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Abstract

Offline Reinforcement Learning (RL) relies on
static datasets and often enforces conservative
constraints to mitigate out-of-distribution errors,
but this inevitably gives rise to learning dataset
biases and limited behavioral generalization. Re-
cent Data Augmentation (DA) methods leverage
generative models to enrich offline data, yet they
mainly operate within a single rollout paradigm
and tend to preserve the original trajectory-level
connectivity of the dataset. As a result, such meth-
ods often introduce local variations and fail to re-
cover connections between distinct behavior pat-
terns. In this paper, we propose Bidirectional
Trajectory Diffusion (BiTrajDiff), a novel DA
framework that explicitly addresses this limita-
tion. BiTrajDiff decomposes trajectory synthesis
into two independent diffusion processes that gen-
erate forward-future and backward-history seg-
ments conditioned on shared intermediate anchor
states. By stitching the generated segments at
these anchors, BiTrajDiff can synthesize trajec-
tories that bridge disconnected behavior patterns
and recover global trajectory-level connectivity
absent from the original data. Extensive experi-
ments on the D4RL benchmark demonstrate that
BiTrajDiff consistently outperforms advanced DA
methods across a range of offline RL backbones.

1. Introduction

Offline Reinforcement Learning (Offline RL) (Fujimoto
et al., 2019) seeks to derive effective decision policies solely
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Figure 1. Two-room toy task with the offline dataset. The dataset
contains left-only and trajectories and lacks cross-door
pattern; single-direction generation fits the in-room distribution
but rarely bridges the doorway. BiTrajDiff generates cross-door
trajectories and improves offline RL cross-door success.

from pre-collected datasets, obviating the necessity for on-
line exploration due to the inherent risks and costs associ-
ated with real-time interaction (Levine et al., 2020). This
paradigm has shown strong potential in real-world domains
such as robotic control (Qing et al., 2024; 2022; Liu et al.,
2023) and power grid management (Chen et al., 2024; Xu
et al., 2024). A primary challenge in offline RL is the out-
of-distribution (OOD) problem: during training, the learned
policy induces a state—action distribution that can deviate
from the support of the logged data, causing extrapolation
error and value overestimation (Levine et al., 2020). To miti-
gate this, many offline RL methods enforce conservatism by
imposing explicit constraint terms during policy optimiza-
tion (Qing et al., 2024; Chen et al., 2022) and penalizing
the value estimation of OOD actions (Lyu et al., 2022; Xu
et al., 2023). However, such conservatism also tightly in-
duces learning to the structural biases of the offline dataset,
limiting behavioral diversity and generalization beyond the
logged trajectories.

To alleviate the structural bias imposed by conservative of-
fline learning, a natural solution, Data Augmentation (DA),
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enriches the offline dataset with synthesized transitions
while remaining orthogonal to the underlying offline RL
optimization procedure. Recent works (Lu et al., 2023; Li
et al., 2024; Li & Zhang, 2024) leverage generative mod-
els, particularly diffusion models, to synthesize high-fidelity
trajectories for offline RL, yielding promising empirical im-
provements over existing offline RL algorithms. However,
existing DA methods typically generate trajectories within
a single rollout paradigm (forward-future (Lee et al., 2024)
or backward-history (Yang & Wang, 2025)) conditioned on
in-dataset states. Therefore, the synthesized data remain
confined to the original trajectory distribution, rather than
creating novel trajectories connecting previously discon-
nected states in the dataset. Consequently, the augmented
data inevitably ignores the connectivity between various
behavior patterns and fails to synthesize trajectories that
explicitly bridge them. To exemplify the above issue, we
conduct a didactic experiment using representative single-
direction data augmentation methods, including Synther-
long, a trajectory-level extension of Synther (Lu et al., 2023),
and RTDiff (Yang & Wang, 2025), in a toy task shown in
Figure 1. The offline dataset contains two distinct trajec-
tory sets confined to each side of the wall and includes no
cross-door trajectories, despite covering many states near
the narrow doorway. The generation results show that the
methods both successfully fit the distribution of the original
data, capturing within-room variations, while rarely synthe-
sizing trajectories that traverse the door to connect the two
patterns. This indicates that single-process rollouts tend to
preserve the original trajectory-level connectivity, resulting
in limited performance improvement.

In this paper, we propose Bidirectional Trajectory Diffu-
sion (BiTrajDiff), a novel DA framework that explicitly
addresses the trajectory-level connectivity limitation of ex-
isting DA methods. Unlike prior approaches that rely on a
single rollout paradigm, BiTrajDiff decomposes trajectory
synthesis into two independent yet complementary diffu-
sion generation processes: one modeling forward-future
trajectories and the other modeling backward-history tra-
jectories. Crucially, these two processes are conditioned
on the same intermediate anchor states sampled from the
dataset, enabling the independent exploration of plausible
pasts and futures around these anchors. Therefore, BiTrajD-
iff can synthesize trajectories that bridge distinct behavior
patterns and recover connections absent from the original
dataset. As evidenced in Figure 1, despite the absence of any
cross-door trajectories in the dataset, BiTrajDiff synthesizes
such trajectories and achieves higher performance than the
single-direction DA baselines. Technically, we implement
BiTrajDiff with a forward trajectory diffusion model condi-
tioned on terminal states and a backward trajectory diffusion
model conditioned on initial states, followed by a stitch-
ing procedure that concatenates the generated segments

into complete trajectories. Meanwhile, we incorporate a
lightweight quality-control step to discard low-confidence
synthesized trajectories. As a result, BiTrajDiff expands the
offline dataset not only through local variations but also by
recovering global trajectory-level connections, leading to
substantially improved performance across a wide range of
offline RL algorithms.

Our contributions are summarized as follows:

* We identify a fundamental limitation of existing DA meth-
ods for enhancing offline RL algorithms: single rollout
processes tend to preserve the original trajectory-level
connectivity of the dataset, failing to explore the ways to
connect distinct behavior patterns.

* We propose Bidirectional Trajectory Diffusion (BiTra-
jDiff), which decomposes trajectory synthesis into inde-
pendent forward-future and backward-history diffusion
processes, and then explicitly stitches the generated seg-
ments at shared intermediate anchor states, enabling the
synthesis of trajectories that connect previously discon-
nected behavior patterns.

* We demonstrate the effectiveness of BiTrajDiff through
extensive experiments on D4RL across multiple offline
RL backbones, where it consistently outperforms various
types of DA baselines, validating its performance gains
and robustness.

