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Abstract

Adaptive treatment strategies (ATS) are sequential decision-
making processes that enable personalized care by dynam-
ically adjusting treatment decisions in response to evolving
patient symptoms. While reinforcement learning (RL) offers
a promising approach for optimizing ATS, its conventional
online trial-and-error learning mechanism is not permissible
in clinical settings due to risks of harm to patients. Offline RL
tackles this limitation by learning policies exclusively from
historical treatment data, but its performance is often con-
strained by data scarcity—a pervasive challenge in clinical
domains. To overcome this, we propose Treatment Stitching
(TreatStitch), a novel data augmentation framework that gen-
erates clinically valid treatment trajectories by intelligently
stitching segments from existing treatment data. Specifically,
TreatStitch identifies similar intermediate patient states across
different trajectories and stitches their respective segments.
Even when intermediate states are too dissimilar to stitch di-
rectly, TreatStitch leverages the Schrodinger bridge method
to generate smooth and energy-efficient bridging trajectories
that connect dissimilar states. By augmenting these synthetic
trajectories into the original dataset, offline RL can learn from
a more diverse dataset, thereby improving its ability to opti-
mize ATS. Extensive experiments across multiple treatment
datasets demonstrate the effectiveness of TreatStitch in en-
hancing offline RL performance. Furthermore, we provide
a theoretical justification showing that TreatStitch maintains
clinical validity by avoiding out-of-distribution transitions.

Introduction

Imagine a scenario where a patient needs to visit the hos-
pital regularly to manage chronic health diseases. During
each visit, clinicians assess the patient’s symptoms, review
their medical history, and prescribe a treatment tailored to
their current condition. After observing how the patient re-
sponds, clinicians utilize this new information to adapt treat-
ment strategies to optimize patient outcomes. This dynamic
process—where each decision is informed by a sequence of
past observations, treatments, and responses—is referred to
as an adaptive treatment strategy (ATS) (Murphy 2005). As
depicted in Figure 1(a), ATS play a crucial role in deliver-
ing personalized care in longitudinal clinical settings, where
treatment decisions adapt to a patient’s evolving symptoms.
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In recent years, advancements in artificial intelligence
(AID) have sparked a growing interest in developing Al-
driven clinical decision support systems to enhance the
implementation and optimization of ATS (Giordano et al.
2021). Early research in this domain has predominantly fo-
cused on behavior cloning (BC) (Torabi, Warnell, and Stone
2018). To be specific, BC learns a policy through supervised
learning, where the objective is to replicate clinicians’ deci-
sions at each time step by minimizing the discrepancy be-
tween Al-generated treatment recommendations and clini-
cians’ actual decisions (Wang et al. 2020).

While BC is straightforward and intuitive, it prioritizes
short-term alignment with clinicians’ decisions rather than
optimizing long-term clinical outcomes (Wang et al. 2018).
This limitation implies that BC can only reproduce past
clinicians’ decisions and may overlook potentially superior
treatment strategies that could yield better long-term out-
comes. To overcome this limitation, the reinforcement learn-
ing (RL) approach has been introduced as RL can optimize
for long-term outcomes by maximizing cumulative rewards
(Liu et al. 2017; Zhang and Bareinboim 2019). Moreover,
RL enables an agent to actively explore its environment, al-
lowing it to discover better solutions (Shin et al. 2024a).

However, a fundamental challenge in applying RL to
clinical settings arises from its learning mechanism. As
shown in Figure 1(b), conventional online RL learns a policy
through an online trial-and-error process. In clinical settings,
this would necessitate experimenting with different treat-
ment strategies directly on patients to evaluate their efficacy,
which raises significant ethical and safety concerns (Yu et al.
2021). To address this challenge, offline RL has emerged
as a promising alternative (Fatemi et al. 2022; Levine et al.
2020). As shown in Figure 1(c), offline RL utilizes exten-
sive clinical databases to construct a static offline dataset that
contains historical treatment data collected from real-world
clinical practices. This offline dataset is typically composed
of sequences of states (symptoms), actions (prescribed treat-
ments), and rewards (responses), providing a rich source of
information for policy learning. Next, offline RL analyzes
these historical data to identify treatment decisions that max-
imize cumulative rewards. As a result, offline RL can pro-
vide effective treatment strategies for clinicians without the
risks of online trial-and-error experimentation on patients
(Luo et al. 2024; Kondrup et al. 2023).
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Figure 1: Illustrations of adaptive treatment strategies (ATS) and reinforcement learning (RL). (a) ATS aims to identify effective
treatment strategies based on a patient’s evolving symptoms. (b) Online RL learns via trial-and-error, raising safety concerns in
clinical settings. (c) Offline RL learns a policy from the offline dataset, removing the need for online trial-and-error on patients.

