
DiffStitch: Boosting Offline Reinforcement Learning with
Diffusion-based Trajectory Stitching

Guanghe Li 1 Yixiang Shan 1 Zhengbang Zhu 2 Ting Long 1 Weinan Zhang 2

Abstract
In offline reinforcement learning (RL), the per-
formance of the learned policy highly depends
on the quality of offline datasets. However, in
many cases, the offline dataset contains very
limited optimal trajectories, which poses a chal-
lenge for offline RL algorithms as agents must ac-
quire the ability to transit to high-reward regions.
To address this issue, we introduce Diffusion-
based Trajectory Stitching (DiffStitch), a novel
diffusion-based data augmentation pipeline that
systematically generates stitching transitions be-
tween trajectories. DiffStitch effectively connects
low-reward trajectories with high-reward trajec-
tories, forming globally optimal trajectories to
address the challenges faced by offline RL al-
gorithms. Empirical experiments conducted on
D4RL datasets demonstrate the effectiveness of
DiffStitch across RL methodologies. Notably,
DiffStitch demonstrates substantial enhancements
in the performance of one-step methods (IQL),
imitation learning methods (TD3+BC), and tra-
jectory optimization methods (DT). Our code is
publicly available at https://github.com/
guangheli12/DiffStitch.

1. Introduction
Recently, offline reinforcement learning (RL) (Levine et al.,
2020; Agarwal et al., 2020; Fujimoto & Gu, 2021; Janner
et al., 2021; Kidambi et al., 2020), which focuses on learning
a policy from pre-collected, static datasets without directly
interacting with the environment, has gained much atten-
tion. It has particularly wide application in scenarios where
obtaining real-time feedback is costly, time-consuming, or
impractical (Levine et al., 2020). By learning from the
offline dataset, offline RL avoids the necessity of direct in-
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Figure 1. An illustration of trajectory stitching. Suppose there are
two trajectories (blue and yellow) in the offline dataset, and the
objective for the agent is to learn a policy that starts from S and
reaches G. (a) and (b) present the scenarios where the trajectories
in the offline dataset intersect or are in close proximity, making it
easier to learn a policy that leads to G. (c) presents the scenario
where trajectories are far apart, posing a challenge for learning a
viable policy. (d) illustrates previous solutions that generate trajec-
tories based on original data to enhance policy learning. Although
many branches extend from the original trajectory that starts at S,
none of them formalizes a sample trajectory that starts from S and
reaches G. (e) illustrates our solution which stitches the trajectory
starting from S and ending at G, facilitating policy learning by
providing a clear path to follow.

teraction with the environment, effectively eliminating the
associated costs and risks.

While offline RL has achieved notable sucess in commercial
recommendation , health care (Fatemi et al., 2022), dialog
(Jaques et al., 2020) and autonomous driving (Shi et al.,
2021), its performance is heavily dependent on the quality
of the offline dataset. When the offline dataset suffers from
inherent deficiencies or shortcomings, the performance of
offline RL will remarkably decline. Consider the task in
Figure 1, where an agent starts from state S and receives a
positive reward only when it reaches the goal state G. Sup-
pose there are only two trajectories in the offline dataset,
one starting from state S, and one ending at state G. If
the states of two trajectories intersect, as depicted in Fig-

1

https://github.com/guangheli12/DiffStitch
https://github.com/guangheli12/DiffStitch


DiffStitch: Boosting Offline Reinforcement Learning with Diffusion-based Trajectory Stitching

ure 1(a), it is easy for a typical offline RL algorithm such
as TD3+BC (Fujimoto & Gu, 2021) to learn a policy that
starts from state S and reaches state G through temporal
difference learning(Sutton & Barto, 2018). In cases where
two trajectories are disjoint but have some very close states,
as shown in Figure 1(b), learning a policy that starts from S
and achieves G is also possible due to the generalization ca-
pabilities of value networks. However, in more challenging
cases where two trajectories are disjoint and distant from
each other as illustrated in Figure 1(c), learning a policy that
starts from S and achieves G becomes much more difficult.

To deal with the aforementioned challenges of data defi-
ciency, a straightforward solution is augmenting the dataset:
generating synthetic data to facilitate learning a better pol-
icy. Therefore, previous works (Lu et al., 2023; Zhang
et al., 2023; Wang et al., 2022) propose to learn the state
transition of offline datasets and generate relatively short
sub-trajectories from a randomly selected state, as Figure
1(d) illustrated. However, without specifying a desired tar-
get state, the generated sub-trajectories may not effectively
enhance the policy to achieve a higher return. As shown
in Figure 1(d), although many branches extend from the
original trajectory that starts at S, none of them formalize
a sample trajectory that starts from S and reaches G, learn-
ing the policy of reaching G is still difficult. Intuitively, if
we augment the offline dataset by stitching together low-
reward trajectories with high-reward trajectories, the policy
may learn the ability to transit from low-reward states to
high-reward states and ultimately achieve a higher overall re-
turn. For instance, if we generate a sub-trajectory to connect
(stitch) the trajectory that starts from S and the trajectory
that ends at G as Figure 1(e), the new trajectory (the dashed
line in Figure 1(e)) will facilitate the policy learning.

Considering that, in this paper, we propose Diffusion-based
Trajectory Stitching(DiffStitch), a novel data augmentation
method designed to stitch (connect) the low-reward trajec-
tories with high-reward trajectories in offline dataset to en-
hance the learning of policies. Specifically, it randomly
selects a low-reward trajectory and a high-reward trajec-
tory, and generates a sub-trajectory to stitch them together.
Through our paradigm, one can easily transfer the trajecto-
ries trapped in low rewards to the one with high rewards,
enhancing the learning of policy and significantly improving
the performance of offline RL algorithms.To the best of our
knowledge, DiffStitch is the first offline RL augmentation
method that generates sub-trajectories to stitch any two tra-
jectories in the dataset. We evaluate DiffStitch on various
offline datasets, and results demonstrate that augmented tra-
jectories generated by DiffStitch are effective in enhancing
the performance of different types of offline RL algorithms.

