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 A B S T R A C T

This paper introduces gymfolio, a modular and flexible framework for portfolio optimization using rein-
forcement learning. gymfolio is built around the PortfolioOptimizationEnv class, enabling seamless 
integration of market observations, technical indicators, and dynamic rebalancing strategies. The implemen-
tation emphasizes adaptability, supporting extensions for custom investment goals and trading scenarios. 
gymfolio serves as a lightweight adaptable environment for advancing research in financial machine learning 
and promoting innovation in portfolio strategy development.
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. Motivation and significance

Portfolio optimization is fundamental in financial decision-making. 
odern Portfolio Theory (MPT) [1] established the foundation for 
ortfolio optimization by formalizing the relationship between risk and 
eturn. However, its reliance on static assumptions, such as normally 
istributed returns [2], limits its application in volatile market condi-
ions. Reinforcement Learning (RL) surpasses these limitations by learn-
ng adaptive strategies that respond to evolving market dynamics [3–
].
gymfolio offers a modular RL framework tailored to portfolio 

ptimization, allowing researchers to benchmark RL agents (e.g., Deep 
-Networks (DQN) [7], Proximal Policy Optimizaton (PPO) [8], Deep 
eterministic Policy Gradient (DDPG) [9]) in diverse market scenarios.
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As demonstrated in [10], gymfolio has been pivotal in com-
paring RL configurations with different agent architectures, environ-
ment signals, and historical depths. Notably, it enabled the identifi-
cation of Convolutional Neural Networks (CNNs [11])-based models 
as highly effective for capturing dynamic market trends, achieving 
superior risk-adjusted returns.

Users can configure gymfolio with custom environments to align 
with specific investment goals and data inputs. Unlike alternatives like 
FinRL [12] and OR-Gym [13], gymfolio excels in managing multi-
objective reward structures, incorporating advanced feature extractors, 
and mitigating trajectory correlation issues [14]. Innovations such as 
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Table 1
gymfolio package dependencies and versions
 Package Version Description  
 numpy 1.26.4 Fundamental package for array 

computing in Python
 

 pandas 2.2.2 Powerful data structures for data 
analysis, time series, and statistics

 

 gymnasium 0.29.1 Python library for developing and 
comparing RL algorithms.

 

 stable-baselines3 2.3.2 Pytorch version of Stable 
Baselines, implementations of 
reinforcement learning algorithms.

 

 torch 2.3.0 Tensors and Dynamic neural 
networks in Python with strong 
GPU acceleration

 

 tqdm 4.66.4 Fast, Extensible Progress Meter  
 tables 3.9.2 Hierarchical datasets for Python  

episodic instrument shifting and trajectory bootstrapping further en-
hance its robustness, making it particularly suited to non-stationary 
financial environments [10,15].

2. Software description

gymfolio serves as a dynamic framework tailored for RL-driven 
portfolio optimization. Leveraging the Gymnasium package,
gymfolio ensures compatibility with modern RL libraries such as 
Stable-Baselines3 (SB3) [16], PTAN, and RLLib [17]. The
lightweight architecture focuses on modularity and extensibility, re-
lying on widely used libraries like PyTorch [18], NumPy [19], and 
Pandas [20], which simplifies adoption, compatibility and extension 
to other frameworks and libraries.

2.1. Software architecture

• base.py: Implements the foundational class
PortfolioOptimizationEnv, establishing state transitions, 
action spaces, and a primary reward mechanism based on cumu-
lative log returns between rebalancing periods.

• common.py: Provides essential utilities for preprocessing data 
and managing portfolio weights, ensuring data consistency and 
readiness for RL training workflows.

• custom.py: Introduces specialized classes like SharpeEnv that 
modifies the reward metric to the Sharpe ratio [21] for risk-
reward maximization, TrackingErrorEnv for agents trying to 
mimic a reference index using a subset of investment instruments, 
and CompositeRewardEnv for multi-objective optimization 
using a pseudo-IRL approach. These environments inherit their 
base methods from PortfolioOptimizationEnv.

• metrics.py: Offers a comprehensive suite of financial metrics, 
including Sharpe [21], Calmar [22], and Sortino [23] ratios, for 
evaluating portfolio performance (see Fig.  1).