Despite the promise of offline RL, several challenges per-
sist in its clinical applications. A well-known limitation of
RL algorithms is their substantial data requirements for ef-
fective training (Sutton and Barto 2018). This limitation im-
plies a need for a large and comprehensive offline dataset
to train robust offline RL policies. However, clinical settings
are inherently data-hungry, often limited by the availability
and diversity of historical treatment data (Shaheen 2021).
A common approach to address this data scarcity issue is
data augmentation, particularly through the use of genera-
tive models, showing promising results in domains like med-
ical imaging (Shorten and Khoshgoftaar 2019). However,
applying generative models to generate synthetic treatment
data entirely from scratch presents unique challenges. Un-
like medical images, treatment data often exhibit long-term
causal dependencies across multiple treatment stages. Thus,
generative models may struggle to capture these longitudinal
dynamics, potentially leading to low-quality synthetic data.
Moreover, generating synthetic data entirely from scratch
can lead to error accumulation over time (Bauer et al. 2024).

In this paper, we introduce Treatment Stitching (Treat-
Stitch), a novel data augmentation framework designed for
offline RL in ATS applications. Unlike methods that rely on
generative models to synthesize treatment data from scratch,
TreatStitch generates synthetic trajectories by intelligently
stitching together segments from real patient trajectories in
the offline dataset. Specifically, it identifies similar interme-
diate patient states (e.g., similar clinical conditions) across
different trajectories. When such similar states are found,
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TreatStitch ‘cuts’ both trajectories at that point and ‘stitches’
the first segment of one trajectory with the second segment
of the other, creating a new, clinically valid stitched trajec-
tory that preserves authentic state-action transitions.
However, when all trajectories do not share similar inter-
mediate states, TreatStitch leverages the Schrodinger bridge
method (Wang et al. 2021) to construct smooth and energy-
efficient bridging trajectories between dissimilar states. This
approach greatly expands data augmentation opportunities,
particularly within sparse or heterogeneous offline datasets.
Moreover, by restricting synthetic data generation to only
these minimal bridging trajectories, we reduce the potential
for error accumulation that can arise from generating exten-
sive synthetic data from scratch. As a result, TreatStitch sig-
nificantly enhances the diversity and coverage of the offline
dataset by augmenting these clinically valid stitched trajec-
tories. The main contributions of this work are outlined as:

* To the best of our knowledge, TreatStitch is the first data
augmentation framework for ATS applications to utilize a
trajectory stitching method that generates clinically valid
synthetic trajectories from existing offline treatment data.
Even when offline data is sparse or heterogeneous, mak-
ing direct stitching between states difficult, we introduce
the Schrodinger bridge to construct smooth bridging tra-
jectories that enable stitching between dissimilar states.
* We empirically demonstrate the effectiveness of Treat-
Stitch in enhancing offline RL performance and theoreti-
cally explain its capability to preserve clinical validity.



Related Work and Preliminary

Adaptive Treatment Strategies (ATS). ATS refer to clin-
ical sequential decision-making systems that dynamically
adapt treatment recommendations in response to evolving
patient symptoms. Actions (i.e., treatment decisions) in ATS
should take into account not only current symptoms, but
also medical history and prior treatment responses, with the
goal of optimizing long-term clinical outcomes rather than
merely addressing immediate symptoms. In recent years, a
diverse array of studies have been proposed to optimize ATS.
Early methods utilized either online RL (Liu et al. 2017) or
imitation learning (Wang et al. 2020) methods to tackle ATS
optimization. However, these approaches have some limita-
tions: online RL poses safety concerns due to online patient
experimentation, while imitation learning merely replicates
clinicians’ past decisions without optimizing for long-term
outcomes. To address these challenges, offline RL (Kondrup
et al. 2023; Cai et al. 2023; Eghbali, Alhanai, and Ghassemi
2025) has emerged as better and safer alternative method as
it enables learning optimal policies from historical treatment
data without requiring online experimentation on patients.
However, existing offline RL methods primarily focus on al-
gorithmic improvements while overlooking the critical data
perspective—despite the fact that RL requires large amounts
of diverse data for effective training (Levine et al. 2020).
Therefore, in this study, we introduce a data augmentation
framework that generates clinically valid synthetic treatment
data to enhance offline RL performance in ATS applications.
Extended related work section is provided in Appendix A.