Our contributions are summarized as follows:

• We propose DiffStitch, a novel paradigm for augment-

ing the offline RL dataset by trajectory stitching. To the
best of our knowledge, DiffStitch is the first offline RL
augmentation method that generates sub-trajectories to
stitch any two trajectories in the dataset.

• DiffStitch benefits the performance of various offline
RL algorithms, including one-step methods(IQL), imi-
tation learning methods(TD3+BC), and sequential op-
timization methods(DT).

• The extensive experiments on the widely-used D4RL
datasets demonstrate the superiority of our method.

2. Related Work
Offline RL. According to (Prudencio et al., 2023), offline
RL algorithms could be grouped into four groups: model-
based methods, one-step methods, imitation learning, and
trajectory optimization methods. Model-based methods (Ki-
dambi et al., 2020; Matsushima et al., 2020; Yu et al., 2020)
learn policy by using the offline dataset to model the dy-
namic of the environment. One-step methods (Kostrikov
et al., 2021; Brandfonbrener et al., 2021) learn policy by
performing in-sample Bellman updates to learn an accurate
estimate of the Q function, which is followed by a single
policy improvement step to find the best possible policy.
Imitation learning methods (Chen et al., 2020; Wang et al.,
2020; Siegel et al., 2020) learn the policy by mimicking the
optimal behaviors and filtering out suboptimal behaviors.
Trajectory optimization (Chen et al., 2021; Janner et al.,
2021) methods focus on training a joint state-action model
over entire trajectories. Although these offline RL methods
have made significant achievements in recent years, their
performance is highly dependent on the offline dataset.

Data Augmentation in Offline RL. Some of the previous
works propose to enhance the performance of offline RL
algorithms by data augmentation. We group these meth-
ods into single-way rollout (Wang et al., 2021; Lyu et al.,
2022; Zhang et al., 2023) and dynamic tuple simulation (Lu
et al., 2023). The single-way rollout methods design (in-
verse) dynamic models and a rollout policy to synthesize the
augmented trajectories. For instance, TATU (Zhang et al.,
2023) employs a forward dynamic model to roll out trajec-
tories and adopt a truncates mechanism to guarantee the
accumulated certainty. The dynamic tuple simulation meth-
ods apply generative models to simulate the environment
dynamics and generate new transition tuples. For instance,
SER (Lu et al., 2023) applies diffusion models to capture
the joint distribution of transition tuples in the offline dataset
and augment the dataset by sampling new tuples. Although
these methods did enhance the performance of offline RL,
they are incapable of generating long trajectories and are
limited in challenging scenarios where very few high-reward
trajectories are available in the original offline dataset.
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Figure 2. The overall pipeline framework of DiffStitch.

3. Preliminaries
Consider a standard Markov Decision Process (MDP)
⟨S,A, ρ0, p, r, γ⟩, where S denotes the state space, A de-
notes the action space, ρ0 denotes the initial state distri-
bution, p denotes the transition function, γ represents the
discount factor, and r is the instant reward. At each time step
t, an agent takes action at(at ∈ A) to respond to the state
of environment st(st ∈ S) according to a policy π(at|st),
and gains an instant reward rt. Then the time step transfers
to t + 1, and the state of the environment transits to st+1

with transition probability p(st+1|st,at). The interaction
between the agent and environment could be written as a
trajectory τ = {(s1,a1, r1), (s2,a2, r2), . . . }. The goal of
the agent is to learn a policy π∗ that can maximize expected
discounted return, i.e.,

∑∞
t=0 γ

trt.

In the setting of offline RL, given an offline datasetD which
is composed of pre-collected trajectories, the agent is sup-
posed to learn an optimal policy from D (no further inter-
actions are allowed). Hence, for an arbitrary offline RL
algorithm Γ, it is first trained with the offline dataset D
to obtain the optimal policy π, and we have π = Γ(D).
Subsequently Γ is tested in the environment to evaluate its
performance. Specifically, the performance is computed by:

Eτ∼Γ(D)

[ ∞∑
t=0

γtrt

]
. (1)

Previous works mainly focused on maximizing Eq. (1) by
designing a better learning algorithm Γ. Obviously, the per-
formance of policy π also largely depends on the quality of
offline dataset D. Therefore, in this paper, we aim to gener-
ate an augmented dataset D∗, such that for any algorithm Γ
in a set of reasonable learning algorithms, the policy learned
from D∗ would achieve better performances compared to
learning from D:

Eτ∼Γ(D)

[ ∞∑
t=0

γtrt

]
< Eτ∼Γ(D∗)

[ ∞∑
t=0

γtrt

]
. (2)

4. Method
To obtain the augmented dataset D∗, we propose DiffStitch,
solving the problem from the perspective of trajectory stitch-

ing. In the following, we will discuss the detailed pipeline of
DiffStitch and subsequently the implementation and training
of the models involved.

4.1. DiffStitch

We aim to augment the offline dataset D by stitching,
which generates the transitions that “link” low-reward
trajectories to high-reward trajectories, as illustrated in
Figure 1(e). Suppose there is a low-reward trajectory
τ = {(s1,a1, r1), . . . , (sT ,aT , rT )} and a high-reward
trajectory τ ′ = {(s′1,a′

1, r
′
1), . . . , (s

′
T ′ ,a′

T ′ , r′T ′)}, where
T and T ′ denote the length of τ and τ ′. A straightfor-
ward way to stitch them together is directly feeding a
masked trajectory composed of the elements of τ and τ ′, i.e.,
{(s1,a1, r1), . . . , (sT ,aT , rT ),[MASK], ...,[MASK],
(s′1,a

′
1, r

′
1), ..., (s

′
T ′ ,a′

T ′ , r′T ′)}, to a generative model and
predict the [MASK]. However, this naive approach has a
significant drawback in that it can not determine the number
of [MASK] ( i.e., the time steps lying between τ and τ ′). A
fixed time step inserted between two trajectories could be
either too large or too small, which leads to a violation of
environmental dynamics and resides in out-of-distribution
(OOD) regions. Besides, rewards and actions usually do not
change smoothly as states across time, so generating them
with a single model might bring some potential issues (Ajay
et al., 2022).

