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Abstract—We propose an enhanced version of FinRL-
DeepSeek for the ”FinRL Contest 2025 Task 17, a framework that
integrates Large Language Model (LLM) signals into Reinforce-
ment Learning (RL) for stock trading. The original approach
employed fixed LL.M-based perturbations (e.g., on actions or
trajectory returns), overlooking each signal’s uncertainty and
thereby risking the amplification of noise.

To address these limitations, we introduce Adaptive Confidence-
Weighted LLM Infusion for two types of infusions. First, trading-
actions scores, which aligns each LLM-derived factor around
a neutral baseline based on the LLM’s self-reported confi-
dence. High-confidence signals preserve their strength, while
low-confidence signals are dampened. Second, controlling the
exploration-exploitation trade-off by entropy regularisation.This
dynamic adaptation is implemented in both PPO and CVaR-PPO,
enabling more robust, context-aware policy updates. Empirical
backtests on real market data demonstrate that our method
consistently improves stability and risk-adjusted returns, un-
derscoring the value of explicitly modeling confidence in LLM-
augmented RL trading strategies. '

Index Terms—FinRL, Reinforcement Learning, Prompting,
LLM Infusion, Financial Trading, Algorithmic Portfolio Man-
agement

I. INTRODUCTION

Algorithmic trading is a rapidly evolving domain, and Rein-
forcement Learning (RL) has emerged as a powerful approach
within it. However, as highlighted by [1] [2], there remains a
notable gap in effectively integrating text-based market infor-
mation (e. g., financial news) and addressing risk management
in RL-driven trading strategies. This paper, produced under the
guidelines of the FinRL Contest 2025, serves as a complemen-
tary extension of the aforementioned work, with an emphasis
on refining prompt design, LLM infusion, and hyperparameter
tunings. By doing so, we aim to enhance the robustness and
performance of RL-based trading agents, ultimately laying a
stronger foundation for future developments in algorithmic
trading research.

II. DATA AND METHODOLOGY

In this section, dataset, LLM prompts, and algorithms will
be discussed. The new LLM-infusion method will be discussed
in a separate section.

Uhttps://github.com/emranyat/FinRL_DeepSeek
Zhttps://huggingface.co/datasets/emranyat/FinRL_2025
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A. Datasets

Main datasets include Yahoo Finance for the Nasdaq-100
stocks information (e. g., prices, volumes, indicators, etc) [3].
Additionally, the FINSPID dataset [4] which was published
last year and contains over 15.7 Million news on the Nasdag-
100 stocks, is used. This dataset was shortened randomly
by [2] to 2 Million news for the purpose of LLM requests
expenses.

B. LLM Prompts

o Prompting Method: According to [5], effective prompt-
ing for Large Language Models (LLMs) often involves
a combination of strategies, such as probscore, advanced
descriptions, and few-shot learning.

1) Probscore gauges how certain the LLM is about its
own response.

2) Advanced descriptions ensure thorough background

context for the LLM, potentially improving answer

quality.

Few-shot learning supplies a small number of ex-

amples (e. g., five), guiding the LLM’s outputs via

In-Context Learning (ICL).

Date Specification may influence an LLM to disre-

gard knowledge acquired after the date a news item

was published, reducing the risk of look-ahead bias

on the score’s evaluation.

3)

4)

Based on [6], properly engineered prompts can out-
perform naive or purely human-crafted queries. Conse-
quently, we utilize a highly ranked LLM (GROK-3 [7])
[8] to generate our final prompt (see Figure 1 for the
risk score example), then feed that prompt into another
LLM (DeepSeek-V3 [9]) to obtain the final scores. This
same approach also applies to sentiment scoring, using a
prompt closely resembling Figure 1.

o Confidence Probabilities: As described above, we re-
quest the LLM to output a confidence probability (or
integer rating) alongside each score, recognizing that not
all news items carry equal significance. Leveraging this
confidence factor in our RL training (see Section III)
helps the agent weigh uncertain signals more cautiously
and trust highly confident signals more strongly.