2. Related Works

Offline RL encompasses four primary categories: policy
constraint (Wang et al., 2022; Xu et al., 2023), value reg-
ularization (Kostrikov et al., 2021; Kumar et al., 2020),
model-based (Yu et al., 2020; Chemingui et al., 2024),
and return-conditioned supervised learning (Chen et al.,
2021; Paster et al., 2022). Policy constraint methods re-
strict policies to the offline dataset, employing techniques
such as explicit behavior cloning regularization (Qing et al.,
2024; Chen et al., 2022) or implicit optimization towards
in-sample optimal policies (Nair et al., 2020; Yue et al.,
2022). Meanwhile, value regularization promotes conserva-
tive value functions to alleviate OOD overestimation via es-
tablishing precise lower bounds for Q-values to facilitate in-
sample action selection (Lyu et al., 2022; Park et al., 2024).
Model-based approaches construct task-oriented world mod-
els from offline data, including one-step dynamics (Yu et al.,
2020; Chemingui et al., 2024) and multi-step sequence mod-
els (Hafner et al., 2020; 2023), which are subsequently
used for offline reward penalization (Yu et al., 2021; Ki-
dambi et al., 2020) and online decision planning to ensure
in-distribution actions (Hansen et al., 2022; 2023). Return-
conditioned supervised learning trains trajectory generators
conditioned on returns, with transformers (Chen et al., 2021;
Schmied et al., 2024) and diffusion models (Janner et al.,
2022; Ajay et al., 2022) as common backbones. Despite
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their effectiveness, these approaches are fundamentally lim-
ited by reliance on the dataset distribution.

Data Augmentation for Offline RL synthesizes additional
interactions to enrich the dataset for subsequent RL train-
ing. Early work employs dynamics ensembles to generate
transitions with uncertainty weighting (Zhang et al., 2023)
or diffusion models for flexible one-step oversampling (Lu
et al., 2023). More recent efforts shift toward trajectory-
level generation. Some work focuses on on-policy rollouts,
guided either by policy outputs (Jackson et al., 2024), return
value (Lee et al., 2024), or interaction histories (He et al.,
2023). Other approaches explore prioritized augmentation
based on dynamics error or curiosity (Wang et al., 2024),
as well as trajectory recomposition through reverse genera-
tion (Yang & Wang, 2025) or diffusion-based stitching (Li
et al., 2024). Existing data augmentation methods for offline
RL typically rely on a single generative process within a
single forward-future or backward-history rollout paradigm,
which preserves the original trajectory-level connectivity of
the dataset. In contrast, BiTrajDiff synthesizes both forward
and backward trajectories conditioned on shared interme-
diate states, allowing it to bridge distinct behavior modes
among datasets and recover global connectivity, resulting in
substantial improvements in offline RL performance.

3. Preliminary

RL paradigm (Sutton et al., 1998) is formally defined as a
Markov Decision Process (MDP), M = (S, A, P, 7,7, po),
where S is the state space, A is the action space, P :
S x A xS — [0,1] represents the environment dynam-
ics, 7 : § x A — R is the reward function, v € [0, 1)
is the discount factor, and pg denotes the initial state dis-
tribution. At each timestep ¢, an agent executes an action
a; according to its policy 7(+|s;) in the current state s,
transitioning to the subsequent state s, with reward 7
based on P. The objective of the agent is to find an op-
timal policy 7* that maximizes the expected discounted
return: 7 = argmax, J(m) = E[> ~,7'r]. In con-
trast to online RL, offline RL (Levine et al., 2020) re-
lies solely on a static trajectories dataset D = {71}V,
where N is the number of trajectories and each trajec-
tory 70 = {(s%, al,r})}/," comprises a sequence of state-
action-reward tuples.

Diffusion Models (Ho et al., 2020; Song et al., 2021) are
generative frameworks that learn data distributions through
a forward diffusion process and a reverse denoising process.
The forward process gradually corrupts data xq via a pre-
defined noise schedule {3 }%_,, where each transition is
defined as q(Xk|Xk._1) = N (Xk-; V1— /kak'—la ﬂkI) As
K — o0, the terminal distribution ¢(x ) converges to an
isotropic Gaussian NV (0,I). The reverse process, parame-
terized by 6, aims to iteratively reconstruct the original data

through learnable Gaussian transitions: pp(Xx—1|Xr) =
N (xp—1; pro(Xkey k), 2o (Xk, k)) . By maximizing the em-
pirical lower bound (Sohn et al., 2015) on the log-likelihood
of the sampled data, the diffusion model can be trained with
a simplified surrogate loss (Sohn et al., 2015):

ACdenoise(e) = Exo~q,kwu{1,K},5~N(0,I) |:H69(Xk, k) - 6”3
(1)

where U/ denotes the discrete uniform distribution, and €y is
the deep model parameterized with 6 to predict the noise.
Both the mean py(xy, k) and covariance 3y (xy, k) of the
reverse process are analytically derivable from ey. The sam-
pling is then performed by initializing with xx ~ N(0, 1)
and iteratively applying the learned reverse transitions.

4. Methodology

This section introduces the BiTrajDiff framework for of-
fline RL, which comprises two core components: bidirec-
tional diffusion training and bidirectional trajectory gen-
eration. During the bidirectional diffusion training phase,
two distinct diffusion models are employed to model the
distributions of forward-future and backward-history state
sequences within trajectory data. Conditioned on an interme-
diate state and cumulative reward signals, these models gen-
erate state sequences in corresponding temporal directions.
Then, in the subsequent bidirectional trajectory generation
phase, the generated forward and backward trajectories are
reconciled through filling and filtering operations to produce
novel global trajectories that connect previously unreach-
able states in the original dataset. The framework of our
method is presented in Figure 2.

4.1. Bidirectional Diffusion Training

Building upon recent advances in diffusion-based sequence
generation (Fathi et al., 2025; Gong et al., 2022), we propose
a bidirectional trajectory generation framework comprising
independent forward and backward trajectory diffusion mod-
els. These models are separately trained on offline datasets
to learn the trajectory distribution of the behavior policy,
facilitating bidirectional state trajectory generation from
shared intermediate “anchor” states.

Formally, for each diffusion model, the state trajectory is
generated simultaneously per time step ¢ over the planning
horizon H: x(7) = {st,St+1, ", St+H—1}k, Where k
denotes the denoise timestep and ¢ represents the MDP
timestep. In this way, the conditional generative problem
via the diffusion model can be formulated as:

mein L(0) = Erwp[—1log pe(xo(7)|y(7))], 2

where x0(7) denotes the final generated subtrajectory of
diffusion, y(7) represents the condition for generation, and
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Figure 2. An illustrative diagram of our Bidirectional Trajectory Diffusion (BiTrajDiff) method.

0 represents the learnable parameters of the diffusion model.
While various condition metrics are available, such as tem-
poral difference error, Q-function (Wang et al., 2024), our
framework utilizes the cumulative return R as conditional in-
put y (7). This approach, consistent with prior works (Ajay
et al., 2022; Ding et al., 2024), enables the generation of
trajectories with desired returns starting from the specific
states. However, to enable bidirectional trajectory genera-
tion, the formations of the backward and forward diffusion
condition inputs are quite distinct.

Specifically, the forward diffusion model generates finite-
horizon state trajectories xg(T) = {St,St41, "y StrH-1}
started at initial state s, with target return R/ (1) =
o2, i tr;, thus generating physically consistent future
trajectories within the offline distribution. Conversely, the
backward diffusion model reconstructs historical trajectories
x3(7) = {s¢—m+1, - , 5t} that ends on terminal state s,
and accrued return R’(7) = Zf‘:o yt~%r;. For brevity
and clarity, we utilize superscript-free notation (e.g., Xy,
¥, R(7)) in the following sections to denote computational
processes common to both directional models.

