe, and drawdown857

computed from returns), the absolute starting capi-858

tal does not affect reported performance and only859

scales dollar P&L.860

A.2 Regime Taxonomy861

We organize evaluation windows by broad market862

regimes in order to study behavior under distinct863

conditions.864

Bearish volatile denotes periods with sustained865

downward drift and elevated variability. Sideways866

denotes range-bound behavior with mixed signals867

and limited trend persistence. Bullish denotes peri-868

ods with sustained upward drift and comparatively869

orderly pullbacks. In the main experiments we in-870

stantiate one window for each regime and keep the871

decision cadence and interface fixed. The taxonomy872

is agnostic to any single indicator choice and can873

be operationalized by simple trend and volatility874

summaries when needed.875

B Technical Indicators Used in Market 876

Analysis 877

This appendix provides detailed explanations of the 878

technical indicators employed by the Market Ana- 879

lyst agent in ATLAS, covering their mathematical 880

formulations, implementation specifics, and inter- 881

pretive significance in financial market analysis. 882

All technical indicators described in this section 883

are calculated by the StockSim (Papadakis et al., 884

2025) simulation environment and integrated into 885

our analysis framework to provide comprehensive 886

market insights. 887

Data source. The Market Analyst consumes 888

OHLCV, volume, and session VWAP series from 889

Massive2 for the specified instrument and evalua- 890

tion window. Bars are retrieved at daily resolution 891

and aligned to official U.S. market sessions, with 892

corporate actions (splits and dividends) from Mas- 893

sive used to adjust prices consistently with Stock- 894

Sim. All technical indicators described in this ap- 895

pendix are computed inside StockSim from these 896

Massive-derived bars. Days with incomplete or 897

missing bars are excluded rather than backfilled, 898

and no survivorship or lookahead adjustments are 899

applied beyond standard split and dividend han- 900

dling. 901

B.1 Simple Moving Average (SMA) and 902

Exponential Moving Average (EMA) 903

Simple Moving Average (SMA): The SMA is cal- 904

culated as the arithmetic mean of closing prices 905

over a specified number of periods (Murphy, 1999): 906

SMAn =
1

n

n−1∑
i=0

Pt−i (2) 907

where Pt represents the closing price at time t and 908

n is the number of periods. For our analysis, we 909

employ SMA periods of 20, 50, 100, and 200 days 910

to capture short-term, medium-term, and long-term 911

trend characteristics. SMA provides equal weight 912

to all prices in the calculation period, which makes 913

it suitable for identifying longer-term trends but 914

less responsive to recent price changes (Murphy, 915

1999). 916

Exponential Moving Average (EMA): The 917

EMA assigns exponentially decreasing weights to 918

older prices, which makes it more responsive to 919

recent price movement (Murphy, 1999): 920

EMAt = α · Pt + (1− α) · EMAt−1 (3) 921

2https://massive.com
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where α = 2
n+1 is the smoothing factor and n is the922

number of periods. In our implementation, we uti-923

lize 12-period and 26-period EMAs, which serve as924

the foundation for MACD calculation and provide925

complementary trend analysis to our SMA suite.926

Research indicates that EMA often outperforms927

SMA in volatile conditions due to its enhanced sen-928

sitivity to recent price changes (Kaufman, 2013).929

B.2 Relative Strength Index (RSI)930

The RSI is a momentum oscillator that measures931

the speed and magnitude of price changes, oscillat-932

ing between 0 and 100 (Wilder, 1978):933

RSI = 100− 100

1 +RS
(4)934

where RS = Average Gain
Average Loss over a specified period.935

Our analysis uses the standard 14-day period as936

originally recommended by Wilder (1978). The av-937

erage gain and loss are calculated using exponential938

smoothing as originally formulated:939

Gt =
13Gt−1 +Gt

14
(5)940

941

Lt =
13Lt−1 + Lt

14
(6)942

where Gt represents the average gain at time t,943

Lt represents the average loss at time t, Gt is the944

current gain, and Lt is the current loss. RSI values945

above 70 typically indicate overbought conditions,946

while values below 30 suggest oversold conditions947

(Wilder, 1978). These thresholds can be adapted to948

asset volatility and regime (Murphy, 1999).949

B.3 Moving Average Convergence Divergence950

(MACD)951

MACD is a trend-following momentum indicator952

that shows the relationship between two moving953

averages of a security’s price (Murphy, 1999):954

MACD = EMA12 − EMA26 (7)955

956

Signal Line = EMA9(MACD) (8)957
958

Histogram = MACD − Signal Line (9)959

We employ the standard configuration. Crossovers960

and divergences are commonly used to identify961

trend changes and momentum shifts (Achelis,962

2000).963

B.4 Average True Range (ATR) 964

ATR measures market volatility by calculating the 965

average of true ranges over a specified number of 966

periods, as developed by Wilder (1978): 967

True Range = max[(High− Low),

|High− Closeprev|, |Low − Closeprev|]
(10) 968

969

ATRn =
1

n

n−1∑
i=0

TRt−i (11) 970

We use the standard 14-period ATR. ATR supports 971

volatility-aware sizing and stop placement. 972

B.5 Bollinger Bands 973

Bollinger Bands consist of three lines: a middle 974

band and two outer bands positioned at standard 975

deviations above and below the middle band (Ache- 976

lis, 2000): 977

Middle Band = SMA20 (12) 978
979

Upper Band = SMA20 + (k × σ) (13) 980
981

Lower Band = SMA20 − (k × σ) (14) 982

where k is typically 2 and σ is the rolling standard 983

deviation of close. The bands adapt to changing 984

volatility and help contextualize extremes (Murphy, 985

1999). 986

B.6 Support and Resistance Levels 987

Support and resistance levels are price zones where 988

the asset has historically shown difficulty moving 989

below (support) or above (resistance) (Murphy, 990

1999). We focus on horizontal levels identified by 991

repeated interactions and elevated volume. Their 992

strength increases with the number of tests, traded 993

volume, and time span. 994

B.7 Volume Profile 995

Volume Profile displays trading activity over price 996

for a chosen window: 997

• Point of Control (POC): price with the high- 998

est traded volume 999

• Value Area: price range that contains a speci- 1000

fied share of volume, typically 70% 1001

• High Volume Nodes: locally elevated volume 1002

levels 1003

Volume-based context helps identify zones where 1004

participation has been concentrated, which often 1005

align with support or resistance. 1006
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C Analyst Details1007

C.1 News Analyst1008

The News Analyst distills market-relevant infor-1009

mation from financial news streams for a given1010

ticker. Inputs are retrieved from the Massive API31011

as batches of timestamped items containing title,1012

URL, summary, and keywords. The component pro-1013

duces a structured analysis along four dimensions1014

that are stable across models and assets: Sentiment1015

Assessment, Key Developments, Market Relevance,1016

and Source Analysis. When headline-only context1017

is insufficient, the analyst can fetch the full article1018

text through an internal fetcher to improve coverage1019

and reduce headline bias. The output is designed1020

to be compact, auditible, and directly consumable1021

by the Central Trading Agent; it does not generate1022

trading signals.1023

Example input batch (NVDA).1024

##NEWS BATCH1025

[2025-04-28T12:45:00+00:00] Want to Avoid the “Magnificent1026
Seven” and Generate Passive Income? This Vanguard ETF May1027
Be for You — The Motley Fool1028
URL: https://www.fool.com/investing/2025/04/28/magnificent-1029
seven-passive-income-vanguard-etf/?source=iedfolrf00000011030
Summary: The article discusses the Vanguard High Dividend1031
Yield ETF (VYM) as an alternative to large-cap tech, highlight-1032
ing sector diversification and dividend income.1033
Keywords: Vanguard High Dividend Yield ETF, Magnificent1034
Seven, passive income, value stocks, dividend stocks1035

[2025-04-28T07:15:00+00:00] This Could Be a Make-It-or-1036
Break-It Moment for Nvidia. Here’s What to Watch For This1037
Week. — The Motley Fool1038
URL: https://www.fool.com/investing/2025/04/28/a-make-it-1039
or-break-it-moment-for-nvidia/?source=iedfolrf00000011040
Summary: Nvidia’s near-term outlook hinges on AI demand1041
signals from large customers reporting earnings this week.1042
Keywords: Nvidia, AI, Microsoft, Amazon, Meta Platforms,1043
Alphabet1044

[2025-04-27T22:25:00+00:00] Prediction: Broadcom Stock1045

Could Surge by 100% in the Next 3 Years — The Motley Fool1046

URL: https://www.fool.com/investing/2025/04/27/prediction-1047

broadcom-could-surge-by-100-in-the-next/?source=1048

iedfolrf00000011049

Summary: Broadcom’s networking and ASIC businesses are1050

positioned to benefit from AI infrastructure demand.1051

Keywords: Broadcom, AI chips, networking, ASIC, VMware1052

Structured output (NVDA).1053

Sentiment Assessment Tone is cautiously optimistic and con-1054
tingent on confirmation of continued AI spend by key customers.1055
There is also a modest rotation narrative toward dividend payers1056
that could weigh on high-beta tech.1057

Key Developments Earnings this week from Microsoft, Ama-1058
zon, and Meta will signal near-term AI budgets. Alphabet’s1059
reaffirmed capital spending supports sustained demand for next-1060
gen chips. Policy risks around import tariffs remain a headwind.1061

Market Relevance Expect higher volatility around customer1062
earnings. Rotation into dividend ETFs could pressure large-cap1063

3https://massive.com

AI beneficiaries if macro uncertainty rises. Broadcom’s bullish 1064
outlook may drive sector flow dispersion that competes with 1065
Nvidia exposure. 1066

Source Analysis All items originate from The Motley Fool, a 1067

retail-focused outlet with a constructive bias. Claims should be 1068

cross-checked against primary earnings releases and sell-side 1069

notes for actionable conviction. 1070

Additional example (XOM). 1071

Sentiment Assessment Mixed. ExxonMobil appears on a 1072
list of top buys for diversification strength, offset by policy 1073
uncertainty related to funding cuts for carbon capture projects. 1074
Key Developments Federal funding for a $332M CCS project 1075
at Baytown is being withdrawn, which may delay low-carbon 1076
hydrogen and ammonia plans, although core growth strategy 1077
remains intact. 1078
Market Relevance Near-term noise in decarbonization head- 1079
lines with limited change to base cash-flow trajectory. Integrated 1080
model and commercial partnerships support resilience. 1081

Source Analysis Coverage from The Motley Fool blends 1082

stock-picking commentary with policy reporting and lacks direct 1083

primary citations. Verification from official releases is recom- 1084

mended when trading on policy moves. 1085

Operational notes. The News Analyst refreshes 1086

daily in sync with the decision cadence, dedupli- 1087

cates near-identical headlines, and preserves a con- 1088

sistent schema across assets and regimes. Its role is 1089

to surface catalysts, stance shifts, and source relia- 1090

bility in a compact form that supports downstream 1091

reasoning by the Central Trading Agent. 1092

C.2 Fundamental Analyst 1093

The Fundamental Analyst extracts trading-relevant 1094

structure from periodic corporate disclosures (earn- 1095

ings releases, financial statements) and corporate 1096

actions (dividends, splits). It runs at low frequency 1097

to mirror real reporting cadence, typically activat- 1098

ing once or twice per evaluation window. Inputs are 1099

retrieved via Massive4 and normalized to a compact 1100

schema consumed by the Central Trading Agent. 1101

The module does not emit buy/sell signals; it sum- 1102

marizes material changes and likely catalysts. 1103

C.2.1 Financial Statement Components and 1104

Terminology 1105

Revenue and income metrics. 1106

• Revenue (net sales) is top-line activity prior 1107

to costs (Penman, 2012). 1108

• Gross profit margin: 1109

GPM =
Revenue − COGS

Revenue
× 100%, (15) 1110

capturing production efficiency and pricing 1111

power (Palepu et al., 2019). 1112

4https://massive.com
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• Operating margin:1113

OpM =
Operating Income

Revenue
× 100%, (16)1114

reflecting core cost discipline (Penman, 2012).1115

• Net income is profit after all expenses, taxes,1116

and interest.1117

• Earnings per share (EPS):1118

EPS =
Net Income

Weighted Avg. Shares
, (17)1119

a per-share profitability anchor for valuation1120

(Damodaran, 2012).1121

Cash-flow dynamics.1122

• Operating cash flow (OCF) approximates1123

cash generated by operations:1124

OCF = NI + NCE ± WCC, (18)1125

where NI is net income, NCE non-cash ex-1126

penses, WCC working-capital change (Pen-1127

man, 2012).1128

• Net cash flow aggregates operating, investing,1129

and financing cash flows:1130

NCF = OCF + ICF + FCF. (19)1131

• Capital allocation covers capex, buybacks,1132

dividends, and debt paydown, each with dis-1133

tinct market implications.1134

Balance-sheet metrics.1135

• Total assets and total equity summarize scale1136

and residual value (Palepu et al., 2019).1137

• Debt-to-equity gauges leverage and risk:1138

D/E =
Total Debt

Total Equity
. (20)1139

Higher values imply greater financial risk1140

(Damodaran, 2012).1141

C.2.2 Corporate Actions and Structural1142

Events1143

Stock splits. Splits increase share count while1144

proportionally reducing price (e.g., 1:2, 1:4, 1:10),1145

often to improve perceived affordability and liquid-1146

ity (Baker and Powell, 2012).1147

Dividends. 1148

• Cash dividends return capital to shareholders; 1149

policy signals management’s view on reinvest- 1150

ment vs. distribution (Brealey et al., 2019). 1151

• Dividend yield: 1152

Yield =
Annual Dividends Per Share

Current Price
×100%.

