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Abstract

Recently, a state-of-the-art series of algorithms—Goal-
Conditioned Weighted Supervised Learning (GCWSL) meth-
ods—has been introduced to address the challenges inher-
ent in offline goal-conditioned reinforcement learning (RL).
GCWSL optimizes a lower bound on the goal-conditioned
RL objective and has demonstrated exceptional performance
across a range of goal-reaching tasks, offering a simple, ef-
fective, and stable solution. Nonetheless, researches has re-
vealed a critical limitation in GCWSL.: the absence of trajec-
tory stitching capabilities. In response, goal data augmenta-
tion strategies have been proposed to enhance these methods.
However, existing techniques often fail to effectively sample
appropriate augmented goals for GCWSL. In this paper, we
establish unified principles for goal data augmentation, em-
phasizing goal diversity, action optimality, and goal reach-
ability. Building on these principles, we propose a Model-
based Goal Data Augmentation (MGDA) approach, which
leverages a dynamics model to sample more appropriate aug-
mented goals. MGDA uniquely incorporates the local Lips-
chitz continuity assumption within the learned model to mit-
igate the effects of compounding errors. Empirical results
demonstrate that MGDA significantly improves the perfor-
mance of GCWSL methods on both state-based and vision-
based maze datasets, outperforming previous goal data aug-
mentation techniques in their ability to enhancing stitching
capabilities.

Introduction

Deep reinforcement learning (RL) empowers agents to attain
sophisticated objectives in complex and uncertain environ-
ments, such as computer games (Oroojlooyjadid et al. 2022;
Sestini, Bagdanov et al. 2023), robot control (Dargazany
2021; Quiroga et al. 2022; Plasencia-Salgueiro 2023), and
language processing (Akakzia et al. 2020; Sharifani and
Amini 2023). One of the central challenges in deep RL
is facilitating efficient learning in environments character-
ized by sparse rewards. This issue is particularly acute in
goal-conditioned RL (GCRL) (Kaelbling 1993; Schaul et al.
2015; Andrychowicz et al. 2017; Liu, Zhu, and Zhang 2022),
where the agent is tasked with learning generalized policies
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that can reach a variety of goals. Offline GCRL is espe-
cially promising because it allows for the learning of goal-
conditioned policies from purely offline datasets without
requiring any interaction with the environment during the
learning process (Levine et al. 2020). We note that some
goal-conditioned weighted supervised learning (GCWSL)
methods (Yang et al. 2022; Ma et al. 2022b; Hejna, Gao,
and Sadigh 2023; Sikchi et al. 2024) were proposed to tackle
the offline GCRL challenges. Compared with other goal-
conditioned RL or self-supervised (SL) methods (Yang et al.
2019; Srivastava et al. 2019; Chen, Paleja, and Gombolay
2020; Ding et al. 2019; Lynch et al. 2020; Paster, Mcllraith,
and Ba 2020; Eysenbach, Salakhutdinov, and Levine 2020;
Ghosh et al. 2021; Eysenbach et al. 2022), GCWSL has
demonstrated outstanding performance across various goal-
reaching tasks in a simple, effective, and stable manner.

Although GCWSL has been successfully applied to ef-
fectively learn from sparse rewards in certain goal-reaching
tasks within offline GCRL, some studies (Brandfonbrener
et al. 2022; Yang et al. 2023; Ghugare et al. 2024) indicate
that GCWSL may leads to sub-optimal policies when ap-
plied to the corresponding sub-trajectories of (state, goal)
pairs across different trajectories and identify this issue as
lacking of the ability to stitch trajectories. To tackle this
problem, (Yang et al. 2023) and (Ghugare et al. 2024) adopt
goal data augmentation to sample more (state, goal) pairs
during training phase. Goal data augmentation is an effective
data-driven approach that can generate diverse (state, goal)
pairs. Therefore, it can enable GCWSL methods to exhibit
stitching property, highlighting the strengths of supervised
learning (SL).