To tackle this problem, our proposed DiffStitch first esti-
mates the steps for stitching and then generates the states,
actions, and rewards separately. Specifically, as illustrated
in Figure 2, it is composed of four modules: step estimation
module, state stitching module, trajectory wrap-up module,
and qualification module. The step estimation module esti-
mates the number of time steps required for stitching two
trajectories. Then, the estimated number of time steps is
input into the state stitching module, which generates states
consistent with the number of estimated steps. Next, the
trajectory wrap-up module predicts the rewards and actions
based on the states generated by the state stitching module
to obtain a new trajectory. Finally, the qualification module
evaluates the quality of the new trajectory and augments the
dataset with the new trajectory if it is qualified.
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4.1.1. STEP ESTIMATION MODULE

As discussed in previous work (Ajay et al., 2022) that the
state transitions are smooth within a trajectory, we use states
to estimate the number of steps for stitching. Therefore, the
task of step estimation is transformed that given the states of
two trajectory τs = (s1, s2...sT ) and τ ′s = (s′1, s

′
2, ..., s

′
T ′),

estimate the number of the step required for state sT to
transit naturally to state s′1. Here, sT could be viewed as the
start state and s′1 could view as the target state for stitching.
Suppose sT can reach state x in exactly i steps. The higher
the similarity between s′1 and x, the more probable it is for
sT to reach s′1 in exactly i steps as well. Inspired by that, to
identify the number of steps required for stitching sT to s′1,
we first “imagine” the subsequent states of state sT , find the
state closest to s′1, and treating the interval between sT and
the state closest to s′1 as the number of required step.

Specifically, we first initialize a masked sequence starting
with state sT , i.e., (sT ,[MASK], ...,[MASK]), and feed it
to a conditional generative model to generate the subsequent
states of sT :

τms = (sT , s
m
1 , ..., smH−1),

= Gθ ((sT ,[MASK], ...,[MASK])) ,
(3)

where Gθ denotes the generative model, the implementation
and training of Gθ will be discussed in Section 4.2. H is
the generating horizon of the generative model Gθ. It is
worth noting that, sT is considered as the only condition in
Eq. (3).

Next, we compare the similarity of s′1 and the subsequent
states of sT , i.e., (sm1 , ..., smH−1), to identify the number
of steps required to transit between two trajectories, which
could be calculated by:

∆ = argmax
i

sim(smi , s′1), (4)

where ∆ denotes the number of time steps to connect sT
and s′1. Obviously, ∆ ≤ H−2 . Here, we implement sim(·)
with cosine similarity.

4.1.2. STATE STITCHING MODULE

With ∆, we are able to know the exact number of states
to be generated between the last state of trajectory τ =
{(s1,a1, r1), (s2,a2, r2), . . . , (sT ,aT , rT )} and the first
state of trajectory τ ′ = {(s′1,a′

1, r
′
1), (s

′
2,a

′
2, r

′
2), . . . ,

(s′T ′ ,a′
T ′ , r′T ′)}. Applying this information, we first con-

struct a masked sequence composed of the last states of τ
and the initial states in τ ′s:

τs,m = (sT ,[MASK], . . . ,[MASK]︸ ︷︷ ︸
∆ masks

, s′1, ..., s
′
H−1−∆),

(5)

Here, the required elements of mask sequence τs,m are state
sT and and s′1. (s′2, s

′
3, ..., s

′
H−1−∆) is used to pad the

sequence if ∆ < H − 2. Then, we apply Gθ to reconstruct
the masked elements, and states that stitch sT to s′1 can be
generated as follows:

τss = Gθ(τs,m)

= (sT , s̃1, . . . , s̃∆︸ ︷︷ ︸
∆ stitching states

, s′1, ..., s
′
H−1−∆), (6)

Here, we denote the states τ̃s = (s̃1, . . . , s̃∆) are the stitch-
ing states.

4.1.3. TRAJECTORY WRAP-UP MODULE

We aim to wrap-up the states with actions and rewards to
obtain the sub-trajectory for stitching. Specifically, for each
state pair (ŝt, ŝt+1) ∈ {(sT , s̃1), (s̃1, s̃2), . . . , (s̃∆, s′1)} ,
we apply a inverse dynamic model fψ to predict the actions
between two adjacent states, that is:

ãt = fψ(ŝt, ŝt+1) (7)

For each state-action pair (ŝt, ãt) ∈ {(sT , ãT ), (s̃1, ã1),
. . . , (s̃∆, ã∆)}, we apply a reward model fϕ to predict the
reward between two adjacent states:

r̃t = fϕ(ŝt, ãt), (8)

The implementation and training of fψ and fϕ will be dis-
cussed in Section 4.2.

Therefore, the sub-trajectory for stitching can be represented
as τr = {(sT , ãT , r̃T ), (s̃1, ã1, r̃1), ..., (s̃∆, ã∆, r̃∆), (s

′
1,

a′
1, r

′
1)}. We denote τr as the stitching trajectory.

4.1.4. QUALIFICATION MODULE

Though the stitching trajectories could be generated with
the techniques mentioned previously, their quality often
varies. Therefore, we aim to assess the quality of generated
trajectories, filtering out low-quality data while retaining
high-quality data to ensure that the stitching trajectories
align with environmental dynamics.