(21) 1153

C.2.3 Analytical Dimensions 1154

The analyst produces a concise, four-part sum- 1155

mary focused on trading relevance: Profit & Margin 1156

Trends, Cash Flow & Capital Allocation, Balance 1157

Sheet & Leverage / Earnings Quality flags, and Cat- 1158

alyst Watch. Outputs are kept compact and directly 1159

auditable. 1160

Example input batch (NVDA). 1161

Stock Splits: 1162
2024-06-10: 1:10 2021-07-20: 1:4 2007-09-11: 2:3 1163
2006-04-07: 1:2 1164
Dividends: 1165
2025-03-12: $0.010 2024-12-05: $0.010 2024-09-12: 1166
$0.010 2024-06-11: $0.010 2024-03-05: $0.040 1167
Annual FY2025 (Filed: 2025-02-26): 1168
Revenue $130.5B; GPM 75.0%; OpM 62.4%; Net income 1169
$72.9B; EPS $2.94; 1170
OCF $64.1B; NCF $1.3B; Assets $111.6B; Equity $79.3B; D/E 1171
0.11. 1172
Quarterly Q1 2025 (Filed: 2024-05-29): 1173
Revenue $26.0B; GPM 78.4%; OpM 64.9%; Net income 1174
$14.9B; EPS $5.98; NCF $0.3B. 1175
Quarterly Q2 2025 (Filed: 2024-08-28): 1176
Revenue $30.0B; GPM 75.1%; OpM 62.1%; Net income 1177
$16.6B; EPS $0.67; NCF $1.0B. 1178

Structured output (NVDA). 1179

Profit & Margin Trends Q1→Q2 revenue grew ∼15% to 1180
$30B on sustained AI demand; gross margin held near 75% 1181
while operating margin eased from 64.9% to 62.1%, consistent 1182
with mix normalization. 1183
Cash Flow & Capital Allocation FY25 OCF $64B (∼49% 1184
of sales) supports heavy capex and buybacks; net cash still 1185
positive. The cut in quarterly dividend from $0.04 to $0.01 1186
signals prioritization of reinvestment. 1187
Balance Sheet & Earnings Quality Low leverage and strong 1188
equity base support flexibility. The sharp EPS swing (Q1 $5.98 1189
vs. Q2 $0.67) warrants a GAAP vs. non-GAAP review to isolate 1190
one-offs. 1191

Catalyst Watch Upcoming guidance on AI trajectory, capex 1192

cadence, and inventory dynamics are potential volatility cata- 1193

lysts relative to consensus. 1194

Additional example (XOM). 1195

Profit & Margin Trends FY2024 net margin near 10% with 1196
operating margin ∼14–15%; quarterly prints show stability. 1197
Cash Flow & Capital Allocation Strong free cash flow capac- 1198
ity; negative annual net cash reflects investing and distribution 1199
outflows (capex, buybacks, dividends) rather than operating 1200
stress. 1201
Balance Sheet & Leverage Debt-free posture and current ra- 1202
tio >1.3 provide high financial flexibility; equity base expanded 1203
through FY/Q3. 1204

Catalyst Watch Capital-return actions (buyback/dividend 1205

changes) and updates on large projects are the near-term funda- 1206

mental triggers. 1207
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D Experiments1208

D.1 Experimental Setup1209

Market regimes in our evaluation are instantiated1210

using highly liquid, publicly traded equities se-1211

lected prior to experimentation based on transpar-1212

ent criteria. Specifically, assets are required to ex-1213

hibit stable liquidity conditions, clearly identifiable1214

regime-consistent price dynamics over the evalu-1215

ation window, and minimal microstructure distor-1216

tions. This ensures that observed agent behavior1217

reflects regime characteristics rather than artifacts1218

of illiquidity or asset-specific noise. Asset instan-1219

tiations are chosen independently of model per-1220

formance and without outcome-driven adjustment,1221

with selection criteria emphasizing representative-1222

ness of regime dynamics and sectoral diversity to1223

reduce the likelihood that results are driven by id-1224

iosyncratic company- or industry-level effects.1225

Concretely, the bearish-volatile regime is instan-1226

tiated using Eli Lilly and Company (LLY), the1227

sideways regime using Exxon Mobil Corporation1228

(XOM), and the bullish regime using NVIDIA Cor-1229

poration (NVDA). All assets are evaluated over1230

the same fixed two-month window (Apr 28–Jun1231

28, 2025) with a daily decision interval, ensuring1232

consistency in sequential decision-making across1233

regimes.1234

Importantly, ATLAS is asset- and regime-1235

agnostic by design: no asset-specific features or1236

regime-dependent assumptions are encoded in the1237

framework, and the same experimental protocol can1238

be directly applied to alternative equities, broader1239

asset sets, or different evaluation horizons without1240

modification.1241

D.2 Evaluation Scope1242

We evaluate ATLAS over a two-month window1243

(28 Apr–28 Jun 2025) across three sector-diverse1244

equities. This horizon provides multiple decision1245

cycles per asset while keeping full conversation1246

histories within context limits and avoiding regime1247

mixing. The period naturally includes routine cor-1248

porate events and news, yielding a representative1249

test bed.1250

D.3 Asset Selection Strategy1251

We use three equities chosen ex ante by simple,1252

transparent criteria (liquidity, sector diversity, char-1253

acteristic behavior): NVDA (technology, trending),1254

LLY (healthcare, volatile drawdowns), XOM (en-1255

ergy, range-bound). This mix stresses different in-1256

formation channels and trading behaviors (trend 1257

capture, volatility management, and patience) with- 1258

out relying on outcome-driven selection. 1259

D.4 Framework Configurations 1260

Beyond the main-paper comparisons, we imple- 1261

mented additional variants to probe design choices: 1262

• Baseline: Multi-agent with carefully engi- 1263

neered static prompts. 1264

• Adaptive-OPRO: Prompt optimization ap- 1265

plied only to the Central Trading Agent. 1266

• Reflection: A reviewer agent that produces pe- 1267

riodic feedback on recent decisions. We tested 1268

weekly reflections (as in prior work) and a 1269

shorter 1-day variant; the latter is exploratory 1270

and omitted from the main tables. 1271

• Adaptive-OPRO + Reflection: Combined for 1272

interaction analysis; included here for com- 1273

pleteness. 1274

All runs keep analyst prompts fixed to isolate the 1275

adaptation mechanism at the decision layer. 1276

D.5 Model Selection 1277

We study how backbone capabilities translate to 1278

sequential decisions under identical interfaces: 1279

• Reasoning-enabled: GPT-o3, GPT-o4-mini, 1280

Claude Sonnet 4 (thinking). 1281

• Matched base model: Claude Sonnet 4 (no 1282

thinking) to isolate the effect of explicit rea- 1283

soning. 1284

• Open-source: LLaMA 3.3-70B, Qwen3- 1285

235B, Qwen3-32B to gauge transfer across 1286

families and deployment options. 1287

Within a run, the same backbone powers all ATLAS 1288

components to avoid cross-model confounds. 1289

D.6 Ablation Study Choices 1290

To quantify information value within ATLAS, we 1291

run ablations exclusively under GPT-o4-mini + 1292

Adaptive-OPRO: 1293

1. No Market Analyst: removes multi-timescale 1294

technical structure and indicators. 1295

2. No News Analyst: removes unstructured text 1296

processing of headlines and stories. 1297

3. No Market & No News: leaves only portfolio 1298

state and fundamentals. 1299
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We do not ablate the Fundamental Analyst due to1300

its intentionally low activation frequency within1301

these windows; its role is assessed qualitatively1302

around reporting events. Each ablation is run three1303

times.1304

D.7 Evaluation Methodology1305

We use a multi-run protocol of three independent1306

runs per configuration and report mean ± stan-1307

dard deviation. Metrics mirror the main paper (re-1308

turns, risk-adjusted returns, drawdowns, win rate1309

on closed trades, and activity). In addition to ag-1310

gregate metrics, we examine decision patterns and1311

adaptation trajectories to explain why configura-1312

tions differ.1313

D.8 Non-LLM Based Strategies1314

We compare against established trading strategies1315

(Buy & Hold, moving average crossovers, MACD)1316

that require no machine learning. These baselines1317

contextualize LLM performance-showing where1318

adds value versus simpler alternatives. A detailed1319

description of these methods is presented below.1320

Buy and Hold The Buy and Hold strategy is a1321

passive investment approach in which an asset is1322

acquired at the beginning of the investment horizon1323

and retained without any further trading actions, re-1324

gardless of interim price fluctuations. This method1325

assumes that, over time, the market tends to grow,1326

and thus long-term holding can yield positive re-1327

turns. It does not rely on any predictive model or1328

technical indicator. In our evaluation, Buy and Hold1329

serves as a benchmark strategy against which the1330

performance of all other trading methods is com-1331

pared.1332

Simple Moving Average (SMA) The SMA strat-1333

egy (Gencay, 1996) issues trading signals based1334

on the relationship between the current price of an1335

asset and its moving average over a fixed time win-1336

dow. Specifically, a buy (sell) signal is triggered1337

when the price crosses above (below) the SMA. We1338

test various window lengths selecting the optimal1339

period based on validation performance.1340

Short-Long Moving Average (SLMA) The1341

SLMA method (Wang and Kim, 2018) extends the1342

SMA approach by employing two SMAs of differ-1343

ent lengths: one short-term and one long-term. A1344

buy signal is generated when the short-term aver-1345

age crosses above the long-term average, while a1346

sell signal occurs at the inverse crossover.1347

Moving Average Convergence Divergence 1348

(MACD) The MACD strategy (Wang and Kim, 1349

2018) captures momentum shifts by computing 1350

the difference between the 12-day and 26-day 1351

exponential moving averages. A 9-day EMA of the 1352

MACD line is used as a signal line. Trading signals 1353

are generated when the MACD line crosses the 1354

signal line from below (buy) or from above (sell). 1355

The exponential formulation ensures increased 1356

sensitivity to recent price movements. 1357

Bollinger Bands The Bollinger Bands strategy 1358

(Day et al., 2023) incorporates volatility by con- 1359

structing a band around a 20-day SMA, with the 1360

upper and lower bands placed two standard devi- 1361

ations above and below the mean, respectively. A 1362

price crossing above the upper band may indicate 1363

overbought conditions (sell signal), while cross- 1364

ing below the lower band may suggest oversold 1365

conditions (buy signal). We adopt the standard pa- 1366

rameterization of 20-day SMA and multiplier 2, as 1367

commonly suggested in the literature. 1368
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Model Prompting Ann. SR ↑ Sortino ↑ ROIC (%) ↑ P/T ($) ↑
LLM-Based Strategies - ATLAS

LLaMA 3.3-70B
Baseline 6.16± 1.52 0.97± 0.22 30.98± 26.06 456.27± 790.29
Reflection 6.70± 0.37 1.03± 0.02 29.14± 21.06 1511.32± 2617.69
Adaptive-OPRO 6.63± 0.25 1.05± 0.01 42.26± 1.68 0.00

Claude Sonnet 4
Baseline 2.86± 1.93 0.45± 0.33 2.82± 2.60 1212.88± 920.24
Reflection 1.42± 0.41 0.16± 0.05 0.86± 0.36 416.79± 149.76
Adaptive-OPRO 4.60± 1.38 0.68± 0.22 8.25± 9.83 371.70± 1779.64

Claude Sonnet 4

w/ Thinking

Baseline 2.78± 0.48 0.46± 0.20 3.27± 1.51 1246.39± 143.77
Reflection 2.95± 1.32 0.57± 0.40 4.33± 1.72 1042.20± 424.00
Adaptive-OPRO 3.45± 1.66 0.76± 0.56 5.44± 2.81 2402.02± 1239.52

GPT-o4-mini
Baseline 1.98± 0.86 0.27± 0.14 0.81± 0.39 212.27± 421.02
Reflection 3.00± 1.06 0.47± 0.23 1.40± 0.70 537.97± 45.35
Adaptive-OPRO 3.07± 0.73 0.41± 0.12 1.54± 0.47 506.75± 329.55

GPT-o3
Baseline 4.27± 0.47 0.61± 0.14 8.03± 1.86 4262.67± 897.79
Reflection 5.16± 0.63 0.68± 0.20 6.76± 2.76 2192.28± 920.54
Adaptive-OPRO 6.22± 0.30 1.22± 0.37 17.04± 7.65 3761.99± 749.07

Qwen3-235B
Baseline 6.61± 0.02 0.67± 0.00 40.90± 0.35 0.00± 0.00
Reflection 5.94± 1.20 0.58± 0.14 27.90± 23.15 491.18± 850.75
Adaptive-OPRO 6.63± 0.00 0.67± 0.00 41.26± 0.00 0.00± 0.00

Qwen3-32B
Baseline 7.57± 0.96 0.63± 0.07 16.37± 21.12 1567.18± 1369.31
Reflection 6.85± 0.18 0.67± 0.00 26.67± 17.99 3266.26± 5812.42
Adaptive-OPRO 7.41± 0.05 0.72± 0.01 43.27± 4.61 248.26± 200.41

Table 4: Additional performance metrics for NVDA (technology sector) comparing LLM-based approaches using
ATLAS in bullish market conditions. Ann. SR = Annualized Sharpe Ratio, ROIC = Return on Invested Capital, P/T
= Profit per Trade. Bold values indicate the best per model.

E Extended Results1369

This appendix consolidates additional metrics and1370

analysis that complement the main paper’s results1371

and experimental setup. All computations use daily1372

portfolio returns with risk–free rate rf = 0 and1373

are reported as mean ± standard deviation over1374

three independent runs, consistent with the protocol1375

described in the Experiments section.1376

E.1 Additional Quantitative Results1377

Additional Evaluation Metrics. Beyond ROI,1378

Sharpe Ratio, Maximum Drawdown, Win Rate,1379

and Number of Trades, we report the following1380

complementary measures:1381

Annualized Sharpe Ratio (Ann. SR):1382

Ann. SR = SR ×
√
252,1383

which standardizes risk-adjusted performance to a1384

yearly scale.1385

Sortino Ratio:1386

Sortino =
µ− rf
σd

,1387

where µ is the mean daily return and σd is the1388

standard deviation of negative daily returns only.1389

This isolates downside variability.1390

Return on Invested Capital (ROIC):1391

ROIC =
Net trading profit

Average capital deployed
× 100,1392

which evaluates capital efficiency independent of 1393

gross exposure. 1394

Profit per Trade (P/T): 1395

P/T =
Total net profit

Number of trades
, 1396

computed on closed round trips only. This reflects 1397

average value creation per completed decision cy- 1398

cle and should be interpreted alongside position- 1399

level outcomes and exposure management. 1400

E.2 Risk-Adjusted Performance Validation 1401

Extended risk-adjusted metrics reinforce the cen- 1402

tral findings (Tables 4, 5, 6). Sortino Ratio im- 1403

provements under Adaptive-OPRO indicate that 1404

gains are not driven by larger risk-taking but by 1405

better mitigation of downside variability. The effect 1406

is strongest in the bearish-volatile regime, where 1407

lower downside dispersion coincides with tighter 1408

drawdown control. ROIC consistently rises with 1409

Adaptive-OPRO across model families, showing 1410

that optimization improves the efficiency of capital 1411

deployment rather than merely increasing turnover. 1412

Improvements in P/T, when paired with higher win 1413

rates, suggest more consistent decision quality and 1414

cleaner trade selection. Since P/T excludes open 1415

positions, we interpret it jointly with exposure and 1416

drawdown metrics to avoid selection bias. 1417

17



Model Prompting Ann. SR ↑ Sortino ↑ ROIC (%) ↑ P/T ($) ↑
LLM-Based Strategies - ATLAS

LLaMA 3.3-70B
Baseline -0.38± 0.81 -0.02± 0.06 -0.03± 0.16 -26.23± 164.36
Reflection -1.32± 0.21 -0.10± 0.01 -0.21± 0.07 -227.29± 38.58
Adaptive-OPRO -0.72± 0.19 -0.06± 0.02 -0.09± 0.03 -86.11± 31.28

Claude Sonnet 4
Baseline -2.13± 1.81 -0.17± 0.13 -0.54± 0.56 -522.11± 353.17
Reflection -1.82± 1.67 -0.14± 0.13 -0.37± 0.46 -313.67± 414.48
Adaptive-OPRO -2.62± 2.27 -0.20± 0.17 -0.80± 0.48 -576.65± 491.70

Claude Sonnet 4

w/ Thinking

Baseline -0.63± 0.32 -0.04± 0.02 -0.12± 0.10 -113.56± 89.87
Reflection -1.10± 1.94 -0.09± 0.16 -0.34± 0.85 -90.06± 311.40
Adaptive-OPRO -0.73± 0.32 -0.06± 0.02 -0.39± 0.35 -133.64± 113.58

GPT-o4-mini
Baseline 0.33± 0.69 0.04± 0.08 0.16± 0.21 155.33± 202.32
Reflection -1.38± 0.29 -0.14± 0.02 -0.17± 0.05 -132.49± 87.57
Adaptive-OPRO 1.41± 1.06 0.16± 0.14 0.34± 0.26 340.47± 260.95

GPT-o3
Baseline -0.54± 0.80 -0.04± 0.07 -0.10± 0.31 -64.90± 190.96
Reflection -1.33± 1.18 -0.10± 0.08 -0.43± 0.68 -187.25± 261.18
Adaptive-OPRO 1.52± 0.43 0.15± 0.05 1.08± 0.72 380.06± 44.91

Qwen3-235B
Baseline -0.70± 0.22 -0.03± 0.01 -0.43± 0.13 -437.32± 151.36
Reflection -0.59± 0.54 -0.03± 0.02 -0.34± 0.25 -334.07± 245.20
Adaptive-OPRO 0.17± 0.59 0.01± 0.03 -0.02± 0.34 -12.35± 351.54

Qwen3-32B
Baseline -3.23± 0.37 -0.14± 0.02 -0.95± 0.06 -854.51± 145.41
Reflection -2.56± 0.95 -0.11± 0.04 -0.68± 0.24 -709.97± 279.41
Adaptive-OPRO -0.40± 1.14 -0.02± 0.05 0.29± 0.94 -440.76± 476.89

Table 5: Additional performance metrics for XOM (energy sector) comparing LLM-based approaches using ATLAS
in stable market conditions. Ann. SR = Annualized Sharpe Ratio, ROIC = Return on Invested Capital, P/T = Profit
per Trade. Bold values indicate the best per model.

