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Abstract

Offline goal-conditioned RL (GCRL) offers a way
to train general-purpose agents from fully offline
datasets. In addition to being conservative within
the dataset, the generalization ability to achieve
unseen goals is another fundamental challenge
for offline GCRL. However, to the best of our
knowledge, this problem has not been well stud-
ied yet. In this paper, we study out-of-distribution
(OOD) generalization of offline GCRL both the-
oretically and empirically to identify factors that
are important. In a number of experiments, we
observe that weighted imitation learning enjoys
better generalization than pessimism-based offline
RL method. Based on this insight, we derive a the-
ory for OOD generalization, which characterizes
several important design choices. We then pro-
pose a new offline GCRL method, Generalizable
Offline goAl-condiTioned RL (GOAT), by com-
bining the findings from our theoretical and em-
pirical studies. On a new benchmark containing
9 independent identically distributed (IID) tasks
and 17 OOD tasks, GOAT outperforms current
state-of-the-art methods by a large margin.

1. Introduction
Deep reinforcement learning (DRL) makes it possible for
a learning agent to achieve superhuman performance on a
range of challenging tasks (Silver et al., 2016; 2018; Vinyals
et al., 2019; Li et al., 2020b). However, recent studies have
found that DRL is prone to overfitting the training tasks
and is sensitive to environmental changes (Cobbe et al.,
2019; Wang et al., 2020; Han et al., 2021; Kirk et al., 2023).
Goal-conditioned reinforcement learning (GCRL) is gaining
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increasing attention because it enables learning general-
purpose decision-making rather than overfitting to a single
task (Andrychowicz et al., 2017; Ghosh et al., 2019; Li et al.,
2020a). Particularly, offline GCRL (Chebotar et al., 2021;
Yang et al., 2022b), which learns as many skills as possible
from previously collected datasets without any exploration
in the environment, is promising for large-scale and general-
purpose pre-training. Nevertheless, prior works (Chebotar
et al., 2021; Yang et al., 2022b; Ma et al., 2022b) have
largely focused on reaching goals in the dataset, without
systematically studying the problem of out-of-distribution
(OOD) goal generalization. There are a number of questions:
what is the OOD generalization performance of current
offline GCRL algorithms? And more importantly, what is
essential for OOD generalization of offline GCRL?

To answer these questions, we first design a 2D goal-
reaching task with different types of offline data. We find
that (1) pessimism-based offline RL is restrained from gen-
eralizing to OOD goals and (2) imitation learning overfits
the data noise and fails to generalize when given non-expert
data. On the contrary, (3) weighted imitation learning is
a strong baseline for OOD generalization across different
types of training data. The observation motivates us to
derive a generalization theory from the perspective of do-
main generalization (Muandet et al., 2013; Zhang et al.,
2012; Zhou et al., 2021a). Through analyzing our theory,
we find several techniques that are essential to minimize
the generalization bound, including advantage re-weighting,
data selection, density re-weighting, and goal-relabeling.
Particularly, we find re-weighting the training state-goal dis-
tribution with the reciprocal of its density can minimize the
worst-case distribution shift. Based on these results, we pro-
pose, Generalizable Offline goAl-condiTioned RL (GOAT),
by integrating these techniques into a general weighted im-
itation learning framework, which encourages optimistic
goal sampling while still maintaining pessimism on action
selection.

Due to the lack of benchmarks for evaluating the OOD
generalization performance of offline GCRL, we develop
a challenging robot manipulation benchmark based on a
robotic arm or an anthropomorphic hand. The benchmark
comprises nine offline datasets and 26 evaluation tasks, 9
of which contain independent and identically distributed
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Figure 1. Training datasets and trajectories generated by different agents trained on “Expert 10” and “Non-Expert 10” datasets.

(IID) goals, while the rest 17 tasks involve various types
of OOD goals. In our experiments1, we demonstrate that
GOAT considerably improves the OOD generalization per-
formance of existing offline GCRL methods, as well as
enhances efficiency in online fine-tuning for unseen goals.
Furthermore, we conduct in-depth ablation studies to val-
idate the effectiveness of each component used in GOAT,
which may benefit future research on OOD generalization
for offline RL.

2. Preliminaries
2.1. Goal-conditioned RL

Goal-conditioned RL (GCRL) considers a goal-augmented
Markov Decision Process (GMDP), denoted by a tuple
(S;A;G;P; r; 
). S, G A refer to state, goal, and ac-
tion spaces, respectively. 
 is the discount factor, and
r : S �G�A ! R is the goal-conditioned reward function.
Generally, we consider a sparse and binary reward function
r(s; a; g) = 1[k�(s)� gk22 � �], where � is a threshold and
� is a known state-to-goal mapping (Andrychowicz et al.,
2017). A policy � : S � G ! A aims to maximize the
expected return:

J(�) = E g�p(g);s0��(s0);

at��(�jst;g);st+1�P(�jst;at)

� 1X
t=0


tr(st; at; g)
�
;

where �(s0) is the distribution of initial states.
The value function is defined as V �(s; g) =
Eat��(�jst;g);st+1�P(�jst;at)

�P1
t=0 


tr(st; at; g)js0 = s
�
.

For offline GCRL, the agent cannot interact with the
environment during training, and the training data is
sampled from a static dataset D = f(st; at; g; rt; st+1)g.

1Code is available at https://github.com/YangRui2015/GOAT

2.2. Domain Generalization

Domain Generalization (DG) was first studied in the super-
vised learning setting (Blanchard et al., 2011). A domain is
defined as a joint distribution PXY on X � Y , where X is
the input space and Y is the label space. DG learns a model
from K different training domains S = f(x(k); y(k))gKk=1

that aims to generalize on unseen testing domains T =
fxT g; P TXY 6= P kXY ; k 2 f1; � � � ;Kg. DG mainly handles
covariate shift (Zhou et al., 2021a), assuming that the la-
beling function PY jX is stable across domains (Muandet
et al., 2013) and only the marginal distribution changes
P TX 6= P kX ; k 2 f1; � � � ;Kg.

3. OOD Generalization for Offline GCRL
In this section, we first compare different GCRL algorithms
in a 2D goal-reaching environment, showing that weighted
imitation learning method is preferable to other methods
across different data settings. Based on the observations,
we formulate the OOD generalization problem as domain
generalization, and then derive a theoretical framework to
analyze the essential techniques for OOD generalization.

3.1. Didactic Example

We design a 2D point environment as shown in Figure
2(a) to characterize the generalization ability of different
offline GCRL algorithms, including BC, GCSL (Ghosh
et al., 2019), WGCSL (Yang et al., 2022b), DDPG+HER
(Andrychowicz et al., 2017), and CQL+HER (Chebotar
et al., 2021). There are three types of training data, namely
“Expert N” and “Non-Expert N”, where N refers to the
number of trajectories in the dataset. In the training datasets,
trajectories and goals are mainly distributed on the top semi-
circle with a radius of 10. Unlike the training data, the
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(a)

(b)

Figure 2.(a) Visualization of three 2D goal-reaching datasets and
two groups of evaluation goals. “R10” and “R20” refer to the
radius (10 or 20) of the desired goals for evaluation. (b) Average
success rates of different agents over 5 random seeds.

evaluation goals are on the full circles of radius 10 and 20.
Both states and goals in this environment are represented as
2D coordinates indicating their positions, while actions are
2D vectors of the displacement. In this example, the optimal
policy is � (s; g) = clip(g � s;0; 1), where the maximum
movement in one dimension is1. If the agent learns the
optimal policy, it can successfully generalize to any unseen
goal.