For the stitching trajectory τr = {(sT , ãT , r̃T ), (s̃1, ã1,
r̃1), ..., (s̃∆, ã∆, r̃∆), (s

′
1,a

′
1, r

′
1)}, we use the dynam-

ics model (Liang et al., 2023) fω to assess the consis-
tency of the generated data with the environmental dy-
namics. Specifically, for each tuple (ŝt, ât, ŝt+1) ∈
{(sT , ãT , s̃1), (s̃1, ã1, s̃2), ..., (s̃∆, ã∆, s

′
1)}, we predict

the next state via:

ŝqt+1 = fω(ŝt, ât). (9)

The implementation and training of fw will be discussed
in Section 4.2. We discard stitching trajectory τr if there is
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a predicted state ŝt+1 that deviates significantly from the
corresponding state in τr, i.e.

||ŝqt+1 − ŝt+1||2 ≥ δ, (10)

where δ denotes the qualification threshold. This ensures
that the stitching trajectory is aligned with the environmental
dynamics.

By employing the pipeline above, we can
obtain a new augmented trajectory τgen =
{(s1,a1, r1), ..., (sT , ãT , r̃T ), (s̃1, ã1, r̃1), ..., (s̃∆, ã∆,
r̃∆), (s

′
1,a

′
1, r

′
1), ..., (s

′
T ′ ,a′

T ′ , r′T ′)} to enhance the offline
dataset. We put the augmented trajectories together to
obtain the augmented dataset Daug.

4.2. Model Implementation and Training

The models used for stitching in Section 4.1 are generative
model Gθ, inverse dynamic model fψ , reward model fϕ and
dynamic model fω, we will discuss their implementation
and training in this section.

The generative model Gθ is designed to generate the tran-
sition states between to-stitch trajectories, and we imple-
mented it with a diffusion model in this paper. Therefore,
for noise-masked state sequence τs,m, Gθ reconstruct it with
K denoising steps :

τk−1
s,m = 1√

αk

(
τks,m − 1−αk√

(1−ᾱk)
ϵθ(τ

k
s,m, τs,m, k)

)
+
√
1− αkϵ,

ϵ ∼ N (0, I), for k = K, .., 1,
(11)

where αi is the cosine function of k and ᾱi =
∏i

1 αt. N
denotes the Gaussian distribution. ϵθ is a neural network, we
use U-Net (Ronneberger et al., 2015) to implement it. τ0s,m
is the reconstructed states without any noise. From Eq. 11,
we can infer that training Gθ is essentially identifying the
parameters of ϵθ.

To identify the parameters, we apply the state sequence of
trajectories in offline dataset, and train ϵθ in a adding-noise
procedure like previous works(Ajay et al., 2022; Janner
et al., 2022).

Specifically, for an arbitrary trajectory, we first take out
the state sequence of trajectories with a horizon of size
H , i.e., τs = (s1, s2, ..., sH), and mask it with τs,m =
(si,[MASK], ...,[MASK], sk, sk+1..,[MASK]), where the
mask pattern randomly conceals two intervals. We strictly
ensure that the initial state of τs is unmasked, while the
terminal state of τs is masked.

Next, we randomly sample a noise ϵ ∼ N (0, I) and a
diffusion timestep k ∼ U{1, ...,K}, and train Gθ with:

Lθ = Ek,τs∈D||ϵ− ϵθ(
√
ᾱτs +

√
1− ᾱϵ, τs,m, k)||2.

(12)

The inverse dynamic model fψ, reward model fϕ, and dy-
namic model fω are all implemented with MLPs (Multiple
Layer Perceptrons). We use states, rewards, and actions in
the trajectories of offline datasets to train them. That is, they
are trained by:

Lϕ = E(st,at,rt,st+1)∼D||at − fψ(st, st+1)||2,
Lψ = E(st,at,rt,st+1)∼D||rt − fϕ(st,at)||2,
Lω = E(st,at,rt,st+1)∼D||st+1 − fω(st,at)||2,

(13)

We summarize the detailed pseudo code for DiffStitch
in Appendix A.1. In training offline RL algorithms, we
sample data from D∗ = D ∪ Daug with a fixed ratio
r = (number of original data : number of augmented data)
between the original data from D and the augmented data
from Daug in each training batch.

5. Experiments
In this section, we will discuss the experimental settings and
the performance of DiffStitch.

5.1. Experiment Settings

Evaluation Environments We evaluate DiffStitch on
a wide range of domains in the D4RL benchmark (Fu
et al., 2020), including MuJoCo tasks and Adroit tasks.
Specifically, we evaluate the performance of DiffStitch
on three environments in MuJoCo tasks: HalfCheetah,
Hopper, and Walker2d. Each environment includes three
types of datasets: Medium-expert, Medium, and Medium-
replay, in which the Medium-expert is composed of both
expert demonstrations and suboptimal data, Medium-replay
and Medium are collected when an unconverged policy
(Haarnoja et al., 2018) interacted with the environment. We
evaluate the performance of DiffStitch with the dataset of
Human and Cloned in Adroit-pen tasks, which aims to con-
trol a robot to twirl a pen. The Human dataset is composed
of human demonstrations and the Cloned dataset is collected
by an imitation policy on the demonstrations. Compared to
MuJoCo tasks, Adroit-pen has a larger observation space
(45 dimensions) and action space (24 dimensions), making
it more challenging.

Baselines Since we aim to augment the offline dataset to
improve the performance of offline RL algorithms, we com-
pare our method with two recent data augmentation algo-
rithms in offline RL, SER(Lu et al., 2023) and TATU(Zhang
et al., 2023), which have demonstrated outstanding perfor-
mance. SER is designed to utilize the diffusion model for
learning the distribution of transitions in the offline dataset
and generating new transitions. However, since these tran-
sitions are generated without any conditions, SER cannot
generate complete trajectories. On the other hand, TATU
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Table 1. The average normalized score of different methods. Here ± denoting the variance. The mean and standard deviation are
computed over 3 random seeds. The best and the second-best results of each setting are marked as bold and underline, respectively.

