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Explosive Growth and Complexity of Financial Data

The financial data is massive and coninuing to grow, driven by high-frequency trading,
digital financial services and the integration of alternative datasets.
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Explosive Growth and Complexity of Financial Data
The financial data is massive and coninuing to grow, driven by high-frequency trading,
digital financial services and the integration of alternative datasets.

Modern financial data is massive and complex, including but not limited to:
▶ High-Velocity Market Data: Real time (tick-level) trading data generates

petabyte-level information every day.
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Explosive Growth and Complexity of Financial Data
The financial data is massive and coninuing to grow, driven by high-frequency trading,
digital financial services and the integration of alternative datasets.

Modern financial data is massive and complex, including but not limited to:
▶ Regulatory and Macro Data: These data is from central banks or reporting

bodies. It also includes macro features of global economy and financial health.
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Explosive Growth and Complexity of Financial Data
The financial data is massive and coninuing to grow, driven by high-frequency trading,
digital financial services and the integration of alternative datasets.

Modern financial data is massive and complex, including but not limited to:
▶ Alternative Data: Institutions now incorporate vast non-traditional datasets,

such as satellite imagery for supply chain tracking, geolocation data for retail foot
traffic, and IoT sensor data from logistics, to gain an information edge.
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Artificial Intelligence Driven by Big Data

The last decade sees the tremendous development of artificial intelligence, especially
the development of deep learning and large language models.
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Artificial Intelligence Driven by Big Data
The last decade sees the tremendous development of artificial intelligence, especially
the development of deep learning and large language models.

Compared with AI one decades ago, today’s AI systems, namely multi-modal large
language models (LLMs), has the following properties:
▶ Powerful Expression Capability: The unprecedented scale of parameters enables

these models to effectively approximate complex, high-dimensional distributions
and encode massive amounts of world knowledge.

Chen Liu (CityUHK CS) 4 / 36



Artificial Intelligence Driven by Big Data
The last decade sees the tremendous development of artificial intelligence, especially
the development of deep learning and large language models.

Compared with AI one decades ago, today’s AI systems, namely multi-modal large
language models (LLMs), has the following properties:
▶ Multi-Modality: By utilizing specialized encoders mapped to a shared latent

space, the system can process, align, and synthesize multi-modal data.
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Artificial Intelligence Driven by Big Data
The last decade sees the tremendous development of artificial intelligence, especially
the development of deep learning and large language models.

Compared with AI one decades ago, today’s AI systems, namely multi-modal large
language models (LLMs), has the following properties:
▶ Reasoning: Beyond basic pattern recognition, these models demonstrate

multi-step logical deduction. Through mechanisms like Chain-of-Thought (CoT),
they can decompose complex problems and analyze competing signals.
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Artificial Intelligence Driven by Big Data
The last decade sees the tremendous development of artificial intelligence, especially
the development of deep learning and large language models.

Compared with AI one decades ago, today’s AI systems, namely multi-modal large
language models (LLMs), has the following properties:
▶ Self-Improvement: The LLM-powered AI agents can interact with each other to

improve themselves.
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AI Can Enpower FinTech

AI developments in recent years, especially LLMs, are uniquely equipped to drive
FinTech forward.

▶ Massive and Complex Data ⇐ LLMs’ capacity for extended context windows.
▶ Diverse Data Modalities ⇐ Native multi-modal processing architectures.
▶ Disparate Data Sources ⇐ Unprecedented power in encoding broad world knowledge.
▶ Demand for Interpretability ⇐ Transparent, step-by-step reasoning capabilities.
▶ Noisy and Volatile Signals ⇐ Robust, cross-validating multi-agent systems.
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Sparse Portfolio Optimization
Problem definition
▶ Select at most m assets from n candidates to maximize investment performance.

max
w

g(w) subject to wT1 = 1, w ≥ 0, ∥w∥0 ≤ m

Rewarding function g is complex and noisy, constraint ∥w∥0 ≤ m is non-convex.
▶ Many financial decision making problems can be formulated as sparse portfolio

optimization, with potentially more constraints.

Why sparsity matters?
▶ Better interpretability of selected assets.
▶ Lower transaction costs and easier implementation.

Evaluation metrics
▶ Cumulative Wealth (CW): total portfolio return over the horizon.
▶ Sharpe Ratio (SR): risk-adjusted return per unit volatility.
▶ Maximum Drawdown (MD): worst-case loss from peak to trough.
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Traditional Statistical Methods

▶ 1/N
▶ Assign each weight to all underlying assets.
▶ To avoid the trap of relying on unpredictable market forecasts.