Markov Decision Process (MDP) Formulation in ATS.
RL problems are typically formulated as an MDP, which
provides a mathematical framework for modeling the
decision-making process. Formally, an MDP is defined by
a tuple M = (S, A, F,R,7), where S is the state space
that represents the set of all possible patient symptoms; A is
the action space, corresponding to all possible treatment de-
cisions that clinicians can prescribe; F : S x Ax S — [0, 1]
is the transition probability function that defines the proba-
bility of transitioning to next state; R : S x A — Ris the re-
ward function that maps state-action pairs to scalar rewards,
often representing patient responses or overall clinical out-
comes; vy € [0,1] is the discount factor that determines the
present value of future rewards. At each time step ¢, the RL
agent receives the current state s, € S and executes an ac-
tion a; € A according to a policy 7 : S — .A. This action
leads to a next state s,y and yields a reward 1, = R(s¢, ar)
that quantifies the clinical outcome. The main goal of the
RL agent is to find an optimal policy 7* that maximizes the
expected discounted cumulative reward such as follows:

T
T = arg max Eror [Z 7' R(st, at)‘| ) ey
t=0
where 7 = {(sg, ao,70),- .., (sT,ar,rr)} denotes a treat-

ment trajectory of length 7". The typical online RL allows the
agent to explore its environment to gather new trajectories
and update the policy. However, in clinical settings, online
exploration (i.e., trial-and-error on real patients) is strictly
prohibited. This constraint motivates the use of offline RL.
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Offline Reinforcement Learning (RL) in ATS. In offline
RL, the agent is prohibited from further interaction with the
environment. Instead, the agent must learn from a static of-
fline dataset D = {7, 7,..., 7y} of N treatment trajecto-
ries collected from the historical clinical database. Thus, the
main goal of offline RL is to effectively leverage the offline
dataset to learn an optimal (or near-optimal) policy without
further exploration. However, this offline setting introduces
two key challenges: (1) distributional shift, which occurs
when the learned policy suffers from unreliable evaluation
due to distribution mismatch; and (2) extrapolation error,
which results in overly optimistic predictions when dealing
with out-of-distribution (OOD) state-action pairs (Levine
et al. 2020). To address these challenges, the Conservative
Q-Learning (CQL) algorithm (Kumar et al. 2020) has been
proposed. Specifically, CQL introduces a conservative regu-
larization that explicitly penalizes overly optimistic predic-
tions by discouraging high Q-values on OOD (unseen) state-
action pairs. The loss function for CQL can be expressed as:

L(0) =E (s a)op [(Qe(s, a)—BQy(s, a)) 2]
Bellman Error

+ 6 (an {QO(S; a)} —Ea~p {Qe(s, a)} )

Conservative Regularization

2

where Qg (s, a) represents the current Q-value estimate and

B is a Bellman backup operator (Sutton and Barto 2018) that
refines this Q-value estimate by considering both the imme-
diate reward and the discounted future reward. The first Bell-
man error term encourages (Qy to accurately fit the observed
trajectories in the offline dataset D. The second regulariza-
tion term penalizes (Qy for OOD actions sampled from p,
mitigating overly optimistic predictions. Note that u typi-
cally represents the distribution for modeling OOD actions,
such as a uniform distribution or the current policy 7.