Figure 2: ROI across three assets using Adaptive-OPRO.

E.3 The Reflection Paradox, Revisited1418

Reflection mechanisms show regime- and model-1419

dependent behavior. In multiple settings they add1420

analysis without producing commensurate execu-1421

tion benefits. Across the extended metrics, reflec-1422

tion frequently underperforms Adaptive-OPRO and1423

often fails to exceed fixed prompt baselines. Degra-1424

dations are most visible in Sortino and ROIC,1425

where added cognitive overhead appears to intro-1426

duce hesitation or inconsistent sizing. These results1427

support the view that when base prompts and inter-1428

faces are well specified, iterative self-commentary1429

can inject noise into otherwise coherent policies.1430

E.4 Architectural Performance Patterns 1431

GPT family. GPT-o3 exhibits the most stable 1432

risk-adjusted profile. Sortino and gains under 1433

Adaptive-OPRO align with visible drawdown com- 1434

pression and disciplined exposure. GPT-o4-mini 1435

benefits from optimization but shows a tendency 1436

toward over-trading in some regimes. Its risk- 1437

adjusted gains are present, yet capital efficiency 1438

can lag when trade frequency rises without propor- 1439

tional edge. 1440

Qwen family. Qwen models exhibit a scale- 1441

dependent profile. Qwen3-235B trades selectively 1442
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Model Prompting Ann. SR ↑ Sortino ↑ ROIC (%) ↑ P/T ($) ↑
LLM-Based Strategies - ATLAS

LLaMA 3.3-70B
Baseline -1.45± 0.33 -0.09± 0.02 -1.01± 0.48 -1070.14± 634.06
Reflection -1.38± 0.39 -0.08± 0.02 -0.68± 0.20 -647.13± 141.63
Adaptive-OPRO -1.05± 0.06 -0.06 -0.47± 0.19 -472.27± 174.19

Claude Sonnet 4
Baseline -1.04± 0.48 -0.06± 0.03 -2.83± 1.13 -1920.19± 323.80
Reflection -0.91± 0.21 -0.05± 0.01 -2.66± 1.47 -1206.60± 745.08
Adaptive-OPRO 0.12± 0.28 0.01± 0.02 0.00± 0.27 -144.52± 136.78

Claude Sonnet 4

w/ Thinking

Baseline -0.68± 0.77 -0.04± 0.04 -2.65± 2.53 -2084.43± 2197.78
Reflection -1.23± 0.06 -0.08 -5.21± 1.72 -2407.54± 1345.56
Adaptive-OPRO -0.06± 0.61 -0.00± 0.04 -0.35± 0.92 -278.10± 725.32

GPT-o4-mini
Baseline -0.26± 0.27 -0.02± 0.02 -0.18± 0.22 -168.13± 209.76
Reflection -0.61± 0.71 -0.04± 0.04 -0.48± 0.72 -287.24± 328.38
Adaptive-OPRO 1.49± 0.12 0.09± 0.01 1.12± 0.34 1056.49± 297.92

GPT-o3
Baseline -1.27± 0.45 -0.08± 0.02 -1.67± 1.03 -792.65± 279.17
Reflection -0.84± 0.70 -0.05± 0.04 -0.90± 0.73 -497.41± 337.21
Adaptive-OPRO 2.32± 0.76 0.16± 0.07 1.98± 0.84 799.30± 242.46

Qwen3-235B
Baseline -0.09± 0.61 -0.00± 0.02 -0.23± 0.67 -495.51± 489.68
Reflection -0.78± 0.52 -0.02± 0.01 -1.41± 0.92 -1625.13± 550.55
Adaptive-OPRO 0.39± 0.31 0.01± 0.01 0.28± 0.39 66.84± 79.90

Qwen3-32B
Baseline -1.39± 0.49 -0.05± 0.02 -1.01± 0.34 -1194.23± 323.67
Reflection -1.04± 0.03 -0.04± 0.01 -2.28± 2.88 -728.58± 362.80
Adaptive-OPRO -0.34± 0.34 -0.01± 0.01 -0.59± 0.37 -1213.67± 297.92

Table 6: Additional performance metrics for LLY (healthcare sector) comparing LLM-based approaches using
ATLAS in volatile, declining market conditions. Ann. SR = Annualized Sharpe Ratio, ROIC = Return on Invested
Capital, P/T = Profit per Trade. Bold values indicate the best per model.

and, under Adaptive-OPRO, achieves robust ROIC1443

and consistent Sortino gains across regimes, espe-1444

cially where patience and precise timing are re-1445

warded. Qwen3-32B is more active with higher1446

variability; Adaptive-OPRO narrows this gap by1447

improving risk-adjusted behavior and capital effi-1448

ciency, but residual volatility in outcomes remains1449

higher than for the larger counterpart. Reflection is1450

particularly inconsistent for the 32B variant, where1451

added reasoning often amplifies noise.1452

LLaMA 3.3-70B. Raw returns can appear com-1453

petitive in trending periods, but extended metrics1454

reveal weaker downside control and inconsistent1455

capital efficiency. Adaptive-OPRO reduces these1456

gaps, yet reflection often increases variance with-1457

out clear risk-adjusted gains. The pattern suggests1458

sound high-level narrative analysis with slippage1459

at the execution layer that optimization partially1460

repairs.1461

Claude Sonnet 4 (with and without thinking).1462

Both modes show uneven translation from analysis1463

to execution. With thinking enabled, the model pro-1464

duces detailed diagnostics, but extended metrics in-1465

dicate conservative positioning that can miss trend1466

capture, leading to modest ROIC. Without think-1467

ing, decisions are less predictable and downside1468

risk rises. Adaptive-OPRO improves both modes1469

but does not eliminate regime sensitivity.1470

E.5 Extended Prompting Strategy Analysis 1471

Adaptation frequency effects. Daily reflection 1472

can help in range-bound markets by encouraging 1473

restraint and tighter downside control. In trending 1474

markets it often suppresses participation, leaving 1475

upside uncaptured. Weekly reflection shows fewer 1476

short-horizon reversals but still trails Adaptive- 1477

OPRO on risk-adjusted measures (Tables 9, 10, 1478

11). 1479

Mechanism compatibility. Combining 1480

Adaptive-OPRO with daily reflection usually 1481

outperforms reflection alone but still underper- 1482

forms pure Adaptive-OPRO. The optimization 1483

signal appears sufficient on its own, while added 1484

reflective steps introduce inconsistent edits or 1485

timing noise that dilute capital efficiency and 1486

worsen Sortino in several settings. 1487

Summary. Across extended metrics and regimes, 1488

Adaptive-OPRO delivers consistent improvements 1489

in downside control, capital efficiency, and per- 1490

trade value creation. Reflection provides mixed ben- 1491

efits and often interferes with otherwise clean opti- 1492

mization dynamics. Architectural differences mat- 1493

ter: GPT-o3 and Qwen3-235B translate optimiza- 1494

tion into stable, execution-aware behavior, Qwen3- 1495

32B benefits from optimization to curb variability, 1496

LLaMA gains risk-adjusted ground but remains 1497

sensitive to execution choices, and Claude vari- 1498
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Model Prompting ROI (%) ↑ Sharpe Ratio ↑ Max DD (%) ↓ Win Rate (%) ↑ Num Trades
Non-LLM-Based Strategies

Buy & Hold N/A 1.14 0.013 6.97 0.00 1
MACD N/A -0.26 -0.019 5.90 0.00 3
SMA (50-day) N/A -0.13 -0.019 5.57 0.00 3
SLMA (20/50) N/A -1.12 -0.043 5.28 0.00 2
Bollinger Bands N/A 0.00 0.000 0.00 0.00 0

LLM-Based Strategies

Llama 3.3 70B
Baseline -0.42± 2.06 -0.024± 0.051 5.56± 1.08 53.48± 9.56 26.00± 2.00
Reflection -2.61± 0.77 -0.083± 0.014 6.38± 0.72 46.63± 3.15 26.33± 6.51
Adaptive-OPRO -1.10± 0.44 -0.045± 0.012 5.15± 0.71 50.00± 3.85 25.33± 1.15

Claude Sonnet 4
Baseline -4.49± 4.22 -0.134± 0.114 7.71± 1.06 37.50± 4.17 19.00± 3.46
Reflection -3.78± 4.23 -0.115± 0.105 10.54± 1.58 23.84± 8.27 18.00± 6.93
Adaptive-OPRO -5.07± 4.53 -0.165± 0.143 9.23± 2.71 31.02± 7.90 18.33± 2.52

Claude Sonnet 4
w/ Thinking

Baseline -0.99± 0.80 -0.039± 0.020 7.75± 1.00 56.28± 1.50 17.00± 5.20
Reflection -1.49± 3.76 -0.069± 0.123 7.27± 2.26 45.11± 12.6 17.00± 5.57
Adaptive-OPRO -1.01± 0.90 -0.046± 0.020 5.16± 0.52 36.2± 24.47 16.33± 2.08

GPT-o4-mini
Baseline 1.29± 1.38 0.021± 0.044 3.23± 0.48 39.01± 3.61 22.67± 7.57
Reflection -1.48± 0.54 -0.087± 0.018 4.64± 0.75 32.62± 7.49 27.33± 3.06
Adaptive-OPRO 3.88± 2.21 0.089± 0.067 3.28± 0.95 47.95± 7.15 25.33± 5.03

GPT o3
Baseline -0.60± 1.71 -0.034± 0.050 5.93± 1.33 60.74± 5.59 16.33± 2.52
Reflection -1.55± 2.09 -0.084± 0.075 5.02± 0.72 42.50± 6.61 16.67± 0.58
Adaptive-OPRO 3.62± 0.90 0.096± 0.027 3.46± 0.48 71.93± 15.9 16.00± 2.65

Qwen3-235B
Baseline -2.43± 0.68 -0.04± 0.01 5.72± 0.16 46.67± 5.77 11.66± 0.57
Reflection -2.02± 1.44 -0.04± 0.03 6.26± 1.77 36.51± 5.50 13.33± 2.31
Adaptive-OPRO 0.27± 1.83 0.01± 0.04 7.20± 2.09 32.86± 15.45 11± 3.61

Qwen3-32B
Baseline -9.14± 1.02 -0.20± 0.02 9.82± 0.90 28.85± 17.20 21± 1.73
Reflection -7.96± 3.11 -0.16± 0.06 9.05± 2.90 40.55± 15.48 24.33± 3.05
Adaptive-OPRO -1.27± 3.21 -0.03± 0.07 6.75± 0.54 35.83± 2.57 25.67± 5.5

Table 7: Complete performance comparison between non-LLM-based and LLM-based approaches using ATLAS in
range-bound market conditions (XOM, energy sector). Bold values indicate the best results per model.

ants improve under optimization yet retain regime-1499

dependent limitations.1500

F Prompt Templates1501

This appendix collects the verbatim prompt tem-1502

plates for all ATLAS agents: the Central Trading1503

Agent (CTA), Market Analyst, News Analyst, Fun-1504

damental Analyst, the Optimizer LLM, and the1505

Reflection Analyst. Placeholders of the form {{1506

variable }} are instantiated at runtime. Content1507

inside <system_role> is injected as the LLM sys-1508

tem message; the remainder is passed as the user1509

message. The CTA operates on a daily decision1510

cadence ({{ action_interval }} = 1 day).1511

Only the CTA’s initial decision prompt is opti-1512

mized via Adaptive-OPRO; all other prompts are1513

held fixed throughout evaluation.1514

F.1 Central Trading Agent (CTA)1515

The Central Trading Agent constitutes the primary1516

decision-making unit within the ATLAS frame-1517

work, responsible for synthesizing structured ana-1518

lytical inputs into actionable trading directives. It1519

integrates market, news, and fundamental informa-1520

tion into a coherent reasoning process and produces1521

explicit order-level outputs that correspond directly1522

to executable market actions. 1523

The agent’s behavior is governed by a structured 1524

prompt architecture that ensures strategic coher- 1525

ence while allowing adaptive responsiveness to 1526

evolving market conditions. This architecture com- 1527

prises two components: the Initial Prompt, which 1528

specifies the agent’s operational principles, deci- 1529

sion criteria, and execution constraints at the start 1530

of a trading window; and the Follow-up Decision 1531

Prompt, which governs subsequent decision stages, 1532

enabling controlled adaptation to new data and port- 1533

folio states while maintaining temporal and strate- 1534

gic consistency. 1535

F.1.1 Central Agent - Initial Decision Prompt 1536

The Initial Decision Prompt specifies the opera- 1537

tional policy of the agent at the beginning of the 1538

trading window. It outlines the decision objectives, 1539

admissible actions, and execution constraints that 1540

shape the first strategic allocation. This prompt es- 1541

tablishes the baseline reasoning framework upon 1542

which subsequent updates are built. The prompt is 1543

provided below. 1544

20



Model Prompting ROI (%) ↑ SR ↑ DD (%) ↓ Win Rate (%) ↑ Num Trades
Non-LLM-Based Strategies

Buy & Hold N/A 41.30 0.409 3.16 0.00 1
MACD N/A -0.62 -0.343 0.62 0.00 1
SMA ) N/A 36.77 0.384 3.12 0.00 1
SLMA N/A 15.88 0.254 2.98 0.00 1
Bollinger Bands N/A 0.00 0.000 0.00 0.00 0

LLM-Based Strategies - ATLAS

Llama 3.3 70B
Baseline 37.86± 12.31 0.388± 0.096 3.46± 0.63 20.37± 35.28 13.00± 20.78
Reflection 40.40± 1.43 0.422± 0.023 2.96± 0.34 33.33± 57.74 5.33± 6.66
Adaptive-OPRO 42.07± 1.85 0.418± 0.016 3.15± 0.02 100.00± 0.00 1.33± 0.58

Claude Sonnet 4
Baseline 13.43± 8.62 0.180± 0.121 5.52± 3.96 60.83± 12.30 21.67± 9.50
Reflection 5.21± 1.10 0.089± 0.026 5.11± 1.86 39.25± 15.79 22.33± 1.53
Adaptive-OPRO 25.85± 10.61 0.290± 0.087 3.75± 0.59 43.81± 38.37 19.00± 12.17

Claude Sonnet 4
w/ Thinking

Baseline 12.52± 2.47 0.175± 0.030 5.03± 1.53 53.30± 14.47 17.00± 2.65
Reflection 11.12± 4.86 0.186± 0.083 3.42± 2.23 77.86± 2.58 17.00± 5.00
Adaptive-OPRO 16.36± 7.87 0.217± 0.105 5.18± 2.52 68.89± 30.06 12.67± 4.04

GPT-o4-mini
Baseline 7.00± 3.46 0.125± 0.054 2.74± 0.79 46.29± 3.21 18.67± 1.53
Reflection 9.80± 3.21 0.189± 0.067 2.45± 1.00 54.54± 7.92 26.33± 9.61
Adaptive-OPRO 10.47± 3.84 0.193± 0.046 3.42± 0.90 62.70± 11.25 20.33± 2.89

GPT o3
Baseline 22.70± 0.92 0.269± 0.029 6.82± 3.03 66.67± 28.87 7.33± 2.52
Reflection 21.98± 4.54 0.325± 0.040 3.14± 0.99 96.67± 5.77 18.00± 3.61
Adaptive-OPRO 25.06± 4.28 0.392± 0.019 2.31± 0.80 100.00± 0.00 9.67± 4.04

Qwen3-235B
Baseline 43.91± 2.31 0.42± 0.00 3.34± 0.16 0.00± 0.00 2± 0
Reflection 34.08± 12.30 0.37± 0.08 2.98± 0.30 23.81± 41.24 11.33± 16.17
Adaptive-OPRO 41.25± 0.00 0.42± 0.00 3.16± 0.00 0.00± 0.00 2± 0

Qwen3-32B
Baseline 35.75± 5.35 0.48± 0.06 2.86± 0.30 60.86± 52.71 22.33± 3.06
Reflection 41.72± 1.32 0.43± 0.01 3.03± 0.22 66.67± 57.74 10.67± 5.13
Adaptive-OPRO 48.37± 0.10 0.47± 0.00 3.15± 0.02 100.00± 0.00 18± 5

Table 8: Complete performance comparison between non-LLM-based and LLM-based approaches using ATLAS in
rising market conditions (NVDA, technology sector). Bold values indicate the best per model.