From the results in Figure 1 and Figure 2(b), we can draw
the following conclusions:

• Given a clean expert dataset, BC generalizes well for
OOD goals. However, in the case of training with non-
expert and noisy data, it can over�t the noise and thus
fail to generalize.

• DDPG+HER (short for “HER”) suffers from overesti-
mating values of OOD actions. As a result, it avoids
in-dataset actions and produces odd trajectories.

• For the pessimism-based approach CQL+HER, its tra-
jectories are restricted to the upper semicircle and fail
to generalize to the lower part when given clean expert
data. It can only generalize relatively well when the
data size and coverage are suf�ciently large.

• WGCSL signi�cantly improves the OOD generaliza-
tion ability over GCSL by re-weighting samples and
performs consistently well across different datasets.

The designed task is simple but representative for charac-
terizing the characteristics of different algorithms. More
results can be found in Appendix D.1. As suggested by
the empirical results, the weighted imitation-based method
enjoys better OOD generalization than pessimism-based

method. Moreover, pessimism-based of�ine RL methods
are inhibited from reaching OOD area in theory (Jin et al.,
2021; Kumar et al., 2021). In contrast, weighted imitation
learning method has theoretical guarantees for OOD gener-
alization, which we will show in Section 3.3.

3.2. Problem Formulation

We de�ne X = S � G as the input space,Y = A as the
action space. The of�ine dataD = f (st ; at ; g; rt ; st +1 )g
is collected by any behavior policy� b, where(st ; g) �
PS

X . In the testing phase, initial states and desired goals
can be sampled from any unknown distributionPT

X ; PT
X 6=

PS
X , which is named “OOD distribution” in this paper. We

assume the expert policy� E (ajs; g) (or PY jX ) is stable
with PX and generalizes well across different state-goal
pairs, which is reasonable because OOD generalization is
meaningless when� E cannot generalize. The objective is
to minimize the suboptimality on the testing domainPT

X :

SubOpt(� E ; � ) = E(s0 ;g) � P T
X

[V � E (s0; g) � V � (s0; g)]
(1)

3.3. A Domain Generalization View

By establishing a link between weighted imitation learning
and supervised learning, we can analyze the OOD general-
ization performance according to the domain generalization
bound (Ben-David et al., 2010; Zhang et al., 2012; Mansour
et al., 2009).

Our following analysis is based on the Total Variation Dis-
tanceDTV between any two policies� 1 and� 2:

DTV (� 1(�js; g); � 2(�js; g)) =

sup
B �A

j
Z

a2 B
(� 1(ajs; g) � � 2(ajs; g)) j;

whereB is any measurable subset of the action spaceA.
Denote the discounted occupancy of state asd� (sjs0; g) =
(1 � 
 )

P 1
t =0 
 t Pr(st = sj�; s 0; g). We de�ne the policy

discrepancy on any state-goal distribution� as:

" � (� 1; � 2) = E ( s 0 ;g ) � P �
X

s � d � E ( s j s 0 ;g )

�
DTV

�
� 1(�js; g); � 2(�js; g)

��

Generally, we do not have access to the true expert policy
� E , but we can imitate a surrogate policy�̂ E instead. Then,
we provide the following OOD generalization theorem.

Theorem 3.1. Consider �nite hypothesis space� and we
minimize the empirical loss function̂"S with m samples. For
a policy� and a surrogate expert policŷ� E , with probability
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at least1 � � , the following bound holds:

SubOpt(� E ; � ) �
2Rmax

(1 � 
 )2

�
"̂S (�̂ E ; � )
| {z }

empirical imitation loss

+ "S (�̂ E ; � E )
| {z }

expert estimation gap

+ d1(T ; S)
| {z }

distribution shift

+

s
log 2j� j + log 1

�

2m

�

whered1(�; �) is the variation divergence de�ned as follows:

d1(S1; S2) = 2 sup
J �X

�
�
�
�

Z

x 2J
(PS1 (x) � PS2 (x)) dx

�
�
�
� ;

hereJ is any measurable subset ofX .

The proof is deferred to Appendix B.2. Theorem 3.1 sug-
gests that the overall OOD generalization suboptimality can
be controlled by minimizing the empirical imitation learning
loss, the distance between� E and�̂ E , and controlling the
distribution shift between training and testing domains. We
now analyze how to minimize each term in this bound.

Empirical Imitation Loss We can use a weighted be-
havior policy as the surrogate policy:̂� E (ajs; g) /
w(s; a; g)� b(ajs; g). According to Pinsker's inequality
(Csisźar & Körner, 2011), this loss can be bounded byKL -
divergence. Thus, we have

min
�

E(s0 ;g) � P S
X ;s � d� E (sjs0 ;g)

�
DKL

�
�̂ E (�js; g); � � (�js; g)

��

() max
�

E(s0 ;g) � P S
X ;s � d� E (sjs0 ;g) ;a � �̂ E

[log � � (ajs; g)]

() max
�

E ( s 0 ;g ) � P S
X

s � d � E ( s j s 0 ;g ) ;a � � b

[log � � (ajs; g) � w(s; a; g)]

Empirically, following (Wang et al., 2018; Nair et al., 2020b)
we omit the difference ind� E and conduct weighted imita-
tion learning on the of�ine data to minimize this loss.

Expert Estimation Gap Although we do not have ac-
cess to� E , we know� E has the highest expected value.
Instead of minimizing the TV distance to� E , this prob-
lem can be reformulated as maximizing the expected value
of the surrogate policŷ� E . Following (Wang et al., 2018;
Peng et al., 2019), advantage re-weighting�̂ E (ajs; g) /
� b(ajs; g) exp(� � A(s; a; g)) brings improved expected
value over� b. However, when the behavior policy is
multi-modal and the expert policy is deterministic, as of-
ten encountered in multi-goal RL, there is a risk of in-
terpolating between modalities, leading to a widened ex-
pert estimation gap. A viable solution to this issue is to
eliminate samples from inferior modalities,�̂ E (ajs; g) =
� b(ajs; g) exp(A(s; a; g)) � 1[A(s; a; g) � c], which is the
Best Advantage Weight introduce by (Yang et al., 2022b).
Ideally, we can eliminate all data from other modalities to

obtain a minimum expert estimation gap, but the size of the
training data decreases asc grows. There is a trade-off of
balancing data quality versus quantity when settingc. Note
that our analysis considers an oracle advantage function, but
in practice, an imprecise estimation of the advantage func-
tion can exacerbate the expert estimation gap. Therefore, an
improved method for estimating the advantage function is
also crucial.

Distribution Shift The distribution shift term is hard to
minimize without any information about the testing distri-
butionT . Instead, we consider minimizing the worst-case
of this term by re-weighting the training distributionS.

De�ne a family of possible testing distributions as
Z :=

�
Z

�
� R

x PZ (x) = 1; 0 � PZ (x) � C; 8x 2 X
	

.
HereC > 1=jX j is a universal positive constant. Our goal
is to re-weight the training distributionS that can minimize
the worst-case distribution shift, i.e.,supZ 2Z d1(Z; S).

Let S denote the family of distributions that are gen-
erated by re-weightingS, i.e., S := f S0jPS0(x) =
h(x)PS (x); h(x) > 0; 8x 2 X ;

R
x PS0(x) = 1 g.

