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Abstract

Large Language Models (LLMs) have demonstrated notable capabilities across
financial tasks, including financial report summarization, earnings call transcript
analysis, and asset classification. However, their real-world effectiveness in manag-
ing complex fund investment remains inadequately assessed. A fundamental limi-
tation of existing benchmarks for evaluating LLM-driven trading strategies is their
reliance on historical back-testing, inadvertently enabling LLMs to “time travel” –
leveraging future information embedded in their training corpora, thus resulting in
possible information leakage and overly optimistic performance estimates. To ad-
dress this issue, we introduce DeepFund, a live fund benchmark tool designed to rig-
orously evaluate LLM in real-time market conditions. Utilizing a multi-agent archi-
tecture, DeepFund connects directly with real-time stock market data – specifically
data published after each model’s pretraining cutoff – to ensure fair and leakage-free
evaluations. Empirical tests on nine flagship LLMs from leading global institutions
across multiple investment dimensions—including ticker-level analysis, investment
decision-making, portfolio management, and risk control—reveal significant prac-
tical challenges. Notably, even cutting-edge models such as DeepSeek-V3 and
Claude-3.7-Sonnet incur net trading losses within DeepFund real-time evaluation
environment, underscoring the present limitations of LLMs for active fund man-
agement. Our code is available at https://github.com/HKUSTDial/DeepFund.

1 Introduction

The financial industry has witnessed an AI-driven revolution over the past decade [32, 37, 58, 69].
Advanced AI techniques, particularly Large Language Models (LLMs), have transformed practices
across multiple domains, including high-frequency trading algorithms [5, 38, 42, 76], risk assessment
models [14, 22, 70], investment decisions [31, 33, 63, 66, 68], and data analysis [27, 29, 40, 47, 48,
56], thereby fundamentally reshaping how financial institutions operate and make decisions.

Current financial benchmarks—such as TAT-QA [72], FinTextQA [8], FinBen [64], and Investor-
Bench [30]—have made valuable contributions by assessing an LLM’s understanding of financial
documents, terminology, and trading performance. For example, these benchmarks typically eval-
uate LLMs’ effectiveness by simulating trading strategies using historical market data, measuring
performance based on metrics such as cumulative returns or risk-adjusted returns. Such evaluations
have been widely adopted for both general-purpose foundation models and finance-specific LLMs.
However, a critical gap is that these benchmarks primarily probe static data rather than a
model’s ability to make effective investment decisions in real-time market conditions.
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Figure 1: Shifts from static benchmarks to live benchmarks. Particularly for relevant date information
in 1(a), we refer to public sources (e.g.,model card, arXiv, GitHub) for illustration.

A fundamental limitation in extending these evaluations totrading performance lies in their reliance
on retrospective back-testing. Back-testing is the standard method for assessing trading strategies [3,
17], but it becomes problematic when applied to LLM-driven strategies because the model may have
been pre-trained on the very historical data used for testing, which leads to a severeinformation
leakage issue[12, 51, 54, 65]. Undoubtedly, an LLM can appear to perform extraordinarily well
on historical market data simply by regurgitating events it has already seen, rather than genuinely
predicting outcomes [15, 43, 73, 74]. In other words, the model can effectively “time travel” by
using future knowledge during evaluation—a form of cheating that in�ates its apparent performance.
This issue is exacerbated by the varying knowledge cut-off dates of different LLMs.

As shown in Figure 1(a), GPT-4o was trained on data up to October 2023 [19], whereas DeepSeek-
V3's training extends until July 2024 [35]. If we evaluate such a model on a period prior to its
knowledge cutoff (e.g.,testing DeepSeek-V3 on 2021–2023 data), it will have effectively already
seen those market conditions during pre-training, yielding overly optimistic metrics that do not re�ect
true predictive power.

DeepFund: Fund Benchmark Going Live.To address the critical gap identi�ed above, we introduce
DeepFund – a comprehensive framework for real-time fund investment benchmarking, as shown in
Figure 1(b). Inspired by previous works [21, 39, 46, 61, 75], DeepFund assesses LLM's ability to
make effective investment decisions in a live-market environment, explicitly preventing any leakage
of future data. In particular, our approach offers three key contributions:

(a)Live Forward Testing:We introduce a novel benchmarking tool that supports real-time trading
conditions to mitigate information leakage. Meanwhile, we provide an interactive web-based interface
for performance visualization and comparative analysis on domain-speci�c �nancial metrics (e.g.,
Cumulative Return, Sharpe Ratio) to rigorously assess LLMs' effectiveness as fund managers.