[BUSEER vou are a financial risk analyst assessing stocks as of {date}. Evaluate news for {Stock} and assign: - A risk score (1-5):

1=very low, 2=low, 3=moderate (default if unclear), 4=high, S=very high. - A probability (0.00-1.00) reflecting confidence, based on
news clarity, data availability, and task difficulty. Risk Factors to Consider: - Regulatory changes (e.g., antitrust lawsits)  Higher risk
(4-5). - Product launches (e.£., VisionPro release) > Moderate risk (3). - Market sentiment (e.g., price might decrease) > Score 2-4
depending on certainty. - Ambiguous statements (e.g., might get the Chinese effect) > Default to 3 with low probability. Risk 1: Very
low risk - Strong positive news (e.g., 45% stock increase with no negatives). Risk 3: Moderate risk - Vague or neutral news (e.g., ‘might
decrease). Risk 5: Very high risk - Clear negative news (e.g., major scandal o bankruptcy risk). Probability Guidance: - Probability =
0.9-1.0if the news cites a definitive event (e.g., FDA approval delayed). - Probability = 0.6-0.8 if the risk is implied but not certain (e.g.,
may face fines). - Probability < 0.5 if the news is vague (e.g., could be impacted by market trends). Response Format: Risk: [risk
score] Probability: [probability]

User: News to Stock Symbol -- AMZN: Amazon warehouse strike begins ### News to Stock Symbol -- GOOGL: Google fined $18 for
data privacy ### News to Stock Symbol -- JPM: JP Morgan beats earnings forecasts

[SSISEARE Risk: 3 Probability: 0.55, Risk: 5, Probability: 0.80, Risk: 1 Probability: 0.95

User: News to Stock Symbol -- AAPL: Apple faces antitrust lawsuit in the EU ## News to Stock Symbol - TSLA: Tesla's Q4 deliveries
miss estimates

[ASSISEaRE Risk: 4 Probability: 0.75, Risk: 4 Probability: 0.60

[ USER: ### News to Stock Symbol - {Stock}: On {date}, {text} ]

Fig. 1. Prompt for Risk Scores and Confidence Probabilities

C. Algorithms

We retain the two primary algorithms from the original
paper [2], but enhance their integration with LLM signals:

a) Proximal Policy Optimization (PPO).: Originally in-
troduced by OpenAl [10], PPO updates its policy by clipping
the probability ratios between the new and old policies. This
clipping mechanism penalizes excessive deviations, preventing
unstable policy swings, and is typically yielding more robust
performance in practice.

b) Conditional Value at Risk-Proximal Policy Optimiza-
tion (CVaR-PPO): Proposed by [11], CVaR-PPO extends PPO
by incorporating risk-sensitive optimization through Condi-
tional Value at Risk (CVaR). This additional risk constraint
helps mitigate large losses over adverse market conditions,
often producing safer trading strategies than vanilla PPO. In
our context, CVaR-PPO also benefits from the LLM-based
signals, allowing us to more effectively manage and adapt to
shifting risk profiles in the market.

1II. ADAPTIVE CONFIDENCE-WEIGHTED LLM INFUSION

In the original version of FinRL-DeepSeek [2], the LLM
signals were injected into two main components of the RL
agent:

1) A recommendation factor Sy, which amplifies or damp-
ens each action a; (e.g., pushing the policy to buy or
sell).

2) A risk factor Ry, which modifies the trajectory returns
D(my) for risk-sensitive optimization (e.g., in CVaR-
PPO).

A. Adaptive Confidence-Weighted Infusion

To incorporate the LLM’s confidence explicitly, we propose
a novel mechanism where each discrete LLM score (1-5) is
accompanied by a confidence probability C € [0.00,1.00]
(where 0.00 indicates no confidence and 1.00 indicates a
certain confidence in the score). We then replace the fixed
factors with:
a) Adaptive Recommendation Factor: We define

Sped = 1+(Sf—1)*crec~a
mod Smod .

where Sy is the original baseline factor from the LLM
(e.g., 0.9,0.95,1.0,1.05,1.1), and Cie. is the normalized
confidence (ranging 0.00-1.00). The parameter o > 0 is

(1
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a hyperparameter controlling how strongly we amplify or
dampen the recommendation based on confidence.

b) Adaptive Risk Factor: Similarly, for the risk compo-
nent R%, we introduce:

(Rp)y™ed =14 (Ri —1)* Cliy - B
R;nod z w; - 1‘ mod ,

where each Rf is the baseline around 1.0, 8 is a tunable
scaling parameter, and C%_ € [0.00,1.00] is the confidence
for each stock’s risk assessment. The modified factor R‘}“Od
then replaces (??) in the CVaR or PPO objective:

@)

D(me). 3

Do (m9) = Rped .