However, our analysis indicates that they often fail to se-
lect appropriate goals as augmented goals. This paper in-
vestigates this issue and proposes a more advanced goal
data augmentation method. Specifically, we establish three
goal data augmentation unified principles, grounded in both
the properties of data augmentation and the inherent char-
acteristics of GCWSL : Goal Diversity, Action Optimality,
and Goal Reachability. Goal Diversity implies that a sin-
gle initial state can correspond to multiple goals. Action
Optimality implies that the action corresponding to a ini-
tial state should remain optimal for reaching the augmented
goals. Goal Reachability ensures that the augmented goals
are reachable. Building on these principles, we propose



a model-based goal data augmentation (MGDA). MGDA
leverages a dynamics model to predict nearby states around
original goal, and then sample new augmented goals in the
trajectory of these states. To reduce the conformity error
caused by model prediction, we specifically employed the
local Lipschitz continuity assumption when learning the dy-
namics model from the dataset.
We briefly summarize our contributions:

e To the best of our knowledge, this work is the first
to establish a set of principles specifically designed to
enhance the stitching capabilities of GCWSL methods.
Moreover, these principles are broadly applicable and
can be extended to other goal-conditioned SL frame-
works.

We introduce a model-based data augmentation method
called MGDA, which leverages a learned environment
dynamics model grounded in the local Lipschitz conti-
nuity assumption. We demonstrate that MGDA not only
adheres to the established principles but also provides
theoretical guarantees for the accurate prediction of aug-
mented goal labels.

In experiments conducted on offline maze datasets
specifically designed to assess stitching capabilities, the
integration of MGDA into GCWSL has demonstrated su-
perior performance. Compared to other goal data aug-
mentation methods such as Swapped Goal Data Aug-
mentation (SGDA) (Yang et al. 2023) and Temproal
Goal Data Augmentation (TGDA) (Ghugare et al. 2024),
MGDA shows significant improvements when they are
all added to GCWSL. Our further analysis and ablation
studies highlight the crucial role played by the local Lip-
schitz continuity assumption in achieving these results.

Related Work

The Stitching Property. The concept of stitching, as dis-
cussed by (Ziebart et al. 2008), is a characteristic prop-
erty of temporal-difference (TD) learning algorithms such
as those described by (Mnih et al. 2013; Lillicrap et al.
2015; Fujimoto, Hoof, and Meger 2018; Kostrikov, Nair, and
Levine 2021), which employ dynamic programming tech-
niques. This property allows these algorithms to integrate
data from various trajectories, thereby enhancing their ef-
fectiveness in managing complex tasks by leveraging histor-
ical data (Cheikhi and Russo 2023). On the other hand, most
SL-based RL methods lack this property. (Ghugare et al.
2024) indicates from the perspective of combinatorial gen-
eralization that typical SL methods such as DT (Chen et al.
2021) and RvS (Emmons et al. 2021) do not perform stitch-
ing. The same situation also exists in offline GCRL (Yang
et al. 2023). In offline GCRL, GCWSL methods (Yang et al.
2022; Ma et al. 2022b; Hejna, Gao, and Sadigh 2023; Sikchi
et al. 2024) find a single optimal trajectory corresponding
to a given (state, goal) pair and have demonstrated strong
performance in various goal-reaching tasks. However, these
methods are sub-optimal for some unseen skills and lack the
ability to stitch information from multiple trajectories like
most SL-based RL methods.

Local Lipschitz Continuity in Environment Dynamics.
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Local continuity ensures that small changes in actions or
states result in correspondingly small changes in transi-
tions, a characteristic that aligns with physical laws and
is observed in the dynamics of many robotic systems and
real-world scene. And it in dynamics is commonly applied
in classical control methods to ensure the existence and
uniqueness of solutions to differential equations (Li and
Todorov 2004; Bonnard, Caillau, and Trélat 2007). This as-
sumption is particularly valuable in nonlinear systems and is
widely employed in robotic applications (Seto, Annaswamy,
and Baillieul 1994; Kahveci 2007; Sarangapani 2018). How-
ever, these methods often require pre-specified models and
cost functions within an optimal control framework when
leveraging dynamics continuity. In contrast, we apply the
local Lipschitz continuity assumption when learning the
dynamics model to predict augmented goals for GCWSL
agents. Perhaps the most comparable work to ours is that
of (Ke et al. 2024), but a key difference is that we use this
assumption solely for prediction rather than for generation,
which may lead to greater estimation errors.