Based on the two distinct conditions, we can model the
conditional trajectory generation processes by the dif-
fusion sampling composed of the forward noising pro-
cess q(Xg+1(7)|xk (7)) and the reverse denoising process
po(Xk—1(7)|xx(7), y (7)) constructed with the diffusion de-
noise model ¢y. Meanwhile, the forward and backward
diffusion models €y in our BiTrajDiff framework are pa-
rameterized with 67 and #°, respectively. Thus, given the
condition y(7), they are able to generate the denoised tra-
jectory xo(7). This process begins with sampling random
noise xx ~ N(0,I), followed by iterative denoising steps
where x_1 ~ py, fork = {K,--- |1}

To realize conditional diffusion model training and infer-
ence, we employ the Classifier-Free Guidance (CFG) (Ho &

Salimans, 2022), which uses a single denoise model to han-
dle both conditional and unconditional generation. Formally,
the perturbed noise after CFG can be formed as:

€ =wxeg(xk(7),k,y(7)) + (1 —w) * eg(xx(7), &, 0),
3)

where the scalar w € [0, 1] denotes the guidance weight
of CFG. Setting w to 0 degrades the generation to uncon-
ditional generation. Conversely, an increased value of w
promotes a stronger adherence of the generated samples to
the provided condition y(7). During training, the diffusion
denoisers are trained with an objective that enables them to
predict noise conditioned on y(7) and also unconditionally.
This is typically achieved by randomly dropping the condi-
tion y(7) during training with probability p. Specifically,
we have the following loss function:

ﬁdenoise(e) = ]ETND7k~Z/{{1,K},ENN(O,I)ﬁNBem(p)

[le —eolxi(r), k. (1= B)y(r) + BO)IP], )

where Bern(p) represents the Bernoulli distribution. In our
implementation, we fix the state condition s; in xj(7) dur-
ing the adding-noise training as well as the denoising in-
ference stage for simplicity and efficiency following (Ajay
et al., 2022; Yang & Wang, 2025), while the diffusion de-
noise models €y only take the cumulative return R(7) com-
ponents of y(7) as condition inputs.

4.2. Bidirectional Trajectory Generation

Based on the pretrained bidirectional diffusion model, we
introduce a novel DA pipeline through three key stages:
bidirectional state trajectory generation, bidirectional trajec-
tory completion, and bidirectional trajectory filtering. The
pipeline synthesizes global trajectories, thereby establishing
connections between states not accessible in the datasets.
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This process extends behavioral coverage while upholding
physical consistency, ultimately producing effective aug-
mented data for offline RL algorithms training.

4.2.1. BIDIRECTIONAL TRAJECTORY GENERATION

We utilize the pretrained forward and backward trajectory
diffusion model in section 4.1 to generate bidirectional state
trajectories. Prior methods (Lu et al., 2023; Li & Zhang,
2024) model only the conditional distribution of trajecto-
ries originating from a given state, neglecting the historical
pathways leading to those states. As a result, these data
augmentation techniques yield only limited expansion in
behavior diversity. To address this limitation without intro-
ducing additional noise, our proposed method, BiTrajDiff,
generates both forward and backward trajectories and inte-
grates them by stitching at a shared intermediate state s;,
which serves as a consistent anchor.

Specifically, we sample the candidate state s from the of-
fline dataset D as the condition state s;. By combining
the state s, with the manually selected return signal R(7)
into the y(7), we can leverage the pre-trained bidirectional
diffusion model 6 to generate two distinct trajectories: a
forward-future trajectory xg (1) originates from s;, and a
backward-history trajectory x4(7) concludes at s;. Since s;
is both the start state of x{; (7) and the end state of x}(7), we
can directly stitch them to construct the bidirectional state
trajectory 7 (s;). Formally, let xo(7)[¢ : j] denote the obser-
vation slice from time ¢ to time j, the stitched bidirectional
state trajectory 74(s;) can be formulated as:

(1) = {xg(T)[o:H—l],st,xg(T)u:H]}

= {St—H-‘rl) oty St—1, Sty St41, a3t+H—1}7

(&)

where H is the horizon, and §; is the diffusion generated
states at MDP timestep <. By conditioning on and concate-
nating at the intermediate anchor state s;, we construct a
state trajectory, 7(s;), that connects 8;— 41 and ;4 1.
This process enables the connection of states that may be
disconnected in the original dataset, thereby substantially
enriching the diversity of observed behavioral patterns.

4.2.2. BIDIRECTIONAL TRAJECTORY COMPLETION

In this completion process, the generated bidirectional state
trajectories 75 (s;) are further completed by adding the ac-
tion and reward signal. We introduce the Inverse Dynamics
Model (IDM): fy (¢, S¢41) : S x & — A and the Reward
Model (RM): r4(s¢,a;) : S x A — R. The supervised

training objective of the two models is:

5(1/% ¢) = E(Staatyrtyst,ﬁ-l)’\/p H fw(st? st+1) — a ||2
+ [Ir(sesa) = e * |- (6)

Thus, by feeding the generated state trajectory 7(s;)
to the trained IDM and RM sequentially, we ob-
tain the completed bidirectional trajectory : 7(s;) =
{(éi,(fliﬂ?'i, §i+1)}§:£;12+1, where d1 = f¢('§“ §1‘+1) and
7;i = re(5;,4;). Therefore, we can obtain a generated
dataset D = {#(s;,)} N, with N generated trajectories.

4.2.3. BIDIRECTIONAL TRAJECTORY FILTER

To ensure dataset quality, we employ a two-stage filtering
mechanism that removes both out-of-distribution and sub-
optimal trajectories. This selective process preserves the
reliability of the augmented data without sacrificing diver-
sity. In BiTrajDiff, the trajectory filter comprises an OOD
trajectory filter and a greedy trajectory filter.

OOD Trajectory Filter. We model the OOD trajectory
filter as a novelty detection model (Pimentel et al., 2014),
which addresses the identification of data instances that ex-
hibit a significant deviation from the offline training dataset.
And we utilize the Isolation Forest model (Liu et al., 2008)
for OOD transition detection, which assigns an anomaly
score to each data instance, reflecting its susceptibility to
isolation with shorter path lengths in randomly partitioned
trees. Specifically, we construct the isolation forest on the
original dataset D, which is able to give each observation
§; an anomaly score d(8;). We defined the OOD score of
a generated trajectory d(7) = Zfif_}fH d(8;). Then we
sort D by d(7) and retain the top-Clq trajectories with the
smallest values, where Cooq is @ hyperparameter.

Greedy Trajectory Filter. The greedy trajectory filter
selects the generated trajectories with the highest cumu-
lative reward. Specifically, we sort the Cyq trajectories
retained from OOD trajectory filter by the sum reward
R(7) = Zfifi }{2 1 i The top-Creedy trajectories with
the highest sum rewards are picked as the final generated
trajectories dataset D for offline RL training.