B. Entropy Regularisation

This is a different LLM infusion method, where the entropy
function is injected with the LLM scores. The purpose of
this method is to control the trade-off between exploration-
exploitation of the policy, where if a stock got a high rec-
ommendation score, the policy will exploit this option and
opposite if the score is low, and vice versa for risk scores.

a) Recommendation Scores: The policy loss in PPO with
entropy regularization is given by:

L= — B, | min [ T003) 4,
o, (a]5)
clip (MJ o1+ e) A,
7T9uld(a|5)
+ B H(mo(]s)) )
where:
o H(mg(:s)) = —>_,mo(als)logmy(als) is the entropy.

o [ is the entropy coefficient (hyperparameter).
where the function of /3 is one of two options:

ﬁ = COGf : (5 - SLLM) : Crec (5)

Or;
c?

rec

B = 5SLwm - (6)

where Sppym is the recommendation score that was assigned
by the LLM (1-5).
b) Risk Scores: In the case of risk scores in CPPO:

B = CO@f - Riim - Crisk @)
Or;
8= Rum - Ciy

C. Adaptive Factors + Entropy Regularization

®

We propose the merging of both LLM infusion methods,
where injection will occur at the policy level to amplify /
damage the action and at the entropy level to mitigate the
trade-off between exploration and exploitation.



Cumulative Returns with Performance Metrics

—— PPO 20 epochs
PPO-LLM-al.5 20 epochs.
—— PPO-LLM-al.25 20 epochs
—— PPO-LLM-Noconf 20 epochs
—— PPO-ent0.1 20 epochs
—— PPO-LLM-old 100 epochs
Nasdag-100 index (Benchmark)
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Fig. 2. Backtesting of PPO after 400K training (20 epochs, 20k steps), 14
months training, 2 months trading

Cumulative Returns with Performance Metrics

—— CPPO-LLM-be.5 20 epochs
CPPO-LLM-be.25 20 epochs

—— CPPO-LLM-old 100 epochs

—— CPPO-LLM-Noconf 20 epochs
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Cumulative Return
5

098

0.96

20230215 2023-02-22 2023-03-01 2023-03-08 2023-03-15 2023-03-22

Date

Fig. 3. Backtesting of CPPO after 400K training (20 epochs, 20k steps), 14
months training, 2 months trading

IV. RESULTS
A. Early Stopping

Experiments were conducted to a small subset of the
whole dataset (2013-2023) to reduce computational costs
and explore different pathways. Specifically, we tried a 10%
amplifier/damper of the score for both PPO and CPPO.

Training Period: 2022 - 2023

Trading Period: 2023/2 - 2023/3

Figure 2,3 and table I present the preliminary results of early
stopping (400k training steps). Results indicate that the use
of CPPO with both LLm infusions (factors and entropy) got
a higher cumulative returns than the Nasdag-100 benchmark,
indicating that the infusion of recommendation/risk scores and
its confidences have positively contributed to the model.

B. Full Training

Owing to limited computational resources, we have post-
poned the full-scale experiments to a later stage. Specifically,
we plan to run the model on the entire dataset with a more
extensive training schedule (e. g., 100 epochs and 20k steps).
These results, along with the final trained model, will be
submitted once the extended experiments are completed.

V. CONCLUSION

We introduced an enhanced version of FinRL-DeepSeek by
refining its LLM prompt design and incorporating an adaptive
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TABLE I
BACKTESTING RESULTS

Model Cumulative Rachev Max Outperf. Downturn
Returns Ratio Drawdown Frequency  Outperf.
PPO 0.0065 1.2292 -0.0610 48.1481 83.3333
PPO-LLM al0.5 0.0462 1.1154 -0.0212 55.5556 91.6667
PPO-LLM al0.25 0.0269 1.3214 -0.0419 51.8519 83.3333
PPO-LLM Noconf 0.0310 1.6571 -0.0333 55.5556 91.6667
PPO-ent0.1 0.0436 1.4952 -0.0217 55.5556 91.6667
CPPO-LLM be0.5 0.0012 09164 -0.0405 55.5556 91.6667
CPPO-LLM be0.25 0.0007 1.1748 -0.0437 48.1481 83.3333
CPPO-LLM Noconf 0.0539 1.2210 -0.0170 55.5556 91.6667
CPPO-ent0.1 0.0452 1.4174 -0.0248 55.5556 91.6667
CPPO-ent 0.0247 1.1145 -0.0339 55.5556 91.6667
CPPO-LLM & ent0.1 0.0579 1.6859 -0.0262 51.8519 83.3333

LLM-infusion approach. Empirical evidence suggests our im-
provements can significantly stabilize performance and better
leverage text-based financial information. In future work, we
aim to:

« Expand News Sources: Incorporate diverse media (e. g.,

X-posts, YouTube videos) to capture a broader market
sentiment spectrum and enable more robust decision-
making.
Pipeline Optimization: Streamline the data processing
and request management pipeline for LLM interactions.
In our initial trials, parallelizing the requests to the
LLM provider reduced average latency by up to 90%,
minimizing dropped queries and missing data.
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