2.2. Software functionalities

gymfolio provides a comprehensive set of functionalities to en-
able effective portfolio optimization using RL. Its design emphasizes 
flexibility, usability, and extensibility to accommodate a broad spec-
trum of research and practical applications.

Fig. 1. gymfolio modules.

2.2.1. Customization
gymfolio allows users to customize key parameters to align the 

environment with specific investment strategies and market conditions. 
For instance:

• rebalance_every: Controls the frequency of portfolio rebal-
ancing actions, enabling experimentation with short-term and 
long-term strategies.

• observation_frame_lookback: Specifies the historical
depth of market signals considered by the agent.

• Support for discrete and continuous action spaces: Allows 
users to select between granular -diversified portfolio with frac-
tional weight changes- or high-level -full portfolio allocation to a 
single instrument- portfolio adjustments.

• Transaction costs and slippage models: Ensures realistic simu-
lations by incorporating real-world constraints such as market 
impact and execution costs.

These features enable researchers to experiment with various configu-
rations, tailoring gymfolio to meet a wide range of objectives and 
constraints.

2.2.2. Observations
The observation space in gymfolio is highly flexible, supporting 

three distinct modes tailored for different machine learning models:

• Vector mode: Collapses the observation space into a single-
dimensional array, compatible with multi-layer perceptrons and 
simple decision trees.

• Tile mode: Retains a two-dimensional structure (lookback 𝑥
indicators), ideal for sequential models like recurrent neural net-
works (RNNs [24]).

• Tensor mode: Constructs a 3D tensor (channels 𝑥 height 𝑥
width), incorporating per-instrument and global indicators. This 
mode is optimized for CNNs [11] and supports sophisticated 
feature extraction.

This versatility enables gymfolio to seamlessly integrate with 
various RL algorithms and adapt to the unique requirements of various 
research scenarios, as shown in Fig.  2.

2.2.3. Rewards
gymfolio includes several pre-defined reward functions and sup-

ports the creation of custom rewards, fostering experimentation with 
multi-objective optimization. Key reward mechanisms include

• SharpeEnv: Computes rewards based on the Sharpe ratio, bal-
ancing risk and return.

• TrackingErrorEnv: Focuses on minimizing the deviation from
a reference index.
2 
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• CompositeRewardEnv: Implements a pseudo-inverse
reinforcement learning (IRL) approach, enabling optimization 
across multiple objectives such as risk-reward metrics or other 
user defined constraints.

The modular reward structure encourages users to develop custom met-
rics tailored to their specific research needs, enhancing gymfolio’s 
versatility.

3. Illustrative examples

To demonstrate the capabilities of gymfolio, we present a re-
producible example using the RL environment provided in base.py, 
combined with evaluation metrics of  metrics.py and utility func-
tions of common.py. The example employs a PPO agent from SB3 to 
optimize a portfolio in a simulated financial market.

3.1. Experimental setup

This example uses two primary datasets:

• Market Data (df_ohlc): Open, High, Low, Close (OHLC) his-
torical prices at daily granularity for the S&P500 index. Table  2 
provides a sample of the OHLC dataset.

• Technical Indicators (df_observations): Timestamped data 
including moving averages, prices, and technical indicators such 
as Relative Strength Index (RSI) [25], Average True Range (ATR)
[26].

3.2. Environment configuration

We configure the gymfolio environment using the following set-
tings:

• df_ohlc: Price data for each investment vehicle.
• df_observations: prices, moving averages and technical in-
dicators (RSI, ATR, etc.).

• rebalance_every=5: Weekly portfolio adjustments.
• max_trajectory_len=252: Simulates approximately 252
trading days (1 year).

• observation_frame_lookback=3: Rolling window of three 
historical observations.

• continuous_weights=True: Continuous allocation across 
assets.