Dataset Environment
IQL TD3+BC DT

Original SER TATU DStitch Original SER TATU DStitch Original DStitch
Med-Expert HalfCheetah 92.7±2.5 88.9±2.1 94.4±0.6 94.4±1.4 94.3±0.9 86.5±8.8 89.3±3.9 96±0.5 90.8±1.4 92.6±0.1
Med-Expert Hopper 98.7±10 110.4±1.6 93.4±17.8 110.9±2.9 94.8±13 104±10.8 99±14.9 107.1±7 109.9±1.9 109.4±1.9
Med-Expert Walker2d 112.4±0.8 111.7±1.1 110.7±0.6 111.6±0.1 109.9±0.8 110.5±0.3 110.7±0.7 110.2±0.3 108.1±0.3 108.6±0.4
Medium HalfCheetah 48.5±0.3 49.3±0.1 48.2±0.1 49.4±0.14 48.4±0.1 48.4±0.4 48.1±0.2 50.4±0.5 40.4±2.2 44.2±0.3
Medium Hopper 65.9±5.7 66.6±2.4 60.3±3.6 71±4.2 58±2.8 56.4±1.3 58.3±4.8 60.3±4.9 61.5±2.2 60.5±4.3
Medium Walker2d 81.1±1.8 85.9±1.6 76.6±10.7 83.2±2.2 81.4±2.3 84.9±0.3 75.8±3.5 83.4±1.7 70.5±1.6 72±4.9
Med-Replay HalfCheetah 44.1±0.5 46.6±0.1 44.2±0.1 44.7±0.1 44.5±0.2 45.2±0.1 44.5±0.3 44.7±0.3 39.8±1.6 41±0.4
Med-Replay Hopper 91.4±8.1 102.4±0.5 79.6±7.6 102.1±0.4 64.8±19.2 56.8±9.9 64.1±10.5 79.6±13.5 83.6±3.9 96.1±2
Med-Replay Walker2d 80.7±7 85.7±3.6 75±12.1 86.6±2.8 82.4±5 89.1±0.5 62.1±10.4 89.7±4.2 53.3±11.2 60.2±1.8

Locomotion Average 79.5 83.1 75.8 83.8 75.4 75.8 72.4 80.2 73.1 76.1
human pen 79.1±28.5 88.9±22.6 96.8±8.6 87.4±8.6 -3.3±0.4 -2.8±1.5 7.3±14.1 29.8±6.9 62.8±2.1 70±6.8
cloned pen 45.8±29.9 52.5±27.9 45.3±23.4 64±29.6 -3.1±0.4 -2.8±0.1 -3±0.3 11.3±6.2 57.7±3.3 59.7±9.6

Pen Average 62.5 70.7 71.1 75.7 -3.2 -2.8 2.2 20.6 60.3 64.9
umaze maze2d 42.7±1.5 40.5±1.0 40.9±1.2 77±3.3 -4.5±13.6 40.5±9.8 40±13.4 48.8±5.0 32.1±8.5 48.3±6.3
medium maze2d 34.2±10.7 34.1±0.2 34.2±2.9 50.2±10.7 69.4±50.2 67.1±36.6 55.9±33.8 91.9±22.1 22.0±3.9 35.3±8.0

Maze2d Average 38.5 37.3 37.6 63.6 32.5 53.8 48.0 70.4 27.1 41.8
partial kitchen 52.5±10.8 23.2 ± 2.4 10.8±7.7 63.3±3.1 0±0 0±0 23.3±5.9 10.8±12.0 35.8±19.0 41.7±6.6
umaze antmaze 70±16.3 20±8.2 60±14.1 76.7±9.4 70±35.6 88.9±4.4 36.7±37.7 96.7±4.7 56.7±9.4 66.7±17.0

employs a forward dynamic model to simulate transitions
based on the offline dataset. Nevertheless, TATU is specifi-
cally designed to roll out forward transitions in very limited
steps to ensure that the generated transitions remain within
the distribution, thereby making it challenging to generate
long trajectories.

Evaluation Algorithms To assess the quality of the aug-
mented data, we utilize the augmented dataset to train three
groups of offline RL algorithms: TD3+BC (Fujimoto & Gu,
2021), IQL (Kostrikov et al., 2021), and DT (Chen et al.,
2021). All of these methods have been widely employed
in previous studies due to their popularity (Prudencio et al.,
2023). Here IQL is a one-step method, which first learns
the value function and then derives the policy based on the
learned value function. TD3+BC is a imitation learning
method, which jointly learns the policy and value function.
DT is a trajectory optimization method, which takes trajec-
tory data as input and applies Transformer (Vaswani et al.,
2017) to model the distribution of trajectories in the offline
dataset.

Implementaion Details For the generative model, the
denoising step K is set to 100. We implement the in-
verse dynamics model fψ with a 2-layer MLP, and the
dynamic model fω, reward model fϕ with a 4-layer MLP.
For the stitching, we set the qualification threshold used
for data selection δ ranging from [1, 16] depending on the
dataset. Our model is trained on a device with A5000
GPUs(24GB GPU memory, 27.8 TFLOPS computing capa-
bilities, AMD EPYC 7371 16-Core Processor, optimized by
Adam (Kingma & Ba, 2014) optimizer.

Figure 3. The stitching trajectory.

5.2. Main Results

To evaluate the performance of DiffStitch and compare its
performance with the baselines, we train TD3+BC and IQL
with the augmented data generated by DiffStitch, SER, and
TATU, as well as the original offline data. This allows us to
compare the effectiveness of the augmented data. Addition-
ally, we use the data generated by DiffStitch and the original
offline data to train DT in order to assess the effectiveness
of DiffStitch. We did not employ the data generated by SER
and TATU to train DT because either they were unable to
generate trajectories or could only produce very short trajec-
tories, which makes the data generated by them inapplicable
to augment decision transformer(DT). The results are pre-
sented in Table 1. Each result is obtained by conducting 10
trials with different seeds, and reported with the normalized
average returns (Fu et al., 2020) and standard deviation.