Data Augmentation in RL. Data augmentation, recog-
nized as an effective technique for enhancing generaliza-
tion, has been widely applied in both RL (Srinivas, Laskin,
and Abbeel 2020; Lu et al. 2020; Stone et al. 2021; Kalash-
nikov et al. 2021; Hansen and Wang 2021; Kostrikov, Yarats,
and Fergus 2021; Yarats et al. 2021) and SL (Shorten and
Khoshgoftaar 2019). We have observed that some methods
(Char et al. 2022; Yamagata, Khalil, and Santos-Rodriguez
2023; Paster et al. 2023) leverage dynamic programming to
augment existing trajectories, thereby improving the perfor-
mance of SL algorithms. However, these methods still rely
on dynamic programming. Another closely related approach
focuses on data augmentation exclusively for SL (Yang et al.
2023; Ghugare et al. 2024) without employing dynamic pro-
gramming. These methods are simple and efficient enough
to enhance the stitching ability of the SL method. Never-
theless, our analysis indicates that they still encounter chal-
lenges in accurately providing augmented goal data.

Background

Goal-conditioned Reinforcement Learning
(GCRL). GCRL can be characterized by the tuple
(S8, A,G,v,p0,T, f,r), where S, A, G, 7, po, T refer to
state space, action space, goal space, discounted factor, the
distribution of initial states and the horizon of the episode,
respectively. f : S x A — &’ is the ground truth dynamic
transition, and r : S X G x A — R is typically a simple
unshaped binary signal. And the objective of 7(als,g)
is maximizing returns of reaching goals from the goal
distribution p(g):

J(m)=E

g~p(g),80~po,
ag~m,sep1~f(]se,at)

[ 'ytr(st,at,g)l . (1)
t=0

In this paper, the sparse reward function r is defined as
indicator function:

L,
’I"(St, at7g) = {

[¢(se) —gll <o
0, ’

otherwise

2)



where 0 is a threshold and ¢ : S — G is a known state-to-
goal mapping function from states to goals. And the goal is
considered reached when ||¢(s:) — g|| < 0 (Andrychowicz
et al. 2017).

Offline GCRL. In offline RL setting, the agent can only

access a static offline dataset D and cannot interact with
the environment to maximize the objective in Equation 1.
The offline dataset D can be collected by some unknown
policies (Levine et al. 2020; Prudencio, Maximo, and
Colombini 2023). Based on the definition of GCRL, we
further express the offline dataset as D := {r;}\,, where
7= {< sb,ab,rd >, < stabrl > < shoab, rh >
, g; } 1s the goal-conditioned trajectory and N is the number
of stored trajectories. In 7;, s ~ po. The desired goal g;
is still randomly sampled from p(g). Relabeled goals can
be derived from each state as gi = ¢(s) for0 < ¢t < T.
It should be noted that trajectories may be unsuccessful
trajectories (i.e, g # g;).
Goal-conditioned Weighted Supervised Learning
(GCWSL). Different with general goal-conditioned RL
methods that directly maximizes discounted cumulative re-
turn, GCWSL provides theoretical guarantees that weighted
supervised learning from hindsight relabeled data optimizes
a lower bound on the goal-conditioned RL objective in
offline GCRL. During training, trajectories are sampled
form a relabeled dataset by utilizing hindsight mechanisms
(Kaelbling 1993; Andrychowicz et al. 2017). And the policy
optimization satisfies the following definition:

jGCWSL(ﬂ_) = ]E(st,a,t,g)NDr [w : IOg Wﬂ(at|sta g)} ) (3)

where D, denotes relabeled data, g = ¢(s;) denotes the re-
labeled goal for ¢ > t. The weighted function w exists vari-
ous forms in GCWSL methods (Yang et al. 2022; Ma et al.
2022a; Hejna, Gao, and Sadigh 2023; Sikchi et al. 2024) and
can be considered as the scheme choosing optimal path be-
tween s and g. Therefore GCWSL includes typical two pro-
cess, acquiring sub-trajectories corresponding to (s, g) pairs
and imitating them. In the process of imitation, GCWSL first
train the specific weighted function w, and then extract the
policy with the Equation 3.