Let �S denote the uniform distribution, i.e.,P �S (x) =
1=jX j ; 8x 2 X ; a:s:. We denote the subset ofS that con-
tains all “non-uniform” distributions asS� , i.e.,

S� := f S0jPS0(x) = h(x)PS (x); h(x) > 0; 8x 2 X ;

9J � X ;
Z

x 2J
PS0(x)dx < jJ j =jX j ;

Z

x
PS0(x) = 1 g

Theorem 3.2. For all 8S 2 S � , we have

sup
Z 2Z

d1(Z; S) > sup
Z 2Z

d1(Z; �S)

The proof can be found in Appendix B.3. Theorem 3.2
suggests that we can re-weight the training distributionS
to a uniform distribution to obtain a smaller worst-case
distribution shift. To achieve this, we can approximate the
reciprocal of density or uncertainty via the kernel density
estimator (Zhao et al., 2019; Pitis et al., 2020) or ensemble
(Pathak et al., 2019; Bai et al., 2022).

The Last Term Note that the last term in the above bound
is dependent on the dataset sizem. Therefore, increasing
the size of the dataset through augmentation techniques
can lead to a more tighter upper bound. This gives justi�-
cation to use goal relabeling (Andrychowicz et al., 2017;
Li et al., 2020a) for of�ine GCRL. Relabeling goals with
achieved goals expands the size of the of�ine dataset, which
enables training agents on more diverse state-goal pairs,
subsequently improving an agent's ability to achieve goals
in unknown testing distributions.
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3.4. A Brief Summary

In this section, we have discussed several useful techniques
for OOD generalization from the generalization theory.
These techniques include: (1) weighted imitation learning,
which minimizes the empirical imitation loss; (2) advantage
re-weighting and data selection, which narrow the expert
estimation gap; (3) re-weighting with the reciprocal of den-
sity, which minimizes the worst-case distribution shift; and
(4) goal relabeling, which minimizes the last term related to
the dataset size. Based on our analysis, a weighted imitation
learning framework that integrates all of these techniques is
highly desirable for OOD goal generalization.

4. Algorithm

Motivated by our theoretical insights, we present the GOAT
algorithm, which builds upon the weighted imitation learn-
ing framework of WGCSL (Yang et al., 2022b). The ex-
isting framework already incorporates several techniques
bene�cial for the generalization bound, including goal re-
labeling, advantage re-weighting, and data selection. To
further minimize the generalization bound, GOAT improves
the surrogate expert policy through better value function
estimation and minimizes the worst-case distribution shift
by re-weighting samples with uncertainty, where the uncer-
tainty is introduced as an alternative to the reciprocal of
density.

We denote a trajectory of horizonT in the of�ine dataset
asD = f (st ; at ; r t ; st +1 ; g)g; t 2 [1; T]. As suggested by
our theory, we perform hindsight relabeling (Andrychowicz
et al., 2017) to augment the dataset and obtain the relabeled
dataD relabel = f (st ; at ; r 0

t ; st +1 ; g0)g; t 2 [1; T], where
g0 = � (si ); r 0

t = r (st ; at ; � (si )) ; i � t . We then perform
weighted imitation learning based onD relabel .

Weighted Supervised Policy Learning The overall
weighted imitation learning framework is as follows:

J (� � ) = E(s;a;g 0) � D relabel

�
w(s; a; g0) log � � (ajs; g0)

�
;
(2)

where the weightw contains three parts, i.e., the uncertainty
weight(UW), the exponential advantage weight (EAW) and
the data selection weight (DSW). Formally, we de�ne

w(s; a; g0) = u(s; g0) � exp(�A (s; a; g0)) � � (A(s; a; g0)) ;

whereu is the uncertainty weight to replace the density,
A(s; a; g0) is the advantage function, and� (A(s; a; g0)) =
1[A(s; a; g0) � c] is the DSW. In DSW, the constantc may
be established as the� quantile of advantage values, in
recognition of the fact that the best value for� is more
consistently applicable across different environments. Ad-
ditionally, we also discuss an adaptive variant of DSW and
we refer the readers to Appendix D.10. In the subsequent

section, we mainly focus on how to estimate the advantage
function and the uncertainty weight.

Ensemble Value Functions To better estimate the ad-
vantage value for both EAW and DSW, we trainN ran-
domly initialized value functions. Each of the value function
Qi (s; a; g); 1 � i � N minimizes the TD loss:

L T D = E(st ;a t ;r 0
t ;s t +1 ;g0) � D relabel [L 2(r 0

t +


 Q̂i (st +1 ; � � (st +1 ; g0); g0) � Qi (st ; at ; g0))] :
(3)

In Eq (3), L 2(u) = u2 andQ̂i refers to the target network
of Qi . Although � � is regularized to be near the dataset
policy, it can still produce OOD actions to affect the value
estimation during training. To mitigate this problem, we
can replaceL 2 with the expectile regression (ER):L �

2 (u) =
j� � 1(u < 0)ju2, where� 2 (0; 1).

The group of value function is then leveraged to estimate
the advantage value and the uncertainty weight. Speci�cally,
we utilize the mean of theQ functions to estimateV (s; g0):

V (s; g0) =
1
N

NX

i =1

Qi (s; � � (s; g0); g0)

Then, the advantage value can be estimated by
A(st ; at ; g0) = r (st ; at ; g0) + 
V (st +1 ; g0) � V (st ; g0).

Uncertainty Estimation Estimating the density of high-
dimensional state-goal space is generally challenging. In
this work, we utilize uncertainty to replace density as a
fact that the bootstrapped uncertainty is approximately pro-
portional to the reciprocal of density in tabular MDP (Bai
et al., 2022). The uncertainty is calculated as the standard
deviation of value functions:

Std(s; g0) =

s
P N

i =1

�
Qi (s; � � (s; g0); g0) � V (s; g0))2

N

However, the range ofStd(s; g0) varies for different environ-
ments. To make the uncertainty weight stable, we normalize
the standard deviation to[0; 1]:

Stdnorm (s; g0) =
Std(s; g0) � Stdmin

Stdmax � Stdmin
;

whereStdmax ; Stdmin are the maximum and minimum val-
ues ofStd(s; g0) stored in a First In First Out (FIFO) queue.
Finally, we transformStdnorm (s; g0) to reduce more weight
for data with lower variance and de�ne the uncertainty
weightu(s; g0) as:

u(s; g0) = clip(tanh(Stdnorm (s; g0) � w) + wmin ; 0; 1)
(4)

wherewmin is set to0:5. Intuitively, w is the hyperparam-
eter to adjust the proportion of ranked samples to down-
weight, i.e., the smallerw is, the more data will be down-
weighted, and vice versa.
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(a) (b) (c) (d)

Figure 3.Examples of designed benchmark tasks. (a) Push Left-Right, (b) Slide Near-Far, (c) Reach Near-Far, and (d) Pick Low-High.

5. Experiments

In this section, we introduce a new benchmark consisting of
9 task groups and 26 tasks to evaluate the OOD generaliza-
tion performance of of�ine GCRL algorithms.

5.1. Environments and Experimental Setup

Environments The introduced benchmark is modi�ed
from MuJoCo robotic manipulation environments (Plappert
et al., 2018). Agents aim to move a box, a robot arm, or
a bionic hand to reach desired positions. The reward for
each environment is sparse and binary, i.e., 1 for reaching
the desired goal and 0 otherwise. As listed in Table 1, there
are 9 task groups with a total of 26 tasks, 17 of which are
OOD tasks whose goals are not in the training data. For
example, as shown in Figure 3(a), the dataset of Push Left-
Right contains trajectories where both the initial object and
achieved goals are on the right side of the table. Then the IID
task is evaluating agents with object and goals on the right
side (i.e., Right2Right). The OOD tasks can be generated
by changing the side of the initial object or desired goals.
Following (Yang et al., 2022b), we collect datasets with the
online DDPG+HER agent. More information about the task
design and of�ine datasets can be found in Appendix C.