From Table 1, we can observe: (1) Our DiffStitch achieves
the best performance in most cases, and obtains the best av-
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Figure 4. Return of states before and after stitching

erage performance in both MuJoCo tasks and Adroit tasks.
This demonstrates the data generated by our method has
higher quality than the data generated by SER and TATU
in most cases; (2) Our DiffStitch demonstrates superior
performance on challenging tasks. As Table 1 illustrated,
It is easier for DiffStitch to achieve significant improve-
ment in the cases where the original score is relatively low,
like the cases on pen, the case of TD3+BC on Med-Replay
Hopper. The low score in these cases demonstrates that
offline RL algorithms have difficulty exploring high-reward
regions. With the trajectory stitching, our DiffStitch po-
tentially offers high-reward training samples for them. (3)
Both our DiffStitch and SER utilize the diffusion model for
data augmentation. However, our DiffStitch achieves better
performance than SER in 14 out of 22 cases, indicating that
augmenting data from the perspective of trajectory stitching
is more effective in most scenarios.(4)Offline RL methods
trained on augmented data have better performance than the
one trained on original data, which demonstrates enhanc-
ing the performance of offline RL via data augmentation is
effective.

5.3. Further Analysis

As observed in Section 5.2, DiffStitch outperforms base-
line augmentation methods in most cases. We assume
two features mainly contribute to the advancements: (1)
The generated stitching sub-trajectories are consistent with
the environment dynamics, and (2) DiffStitch successfully
transforms low-reward trajectories to high-reward trajec-
tories. Both features ensure the provision of high-quality
data for offline RL algorithms to learn from, resulting in
improved performance. To investigate whether the stitch-
ing sub-trajectories conform to environment dynamics, we
randomly select three augmented trajectories, one for each
of HalfCheetah, Walker2d, and Hopper. We visualize the
robot states at each time step, and the results are presented
in Figure 3. We can observe the stitching states are quite
natural and roughly align with the locomotion patterns of
these robots. To check whether the generated samples trans-
form low-reward trajectories to high-reward trajectories, we
randomly take the states from the left side of stitching trajec-
tories and compare their returns before and after stitching

(a) Performance of TD3+BC

(b) Performance of IQL

Figure 5. Ablation study on the hopper

in Figure 4. We can observe that the returns of the majority
of states have improved after stitching. As the returns are
the accumulation of discounted future rewards, the improve-
ment in return indicates that the originally lower-reward
trajectories starting from those states are transformed into
higher-reward trajectories, serving as more valuable data in
policy learning.

5.4. Ablation Study

To investigate the impact of the modules in DiffStitch, we
apply IQL and TD3+BC to conduct ablation studies on the
environment of Hopper. Specifically, we have the variants:

• -AUG remove the augmented data, and directly train the
offline RL algorithms with the original data.

• -TEstimation remove the step estimation module from
DiffStitch. In this case, the number of stitching steps is
set to a constant value 40.

• -Qualification remove the qualification module from
DiffStitch. In this case, all the data generated by Diff-
Stitch are directly used to train the offline RL algorithms.

The results are illustrated in Figure 5. We can observe from
Figure 5: (1) the performance of DiffStitch is better than
-TEstimation in most cases. This demonstrates that estimat-
ing the number of stitching steps is important. Conversely,
utilizing a fixed number of states to stitch trajectories might
be detrimental, leading to a degradation in the original per-
formance; (2) the performance of DiffStitch is better than
-Qualification in all cases. That demonstrates the crucial role
of data selection; (3) DiffStitch outperforms -AUG in all the
cases, which highlights the benefits of data augmentation in
offline RL tasks.
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Table 2. The performance on small samples. ± denoting the vari-
ance. The mean and standard deviation are computed over 3
random seeds. The best and the second-best results of each setting
are marked as bold and underline, respectively.

Dataset Environment Original SER TATU DiffStitch

IQ
L

Med-Expert HalfCheetah 89.3±4.3 62.5±2.5 91.5±2.6 91.5±1.5
Med-Replay Hopper 51±3.9 13±1.1 49.6±13.2 67.8±13.5

Average 70.2 37.8 70.6 79.7

T
D

3+
B

C Med-Expert HalfCheetah 81.2±8.9 65.1±7.5 80.2±6.3 91.6±3.4
Med-Replay Hopper 52±10.1 13.5±1.3 6.7±3.7 64±25

Average 66.6 39.3 43.5 77.8

D
T

Med-Expert HalfCheetah 88.7±2.4 - - 92.6±0.16
Med-Replay Hopper 49.3±8.3 - - 75.1±11.6

Average 69 - - 83.9

5.5. Additional Study on Small Samples

To investigate the performance of DiffStitch on the dataset
of limited samples, we randomly select 20% of the sam-
ples from the original dataset, and augment the dataset with
DiffStitch. Then, we train IQL, TD3+BC, and DT with the
augmented dataset and compare the performance with the
baselines. The experiments are conducted on HalfCheetah-
Medium-Expert and Hopper-Medium-Replay, which covers
different environments and different dataset qualities. The
results are illustrated in Table 2. We can observe from Table
2: (1) in the easier task (HalfCheetah-Medium-Expert), Diff-
Stitch leverages 20% data to achieve a performance close
to using 100% of the data in Table 1, which demonstrates
the effectiveness of Diffstitch; (2) In the challenging tasks
(such as Hopper-Medium-Replay), Diffstitch demonstrates
a significant advantage over the baselines. This highlights
the superiority of Diffstitch in tackling difficult tasks. By
stitching together low-reward trajectories with high-reward
trajectories, Diffstitch effectively compensates for the limi-
tations of the dataset.

5.6. Parameter Study

To further investigate the factors that influence the perfor-
mance of DiffStitch, we investigate the impact of maximum
stitching length, data ratio r, and qualification threshold δ.

