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Abstract—Financial reinforcement learning has attracted lots
of attention recently. From 2023 to 2025, we have organized
three FinRL Contests featuring different financial tasks. Large
language models have a strong capability to process financial
documents. By integrating LLM-generated signals into the state,
trading agents can take smarter actions based on both structured
market data and unstructured financial documents. In this paper,
we summarize the parallel market environments for tasks used in
FinRL Contests 2023-2025. To address the sampling bottleneck
during training, we introduce GPU-optimized parallel market
environments to address the sampling bottleneck. In particular,
two new tasks incorporate LLLM-generated signals and all tasks
support massively parallel simulation. Contestants have used
these market environments to train robust and powerful trading
agents for both stock and cryptocurrency trading tasks.

Index Terms—FinRL trading agents, large language model,
market environment, massively parallel simulation.

I. INTRODUCTION

Financial reinforcement learning (FinRL) [1]-[3] applies
reinforcement learning algorithms to financial tasks, such as
order execution, portfolio management, high-frequency trad-
ing, option pricing and hedging, and market making [4]-[6].

High-quality market environments are crucial to develop
powerful trading agents. Financial data, featuring non-
stationary and low signal-to-noise ratio, is processed into
standard gym-style [7] market environments. A financial task
is modeled as a Markov Decision Process (MDP) by defining
the state, action, and reward. FinRL-Meta [8], [9] provided
hundreds of market environments through an automated data
curation pipeline.

In this paper, we summarize the parallel market environ-
ments used in FinRL Contests 2023-2025. We select several
stable market environments from [1]-[3], [8], [9] and provide
an ensemble learning approach [10] with GPU-optimized
parallel environments. Moreover, we integrate large language
models (LLMs), based on FinRL-DeepSeek [11] and FinRL-
lama [12], by allowing the trading agent to leverage signals
extracted from unstructured financial documents [11], [12].
We reported an improved sampling speed of 1,650x when
using 2,048 parallel environments. Contestants have used
these environments to develop trading agents for both stock
and cryptocurrency trading tasks and released their codes to
the open-source community.

The remainder of this paper is organized as follows. Section
II describes the challenges. Section III describes massively
parallel environments. We conclude this paper in Section IV.
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II. CHALLENGES

The tasks in FinRL Contests 2023-2025 encourage contes-
tants to address key challenges:

o Policy instability. The performance of RL policies is
sensitive to hyperparameters, market noise, and random
seeds. Policy instability can also come from value function
approximation errors. It is challenging to develop reliable
and robust trading strategies.

« Sampling bottleneck. High-quality samples are crucial for
training a powerful trading agent in highly dynamic and
complex financial markets. Extensive sampling is neces-
sary for low-variance gradient estimation and stable policy
updates. In a traditional training process, data is sampled
and stored into a replay buffer on CPU memory and then
transferred to a GPU for policy updates. Frequent data
transfers between CPU and GPU are a bottleneck too.

« Signals from financial documents. Unstructured financial
texts, such as news and SEC filings, contain valuable infor-
mation about market sentiment, risk, and events. LLMs have
been used to generate signals from financial documents for
informed decision-making [13]. Integrating LLM-generated
signals into FinRL requires a market environment to support
multimodal input and align market and textual data.

III. PARALLEL MARKET ENVIRONMENTS

We summarize trading tasks of FinRL Contests 2023-2025
in Fig. 1, including daily stock trading with OHLCYV data and
second-level cryptocurrency trading with LOB data. To ad-
dress the sampling bottleneck of the training stage, we develop
massively parallel market environments on GPUs. We encour-
age contestants to use ensemble methods to mitigate policy
instability and improve models’ robustness. In addition, we
include two new tasks that integrate LLM-generated signals,
i.e., FinRL-DeepSeek [11] and FinRLlama [12], respectively.

A. Task Description

We formulate stock and cryptocurrency trading tasks as

Markov Decision Processes (MDPs) [9].

o State sy = [b;, pt, hy, f;] € REU+2)+1 represents market
conditions at time t. by € R, is the account balance.
Pt € Rf is the prices of stocks or cryptocurrencies, where
K is the number of assets. hy € Rf is the holding positions.
f, € RET is the feature vector, where there are I features
for each asset, such as Moving Average Convergence Diver-
gence (MACD) and sentiment score derived from the news.



FinRL Contest 2023 FinRL Contest 2024 FinRL Contest 2025
Key Attributes Task 1 Data-Centric Task 1 CryPto T.ask 2 LL.M- Task 1 FinRL- Task 2 FinRL-
Components Stock Trading Trading with Engineered Signals DeepSeek for Stock  AlphaSeek for Crypto
Ensemble Learning with RLMF Trading Trading

Balance; Shares v v v v v
Open/high/low/close/volume (OHLCV) data v v v
Limit order book (LOB) data v v

State Technical indicators v v v v v
Fundamental indicators
Social data; Sentiment data v v
Smart beta indexes, etc.
Buy/Sel/Hold v v v v

. Short/Long
At Portfolio weights
Sentiment score v
Change of portfolio value v v v v
Portfolio log-return
Rewards  Sharpe ratio

Penalize for high risk v
Market feedback v

Fig. 1. Tasks in FinRL Contests 2023-2025.

« Action a; € R¥ represents trading actions at time ¢, such
that hy 3 = hy + a;. Anentry ai > 0,4 = 1,..., K
indicates buying a! shares of assets 4, while a} < 0 indicates
selling and ai = 0 indicates holding the current position.