Central Agent - Initial Prompt

1 # ELITE {{ instrument }} TRADER
2 ** Window :** {{ window_start }}

→ {{ window_end }} | **
Current :** {{ now }} | **
Interval :** {{
action_interval }}

3
4 <system_role >
5 You are an elite proprietary

trader running a fully -
concentrated book in {{
instrument }}.

6 Your goal is to maximize
performance by the end of
the trading window through
strategic positioning.

7 You are a STRATEGIC TRADER , not
a day -trader. Focus on

meaningful moves that align
with your overall strategy.

8 </system_role >
9

10 ## Your Toolkit & Expertise
11 - Pattern recognition across

multiple timeframes
12 - Narrative synthesis of

technical , fundamental , and
sentiment inputs

13 - Dynamic position sizing and
risk management

14 - Strategic patience and
selective execution

1545

15 - Long -term performance
optimization over short -term
noise

16
17 ## Trading Philosophy
18 ** Strategic Patience can be

your greatest ally when
justified .**

19 - Only act when you have high
conviction and clear edge

20 - Let existing positions work -
avoid constant adjustments

21 - Your edge comes from
discipline , not frequency

22
23 ## Trading Toolbox
24 **Order Types**
25 MARKET – immediate • LIMIT –

execute at price or better •
STOP – trigger once price

crosses level
26
27 ** Position Actions **
28 BUY – open/add long • SELL –

reduce/close long • SHORT –
open/add short • SHORT_COVER
– close short

29
30 *(Order -type semantics follow

standard brokerage
definitions; interpret
flexibly as conditions
warrant .)*

1546
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Model Prompting ROI (%) ↑ SR ↑ DD (%) ↓ Win Rate (%) ↑ Num Trades
LLM-Based Strategies - ATLAS

LLaMA 3.3-70B
Reflection (1d) 15.12± 9.01 0.22± 0.11 3.42± 0.70 64.88± 9.16 16± 1.73
Adaptive-OPRO w/Reflection (1d) 36.31± 6.20 0.40± 0.01 2.60± 0.92 33.33± 57.74 2± 0.58
Adaptive-OPRO 42.07± 1.85 0.42± 0.02 3.15± 0.02 100.00± 0.00 1± 0.58

Claude Sonnet 4
Reflection (1d) 6.62± 2.64 0.11± 0.06 5.14± 2.91 48.48± 2.63 15± 5.13
Adaptive-OPRO w/Reflection (1d) 24.60± 3.37 0.33± 0.05 2.39± 0.81 92.67± 7.15 17± 5.86
Adaptive-OPRO 25.85± 10.61 0.29± 0.09 3.75± 0.59 43.81± 38.37 19± 12.17

Claude Sonnet 4

w/ Thinking

Reflection (1d) 12.82± 9.97 0.21± 0.12 3.23± 2.11 50.79± 30.24 9± 2.89
Adaptive-OPRO w/Reflection (1d) 18.22± 10.21 0.23± 0.11 3.54± 0.63 53.33± 17.64 8± 2.08
Adaptive-OPRO 16.36± 7.87 0.22± 0.10 5.18± 2.52 68.89± 30.06 13± 4.04

GPT-o4-mini
Reflection (1d) 3.75± 2.06 0.09± 0.03 3.24± 2.80 61.88± 11.11 30± 10.79
Adaptive-OPRO w/Reflection (1d) 4.33± 0.66 0.12± 0.02 2.36± 0.51 74.39± 2.60 30± 3.61
Adaptive-OPRO 10.47± 3.84 0.19± 0.05 3.42± 0.90 62.70± 11.25 20± 2.89

GPT-o3
Reflection (1d) 12.82± 3.94 0.25± 0.05 3.52± 1.57 82.01± 9.30 13± 2.08
Adaptive-OPRO w/Reflection (1d) 11.54± 5.63 0.24± 0.08 1.89± 0.54 73.74± 23.54 16± 4.16
Adaptive-OPRO 25.06± 4.28 0.39± 0.02 2.31± 0.80 100.00 10± 4.04

Table 9: Performance comparison of advanced prompting strategies for NVDA (technology sector) using ATLAS in
bullish market conditions. Bold values indicate the best per model.

Model Prompting ROI (%) ↑ SR ↑ DD (%) ↓ Win Rate (%) ↑ Num Trades
LLM-Based Strategies - ATLAS

LLaMA 3.3-70B
Reflection (1d) 0.82± 1.42 0.01± 0.02 1.62± 2.80 16.67± 28.87 8± 13.86
Adaptive-OPRO w/Reflection (1d) 0.29± 0.50 0.00± 0.00 1.96± 3.39 16.67± 28.87 12± 20.78
Adaptive-OPRO -1.10± 0.44 -0.05± 0.01 5.15± 0.71 50.00± 3.85 25± 1.15

Claude Sonnet 4
Reflection (1d) -3.76± 4.23 -0.10± 0.07 7.29± 3.08 48.81± 20.03 15± 6.08
Adaptive-OPRO w/Reflection (1d) -4.48± 3.85 -0.20± 0.16 7.16± 3.31 39.17± 20.05 14± 3.51
Adaptive-OPRO -5.07± 4.53 -0.16± 0.14 9.23± 2.71 31.02± 7.90 18± 2.52

Claude Sonnet 4

w/ Thinking

Reflection (1d) 2.40± 4.39 0.05± 0.14 4.57± 1.98 48.41± 42.35 14± 5.69
Adaptive-OPRO w/Reflection (1d) -2.84± 3.73 -0.12± 0.13 8.03± 0.89 22.62± 7.43 14± 1.53
Adaptive-OPRO -1.01± 0.90 -0.05± 0.02 5.16± 0.52 36.20± 24.47 16± 2.08

GPT-o4-mini
Reflection (1d) -3.81± 2.13 -0.18± 0.06 6.54± 1.95 32.86± 8.84 38± 9.71
Adaptive-OPRO w/Reflection (1d) -1.43± 0.38 -0.09± 0.02 5.37± 3.26 41.45± 7.41 38± 5.29
Adaptive-OPRO 3.88± 2.21 0.09± 0.07 3.28± 0.95 47.95± 7.15 25± 5.03

GPT-o3
Reflection (1d) -0.97± 1.08 -0.11± 0.09 3.42± 0.58 48.21± 20.28 11± 2.65
Adaptive-OPRO w/Reflection (1d) -0.51± 0.76 -0.06± 0.03 2.71± 0.18 55.18± 16.43 17± 4.73
Adaptive-OPRO 3.62± 0.90 0.10± 0.03 3.46± 0.48 71.93± 15.99 16± 2.65

Table 10: Performance comparison of advanced prompting strategies for XOM (energy sector) using ATLAS in
stable market conditions. Bold values indicate the best per model.

31
32 ## Current Context
33 {% if market_open %}
34 Price: O {{ open }} H {{ high

}} L {{ low }} C {{ close }}
| Vol {{ volume }}

35 {% else %}
36 ** Market Closed ** – orders

queue for next open
37 {% endif %}
38
39 {% if market_analysis %}*

Technical *: {{
market_analysis }}{% endif
%}

40 {% if news_analysis %}* News*:
{{ news_analysis }}{% endif
%}

41 {% if fund_analysis %}*
Fundamentals *: {{
fund_analysis }}{% endif %}

42 {% if reflection_analysis %}*
Reflection *: {{
reflection_analysis }}{%

1547

endif %}
43
44 ## CONSTRAINTS
45 ** Portfolio :** 100%

concentrated in {{
instrument }} with ${{
portfolio_cash }} available
cash for position sizing

46
47 ** Critical Rules :**
48 - Never exceed available cash (

${{ portfolio_cash }})
49 - Never short more than 100% of

cash balance
50 - Close all short positions

before {{ window_end }}
51 - Unfilled orders cancel at

session close - resubmit to
persist

52 - Decisions can be made every
{{ action_interval }}

53 - SELL orders are automatically
limited to current long

holdings - overselling is
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Model Prompting ROI (%) ↑ SR ↑ DD (%) ↓ Win Rate (%) ↑ Num Trades
LLM-Based Strategies - ATLAS

LLaMA 3.3-70B
Reflection (1d) -10.59± 4.89 -0.11± 0.06 16.37± 1.97 40.47± 8.25 27± 2.65
Adaptive-OPRO w/Reflection (1d) -5.03± 0.99 -0.06± 0.02 13.18± 0.22 42.86± 7.15 26± 4.93
Adaptive-OPRO -6.16± 2.08 -0.07± 0.00 14.05± 3.33 54.36± 12.44 28± 3.21

Claude Sonnet 4
Reflection (1d) -2.98± 3.38 -0.04± 0.04 10.35± 4.47 33.33± 11.55 14± 5.20
Adaptive-OPRO w/Reflection (1d) -4.68± 4.71 -0.06± 0.06 13.07± 3.68 26.19± 8.58 15± 2.65
Adaptive-OPRO 0.35± 1.78 0.01± 0.02 14.76± 2.87 43.45± 6.27 15± 2.00

Claude Sonnet 4

w/ Thinking

Reflection (1d) -5.25± 2.34 -0.05± 0.01 15.35± 4.17 24.44± 21.43 13± 6.35
Adaptive-OPRO w/Reflection (1d) -2.07± 3.49 -0.03± 0.04 8.74± 3.77 47.62± 4.12 16± 2.52
Adaptive-OPRO -0.73± 3.82 -0.00± 0.04 12.94± 2.32 43.89± 21.11 17± 5.00

GPT-o4-mini
Reflection (1d) -3.84± 2.93 -0.06± 0.04 9.61± 2.13 52.46± 2.50 32± 12.50
Adaptive-OPRO w/Reflection (1d) -1.25± 1.45 -0.04± 0.03 6.51± 2.08 41.14± 15.35 27± 3.79
Adaptive-OPRO 9.06± 0.73 0.09± 0.01 11.48 65.28± 16.84 17± 5.86

GPT-o3
Reflection (1d) 0.14± 0.56 -0.01± 0.01 6.40± 1.07 73.81± 2.06 19± 3.79
Adaptive-OPRO w/Reflection (1d) 8.05± 0.30 0.16± 0.03 4.55± 1.42 76.69± 5.03 22± 5.69
Adaptive-OPRO 9.02± 3.28 0.15± 0.05 5.33± 0.14 72.81± 17.27 20± 4.16

Table 11: Performance comparison of advanced prompting strategies for LLY (healthcare sector) using ATLAS in
volatile, declining market conditions. Bold values indicate the best per model.

Figure 3: Daily vs weekly reflection mechanism performance comparison across models and assets, showing ROI
percentages (solid = daily, striped = weekly).

impossible
54 - SHORT_COVER orders are

automatically limited to
current short positions -
over -covering is impossible

55 - System enforces position
limits - you cannot
accidentally create invalid
positions

56
57 ** Portfolio Snapshot **
58 Long {{ shares_long }} | Short

{{ shares_short }} | Net {{
shares_net }} | Cash ${{
portfolio_cash }}

59 Recent activity: {{
executed_orders }}

60
61 ## Decision Task
62 Formulate a thesis , map key

levels , gauge risk vs reward

1549

, and make your decision.
63 Return either a structured

order list or [] if patience
best serves performance by

{{ window_end }}.
64
65 ## Output Specification
66 Return **only** a JSON array -

no extra text. If no action ,
return [].

67 [
68 {
69 "action ": "BUY | SELL |

SHORT | SHORT_COVER",
70 "orderType ": "MARKET |

LIMIT | STOP",
71 "price": float | null ,
72 "quantity ": integer ,
73 "explanation ": "Strategic

reasoning and analysis
that justifies this

1550
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action"
74 }
75 ]
76
77 ** CRITICAL REQUIREMENTS :**
78 - EXACT values: action must be

BUY|SELL|SHORT|SHORT_COVER ,
orderType must be MARKET|
LIMIT|STOP

79 - NO additional fields , NO
typos , NO variations -
orders will fail to place
otherwise

80 - Always return a JSON array (
even single orders). Return
[] if no action is warranted
.

81 - Focus on strategic
positioning and end -of -
window performance over
tactical adjustments and
noise

1551

F.1.2 Central Agent - Follow-up Decision1552

Prompt1553

The Follow-up Decision Prompt regulates the1554

agent’s iterative reasoning process after initializa-1555

tion. It integrates updated analytical inputs and port-1556

folio states to determine whether position adjust-1557

ments are justified. This prompt ensures adaptive1558

responsiveness to evolving market conditions while1559

maintaining alignment with the initial strategic con-1560

figuration. The prompt is provided below.1561

Central Agent - Follow-up Prompt

1 # TRADING UPDATE - {{
instrument }}

2 ** Current :** {{ now }}
3
4 Continue applying your elite

trading expertise to {{
instrument }}.

5
6 **Key Constraints :**
7 - Never exceed cash balance ($

{{ portfolio_cash }})
8 - Never short more than 100% of

cash balance
9 - ** IMPORTANT **: Unfilled

orders ALWAYS cancel at
session close - resubmit to
persist

10 - All short positions must
close before {{ window_end
}}

11 - SELL orders are automatically
limited to current long

holdings - overselling is
impossible

12 - SHORT_COVER orders are
automatically limited to
current short positions -
over -covering is impossible

1562

13
14 ## CURRENT CONTEXT
15 ** Market Data :**
16 {% if market_open %}
17 - Open: {{ open }} | High: {{

high }} | Low: {{ low }} |
Close: {{ close }}

18 - Volume: {{ volume }}
19 {% else %}
20 ** MARKET CLOSED **
21 - All outstanding orders

canceled at session close
22 - New orders will queue for

next session open
23 {% endif %}
24
25 ** Analyst Insights :**
26 {% if market_analysis %}
27 ### Market Analysis
28 {{ market_analysis }}
29 {% endif %}
30 {% if news_analysis %}
31 ### News Analysis
32 {{ news_analysis }}
33 {% endif %}
34 {% if fund_analysis %}
35 ### Fundamentals Analysis
36 {{ fund_analysis }}
37 {% endif %}
38 {% if reflection_analysis %}
39 ### Reflection Analysis
40 {{ reflection_analysis }}
41 {% endif %}
42
43 ** Portfolio Status :**
44 - Long Shares: {{ shares_long

}}
45 - Short Shares: {{ shares_short

}}
46 - Net Position: {{ shares_net

}}
47 - Available Cash: ${{

portfolio_cash }}
48 - Recent Activity: {{

executed_orders | default ("
None") }}

49
50 ## YOUR DECISION
51 ** Strategic Update Goal :**

Decide if and how the latest
developments affect your

thesis and whether
adjustments improve end -of-
window performance.

52
53 ** REQUIRED JSON FORMAT :**
54 [
55 {
56 "action ": "BUY|SELL|SHORT|

SHORT_COVER",
57 "orderType ": "MARKET|LIMIT|

STOP",
58 "price": float|null ,
59 "quantity ": integer|null ,
60 "explanation ": "reasoning

that synthesizes new
information with your
ongoing strategy"
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61 }
62 ]
63
64 ** Requirements :**
65 - EXACT values: action must be

BUY|SELL|SHORT|SHORT_COVER ,
orderType must be MARKET|
LIMIT|STOP

66 - NO additional fields , NO
typos , NO variations -
orders will fail to place
otherwise

67 - Always return a JSON array (
even single orders). If no
action , return [].

