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Background Method (Agentic Trading)

Classical Algorithmic Trading (AT) uses a fixed pipeline: data = Agent pools for each AT block é g | LT [W
signals = risk - portfolio - execution - evaluation. Building and Planner/Orchestrator, Data, Alpha, Risk, Portfolio, Execution, Backtest, and Memory pools mirror a classic § 13— ]

maintaining such systems usually needs a full quant team and years trading pipeline but are controlled by one DAG-style planner. 1‘2 . /J\/\/\ e IWM
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Recent LLM agents can reason, call tools, and remember states, but MCP handles structured control messages; A2A handles agent-to-agent chat. Evaluation-window prices and Z . W | . j v_,__/'

most open-source trading “agent” projects are still ad-hoc and lack a P&L never enter LLM contexts—only tools see labels; memory stores UUID-indexed summaries only. § 1%"\- » Sterting Yalue = 2.0

standard orchestration layer or safety rules.
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Financial markets are mission-critical: timestamps are strict, signals Alpha Agents read training-window summaries and literature priors, output JSON factor specs (name, family, Flg 3. US Equities (Apr_bec 2024]: Agantis o T ————
are weak, and data leakage can easily break any backtest. horizon, expected direction); numerical tools compute signals and portfolios outside the LLM. e oatarh (orn beealines o Gt Mt o iec i i S e
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o o Post-Trade analysis Audit Agents .
Motivation ﬁ : £ US equities (hourly, Apr-Dec 2024, 7 stocks)
: |  Baselines: SPY, QQQ, IWM, VTI, and an equally-weighted (EW
W ditional AT ' ' Trade execution Execution Model Execution Agent
xecuti xecution Agents : : -
.e want t.O turn a t-ra Itiona system InNnto an a.gentlc syste.m, ﬁ | g pOI’thlIO with Weekly rebalancmg.
without losing professional standards on risk, backtesting, and audit. I S _ « Our agentic strategy: 20.42% total return, 11.83% volatility (lowest),
Pre-Trade analysis acktest Agents ke,
T e et okl vel | £ = Sharpe 2.63, max drawdown -3.59% (smallest).
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* reuse the same pipe“ne across StOCkS and Crypto- I g g e EW: h|ghe5t return 47.46% but mUCh h|gher VOIat|||ty (22.54%) and
. : ! Portfolio optimization Portfolio Construction Model Portfolio Agents £ | < d d 16.21%
e separate LLM reasoning from numerical tools, to reduce data A [ > £ rawdown (-16.21%).
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ezp a memory of signals, prompts, and decisions for later audi PAN [ = % *Baseline: Buy-and-Hold; rolling training window 7 days.
and reuse. — = _
Data Pre_processing Data (H|Stor|ca| or Real_tlme) I Data Agents == .Our Strategy. +8o39% VS BUY'and'HOId +3o80%, excess +4.59%-
The factor—asset graph (e.g_’ AAPL and NVDA connected to ﬁ | 'VOIatIIIty 24.23% vs 25.82%, max drawdown -2.80% vs -5.26%.
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Figure 1: Agentic trading vs. algorithmic trading: we map the AT components to agents in our FinAgent orchestration framework, where a memory agent é’ 0 T ek R ‘
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Qvg @Cf\o 4 44{9\ 3 SlgiEs ) Fig 4. BTC Strategy vs Buy-and-Hold (Jul 27-Aug 13, 2025): Cumulative Returns. Cumulative returns: Buy-and-Hold +3.80%, Ours +8.39%,
Q\& V\@ %Ofo «37\\ /\O@ Excess +4.59%. Scrolling training window = 7 days; Excess = Ours — Buy-and-Hold.
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NVDA Conclusion (1)
Kag Annual Return (1) 31.08% 25.07% 32.94% 17.10% 24.59% 76.07% Annual Return
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% s U S % = Volatility (1) 11.83% 13.49% 18.38% 21.61% 13.72% 22.54% planner. volatility () | 24.23% 25.82%
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Sharpe Ratio (1") 2.63 1.86 1.79 0.79 1.79 3.37 exposing evaluation labels.
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Figure 2: While RAG only retrieves the direct match (volatility 10, dashed arrow), the graph o
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