Generalized Principles and Related Works of
Goal Data Augmentation for GCWSL

Data augmentation has become a common approach for im-
proving generalization. In offline GCRL scenarios, it can
also serve as an effective strategy to tackle unseen skills.
Given the emergence of various methods, we utilize the
characteristics of data augmentation and develop more gen-
eral methods for competitive GCWSL methods in offline
GCRL. This section proposes for the first time three princi-
ples of satisfying goal data augmentation for GCWSL meth-
ods. These principles also can be applied to other goal-
conditioned SL methods. Moreover, we compare the differ-
ences among following goal augmentation methods with our
MGDA using a counter example: SGDA (Yang et al. 2023)
proposes a method that randomly choose augmented goals
from different trajectories. TGDA (Ghugare et al. 2024)
proposed a another goal data augmentation approach from
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Figure 1: Counter examples of generalized principles and re-
lated goal data augmentation methods. The states sJ through
55 correspond to trajectories 7o through 75, respectively.
The goals g? through g} represent the relabeled goals for
each respective trajectory. Note that s is equal to s3 and
red points denote intersection state of two trajectories. The
light blue circles represent the nearby states of g after k-
means clustering within the TGDA (Ghugare et al. 2024) .
Compared to the original goal ¢?, SGDA (Yang et al. 2023)
randomly select all goals g € [gf, 47,97, 9¢, 97| as aug-
mented goals, while TGDA selects the goals g € [g{, g7, g7
from later in the trajectory corresponding to the nearby states
s € [s{,s3,s}]. Our MGDA method will select more appro-
priate goals g € [g¢, g¢]. building upon TGDA by avoiding
unreachable goals.

the perspective of combinatorial optimization. It employs k-
means to cluster the goal and certain states into a group, and
samples goals from later stages of these state trajectories as
augmented goals.

Here we assume that we need to perform goal data aug-
mentation for (sQ, g?) pair as shown in Figure 1. To select
more appropriate augmentation goals for gy, we established
three guiding principles for goal data augmentation. Below,
we elaborate on the specifics and motivation behind these
three principles.

Goal Diversity. This is a fundamental principle for goal data
augmentation, which implies that for a given state s, mul-
tiple goals can be associated with it. These multiple goals
should come from different trajectories.

Action Optimality. This principle asserts that after selecting
a goal, the original action corresponding to state s§ can still
be considered the optimal action for the augmented goal. It
is also recognized in the TGDA (Ghugare et al. 2024). This
principle helps to reduce the redundancy in goal data aug-
mentation. In other words, the stitched trajectories of aug-
mented goals can be treated as the optimal trajectories corre-
sponding to the (sJ, g?) pair, thereby simplifying the train-
ing complexity of GCWSL. For instance, we choose g7 as
the augmented goal for the original state s). Even if it is
reachable for sJ, the optimal action from s to g7 no longer
align with the original action a. In this way g7 cannot be
used as an augmented goal for g!, but only as another goal



for s2 that needs to be reached by re-learning. Since SGDA
selected g7, it does not satisfy Action Optimality.

Goal Reachability. This principle emphasizes that when se-
lecting augmented goals from other trajectories for the orig-
inal state s{), the chosen goals must be reachable. Specifi-
cally, the original trajectory and other trajectories must share
a intersection state. For instance, in Figure 1, trajectories 73
and 75 do not intersect with the original trajectory 7y, ren-
dering the chosen goals [g?, g,ﬂ ineffective. SGDA exists
cases where the augmented goal data are unreachable such
as [gf’, gf] TGDA also faces the existence of unreachable
goals. As shown in Figure 1, assume a wall between tra-
jectory 7o and 73, k-means might still identify unreachable
goals g7 as augmented goals, which is unreasonable.