68 - Maintain strategic discipline
while adapting to market

dynamics

1564

F.2 Market Analyst1565

The Market Analyst module constitutes the tech-1566

nical assessment layer of the ATLAS framework.1567

It processes structured market data, indicators,1568

and price dynamics to produce concise, objective1569

analyses that support the trading agent’s decision-1570

making process. The component operates through1571

two structured prompts that define its analytical1572

workflow. The Initial Prompt establishes the base-1573

line technical interpretation and analytical scope at1574

the beginning of each trading window, while the1575

Follow-up Prompt governs subsequent updates as1576

new market information becomes available. These1577

prompts are presented in detail below.1578

F.2.1 Market Analyst - Initial Prompt1579

The Initial Prompt defines the baseline analytical1580

process of the Market Analyst. It specifies the struc-1581

ture, scope, and format of the initial technical re-1582

port, focusing on market structure, price behavior,1583

dominant patterns, and critical levels. The prompt1584

ensures that the analysis remains descriptive, pre-1585

cise, and directly relevant to trading decisions. The1586

prompt is provided below.1587

Market Analyst - Initial Prompt

1 # ELITE MARKET ANALYST - {{
instrument }}

2 ** Session :** {{ session_start
}} → {{ session_end }}

3 ** Current :** {{ current_time }}
| ** Interval :** {{

action_interval }}
4
5 You are an expert market

analyst specializing in
technical analysis.

6
7 **Your analytical role :**

1588

8 - Provide objective technical
analysis based on market
data and indicators

9 - Identify patterns , trends ,
and structural elements in
price action

10 - Present factual observations
about market conditions and
technical levels

11 - Focus on descriptive analysis
rather than predictive

recommendations
12
13 ## MARKET DATA
14
15 ### Multi -Timeframe Context
16 {{ extended_intervals_analysis

}}
17
18 ### Current Session
19 **OHLCV :** ${{ open_price }} /

${{ high_price }} / ${{
low_price }} / ${{
close_price }}

20 ** Volume :** {{ volume }} | **
VWAP :** {{ vwap_str }} | **
Transactions :** {{
transactions }}

21
22 ## TECHNICAL INDICATORS
23 {{ formatted_indicators }}
24
25 ## YOUR ANALYSIS
26
27 ** Analytical Excellence Goal :**

Deliver the most valuable
technical insights that
directly inform trading
decisions. Consider what a
trader most needs to know
right now.

28
29 ** Iterative Refinement :** Think

through your analysis , then
refine it to ensure you ’re

highlighting the most
critical market signals and
actionable price levels.
Focus on what matters most
for trading success.

30
31 Provide analysis covering:
32 1. ** Market Structure :**

Current trend context and
notable support/resistance
observations

33 2. **Price Action :** What the
current session dynamics are
showing

34 3. ** Technical Patterns :**
Observable confluences and
technical formations

35 4. ** Notable Levels :** Key
price levels and their
technical significance

36
37 ** Available Technical Tools :**
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38 - Standard indicators: Moving
averages , RSI , MACD , ATR ,
volume analysis

39 - Advanced levels: Fibonacci
retracements/extensions ,
pivot points , psychological
levels

40 - Pattern recognition: Chart
patterns , candlestick
formations , breakout setups

41 - Volume analysis: Volume
profile , VWAP deviations ,
volume confirmation signals

42 - Consider any technical tool
that helps identify
actionable trading levels
and signals

43
44 ** Response Format :**
45 - Keep responses concise and

direct - avoid excessive
detail and repetitive
explanations

46 - Focus on the most critical
observations only , not
comprehensive analysis

47 - Provide essential insights
without verbose elaboration

48 - Each section should be 2-3
concise sentences maximum

1590

F.2.2 Market Analyst - Follow-up Prompt1591

The Follow-up Prompt manages iterative updates1592

after the initial analysis. It enables the Market An-1593

alyst to incorporate newly available data, refresh1594

indicator readings, and re-evaluate market condi-1595

tions. This prompt maintains analytical consistency1596

with the initial framework while highlighting only1597

the most relevant developments for ongoing trading1598

decisions. The prompt is provided below.1599

Market Analyst - Follow-up Prompt

1 ## MARKET UPDATE - {{
instrument }}

2 **Time :** {{ current_time }}
3
4 Continue your role as market

analyst. Maintain the same
objective , descriptive
approach from the initial
session.

5
6 ## CURRENT DATA
7 **OHLCV :** ${{ open_price }} /

${{ high_price }} / ${{
low_price }} / ${{
close_price }}

8 ** Volume :** {{ volume }} | **
VWAP :** {{ vwap_str }} | **
Transactions :** {{
transactions }}

9
10 ## TECHNICAL INDICATORS

1600

11 {{ formatted_indicators }}
12
13 **Goal :** Provide the most

valuable technical insights
for trading decisions.
Consider what ’s most
important right now , then
refine your analysis to
focus on those critical
elements.

14
15 Cover market structure , price

action , technical setup , and
key levels with emphasis on
actionable insights. Keep

each section to 2-3 concise
sentences.

1601

F.3 News Analyst 1602

The News Analyst module provides the narra- 1603

tive and sentiment analysis layer of the ATLAS 1604

framework. It processes financial news and me- 1605

dia streams to extract structured, factual, and 1606

sentiment-based insights relevant to trading deci- 1607

sions. The component operates through two struc- 1608

tured prompts that define its analytical workflow. 1609

The Initial Prompt establishes the methodology and 1610

analytical scope at the beginning of each trading 1611

window, while the Follow-up Prompt manages sub- 1612

sequent updates as new information is released. 1613

These prompts are presented in detail below. 1614

F.3.1 News Analyst - Initial Prompt 1615

The Initial Prompt defines the baseline analytical 1616

configuration of the News Analyst. It guides the 1617

extraction of factual information, sentiment eval- 1618

uation, and narrative structure from the available 1619

news flow. The prompt ensures objectivity and con- 1620

ciseness, focusing on actionable insights that may 1621

influence market dynamics. The prompt is provided 1622

below. 1623

News Analyst - Initial Prompt

1 # ELITE NEWS ANALYST - {{
instrument }}

2 ** Session :** {{ session_start
}} → {{ session_end }}

3 ** Current :** {{ current_time }}
4
5 **Your analytical role :**
6 - Analyze financial news

content for factual
information and sentiment

7 - Identify narrative trends and
key developments in the

news flow
8 - Provide objective assessment

of news relevance and
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credibility
9 - Focus on factual analysis

rather than predictive
interpretations

10
11 ** Output Requirements :**
12 - Keep responses concise and

direct - avoid excessive
detail and repetitive
explanations

13 - Focus on the most critical
observations only

14 - Provide essential insights
without verbose elaboration

15
16 **Web Search Available :** Use

the web_search tool when
article summaries lack
detail , or you need to
verify key claims.

17
18 ## NEWS BATCH
19 {{ joined_news }}
20
21 ## YOUR ANALYSIS
22
23 **News Intelligence Goal :**

Extract the most market -
relevant insights from news
flow that could influence
trading decisions. Consider
what news elements are truly
significant versus noise.

24
25 ** Iterative Refinement :** After

analyzing the news , focus
your insights on what ’s most
actionable and relevant to

current market conditions.
Prioritize information that
matters for trading strategy
.

26
27 Provide analysis focused on:
28 1. ** Sentiment Assessment :**

What ’s the overall sentiment
trajectory and key

narrative changes?
29 2. **Key Developments :** What

significant events or
announcements are reported?

30 3. ** Market Relevance :** How
might this news content
relate to market conditions?

31 4. ** Source Analysis :** Any
source reliability concerns
or consensus alignment
issues?

32
33 ** Response Format :**
34 - Write in simple , direct

language without jargon
overuse

35 - Each section should be 2-3
concise sentences maximum

36 - Avoid repetitive phrasing and
redundant explanations
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37 - No excessive formatting , bold
text , or bullet point lists

38 - Focus on actionable
observations , not
comprehensive analysis

1626

F.3.2 News Analyst - Follow-up Prompt 1627

The Follow-up Prompt governs iterative updates 1628

following the initial analysis. It enables the News 1629

Analyst to incorporate new articles, track evolv- 1630

ing sentiment trends, and reassess the relevance 1631

or reliability of information sources. This prompt 1632

maintains analytical consistency with the initial 1633

framework while emphasizing the most recent de- 1634

velopments that may affect trading decisions. The 1635

prompt is provided below. 1636

News Analyst - Follow-up Prompt

1 ## NEWS UPDATE - {{ instrument
}}

2 **Time :** {{ current_time }}
3
4 Continue your role as news

analyst. Maintain the same
objective , factual approach
from the initial session.

5
6 ## LATEST NEWS BATCH
7 {{ joined_news }}
8
9 **Goal :** Identify the most

market -moving news elements
and sentiment shifts.
Consider what information is
most valuable for trading

decisions , then focus your
analysis on those key
insights.

10
11 Cover sentiment assessment , key

developments , market
relevance , and source
analysis. Use web_search
tool if needed for
additional detail.

1637

F.4 Fundamental Analyst 1638

The Fundamental Analyst module provides the 1639

financial-analysis layer of ATLAS. It processes 1640

structured fundamentals (statements, guidance, 1641

events) to extract material, trading-relevant sig- 1642

nals under a clear materiality and catalyst frame- 1643

work. The component operates via two structured 1644

prompts: the Initial Prompt, which establishes the 1645

baseline financial interpretation at the start of each 1646

trading window, and the Follow-up Prompt, which 1647

delivers iterative updates as new disclosures arrive. 1648

These prompts are presented below. 1649
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F.4.1 Fundamental Analyst - Initial Prompt1650

The Initial Prompt specifies the baseline1651

fundamental-analysis procedure, including scope1652

(financial health, earnings quality, balance-sheet1653

resilience, cash-flow sustainability) and catalyst1654

identification (events, guidance changes, corporate1655

actions). It yields a concise, objective report1656

highlighting only material developments and1657

their plausible trading implications, designed1658

to complement technical and news inputs. The1659

prompt is provided below.1660

Fundamental Analyst - Initial Prompt

1 # ELITE FUNDAMENTAL ANALYST -
{{ instrument }}

2 ** Session Window :** {{
session_start }} -> {{
session_end }}

3 ** Current Time :** {{
current_time }}

4
5 ## SESSION ARCHITECTURE
6 ** Message Types :**
7 1. **Setup (this message)** -

Complete framework ,
methodology and initial
fundamentals batch

8 2. **Delta updates ** - Compact
{{ action_interval }}
updates with updated
fundamentals

9
10 ** CRITICAL :** Future deltas

contain NO repeated
instructions.

11 All analytical frameworks must
persist.

12
13 You are an elite fundamental

analyst with deep expertise
in financial statement
analysis and corporate
finance.

14 Your reputation is built on the
ability

15 to quickly identify material
changes in financial health
and corporate events that
create trading opportunities
.

16 You connect the dots between
financial data and market
implications like a seasoned
equity research

professional.
17
18 ## ANALYTICAL PHILOSOPHY
19 Your edge comes from:
20 - ** Financial Forensics **:

Uncovering the real story
behind the numbers

21 - ** Catalyst Recognition **:
Identifying financial events
that drive price action
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22 - ** Quality Assessment **:
Distinguishing between
earnings quality and
accounting manipulation

23 - ** Context Integration **:
Understanding how financial
health connects to market
behavior

24
25 ## OPERATIONAL FRAMEWORK
26 **Core Mission :** Extract

trading -relevant insights
from financial data and
corporate events

27 ** Professional Standards :**
Focus on material
information that could
influence trading decisions

28 ** Quality Approach :**
Prioritize actionable
insights over comprehensive
analysis

29
30 ** Output Requirements :**
31 - Keep responses concise and

direct - avoid excessive
detail and repetitive
explanations

32 - Focus on the most critical
observations only

33 - Provide essential insights
without verbose elaboration

34
35 ## CURRENT FUNDAMENTALS DATA
36 {{ fundamental_data }}
37
38 ## YOUR ANALYSIS
39
40 ** Response Format :**
41 - Each section should be 2-3

concise sentences maximum
42 - Avoid repetitive phrasing and

redundant explanations
43 - Focus on actionable

observations , not
comprehensive analysis

44
45 ** Fundamental Intelligence Goal

:** Extract the most trading
-relevant insights from
financial data that could
influence market decisions.
Consider which fundamental
factors are most likely to
impact price action in the
current market environment.

46
47 ** Iterative Analysis :** Review

the financial data
thoroughly , then focus your
insights on the most
material changes and
catalysts. Prioritize
information that provides
valuable context for trading
strategy.

48
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49 Apply your fundamental analysis
expertise to extract

trading -relevant insights.
Focus on corporate events ,
financial health trends , and
performance indicators that
could influence short -term

trading decisions.
50
51 Consider earnings quality ,

balance sheet strength , cash
flow sustainability , and

any material changes that
could serve as catalysts.
Your analysis should provide
fundamental context that

complements technical and
sentiment analysis.

52
53 ** Remember :** Identify

fundamental factors that
could influence price action
. Provide the insights; let
the trading agent integrate
them systematically.

1663

F.4.2 Fundamental Analyst - Follow-up1664

Prompt1665

The Follow-up Prompt governs incremental up-1666

dates after initialization. It incorporates newly1667

released fundamentals (filings, guidance, event1668

deltas), reassesses material changes and catalysts,1669

and refines the prior assessment while preserving1670

methodological consistency. Emphasis is placed on1671

short-horizon relevance and actionable context for1672

the trading agent. The prompt is provided below.1673

Fundamental Analyst - Follow-up Prompt

1 ## FUNDAMENTAL ANALYSIS UPDATE
- {{ instrument }}

2 ** Timestamp :** {{ current_time
}}

3
4 Continue with your role as

elite fundamental analyst.
Apply the same analytical
depth and professional
standards established in the
initial framework.

5
6 ## UPDATED FUNDAMENTALS
7 {{ fundamental_data }}
8
9 **Goal :** Identify the most

significant fundamental
developments and their
potential market
implications. Consider what
fundamental information is
most valuable for current
trading context , then focus
your analysis accordingly.

10
1674

11 Provide fundamental analysis
focusing on material changes
and trading implications.

1675

F.5 Trading Prompt Optimizer 1676

(Adaptive-OPRO Target = CTA Initial 1677

Prompt) 1678

The Trading Prompt Optimizer is the meta- 1679

policy that revises only the static instruc- 1680

tion block of the Central Trading Agent’s Ini- 1681

tial Decision Prompt. At each window bound- 1682

ary it consumes a prompt–performance history 1683

(history_text) scored via the windowed ROI 1684

signal and proposes an edited template that pre- 1685

serves all placeholders ({{...}}), conditional 1686

blocks ({% if %}), and the order JSON 1687

schema (actions and order types). The opti- 1688

mizer returns a strictly structured JSON payload 1689

containing a diagnostic performance_analysis, 1690

a full optimized_prompt (template text, not 1691

a filled instance), key_improvements, and an 1692

expected_impact. An update is applied only if 1693

the placeholder set and interface remain unchanged, 1694

ensuring compatibility with the runtime injector. 1695

Trading Prompt Optimizer’s Prompt

1
2 # TRADING PROMPT OPTIMIZER
3
4 ** Primary Goal :** Optimize

prompt context , information
architecture , and decision -
making frameworks. Enhanced
context leads to better
comprehension , deeper
analysis , and superior
trading decisions that
naturally improve
performance outcomes.

5
6 ** Performance Learning Context

:**
7 {{ history_text }}
8 Note: Scores reflect cumulative

ROI performance (0-100
scale). Higher scores
indicate more effective
prompt designs that enable
better trading decisions.