(b) Multi-Agent Decision Framework:We implement a multi-agent architecture in which LLMs
assume multiple roles (acting as �nancial planner, analyst team, and portfolio manager), thereby
creating a realistic reproduction of the investment decision-making process. This design mirrors how
human analysts and portfolio managers collaborate.

(c) Empirical Findings: Through rigorous live environment interaction with various LLMs, we reveal
signi�cant performance disparities, highlighting the challenges and possibilities of LLMs in real-time
trading, and demystify distinct trading behaviors and personalities exhibited by different LLMs.

2 DeepFund: Multi-Agent Fund Investment Going Live

DeepFund is designed to emulate the dynamics of a real-world fund investment environment, as
illustrated in Figure 2. At the top, theLive Environment continuously ingests real-time market
data, fund asset information, and trading history, ensuring realistic conditions free from information
leakage. Below, theMulti-Agent Work�ow mimics a structured fund management process through
three distinct roles:Financial Planner, Analyst Team, andPortfolio Manager. The entire work�ow
is powered by a single LLM, selected from various providers available in theLLM Factory (e.g.,
Grok as selected in Figure 2), ensuring �exible and consistent backend capabilities across all agents.
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Figure 2: The DeepFund framework.

Live Environment. The live environment serves as the cornerstone of DeepFund, enabling real-
time market conditions essential for robust and leakage-free evaluation. Unlike traditional static
benchmarks, our environment continuously integrates dynamic �nancial data streams from three
distinct sources: (1) real-timestock market data, providing immediate market movements and
price �uctuations; (2) up-to-datefund assetinformation, re�ecting the current state of investment
positions; and (3) detailedtrading history , recording all activities related to portfolio management.

To facilitate seamless and �exible data ingestion, we implement amodular API gateway that
interfaces with multiple �nancial data providers, such as Yahoo Finance and Alpha Vantage. This
modularity (refer to Appendix B.5) ensures adaptability to diverse data sources and straightforward
integration into varying market contexts. By offering direct feedback from live market conditions,
the environment guarantees authenticity in the decision-making process, fundamentally shifting the
evaluation paradigm from retrospective back-testing to dynamic, real-time interaction.

Single Agent Design.Similar to previous works [31, 33, 41, 44, 63], each agent in our framework,
powered by the selected LLM backend, ful�lls a speci�c role within the investment process:

Financial Planner:Strategically orchestrates the investment analysis by determining analytical prior-
ities and allocating tasks to suitable analysts. It supports two modes: a deterministic mode, allowing
prede�ned analyst selection, and a dynamic mode, leveraging self-reasoning to �exibly select analysts.

Analyst Team:Consists of specialized analyst agents—Fundamental, Technical, Insider, Company
News, Macro Economic, and Policy—that analyze domain-speci�c data and generate standardized
signals(Bullish, Bearish, or Neutral) , accompanied by detailed justi�cations. See Table 1
for analyst types and their specialized functions.

Portfolio Manager:Integrates multiple analyst signals to make executive investment decisions(Buy,
Sell, Hold) , manages risk control (i.e., the portion of holdings and cash), and maintains a dual-
memory architecture (see Appendix B.2) to re�ect historical transactions and current portfolio
states.

Multi-Agent Work�ow. The multi-agent work�ow [28, 36, 45, 60, 67] adopts an orchestrator-worker
paradigm3 to mimic a realistic fund management process. Initially, theFinancial Planner selects and
assigns analysts based on real-time market conditions and portfolio status. Next, the selectedAnalyst
Team concurrently processes domain-speci�c information and generates structured analytical signals.
Finally, thePortfolio Manager synthesizes these signals, evaluates portfolio risks, decides optimal
trading actions, and updates the investment portfolio state. The entire process is rigorously tracked,

3See Anthropic bloghttps://www.anthropic.com/engineering/building-effective-agents
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Table 1: Analyst types, their data sources, and specialized features within the Analyst Team.