In summary, Goal Diversity is a fundamental guideline
that most data augmentation methods aim to achieve, while
Action Optimality and Goal Reachability are specifically
tailored for offline GCRL, building upon Goal Diversity.
Our MGDA approach overcomes the limitations of previ-
ous goal data augmentation methods and adheres to all three
principles. Detailed comparisons can be found in Table 1.

Methods Metric ‘Goal Diversity Action Optimality Goal Reachability

SGDA - v X X
TGDA L2 v v X
MGDA Dynamics v v v

Table 1: Comparison of different goal data augmentation
methods for GCWSL.

MGDA: Model-based Goal Data
Augmentation

In this section, we describe MGDA in detail. The core idea
is to identify nearby states relative to the original goal
and then sample an augmented goal from the latter part
of the trajectory corresponding to these nearby states to
serve an augmentation of the original goal. And these
nearby states must successfully reach the goal. In this
case, the original goal functions as an intersection state, link-
ing two different trajectories.

We begin by detailing the process of learning a dynam-
ics model that leverages the local Lipschitz continuity as-
sumption to accurately predict nearby states and sample aug-
mented goals. Following this, we provide both practical im-
plementation and theoretical justification for MGDA.

Sample Augmented Goals with MGDA

A critical step in our approach involves learning the dy-
namics model from data and utilizing it for state predic-
tion by leveraging the local continuity of the environment.
When the dynamics model is locally Lipschitz bounded,
small variations in state and action lead to correspondingly
small changes in transitions. A dynamics function with lo-
cal continuity enables us to accurately identify nearby states
around the original goal that satisfy the dynamic transition
conditions observed in the training data within this region,
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Figure 2: (left) State searched by other goal data augmentation
methods. (right) State searched by our MGDA, constrained by the
dynamics model in its relationship to the goal. MGDA ensures that
the searched state and goal g satisfy the one-step transition crite-
rion, thereby defining this searched state as a nearby state s,.

the reliability of the learned model can be assured. We iden-
tify the nearby state under the metric defined by the dynam-
ics model, as illustrated in Figure 2. In this figure, we denote
the correct nearby state as s,, and the learned dynamics func-

tion is represented as f . Additionally, the action correspond-
ing to s, is denoted as a,,. To guarantee accurate predictions
of nearby state s,,, we follow the model-based reinforcement
learning frameworks proposed in Gulrajani et al. (2017) and
Ke et al. (2024) to enforce local continuity on the dynamics
model’s learning process:

f(sn,an)ll (4)

arg mfinEsmamg~D [J()‘n) g — 80—

. W]l
E An) |, whil .1
+> o(Ay)], while W — W/ max( \

)
where )\, is a state-dependent slack variable used to dynam-
ically adjust the weight of each data point in the loss func-
tion, A is a global regularization parameter in the training ob-
jective that controls the overall penalty strength for enforc-
ing local Lipschitz continuity in the model, o is the Sigmod
function and W is a weight matrix that scales the dynamics
model’s predictions. Equation 4 introduces a modified form
of the mean squared error (MSE) loss, which we employ
to fit the function f with a neural network and predict the
changes in both the nearby state s,, and the goal g.

Then we can ensure that the approximate model remains
predominantly L- Lipschitz bounded while accurately pre-
dicting transitions in the given offline data. As a result, this
approximate dynamics model can be effectively used to pre-
dict corrective labels.

Theorem 1 (model smoothness) As described in Figure 2,
under the assumption of local Lipschitz continuity, when the
error generated by training the model is €, the 1-step resid-
ual dynamics model f is subject to the following boundary
for predicting the correct nearby states s, of goal g.

|1 (s @) = (s, a0)

‘ <e+ (K+AM)) lIsn— gl
(5)

where K is the Lipschitz constants for true environment dy-
namics [ and A(\y,) is the Lipschitz error controlled by A,

for learned dynamics model f.