9
10 **Focus Areas :**
11 - Strengthen the system role

and trader identity
12 - Optimize decision -making

frameworks and criteria
13 - Enhance clarity of

instructions and
expectations
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14 - Provide clearer guidance on
analysis and decision -making
process

15 - Better structure the flow
from analysis to action

16
17 **Key Principles :**
18 - Ensure agent autonomy and

adaptive thinking
19 - Avoid mandatory procedures or

fixed thresholds
20 - Strengthen natural reasoning

and market judgment
21 - Maintain clear constraints

while allowing flexibility
22
23 ** Critical Prompt Design

Guidelines :**
24 - Keep prompts simple and

direct: Models excel at
understanding brief , clear
instructions

25 - Be specific about end goals:
Include specific parameters
for successful decision -
making

26 - Encourage iterative reasoning
: Guide models to keep
reasoning until they match
success criteria

27 - Use clear delimiters and
structure to organize
different sections
appropriately

28
29 {% raw %}
30 ** CRITICAL TEMPLATE

PRESERVATION REQUIREMENTS :**
31 ** WARNING **: Any modification

to template variables will
cause SYSTEM FAILURE

32 ** FORBIDDEN **: Adding new {{
variable_name }}
placeholders is STRICTLY
FORBIDDEN

33 ** FORBIDDEN **: Removing
existing {{ variable_name }}
placeholders is STRICTLY

FORBIDDEN
34 ** MANDATORY **: Copy ALL {{

variable_name }}
placeholders EXACTLY as they
appear in the original

template
35 ** MANDATORY **: Preserve ALL {%

if %} template blocks and <
system_role > tags EXACTLY

36 - Maintain JSON format: BUY ,
SELL , SHORT , SHORT_COVER

37 - Keep order types: MARKET ,
LIMIT , STOP

38 - Ensure compatibility with
interval -based decision
cycles

39 {% endraw %}
40
41 ** CRITICAL JSON FORMAT

REQUIREMENTS :**
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42 - Must be valid JSON with
proper escaping

43 - Use \\n for newlines within
string values

44 - Use \\" for quotes within
string values

45 - No unescaped newlines , tabs ,
or special characters

46 - Enclose the JSON in ‘‘‘json
and ‘‘‘ code blocks

47
48 ** Required JSON Output :**
49 ‘‘‘json
50 {
51 "performance_analysis ": "

Comprehensive analysis of
current template ’s
contextual design
strengths , weaknesses , and
enhancement opportunities

",
52 "optimized_prompt ": "Complete

improved TEMPLATE with
better structure (full
template text with all
placeholders preserved).
Use \\n for line breaks in
the template text.",

53 "key_improvements ": "Specific
structural and contextual
transformations made to

optimize decision -making
effectiveness",

54 "expected_impact ": "Expected
improvements in
comprehension , analytical
depth , and decision -making
quality"

55 }
56 Important: Return a generic

template , not a filled
prompt.

1698

F.6 Weekly Reflection Agent 1699

The Weekly Reflection Agent provides periodic 1700

({{reflection_interval}}-day) reviews of re- 1701

cent trades and portfolio evolution, producing a 1702

single, compact paragraph that highlights recur- 1703

ring patterns, risk discipline, and thesis mainte- 1704

nance. Its output is advisory text only: it is in- 1705

jected as reflection_analysis for the Central 1706

Trading Agent to read on subsequent decisions, 1707

and it does not directly edit prompts or alter ex- 1708

ecution semantics. The reflection is derived from 1709

the full decision log and period summary, avoids 1710

prescriptive rules or rigid thresholds, and is de- 1711

signed to surface durable process improvements 1712

rather than post-hoc trade-by-trade commentary. 1713

By construction, it respects the fixed decision in- 1714

terval and order-cancellation rules described in the 1715

environment specification. 1716
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Weekly Reflection Agent’s Prompt

1 # ELITE TRADING COACH - {{
instrument }} INTERVAL
REVIEW

2 ** Period :** {{
reflection_interval }}-day
review | ** Session :** {{
current_time }} | ** Trading
Decision Frequency :** {{
action_interval }}

3
4 You are a reflection agent

analyzing {{
reflection_interval }} days
of trading performance to
provide strategic insights
for systematic improvement.

5
6 ## TRADING SYSTEM RULES &

LIMITATIONS
7 ** Portfolio & Operational

Context :**
8 **Single -Stock Portfolio :** The

agent manages a
concentrated portfolio
dedicated exclusively to {{
instrument }} - all
available capital and
positions are focused on
this one security with no
diversification across
multiple stocks.

9 ** Available Actions :** BUY ,
SELL , SHORT , SHORT_COVER

10 **Order Types :** MARKET , LIMIT ,
STOP

11 ** Constraints :** Cash limits ,
position sizing rules , and
{{ action_interval }}
decision intervals apply

12 ** Position Limits :** SELL
orders are automatically
limited to current holdings ,
and SHORT_COVER orders are

automatically limited to
current short positions -
overselling or over -covering
is impossible. The system

enforces these limits
automatically.

13 ** Critical Constraint :** The
agent can only make trading
decisions at fixed {{
action_interval }} intervals
. All orders in the decision
JSON are placed

simultaneously - there is no
sequential order placement.

14 **Order Auto -Cancellation :**
Unfilled orders are
automatically cancelled at
the end of each decision
interval.

15
16 ## PERIOD PERFORMANCE OVERVIEW
17 {{ period_summary }}
18

1717

19 ## COMPLETE DECISION HISTORY
FOR PERIOD

20 {{ complete_history }}
21
22 ## YOUR COACHING TASK
23
24 PURPOSE
25 In one comprehensive paragraph ,

synthesize the most
impactful patterns from this
{{ reflection_interval }}-

day period and identify the
single structural
improvement that would most
enhance future performance
cycles.

26 Focus on systematic insights
that will compound over
multiple {{
reflection_interval }}-day
periods rather than
individual trade critiques.

27
28 GUIDELINES
29 - Analyze decision patterns ,

risk management consistency ,
and strategic evolution

across the period
30 - Identify the highest -leverage

behavioral or strategic
adjustment for future
periods

31 - Emphasize enduring principles
over isolated performance

details
32 - Skip grades , personality

assessments , or motivational
language

33
34 ** REQUIRED OUTPUT FORMAT :**

Return only your reflection
as a single paragraph of
continuous plain text (3-5
sentences).

1718

G LLM Optimization Capabilities 1719

This appendix provides qualitative examples 1720

of how different models refine prompts under 1721

Adaptive-OPRO in a sequential trading setting. We 1722

follow the two-axis lens used in the main text 1723

(Sec. 6): (i) whether the revised prompt is objec- 1724

tively aligned with the trading goal by operational- 1725

izing decision logic (when to trade vs. wait, risk 1726

controls, sizing discipline, and horizon feasibility), 1727

and (ii) whether those instructions plausibly sup- 1728

port the observed order-level behavior (frequency, 1729

timing, and sizing). The excerpts below come from 1730

real optimization traces and are intended to illus- 1731

trate the qualitative patterns summarized in the 1732

main paper: GPT models tend to produce com- 1733

pact, enforceable decision criteria; Qwen produces 1734

targeted improvements, with Qwen3-235B notably 1735
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more coherent than smaller variants; Claude accu-1736

mulates increasingly procedural structure that can1737

narrow adaptability; and LLaMA often exhibits a1738

disconnect between claimed and realized edits.1739

G.1 GPT-o31740

GPT-o3’s Adaptive-OPRO updates typically pre-1741

serve the high-level objective while tightening the1742

permission to trade: the prompt increasingly dis-1743

tinguishes analysis from execution and makes the1744

act-versus-wait boundary explicit.1745

Example 1: Making act-versus-wait a required1746

decision. Early prompts emphasize patience ab-1747

stractly; optimization turns it into a repeatable gate:1748

“Decide: ACT only if probability and reward jus-1749
tify risk; otherwise WAIT and remain flat.”1750

This operationalizes inactivity as the default out-1751

come unless a justified edge is established.1752

Example 2: Requiring explicit trade geome-1753

try (entry/downside/target). GPT-o3 repeatedly1754

converts risk-adjusted intent into checkable precon-1755

ditions:1756

“Define entry, downside, and target; proceed only1757
when reward-to-risk meets the required thresh-1758
old.”1759

The key change is not the threshold itself, but the1760

insistence that execution is conditional on explicit1761

levels.1762

Example 3: Connecting position size to bounded1763

downside. Sizing guidance becomes explicitly1764

conditional on risk definition and uncertainty:1765

“Position size must scale with conviction and de-1766
fined downside; reduce size when uncertainty is1767
elevated.”1768

Example 4: Horizon feasibility embedded in1769

trade permission. GPT-o3 frequently folds win-1770

dow constraints into the execution gate, especially1771

for shorts:1772

“If short exposure is considered, confirm a viable1773
path to exit before the end of the trading window.”1774

Summary. Overall, GPT-o3 translates perfor-1775

mance feedback into compact, objective-aligned1776

decision criteria. The edits are typically locally1777

scoped (gates, levels, sizing) and intended to be en-1778

forceable at the order level, matching the main-text1779

observation that GPT updates tend to be followed1780

in execution and exhibit lower variance.1781

G.2 GPT-o4-mini 1782

GPT-o4-mini shows a similar pattern to GPT-o3, 1783

but with more emphasis on reorganizing the prompt 1784

into an explicit pipeline and making constraints a 1785

routine part of the decision rather than a passive 1786

rule list. 1787

Example 1: Converting broad guidance into an 1788

explicit analysis → decision pipeline. A repre- 1789

sentative refinement is the insertion of an ordered 1790

workflow: 1791

“Step 1: Define thesis and edge. Step 2: Map entry, 1792
stop, target levels. Step 3: Allocate position size 1793
within risk limits. Step 4: Select order type and 1794
execute or queue.” 1795

This repeatedly forces a mapping from context to 1796

levels to sizing to execution. 1797

Example 2: Making risk–reward and level defi- 1798

nition a precondition for trading. Rather than 1799

leaving risk management implicit, GPT-o4-mini 1800

often requires an explicit computation step: 1801

“Risk/Reward: calculate per-share risk, total risk, 1802
and reward potential.” 1803

Example 3: Pulling sizing into constraint-aware 1804

checking. Updates frequently move sizing closer 1805

to the cash/shorting limits: 1806

“Sizing: determine quantity within cash limits; 1807
validate compliance before submission.” 1808

Example 4: Adding an explicit final compliance 1809

gate. Several variants add a last-step constraint 1810

reconciliation: 1811

“Final Check: validate compliance with con- 1812
straints and portfolio limits.” 1813

Summary. GPT-o4-mini’s refinements are inter- 1814

pretable and execution-oriented: unify context, re- 1815

quire thesis/levels, make risk–reward and sizing 1816

explicit, and end with a compliance gate. This 1817

matches the main-text characterization of GPT 1818

models producing actionable constraints that tend 1819

to be reflected in order behavior. 1820

G.3 LLaMA 3.3-70B 1821

LLaMA 3.3-70B’s traces often show a weaker cou- 1822

pling between the optimizer’s narrative of improve- 1823

ment and the actual substantive prompt edits, con- 1824

sistent with the main text. 1825
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Example 1: Claimed restructuring without cor-1826

responding decision logic changes. LLaMA fre-1827

quently reports that it has improved the flow from1828

analysis to action, e.g.,1829

“optimized decision-making frameworks and cri-1830
teria” and “better structured the flow from analy-1831
sis to action,”1832

but the resulting prompt may remain largely un-1833

changed beyond formatting, with no additional1834

execution gates, sizing rules, or horizon checks.1835

This limits instruction-quality gains because the1836

act-versus-wait boundary remains underspecified.1837

Example 2: Identity amplification in place of op-1838

erational decision criteria. A common pattern1839

is to expand the role description (tone, expertise)1840

without adding enforceable constraints:1841

“leveraging your expertise in pattern recognition,1842
narrative synthesis, and dynamic position sizing.”1843

These edits strengthen persona but do not meaning-1844

fully refine when and how the agent should trade.1845

Example 3: Abstract guidance instead of1846

objective-specific gates. When attempting to im-1847

prove quality, LLaMA often adds generic meta-1848

instructions (clearer guidance, more iterative rea-1849

soning) without translating them into concrete trade1850

authorization conditions, unlike GPT-style edits1851

that introduce explicit gates.1852

Summary. Overall, LLaMA’s optimization tends1853

to emphasize descriptive framing and self-reported1854

improvements more than substantive, objective-1855

aligned decision logic. This weakens the link be-1856

tween optimization output and downstream execu-1857

tion, aligning with the main-text observations.1858

G.4 Claude Sonnet 41859

Claude Sonnet 4 commonly converts feedback into1860

increasingly explicit analytical structure and valida-1861

tion layers. The edits are usually objective-aware,1862

but the optimization trajectory often accumulates1863

procedural constraints that can reduce adaptability.1864

Example 1: Expansion into multi-stage analyti-1865

cal frameworks. Claude often replaces compact1866

guidance with structured pipelines:1867

“Market State Assessment → Strategic Assess-1868
ment → Execution Decision.”1869

Example 2: Formalizing decision criteria as 1870

thresholds. Subsequent updates frequently intro- 1871

duce explicit conviction or risk thresholds: 1872

“Proceed only when conviction exceeds a defined 1873
threshold and reward-to-risk meets minimum re- 1874
quirements.” 1875

Example 3: Layering checklist-style validation. 1876

Rather than pruning, Claude tends to add confirma- 1877

tion stages: 1878

“Confirm signal alignment, defined invalidation 1879
levels, and position sizing calibrated to conviction 1880
before execution.” 1881

Example 4: Progressive tightening toward pre- 1882

scriptive permission rules. Later iterations may 1883

harden the no-trade default into an increasingly 1884

restrictive rule set: 1885

“If the setup does not satisfy all required criteria, 1886
return [] . . . otherwise execute only the single 1887
highest-conviction position . . . ” 1888

This yields highly interpretable instructions, but 1889

systematically narrows the decision space via pro- 1890

cedural completeness. 1891

Summary. Claude’s updates typically remain 1892

aligned with risk-adjusted objectives and are easy 1893

to audit, but the tendency to accumulate prescrip- 1894

tive structure can reduce adaptability. This matches 1895

the main text: increased procedural restriction does 1896

not reliably translate into stable execution, consis- 1897

tent with higher variance in several settings. 1898

G.5 Qwen3-235B 1899

Qwen3-235B’s Adaptive-OPRO updates preserve 1900

the base strategic objective but progressively add 1901

explicit, checkable trade-permission criteria. Rela- 1902

tive to the smaller variant, the trace shows clearer 1903

convergence: it introduces concrete authorization 1904

gates (risk–reward and invalidation), then tightens 1905

state abstraction (regime) and execution mapping 1906

(order-type guidance). These edits plausibly sup- 1907

port more selective order-level behavior by making 1908

no-trade an explicit outcome when conditions are 1909

not met. 1910

Example 1: Reframing the objective around se- 1911

lectivity rather than activity. Early optimized 1912

prompts sharpen the act-versus-wait stance by ex- 1913

plicitly defining value as discernment: 1914

“You are a STRATEGIC TRADER — your value 1915
is in discernment, not activity. Act only when 1916
. . . creates asymmetric opportunity.” 1917

This operationalizes patience as a default prior, not 1918

just a stylistic preference. 1919
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Example 2: Requiring a falsifiable setup with ex-1920

plicit invalidation. Across successive iterations,1921

Qwen3-235B repeatedly hardens the idea that a1922

trade must be falsifiable and tied to levels:1923

“What would invalidate this thesis? — Define1924
explicit invalidation level . . . Pre-commit to exit1925
logic if edge degrades.”1926

Later versions make this strictly price-specific:1927

“. . . clearly defined, price-based invalidation.”1928

This is an enforceable execution gate because it1929

forces a concrete failure condition before trading.1930

Example 3: Encoding a risk–reward gate as a1931

trade precondition. A stable addition in the later1932

prompts is the explicit requirement for minimum1933

risk–reward:1934

“Confirm minimum 2:1 risk/reward . . . ”1935

Regardless of whether the agent perfectly computes1936

it, the instruction shifts the prompt from “trade1937

when convinced” to “trade only if the setup geome-1938

try is favorable.”1939

Example 4: Introducing state abstraction via1940

regime classification. Later prompts add a com-1941

pact regime label that conditions interpretation and1942

supports explicit inaction:1943

“Classify current regime: Trending (bull/bear),1944
Range-bound, Volatile Breakout, or Uncertain.”1945