The environment settings provide flexibility to model different trad-
ing strategies, enabling experimentation with rebalancing frequencies, 
observation windows, and action spaces.

from gymfolio.envs.base import PortfolioOptimizationEnv
from stable_baselines3 import PPO

env = PortfolioOptimizationEnv(
 df_ohlc=data.dropna(),
 df_observations=indicators.dropna(),
 rebalance_every=5,
 max_trajectory_len=252,
 observation_frame_lookback=3,
 continuous_weights=True,
 verbose=2

)
model = PPO(’MlpPolicy’, env, batch_size=256)

Table 2
Sample OHLC data from the S&P500 index.
 OHLC Data (^GSPC - S&P500)
 Timestamp Open High Low Close  
 2023-01-04 3840.36 3873.15 3815.77 3852.97 
 2023-01-05 3839.73 3839.73 3802.41 3808.10 
 2023-01-06 3823.37 3906.18 3809.56 3895.08 

3.3. Agent training

The agent interacts with the environment over a sequence of time 
steps. At each step, it receives observations, predicts actions (portfolio 
weights), and evaluates rewards. In each rebalancing step, the agent ob-
serves the df_observations signals, computes actions, and receives 
rewards based on portfolio performance.

model.learn(total_timesteps=10_000)
model.save(’/.final_model’)

Training stops after 10,000 steps (equivalent to 40 simulated years), 
and the model is saved for future use.

3.4. Agent interaction

The env.reset() method initializes the environment at a random 
trading day.

1. Receives an observation from the environment. Prior to transform-
ing the observation in vector, tile or tensor, it is a
pd.DataFrame of shape (observation_frame_lookback,
df_observations.shape[1])

2. Processes the observation and outputs the action, a vector of shape 
[1, 𝑛_𝑖𝑛𝑠𝑡𝑟𝑢𝑚𝑒𝑛𝑡𝑠] with the portfolio weights 𝑤⃗.

3. The action is passed to the environment, returning the next obser-
vation, computed reward, and done flag.

obs = env.reset()
action, _ = model.predict(obs)
obs, reward, done, info = env.step(action)

3.5. Evaluation metrics

gymfolio computes rewards using metrics like the Sharpe ratio, 
tracking error, and cumulative returns. For this example: 

𝑅𝑡 = log(1 + 𝑤⃗ ⋅ 𝑟), (1)

where 𝑤⃗ represents portfolio weights and 𝑟 represents returns for the 
rebalancing period.

3.5.1. Benchmarks
The evaluation loop compares the agent portfolio against bench-

marks like the market and equal-weight portfolios and individual buy-
and-hold strategies. Fig.  3 shows cumulative returns over the testing 
period.
3 
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Fig. 2. Example configurations of vector, tile and tensor observation modes in gymfolio.

Fig. 3. Cumulative returns of the trained agents in [10], the market and the equal 
weights portfolio.

3.6. Reproducibility

This example is fully reproducible using publicly available data [27] 
and code in the gymfolio repository [28]. Researchers can adapt 
the provided script to test other RL agents or customize environment 
parameters. Table  A.3 provides a detailed description of the parameters 
of the base environment, and Table  A.4 of the parameters of the 
custom environments. For further customization, consult the official 
gymfolio documentation [29].

4. Impact

Portfolio optimization remains a cornerstone in financial manage-
ment, and advancements in RL methodologies promise significant con-
tributions to this field. gymfolio introduces novel features, including 
trajectory bootstrapping, episodic instrument shifting, and a pseudo-IRL 
mechanism, addressing key challenges in non-stationary markets and 
correlated trajectories. In the following, we discuss its specific impacts.

4.1. New research questions enabled

The design of gymfolio allows researchers to systematically ex-
plore new configurations of RL algorithms, feature extractors, and 
reward structures in portfolio optimization. This includes investigations 
into optimal rebalancing strategies, the role of multi-objective reward 
functions, and the use of advanced feature extraction techniques, such 
as CNNs and LSTMs. For example, trajectory bootstrapping provides 
an innovative way to analyze the effects of market non-stationarity on 
learning stability.

4.2. Enhancements to existing research questions

The framework has already been utilized to benchmark RL agent 
configurations in terms of history depth, rebalancing frequency, and 
feature extractor efficacy [10]. This systematic comparison highlights 
gymfolio’s ability to advance research into RL applications in fi-
nancial markets by enabling fair and reproducible evaluations. The 
use of episodic instrument shifting and composite reward mechanisms 
further refines the ability of RL agents to adapt dynamically to market 
volatility.
4 
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4.3. Impact on daily practices

Practitioners in asset management can leverage gymfolio’s cus-
tomizable environment to develop and test bespoke investment strate-
gies. By supporting a wide range of configurations, from discrete to 
continuous action spaces and various observation formats, gymfolio 
facilitates rapid prototyping and validation of trading strategies under 
realistic market conditions. This has the potential to streamline the 
strategy design process in quantitative finance.