Experimental Setup We compare GOAT with current
SOTA of�ine GCRL methods, including WGCSL (Yang
et al., 2022b), GoFAR (Ma et al., 2022b), CQL+HER
(Chebotar et al., 2021), GCSL (Ghosh et al., 2019), and
DDPG+HER (Andrychowicz et al., 2017). Besides, we also
include a SOTA ensemble-based of�ine RL methods, MSG
(Ghasemipour et al., 2022), namely “MSG+HER”. To eval-
uate performance, we assess agents across 200 randomly
generated goals for each task and benchmark their average
success rates. More details and additional experiments are
provided in Appendix C and Appendix D.

5.2. Understanding the Uncertainty Weight

In our theoretical analysis, the uncertainty weight (UW)
has the effect of reducing the worst-case distance between
the training and unknown testing distributions. To make
it more clear, we collect 10000 relabeled samples(s; a; g0)

(a) (b)

Figure 4.Correlation between (a) supervised loss, (b) state-goal
distance and the uncertainty rank.

and rank these samples according to the UW in Eq(4). For a
sample(s; a; g0), we record two values, the supervised loss
(i.e.,ka� � � (s; g0)k2

2), and the distance between the desired
goal and the achieved goal (i.e.,k(g0 � � (s))k2

2, short for
“state-goal distance”). Then, we average their values for
every 1000 ranked samples. The results are shown in Figure
4. Interestingly, UW assigns more weights to samples with
larger supervised loss, which may also be related to Dis-
tributionally Robust Optimization (Rahimian & Mehrotra,
2019; Goh & Sim, 2010), thereby improving performance
on worst-case scenarios. Moreover, UW prefers samples
with larger state-goal distance. Since every state-goal pair
(s; g0) de�nes a task froms to g0, UW enhances harder tasks
with larger state-goal distance. In general, OOD goals are
relatively further away than IID goals, which also interprets
why UW works for OOD generalization.

5.3. Generalizing to OOD Goals

Table 1 reports the average success rates of GOAT and other
baselines on the introduced benchmark. We denote GOAT
with expectile regression as GOAT(� ), where� < 0:5. From
the results, we can conclude that OOD generalization is
more challenging than IID tasks. For example, the per-
formance of GoFAR, GCSL, and BC drops by more than
half on OOD tasks. On the contrary, GOAT and GOAT(� )
achieve the highest OOD success rates over 16 out of 17
tasks. Compared with WGCSL, GOAT improves the IID
performance slightly but considerably enhances the OOD
performance.
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Table 1.Average success rates (%) with standard deviation over 5 random seeds. Blue lines and purple lines refer to IID and OOD tasks,
respectively. Top two success rates for each task are highlighted.

Task Group Task GOAT(� ) GOAT WGCSL GCSL BC GoFAR DDPG+HER CQL+HER MSG+HER

Right 100.0� 0.0 100.0� 0.0 100.0� 0.0 93.6� 4.3 92.0� 3.0 100.0� 0.0 99.6� 0.6 100.0� 0.0 99.4� 0.6
Reach Left-Right Left 99.9� 0.2 99.0� 2.0 97.8� 4.4 36.3� 10.9 30.4� 15.2 54.2� 9.3 73.8� 27.6 94.5� 6.3 85.6� 15.7

Average 99.9 99.5 98.9 65.0 61.2 77.1 86.7 97.2 92.5

Near 100.0� 0.0 100.0� 0.0 100.0� 0.0 79.7� 3.0 85.3� 4.3 100.0� 0.0 95.9� 2.0 100.0� 0.0 98.6� 2.8
Reach Near-Far Far 90.9� 1.5 97.6� 1.1 89.0� 2.1 33.5� 5.5 37.9� 9.7 85.0� 1.9 66.8� 6.9 88.0� 2.1 77.8� 9.7

Average 95.4 98.8 94.5 56.6 61.6 92.5 81.4 94.0 88.2

Right2Right 96.2� 1.2 95.9� 1.2 93.2� 0.9 82.1� 3.7 78.9� 3.8 95.9� 1.4 60.1� 6.0 83.3� 2.7 92.8� 0.9
Right2Left 75.6� 3.6 69.3� 6.6 63.3� 8.9 40.1� 6.0 25.6� 2.7 43.8� 4.7 28.5� 4.3 46.2� 7.1 52.9� 6.5

Push Left-Right Left2Right 78.8� 6.8 76.0� 7.4 67.6� 7.1 38.8� 6.8 33.5� 8.1 59.7� 4.3 20.6� 11.5 40.4� 12.1 59.3� 7.7
Left2Left 75.6� 12.1 61.1� 7.6 47.7� 7.4 35.4� 6.6 20.9� 3.2 32.5� 5.8 27.0� 3.8 34.9� 5.9 38.8� 7.9
Average 81.5 75.6 68.0 49.1 39.7 58.0 34.1 51.2 61.0

Near2Near 97.2� 0.7 92.0� 2.6 93.5� 1.0 77.6� 4.7 67.5� 3.6 92.6� 2.2 39.3� 22.4 77.7� 3.9 84.7� 6.1
Near2Far 78.4� 3.5 70.3� 5.7 67.0� 5.4 43.1� 7.2 24.9� 5.9 60.9� 3.8 30.5� 12.1 60.0� 6.2 58.4� 2.1

Push Near-Far Far2Near 70.5� 2.4 69.5� 3.6 68.0� 2.4 47.4� 3.5 40.2� 7.5 65.0� 4.8 25.0� 12.8 61.1� 4.3 56.5� 6.0
Far2Far 55.1� 2.4 50.8� 1.8 51.1� 4.7 27.9� 4.1 15.3� 2.7 41.3� 3.1 18.0� 7.0 47.1� 2.4 41.7� 5.4
Average 75.3 70.6 69.9 49.0 37.0 65.0 28.2 61.5 60.3

Right2Right 96.5� 1.1 97.3� 1.2 93.8� 5.3 53.4� 14.1 52.9� 7.5 56.9� 4.3 40.4� 13.1 91.9� 6.8 94.9� 2.2
Right2Left 87.9� 5.1 88.6� 1.1 89.4� 3.9 20.7� 6.9 5.6� 2.1 9.3� 1.8 52.7� 14.9 82.4� 12.6 89.3� 6.8

Pick Left-Right Left2Right 91.4� 2.3 93.9� 1.9 90.0� 4.1 47.0� 10.9 37.2� 6.4 51.1� 6.5 9.8� 5.7 86.4� 8.6 60.8� 16.5
Left2Left 87.6� 5.7 88.3� 3.7 87.0� 5.1 24.7� 7.8 3.3� 1.4 6.0� 2.0 26.4� 10.9 83.5� 9.1 66.9� 7.0
Average 90.8 92.0 90.0 36.4 24.8 30.8 32.3 86.1 78.0

Low 99.3� 0.5 99.8� 0.2 98.6� 1.3 84.4� 3.6 72.4� 5.4 95.2� 1.6 50.4� 23.9 100.0� 0.0 97.3� 2.2
Pick Low-High High 78.3� 6.3 71.9� 6.4 66.6� 6.6 28.4� 6.9 3.0� 1.6 7.6� 3.1 17.0� 10.2 44.6� 9.2 23.3� 7.8