Method
Treatment Stitching Framework for Offline RL

To address the data scarcity challenge in clinical settings,
we propose the Treatment Stitching (TreatStitch) framework,
which fully leverages existing treatment trajectories in of-
fline datasets to generate new stitched treatment trajectories.
As depicted in Figure 2(a), the overall process begins with
the offline dataset D = {7y, 72, ..., 7n }, where each trajec-
tory 7; = {(si,al,ri)}I_, consists of a sequence of states,
actions, and rewards observed in clinical database. Then, the
trajectories are categorized into two groups: the high reward
group Dh;gn, consisting of trajectories that lead to beneficial
clinical effects with high cumulative rewards, and the low
reward group Djow, Which include trajectories with adverse
effects and low cumulative rewards. Formally, it is given by:

Dhigh = {

where @, (D) denotes the reward value at the g-th percentile
of cumulative rewards across all trajectories in D.

T;
D3 A (D)

t=0

} s Diow = D \ Dhjgh,
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Figure 2: (a) The overall workflow of our treatment stitching framework that produces an augmented dataset for enhancing
offline RL. (b) The detailed process of treatment stitching, which generates stitched trajectories from existing data.

Priority Sampling. Subsequently, we introduce priority
sampling using the Boltzmann distribution to strategically
select trajectories for the stitching process. The key insight is
that combining trajectories with lower rewards (adverse ef-
fects) with those having higher rewards (beneficial effects)
is more likely to produce informative stitched trajectories,
where treatment trajectories beginning with adverse effects
can still evolve into beneficial outcomes. To implement this
intuition, our sampling strategy prioritizes trajectories with
higher rewards in Dy;g, and lower rewards in Doy, . Formally,
the sampling probability of trajectory 7; in Dygn is given by:

exp(R(;)/ )
ZTjeDmgh exp(R(7;)/a)’ 3)

where R(7;) = Z;";O ytri is the cumulative reward of 7,
and « is the temperature parameter. For trajectories in Djoy,
we use —R(7;) to prioritize trajectories with lower rewards.
As training progresses, we gradually increase « to shift from
highly prioritized to uniform sampling for broader coverage.
Further analysis of priority sampling is in Appendix D.

p(7i | Ti € Dhigh) =

Treatment Stitching. Trajectory A (74) and Trajectory B
(tp) are sampled from Dyign and Dygy, TEspectively, using
priority sampling. To identify a potential stitching point, we
perform an intermediate state similarity assessment by com-
puting the cosine similarity between all pairs of intermediate
states—comparing each state {s{'} in 74 with {sZ} in 75:
sl
If Sim (7", st,) > 6, where § is a predefined threshold, this
pair of states is selected as a stitching point. Otherwise, new
trajectories 74 and 7p are sampled, and the process repeats.

A _B
Sty Sy

Sim (
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Once a valid stitching point is identified, two trajectories
T4 and Tp are combined to construct a stitched trajectory
Tsiit- We concatenate the segments of 75 from time 0 through
t" and the segments of 74 from ¢ + 1 to its terminal point 7":

Tstit = <(SOB’ aOBa 7“(?) ) ) (SE’ af’g’ Tf’g)> (5)
® <(324+1a024+1a7“£k1) ) ’(5?7‘1%’7?»'

The newly created stitched trajectories 7y are incorporated
into the original offline dataset D to create an augmented
dataset Dyy,. Finally, we then use D, to train the offline RL
algorithms, as its increased diversity and broader coverage
of treatment trajectories lead to improved performance.

As depicted in Figure 2(b), our treatment stitching process
effectively combines beneficial segments from different tra-
jectories. For instance, even though Trajectory B culminates
in an adverse effect, its initial to intermediate transitions can
still reflect meaningful clinical behaviors. By identifying a
high-similarity state pair and merging the early segment of
Trajectory B with the later segment of Trajectory A, we gen-
erate a new ‘stitched trajectory’ that inherits favorable char-
acteristics from both. This enables the creation of clinically
valid treatment trajectories that are not directly present in D.

Despite its effectiveness, this direct stitching relies on the
assumption that the offline dataset D is sufficiently large or
homogeneous to contain enough similar intermediate states
across trajectories for identifying valid stitching points. Un-
fortunately, in clinical practice, this assumption may not al-
ways hold. Clinical offline datasets can be extremely sparse
or heterogeneous, making it challenging—or even impossi-
ble—to find valid stitching points due to the lack of similar
intermediate states between trajectories. As a result, direct
stitching alone may be inadequate in certain clinical settings.
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Figure 3: Overview of Schrodinger bridge for TreatStitch.