The impact of maximum stitching length. In Diffstitch,
we stitch together different trajectories from the offline
dataset by a number of generated transitions, with length
less than the maximum stitching length L. Obviously, the
maximum stitching length is supposed to be shorter than
H when stitching trajectories. A short maximum stitching
length would enhance accuracy but might be less effective
in connecting trajectories that are distant. Conversely, a
long maximum stitching length could facilitate connecting
distant trajectories but might compromise accuracy. There-
fore, we set maximum stitching length to 40(< H) as it
strikes a balance, being sufficiently long to connect distant
trajectories while preserving high accuracy. We conducted

Table 3. The impact of maximum stitching length. We use L=40
and L=80 to represent maximum stitch lengths of 40 and 80, re-
spectively.

Dataset Environment Original L=80 L=40

IQ
L

Med-Expert HalfCheetah 92.7±2.5 93.7±0.6 94.4± 1.4
Med-Replay Hopper 91.4±8.1 100.7±0.2 102.1± 0.4

Average 92.1 97.2 98.3

T
D

3+
B

C Med-Expert HalfCheetah 94.3±0.9 94.8±0.8 96.0±0.5
Med-Replay Hopper 64.8 ±19.2 72.7±24 79.6±13.5

Average 80.0 83.8 87.8

D
T

Med-Expert HalfCheetah 90.8±0.4 91.8±0.8 92.6±0.1
Med-Replay Hopper 83.6±3.9 85.0±17.0 96.1±2

Average 87.2 88.4 94.4

additional experiments by increasing the value of maximum
stitching length to 80. The results in table 3 indicate that
employing a maximum stitching length of 80 can still en-
hance the performance of offline RL algorithms, albeit less
effectively than the default value of 40.

The impact of data ratio r DiffStitch enhances the effec-
tiveness of offline RL algorithms by generating augmented
data. In the training of offline RL algorithms, both the aug-
mented dataset and original offline dataset are used. Con-
sequently, the ratio of the original data to the augmented
data might impact the performance of DiffStitch. To investi-
gate that, we conduct experiments on Halfcheetah-Medium-
expert with different ratios. Specifically, we set the ratio to
{0 : 1, 1 : 1, 2 : 1, 4 : 1, 9 : 1, 1 : 0}, and other settings
remain the same to test the performance. The results are
illustrated in Table 4. Except for the effectiveness of the
augmentation, we can also observe in Table 4 that both an
excessively large ratio and an excessively small ratio have
detrimental effects on the performance of DiffStitch. We
assume the reasons are as follows: When ratio is exces-
sively large(1:0), the benefit brought by augmentation is
abandoned. When data ratio is excessively small(0:1), too
much noise are introduced and agents cannot effectively
learn a policy.

The impact of qualification threshold δ. The qualifica-
tion threshold δ determines the decision to exclude gener-
ated transitions that deviate from environmental dynamics,
guaranteeing that the generated transitions remain within
in-distribution (ID) regions. To investigate the impact of δ,
we conduct experiments on Halfcheetah-Medium-Expert,
and test the performance of our method under TD3+BC,
IQL and DT. The experiment results are presented in Table
5. We can observe from Table 5 that a too small δ or a too
large δ decrease the performance of all the evaluation algo-
rithms (TD3+BC, IQL and DT). We assume that a smaller δ
provides stronger assurance of adherence to the distribution
but may be overly conservative, whereas a larger δ may per-
mit transitions that deviate from environmental dynamics,
falling into OOD regions.
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Table 4. The impact of data ratio r.

ratio TD3+BC IQL DT
0:1 0.1±0.9 -0.5±1.0 1.2±0.3
1:2 91.7±2.3 91.5±3.7 92.6±0.1
1:1 94.1±1.2 91.7±3.7 92.5±0.6
2:1 93.2±2.8 93.9±1.0 91.5±1.0
4:1 96±0.5 94.4±1.4 92.4±0.5
1:0 94.3±0.9 92.7±2.5 90.8±1.4

Table 5. The impact of qualification threshold δ.

δ TD3+BC IQL DT
1.0 93.8±2.0 92±1.7 93.1±0.2
2.0 96±0.5 94.4±1.4 92.6±0.1
3.0 91.7±3.2 95±0.5 92.7±0.6
4.0 94.4±0.8 91.1±2.7 92.6± 1

6. Conclusion and Future Work
In this paper, we introduce DiffStitch, which enhances the
learning of offline RL algorithms by stitching together low-
reward trajectories with high-reward trajectories. Diverg-
ing from conventional approaches that primarily support
one-step methods and imitation learning methods, our Diff-
stitch extends its utility to facilitate the learning of trajectory
optimization methods such as Decision Transformer(DT).
Empirical evaluations conducted on the D4RL benchmarks
demonstrate a significant performance boost for base offline
RL algorithms.

For future work, exploring how to choose and concatenate
two trajectories will be an interesting direction. While our
current approach involves concatenating low-reward trajec-
tories with high-reward trajectories, there undoubtedly exist
superior concatenation strategies waiting to be explored.
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A. Experimental Details and Hyperparameters
A.1. Pseudocode of DiffStitch

Algorithm 1 DiffStitch
1: Input: offline dataset D, iterations N , Discriminator threshold d
2: Initialize Daug ← ∅.
3: Train generative model Gθ on D using Eq.(12)
4: Train Dynamic model fω , inverse dynamic model fψ , and reward model fϕ on D using Eq.(13)
5: for i = 1 to N do
6: Sample trajectories τs, τ ′s from D
7: Imagine τms = (sT , s

m
1 , ..., smH−1) starting from sT

8: Set timestep ∆ = argmaxi sim(smi , s′1)
9: Create τs,m = (sT , . . . ,︸︷︷︸

∆ Masks

, s′1, ...)