4.4. Adoption and usage

gymfolio is currently in its early stages of adoption in both 
academic and industry settings. [10] demonstrates its application in 
systematic RL benchmarking, underscoring its role as a foundational 
tool in financial machine learning. Continued dissemination through 
open source contributions and academic publications is expected to 
expand its user base.

5. Conclusions

gymfolio provides a robust and flexible framework for the opti-
mization of portfolios based on reinforcement learning. By incorporat-
ing innovative features such as trajectory bootstrapping, episodic in-
strument shifting, and composite reward mechanisms, it addresses criti-
cal challenges like market non-stationarity and correlated observations, 
enabling the development of more robust RL agents.

The modular architecture of the framework, the compatibility with 
leading RL libraries, and the support for various reward structures 
make it a valuable tool for both academic research and practical 
applications. gymfolio has already demonstrated its impact through 
systematic benchmarking studies [10] and is well positioned to drive 
future advances in automated financial decision-making.

By lowering the barriers to entry for RL experimentation in finance, 
gymfolio promotes reproducibility, innovation, and collaboration 
between disciplines. Future developments will focus on expanding its 
functionality to support additional RL models such as Decision Trans-
formers and alternative reward objectives. Furthermore, gymfolio 
currently lacks direct support for ingestion of real-time market data. 
Incorporating mechanisms for seamless integration with live financial 

data sources would enhance its applicability to real-world trading sce-
narios, enabling more adaptive and responsive portfolio optimization 
strategies.
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Table A.3
Overview of the parameters of the PortfolioOptimizationEnv base environment.
 Name Type Default Description  
 df_ohlc pd.DataFrame – OHLC of the portfolio instruments  
 df_observations pd.DataFrame – environment features  
 rebalance_every int 1 periods between consecutive rebalancing actions  
 slippage float 0.0005 %loss due to gap between decision price for the agent and the execution price  
 transaction_costs float 0.0002 %loss due to execution of the trade  
 continuous_weights bool False ‘False’ to split the weights in (h)eld, (b)ought and (s)old positions  
 allow_short_positions bool False ‘True’ to enable short positions  
 max_trajectory_len int 252 max total number of periods for the trajectories E.g. 252 for a trading year  
 observation_frame_lookback int 16 return the previous N observations from the environment to take the next action  
 render_mode str ‘tile’ Either ‘tile’ (2D), ‘tensor’(3D) or ‘vector’(1D) to return the environment state  
 agent_type str ‘discrete’ ‘discrete’ or ‘continuous’ action space  
 convert_to_terminated_truncated bool ‘True’ use ‘done’ (old Gym version) or ‘truncated’ and ‘terminated’ (new Gymnasium version) 

Table A.4
Additional parameters of the SharpeEnv and TrackingErrorEnv.
 Name Type Default Description  
 df_reference pd.DataFrame – DataFrame with the reference returns of the tracked index or instrument for the TrackingErrorEnv  
 riskfree_rate float 0.0 Risk-free rate to compute Sharpe ratio  
 periods_per_year int 252 Number of periods per year to annualize the returns  
 compute_cumulative bool False ‘False’ to consider all the episode trajectory to compute the ratios and ‘True’ to consider between 

rebalancing periods on the SharpeEnv
 

5 



Francisco Espiga-Fernández et al. SoftwareX 30 (2025) 102106 
Appendix A. Environment parameters

See Tables  A.3 and A.4.

Appendix B. Overview of the datasets used in Section 3

This appendix describes the datasets contained in the HDF5 file example.h5, which are utilized in the illustrative example. The file includes 
the following datasets:

• instruments: Contains market data such as open, high, low, and close prices for various financial instruments.
– Columns: (35) OHLC and volume columns for instruments ̂ RUT, ̂ IXIC, ̂ GDAXI, ̂ FTSE, ̂ N225, ̂ GSPC and CASH.
– Number of observations: 24695
– Time range: 1927-12-30 to 2024-05-02.