Schrodinger Bridge for Treatment Stitching

To tackle this challenge, we further introduce a novel mech-
anism that leverages the Schrodinger bridge method (Wang
et al. 2021) to construct smooth and energy-efficient bridg-
ing trajectories that enable stitching even between dissimilar
states. This enhancement broadens the applicability of our
TreatStitch to sparse and heterogeneous clinical datasets.

Schrodinger Bridge. Originally, Erwin Schrodinger stud-
ied the problem of identifying the most probable and smooth
stochastic trajectory that connects two given probability dis-
tributions (Schrodinger 1932). Nowadays, this is commonly
referred to as the Schrodinger bridge (SB) problem, which is
rooted in optimal transport (OT) theory (Léonard 2013).
Formally, given a starting distribution pg, and a target
distribution piareet, and a reference stochastic process (e.g.,
Brownian motion), the goal is to find an optimal stochastic
process IP* that transports samples from Pyt 10 Prarger OVeEr
a finite time interval. This optimality is defined by minimiz-
ing the Kullback—Leibler (KL) divergence between the path
measure of the target process IP and the reference process Q:

P* = arg];nin KL(P”Q) s.t. Py = pytar, Pr = Drarget - (6)
A key result is that the solution to this problem is character-

ized by the Schrodinger system (Caluya and Halder 2021),
which consists of a pair of partial differential equations:

5 = (V¥ ) = 30°A0 U008, 0)=pgan,
% =-V- [\I/f] + %QQA\I’ \I]('vT)\IJ('vT):ptargeta

(N
where W and W are the Schrodinger potentials, f denotes the
drift vector field, and g is the scalar diffusion coefficient. A
more detailed analysis of the SB problem is in Appendix E.

Problem Formulation. In terms of TreatStitch, we formu-
late the construction of bridging trajectories between dissim-
ilar intermediate states as the SB problem. As shown in Fig-
ure 3, suppose we have two trajectories, Trajectory C (7¢)
and Trajectory D (7p), where no pair of intermediate states
satisfies the similarity threshold 4. Our goal is to construct
a bridging trajectory Turigee that connects a selected pair of
intermediate states—s{ € 7¢ and s7 € Tp—identified as
the most similar among all candidates despite still falling be-
low the similarity threshold ¢. This bridging trajectory Tridge
serves to facilitate the stitching process between 7 and 7p.

17701

Bridging State Generation. We first generate bridging
states using the SB method. Specifically, we construct a neu-
ral network G 4 that learns the OT-based stochastic trajectory
connecting two given probability distributions by solving the
Schrodinger system as stated in Equation 7. Given the start
state s¢ and the target state sk, the goal of G, is to generate
a sequence Spridge = {51, 52, - - - , Sk } that ensures a smooth
transition from s’ to s&. Moreover, the number of bridging
states K is minimized to mitigate the risk of error accumula-
tion resulting from extensive synthetic data generation. Due
to space constraints, the detailed training objective and the
step-by-step procedure for G4 are provided in Appendix F.

Bridging Trajectory Completion. Once the sequence of
Sbridge 15 Obtained, we complete the bridging trajectory Tyrigge
by inferring the corresponding actions and rewards for each
transition. To this end, we construct two neural networks:
an inverse dynamics model Iy, (a¢|s¢, s¢41) that predicts the
action given a pair of successive states, and a reward pre-
diction model R, (r|s,a;) that estimates the reward based
on a given state-action pair (Qing et al. 2025). These models
are trained jointly using a supervised learning objective over
trajectories sampled from D. The combined loss function is:

L0 p) = B 1T (515 5041) = aal]*+ | Ry 0, ar) =74l

®)
After training, we apply I, and R, to each adjacent pair of
bridge states (5;, $;+1) to generate the corresponding action
a; and reward 7;, thereby forming the bridging trajectory:

Thridge = ((31,01,71),(32,G2,72),. . . ,(Sk,0K,TK)) - (9)
Stitched Trajectory via Schrodinger Bridge Finally, we
can construct an additional stitched trajectory via SB method
7B by concatenating the initial segment of 7¢ up to state s{,
the bridging trajectory Tiigge, and the later segment of 7p:

Tbstll? :<(sgva(()j7r(§')ﬂ R (stc'7atc7rtc)> © Toridge (10)
@ ((si7,a7,71), -, (57,07, 77))

Theoretical Justification for Treatment Stitching

We present the theoretical justification for the advantages
of TreatStitch, showing that it preserves clinical validity by
mitigating distribution shifts and avoiding OOD transitions.