10: Generate state sequence τss = Gθ(τs,m)
11: Wrap-up states Eq.7 and Eq.8, obtain τgen
12: For each (st,at, st+1) ∈ τgen, sample ŝqt+1 ∼ fω(st,at)
13: if max{||ŝqt+1 − st+1||2 > d} then
14: continue
15: end if
16: Daug ← Daug ∪ τgen
17: end for
18: obtain D∗ ← D ∪Daug

A.2. Validation Offline RL algorithms

For the validation offline RL algorithms IQL(Kostrikov et al., 2021) and Decision Transformer(Chen et al., 2021), we
use the ’CORL: Research-oriented Deep Offline Reinforcement Learning Library’(Tarasov et al., 2022) codebase. For
TD3+BC(Fujimoto & Gu, 2021), we use the author-provided code from GitHub.

A.3. Hyperparameters and other details

1. We use K = 100 diffusion steps for all tasks.

2. The diffusion model is trained for 1M or 0.5M steps depending on the task.

3. The inverse dynamics model is represented with a 2-layered and ReLU activations.

4. The data ratio is selected from {1 : 2, 1 : 1, 2 : 1, 4 : 1, 9 : 1}

5. The horizon H is set to 100 for D4RL locomotion tasks, 56 in D4RL kitchen and Adroit-pen tasks, {56, 100, 128, 256}
in maze2d and antmaze tasks(Exact choice varies by maze size).

6. To speed up the generating process, we generate stitching transitions parallelly, with a batch size of 64.

7. The dynamics threshold controls the ratio of low-quality data to be filtered out. One can also first generate data without
filtering, and then filter out low-quality data with a ratio that they desire.

8. More details can be found in our opensource codebase: https://github.com/guangheli12/DiffStitch
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B. Additional Ablation Studies
B.1. Ablation study on similarity function

In estimating the number for stitching (Section 4.1.1), a similarity function is applied to measure the distance of two states.
We choose the cosine similarity for similarity estimation because it is simple and easy to deploy. However it is important
to note that cosine similarity is not the only valid choice. In fact, the similarity function can be replaced with geometry
distance function(L2 norm) or neural networks. We conducted an additional experiment using geometry distance similarity
function, and results below in Table 6 show that it also works well but not as good as the cosine similarity function. Thus,
we used cosine similarity function as default.

Table 6. The impact of similarity function

Dataset Environment
IQL TD3+BC DT

Original Geometry Cosine Original Geometry Cosine Original Geometry Cosine
Med-Expert HalfCheetah 92.7±2.5 94.4±0.6 94.4±1.4 94.3±0.9 95.6±0.4 96.0±0.5 90.8±0.4 92±0.6 92.6±0.1
Med-Replay Hopper 91.4±8.1 101.1±0.3 102.1±0.4 64.8±19.2 72.7±12.9 79.6±13.5 83.6±3.9 69.2±19.4 96.1±2.0

B.2. Ablation study on inverse dynamics

In DiffStitch, the generative model Gθ only diffuses over states, and actions are generated via an inverse dynamics model.
The reason behind generating only states is that actions and rewards are less smooth compared to states, making them much
harder to predict and model with diffusion(Ajay et al., 2022). In (Ajay et al., 2022), they generate states first, and then
utilizes an inverse dynamic model to generate actions. Also, they conducted a comprehensive ablation study to assess the
necessity of employing an additional inverse dynamics model for action generation. Following (Ajay et al., 2022), (Liang
et al., 2023) also employed an additional inverse dynamics model to generate actions. Following (Ajay et al., 2022; Liang
et al., 2023), we integrated an additional inverse dynamics model and a reward model. We conducted addional experiments
that generates state-action pair, state-action-reward transitions at the same time. Experimental results in Table 7 shows that
generating state-action pairs and state-action-reward transitions are effective, but it still underperforms our proposed method.

Table 7. Ablation Study on Inverse Dynamics. (s,a) denotes diffusing states and actions simultaneously, while (s,a,r) denotes denoting
state, action, and reward tuples at the same time.

Dataset Environment
IQL TD3+BC DT

(s,a) (s,a,r) DiffStitch (s,a) (s,a,r) DiffStitch (s,a) (s,a,r) DiffStitch
Med-Expert HalfCheetah 90.3±2.7 94.4±0.5 94.4±1.4 94.9±1.1 95.6±1.0 96.0±0.5 91.9±0.7 90.4±1.1 92.6±0.1
Med-Replay Hopper 100.3±0.5 99.9±0.8 102.1±0.4 67.4±25.9 77.5±23.4 79.6±13.5 62.6±15.7 51.4±22.3 96.1±2

B.3. Is Trajectory stitching necessary?

In DiffStitch pipeline, we stitch a low-return sub-trajectory with a high-return trajectory. To validate the necessity, we have
undertaken further experimentation that samples low-return sub-trajectories and desired return to generate the remainder of
trajectories. Our experiments results shown below in Table 8, it reveals that the utilization of a diffusion model conditioned
on an initial set of states and a desired return does not yield substantial improvements, with its performance notably worse to
that of DiffStitch. Unlike generating data conditioned solely on the start state, DiffStitch generates data by simultaneously
conditioning on both the start and end states, offering greater promise in generating higher-quality data. Moreover, given the
presence of high-return trajectories in the dataset, it would be more efficient to generate short sub-trajectories leading to
those optimal trajectories, instead of generating new high-return trajectories.
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Table 8. The necessity of Trajectory Stitching

Dataset Environment
IQL TD3+BC DT

Original low-sam DiffStitch Original low-sam DiffStitch Original low-sam DiffStitch
Med-Expert HalfCheetah 92.7±2.5 90.7±2.6 94.4±1.4 94.3±0.9 91.5±3.3 96.0±0.5 90.8±0.4 90.2±1.8 92.6±0.1
Med-Replay Hopper 91.4±8.1 95.2±8.0 102.1±0.4 64.8±19.2 45.9±9.7 79.6±13.5 83.6±3.9 70.2±12 96.1±2
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