In summary, BiTrajDiff operates in two key stages. Initially,
it trains a bidirectional diffusion model to capture the distri-
butions of forward-future and backward-history trajectories.
Subsequently, BiTrajDiff generates bidirectional trajectories
conditioned on anchor states sampled from D. These gen-
erated sequences undergo further completion and filtering
to create a high-fidelity augmented dataset D, which is then
mixed with D to train downstream offline RL algorithms.
We adopt CleanDiffuser (Dong et al., 2024) as the backbone
for BiTrajDiff, owing to its generality and robustness. The
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Table 1. Performance of our BiTrajDiff and baselines on the locomotion tasks. = corresponds to the standard deviation of the performance
on 5 random seeds. The best and the second-best results of each setting are marked as bold and underline, respectively. Detailed reports

about CQL and DT are reported in Appendix C.

| IQL (Kostrikov et al., 2021)

| TD3BC (Fujimoto & Gu, 2021)

Source Task

| Base RTDiff Synther DiffStitch| Ours | Base RTDiff Synther DiffStitch| Ours

halfcheetah | 48.2+02 48.9+02 49.2+02 48.6+02 | 48.6+02 | 48.4+02 49.4+02 49.7+04 50.1+06 | 50.3+0.4
medium  hopper | 67.0+1.9 62.0+24 61.1+27 65.5+47 | 81.1+50 | 60.4+37 62.6+51 61.2+61 67.9+37 | 79.0+35
walker2d | 77.6+53 82.7+40 85.8+07 79.8+18 | 86.7+1.7 | 82.0+27 85.4+11 83.4+20 85.5+07 | 86.7+1.0

medium halfcheetah| 90.1+44 92.0+3.1 86.6462 90.3480 | 95.3+0.1 | 92.3+51 93.9+21 95.5+08 95.9+07 | 96.3+0.4
expert hopper |105.4+63 110.5+05 111.2+07 108.6+12 |110.9+0.6] 94.2+11.1 106.8+7.0 106.2+6.7 97.5+9.9 [109.0+5.1
xp walker2d [112.4+04 111.9405 112.1+06 111.2+03 [112.5+05]109.34+0.2 109.6+04 109.4+00 109.6+05 |110.2+03
medium halfcheetah | 43.5+02 43.7+08 46.2+03  43.6:0: | 44.1+02 | 44.1+01 44.0x03 44.5+06 45.1+05 | 45.0+06
repla hopper | 94.7+40 97.7+27 100.6+04 96.4+56 [102.8+06] 64.4+89 72.1+189 76.4+30 7T1.5+210 |85.0+103
Py walker2d | 73.3+75 74.0452 86.7+1.1 74.9+8> | 87.6:22 | 80.9+60 83.5+74 81.1450 80.5+52 | 89.9+14

Average | 79.1 80.4 82.2 79.9 855 | 751 78.6 78.6 78.2 \ 83.5
Table 2. Performance of our BiTrajDiff and baselines on the navigation and manipulation tasks.
Task | IQL (Kostrikov et al., 2021) | TD3BC (Fujimoto & Gu, 2021)

| Base RTDiff Synther DiffStitch| Ours | Base RTDiff Synther DiffStitch| Ours

maze2d-umaze 56.04+6.1 53.1+22 51.9+48 52.1+59 | 62.3+27 |38.1+102 43.1+64 40.3+100 42.5+83 | 45.3+3.1
maze2d-medium 41.2+29 50.849.6 66.9+169 46.4+102 |72.2+148]30.2+163 36.3+99 34.8+142 34.7+30 | 45.7+76
maze2d-large 67.9+42 T43+52 709+25 64.2+6.1 | 71.3+23 195.3+227 102.8+89 100.6+343 106.1+11.4 |129.3+26.0
antmaze-umaze-diverse | 53.0+47 61.6+57 55.4+142 554454 | 63.4+79 | 43.2474 458+44 45.0+103 49.4+48 | 47.0+2.1
antmaze-medium-diverse | 71.2+50 73.2+88 81.2+64 69.2+172 | 86.2+58 | 0.0+00 0.0400  6.4+59 0.0+0.0 4.8+17
antmaze-large-diverse | 18.0+8.4 53.2+95 57.8+64 12.8+152 | 63.0+93 | 0.0+00 0.0+00  0.4+05 0.0+0.0 1.2+09

Maze Average | 512 61.0 64.0 50.0 \ 69.7 | 345 38.0 37.9 38.8 \ 45.6
kitchen-complete 43.3+160 51.9+74 42.8+164 38.3+89 |59.1+123] 0.1+01 0.8+05  0.1x02 0.5+0.7 1.5+10
kitchen-partial 68.0+5.1 69.8+29 70.3+28 62.9+94 | 69.7+18 ] 11.8+97 8.9+70 109+18 13.0+93 | 13.0+59
kitchen-mixed 60.7+25 64.4+61 62.6+27 63.4+52 [ 62.9+49 | 8.7+51  7.7+07 10.7+50  6.0+47 | 30.9+126

Kitchen Average | 573 62.0 58.6 54.9 \ 639 | 69 5.8 7.2 6.5 \ 15.1

pseudocode of BiTrajDiff is presented in Appendix A.

5. Experiments

To demonstrate the effectiveness of the proposed BiTrajD-
iff, we conduct experiments on the D4RL benchmark (Fu
et al., 2020). Our evaluation seeks to answer the follow-
ing questions: (1) Does BiTrajDiff outperform existing DA
methods across various offline RL algorithms? (Section 5.2
and Appendix C) (2) How do different components of Bi-
TrajDiff affect the offline RL performance? (Section 5.3
and Appendix E-G) (3) Can BiTrajDiff find the potentially
valuable state leading to high return more effectively than
other DA baselines? (Section 5.4 and Appendix H) (4) Can
BiTrajDiff generate more diverse trajectories compared to
single-direction DA approaches? (Section 5.5)

5.1. Experiment Settings

We evaluate our approach on the D4RL benchmark (Fu et al.,
2020). We compare BiTrajDiff with three classical DA meth-
ods: Synther (Lu et al., 2023), DiffStitch (Li et al., 2024)
and RTDiff (Yang & Wang, 2025). We select four represen-

tative offline RL algorithms as baselines: IQL (Kostrikov
et al., 2021), TD3BC (Fujimoto & Gu, 2021), CQL (Kumar
et al., 2020), and DT (Chen et al., 2021). These methods
have been widely adopted as standard baselines in offline
RL due to their stable performance. The hyperparameter
setting can be viewed in Appendix B.2.

5.2. Main Results

Results for Locomotion Tasks. The experimental results
on D4RL locomotion tasks are summarized in Table 1. Our
proposed BiTrajDiff demonstrates consistent superiority in
various task settings. Meanwhile, results on CQL and DT,
presented in Appendix C, exhibit a similar phenomenon.
These consistent gains across the offline RL algorithms
underscore the effectiveness of BiTrajDiff.

Results for Maze and Franka Kitchen Tasks. Table 2
reports the experimental results on the D4RL Maze and
Franka Kitchen tasks. BiTrajDiff achieves the highest av-
erage return under both the IQL and TD3BC algorithms.
Since the Maze and Franka Kitchen tasks are sparse-reward
settings, which are typically detrimental to RL training, the
availability of high-quality data is particularly critical. Bi-
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Figure 3. Performance improvement comparison of offline RL algorithms augmented with single- and bi-directional diffusion trajectories.