• technical_indicators: Contains calculated technical indicators relevant for state representation.
– Columns: (6) Normalized Average True Range (NATR) [26] for instruments ̂ RUT, ̂ IXIC, ̂ GDAXI, ̂ FTSE, ̂ N225, ̂ GSPC.
– Number of observations: 8396
– Time range: 1988-01-05 to 2024-04-30.

The data sets can be accessed in Python using the following code:

import pandas as pd

# Path to the HDF5 file
file_path = "example.h5"

# Reading the ’instruments’ dataset
instruments = pd.read_hdf(file_path, ’instruments’)

# Reading the ’technical_indicators’ dataset
indicators = pd.read_hdf(file_path, ’technical_indicators’)

Appendix C. Code deep-dive

This appendix contains the most relevant code snippets of the sequence of steps followed in the example of Section 3.
for idx, row in eval_data.dropna().tail(
 eval_data.dropna().shape[0] - lookback).iterrows():
if action is not None:

if agent_types[agent_algorithm]==’discrete’:
 actions = np.zeros(len(instruments))
 actions[int(action[0])] = 1.0
 different_actions.append(int(action[0]))
 decision_series[idx] = actions

else:
 decision_series[idx] = action[0]

 observation_frame = eval_data.loc[:idx, :].tail(lookback)

if observation_frame.shape[0] < lookback:
break

 action = model.predict(
 torch.Tensor(observation_frame.values),
 deterministic=True)

Listing 1: Agent evaluation using a pd.DataFrame
6 
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eval_data = pd.concat([train_indicators, test_indicators], axis = 0)
eval_env = PortfolioOptimizationEnv(

 df_ohlc=data.dropna(),
 df_observations=eval_data.dropna(),
 rebalance_every=5,
 max_trajectory_len=eval_data.shape[0],
 observation_frame_lookback=3,
 continuous_weights=True,
 verbose=2

)

done = False
action = None
observation_frame = pd.DataFrame(eval_env.reset())
decision_series = {}

while not done:
 idx = eval_env.current_rebalancing_date
if action is not None:

# Take the best action (investment instrument)
# in discrete agents
if agent_types[agent_algorithm]==’discrete’:

 actions = np.zeros(len(instruments))
 actions[int(action[0])] = 1.0
 different_actions.append(int(action[0]))
 decision_series[idx] = actions

# In continuous agents, diversify the portfolio
else:

 decision_series[idx] = action[0]

if observation_frame.shape[0] < lookback:
break

# deterministic = True to ensure no exploration
# in the agent is taken.
 action, _ = model.predict(
 torch.Tensor(observation_frame.values),
 deterministic=True)

 observation_frame, reward, done, info = eval_env.step(action)

Listing 2: Agent evaluation using a gymfolio.env
7 
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R_h, R_b, R_s = create_return_matrices(data)
R_h.index = pd.to_datetime(R_h.index)
R_b.index = pd.to_datetime(R_b.index)
R_s.index = pd.to_datetime(R_s.index)

missing_indices = set(df_weights.index)-set(data.index)
logger.warning(f"Missing indices: {list(missing_indices)}")
missing_indices = set(data.index)-set(df_weights.index)
logger.warning(f"Missing indices: {list(missing_indices)}")

current_weights = np.zeros(len(instruments))
returns = {}
for idx, row in tqdm(df_weights.iterrows()):

if idx in R_h.index:
 new_weights = row.values
 w_h, w_b, w_s = decompose_weights_tensor(

 torch.Tensor(new_weights), torch.Tensor(current_weights))
 r_h = torch.Tensor(R_h.loc[idx])
 r_b = torch.Tensor(R_b.loc[idx])
 r_s = torch.Tensor(R_s.loc[idx])

 pf_h = torch.dot(w_h, r_h)
 pf_b = torch.dot(w_b, r_b)
 pf_s = torch.dot(w_s, r_s)

 pf_rets = pf_h + pf_b + pf_s

 returns[idx] = pf_rets.detach().numpy().tolist()

 current_weights = new_weights

df_strategy = pd.DataFrame.from_dict(returns,
 orient = ’index’,
 columns = [’strategy_returns’])

df_strategy.index = pd.to_datetime(df_strategy.index)

Listing 3: Weights and returns decomposition
8 
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