Average 88.8 85.8 82.6 56.4 37.7 51.4 33.7 72.3 60.3

Right2Right 82.0� 3.2 79.0� 5.8 70.8� 13.5 62.2� 7.0 60.3� 4.7 62.6� 8.7 4.7� 1.5 20.3� 2.5 20.8� 5.0
Right2Left 45.1� 8.8 41.3� 7.1 36.2� 8.6 11.5� 2.0 15.7� 6.0 31.6� 3.9 0.3� 0.4 8.6� 3.0 7.3� 4.9

Slide Left-Right Left2Right 79.6� 2.7 59.0� 7.6 50.7� 12.7 29.1� 4.8 41.8� 7.2 51.0� 10.5 0.2� 0.2 1.7� 0.7 3.6� 4.3
Left2Left 52.5� 8.3 50.1� 9.5 35.3� 11.3 25.5� 5.4 33.7� 10.6 28.2� 2.6 2.1� 1.1 4.3� 2.5 7.1� 3.3
Average 64.8 57.4 48.3 32.1 37.9 43.4 1.8 8.7 9.7

Near 77.4� 4.5 76.9� 3.3 73.1� 5.8 28.0� 7.1 26.6� 8.3 69.3� 2.8 11.3� 4.5 43.5� 3.3 28.3� 9.5
Slide Near-Far Far 25.1� 3.9 29.0� 4.5 17.4� 3.2 0.0� 0.0 0.0� 0.0 24.1� 2.9 4.4� 3.7 7.4� 3.8 2.6� 1.4

Average 51.2 53.0 45.2 14.0 13.3 46.7 7.8 25.5 15.4

Near 72.6� 5.3 71.9� 3.2 70.0� 3.6 0.0� 0.0 0.0� 0.0 77.4� 1.7 0.0� 0.0 1.8� 3.6 0.0� 0.0
HandReach Near-Far Far 33.1� 4.5 38.4� 4.1 31.8� 3.8 0.1� 0.2 0.0� 0.0 36.9� 3.1 0.0� 0.0 0.0� 0.0 0.0� 0.0

Average 52.8 55.2 50.9 0.0 0.0 57.1 0.0 0.9 0.0

Average IID Tasks 91.2 90.3 88.1 62.3 59.5 83.3 44.6 68.7 68.5
OOD Tasks 70.9 67.9 62.1 28.8 21.7 40.5 23.7 46.5 43.1

Figure 5.The coverage of successful goals. The darkness of color
represents the success rate of each goal for 5 random seeds. The
black dotted line is the dividing line between IID and OOD goals.
The IID areas are the right half (top row) and the lower half (bottom
row) rectangles for the two tasks.

While CQL+HER and MSG+HER exhibit better perfor-
mance than GCSL and BC, they are worse than weighted
imitation learning methods WGCSL and GOAT, possibly
due to pessimism restraining generalization. Besides, they

fail on hard tasks such as Slide and HandReach. Another
observation is that although GOAT, WGCSL, GoFAR are
all weighted imitation learning methods, their OOD per-
formance varies signi�cantly, indicating components of
weighted imitation learning also matter. To better under-
stand these components, we will present an in-depth ablation
analysis in Section 5.4.

In Figure 5, we visualize the coverage of successful goals
in Push Left-Right and Pick Low-High tasks, given �xed
initial states at the right center and bottom center, respec-
tively. Each small square represents a goal in the goal space,
and their darkness represents the average success rate for
5 random seeds. The results demonstrate that GOAT has
the largest coverage of successful goals among the base-
lines, including the strong baseline WGCSL. Notably, both
CQL+HER and GCSL exhibit limitations in their capacity
to generalize to unseen goals. Speci�cally, CQL+HER is re-
stricted to the training distribution, whereas GCSL displays
inadequate coverage for even IID goals due to over�tting to
noise. The observed results are also in alignment with our
didactic example in Section 3.1.
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Table 2.Ablations of each component of GOAT.
Success Rate (%) BC +HER +EAW +DSW +Ens + UW + ER

OOD Tasks 21.7 28.8 53.1 62.1 63.4 67.9 70.9
Increment +0 +7 :1 +24:3 +9:0 +1:3 +4:5 +3:0

All Tasks 34.8 50.7 65.4 71.1 72.2 75.7 77.9
Increment +0 +15 :9 +14:7 +5:7 +1:1 +3:5 +2:2

5.4. Ablations

To measure the contribution of each component of GOAT,
we gradually add one component from BC to GOAT and
record the performance increment caused by each compo-
nent. As shown in Table 2, the recorded results are average
success rates of 17 OOD tasks and all 26 tasks. On average,
each component brings improvement for OOD generaliza-
tion of of�ine GCRL. For OOD tasks, EAW and DSW con-
tribute the most by improving the surrogate expert policy for
imitating. Besides, HER and UW also bring considerable
improvement through data augmentation and uncertainty re-
weighting. In addition, ensemble technique (Ens) improves
the estimation of value functions but has the least effect
on the overall performance. Expectile regression (ER) im-
proves the average performance, but slightly reduces OOD
performance on hard tasks such as Slide Near-Far and Han-
dReach as shown in Table 1. Furthermore, we also compare
variants of GOAT with V functions and� 2-divergence in
Appendix D.4.

Figure 6.Online �ne-tuning using DDPG+HER for different pre-
trained agents on FetchPush and FetchPick tasks.

5.5. Online Fine-tuning to Unseen Goals

We design an experiment to �ne-tune pre-trained agents
with online samples to verify whether the generalization
ability of pre-trained agents is bene�cial for online learn-
ing. The pre-trained agents are trained on of�ine datasets
with partial coverage (Right2Right) and �ne-tuned to full
coverage (Right2Right, Right2Left, Left2Right, Left2Left).
We apply DDPG+HER to �ne-tune the policies and value
functions after each episode collection. Additional Gaussian
noise and random actions are applied for exploration. More
detailed description can be found in Appendix D.12.

The experimental results are show in Figure 6, which demon-
strate that (1) most pre-trained agents learn faster than the
randomly initialized agent (namely “random”) and (2) differ-
ent initializations for goal-conditioned agents perform sig-
ni�cantly different during �ne-tuning. Speci�cally, GOAT
outperforms other methods on the ef�ciency of online �ne-
tuning, while CQL, MARVIL (Wang et al., 2018) and GCSL
result in slow-growing curves. We observe that the perfor-
mance of GCSL initialization is similar to that of random
initialization. It is likely that value networks contain valu-
able information for DDPG+HER agents to transfer from
of�ine to online. This also explains why GOAT brings
improvement, as it enhances value function learning via
ensemble and expectile regression.

6. Related Work

Goal-conditioned RL GCRL is a branch of reinforcement
learning where agents need to achieve multiple goals shar-
ing the same environmental dynamics (Schaul et al., 2015;
Andrychowicz et al., 2017). Goal relabeling (Andrychowicz
et al., 2017; Li et al., 2020a; Eysenbach et al., 2020; Yang
et al., 2021a) is an effective technique that handles the sparse
reward problem in GCRL and augments the data for policy
learning. To improve the generalization ability, several prior
works mainly focus on learning generalizable representa-
tions, e.g., combining Successor Feature with UVFA (Ma
et al., 2018; Borsa et al., 2018), decomposingQ value via
Bilinear Value Networks (Hong et al., 2022), and learn-
ing discretization bottleneck representation for goals (Islam
et al., 2022). Han et al. (2021) propose to learn invariant
representation via aligned sampling to tackle the spurious
feature problem. Our work differs from previous works in
that we consider the of�ine GCRL setting, where pessimism
can inhibit OOD generalization.