The task abbreviations are listed in Table S1.

TrajDiff tackles this challenge by enhancing data diversity
quality, yielding superior and more stable performance.

5.3. Ablation Analysis

Ablation Study of the Direction of Diffusion Generation.

To confirm the effectiveness of our bidirectional generation
paradigm, we compare the performance improvement with
the augmented diffusion trajectories generated in a single
direction and in a bidirectional way, as shown in Figure 3.
While the forward method yields moderate improvements,
it is consistently outperformed because it neglects the histor-
ical transitions leading to critical, high-reward states. Con-
versely, the backward method achieves substantial gains by
exploring trajectories toward a predefined initial state, thus
mitigating the overestimation risk associated with unknown
states (Yang & Wang, 2025). Finally, demonstrating consis-
tently superior and robust performance, our bi-directional
framework, BiTrajDiff, empirically validates that by simul-
taneously synthesizing forward-future and backward-history
trajectories, BiTrajDiff constructs novel, high-quality paths
absent from the original dataset.

Ablation Study of Trajectory Filters. We compare the
IQL and TD3BC training process augmented by BiTrajDiff
datasets with different trajectory filter strategies. The learn-
ing curves are presented in Figure 4. Without any filters, the
training process is highly volatile, as unfiltered, potentially
OOD trajectories introduce suboptimal or even illegal states
and cause erratic policy updates. In contrast, applying the
OOD filter substantially stabilizes the training process by
constraining synthetic data to a plausible behavioral space,
yet this configuration consistently underperforms the full Bi-
TrajDiff model. This is because the greedy filter selectively
retains trajectories that yield higher returns, thereby actively
guiding the policy toward good behaviors and facilitating
the discovery of better behavior patterns.

Ablation Study of Augmented Data Ratio. We investigate
the balance between original and augmented data by varying
the ratio o of augmented to original data, with the results

presented in Figure 5. When o is too low, performance
improvements remain limited across the tested algorithms,
illustrating that a limited amount of augmented data is not
enough to provide offline RL algorithms with new behav-
ior patterns. Conversely, increasing the ratio to a range
of 30% ~ 50% leads to a substantial performance boost
and stability. However, when the ratio is increased to 100%,
the performance becomes highly unstable, which suggests
that the excessive noise introduced by an overabundance
of synthetic data hinders offline RL algorithms from learn-
ing effectively. Finally, we select o = 30% as the fixed
hyperparameter due to its stable performance improvement.

5.4. Effectiveness under n-step TD Estimator

We employ the n-step TD estimator to update the critic
networks in IQL and TD3BC under the original dataset
and the DA-augmented data, and further compare perfor-
mance across different values of n as shown in Figure 6.
The n-step TD estimator (De Asis et al., 2018) enables the
discovery of high-return solutions by looking ahead from
more distant states, making performance improvement a
natural indicator of the quality of DA-generated datasets.
As shown in Figure 6, all three DA methods consistently
outperform the base method, suggesting that the generated
trajectories effectively uncover more rewarding states. How-
ever, as n increases, the performance inevitably declines
due to the growing variance in value estimation. Mean-
while, for DA methods, this effect is compounded by the
accumulated mismatching errors introduced by the inverse
dynamics model, which negatively impact TD estimation.
In particular, our method consistently achieves the highest
performance across all tested settings and maintains its ad-
vantage over RTDiff and Diffstitch as the n-step horizon
increases. These results verify the effectiveness of BiTra-
jDiff for offline RL algorithms under n-step TD estimator.
By stitching forward-future and backward-history trajecto-
ries, BiTrajDiff obtains a superior capability to synthesize
high-quality trajectories compared to existing DA methods.
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5.5. Visualization

To evaluate the accuracy and diversity robustness of the
BiTrajDiff framework, we compare its generated trajecto-
ries with those produced by single-direction forward and
backward diffusion models. Following Lu et al. (2023),
we employ two quantitative metrics to assess a generated
trajectory 7: (1) Dynamic Error: Epyn(7) = >, [|8¢41 —
s¢+1/|%, which measures trajectory accuracy by summing
the mean squared error between the predicted next states
$¢+1 and the ground truth s;11; (2) L2 Distance: &1 ,p(7) =
min-ep Y, |5 — s¢||2, defined as the minimal L2 distance
between the generated trajectory and any trajectory of equal
length in D, capturing trajectory diversity. As shown in Fig-
ure 7, while forward and backward diffusion models achieve
low Epyn, they exhibit limited & op, indicating that the gen-
erated trajectories closely resemble those in the original
dataset and thus offer limited performance gains. In con-
trast, trajectories generated by BiTrajDiff demonstrate sig-
nificantly broader marginal distributions in & ;p while main-
taining competitive Epyn, reflecting enhanced behavioral
diversity without sacrificing dynamic consistency. These
results highlight the ability of BiTrajDiff to generate be-
haviorally diverse trajectories while preserving accuracy,
effectively balancing exploration and reliability.
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Figure 4. Learning curves of BiTrajDiff with different trajectory filter strategies. Detailed results are reported in Appendix F.
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Figure 6. Comparisons of different methods under varying n-step
TD estimators. Detailed results are reported in Appendix H.

6. Conclusion

In this paper, we present BiTrajDiff, a novel diffusion-based
framework that enhances offline RL by enabling bidirec-
tional trajectory generation from shared intermediate an-
chor states. Unlike conventional single rollout paradigms,
which model forward or backward trajectories from ob-
served states, BiTrajDiff generates both forward-future and
backward-history trajectories, conditioned on shared inter-
mediate anchor states, effectively bridging previously dis-
connected behavior patterns in the state space. This leads
to significantly more diverse and effective trajectories, im-
proving offline RL performance beyond the capability of
other DA frameworks. Extensive experiments on the D4RL
benchmark also demonstrate that BiTrajDiff significantly
outperforms existing data augmentation baselines across
diverse offline RL algorithms. Future work will explore
bidirectional generation for offline RL under multi-task set-
tings with broader behavioral patterns.

Impact Statement

This paper presents work whose goal is to advance the field
of offline reinforcement learning. There are many potential
societal consequences of our work, none of which we feel
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A. Pseudocode
The pseudocode of our BiTrajDiff method is provided in Algorithm 1.

Algorithm 1 Bidirectional Trajectory Diffusion (BiTrajDiff) data augmentation pipeline.

Input: dataset D, ratio o, horizon H, target return-to-go R’ and R?, filter number C,oq and Clreedy-
Initialize: Forward and backward diffusion denoise network €ys and egs, inverse dynamics model f;, reward network rg,
and the augmented dataset Dy, = ()

> BiTrajDiff Model Training

Train the forward and backward trajectory diffusion model €455 and €4» with D according to Eq. 4.

Train the inverse dynamics model f,, and reward model r4 with D according to Eq. 6

> BiTrajDiff Data Generation

While |Dy,| < 0 *|D| do

Sample random batch of states B = {s,} ~ D.
Generate x(’; (7) = {84, 8t41, -+ , 8¢+ 1} With egs conditioned on s; and R/.
Generate x5(7) = {84—m+1, -+ , 811, 8} with €g conditioned on s, and R°.