▶ Minimum Conditional Value at Risk (Min-CVaR)
▶ Minimize the potential losses during the absolute worst market days.
▶ Suitable for investors who want to protect against market clashes.

▶ Maximum Sharpe Ratio (Max-Sharpe)
▶ Maximizing the expected returns for single unit of risk.
▶ To offer highest risk-adjusted performance.
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Methods based on Learning and Optimization

▶ LightGBM, XGBoost (XGB)
▶ Algorithms based on “tree-boosting” which builds thousands of decision trees for

decision making.
▶ Autonomous Sparse Mean-CVaR

▶ A smooth approximation technique to bypass rigid mathematical roadblocks,
allowing it to solve the worst-case risk problem efficiently.

▶ m-Sparse Sharpe Ratio Maximization via Proximal Gradient Algorithm
(mSSRM-PGA)
▶ Use proximal gradient algorithm to iteratively improve the portfolio’s risk-adjusted

performance.
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Alpha Factor
Definition
▶ An alpha factor is a mathematical expression that maps historical features (e.g. price,

volume, volatility) to a score for each asset.
▶ Higher alpha factor score → More attractive asset under the investment objective.

Evaluation
▶ The correlation between the ranking by alpha factors and the real ranking.
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Alpha Factor

Traditional Alpha Factor Pool
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Limitations of Existing Methods

Factor-based Methods
▶ Interpretable but require heavy manual design.
▶ Degrade quickly in live trading.
▶ Sparse decay: performance drops sharply when selecting only few assets.

Traditional Optimization Methods
▶ Competitive but uninterpretable results.
▶ Computationally expensive and sensitive to hyper-parameters.

Let’s design an adaptive, interpretable and robust algorithm to find competitive
alphas efficiently.
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Evolutionary Algorithms

Definition (Evolutionary algorithms)
Evolutionary algorithms are a broad family of optimization techniques inspired by the
principles of biological evolution, utilizing mechanisms like natural selection, mutation,
and crossover. They work by iteratively evaluating and refining a population of
candidate solutions to find the most optimal answer to a complex problem.
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Evolutionary Algorithms
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AutoResearch

One day, frontier AI research used to be done
by meat computers in between eating, sleep-
ing, having other fun, and synchronizing once
in a while using sound wave interconnect in
the ritual of ”group meeting”. That era is long
gone. Research is now entirely the domain
of autonomous swarms of AI agents running
across compute cluster megastructures in the
skies. The agents claim that we are now in
the 10,205th generation of the code base, in
any case no one could tell if that’s right or
wrong as the ”code” is now a self-modifying
binary that has grown beyond human compre-
hension. This repo is the story of how it all
began. -@karpathy, March 2026.
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AutoResearch
▶ AutoResearch automates the design of scientific method by LLM agents: from

hypothesis generation to experimental validation and paper drafting.
▶ Traditional: Researcher manually review literature, design algorithms, write code and

iterative based on empirical results.
▶ Autonomous: AI systems search related literature, propose ideas, generate code,

execute experiments and refine methods with minimal human intervention.
▶ AutoResearch accelerate discovery, explore vast search spaces efficiently, and

tackle highly complex optimization problems.

Literature
Review

Hypothesis
Generation

Experiment
Execution

Analysis &
Refinement

Iterative Feedback
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How LLMs Enable Automatic Problem Solving

LLMs act as the cognitive engine driving the autonomous loop and have several
advantages:

▶ Broad Context: LLMs encode vast domains of literature.
▶ Novelty Search: Capable of identifying gaps and proposing novel strategies.
▶ Code Generation: Translating pseudo-code into executable Python / PyTorch scripts.
▶ Tool Interaction: LLM agents can interact with tools / softwares to run codes.
▶ Self-Improvement: The empirical results can fed to LLMs as prompts in the next

iteration for self-improvement.
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Evolutionary Algorithm for Alpha Factor Search
Key Idea: we can use LLM to drive alpha factor evolution.

▶ Fitness ⇐ Portfolio Performance.
▶ Selection ⇐ Backtesting
▶ Reproduction, Mutation ⇐

Alpha Factor Tree Modification

Advantages of using LLM to guide evolution: the prior knowledge mastered by
LLM can more smartly search for the strong alpha factors and provide the
corresponding explanation.
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Prompt to Improve Alpha Factor

Our prompt includes:
▶ Context (Role Play)
▶ Strict Requirement
▶ Action Space
▶ Improvement Criteria

Figure: Prompt fed to LLMs in the evolution of alpha factors.
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Evolution of Alpha Factor

Figure: How alpha factor evolves in LLM-enabled search.
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Interpret Alpha Factors

Figure: Use LLMs to interpret alpha factors.
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Evolutionary Factor Search (EFS)

Key Features of EFS:
▶ LLM-driven factor generation: prompt LLMs to create executable alpha factor

formulas.

