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Abstract

Goal-based portfolio optimization seeks to design investment strategies that maxi-
mize the likelihood of achieving specific financial objectives. A major challenge
in this domain is data scarcity and non-stationary market dynamics, which under-
mine the effectiveness of traditional approaches. To address this, we propose a
generative modeling framework that integrates probabilistic regression with deep
reinforcement learning. The probabilistic model estimates evolving market return
distributions for state representation and generates realistic synthetic market trajec-
tories, enabling the agent to train efficiently on diverse market scenarios and adapt
to dynamic environments. Experiments on multi-asset historical data demonstrate
that our approach achieves superior goal-attainment probabilities compared to
established benchmarks, highlighting the value of synthetic market generation for
robust goal-based portfolio optimization.

1 Introduction

Goal-based portfolio optimization (GBPO) is an investment approach focused on achieving specific
financial objectives within a predefined time frame. Most approaches are centered around maximizing
the likelihood of reaching personal financial goals, such as saving for retirement or purchasing a
home. While popular, conventional strategies like target date funds often rely on pre-set glide paths
that can be suboptimal in non-stationary market conditions [1]]. This is where deep reinforcement
learning (DRL) shows promise, offering a framework for learning the adaptive strategies that GBPO
requires. However, DRL models are known to be sample inefficient, which presents a significant
challenge given the scarcity of historical data in long-term financial planning.

To address these challenges, we propose a framework that integrates DRL with probabilistic regres-
sion (PR) that serves two functions: first, as a state estimator that provides the DRL agent with
estimated market return distributions, and second, as a generative tool to create synthetic market data,
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augmenting the historical dataset. Our approach builds upon several research streams. Analytical
GBPO methods, including deterministic glide paths [[1], utility maximization frameworks [2]], and
dynamic programming [3], often overlook market non-stationarity. DRL has proven effective across
a range of financial tasks such as portfolio optimization [4} 5} 6} (7], trade execution [8} |9, [10], and
market making [[11} [12]]. However, previous DRL applications to GBPO have been limited by as-
suming stationarity [[13]] or focusing on simplified two-asset portfolios [[14]. Our contribution is a
scalable DRL solution that adapts to non-stationary environments through this unified generative and
state-estimation framework.

2 Methodology

The objective is to find the portfolio weights w7}, w3, . .., w7 that maximize the probability that
the portfolio value meets or exceeds a goal G over time T [[15]. Formally, GBPO can be defined as:
wi, ..., wp = argmax,, . P(Wr > G), subjectto Y "  w;, =1, and wy > 0, where n is
the number of assets, w; = (wy ¢, . .. ,wmt)T are the portfolio weights at time ¢, W is the wealth
at T, T is the investment horizon, and G is the target wealth.

2.1 Probabilistic regression

In deep learning, a deterministic regression predicts a single value § = Eg [y | x] for the target y given
features x, and learns § by minimizing a pointwise loss (typically squared error). A probabilistic
regression instead predicts a conditional distribution Py(y | x). In our setting we use probabilistic
regression to model returns ¢ = (r1.4,...,7) , witht € {1,2,...,T}. Using the last return as
input (k = 1), the network predicts the distribution of the next n-dimensional return vector:

Py(ry | ri1) = N(rt§ﬂt>zt)-

While we adopt a Gaussian specification for tractability, this choice is not essential and heavy-
tailed return distributions can be incorporated within the same framework. Given r;_1, the neural
network produces: an n-dimensional mean vector u;; an n-dimensional vector log o; (and we set
o = exp(log a;)); a vector £, of length n(n — 1)/2 for the values of the lower triangle. We form a
lower-triangular matrix L; by placing o on the diagonal and £, below the diagonal, and then define
= LtLtT , which guarantees a positive-definite covariance matrix [16]]. The loss is the Gaussian
negative log-likelihood, Ly (r;) = — log N (ry; e, ¢ ), augmented with a regularization term. We
use this network for two purposes: (i) to simulate trajectories that augment training data for the RL
stage, and (ii) to provide part of the RL state (the nonzero entries of L; together with p;) which will
be discussed in[2.2

2.2 Markov decision process

Deep reinforcement learning addresses sequential decision making by learning through interaction to
maximize expected cumulative reward. The standard way to model it is by using a Markov Decision
Process (MDP) (S, A, P, R, ~y) with states, actions, transition dynamics (usually unknown), rewards,
and a discount factor. We construct the MDP to suit GBPO and to capture market non-stationarity.
The state space is therefore constructed with two types of features: goal-based and market-based ones.
At time ¢, goal-based features are represented with: the elapsed-time ratio ¢/7" and the achieved-goal
ratio Wy /G (with W the current wealth and G the target). For the market-based features, the agent
receives the outputs of the probabilistic regression model from Section 2.1} From that model, we

include the expected mean returns p7', ..., uy™ and the elements lik of the lower triangular matrix
L; that induce the covariance 3;. Formally, the state S; is defined with:

St = (t/Tv Wt/Ga N’talv'“a/u’tana lglaltzlwual:&’m)'

We note that as the number of assets increases, the state-space dimension grows quadratically; this
growth should be taken into account, potentially via factor representations. The action is the portfolio
weight vector over the n assets: A; = (w;*, wy?, ..., w;™), where each weight w;" lies in [0, 1] (no
short selling) and the weights sum to one at each time step. In the context of GBPO, the primary
reward is binary in nature: the financial goal is either achieved, or it is not. Therefore, a terminal

reward is granted only if the goal is reached: Ry = 1{w,.>gy, and By =0 forallt <T.
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Figure 1: The data generation process intertwined with the definition of a state. The output of the
network is used both for the state space representation and as parameters for sampling the next
synthetic return.

2.3 Synthetic data generation

In this work, synthetic data was created using the generative model described in[2.T} Each synthetic
return was sampled from a multivariate Gaussian distribution. Each trajectory was constructed using
an underlying historical return (selected from the historical train dataset) according to the process
presented with Algorithm|[I] This procedure enables the construction of various return series needed
for training the DRL agent. We note that the generative and training processes are intertwined, as
displayed in Figure[I] The neural network outputs p and L used for sampling are also used as
feature variables in the state space. Specifically, if the current state in the DRL learning process
is Sp = (&, %, pet g g I 121 L 1), the next synthetic return will be generated from

N (e, LL] ), where gy = [, 582, ..., u%"] and L, = (1I*)72¥. This way, we merge two processes
needed to train the agent: the generation of new data and the market-based features estimations.

Algorithm 1 Data generation

1: Randomly select a historical return r( from the available train dataset

2: Define an empty list synthetic_episode

3: for timestep=1,2,..., Tdo

4 Pass return 7 to neural network and get pr and L

5: Sample 7,0, from the multivariate Gaussian distribution N (g, LLT)
6

7

8

Append 7.+ to synthetic_episode and set g <— Tpeqt
. end for
: return synthetic_episode

3 Experimental study

3.1 Data, hyperparameter optimization and training

For evaluating the proposed method, we consider a scenario where the investor starts with an initial
investment of Wy, at time ¢ = 0. The target time for achieveing the goal G is 10 years and the agent
reweights the portfolio monthly, e.g. 7" = 120 months. We use monthly returns from 1973 to 2022 to
build a diversified seven-asset portfolio spanning stocks, bonds, and commodities. The stock assets
are the MSCI Europe, MSCI North America, MSCI Pacific ex Japan, and MSCI Japan indices; the
bond assets are the ICE BofA US Corporate Index and the US 10-Year Treasury Bond; and the
commodities are represented by Gold Futures. The data were split into train (01/1973 — 12/1999),
validation (01/2000 — 12/2001) and test (01/2002 — 07/2022) sets. For the DRL agent, the train set
was only used as an underlying set needed for synthetic data generation For evaluating the agent,
we use the historical test set comprised of 247 data points. This amounts to 127 distinct trajectories,
considering that sequences of 120 months are required to form the investment scenario of 10 years.

The hyperparameter optimization on the validation set for the PR model resulted in 6 hidden layers,
each with 150 neurons and the window size of returns used for estimation was k = 1. As for the
DRL algorithm, we used the PPO, developed by Schulman et al. [17], and as implemented in Stable
Baselines3 [[18]. For PPO, we used the learning rate of 0.0001, batch size of 2048 and the discount



factor v equal to 1. DRL agent training was done on the data generated by the PR model. The
synthetic episodes’ initial historical returns were randomly selected from the historical train set. We
used 2 million episodes, each with 120 steps corresponding to 120 months of investing. The agent
was initialized with a starting wealth Wy of 100,000, and the goal G was sampled from a set of
{160,000, 170,000, ..., 240,000} at the beginning of each episode. Training ran locally on a personal
computer, using the integrated Apple M1 GPU, with seeds parallelized via multiprocessing.

3.2 Results

We present several benchmark methods for evaluation: equally weighted portfolio (EW), dynamic
programming for goal-based wealth management (DP) presented in [15]], and deep reinforcement
learning for goal-based investing (DRL-gh) as presented in [[14]. We also include two variants of our
model as control benchmarks to isolate the impact of the PR model on the generation of synthetic
data and the estimation of the state. Firstly, DRL-c employs the same MDP, however, the data is
generated using sample estimates of parameters instead of the PR model. Looking at Figure[T] fs,41
and X1 needed for sampling from N (w41, 3¢+1) were calculated as rolling sample estimations
of ry_q_1,...,7_1,7¢, Wwhere d = 106 was chosen based on the maximum likelihood criterion in
the test set. In this version, the state space is unchanged and uses the PR model as input for the state.
In the other variant, DRL-se, the agent uses sample estimates for both the generation of synthetic
data and the state space.