Of�ine RL and Of�ine GCRL Of�ine RL handles the
distribution shift challenge and learns policies from static
datasets (Levine et al., 2020). Generally, of�ine RL meth-
ods can be divided into two main directions, i.e., policy
regularization and value underestimation. The �rst direction
includes methods that constrain the learned policy to be
close to the behavior policy under certain distance measure
(Wang et al., 2018; Fujimoto et al., 2019; Nair et al., 2020b;
Yang et al., 2021b; Fujimoto & Gu, 2021). Another direc-
tion is to underestimate values for OOD actions (Kumar
et al., 2020; Yu et al., 2021; An et al., 2021; Bai et al., 2022;
Yang et al., 2022a; Ghasemipour et al., 2022). As for of�ine
GCRL, current methods can also be grouped into policy reg-
ularization (Yang et al., 2022b; Ma et al., 2022b) and value
underestimation (Chebotar et al., 2021) methods. Different
from prior works, our work focuses on learning policies
from of�ine data and improving the ability to generalize to
out-of-distribution goals.
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Domain Generalization (DG) DG aims to learn a model
from training domains that can generalize on unseen testing
domains (Zhou et al., 2021a; Wang et al., 2022). Solutions
to DG include data augmentation (Zhou et al., 2020; 2021b),
meta learning (Li et al., 2018; Balaji et al., 2018; Yong et al.,
2023), invariant representation learning (Arjovsky et al.,
2019; Lin et al., 2022a; Zhou et al., 2022; 2023; Lin et al.,
2022b) and distributionally robust optimization (Sagawa
et al., 2019). In reinforcement learning, DG is handled
with data augmentation (Wang et al., 2020), environment
generation (Jiang et al., 2021), and representation learning
(Mazoure et al., 2021; Sonar et al., 2021; Han et al., 2021).
Unlike these works, we mainly consider the covariate shift
and handle pessimism and generalization simultaneously
for OOD generalization of of�ine GCRL.

7. Conclusion

Learning from purely of�ine datasets and generalizing to
unseen goals is one of the pursuits of the RL community. In
this paper, we investigate the problem of out-of-distribution
(OOD) generalization of of�ine GCRL. Through theoreti-
cal analysis and empirical evaluation, we demonstrate that
(1) the choice of of�ine RL methods, particularly weighted
imitation learning, and (2) the techniques to minimize the
generalization bound, are crucial for this problem. With
these insights, we propose GOAT, a new weighted imitation
learning method that achieves strong OOD generalization
performance across a variety of tasks. In the future, we be-
lieve our work will inspire more scalable and generalizable
reinforcement learning research.

8. Limitations

The major limitation of this work is that we mainly consider
algorithmic designs motivated by the OOD generalization
theory. There are many interesting future directions not
included in this paper, e.g., studying representation learning
(Mazoure et al., 2021), goal embeddings (Islam et al., 2022),
world models (Anand et al., 2021; Ding et al., 2022), and
network designs (Lee et al., 2022; Xu et al., 2022; Hong
et al., 2022) to improve OOD generalization for of�ine RL
and of�ine GCRL.
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Appendix

A. Algorithm Pseudo Code

Algorithm 1 GOAT Algorithm
Initialize policy � � andN value functionsQ1; : : : ; QN , and two FIFO queuesBa = fg andBstd = fg ;
for training step= 1 ; 2; : : : do

Sample a mini-batch from the of�ine dataset:f (st ; at ; g; rt ; st +1 )g � D ;
Relabel the mini-batch with a probability ofprelabel : f (st ; at ; g0; r 0

t ; st +1 )g � D relabel ;
Update value functionsQi ; i 2 [1; N ] to minimize Eq (3) with the mini-batch ;
Estimate advantage valuesA(st ; at ; g0) usingQi ; i 2 [1; N ] and store them into the queueBa ;
Get the� percentile advantage value fromBa to calculate the DSW;
Estimate the bootstrapped uncertainty Std(st ; g) and store them intoBstd ;
Compute the UW according to Eq (4);
Update policy� � to maximize the objective in Eq (2) with the mini-batch:

end for

B. Theoretical Proofs

B.1. Useful Lemmas

Lemma B.1. Assume the maximum reward isRmax , For any two goal-conditioned policies� and� E , we have that

V � E (s0; g) � V � (s0; g) �
2Rmax

(1 � 
 )2 Es� d� E (sjs0 ;g)
�
DTV

�
� (�js; g); � E (�js; g)

��

Proof. For any policy� , its value function can be formulated asV � = 1
1� 
 E(s;a ) � � � [r (s; a)] (Puterman, 2014). In the

goal-conditioned setting, we also need to include goals into consideration. Then, we can derive

jV � E (s0; g) � V � (s0; g)j =

�
�
�
�

1
1 � 


E(s;a ) � � � E ( �j s0 ;g) [r (s; a; g)] �
1

1 � 

E(s;a;g ) � � � ( �j s0 ;g) [r (s; a; g)]

�
�
�
�

�
1

1 � 


X

(s;a )2S�A

�
� � � � E (s; ajs0; g) � � � (s; ajs0; g)

�
r (s; a; g)

�
�

�
2Rmax

1 � 

DTV(� � E (�js0; g); � � (�js0; g)) :

With Lemma 5 in (Xu et al., 2020), we comlete the proof:

jV � E (s0; g)� V � (s0; g)j �
2Rmax

1 � 

DTV(� � E (�js0; g); � � (�js0; g)) �

2Rmax

(1 � 
 )2 Es� d� E (sjs0 ;g)
�
DTV

�
� (�js; g); � E (�js; g)

��

Lemma B.2. Assume the maximum reward isRmax , For any two goal-conditioned policies� and� E , we have that

SubOpt(� E ; � ) = E(s0 ;g) � P T
X

[V � E (s0; g) � V � (s0; g)] �
2Rmax

(1 � 
 )2 E ( s 0 ;g ) � P T
X

s � d � E ( s j s 0 ;g )

�
DTV

�
� (�js; g); � E (�js; g)

��

Lemma B.2 is a direct result of combining Lemma B.1 and the de�nition of the suboptimality in Eq (1).

De�nition B.3. For any state-goal distribution� (s; g), we de�ne

" � (� E ; � ) = E(s;g ) � � (s;g )
�
DTV

�
� (�js; g); � E (�js; g)

��
:
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Lemma B.4. For any three policy� 1; � 2; � 3 and any state-goal distribution� , we have:

" � (� 1; � 2) � " � (� 1; � 3) + " � (� 3; � 2)

Proof. This can be proved by noticing thatDT V is a distance metric.

" � (� 1; � 2) = E(s;g ) � � (s;g )
�
DTV

�
� 1(�js; g); � 2(�js; g)

��

� E(s;g ) � � (s;g )
�
DTV

�
� 1(�js; g); � 3(�js; g)

�
+ DTV

�
� 3(�js; g); � 2(�js; g)

��

� " � (� 1; � 3) + " � (� 3; � 2)

Lemma B.5. Assume the expert policy� E is invariant across training and testing domains. For a policy� , we have

"T (� E ; � ) � "S (� E ; � ) + d1(T ; S)

where the variation divergenced1 between two distributionS1 andS2 is de�ned as follows:

d1(S1; S2) = 2 sup
J �X

�
�
�
�
�

X

x 2J

(PS1 (x) � PS2 (x))

�
�
�
�
�
;

Proof. With the de�nition of variation divergence, we have

"T (� E ; � ) = "T (� E ; � ) + "S (� E ; � ) � "S (� E ; � ) � "S (� E ; � ) + j"T (� E ; � ) � "S (� E ; � )j

= "S (� E ; � ) +
1
2

X

(s0 ;g)

jPT
X (s0; g) � PS

X (s0; g)j
X

d� E (sjs0; g)
X

a

j� E (ajs; g) � � (ajs; g)j

� "S (� E ; � ) +
X

(s0 ;g)

jPT
X (s0; g) � PS

X (s0; g)j

� "S (� E ; � ) + d1(T ; S)

Lemma B.6(Generalization Bound for Finite ERM). Consider �nite hypothesis spaceF and bounded loss function in[a; b].
When optimizing empirical loss function̂L (f ) = 1

m

P m
i L (f (x i ); yi ) instead of the expected oneL(f ) = E(x;y ) L (f (x); y),

with probability as least1 � � , the true loss can be bounded as:

L (f ) � L̂ (f ) +

s
(b� a)2(log 2jFj + log 1

� )
2m

Lemma B.6 is a well-known result from (Mohri et al., 2018).