Construct the bidirectional state trajectory 7, (s;) with x3(7) and X'(); (1) according to Eq. 5.

Compute the action ; and reward ; signal with 75(s;) by fy and 7.

Obtain the generated trajectory set D containing 7(s;) = {(8;, a;, 74, §i41) :J:rfi ;{2 41

Filter the Top-Cioq trajectories with smallest d(7) from D
Filter the Top-Cgreeqy trajectories as batch D with largest R(7) from the Top-Cooq trajectories.
Add the final generated batch into the augmented dataset: Dy, = Dg, |J D

End while

B. Experiments Details
B.1. Task Abbreviations and Task Versions

For improved readability and conciseness, we use abbreviations for the locomotion tasks throughout the main text, with the
corresponding definitions provided in Table S1.

B.2. Implementation Details
B.2.1. BITRAJDIFF IMPLEMENTATION

In this section, we provide the implementation details of our experiments. We conducted our experiments on a cluster
of 4 A100 GPUs. The source code will be made publicly available upon the publication of this paper. Our BiTrajDiff is
implemented based on CleanDiffuser (Dong et al., 2024), a popular modularized library for diffusion models in decision
making. We represent the noise model €y with the 1D DiT backbone (Peebles & Xie, 2022), consisting 2 transformer
blocks with adaptive layer normalization. Each block contains a multi-head self-attention layer followed by a feed-forward
MLP. The diffusion timestep embeddings are first encoded via Fourier features and then projected through a two-layer
MLP network with 128 hidden units. Similarly, the condition inputs are encoded by a two-layer MLP network with 128

Table S1. Abbreviations of the corresponding locomotion tasks and datasets.

Dataset halfcheetah | walker2d | hopper

medium hc-m w-m h-m
medium-replay hc-m-r W-m-1r h-m-r
medium-expert hc-m-e w-m-e h-m-e
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Table S2. Test returns of our proposed BiTrajDiff and baselines on the Gym tasks. 4 corresponds to the standard deviation of the
performance on 5 random seeds. The best and the second-best results of each setting are marked as bold and underline, respectively.

| CQL (Kumar et al., 2020) | DT (Chen et al., 2021)
| Base RTDiff Synther DiffStitch| Ours | Base RTDiff Synther DiffStitch| Ours

halfcheetah | 47.4+02 47.8+16 48.3+04 48.0+02 | 48.7+03 | 42.7+05 42.6+25 42.7+01 42.84+04 | 43.3+02
medium walker2d | 82.6+10 83.5+17 83.4+05 82.4+45 | 84.2+05 | 69.6+11.0 71.6+102 74.8+43 T72.3+94 | 77.8+40
hopper 68.8+41 70.9+37 75.5+84 69.7+58 | 80.9+34 | 56.0+19 56.6+51 58.1+24 58.4+24 | 57.8+22

halfcheetah| 87.2+46 90.0+29 92.2435 91.4+50 | 94.1+1.1 | 70.9+123 72.3+70 80.4+98 76.9+127 | 83.5+63
walker2d ]110.2+06 110.1+08 110.1+04 109.4+36 |110.4+04]104.6+69 101.2+1.8 105.7+3.5 104.0+8.6 |106.3+6.0
hopper |103.5+8.1 102.2+32 103.2+102 105.3+7.8 |105.7+5.8] 107.5+3.4 109.6+13 109.2+05 108.8+4.8 |110.1+1.9

halfcheetah | 45.9+02 45.6+04 47.4+06 45.1+04 | 45.8+03 | 38.8424 39.1+41 39.3+13 38.9+26 | 39.5+038
repla walker2d | 82.1+18 84.4+32 84.8+t06 82.4+18 | 84.8+15 | 52.1+55 53.8+24 56.1+52 54.6+75 | 58.2+6.1
play hopper | 95.7+25 959+71 96.1+12  98.2+68 [100.3+13] 67.3+£89 70.2+106 69.0+162 68.1+19.7 | 69.6+13.1

Average | 804 81.2 82.3 813 | 839 | 6717 68.6 70.6 694 | 718

Source Task

medium
expert

hidden units. For the sampling process, we follow the CleanDiffuser reimplementation of Decision Diffuser (Ajay et al.,
2022), employing the VP-SDE (Song et al., 2020) formulation with 20 diffusion steps for sampling. Meanwhile, the inverse
dynamics and rewards model are both represented by a two-layer MLP network with 512 hidden units, respectively. During
BiTrajDiff training, we employ an Adam optimizer with a learning rate of 2e — 4 for all networks, using a batch size of 64
and performing 1e6 gradient steps in total. The default trajectory horizon H for both training and generation is set to 5. The
ratio o of the augmented dataset is 30%. During our BiTrajDiff data augmentation pipeline, the batch size is set to 512,
while the filter number Cooq is 256 and Clecdy is 64. As for the target return-to-go RY and R?, we set them to be equal in
our BiTrajDiff conditional generation. Each task is assigned its own target return, and in our experiments we directly adopt
the corresponding hyperparameters from the CleanDiffuser reimplementation of Decision Diffuser (Ajay et al., 2022).

B.2.2. OFFLINE RL ALGORITHM IMPLEMENTATION

In our experiments, we evaluate BiTrajDiff against four offline RL algorithms: IQL, TD3BC, CQL, and DT. To enable effi-
cient and large-scale evaluation, we conduct all offline RL experiments using the JAX-based library JAX-CORL (Nishimori,
2024). For fairness, we report re-run results on JAX-CORL with initial datasets as baseline performance, rather
than the scores reported in the original papers, to account for discrepancies across codebases. Meanwhile, for each
offline RL algorithm, we ensure that the hyperparameters are configured consistently with those reported in the respective
original papers.

C. Experimental results on CQL and DT

Results for Locomotion Tasks. The results on D4RL locomotion tasks are shown in Table S2. BiTrajDiff achieves the
highest average returns in all of the environments under both CQL and DT baselines, with improvements of 4.4% and 6.1%,
respectively. At the same time, BiTrajDiff maintains high stability across all locomotion tasks, substantially exceeding other
tested DA methods. These results highlight the effectiveness of BiTrajDiff.

Results for Maze and Franka Kitchen Tasks. Table S3 shows the experimental results on the D4ARL Maze and Franka
Kitchen tasks. BiTrajDiff acquires the highest average return across all tested tasks of sparse reward scenarios under both
CQL and DT baselines. Meanwhile, BiTrajDiff maintains higher stability in performance improvements across all the
settings than other DA methods like RTDiff. This observation confirms that BiTrajDiff can synthesize novel and high-quality
long-horizon trajectories by stitching forward-future and backward-history paths to address the challenge of the availability
of high-quality data under sparse-reward settings. This result underlines the efficacy and applicability of BiTrajDiff in
enhancing data diversity and quality.
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Table S3. Test returns of our proposed BiTrajDiff and baselines on Maze and Franka Kitchen tasks.

