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Problems & Ideas

* Problems of traditional (GP- or RL-based) alpha mining
approaches:
— Alphas sometimes grow too complex, damaging their interpretability.
— Complex alphas sometimes lead to unexpected overfitting.

* |deas: Utilize inherent financial knowledge in LLMs to

generate interpretable alphas and build a RL-LLM hybrid
framework to leverage the advantages of both paradigms.

L ]
RL-based Alpha ee= Alpha Pool h=-
Generator f = open+- o = fo=- LLM-based Alpha
B fi = open — close : Generator
m(also) = open f2 = Ref(open, 20) /open
n(als;) = close high
n’(alsz): = Add » fs= max( low 'ZOd) Here are a set of formulaic
. G;? : alphas generated by an
n(als,) = [END] Q)\\O 2 automated system...
g k N Ensemble: IC = 0.0523...
<% F={fitiza (%ff Please generate three more
7 alphas...

Open 82.785 You are an expert quant

Low 82.671 researcher developing formulaic
: alphas... The input features

’ available are: $open, $close...

Combination
$ 2023-02-14 Model IC = 0.0523 @ Prompt Template
SH600000 X k W= (wy,,w)
CCGFF) = ) wifi(X)
Stock Data i=1

A diagram showing the working process of the RL-LLM hybrid alpha generator HARLA. The RL-based optimization loop
and the LLM-based one share the same alpha pool to continuously and alternately improve upon it.



Main Contributions

e Contributions:

Utilizing LLMs for formulaic alpha generation, and leveraging their
inherent financial knowledge to produce interpretable and diverse
alpha expressions.

A hybrid optimization framework integrating LLM-generated alphas
into an RL-based workflow. This includes scheduling and feedback
mechanisms to maximize synergy between the two methods while
managing computational overhead.

Extensive experiments showing the effectiveness of our approach.
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Results of correlation analysis and investment simulations. Our hybrid method achieves an average information coefficient
(IC) of 0.0515, a 75% improvement over the baseline RL framework. Backtest experiments reveal that our framework
achieves a cumulative excessive return more than twice of the baseline.