The full proof can be found at supplementary material. This
theorem demonstrates that when the dynamics function is
governed by a local Lipschitz constant, the prediction error
of the dynamics model can be quantified accordingly based
on that constant.

After searching for the nearby states of original goal, we
sample a new augmented goal from later in that trajectory, as
shown in Figure 1. This approach provides a straightforward
method for sampling cross trajectory goals while ensuring
that the action remains optimal at original state.

Practical Implementation of MGDA and Analysis

To expedite the identification of nearby states, our MGDA
algorithm first employs the k-means technique to cluster all
states into multiple groups, as proposed by (Ghugare et al.
2024). Subsequently, we train a transition model on the data
and search for nearby states within the permissible range of
model error. Specifically, we first randomly select a initial
state within the same group as the original goal and apply
the dynamic function for joint forward inference to gener-
ate the resulting state. And then if this resulting state reach
the original goal (i.e, the L2 distance between the resulting
state and the original goal is less than d) , we designate this
initial state as nearby state to original goal. Finally, a new
goal is randomly chosen as an augmentation goal for orig-
inal goal from the trajectory following nearby state. There-
fore MGDA can be considered as model-augmented version
of TGDA. The complete algorithm for adding MGDA to
GCWSL is illustrated in Algorithm 1. The blue text repre-
sents the entire process of MGDA.

Algorithm 1: MGDA for GCWSL Methods

1: Input: Offline Dataset D.
2: Initialize: Policy my(als, g) with parameter 6.
3: Function Learn Dynamics f
4:  Optimize the objective in Equation 4.
5: while a fixed number of iteration do
6: fort=1,---,mdo
7: Relabel and sample {(s¢,at,g) ~ D, where g =
¢(8i),i > 1.
8: Get the group of the goal with k-means: k£ = d;,
where d; = CLUSTER(s;).
9: Randomly sample candidate state from the same
group: u ~ {s;;Vj such that d; = k}.
10: if g — u — f(sy,a,)||<0 then
11: Identify s,, := u as a nearby state.
12: Sample new goal g from the later stages in the
trajectory of s,.
13: Augment the goal g = g.
14: end if
15: Calculate the weight w in original GCWSL
methods and Update mp with maximize goal-
conditioned policy optimization with Equation 3.
16:  end for

17: end while
18: Return: Goal-conditioned policy mg(als, g)

While data augmentation methods generally lack theo-
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retical guarantees, we demonstrate that MGDA approxi-
mates a one-step stitching policy under the smooth assump-
tion of certain distributions. The proposed new model-based
method MGDA can generate (state, goal) combinations that
were not encountered during training, effectively mimicking
the stitching process observed in TD learning.

If we assume that our offline dataset D := {s}, a}, ...} ¥,
is collected by a set of policies {3(a | s,h)} where h
specifies some context from distribution p(h) and 8, :
Bn(als, h) (Ghugare et al. 2024). We denote p7f (g | s,a)
(1=7) Y207 pr (st = g | so = s) is the discounted state
occupancy distribution for a goal-conditioned policy 7. We
first have follow assumption (Drawing inspiration from Ap-
pendix D.2 in Ghugare et al. (2024)):

Assumption 1 (distribution smoothness) For all s,a,g
pairs and all data collecting policies By, s, and s, are
the states corresponding to the reachable and unreachable
goals in u, respectively. The pih (9 | s,a) is Ly-Lipschitz
continuous with respect to s,, and Ls-Lipschitz continuous

: ‘.
with respect to s,,

L

Bh

P2 (g | 5,a) =P (s | 5,0) < La(llg = sall)  (6)

and:

(7

Intuitively, the above all smoothness result ensures that all
intra-group states under the data collection policy have sim-
ilar probabilities. For example, after taking action a from
state s, there is an equal probability of reaching nearby states
Syn and g. And then we have follow guarantee for MGDA:

P2 (g 5,0) =P (51, | 5,0)] < La(llg = s,11)

Theorem 2 Given the aforementioned smoothness assump-
tion, the model-based goal data augmentation pM°PA(g |
s,a) approximates the sampling process of goals accord-
ing to the distribution defined by the one-step goal-reaching

stitching policy p'**’ (g | s, a) for all s, a, g pairs:

PP g | s,a) = p"" (g | s,a) £ O(exL1),  (8)

where ¢y, is the maximum cutoff distance between all states
within the group of g after clustering.