B.2. Proof of Theorem 3.1

Proof. With Lemma B.2 and the de�nition of policy discrepancy on training and testing distributions:

"T (� E ; � ) = E ( s 0 ;g ) � P T
X

s � d � E ( s j s 0 ;g )

�
DTV

�
� (�js; g); � E (�js; g)

��
;

"S (� E ; � ) = E ( s 0 ;g ) � P S
X

s � d � E ( s j s 0 ;g )

�
DTV

�
� (�js; g); � E (�js; g)

��
:

we have

SubOpt(� E ; � ) �
2Rmax

(1 � 
 )2 E ( s 0 ;g ) � P T
X

s � d � E ( s j s 0 ;g )

�
DTV

�
� (�js; g); � E (�js; g)

��
=

2Rmax

(1 � 
 )2 "T (� E ; � )
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Regarding"T (� E ; � ), we use Lemma B.4 and Lemma B.5 to obtain an upper bound:

"T (� E ; � ) � "S (� E ; � ) + d1(T ; S) � "S (�̂ E ; � ) + "S (� E ; �̂ E ) + d1(T ; S)

When we use �nite sample to estimate"S (�̂ E ; � ), the true loss can be bounded with Lemma B.6. Note that theDTV can be
bounded in[0; 1]. Therefore, we can complete the proof. With probability at least1 � � ,

SubOpt(� E ; � ) �
2Rmax

(1 � 
 )2

�
"̂S (�̂ E ; � ) + "S (�̂ E ; � E ) + d1(T ; S) +

s
log 2j� j + log 1

�

2m

�

B.3. Proof of Theorem 3.2

Proof. Step 1. First we explicitly show

sup
Z 2Z

d1(Z; �S) = 2(1 �
1

CjX j
): (5)

On one side, simple algebra shows that the following distributionS0 2 S will induce the distance shown in Eq (5):

PS0(x) =

(
C; if x 2 J ;
0; otherwise:

wherejJ j = 1=C < jX j . On the other hand, we are going to show there is no distribution that can elicit a distance larger
than that in Eq (5). We prove it by contradiction by assuming a distributionS00which has

d1(S00; �S) > 2(1 �
1

CjX j
): (6)

Then there existsJ 00� X such that
�
�
�
�

Z

x 2J 00
(PS00(x) � P �S (x)) dx

�
�
�
� > (1 �

1
CjX j

): (7)

With out loss of generality, we assume
Z

x 2J 00
(PS00(x) � P �S (x)) dx > (1 �

1
CjX j

) (8)

Denote�xJ 00 = 1
jJ 00j

R
x 2J 00 PS00(x)dx. It is clear that�xJ 00 � C. Then the RHS of Eq (8) is

jJ 00j(�xJ 00 �
1

jX j
) = jJ 00j �xJ 00(1 �

1
jX j �xJ 00

) (9)

� (1 �
1

jX j �xJ 00
)j (10)

� (1 �
1

CjX j
); (11)

where the �rst inequality is due tojJ 00j �xJ 00 � 1 and the second inequality is due to�xJ 00 � C. Thus we arrive at a
contradiction. So Eq (6) does not hold. Putting these together, we show that Eq (5) holds.

Step 2. We now proceed to show8S 2 S � ,

sup
Z 2Z

d1(Z; S) > 2(1 �
1

CjX j
): (12)
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We know that for anyS in S� , there exists a subsetJ � X such that

Z

x 2J
PS (x)dx < jJ j =jX j (13)

Let JM be the subset ofX =J which contains the smallest1=C � jJ j points:

J M := min
M�X =J ;jMj =1 =C �jJ j

Z

M
PS (x)dx: (14)

By the de�nition of J M , it is easy to see that the mean density ratioX = (J [ J M ) is larger than that ofJ M ,

1
jX j � 1=C

Z

x 2X =(J [J M )
PS (x)dx �

1
1=C � jJ j

Z

x 2J M

PS (x)dx; (15)

We now proceed to prove (by contradiction) that

1
1=C

Z

x 2J M [J
PS (x)dx < 1=jX j : (16)

We �rst assume

1
1=C

Z

x 2J M [J
PS (x)dx � 1=jX j (17)

By Eq (13) and (17), we have

Z

x 2J M

PS (x)dx >
1=C � jJ j

jX j
; (18)

and further with Eq (15) we have

Z

x 2X =(J [J M )
PS (x)dx >

jX j � 1=C
jX j

: (19)

Putting Eq (19) and Eq (17) together, we have

Z

x 2X
PS (x)dx > 1; (20)

which arrives at a contradiction. So Eq (16) holds. We then constructZ as

PZ (x) =

(
C; if x 2 J [ J M ;
0; otherwise:

(21)

With Eq (21) and Eq (16), we have

Z

x 2J
(PZ (x) � PS (x)) dx > 1 �

1
CjX j

: (22)

So we prove Eq (12).

Putting Step 1 and 2 together, we �nish the proof.
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C. Of�ine Datasets and Implementation Details

C.1. Of�ine Datasets

For the benchmark tasks, of�ine datasets are collected by the �nal online policy trained with HER (Andrychowicz et al.,
2017). Additional Gaussian noise with zero mean and0:2 standard deviation and random actions with probability 0.3 is
used for data collection to increase the diversity, following previous work (Yang et al., 2022b). For the FetchSlide task, we
only use noise with a standard deviation of 0.1 because the behavior policy is already suboptimal. After data collection,
different from (Yang et al., 2022b), we need additional data processing to select trajectories whose achieved goals are all in
the IID region. The IID region is de�ned by each task group, which is shown in Table 3. A special case is the HandReach
task, where we do not divide the dataset due to its high dimensional space and we use different scales of evaluation goals
instead. Compared with prior of�ine GCRL works (Yang et al., 2022b; Ma et al., 2022b), we use relatively smaller datasets
to study the OOD generalization problem. Our datasets encompass trajectories of different length, ranging from 200 to
20000, with each trajectory comprising 50 transitions. A comprehensive summary of this information is presented in Table
3. The dataset division standard refers to the location requirements of initial states and desired goals for IID tasks (e.g.,
Right2Right). For OOD tasks, the initial state or the the desired goal are designed to deviate from the IID requirement (e.g.,
Right2Left, Left2Right, Left2Left).