Task | CQL (Kumar et al., 2020) | DT (Chen et al., 2021)
| Base RTDiff Synther DiffStitch| Ours | Base RTDiff Synther DiffStitch| Ours
maze2d-umaze 45+11 11.3+83 2.5+46  2.3+14 | 18.6+94 |24.9+106 29.8+145 31.4495 22.9+27 | 36.1+87
maze2d-medium 84.4+245 87.7+232 90.5+107 72.9+168 |95.8+174] 16.6+22 18.8+27 24.7+31 19.3+16 | 26.6+4.0
maze2d-large 34.3+255 38.9+207 45.3+142 65.2+725 |48.3+28.7|22.3+125 24.9+49 24.2+67 24.4+73 | 28.5+44

antmaze-umaze-diverse | 31.6+84 40.6+90 42.4+68 39.2+93 | 48.8+4.4 | 42.0+49 46.4+16.7 44.8+112 42.6+47 | 47.8+29
antmaze-medium-diverse | 57.2+162 60.4+128 62.6+98 63.6+126 |73.2+116] 0.0+00 0.2+04 0.0400  0.0+00 | 0.4+05
antmaze-large-diverse 8.0+73  5.3+12 12.6+109 2.6+37 [16.0+102] 0.0+00 0.0+00 0.0+00  0.8+07 | 0.0+0.0

Maze Mean | 367 40.7 42.7 410 | 501 | 176 20.0 20.8 183 | 232
kitchen-complete 7.8+119 15.2+93 8.4+61  10.5+53 | 13.8474 |61. 7146 61.3+80 62.3+86 63.4+11.7 | 67.9+638
kitchen-partial 21.1x25 25.8+3.1 232473 193167 | 24.9+47 |21.6£11.1 222475 21.8+75 29.2+58 |33.5+189
kitchen-mixed 162464 19.1+12 19.3+57 12.0+96 | 21.5+79 |22.5+165 23.7+147 31.6+148 24.7+104 |37.0+117
Kitchen Mean | 15.0 20.0 17.0 139 | 201 | 353 35.7 38.6 39.1 | 46.1

Table S4. Offline RL performance comparison under our proposed BiTrajDiff and baselines on selected single-task OGBench tasks.

Task | IQL (Kostrikov et al., 2021) | FQL (Park et al., 2025b)
|Base ASTRO DiffStitch Synther SSD | Ours |Base ASTRO DiffStitch Synther SSD |Ours
antmaze-large-stitch-singletask-task 1 262 51.7 35.0 31.1  53+7|64+10]29.2 573 33.1 28.7  75+22|79+13
humanoidmaze-medium-stitch-singletask-task1 ] 29.7  31.4 28.3 31.2  33+11|38+7|17.5 30.0 22.6 15.9 43+16|47+18
cube-single-play-singletask-task|1 81.5 89.2 79.0 824 82+7|87+5]|88.0 929 89.6 87.3 9344|9844
Average |45.8 574 474 482 56.0|63.0 449 60.1 48.4 440 703 | 74.7

Table S5. Goal-conditioned offline RL performance comparison under our proposed BiTrajDiff and baselines on OGBench tasks.

| GCIQL (Kostrikov et al., 2021) | CRL (Kumar et al., 2020)
|Base Synther SCoTS CD |Ours|Base Synther SCoTS CD |Ours

Task

antmaze-medium-stitch-vO | 29+6  31+3 35+2 34+4|38+2|53+6 48+3 65+3 61+4| 68+9
antmaze-large-stitch-v0 T+2 344 T+1 743 | 8+4 |11x2 1242 1941 17+2| 19+2
antmaze-medium-explore-vO | 13+2 1243 1843 1745|1944 3+2 341 1543 11+2| 1442
Average |163 153 20.0 19.3 \ 21,7223 210 33.0 29.7\ 33.7

D. Experimental results on OGBench

To evaluate the stitching and compositional connectivity recovery ability of the proposed BiTrajDiff method, we further
conduct comparison experiments on OGBench (Park et al., 2025a), where the compared baselines include the single-direction
method Synther (Lu et al., 2023) and stitching methods DiffStitch (Li et al., 2024), ASTRO (Yu et al., 2025), SSD (Kim
et al., 2024), SCoTS (Lee & Choi, 2026), and CD (Luo et al., 2026), and the results in Table S4 and Table S5 demonstrate
the superiority of BiTrajDiff over existing DA methods on both offline RL and goal-conditioned offline RL algorithms,
verifying that the proposed bidirectional generation mechanism effectively recovers missing trajectory-level connectivity.

E. Experimental results with the direction of diffusion generation

We conduct experiments with different augmented diffusion trajectories generated in single-directional and bi-directional.
Table S6 shows the test returns of the IQL and TD3BC algorithms. For CQL and DT algorithms, the quantitative results are
reported in Table S7. The algorithms were evaluated on DARL locomotion tasks with augmented trajectories generated in
single-direction and bi-directional. Compared to the base method, the forward method offers only modest gains and is at
times even detrimental to performance. Conversely, the backward method generally outperforms the base method across
most tasks, achieving substantial gains. Finally, our bi-directional approach, BiTrajDiff, consistently exhibits superior and
robust performance. Our BiTrajDiff enables global connectivity between originally unreachable states from the original
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Table S6. Test returns of our proposed BiTrajDiff with augmented single- and bi-directional diffusion generated trajectories on IQL and
TD3BC algorithms under D4RL locomotion tasks.

IQL (Kostrikov et al., 2021)

TD3BC (Fujimoto & Gu, 2021)

Source Task
| Base Forward Backward Ours | Base Forward Backward Ours
halfcheetah | 48.2+02 47.3+038 48.4+05 48.6+02 | 48.4+02 50.0+03 50.8+0.7 50.3+04
medium  walker2d 77.6+£53  79.1+49 83.7+26 86.7+17 | 82.0+27 81.7+07 84.6+04 86.7+10
hopper 67.0£19  70.2+76  75.8+48  81.1+s50 | 60.4+37 652467 80.3+48  79.0+35
medium halfcheetah | 90.1+44  92.5+12 94.2+0.1 95.3+0.1 923451 94.7+19 95.3+09 96.3+04
expert walker2d | 112.4+04 109.7+16 112.5+04 112.5+05 ] 109.3+02 109.1+05 110.0+04 110.2+03
P hopper 1054463 1023470 109.1+52 1109406 | 94.2+11.1  88.7+55  108.4+25 109.0+5.1
medium halfcheetah | 43.5+t02 42.5+038 43.7+0.1 44.1+02 | 44.1+010 44.4+03 45.1+05 45.0+06
repla walker2d 73.3+75  79.44+50 82.2+29 87.6+22 | 809460 87.2+24 85.8+49 89.9+14
play hopper 94.7+40 97.2+30  89.6+31  102.8+06 | 64.4+89 83.5+129  83.8+97  85.0+103
Average | 79.1 80.0 82.1 85.5 | 75.1 78.3 82.7 83.5

Table S7. Test returns of our proposed BiTrajDiff with augmented single- and bi-directional diffusion generated trajectories on CQL and
DT algorithms under D4RL locomotion tasks.