Analyst Type Data Source Feature

Technical Historical price/vol-
ume data

Focuses on price patterns and indicators, such as
trends, RSI, volatility, support/resistance.

Fundamental Financial state-
ments, ratios

Analyzes company �nancials, such as earnings,
margins, valuation metrics.

Insider Insider transaction
reports

Monitors corporate insider activity, such as execu-
tive buys/sells, timing patterns.

Company News News articles, press
releases

Assesses company-speci�c news, such as senti-
ment, material events.

Macro Economic Economic indica-
tors

Examines economic conditions, such as GDP, in-
�ation, unemployment, rates.

Policy Policy news, central
bank reports

Analyzes �scal/monetary policy, such as interest
rates, spending, regulation.

Table 2: Evaluated LLMs: The detailed information is sourced from related technical report.

Provider Model Version Open Source Release Date Knowledge Cutoff

OpenAI GPT-4.1 [52] Apr 2025 June 2024
Meta Llama 4 Scout [50] Apr 2025 Aug 2024

Google Gemini 2.5 Flash [16] Apr 2025 Jan 2025
Anthropic Claude 3.7 Sonnet [2] Feb 2025 Oct 2024

xAI Grok 3 mini Beta [62] Feb 2025 Nov 2024
DeepSeek DeepSeek-V3 [11] Mar 2025 Dec 2024
Alibaba Qwen2.5-Max [1] Jan 2025 NA

ByteDance Doubao-1.5-pro [6] Jan 2025 NA
Zhipu GLM-4-Air [71] Apr 2025 NA

ensuring complete traceability and consistency throughout the decision-making pipeline. We provide
more details on how the work�ow effectively coordinates information exchange in Appendix B.1.

Evaluation Interface. As shown in Figure 1(b), we provide a web-based interface for presenting
the trading performance for each LLM. Inspired by the previous work, ChatBot Arena [9] and Open
FinLLM Leaderboard [34], the interface is designed to be comprehensive and �ne-grained, allowing
for in-depth analysis of the trading behavior. Please refer to Appendix B.3 for more details.

3 Experimental Setting

Financial Data Integration. We integrate upstream data from well-known and trusted �nancial
provider APIs (e.g.,Alpha Vantage, Yahoo Finance). The data covers not only granular ticker-
level information, such as �nancial statement, company news, daily trading statistics, and insider
transactions, but also the macro indicators and policy news. Parametric settings are presented in
Appendix B.4 for more details.

LLMs. We evaluated nine state-of-the-art LLMs from various providers, each with distinct knowledge
cutoff dates, to fairly assess their real-time investment performance, as shown in Table 2.

Portfolio Con�guration. In a nod to the investment wisdom of Warren Buffett, our experiments
target investments in Berkshire Hathaway's top �ve holdings as of Q1 2025: Apple (AAPL), Amer-
ican Express (AXP), Bank of America (BAC), Coca-Cola (KO), and Chevron (CVX). Each LLM
manages initial cash�ow with a total amount of$100,000. As theFundamentalandMacro-Economic
analysts are designed to provide long-term perspective (i.e., quarterly, half-yearly, or annually),
to accommodate the daily trading frequency, each LLM will coordinate the other four analysts:
Technical, Company News, Policy, andInsider in our experiments.
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Trading Period. The trading period is from March 17 to April 17, 2025, covering 24 trading days
with a daily trading frequency. Notably, this period captures two signi�cant market events: (1)
FOMC Meeting: During March 18-19, the Federal Reserve maintained the federal funds rate at
4.5%, marking a second consecutive pause following earlier rate cuts. (2)Tariff Impact : During
April 2-9, the US government �rst announced a heavy tariff on global imports, then paused it. This
move intensi�ed concerns over in�ation and economic slowdown, contributing to �uctuations in
major stock indices.

Signal and Decision Validity. The validity of signals and decisions generated by DeepFund was
evaluated over 24 trading days. The signal and decision are regarded as valid only if the justi�cation
is correctly provided. Failing to do so will result inNo signal provided due to erroror Just hold
due to error, respectively. Out of a total of 4320 signals and 1080 trading decisions, DeepFund
successfully produced4144 signals (96% validity) and 1059 trading decisions (98% validity).
Such high validity rates indicate the robustness and reliability in generating timely and actionable
outputs. Further detailed statistics are available in Appendix C.