▶ Evolutionary Search: refine factors iteratively via mutation and crossover, guided by
backtest results.

▶ Closed-Loop Feedback: use performance metrics (CW, SR) to update and prune the
factor pool.

▶ Sparse Portfolio Construction: select top-m asset to construct portfolio.
▶ Transparency: factors are human-readable, interpretability and directly deployable.
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Results on Real Market
Table: Evaluation of Cumulative Wealth (CW↑), Sharpe Ratio (SR↑), and Maximum Drawdown (MDD↓) on
real-market datasets (US50, HSI45 and CSI300) for different model variants. The time frame is from 2019 to
2024 for US50, from 2022 to 2025 for HSI45 and CSI300.

US50 HSI45 CSI300
Group Method CW↑ SR↑ MDD↓ CW↑ SR↑ MDD↓ CW↑ SR↑ MDD↓

Baseline
1/N 4.562 0.072 0.344 1.333 0.029 0.409 1.087 0.014 0.214
Min-cVaR 1.779 0.038 0.314 1.628 0.063 0.244 0.992 0.003 0.286
Max-Sharpe 4.495 0.061 0.461 1.428 0.043 0.300 1.008 0.007 0.333

m=10
LGBM 4.182 0.063 0.332 1.611 0.038 0.367 2.334 0.072 0.225
XGBoost 6.313 0.077 0.328 1.581 0.035 0.440 1.420 0.032 0.345
mSSRM-PGA 5.121 0.059 0.569 0.766 -0.003 0.547 0.881 0.002 0.399
ASMCVaR 10.259 0.073 0.582 2.481 0.052 0.453 1.453 0.030 0.462
EFS-DeepSeek 25.101 0.132 0.288 3.463 0.080 0.385 3.437 0.079 0.327
EFS-GPT 22.905 0.130 0.260 2.789 0.067 0.292 4.962 0.098 0.301

m=15
LGBM 3.899 0.062 0.328 1.588 0.037 0.387 1.812 0.055 0.250
XGBoost 5.607 0.076 0.319 1.586 0.036 0.420 1.348 0.029 0.344
mSSRM-PGA 4.976 0.062 0.477 0.766 -0.003 0.547 0.787 -0.010 0.384
ASMCVaR 11.124 0.074 0.566 2.647 0.054 0.434 1.658 0.035 0.424
EFS-DeepSeek 13.978 0.114 0.298 2.364 0.061 0.406 2.510 0.067 0.298
EFS-GPT 14.707 0.117 0.278 2.277 0.058 0.307 3.218 0.082 0.246
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Ablation Studies

Table: Overall real-market portfolio performance metrics (CW = Cumulative Wealth, SR = Sharpe Ratio, MDD
= Maximum Drawdown, RankIC = Rank Information Coefficient, RankICIR = Rank Information Coefficient
Information Ratio). The time frame is from 2019 to 2024 for US50, from 2022 to 2025 for HSI45.

US50 HSI45
Method CW↑ SR↑ MDD↓ RankIC↑ RankICIR↑ CW↑ SR↑ MDD↓ RankIC↑ RankICIR↑
Initial Factor 6.254 0.081 0.449 0.005 0.352 1.364 0.031 0.386 0.018 0.950
EFS-DeepSeek 32.993±6.044 0.149±0.003 0.260±0.013 0.027±0.001 1.582±0.050 3.193±0.923 0.076±0.015 0.387±0.026 0.022±0.001 1.412±0.103
w/o Sparse Heuristic 19.248±3.642 0.125±0.003 0.346±0.048 0.020±0.004 1.262±0.265 2.198±1.094 0.051±0.030 0.391±0.051 0.027±0.015 1.508±0.828
w/o Numeric 23.414±3.814 0.133±0.007 0.324±0.042 0.023±0.004 1.334±0.201 2.943±0.516 0.072±0.007 0.372±0.024 0.024±0.002 1.435±0.118
w/o Quality 24.152±7.988 0.133±0.016 0.297±0.052 0.021±0.003 1.178±0.202 2.402±0.404 0.060±0.010 0.429±0.023 0.016±0.003 1.011±0.200
w/o Performance 9.549±5.869 0.094±0.019 0.327±0.053 0.009±0.009 0.487±0.467 1.168±0.036 0.020±0.002 0.369±0.025 0.009±0.002 0.522±0.106
w/o TA Factors 5.367±1.652 0.074±0.011 0.394±0.043 0.002±0.004 0.117±0.241 1.875±1.354 0.037±0.037 0.359±0.062 0.008±0.016 0.494±0.940
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Portfolio Performance
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Figure: Portfolio performance comparison across US50, HSI45, and CSI300 datasets. Each plot shows the
evolution of LLM-generated portfolios versus baselines and the ASMCVaR benchmark over time.