Theorem 1. Let F : S x A — S be the transition function
defining the environment dynamics, and fix anorm ||- || on S.
Suppose F is L-Lipschitz continuous in the state coordinate:

|F(s,a)=F(s',a)]| < L||s—5'|| Vs,s' € S,ae A (11)
Given the offline dataset D = {1;}N_,, we construct the
stitched trajectory Ty = 1[0 : '] U T4t + 1 : T, where
the stitching point is chosen to satisfy a similarity condition,
allowing a maximum difference of 1 — 0. Then, for every
transition (3, a, 3') in Ty, there exists at least one transition
(s,a,s") in D such that:

I5 sl < V2@ —08) A |IF Il < Ly/2(T - 9). (12)

Consequently, Ty; remains within an (’)(L 2(1 - 6))—
neighborhood of transitions already in D. In other words,
our treatment stitching process stays within a small neigh-
borhood of the original data support, reducing OOD shifts.



Method Envl Env2 Env3 Env4 Env5 Env6é Env7 Env8|Mean Method Envl Env2 Env3 Env4 Env5 Env6 Env7 Env8 |Mean
CQL (Backbone) 59.65 57.03 47.25 53.82 54.35 54.68 55.59 52.55|54.37 CQL (Backbone) 20.14 18.48 12.99 16.18 9.03 20.26 10.63 18.60 | 15.79
+ GAN 32.99 50.20 38.72 29.20 16.82 2.99 29.48 20.09|27.56 + GAN 21.86 14.72 1.14 10.84 12.19 6.43 257 6.72 | 9.56
+ DDPM 33.68 26.74 45.40 49.19 38.05 42.44 25.87 46.88]|38.53 + DDPM 13.53 1548 17.18 9.99 16.94 1295 5.60 5.17 |12.11
+ SynthER 33.09 25.90 40.74 31.29 44.62 53.25 28.84 49.83|38.45 + SynthER 11.13 2343 13.16 6.14 12.67 16.53 4.36 14.19|12.70
+GTA 61.75 56.55 43.26 53.17 47.60 56.96 57.55 47.82|53.08 +GTA 19.93 20.83 18.27 24.21 12.23 20.72 8.52 18.57|17.91
+ ATraDiff 61.66 54.38 49.31 52.63 50.47 58.10 52.76 48.34|53.46 + ATraDiff 13.29 21.53 14.24 24.49 15.53 25.10 13.65 13.43|17.66
+ RTDiff 63.94 55.43 47.81 56.89 51.86 56.78 58.03 49.52|55.03 + RTDiff 23.27 2091 17.35 25.38 14.80 21.47 12.93 24.57|20.09
+ TreatStitch 65.15 62.05 50.57 58.22 57.88 56.98 59.09 53.51|57.93 + TreatStitch 42.22 43.21 30.29 33.63 34.78 34.68 36.03 30.19|35.63
+ TreatStitch w/ SB | 66.76 60.32 51.76 58.88 55.83 58.33 60.54 52.03| 58.06 + TreatStitch w/ SB | 48.47 47.36 34.00 36.94 37.10 36.65 41.43 38.64|40.07

Table 1: Performance comparison of each method using the
CQL backbone on EpiCare under the full data setting.

Experimental Results and Discussion

Datasets. To evaluate the performance of our TreatStitch,
we utilized the EpiCare benchmark (Hargrave, Spaeth, and
Grosenick 2024), which is one of the most recent and com-
prehensive benchmarks for medical treatment evaluation. In
particular, we selected this benchmark for our main experi-
ments due to its appeal as a generalized benchmark, which
makes it well-suited for longitudinal clinical settings without
being limited to a specific disease. The EpiCare benchmark
consists of datasets containing 27 = 131, 072 episodes for
each of 8 distinct environment settings. As described in the
benchmark, these datasets can be interpreted as being drawn
from sequential treatment trials for 8 distinct diseases. In ad-
dition, we also evaluated our framework on the MIMIC-III
database (Johnson et al. 2016), which contains real-world
electronic health record datasets. Specifically, we followed
the experimental setup of prior work (Luo et al. 2024) that
focuses on sepsis treatment in the intensive care unit (ICU).