Evaluation Metrics. We employ standard �nancial metrics to measure performance rigorously,
including Cumulative Return (CR ) [18], Cumulative Return at Buy & Hold (CR bnh ) [13], Sharpe
Ratio (SR) [55], Maximum Drawdown (MDD ) [49], Win Rate (WR ) [7], Beta (� ) [23], and Alpha
(� ) [23]. The detailed de�nitions and formulas for these metrics can be found in Appendix D.

Implementation Details. We build the agentic work�ow via LangChain, a powerful toolkit for
building LLM-based applications. All LLM inferences occur through provider-speci�c APIs, using
standardized prompts (see Appendix E) and the same temperature for fairness (refer to Appendix B.4
for more details). Additionally, we utilize Supabase, a PostgreSQL-based cloud database, to store
all activities, including historical decisions, portfolio states, and analytical signals. The evaluation
incurred approximately$100 in total costs (i.e., LLM APIs 40%, �nancial data 40%, and cloud
database 20%, correspondingly). To support reproducibility, our code repository is publicly available.

4 Going Live: Revealing the True Trading Power of LLMs

In this section, we delve into the real-world trading performance and behavior of various LLMs
deployed in a live market environment. We �rst present a comprehensive overview of the trading
outcomes for all evaluated LLMs. Subsequently, we conduct an in-depth comparative analysis of two
representative models: Grok, which uniquely achieved pro�tability, and DeepSeek, which experienced
losses. Through detailed observation of their underlying reasoning processes and decision chains
within our trading pipeline, we aim to uncover the critical factors contributing to their divergent
performance. Moreover, we provide additional intriguing �ndings in Appendix A.

This analysis seeks to answer pivotal questions regarding the practical capabilities of LLMs in
�nancial markets:Q1: Which LLMs thrive—and which struggle—in the high-stakes arena of live
trading?Q2: How adeptly can LLMs transform complex, multi-source �nancial data into precise and
actionable trading signals?Q3: When the signals are translated into real market actions, do LLMs
truly achieve pro�table outcomes?Q4: What unique trading “personalities” or strategic styles can
we uncover among different LLMs in the live market setting?

4.1 Beyond Backtesting: LLMs Face the Live Market Challenge (Q1)

The �nancial markets are notoriously challenging, often echoing the old adage, “Out of ten gamblers,
nine will lose”. Our live trading experiment with LLMs starkly underscores this reality. Table 3
and Figure 3 reveal that while all evaluated LLMs were capable of executing the end-to-end “data-
signal-decision” pipeline, their pro�tability varied dramatically under identical market conditions. A
signi�cant majority experienced net trading losses (i.e.,Cumulative ReturnCR < 0), highlighting
the substantial hurdles of achieving success in real-time fund investment. Strikingly, only the Grok 3
model managed to secure a positive cumulative return.

After the FOMC meeting, all LLMs kept positive net gain. When it came to the tariffs impact, we
observe that the DeepSeek incurred the largest drawdown, which is 14.5%. During the bearish market
period, Table 3 shows that most US-produced LLMs (except for GPT-4.1) demonstrated lower return
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Figure 3: Portfolio asset value for each LLM over time.

Table 3: Overall trading performance of LLMs in DeepFund, sorted byCR (#).

Model Version CR(%) CRbnh (%) SR MDD (%) WR (%) � �

Grok 3 mini Beta +1.1 -3.09 0.51 5.5 61 0.42 0.2
Gemini 2.5 Flash -1.9 -1.58 -1.37 6.4 61 0.35 0.0
Claude 3.7 Sonnet -3.7 -2.94 -1.45 10.1 70 0.64 0.0

Llama 4 Scout -4.3 -3.62 -2.42 8.9 61 0.36 -0.1
DeepSeek-V3 -5.7 -5.6 -1.39 14.5 57 0.94 0.0

GPT-4.1 -5.9 -4.41 -1.87 12.8 52 0.77 0.0
Qwen2.5-Max -6.7 -4.86 -3.12 10.7 65 0.48 -0.2
GLM-4-Air -7.5 -3.90 -2.31 13.2 57 0.78 -0.1

Doubao-1.5-pro -8.1 -5.37 -2.35 13.6 65 0.84 -0.1

S&P 500 -6.91 NA 0.3 13.7 NA 1.00 0.0

losses (i.e.,CR ) than Chinese-produced LLMs. Compared to theCR bnh , we observe that a passive
Buy & Hold strategy would have more resilience to such market �uctuations.