« Reward function R(s¢,at,s¢+1) is an incentive signal to
motivate the trading agent to perform action a; at state sg.
The reward can be defined as the change in the total asset
value, i.e., R(st,at,St4+1) = Vi1 — g, Where vy = by +
pe hy is the total asset values at time . The reward can
also be penalized for high-risk signals.

o Policy 7(+|s;) is a probability distribution over actions at
state s;. It determines the likelihood of each possible trading
action given the current market conditions.

LLM-generated signals. As in FinRL-DeepSeek [11],
LLMs generate sentiment and risk scores from financial news:

« Sentiment score. DeepSeek-V3 [14] assigns a sentiment
score u of 1 to 5 according to the news, with 1 for strongly
negative and 5 highly positive. It is included in the feature
vector f; and is used to adjust actions via the sentiment
factor I{ = 1 4 0.05(u — 3)sign(at). The factor is close to
1 for the stability of the algorithm. The adjusted action is
ail = lial, which is amplified under positive sentiment and
dampened under negative sentiment.

« Risk level. DeepSeek-V3 [14] assigns a risk level ¢ of 1
to 5 from the news, with 1 for low risk and 5 high risk. It
is included in the feature vector f; and is used to penalize
rewards through the risk factor f{ =1+ 0.05(¢} — 3). The
aggregated risk factor is M, = S5 wi f{, where w! is the
portfolio weight of the stock i and Y w! = 1. M; > 1
penalizes the reward for high risk; M; < 1 increases the
reward for low risk.

Market constraints. We incorporate near-real constraints:

« Transaction costs. We set a cost of 0.1% for each action
{buy, sell}, accounting for commission and slippage.

« Market volaitility. The turbulence index and VIX index are
risk indicators. A large value signals heightened volatility
from factors like investor fear and increased uncertainty,
while a small value signals increased stability in markets.
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B. Massively Parallel Environment on GPUs

Objective Function for Training. The goal of trading tasks
is to learn a policy my with parameter 6§ to maximize the
expected return:

70) = [ POImRE) = B[RO )
where 7 is a trajectory, P(7|mg) is the probability of 7
following policy mg, R(7) is the (discounted) cumulative
return along 7. The gradient of J(#) with respect to 6 can
be estimated using the Monte Carlo method [15]:

T
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Massively Parallel Environment. Stable policy updates re-
quire a low-variance gradient estimate V.J(6) from a large
N independent trading trajectories 7, where there is high
parallelism. PyTorch’s vmap can map operations over some
dimension (i.e., /N) onto parallel GPU cores, exploiting the
parallelism of (2). Therefore, we construct vectorized envi-
ronments and provide GPU optimization via vmap. As shown
in Fig. 2, a vectorized environment manages parallel sub-
environments (SubEnvs). The operations in a SubEnv include

e reset: sy — Sp, resets the environment to its initial state.
e step: (S¢,ar) — St+1, executes a; and updates s; to Spy.
o reward: (S¢,aq, S¢+1) — ¢, computes the reward.

Using vmap, the step and reward functions are vectorized
to operate in massively parallel environments. For example, the
reward function, vectorized by vmap, computes the reward
on (s, at, s¢41) for each SubEnv simultaneously. This compu-
tation is dispatched to available GPU cores, each responsible
for calculating its assigned data.

Data samples are stored as tensors in GPU memory. They
have the shape N x T x D:

¢ N is the number of parallel SubEnvs.



SubEnv -1

Account Info: Features:

* Account balance
* Prices
* Holding positions

Market indicators:
« MACD
* RSI

.
Market constraints:

LLM-generated signals:
* Market sentiment
* Risk signal

* Transaction costs
* Market volatility

| SubEnv -2 |

| SubEnv-N |

Fig. 2. Vectorized environment.

o T is the number of steps in a trajectory.

e D is the dimension as in Section II-A, where D = K (I +
2) 4 1 for state, D = K for action, and D = 1 for reward.

The tensors for states (s € REU+2+1) actions (a € RX),

and rewards (r € R) are as follows:
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Storing data samples as tensors in GPU memory bypasses the
CPU-GPU bandwidth bottleneck.

Improved Sampling Speed with Massively Parallel En-
vironments on GPU. We evaluated the sampling speed mea-
sured in samples per second using vectorized environments for
stock trading. We used the PPO agent and the OHLCV data of
30 constituent stocks in the Dow Jones index, from 2020-01-
01 to 2022-01-01. NVIDIA A100 GPU is used. The numbers
of parallel environments vary from 1, 2, 4, ..., to 2,048.
As shown in Fig. 3, the average sampling speed with 2,048
parallel environments is 227,212.54 samples per second. The
sampling speed is improved by 1,649.93x compared with a
single environment. The sampling speed scales approximately
linearly with the number of parallel environments. The results
show the effectiveness of massively parallel simulation in
improving sampling speed in FinRL Contest tasks.

IV. CONCLUSION AND FUTURE DIECTIONS

In this paper, we summarized the massively parallel market
environments used in FinRL Contests 2023-2025. Two new
environments incorporate LLM-generated signals, allowing the
FinRL trading agents to leverage unstructured financial docu-
ments. The vectorized environments support massively parallel
simulation on GPUs, addressing the sampling bottleneck.

For future work, we will continue exploring and integrating
LLM-generated signals from multimodal financial data, such
as SEC filings, earning conference calls, alternative data, etc.
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Fig. 3. Samples per second for the stock trading task (NVIDIA A100 GPU).
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