This theorem demonstrates that a single application of
model-based goal data augmentation samples (s, g) pairs
from the 1-step goal-reaching distribution.

Experiments

Datasets. To rigorously evaluate the stitching capabilities of
GCWSL methods, we employ the offline point maze dataset
configuration as outlined in (Ghugare et al. 2024). For this
evaluation, we modify the GCWSL policy to navigate be-
tween previously unseen combinatorial (state, goal) pairs
and subsequently measure the success rate.

Baselines. We conducted a series of comparative experi-
ments by implementing the GCWSL methods within the
same framework, as well as related goal data augmentation
approaches. Specifically, all GCWSL implementations are
based on DWSL (Hejna, Gao, and Sadigh 2023), with hy-
perparameter values set to the default values specified in
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Figure 3: Performance of the original GCWSL methods and the impact of incorporating different goal augmentation approaches
in state-based datasets. We use the final mean success rate as the report. Error bars denote 95% bootstrap confidence intervals.
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Figure 4: Performance comparison between the original GCWSL approach and its enhancement with MGDA on vision-based
datasets. We also use the final mean success rate as the report. Error bars denote 95% bootstrap confidence intervals.

the original studies. We consider four competitive baseline
GCWSL algorithms: WGCSL (Yang et al. 2022), GoFar
(Ma et al. 2022a), DWSL (Hejna, Gao, and Sadigh 2023),
and SMORE (Sikchi et al. 2024).

All goal data augmentation implementations including
SGDA (Yang et al. 2023) and TGDA (Ghugare et al. 2024)
are based on TGDA (Ghugare et al. 2024), while utilizing
the same augmentation probability. All experiments are con-
ducted using five random seeds. Detailed algorithm imple-
mentations and hyperparameter settings are provided in the
supplementary material.

Experimental Results

In this section we seek to answer the following questions: 1)
How does GCWSL perform when combined with our MGDA
method? Does more data remove the need for goal data aug-
mentation? 2) Can MGDA be effective for high-dimensional
tasks? 3) How does MGDA compare in performance to
other data augmentation methods? 4) How essential is the
local Lipschitz continuity assumption?

State-based Dataset Results. As shown in Figure 3, it is
evident that all GCWSL algorithms struggle to demonstrate
stitching properties, particularly in the complex Medium and
Large tasks, where their performance is notably poor. How-
ever, when MGDA is incorporated into the GCWSL meth-
ods, performance improvements were observed across all
tasks, albeit to varying degrees. This enhancement is at-
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tributed to the fact that goal data augmentation allows for
the sampling of unseen (state, goal) combinations during
the training phase, thereby improving the generalization and
stitching capabilities of the models.

Vision-based Datasets Results. Figure 4 demonstrates that
MGDA similarly enhances the performance of all GCWSL
methods, indicating its effectiveness in high-dimensional
goal-reaching tasks and its overall robustness. However, in
the complex Vision-Medium and Vision-Large tasks, the re-
sults were inconsistent, with some instances showing mini-
mal improvement over the original GCWSL methods. This
suggests that while MGDA offers benefits, its robustness
may be limited in certain scenarios, and future research
should focus on developing more robust and scalable ap-
proaches to address these challenges.