The Live Market Gauntlet: Most LLMs Stumble, but Grok Emerges as the Lone Survivor!
Q1 Takeaway

4.2 Signal or Noise? Decoding LLMs' Analytical Powers (Q2)

The system employs four functional analysts that generate signals(Bullish , Neutral , or Bearish)
based on diverse inputs. The ef�cacy of an LLM-driven analyst in signal extraction is re�ected in the
alignment of its aggregated signals with subsequent stock price movements. To assess this, we bind
live environment with multi-source data, including company news, insider transactions, policy shifts,
and technical indicators. Each analyst is required to generate a signal and justify its reasoning.

Figure 4(a) presents the analyst signal distributions for Apple Inc. (AAPL) powered by Grok and
DeepSeek correspondingly. Generally, Grok produced a higher proportion of directional signals
(Bullish or Bearish) , resulting in greater signal diversity. In contrast, DeepSeek leaned heavily
towardsNeutral signals given identical conditions.

Speci�cally, during the period of modest price �uctuation (March 17 to April 2), DeepSeek preferred
Neutral signals, suggesting a less sensitive stance. While, Grok preferredBullish signals. When
the tariffs were announced, both turned to pumpBearish signals, indicating a more cautious stance.
Notably, both models struggled to predict the signi�cant price surge on April 9 (from 172.42 USD to
198.85 USD), indicating a shared limitation in detecting strong reversal signals.
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(a) Daily analyst signal overview by DeepSeek(up) and Grok(down).

(b) Stock price and holdings for DeepSeek (yellow) and Grok (purple) over the trading period.

Figure 4: AAPL trading for DeepSeek and Grok.

Viewing from the perspective of data sources, the behavior revealed further distinctions. Grok-based
analysts consistently displayed a bearish perspective in policy and technical analyses, except during
tariff-in�uenced periods. An interesting divergence occurred on April 10 (refer to case study in
Appendix F.1 for details), where Grok and DeepSeek held opposing views in policy analysis: both
acknowledged short-term uncertainty, but Grok expressed optimism regarding long-term prospects.

Reading the Market's Pulse: Grok Captures Policy Shifts and Technical Trends, DeepSeek Stays
Neutral and Misses Key Signals!

Q2 Takeaway

4.3 From Signals to Pro�ts: The Real Test of Trading Decisions (Q3)

In this stage, LLM ingests collective signals, trading history, and holding shares to make trading
decisions. We evaluated this signal-to-decision consistency by analyzing how well aggregated signals
turned into actions. Intuitively, the “Signal-to-Decision” is regarded as consistent if observed: (i) a
Buyfollowed dominantBullish signals; (ii) aSell followed dominantBearish signals; (iii) aHold
occurred withNeutral or mixed signals without a clear directional bias.

Figure 4(b) shows AAPL's price movements and the trading positions of Grok and DeepSeek. Both
models generally integrate signals with the following evidence: (i)Sell decisions are often aligned
with Bearish signal from technical and policy analysts; (ii) both models tend toHold with mixed or
predominantlyBearish signals; (iii) insider source has limited impact onBuyandSell choices.

Particular to theBuydecisions, Grok was more in�uenced byBullish signals from company news
and policy, while DeepSeek weighted company news more heavily. Although both showed decision-
making consistency, Grok demonstrated superior information integration by incorporating policy
signals and exhibiting greater decision �exibility, suggesting better market timing capabilities.

Crucially, consistency does not guarantee effectiveness in pro�tability. We de�ned an effective
decision as aBuyfollowed by a price increase or aSell followed by a decrease (excluding the
�nal day). Grok made 11Buydecisions (7 effective) and 10Sell decisions (5 effective). Effective
decisions are often correlated withBearish policy/technical orBullish company news signals.
DeepSeek made 3Buydecisions (1 effective) and 8Sell decisions (5 effective), showing higher
precision in sells but fewer effective buys. Overall, Grok was more effective in leveraging diverse
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