Table 3.Information about 9 Task Groups and Datasets.
Datasets (Task Group) IID task OOD task Trajectory number Size (M ) Dataset Division Standard

Reach Left-Right Right Left 200 1.6 the gripper's y coordinate value> the initial position
Reach Near-Far Near Far 200 1.6 thel2 distance between gripper and the initial position� 0.15
Push Left-Right Right2Right Right2Left, Left2Right, Left2Left 5000 67 the object's y coordinate value> the initial position
Push Near-Far Near2Near Near2Far, Far2Near, Far2Far 5000 67 thel2 distance between the object and the initial position� 0.15
Pick Left-Right Right2Right Right2Left, Left2Right, Left2Left 5000 67 the object's y coordinate value> the initial position
Pick Low-High Low High 5000 67 the object's z coordinate value< 0.6
Slide Left-Right Right2Right Right2Left, Left2Right, Left2Left 20000 266 the object's y coordinate value> the initial position
Slide Near-Far Near Far 20000 266 the object's x coordinate value� 0.14
HandReach Near-Far Near Far 10000 429 the range of meeting position for two �ngers

Table 4.w and� used for GOAT and GOAT(� ).

Task Group GOAT GOTA(� )

Reach Left-Right w = 1 :5 w = 2 :5; � = 0 :3
Reach Near-Far w = 2 :0 w = 1 :5; � = 0 :1
Push Left-Right w = 2 :5 w = 1 :5; � = 0 :1
Push Near-Far w = 1 :5 w = 2 :5; � = 0 :1
Pick Left-Right w = 1 :0 w = 2 :5; � = 0 :3
Pick Low-High w = 2 :0 w = 1 :5; � = 0 :3
Slide Left-Right w = 1 :5 w = 2 :5; � = 0 :1
Slide Near-Far w = 2 :0 w = 1 :5; � = 0 :3
HandReach Near-Far w = 2 :5 w = 2 :0; � = 0 :1

C.2. Implementation Details

Implementations Following (Yang et al., 2022b; Ma et al., 2022b), value functions and policy networks (along with their
target networks) are all 3-layer MLPs with 256-unit layers and relu activations. We use a batch size of 512, a discount factor
of 
 = 0 :98, and an Adam optimizer with learning rate5 � 10� 4 for all algorithms. We also normalize the observations
and goals with estimated mean and standard deviation. The relabel probabilityprelabel = 1 for most environments except
for Slide Left-Right and Slide Near-Far, whereprelabel = 0.2 and 0.5, respectively. InEAW, the ratio� is set to2 and
EAW is clipped into range(0; M ] for numerical stability, whereM is set to10 in our experiments. ForDSW, we utilize a
First-In-First-Out (FIFO) queueBa of size5 � 104 to store recent calculated advantage values, and the percentile threshold
� gradually increases from0 to � max . We use� max = 80 for all tasks except HandReach and Slide Left-Right, and
� max = 50 for HandReach,� max = 0 for Slide Left-Right. WhenA(s; a; g0) < c andc is the� quantile value ofBa ,
we set� (A(s; a; g0)) = 0 :05 instead of0 following (Yang et al., 2022b). For the uncertainty weight (UW), we useN = 5
ensembleQ networks to calculate the standard deviationStd(s; g) and maintain another FIFO queueBstd to store recent

17



What is Essential for Unseen Goal Generalization of Of�ine Goal-conditioned RL?

Std(s; g) values. TheStd(s; g) values are then normalized to[0; 1] with the maximum and minimum values inBstd . Besides,
wmin is set to 0.5 andw is searched fromf 1; 1:5; 2; 2:5g. In our experiments, we still �ndw is unstable for different tasks.
It is therefore necessary to develop a more stable uncertainty weight estimation method with less hyperparameter tuning in
the future. Regarding the expectile regression (ER), we search� 2 f 0:1; 0:3g because empirical results in Appendix D.5
shows that� 2 f 0:1; 0:3g performs the best. The hyperparametersw and� for GOAT and GOAT(� ) are listed in Table 4.

Baseline Descriptions In our experiments, all the baselines share the same policy and value network structures, as well
as hyperparameters. As regards to WGCSL (Yang et al., 2022b) and GoFAR (Ma et al., 2022b), we use their of�cial
implementations. Denote the original dataset asD and the relabeled dataset asD relabel . In the following part, we introduce
several baselines used in our paper.

• WGCSL: using relabeled of�ine samples to maximize

JW GCSL (� � ) = E(st ;a t ;� (si )) � D relabel [wt;i � log � � (at jst ; � (si ))]

wherewt;i = 
 i � t expclip (�A (st ; at ; � (si ))) � � (A(st ; at ; � (si ))) . In our paper, since we �nd DRW (i.e.,
 i � t ) is not
useful for OOD generalization (see Appendix D.9), we just set DRW=1. Besides,� is set to 2 as GOAT.

• GoFAR:
JGoFAR(� � ) = E(st ;a t ;g) � D [log � � (at jst ; g) max(A(s; a; g) + 1 ; 0)];

where the advantage function is estimated by discriminator-based rewards. The discriminatorc is learned to min-
imize Eg� p(g) [Ep(s;g)

�
logc(s; g)] + E(s;g ) � D [log(1 � c(s; g))]

�
. The value functionV is learned to minimize

(1 � 
 )E(s;g ) � � 0 ;p(g) [V (s; g)] + 1
2 E(s;a;g;s 0) � D [(r (s; g) + 
V (s0; g) � V (s; g) + 1) 2] for V � 0.

• BC: behavior cloning on original of�ine samples to maximizeJBC (� ) = E(st ;a t ;g) � D [log � (at jst ; g)].

• GCSL: using relabeled of�ine dataset to maximizeJGCSL (� � ) = E(st ;a t ;g0) � D relabel [log � � (at jst ; g0)].

• MARWIL+HER : using relabeled of�ine dataset to maximize

JMARWIL+HER(� � ) = E(st ;a t ;g0) � D relabel [log � � (at jst ; g0) exp(�A (st ; at ; g0))] :

We also clip the exponential weight to(0; 10] for numerical stability.� is set to 2 similar to WGCSL and GOAT.

• IQL+HER : using expectile regressionL �
2 , an additionalV network and weighted imitation learning to remove OOD

actions from value estimation. Hyperparameters are set the same as WGCSL, MARVIL and GOAT.

L V ( ) = E(st ;a t ;g0) � D relabel [L �
2 (Q� (st ; at ; g0) � V (st ; g0))]

L Q (� ) = E(st ;a t ;s t +1 ;g0) � D relabel [(r (st ; a; g0) + 
V  (st +1 ; g0) � Q� (st ; at ; g0))2]

J (� � ) = E(st ;a t ;g0) � D relabel [exp (�Q � (st ; at ; g0) � V (s; g0)) log � � (ajst ; g0)]

• CQL+HER : For a fair comparison, we implement CQL on top of DDPG+HER. The objective of CQL+HER is:

JCQL+HER(� � ) = E(st ;g0) � D relabel [Q(st ; � � (st ; g0); g0)]

TheQ function of CQL+HER is learned by minimizing the following loss:

L CQL+HER = E(st ;a t ;s t +1 ;g0) � D relabel

�
(Q(st ; at ; g0) � B � Q(st ; at ; g0))2�

+ � E(st ;g0) � D relabel ;a � exp ( Q)
�
Q(st ; a; g0]

�

whereB� is the Bellman operator.� is the ratio to balance the CQL loss and the TD loss. Another baseline DDPG+HER
is exactly� = 0 .

• MSG+HER: We implement MSG based on ensemble DDPG withN = 5 independentQ networks and an LCB
objective. EachQ network learns to minimize the TD loss in Eq (3). The policy learns to maximize

JMSG + HER (� � ) = E(st ;g0) � D relabel ;a � � � (st ;g0) [
1
N

NX

i =1

Qi (st ; a; g0) � c �
p

Var( Q1(st ; a; g0); : : : ; QN (st ; a; g0))]
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