Chen Liu (CityUHK CS) 27 / 36



Portfolio Performance
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Figure: Portfolio performance comparison across US50, HSI45, and CSI300 datasets. Each plot shows the
evolution of LLM-generated portfolios versus baselines and the ASMCVaR benchmark over time.
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evolution of LLM-generated portfolios versus baselines and the ASMCVaR benchmark over time.
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Portfolio Analysis
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Figure: Annual snapshots of the top 10 most frequently selected assets under EFS in representative years for
US50 (top row: 2020, 2022, 2023) and HSI45 (bottom row: 2023, 2024, 2025). Bar height denotes the number
of selections within the given year, while the color encodes the annual return rate of each asset. This illustrates
EFS’s dynamic asset preference and adaptability to varying market environments.
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Figure: Factor score heatmaps and corresponding baseline curves across three datasets.

In general, portfolio holdings are more consistent in bull market.
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In general, portfolio holdings are more consistent in bull market.
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Transaction Fees

Table: Backtest results under transaction costs c = 0.1% and c = 0.2%. Metrics shown are Cumulative Wealth
(CW), Sharpe Ratio (SR), and Maximum Drawdown (MDD) across datasets US50, HSI45, and CSI300.

c Method US50 HSI45 CSI300
CW SR MDD CW SR MDD CW SR MDD

- EFS-GPT 4.1 39.746±15.484 0.154±0.013 0.252±0.021 3.338±0.770 0.076±0.012 0.324±0.041 3.862±0.802 0.086±0.011 0.290±0.079
EFS-DeepSeek 32.709±6.244 0.149±0.003 0.261±0.014 3.203±0.906 0.076±0.015 0.385±0.024 2.451±0.412 0.060±0.010 0.356±0.022

0.1% EFS-GPT 4.1 25.293±10.802 0.135±0.016 0.256±0.021 2.710±0.571 0.065±0.011 0.340±0.049 2.624±0.425 0.064±0.008 0.354±0.093
EFS-DeepSeek 22.058±4.053 0.133±0.003 0.265±0.015 2.643±0.775 0.065±0.015 0.410±0.023 1.668±0.227 0.039±0.008 0.434±0.012

0.2% EFS-GPT 4.1 16.114±7.464 0.117±0.018 0.260±0.022 2.201±0.422 0.054±0.011 0.358±0.056 1.785±0.208 0.043±0.006 0.412±0.103
EFS-DeepSeek 14.876±2.646 0.117±0.003 0.270±0.016 2.182±0.665 0.054±0.016 0.433±0.022 1.136±0.130 0.018±0.007 0.502±0.009
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Different LLMs
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Figure: Radar chart comparison of model performance in alpha factor searching. (Left) Models evaluated on
generation and evaluation tasks across reliability, stability, accuracy, scoring, and ranking dimensions. (Right)
Models compared on search efficiency metrics including diversity, cost, reliability, improvement rate, and
improvement ratio.
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Summary and Limitation

Summary:
▶ We propose a unified evolutionary factor search (EFS) framework.
▶ We adaptively adjust alpha factors in different market regimes.
▶ The alpha factors found demonstrate good interpretability and competitive

performance.

Current Limitations:
▶ Backtesting is computationally expensive.
▶ Sensitivity to prompt design and hyper-parameters.
▶ Limited coverage of multimodal signals (e.g. news, macro events).
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Exploitation & Exploration Trade-off

▶ The market dynamics change a lot (“black swarms”), which means the alpha
factors may decay very quickly. The EFS algorithm may fail to quickly adapt to
the new market regime.

▶ A diverse alpha factor pool is more robust against rapid market shifts.

▶ A diverse alpha factor pool means we need to consider the correlation Σ among
these alpha factors in addition to their performance r.

max
w

rTw + λwTΣw s.t. ∥w∥0 ≤ m

▶ A diverse alpha factor pool means there may be some alpha factors that are not very
strong. Therefore, we need to consider adaptively weighting these alpha factors when
constructing the final signal. The weights can depend on the backtesting results.
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Future Development

▶ Multimodal factor mining using news and alternative textual data.
▶ Enhance prompt robustness with automatic filtering and tuning.
▶ More high-frequent tradining situation.
▶ Non-linear underlying assets, like options.
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Thank You!
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