Table 1: Average goal achievement (%) on the test set. Values for DRL methods are seed-averaged.

Goal (x10%)  EW DP  DRL-gh DRL-c¢ DRL-se DRL-pr
160 91.3% 73.8% 83.0% 76.3% 88.9% 95.4%
180 65.1% 46.8% 56.4% 62.4% 77.0% 89.7 % *
200 36.5% 27.0% 29.0% 492%  63.5% 81.3%*
220 23.0% 11.9% 15.8% 30.6% 45.2% 71.1%*
240 87%  63%  71.6%  189% 302%  57.4%*

Table[T]displays the proportion of test episodes in which the goal wealth was successfully reached,
across multiple levels of goal wealth. For all DRL methods, the reported value is the average across
7 different runs. This approach is recommended due to the inherent instability of DRL models,
as highlighted by recent studies [[19], which show that performance can vary significantly across
different runs. To assess the significance of our results, we performed a two-sample proportions z-test,
comparing our approach with the best benchmark. The hypotheses are formulated as: Hy : p1 = pa,
and Hy : p1 > po, where p; is the proportion of test episodes in which the best method achieved the
goal for each goal wealth. ps represents the proportion of test episodes in which the best benchmark
achieved the goal for the same goal wealth. The symbol * in Table [I)indicates statistically significant
differences corresponding to the significance level of 1%.

The proposed DRL agent DRL-pr outperforms benchmarks on all levels of goal wealth. Moreover, the
superior performance of DRL-pr over DRL-se, which relies solely on rolling parameter estimation,
highlights the value of the probabilistic regression model when used for both estimation accuracy
and data generation. Interestingly, the control variant DRL-c underperforms both the proposed model
and DRL-se. This result may arise from the learning instability caused by a mismatch between the
agent’s state information (sample estimates) and the actual environment outcomes (PR model).

4 Conclusion

This study addresses GBPO by integrating DRL and PR into a unified framework. The PR model
estimates return distributions—making the approach adaptive to changing market conditions—and
also generates synthetic data to increase DRL sample efficiency. We evaluate the proposed DRL
agent using historical market returns as test data, ensuring realistic assessment of the proposed
method and the proposed method outperforms various benchmarks. Future work could extend beyond
the single-goal case to a multi-goal framework. Furthermore, dimensionality reduction in the state
space should be considered to improve scalability and enable larger portfolios, thereby enhancing
generalization.
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1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The abstract and introduction clearly state the objective of the paper and the
contributions made. The claims made in the abstract and introduction are supported by the
results given in the Section 3, and a discussion is provided on their statistical and practical
significance.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.
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much the results can be expected to generalize to other settings.
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are not attained by the paper.
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Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
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process and 4 Conclusion. We note that the state space grows quadratically which presents a
problem if using a large number of assets for portfolio construction. Furthermore, we note
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* The authors should discuss the computational efficiency of the proposed algorithms

and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to

address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
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tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.



3. Theory assumptions and proofs
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Answer: [NA]
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* The answer NA means that the paper does not include theoretical results.
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* All assumptions should be clearly stated or referenced in the statement of any theorems.
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by formal proofs provided in appendix or supplemental material.
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4. Experimental result reproducibility
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whether the code and data are provided or not.
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to make their results reproducible or verifiable.

Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
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to reproduce that algorithm.
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(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).



(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
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versions (if applicable).
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Benchmark methods and evaluation. We used a proportion z-test and reported the significant
results through Table 1.
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8. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: The experiments were done on a personal computer, as is written in section 3.1
Data, hyperparameter optimization and training. No large memory or high-end hardware
was needed.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics
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Answer: [Yes]
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* If the authors answer No, they should explain the special circumstances that require a
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eration due to laws or regulations in their jurisdiction).
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models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: The models used have no risk for misuse.
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

* Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
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13.

14.

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: PPO algorithm was used for the work done in the paper. We cited the original

paper along with the citation for Stable Baselines3. This can be found in section 3.1 Data,
hyperparameter optimization and training.

Guidelines:

* The answer NA means that the paper does not use existing assets.
* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]
Justification: The paper does not release new assets.
Guidelines:

» The answer NA means that the paper does not release new assets.

» Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: The paper does not involve crowdsourcing or research with human subjects.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.
* Including this information in the supplemental material is fine, but if the main contribu-

tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.
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15.

16.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]

Justification: The paper presents a new method for investing and does not involve crowd-
sourcing or research with human subjects.

Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

Declaration of LLLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]

Justification: The method presented in the paper was done without any usage of LLMs.
LLMs were used only for editing and formatting purposes.

Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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