Comparison with Related Goal Data Augmentation Ap-
proaches. Based on previous discussion, we selected SGDA
and TGDA as baseline methods, as outlined in Table 1. As
shown in Figure 3, our MGDA method consistently out-
performs the other data augmentation approaches across
all tasks, particularly in the more complex Medium and
Large datasets. SGDA consistently exhibits poor perfor-
mance across all tasks. While TGDA performs well in the
Umaze dataset, it fails to achieve comparable results in the
more complex Medium and Large tasks, often underper-
forming relative to SGDA, which suggests a lack of robust-
ness. In contrast, MGDA not only achieves superior perfor-
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Figure 5: Ablation study on the local Lipschitz continuity (LLC) assumption. The results clearly show that the modified MSE
version, incorporating LLC, outperforms the standard MSE-based dynamics model. This highlights the crucial role of the LLC

assumption in enhancing performance.

| DWSL with Different Dataset Size

Dataset 10 106 107 0 DWSL (10°) DWSL (10 DWSL (107) DWSL (10%)
Umaze | 502439 50.648.0 55.5+4.5 63.742.9 724433 80.742.7 87.648.6 91.2+1.8
Medium | 213423 223423 241415 283458 52.649.2 56.845.3 58.246.1 63.442.6
Large 113449 163467 158489 21.347.3 36.744.5 47.546.1 52,5418 56.143.9

Total | 82.8 89.2 95.4 113.3 161.7 179.0 198.3 210.7

Table 2: We report the mean success rate (%) across different dataset sizes, computed over five seeds, with each seed evaluated on 100
trajectories. DWSL (10", n = 5, 6, 7, 8) indicates the performance of the DWSL algorithm with MGDA integration on datasets of size 10™.

mance across all tasks but also demonstrates greater robust-
ness compared to both SGDA and TGDA.

Ablation Study. Here we investigate the necessity of goal
data augmentation for the highly-regarded algorithm DWSL
(Hejna, Gao, and Sadigh 2023) within the GCWSL frame-
work. The conventional wisdom suggests that larger datasets
generally result in better generalization. To empirically test
whether this is the case, we trained original DWSL on four
different dataset sizes and then adding it with MGDA on
10 million transitions. As shown in Table 2, increasing the
dataset size did not result in improved performance for
DWSL. Due to space constraints, additional results are pro-
vided in the supplementary material. Based on the results of
all necessary experiments, simply increasing the size of the
dataset does not enhance the generalization capability of the
GCWSL methods. This suggests that traditional methods of
expanding datasets may not effectively increase trajectory
diversity. However, goal data augmentation can address this
issue.

Finally, to assess the significance of the local Lipschitz
continuity assumption, we compared MGDA with a variant
of goal data augmentation that relies solely on standard MSE
loss for learning the dynamics model, thereby omitting the
local Lipschitz continuity assumption. As shown in Figure
5, the local Lipschitz continuity assumption generally leads
to superior performance across most goal-reaching tasks
when compared to the MSE-based dynamics model learn-
ing method. Although there are instances where the MSE
approach outperforms our continuity-based model method
in certain datasets and algorithms, we contend that incorpo-
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rating local continuity in dynamics learning is valuable and
merits further exploration. In summary, the local Lipschitz
continuity assumption plays a crucial role in the effective
learning of dynamics model.

Conclusion and Future Work

In this paper, we explored goal data augmentation methods
for advanced GCWSL algorithms. While these methods en-
able GCWSL to exhibit stitching capabilities, existing ap-
proaches still struggle to select appropriate augmented goals
for GCWSL. To address this issue, we proposed a unified set
of goal data augmentation principles specifically tailored for
GCWSL methods and introduced a novel model-based ap-
proach called MGDA. MGDA leverages the local Lipschitz
continuity assumption to quantify model learning errors,
facilitating more accurate prediction of augmented goals.
Experimental results assessing stitching capabilities indi-
cate that MGDA significantly enhances the performance of
GCWSL methods across most offline maze datasets. Com-
pared to other data augmentation techniques, MGDA con-
sistently delivers superior results.

However, this work has two primary limitations. First, our
experiments indicate that the effectiveness of MGDA may
be influenced by the number of layers in the neural network.
Second, in certain offline datasets, MGDA did not consis-
tently outperform existing data augmentation methods. Fu-
ture research should explore more robust and scalable ap-
proaches to further enhance performance.
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