This makes “Uncertain” a first-class no-trade state1946

rather than an implicit excuse.1947

Example 5: Mapping analysis to order-level ex-1948

ecution choices. Qwen3-235B increasingly ties1949

decision logic to the simulator’s action space by1950

specifying order-type selection:1951

“Prefer LIMIT orders . . . Use STOP orders for1952
breakout entries . . . MARKET orders only . . . ”1953

This is directly order-level: it constrains how a deci-1954

sion should be expressed, not just whether to trade.1955

Summary. Overall, Qwen3-235B’s trace shows a1956

progression from descriptive strategy to explicit, au-1957

ditable trade permission: asymmetric setups, min-1958

imum risk–reward, and (eventually) price-based1959

invalidation, plus regime labeling and execution1960

guidance. The resulting prompt revisions are inter-1961

pretable and enforceable at the order level, provid-1962

ing a plausible mechanism for more selective and1963

consistent order emission.1964

G.6 Qwen3-32B 1965

Qwen3-32B’s Adaptive-OPRO updates are gen- 1966

erally objective-aware and interpretable: the op- 1967

timizer reliably clarifies the intended analysis-to- 1968

action routine (context → levels → conviction → 1969

risk–reward → decision) and repeatedly reinforces 1970

selective trading as the default posture. Compared 1971

to Qwen3-235B, however, the revisions are less 1972

decisive: they emphasize framework articulation 1973

and mandate phrasing more than adding new, hard 1974

trade-permission gates (e.g., explicit invalidation 1975

requirements or regime-based no-trade states). This 1976

makes the optimized prompts good and usable, but 1977

typically less discriminative at the order level than 1978

the larger model’s variant. 1979

Example 1: Converting broad guidance into a 1980

stable, repeatable decision pipeline. A consis- 1981

tent improvement is making the decision procedure 1982

explicit and sequential: 1983

“Synthesize Context . . . Map Strategic Levels 1984
. . . Assess Conviction . . . Calculate Risk-Reward 1985
. . . Consider Time Value . . . Make Positioning De- 1986
cision.” 1987

This mirrors the “pipeline” pattern seen in stronger 1988

traces: it repeatedly forces the model to connect 1989

market context to levels and then to a decision, 1990

rather than acting on diffuse intuition. 1991

Example 2: Strengthening selectivity as an ex- 1992

plicit objective, not just a style preference. 1993

Across iterations, Qwen3-32B repeatedly fore- 1994

grounds discipline over activity: 1995

“Your edge comes from discipline, not frequency.” 1996

and preserves the explicit no-trade option: 1997

“Return . . .[] if patience best serves performance 1998
by {{ window_end }}.” 1999

This is directly relevant to order-level behavior be- 2000

cause it legitimizes inactivity as an admissible (and 2001

sometimes optimal) action. 2002

Example 3: Making the action criterion clearer 2003

by anchoring it to risk–reward. Later prompts 2004

consistently elevate risk–reward from a general 2005

principle to a stated execution condition: 2006

“Only act when the reward clearly exceeds the 2007
risk and the signal is strong and consistent across 2008
multiple inputs.” 2009

While this remains qualitative compared to Qwen3- 2010

235B’s explicit invalidation and regime scaffolding, 2011

it still sharpens the act-versus-wait boundary rela- 2012

tive to the initial, more open-ended template. 2013
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Example 4: Adding adaptive thesis language2014

without over-prescription. The final iterations2015

introduce autonomy in a lightweight way:2016

“act as an autonomous, adaptive decision-maker2017
. . . evolving your thesis in response to market dy-2018
namics.”2019

Notably, this is framed as a general operating mode2020

(update the thesis as evidence changes) rather than2021

as a rigid checklist; maintaining flexibility while2022

still encouraging internal consistency across ticks.2023

Summary. Overall, Qwen3-32B produces solid2024

prompt refinements: clearer analysis-to-decision2025

structure, repeated reinforcement of selective ex-2026

ecution, and a more explicit emphasis on risk–2027

reward and thesis updating. Relative to Qwen3-2028

235B, the main limitation is that fewer edits be-2029

come hard, checkable trade-permission gates (e.g.,2030

price-based invalidation and regime-conditioned in-2031

action), which plausibly explains why the smaller2032

model’s optimized prompts are typically less sharp2033

at controlling order-level timing and selectivity.2034

Nevertheless, the trajectory remains objectively2035

aligned and interpretable, consistent with the main2036

text’s more favorable characterization of Qwen2037

models overall.2038

H When Reflection Degrades2039

Performance: A Causal Analysis2040

While Adaptive-OPRO improves behavior via2041

score-driven prompt updates, free-form reflection2042

can degrade performance by injecting prescriptive2043

guidance that the agent follows even when market2044

conditions do not justify action. We present a qual-2045

itative case study from Qwen3-235B trading LLY2046

where weekly reflection encouraged re-engagement2047

after a prudent exit. The agent re-entered a still-2048

weak market and exited two trading days later on a2049

breakdown, realizing a $3,967 loss that would have2050

been avoided by remaining in cash.2051

H.1 Market Setup: Exiting After Initial Loss2052

On May 2 (Day 5), after LLY experienced a se-2053

vere selloff from $898 to $794 (-11.6%), the agent2054

exited at $825:2055

May 2: Exit Decision

Action: SELL 112 shares @ $825.12 (entry was $870.44)
Market Context:
• Breakdown below $800 support on 3.7× average volume
• RSI collapsed from 65 to 45
• MACD deteriorating
Result: Portfolio in cash at $94,923.60 (-5.1% from $100,000 start)

2056

H.2 Reflection Intervention: Criticizing the 2057

Exit and Demanding “Dynamic Scaling” 2058

On May 5, with LLY still near the low $820s, the 2059

weekly reflection mechanism activated: 2060

Reflection Analysis - Week 1 (May 5)

“The most impactful pattern across this 7-day period is the transition
from proactive conviction to reactive risk management, with the
initial high-conviction BUY establishing a strong foundation only
to be reversed after a single high-volume down day driven by
external guidance shocks.
While the SELL decision demonstrated disciplined response to struc-
tural breakdown and shifting momentum, the absence of interme-
diate positioning—such as partial profit-taking near resistance
or hedging ahead of catalysts—reveals a binary approach that
forfeits opportunities to refine risk exposure in evolving conditions.
The highest-leverage improvement is the integration of dynamic po-
sition scaling, where full commitment is reserved for high-conviction
setups but partial exits or entries are used to adjust exposure in
response to incremental structural shifts, rather than waiting for
definitive breaks. This would enhance capital efficiency and reduce
volatility drag without sacrificing strategic discipline.”

2061

Key Guidance: avoid “binary” decisions; imple- 2062

ment “dynamic position scaling”; use “partial en- 2063

tries”. 2064

H.3 Decision Influenced by Reflection: 2065

Re-entering a Still-Weak Market 2066

Immediately following the reflection, the agent re- 2067

entered: 2068

May 5: Re-entry Decision (Explicitly Cit-
ing Reflection)

Action: BUY 115 shares @ $815.00 (LIMIT, filled)
Market Context:
• Price remained well below the recent $898 high
• No confirmed reversal (trend still negative; support recently bro-

ken)
Reasoning (excerpt): “. . . Position sized to reflect improved cap-
ital efficiency—using partial re-entry to re-engage rather than
all-in commitment—aligning with refined strategy of dynamic
scaling. . . ”
Direct Causal Link: the decision explicitly frames the re-entry as
implementing reflection’s “dynamic scaling” / “partial re-entry” guid-
ance.

2069

H.4 The Outcome: Breakdown and Forced 2070

Exit (May 7) 2071

Contrary to the reflection’s implied “re- 2072

engagement” benefit, price action deteriorated 2073

after re-entry. The agent exited on May 7 on a 2074

breakdown, at a materially worse level than if it 2075

had simply remained in cash. 2076

Post Re-entry Price Action and Exit

Key trades and realized outcome:
• May 5: BUY 115 @ $815.00 (filled)
• May 7: SELL 115 @ $780.50 (MARKET, filled)
Exit rationale (excerpt from execution log):
• “. . . decisive breakdown below $799.54 support and the 100-day

SMA, closing at $775.12 . . . ”
• “. . . MACD has crossed into negative territory . . . path of least

resistance is clearly lower . . . ”

2077
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Realized position loss: ($815.00 → $780.50) = -$34.50/share ×
115 shares = -$3,967.50
Portfolio after exit: $90,956.10 (cash)

2078

Key Observation Reflection-induced re-entry2079

created exposure during an unresolved downtrend.2080

The agent then exited on May 7 after a breakdown,2081

realizing an avoidable loss that did not correspond2082

to any improvement in market structure.2083

H.5 Quantifying Reflection’s Impact2084

Because the portfolio was already in cash before2085

reflection, the counterfactual is straightforward:2086

Scenario Portfolio Return

Actual (re-enter, exit) $90,956.10 -9.0%
Counterfactual (cash) $94,923.60 -5.1%

Cost of reflection -$3,967.50 -4.0%

Table 12: Cost of reflection-induced re-entry (exit on
May 7).

Key Findings2087

• Reflection criticized the prior exit as “binary” and2088

prescribed “dynamic position scaling” / “partial2089

entries.”2090

• The agent re-entered on May 5 and explicitly2091

cited that reflection guidance.2092

• The market structure continued to deteriorate; the2093

agent exited on May 7 at $780.50.2094

• The realized loss attributable to reflection-2095

induced exposure was $3,967.50 (about 4.0%2096

of initial capital).2097

• Had the agent ignored reflection and stayed in2098

cash, this loss would not have occurred.2099

H.6 Causal Mechanism: How Reflection2100

Created the Loss2101

1. Reflection reframed a reasonable exit as a2102

mistake The May 2 exit moved the portfolio to2103

cash during a breakdown regime. Reflection reinter-2104

preted this as a flawed “binary approach,” creating2105

a narrative that the agent needed to “correct” by2106

becoming more active.2107

2. Reflection prescribed a concrete behavioral2108

change Rather than merely summarizing, reflec-2109

tion advocated specific tactics (“dynamic scal-2110

ing,” “partial entries”) that implicitly favor re-2111

engagement even without evidence of a reversal.2112

3. The agent followed reflection literally The 2113

May 5 re-entry explicitly justified exposure as im- 2114

plementing the reflection’s strategy (partial re-entry 2115

/ scaling), establishing an observable causal link 2116

from reflection text to action. 2117

4. Market conditions did not support re-entry 2118

At the time of re-entry, the stock remained in a 2119

fragile technical state (recent support breaks; no 2120

confirmed trend reversal). The subsequent break- 2121

down (referenced in the exit log) triggered a forced 2122

exit on May 7. 2123

5. The resulting loss was immediate and avoid- 2124

able The agent realized a -$3,967.50 loss within 2125

two trading days solely because it reintroduced ex- 2126

posure; the counterfactual (stay in cash) dominates. 2127

H.7 Connection to Empirical Findings 2128

Reflection produces qualitative, high-variance feed- 2129

back that is only indirectly tied to the objective 2130

(portfolio performance). In sequential, noisy mar- 2131

kets this often creates three predictable failure 2132

modes: (i) misattributed credit (recent outcomes 2133

are blamed on the most recent rationale despite de- 2134

layed effects), (ii) policy drift (the agent changes 2135

sizing/behavior based on narrative critique rather 2136

than stable edge), and (iii) overreaction (extra 2137

commentary increases churn and undermines pre- 2138

viously consistent heuristics). 2139

These mechanisms match our empirical patterns. 2140

Reflection rarely exceeds a strong fixed prompt 2141

and frequently degrades it, with the strongest de- 2142

terioration appearing when the baseline is already 2143

competent in the bearish/volatile regime (Table 1); 2144

this is also reflected in the negative association 2145

between baseline strength and reflection gains (re- 2146

ported in Sec. 6). In contrast, Adaptive-OPRO up- 2147

dates only the static instruction block using a scalar, 2148

windowed performance signal, yielding consistent 2149

improvements across models and regimes (Tables 1, 2150

2) without introducing additional narrative load at 2151

decision time. 2152

I Prompt Evolution Mechanism Analysis 2153

The transparent optimization traces produced by 2154

Adaptive-OPRO provide unprecedented insights 2155

into how systematic prompt refinement drives per- 2156

formance improvements in sequential decision- 2157

making systems. Through detailed examination of 2158

optimization trajectories across different model ar- 2159

chitectures, we can observe the precise mechanisms 2160
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by which prompt modifications translate into en-2161

hanced trading performance.2162

I.1 Systematic Weakness Detection and2163

Resolution2164

The optimization process demonstrates sophisti-2165

cated analytical capabilities in identifying prompt2166

weaknesses and prescribing targeted improvements.2167

Analysis of the GPT-o3 optimization trajectory2168

from iteration 4 to iteration 5 on LLY stock re-2169

veals the systematic approach employed by the2170

meta-optimization process.2171

I.1.1 Phase 1: Diagnostic Analysis -2172

Identifying Performance Bottlenecks2173

Performance Analysis: Weakness Detec-
tion

Optimizer’s Weakness Identification: “Across itera-
tions, performance rose from 43.2 → 56.6 as prompts
became more concise, structured, and decision-
oriented. Gains came from: (1) cleaner sectioning that
reduced cognitive load, (2) explicit reasoning frame-
works that guided probability-weighted thinking, and
(3) clearer constraint reminders that prevented rule
breaches.
Remaining weaknesses: Reasoning steps are still
scattered-no single linear workflow tying analysis →
sizing → compliance → action. Risk-management
is mentioned but not enforced with a final checklist,
so occasional oversizing or sub-optimal reward-to-
risk trades slip through. The JSON spec is sometimes
buried deep in the prompt; occasional format errors
could still occur. Context blocks (technical, news, fun-
damentals, reflection) are informative but not explic-
itly referenced in the reasoning flow, so the model
may overlook one dimension.”

2174

The optimizer’s analysis demonstrates pattern2175

recognition across multiple iterations, identifying2176

four critical areas for refinement: workflow lin-2177

earization to create more structured reasoning2178

chains, risk management formalization to en-2179

force disciplined decision-making, output spec-2180

ification prominence to reduce formatting errors,2181

and context integration enhancement to ensure2182

comprehensive information utilization. This diag-2183

nostic precision enables targeted remediation rather2184

than broad, inefficient modifications.2185

I.1.2 Phase 2: Strategic Intervention -2186

Translating Insights into Targeted2187

Solutions2188

Building directly upon these identified weaknesses,2189

the optimization process prescribes specific struc-2190

tural modifications designed to address each diag-2191

nostic finding systematically:2192

Key Improvements: Targeted Solutions

Strategic Modifications Implemented:

1. Introduced a 5-step THINK → CHECK → ACT
workflow that linearly converts market inputs
into compliant orders, minimizing reasoning
omissions.

2. Added an explicit PRE-ORDER RISK
CHECKLIST (cash, short limit, catalyst validity,
≥ 2:1 R:R) to curb rule violations and low-edge
trades.

3. Elevated the four context feeds (technical, news,
fundamentals, reflection) into a single MARKET
SITUATION dashboard that the workflow must
reference, ensuring holistic analysis.

4. Moved the strict JSON schema into its own
boxed section immediately before output in-
structions; this reduces formatting errors.

5. Kept language concise but directive, reinforcing
trader autonomy while preventing over-trading
with a PATIENCE override.

