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Abstract
In this paper, we study offline-to-online Imitation
Learning (IL) that pretrains an imitation policy
from static demonstration data, followed by fast
finetuning with minimal environmental interac-
tion. We find the naı̈ve combination of existing
offline IL and online IL methods tends to behave
poorly in this context, because the initial discrimi-
nator (often used in online IL) operates randomly
and discordantly against the policy initialization,
leading to misguided policy optimization and un-
learning of pretraining knowledge. To overcome
this challenge, we propose a principled offline-to-
online IL method, named OLLIE, that simulta-
neously learns a near-expert policy initialization
along with an aligned discriminator initialization,
which can be seamlessly integrated into online
IL, achieving smooth and fast finetuning. Em-
pirically, OLLIE consistently and significantly
outperforms the baseline methods in 20 challeng-
ing tasks, from continuous control to vision-based
domains, in terms of performance, demonstration
efficiency, and convergence speed. This work may
serve as a foundation for further exploration of
pretraining and finetuning in the context of IL.

1. Introduction
Imitation Learning (IL) provides methods for learning skills
from demonstrations, proving particularly promising in do-
mains such as robot control, autonomous driving, and natu-
ral language processing, where manually specifying reward
functions is challenging but historical human demonstra-
tions are readily accessible (Hussein et al., 2017; Osa et al.,
2018). The current IL methods can be broadly categorized
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into two groups: (i) online IL (Ho & Ermon, 2016; Finn
et al., 2016; Fu et al., 2018) that learns imitation policies
in need of continual interactions with the environment and
(ii) offline IL (Pomerleau, 1988; Kim et al., 2022b; Xu et al.,
2022a) that extracts policies only from static demonstration
data. In general, online IL exhibits superior demonstration
efficiency at the cost of interactional expense and poten-
tial risk (Jena et al., 2021). Offline IL, in contrast, is more
economical and safe but susceptible to error compounding
owing to the covariate shift (Ross & Bagnell, 2010).

These two methodological streams have been largely sep-
arated thus far, which leads to a natural question: can we
combine online and offline IL to get the better parts of both
worlds? One potential solution here is to learn a reward
function from offline demonstrations and subsequently use
it to guide online policy optimization (Chang et al., 2021;
Watson et al., 2023; Yue et al., 2023). However, due to the
intrinsic covariate shift and reward ambiguity, it is highly
challenging to define and learn meaningful reward functions
without environmental interaction (Xu et al., 2022b).1 As a
result, most offline reward learning methods either struggle
with reward extrapolation errors (Watson et al., 2023) or rely
on complex model-based optimization (Chang et al., 2021;
Yue et al., 2023; Zeng et al., 2023; Cideron et al., 2023).
Besides, they suffer from hyperparameter sensitivity and
learning instability, and are not scalable in high-dimensional
environments (Garg et al., 2021; Yu et al., 2022).

Inspired by the success of the pretraining and finetuning
paradigm in vision and language (Brown et al., 2020; He
et al., 2022), another promising way is pretraining with ex-
isting offline IL methods and finetuning using online IL, e.g.,
employing GAIL (Ho & Ermon, 2016) to refine the policy
pretrained from BC (Pomerleau, 1988). Unfortunately, as
shown in our empirical results in Section 4 (also pointed
out by Sasaki et al. (2019); Jena et al. (2021); Orsini et al.
(2021)), the pretrained policies can hardly help and may
even degrade the performance in comparison with online IL
training from scratch. We find that it is the consequence of
discriminator misalignment – GAIL’s initial discriminator
(acting as a local reward function) performs randomly and
inconsistently against the policy initialization. It thus steers

1The reward ambiguity refers to the existence of a large set of
reward functions under which the observed policy is optimal.
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an erroneous policy optimization and induces the policy to
unlearn the pretraining knowledge.

Contributions. In this paper, we bridge this gap by intro-
ducing a principled of�ine-to-online IL method, namely
OffLine-to-onLine Imitation lEarning(OLLIE ). It not only
can provably learn a near-expert of�ine policy from both ex-
pert and imperfect demonstrations but can also derive thedis-
criminator aligning with the policy with no additional com-
putation, enabling the pretrained policy to be fast �netuned
by GAIL at no cost of performance degradation. Speci�-
cally, we �rst deduce an equivalent surrogate objective for
standard IL, allowing for the utilization of imperfect/noisy
data. Then, we employ convex conjugate to transform its
dual problem into a convex-concave Stochastic Saddle Point
(SSP) problem that can be solved with unbiased stochas-
tic gradients in an entirely of�ine fashion. Importantly,
this transformation enables us to extract the optimal policy
simply by weighted behavior cloning while deriving the
corresponding discriminator directly from the components
already obtained. The policy and discriminator can jointly
serve as the initialization ofGAIL , achieving continual and
smooth online �netuning. Notably,OLLIE circumvents
intermediate reward inference and operates in a model-free
manner, thereby well-suited for high-dimensional environ-
ments. In addition, thanks to the effective exploitation of
suboptimal demonstrations,OLLIE can remain performant
even with very sparse expert demonstrations.

In the experiments, we thoroughly evaluateOLLIE on more
than20challenging tasks, from continuous control to vision-
based domains. In of�ine IL,OLLIE achieves consistent
and signi�cant improvements over existing methods, often
by 2-4x along with faster convergence; during �netuning, it
avoids the unlearning issue and achieves substantial perfor-
mance improvement within a small number of interactions
(often reaching the expert within10online episodes).

2. Related Work

In this section, we brie�y introduce related literature due to
space limitation. For a detailed discussion and comparative
analysis, see Appendix A.