Setup. We closely followed the experimental protocol out-
lined in the EpiCare benchmark for our main experiments.
Specifically, we used the average cumulative reward as the
evaluation metric. For reward design, we assigned +64 for
remission, —64 for adverse events, and a penalty in the range
of [—1, —4] to reflect treatment costs. We set the similarity
threshold § = 0.95 to ensure clinically valid stitching while
maintaining sufficient synthetic samples. For the MIMIC-
IIT dataset, we also followed the experimental setup estab-
lished by prior work (Luo et al. 2024). We evaluated per-
formance using root mean squared error (MSE) for both IV
fluid treatment (MSE;,) and vasopressor treatment (MSE,,),
along with weighted importance sampling (WIS) and doubly
robust (DR). In terms of reward design, the sequential organ
failure assessment (SOFA) score (Jones, Trzeciak, and Kline
2009) was included to measure the severity of organ dys-
function, and the national early warning score 2 (NEWS2)
(Inada-Kim and Nsutebu 2018) was used to estimate the risk
of mortality. Further details are provided in Appendix G.

Competing methods. In this study, we used CQL (Kumar
et al. 2020) as the main backbone offline RL algorithm due
to its superior performance compared to other methods (see
Appendix B) and its widespread adoption as a backbone in

Table 2: Performance comparison of each method using the
CQL backbone on EpiCare under the restricted data setting

various prior works (Kondrup et al. 2023; Cai et al. 2023).
Since our TreatStitch is a data augmentation framework, we
compared it against other data augmentation methods in RL
domain. First, we considered established generative mod-
els, including generative adversarial network (GAN) (Good-
fellow et al. 2014) and diffusion models such as DDPM
(Ho, Jain, and Abbeel 2020). Specifically, we trained GAN
and DDPM to generate synthetic treatment trajectories from
scratch, which were then employed to augment the original
dataset. Next, we incorporated SynthER (Lu et al. 2023),
which leverages diffusion models to augment synthetic data
and enhances training through synthetic experience replay.
We also included GTA (Lee et al. 2024), which extends Syn-
thER by augmenting synthetic trajectories to be both high-
reward and dynamically consistent. Additionally, we evalu-
ated ATraDiff (Yang and Wang 2024), which uses a coarse-
to-fine strategy to efficiently generate synthetic trajectories.
Finally, we included RTDiff (Yang and Wang 2025), which
is a state-of-the-art method that synthesizes trajectories in
the reverse direction for more effective data augmentation.

Full Data Results. As shown in Table 1, we evaluated the
performance of each method under the full data setting us-
ing 131,072 episodes. Both GAN and DDPM significantly
underperformed compared to the backbone, highlighting the
risks of generating synthetic trajectories from scratch. This
drop in performance is consistent with findings from a prior
study (Shumailov et al. 2024) that describe model collapse,
where generative models produce erroneous and low-quality
synthetic data that leads to performance decline. Among the
competing methods, RTDiff was the only method to show a
performance improvement. However, this gain was limited,
because RTDiff was designed for general RL tasks with-
out considering clinical validity. In contrast, our TreatStitch
demonstrated superior performance by leveraging the treat-
ment stitching that preserves clinical validity. Rather than
generating synthetic data from scratch, TreatStitch creates
clinically valid new trajectories by intelligently combining
segments from existing trajectories. The extended version,
TreatStitch w/ SB, achieved slightly better performance than
TreatStitch. However, this improvement was marginal, likely
because the full data setting already provided abundant valid
stitching points, thereby limiting additional gains from SB.



Method SOFA ({) NEWS2 ()

MSE;, MSE,, WIS DR |MSE;, MSE,, WIS DR
CQL (Backbone)  |611.30 039 1327 -0.37|566.64 033 -4.70 -0.69
+GTA 634.81 042 1445 -039(57420 037 -521 -0.73
+ ATraDiff 607.75 039 13.53 -0.37|55232 032 -4.54 -0.66
+ RTDiff 601.77 032 1292 -0.34|550.06 0.28 -4.13 -0.62
+ TreatStitch 589.59 0.28 11.10 -0.31(529.48 025 -3.60 -0.56
+ TreatStitch w/ SB | 578.90 0.28 10.86 -0.30(526.71 0.24 -3.33 -0.56

Table 3: Performance comparison of each method using the
CQL backbone on the real-world MIMIC-III dataset.