Source Task | CQL (Kumar et al., 2020) | DT (Chen et al., 2021)
| Base Forward Backward Ours | Base Forward Backward Ours
halfcheetah | 47.4+02  47.5+02 48.9+0.4 48.7+03 | 42.7+05 42.7+02 43.0+03 43.3+02
medium  walker2d 82.6+10  80.9+27 83.8+0.7 84.2+05 | 69.6x110 74.6+36 76.1+35 77.8+4.0
hopper 68.8+4.1  71.6+149  75.2+95  80.9+34 | 56.0+19 56.6+56  56.9+57  57.8+22
medium halfcheetah | 87.2+46  88.0+3.9 92.6+22 94.1+1.1 | 70.8+123  74.3+47 64.7+44 83.5+63
expert walker2d | 110.2+06 110.5+06 109.5+07 110.4+04 | 104.6+69 105.1+51 104.9+48 106.3+6.0
p hopper 103.5+8.1 102.7+139 102.5+78 105.7+58 | 107.5+34 108.3£33 109.8+24 110.1+1.9
medium halfcheetah | 45.9+02  45.9+05 46.2+04 458403 | 38.8+24 36.4+29 39.3+05 39.5+08
repla walker2d 82.1+18  82.9+06 84.4+2.1 84.8+15 | 52.1+55 58.6+100 54.9+42 58.2+6.1
play hopper 95.7+25  97.9+6.1 93.8453  100.3+13 | 67.3+89 62.1+130 68.4+172  69.6+13.1
Average | 80.4 80.9 81.9 83.9 | 67.7 68.7 68.7 71.8

Table S8. Test results of BiTrajDiff with data from different variants related to trajectory filters. OOD indicates the OOD filter, and G
represents the greedy filter.

Source  Task | IQL (Kostrikov et al., 2021) | TD3BC (Fujimoto & Gu, 2021)
wG, wOOD, wG, wOOD,
Base None w/o OOD w/o G Ours Base None w/o OOD w/o G Ours
medium walker2d|73.3+7.5 78.5+102 83.9+45 80.1+7.0| 87.6+2.2 |80.9+6.0 77.2+24.4 77.5+269 82.5+8.0|89.9+14
replay hopper |94.7+4.0 93.6+120 91.6+82 96.3+35|102.8+0.6]64.4+89 69.0+192 75.0+17.0 74.6+23.6/85.0+10.3

dataset and thus constructs novel and high-quality augmented trajectories.

F. Experimental results with trajectory filters

We illustrate the necessity of integrating both OOD and greedy filters in our full BiTrajDiff model. While Figure 4 presents
the learning curves, Table S8 directly compares the performance on walker2d-medium-replay and hopper-medium-replay
tasks under different filter settings. Without any filters, the performance is comparable to, and in some cases inferior
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Table S9. Performance comparison of BiTrajDiff with different augmented data ratios ¢ in the walker2d-medium-replay task. The best
result for each offline RL algorithm is marked as bold.

Ratio | IQL TD3BC CQL

0% 73.3+75 80.9+6.0 82.1+18
10% 78.7+2.4 82.0+5.5 84.0+3.1
20% 84.2+13 87.5+1.0 83.942.0
30% 87.6+22 89.9+1.4 84.8+15
40% 88.7+45 86.7+2.9 84.7+2.1
50% 81.6+5.6 86.4+2.7 86.3+2.1
100% 84.5+102 86.7+2.4 83.9+33

Table S10. Test returns of our proposed BiTrajDiff and baselines with varying length of n-step TD estimator (n) on walker2d-medium-
replay task.

Length of n-step | IQL (Kostrikov et al., 2021) | TD3BC (Fujimoto & Gu, 2021)

TD Estimator(n) | base RTDiff diff stitch ours | base RTDiff diff stitch ours
n=2 73.3+75 T74.0+52 749482 87.6+22 | 80.9+60 83.5+74  80.5+52 89.9+14
n==>5 71.7+124 T76.4+166 79.8424  86.7+09 | 80.3+120 88.6+36 87.7+40 87.3+13
n =10 69.5+135 73.1+127 714499 T79.5+23 | 81.5+76 79.6+127 81.3+51 87.5+34
n =15 72.7+114 67.2+148 69.7460 77.9+62 | 75.1+99 80.6+138 79.1+97 83.9+47

Table S11. Test returns of our proposed BiTrajDiff and baselines with varying length of n-step TD estimator (n) on hopper-medium-replay
task.

Length of n-step | IQL (Kostrikov et al., 2021) | TD3BC (Fujimoto & Gu, 2021)

TD Estimator(n) | =y e RTDiff diffstith ours | base  RIDff diffstitch ours
n =2 94.7+40 97.7+27 96.4+56 102.8+06 | 64.4+89 72.1+189 71.5+210 85.0+103
n=>5 90.5+19 94.7+54  99.9+63 98.7+64 | 67.0+266 75.3+148 67.7+210 89.7+12.6
n =10 94.5+98 97.0+20 93.3+91  100.0+13 | 62.7+255 66.6+156 63.3+257 83.5+135
n =15 82.0+269 93.3+9.1  88.4+95  99.5+68 | 65.0+260 64.8+257 39.6+172 T71.3+143

to, that of the base method on both the IQL and TD3BC algorithms. When applying the greedy filter in isolation, the
performance improvement is noticeable but marred by volatility. In contrast, using the OOD filter alone yields a more
stable and substantial performance enhancement. Nevertheless, our full BiTrajDiff model, which integrates both filters,
consistently outperforms all other configurations across the tested settings, indicating the necessity of both OOD and greedy
filters.

G. Experimental results with augmented data ratio o

In this section, we conduct experiments to assess the impact of the augmented data ratio . As shown in Table S9, when the
ratio o is too low, which is between 0% ~ 20%, performance improvements remain consistently constrained. Conversely,
while an augmentation ratio o between 30% and 50% already provides a substantial and stable performance improvement,
increasing o to 100% compromises this stability, indicating a decline in the performance. This result demonstrates that both
the limited and overabundant synthetic data have detrimental effects on the performance of BiTrajDiff, since the limited data
is not enough to provide offline RL algorithms with new behavior patterns, and overabundant data introduces excessive
noise, which hinders offline RL algorithms from learning effectively, and an optimal trade-off is achieved with a 30% to
50% augmentation range. As a result, we choose o = 30% as the fixed hyperparameter for all our experiments.

H. Experimental results with n-step TD Estimator

In this section, we demonstrate the effectiveness of BiTrajDiff in Offline RL algorithms with varying lengths of the n-step
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TD estimators. As shown in Table S10 and Table S11, while RTDiff and diffsitch initially outperform the base method,
their performances exhibit a sharp decline, even being surpassed by the base method, as n increases. Conversely, our
proposed BiTrajDiff generally achieves the highest scores and consistently maintains its advantage as the n-step horizon
increases. Meanwhile, as described in Section 5.4, the performance of all tested methods degrades with an increasing n-step
horizon, which is attributed to the escalating variance in value estimation. Moreover, for DA methods, the accumulated
errors introduced by the inverse dynamics model should also be considered. In contrast, BiTrajDiff alleviates these issues by
synthesizing novel, high-quality long-horizon trajectories, thereby achieving a more stable and consistent performance. This
result demonstrates that by stitching forward-future and backward-history trajectories, BiTrajDiff synthesizes higher-quality
and more reliable trajectories than existing DA methods.
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