6. Preserved every required {{placeholder}} and
{% if %} block exactly, guaranteeing template
compatibility.

2193

Each modification directly corresponds to a 2194

specific weakness identified in the diagnostic 2195

phase, creating a clear causal chain from prob- 2196

lem identification to solution implementation. The 2197

architectural changes shown in Figures 4, 5, and 2198

6 demonstrate this systematic approach, consol- 2199

idating scattered elements while strengthening 2200

decision-making frameworks. 2201

I.1.3 Phase 3: Outcome Assessment - 2202

Connecting Solutions to Impact 2203

Having implemented these targeted architectural 2204

improvements, the optimization process generates 2205

forward-looking performance predictions based on 2206

the expected behavioral changes from each modifi- 2207

cation: 2208

Expected Impact: Performance Predic-
tion

Forward-Looking Impact Assessment: “The lin-
ear THINK → CHECK → ACT workflow anchors the
model’s reasoning, reducing skipped steps and im-
proving decision quality. The explicit risk checklist
enforces discipline, likely lowering drawdowns and
boosting risk-adjusted returns. Consolidating all mar-
ket feeds into one dashboard ensures holistic analysis,
while the clearer JSON spec lowers formatting er-
rors. Collectively, these improvements should enhance
comprehension, deepen analysis, and translate into
higher-scoring, more profitable trading decisions.”

2209

This prediction proves accurate, as performance 2210
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improved from 56.6 to 67.6 following these modi-2211

fications, validating the optimizer’s analytical ca-2212

pabilities and demonstrating the effectiveness of2213

systematic architectural refinement.2214

I.2 Progressive Prompt Evolution: From2215

Generic Foundation to Optimized2216

Performance2217

The GPT-o4-mini optimization trajectory demon-2218

strates systematic prompt evolution through three2219

distinct phases, each building upon previous dis-2220

coveries to achieve cumulative performance im-2221

provements. The optimization process adapts to2222

both model-specific response patterns and varying2223

market regime requirements.2224

The progression from baseline (37.2) through in-2225

termediate optimization (51.4) to final optimization2226

(72.1) reveals how systematic refinement can com-2227

pound initial improvements into substantial perfor-2228

mance gains. These three representative prompts2229

(Prompt 1, Prompt 4, and Prompt 11) from the full2230

optimization trajectory illustrate the key evolution-2231

ary patterns that drive performance enhancement.2232

The baseline prompt (Prompt 1) is documented2233

Appendix F; here we present only the intermediate2234

and final optimized variants to avoid duplication.2235

The intermediate optimization achieves struc-2236

tural refinement by systematically eliminating ar-2237

chitectural complexity while strengthening core2238

functionality. Figure 7 reveals this transformation:2239

verbose explanations are stripped away and re-2240

placed with a compact, numbered decision frame-2241

work that provides clear analytical guidance. The2242

constraint presentation undergoes similar streamlin-2243

ing, retaining comprehensive coverage while dra-2244

matically improving clarity. Crucially, the frame-2245

work maintains an advisory approach (Define2246

thesis & edge) that guides without constraining,2247

avoiding over-specification that could limit model2248

flexibility. This architectural simplification creates2249

a foundation optimized for further enhancement.2250

The final optimization achieves breakthrough2251

performance by expanding upon this concise foun-2252

dation with granular procedural guidance. Figure 82253

showcases the evolved architecture where the de-2254

cision framework expands to six numbered steps2255

with explicit descriptions: Define Thesis & Edge:2256

state your core conviction and Validate2257

Compliance: ensure all constraints are2258

met before submission. The market context2259

integration becomes systematically organized with2260

consistent bullet-point formatting and descrip-2261

tive labels like Technical Analysis and News 2262

Impact. The constraint presentation achieves opti- 2263

mal balance between completeness and clarity, pro- 2264

viding comprehensive operational guidance with- 2265

out cognitive overload. This final optimization 2266

demonstrates how systematic refinement can com- 2267

pound architectural improvements into substantial 2268

performance gains, with each evolution building 2269

upon and enhancing previous discoveries. 2270

J Reproducibility 2271

All experiments are conducted on a MacBook 2272

Pro with an Apple M3 Pro chip (11-core 2273

CPU) and 18 GB of unified memory. Our 2274

experiments are conducted using an updated 2275

version of the StockSim environment (Pa- 2276

padakis et al., 2025), with modifications to 2277

support the ATLAS multi-agent architecture, 2278

Adaptive-OPRO optimization, and reflection-based 2279

mechanisms (implementation details in code). 2280

An example configuration for GPT-o4-mini 2281

using Adaptive-OPRO on XOM is provided under 2282

configs/o4-mini-adaptive-opro-config.yaml. 2283

All other experimental configurations can be repro- 2284

duced by following the StockSim documentation 2285

and adapting this sample. 2286

Model ID Model Card / Provider
Identifier

LLaMA 3.3-70B meta.llama3-3-70b-ins
truct-v1:0

Claude Sonnet 4 anthropic.claude-sonn
et-4-20250514-v1:0

Qwen3 235B A22B 2507 qwen.qwen3-235b-a22b-
2507-v1:0

Qwen3 32B (dense) qwen.qwen3-32b-v1:0

Table 13: Models accessed via Amazon Bedrock.

Model ID Model Card / Docs

GPT-o4-mini gpt-4o-mini-2024-07-1
8

GPT-o3 gpt-o3-2025-04-16

Table 14: Models accessed via OpenAI.

We access LLaMA, Claude, and Qwen models 2287

via Amazon Bedrock (Table 13). GPT models are 2288

accessed via OpenAI APIs (Table 14). We interface 2289

with all LLMs strictly through provider APIs and 2290

do not employ any local hardware or fine-tuning. 2291
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Header and Trader Identity Evolution (Prompt 4 to Prompt 5)
1 - # {{ instrument }} ALPHA COMMAND CENTER
2 + # {{ instrument }} ALPHA STRATEGY HUB
3 **Window:** {{ window_start }} → {{ window_end }} | **Current:** {{ now }} | **Interval:** {{

↪→ action_interval }}
4 Your singular -objective +mission is to maximise risk-adjusted performance
5 by {{ window_end }} through disciplined, high-conviction positioning. Balance strategic

↪→ patience with decisive execution; ignore noise.
6
7 ==============================
8 - 1. MISSION
9 + 1. MISSION & KPI

10 ==============================
11 Deliver superior returns while preserving capital (+by {{ window_end }}).
12 - • Act only when probability and reward justify the risk.
13 + • Success metric: cumulative risk-adjusted performance.
14
15 ==============================
16 - 2. YOUR EDGE
17 + 2. EDGE & PRINCIPLES
18 ==============================
19 • Multi-timeframe pattern recognition
20 • Integration of technical, fundamental & sentiment narratives
21 • Dynamic risk management and position sizing
22 - • Capacity to remain inactive until odds are favourable
23 + • Patience until odds are clearly favourable

Figure 4: Header and trader identity modifications between iteration 4 and iteration 5, showing title changes and
mission statement refinements. Lines in red with a leading “-” and lines in green with a leading “+” indicate deletions
and additions, respectively, proposed by Adaptive-OPRO.

K Use of AI assistants2292

We sparsely leveraged ChatGPT 5.2 for grammati-2293

cal assistance and linguistic polishing.2294
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Information Architecture and Constraints Consolidation (Prompt 4 to Prompt 5)
1 - 3. MARKET DASHBOARD
2 + 3. MARKET SITUATION DASHBOARD
3 ==============================
4 {% if market_open %} Price: O {{ open }} H {{ high }} L {{ low }} C {{ close }} | Vol {{

↪→ volume }}{% else %} **Market Closed** - orders queue for next open {% endif %}
5 {% if market_analysis %}*Technical*: {{ market_analysis }}{% endif %}
6 {% if news_analysis %}*News*: {{ news_analysis }}{% endif %}
7 {% if fund_analysis %}*Fundamentals*: {{ fund_analysis }}{% endif %}
8 {% if reflection_analysis %}*Reflection*: {{ reflection_analysis }}{% endif %}
9

10 ==============================
11 - 4. OPERATING CONSTRAINTS
12 - ==============================
13 - Portfolio cash: ${{ portfolio_cash }} | Concentrated in {{ instrument }} only
14 - • Never exceed available cash
15 - • May short up to 100% of cash (must be flat by {{ window_end }})
16 - • Unfilled orders cancel at session close
17 - • Decision frequency: every {{ action_interval }}
18 - • System blocks quantities beyond current exposure (cannot oversell or over-cover)
19
20 - ==============================
21 - 5. PORTFOLIO SNAPSHOT
22 + 4. PORTFOLIO & CONSTRAINTS
23 ==============================
24 Long {{ shares_long }} | Short {{ shares_short }} | Net {{ shares_net }} | Cash ${{

↪→ portfolio_cash }}
25 Recent activity: {{ executed_orders }}
26 + • Never exceed available cash (${{ portfolio_cash }})
27 + • May short up to 100% of cash (flat by {{ window_end }})
28 + • Unfilled orders cancel at session close
29 + • Decision cadence: every {{ action_interval }}
30 + • System blocks invalid quantities (cannot oversell/over-cover)

Figure 5: Structural reorganization consolidating sections into a unified PORTFOLIO & CONSTRAINTS section. Lines
in red with a leading “-” and lines in green with a leading “+” indicate deletions and additions, respectively, proposed
by Adaptive-OPRO.
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Workflow Restructuring and Output Specification Enhancement (Prompt 4 to Prompt 5)
1 - 6. DECISION PROTOCOL
2 + 5. THINK → CHECK → ACT WORKFLOW
3 ==============================
4 - REVIEW → REASON → RESPOND
5 - 1. REVIEW: Regime, key drivers, levels, catalysts.
6 - 2. REASON: Probability map, ≥2:1 reward-to-risk, position sizing within constraints.
7 - 3. RISK CHECKLIST: (a) Exposure aligns with conviction; (b) Catalyst still valid; (c)

↪→ Downside defined & acceptable.
8 - 4. RESPOND: ACT (issue order) or WAIT/HOLD. Patience is edge when conditions are unclear.
9 + STEP 1: Diagnose Regime & Narrative (use all dashboard feeds).

10 + STEP 2: Map Key Levels & Catalysts; assign probabilities.
11 + STEP 3: Define Reward:Risk (target ≥2:1) and provisional size within constraints.
12 + STEP 4: PRE-ORDER RISK CHECKLIST
13 + • Cash / short limits respected
14 + • Position aligns with conviction & catalyst
15 + • Downside defined; R:R ≥2:1
16 + • Flat by {{ window_end }} if short
17 + STEP 5: DECIDE
18 + • ACT: issue orders
19 + • WAIT/HOLD: output [] (patience override)
20
21 ==============================
22 - ORDER OUTPUT SCHEMA (STRICT)
23 + 6. ORDER OUTPUT SPEC (STRICT)
24 ==============================
25 Return ONLY a JSON array or [] - no extra text.
26 Each object must match exactly:
27 {
28 "action": "BUY | SELL | SHORT | SHORT_COVER | ",
29 "orderType": "MARKET | LIMIT | STOP",
30 "price": float | null,
31 "quantity": integer,
32 "explanation": "Brief strategic reasoning"
33 }
34 Invalid fields, casing, or additional text will cause order rejection.

Figure 6: Decision protocol restructuring from informal REVIEW → REASON → RESPOND to structured five-step
THINK → CHECK → ACT workflow. Lines in red with a leading “-” and lines in green with a leading “+” indicate
deletions and additions, respectively, proposed by Adaptive-OPRO.
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Intermediate Optimization (Prompt 4) - Score: 51.4

# ELITE {{ instrument }} TRADER
Window: {{ window_start }} → {{ window_end }} | Current: {{ now }} | Interval: {{ action_interval }}

You are an elite proprietary trader managing a fully-concentrated book in {{ instrument }}.
Maximize end-of-window risk-adjusted performance through high-conviction, strategic trades
with disciplined execution and strategic patience.

## MARKET CONTEXT
{% if market_open %}
Price: O {{ open }} H {{ high }} L {{ low }} C {{ close }} | Vol {{ volume }}
{% else %}
Market Closed - orders queue for next session
{% endif %}

{% if market_analysis %}* Technical: {{ market_analysis }}{% endif %}
{% if news_analysis %}* News: {{ news_analysis }}{% endif %}
{% if fund_analysis %}* Fundamentals: {{ fund_analysis }}{% endif %}
{% if reflection_analysis %}* Reflection: {{ reflection_analysis }}{% endif %}

## DECISION FRAMEWORK
1. Define thesis & edge
2. Identify entry, stop, and target levels
3. Assess risk/reward & size within cash limits
4. Choose order type & execution timing
5. Verify constraints & finalize plan

## CONSTRAINTS & PORTFOLIO
- Fully concentrated in {{ instrument }}, Cash ${{ portfolio_cash }}
- Long {{ shares_long }} | Short {{ shares_short }} | Net {{ shares_net }}
- Recent orders: {{ executed_orders }}
- Max short = 100% cash; close all shorts by {{ window_end }}
- Actions: BUY, SELL, SHORT, SHORT_COVER
- Order Types: MARKET, LIMIT, STOP
- Orders expire at session close; re-submit if needed

## OUTPUT SPECIFICATION
Return only a JSON array of orders or []:
[

{
"action": "BUY | SELL | SHORT | SHORT_COVER",
"orderType": "MARKET | LIMIT | STOP",
"price": float | null,
"quantity": integer,
"explanation": "Concise strategic reasoning"

}
]

Figure 7: Intermediate optimization (GPT-o4-mini, Prompt 4) featuring streamlined structure with a numbered
decision framework and concise constraint presentation. Score: 51.4
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Optimized Prompt (Prompt 11) - Score: 72.1

# ELITE {{ instrument }} TRADER
Window: {{ window_start }} → {{ window_end }} | Now: {{ now }} | Interval: {{ action_interval }}

You are an elite proprietary trader managing a fully concentrated book in {{ instrument }}.
Your mission is to maximize end-of-window risk-adjusted performance with high conviction
and disciplined execution. Think critically and adapt your approach as market conditions evolve.

## MARKET CONTEXT
{% if market_open %}
- Price: O {{ open }} H {{ high }} L {{ low }} C {{ close }} | Vol {{ volume }}
{% else %}
- Market Closed - orders queue for next session
{% endif %}
{% if market_analysis %}- Technical Analysis: {{ market_analysis }}{% endif %}
{% if news_analysis %}- News Impact: {{ news_analysis }}{% endif %}
{% if fund_analysis %}- Fundamental Overview: {{ fund_analysis }}{% endif %}
{% if reflection_analysis %}- Reflection: {{ reflection_analysis }}{% endif %}

## PORTFOLIO & CONSTRAINTS
- Total Allocation: 100% in {{ instrument }}, Cash ${{ portfolio_cash }}
- Positions: Long {{ shares_long }}, Short {{ shares_short }}, Net {{ shares_net }}
- Recent Activity: {{ executed_orders }}
- Max short = 100% cash; all shorts must close by {{ window_end }}
- Orders expire at session close; unfilled orders cancel (re-submit to persist)

## DECISION FRAMEWORK
1. Define Thesis & Edge: state your core conviction.
2. Map Key Levels: identify entry, stop-loss, and target levels.
3. Assess Risk/Reward: compute per-share risk, total risk, and reward potential.
4. Allocate Size: determine quantity within cash limits (${{ portfolio_cash }}).
5. Choose Execution: select action (BUY | SELL | SHORT | SHORT_COVER)

and orderType (MARKET | LIMIT | STOP).
6. Validate Compliance: ensure all constraints are met before submission.

## OUTPUT SPECIFICATION
Return only a JSON array of orders or an empty array ([]). No extra text:
[

{
"action": "BUY | SELL | SHORT | SHORT_COVER",
"orderType": "MARKET | LIMIT | STOP",
"price": float | null,
"quantity": integer,
"explanation": "Concise strategic reasoning"

}
]

Figure 8: Final optimized prompt (GPT-o4-mini, Prompt 11) with a six-step decision framework and systematic
market context organization. Score: 72.1
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