Restricted Data Results. Since certain clinical settings
often suffer from limited data availability, we conducted ad-
ditional experiments under the restricted data setting, using
only 219 = 1024 episodes—128 times fewer than in the full
data setting. This setting reflects scenarios where only lim-
ited patient treatment data is available, resulting in a sparse
offline dataset. As shown in Table 2, both GAN and DDPM
again demonstrated poor performance, confirming their fun-
damental limitations. Interestingly, other data augmentation
methods—including GTA, ATraDiff, and RTDiff—showed
modest performance improvements compared to the back-
bone. This contrasts with their performance in the full data
setting and suggests that when data is extremely sparse, RL-
specific augmentations methods can still offer some bene-
fit by diversifying the training distribution. However, these
improvements still remain limited, as these methods do not
account for clinical validity in their design. In contrast, our
TreatStitch achieved significantly better performance by pre-
serving clinical validity. More importantly, TreatStitch w/ SB
exhibited substantial additional gains under this restricted
data setting. This is likely because, in the sparse offline
dataset, the number of valid stitching points between trajec-
tories is limited. Our SB method addresses this challenge by
constructing bridging trajectories that enable stitching even
between dissimilar intermediate states, thereby increasing
the availability of viable stitching points and further enhanc-
ing model performance through additional data augmenta-
tion. Moreover, to assess the versatility and generalizability
of TreatStitch, we integrated it with other offline RL models
beyond CQL. The corresponding results are in Appendix C.

Real-World Data Results. We also evaluated our frame-
work on the MIMIC-III dataset, which includes real-world
clinical data on sepsis treatment in the ICU. We compared
our TreatStitch against strong competing methods, including
GTA, ATraDiff, and RTDiff. As demonstrated in Table 3, our
TreatStitch framework consistently outperformed all com-
peting methods, even when evaluated using clinically mean-
ingful metrics such as SOFA and NEWS2, alongside stan-
dard off-policy evaluation metrics like WIS and DR. These
results highlight the practical applicability and robustness
of our framework when applied to real-world clinical data
beyond benchmark settings. Additionally, TreatStitch w/ SB
achieved a modest further performance gain, suggesting the
potential benefits of SB method in real-world clinical data.
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Comparison of Generative Methods for Bridging Trajectories
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Figure 4: Comparison of various generative methods.
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Figure 5: Distribution of bridging trajectory lengths.

Analysis of Bridging Trajectories. To analyze the effi-
cacy of our SB method, we explored alternative generative
methods for constructing bridging trajectories. Specifically,
we developed two additional variants: TreatStitch w/ GAN
and TreatStitch w/ Diffusion, the latter drawing inspiration
from prior work (Li et al. 2024). As in Figure 4, the GAN
method showed a significant performance drop in both full
and restricted data settings, reaffirming the fundamental lim-
itations of GAN in generating high-quality treatment data.
While the diffusion method yielded comparable results, our
SB method outperformed both methods across all settings.
To provide quantitative evidence, we compared the distribu-
tion of bridging trajectory lengths generated by SB and dif-
fusion methods. Specifically, we counted the number of gen-
erated bridging states for each method and visualized their
probability distributions using kernel density estimation. As
in Figure 5, our SB method displayed a pronounced peak at
shorter lengths, indicating it generated shorter bridging tra-
jectories than the diffusion method. This can be attributed to
the fact that SB is based on OT theory, which aims to identify
the smooth and energy-efficient trajectories between states.

Conclusion

In this work, we propose TreatStitch, a novel data augmenta-
tion framework designed to enhance offline RL for adaptive
treatment strategies (ATS) in clinical settings. Unlike tradi-
tional methods that synthesize data from scratch, TreatStitch
generates clinically valid synthetic trajectories by ‘stitching’
segments of existing treatment data. We empirically validate
the efficacy of TreatStitch on multiple datasets, and theoret-
ically demonstrate its ability to mitigate OOD transitions.
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