Online imitation learning. IL has a long history, with early
efforts using supervised learning to match a policy's actions
to those of the expert (Sammut et al., 1992). Among recent
advances, Ho & Ermon (2016) and the other follow-up Ad-
versarial Imitation Learning (AIL) works (Li et al., 2017;
Fu et al., 2018; Kostrikov et al., 2018; Blondé & Kalousis,
2019; Sasaki et al., 2019; Wang et al., 2019; Barde et al.,
2020; Ghasemipour et al., 2020; Ke et al., 2021; Ni et al.,
2021; Swamy et al., 2021a; Viano et al., 2022; Al-Hafez
et al., 2023), which cast the problem into a game-theoretic
optimization, have been proven particularly successful from

low-dimensional continuous control to high-dimensional
tasks like autonomous driving from pixelated input (Kue�er
et al., 2017; Zou et al., 2018; Ding et al., 2019; Arora &
Doshi, 2021; Jena et al., 2021). However, these methods typ-
ically require substantial environmental interactions, ham-
pering its deployment from scratch in many cost-sensitive
or safety-sensitive domains.

Of�ine imitation learning. The simplest approach to of-
�ine IL is Behavior Cloning (BC) (Pomerleau, 1988) that
directly mimics expert behaviors using regression, whereas
it inevitably suffers from error compounding, i.e., the pol-
icy is not able to recover expert behaviors when it leads
to a state not observed in expert demonstrations (Rajara-
man et al., 2020). Considerable research has been devoted
to developing of�ine IL methods to remedy this problem,
generally divided into two categories:1) direct policy ex-
traction (Jarrett et al., 2020; Kostrikov et al., 2020; Sasaki
& Yamashina, 2021; Garg et al., 2021; Swamy et al., 2021a;
Florence et al., 2022; Kim et al., 2022b; Xu et al., 2022a; Li
et al., 2023b) and2) of�ine Inverse Reinforcement Learning
(IRL) (Reddy et al., 2019; Wang et al., 2019; Brantley et al.,
2020; Zolna et al., 2020; Chan & van der Schaar, 2021;
Dadashi et al., 2021; Chang et al., 2021; Watson et al., 2023;
Yue et al., 2023; Zeng et al., 2023). Yet, due to the dynamics
property of decision-making problems and limited state-
action coverage of of�ine data, purely of�ine learning does
not suf�ce to ensure satisfactory performance in practical
and high-dimensional scenarios.

Of�ine-to-online reinforcement learning. The recipe of
pretraining and �netuning has led to great success in mod-
ern machine learning (Brown et al., 2020; He et al., 2022).
Very recently, numerous efforts sought to translate such a
recipe to decision-making problems, which use of�ine RL
for initializing value functions and policies and subsequently
employ online RL to improve the policy (Lee et al., 2022;
Mark et al., 2022; Song et al., 2022; Ball et al., 2023; Li
et al., 2023a; Nakamoto et al., 2023; Wagenmaker & Pacchi-
ano, 2023; Wang et al., 2023a;b; Yang et al., 2023; Zhang &
Zanette, 2023; Yue et al., 2024). In light of these advances,
a potential solution to of�ine-to-online IL could be abstract-
ing a reward function by of�ine IRL and resorting to RL
for tuning the policy. However, it is highly indirect, and
the reward extrapolation would largely aggravate variance
and bias in both of�ine and online IL (Chang et al., 2021;
Watson et al., 2023; Yue et al., 2023).

To the best of our knowledge, we are the �rst to study of�ine-
to-online IL bypassing intermediate IRL processes.

3. Preliminaries

Markov Decision Process.MDP can be speci�ed by tuple
M := hS; A ; T; R; �; 
 i , with state spaceS, action spaceA ,
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transition dynamicsT : S � A ! P (S), reward function
R : S � A ! R, initial state distribution� 2 P (S), and
discount factor
 2 (0; 1), whereP(S) denotes the set of
distributions overS. A stationary stochastic policy maps
states to distributions over actions as� : S ! P (A). The
objective of RL can be expressed as maximizing expected
cumulative rewards (Puterman, 2014):

max
�

E(s;a ) � � �

�
R(s; a)

�
(1)

where� � is the normalized stationary state-action distribu-
tion (abbreviated as stationary distribution) of policy� :

� � (s; a) := (1 � 
 )
1X

h=0


 h Pr(sh = s; ah = a j T; �; � ):

Imitation learning. IL is the setting where underlying re-
ward signals are not available. Instead, it has access to an
expert dataset, denoted asDe

:= f (si ; ai ; s0
i ))gn e

i =1 , where
(si ; ai ; s0

i ) is the transition collected from an unknown ex-
pert policy (often assumed to be optimal). Denote the state-
action distribution inDe as~� e. The IL problem is typically
cast as divergence minimization between the learning policy
and expert policy,min � D(~� ek� � ), whereD is a divergence
measure such asf -divergence (Ghasemipour et al., 2020).

Online imitation learning. Online IL is the setting where
the IL algorithms are allowed to interact with the MDP.Gen-
erative Adversarial Imitation Learning(GAIL) is a well-
established online IL approach (Ho & Ermon, 2016) build-
ing on Generative Adversarial Networks (GANs) (Goodfel-
low et al., 2014).GAIL learns a discriminatorD : S �A !
(0; 1) to recognize whether a state-action pair comes from
the expert demonstrations, while a generator� mimics the
expert policy via maximizing the local rewards given by the
discriminator. Speci�cally, theGAIL 's learning objective is

min
�

max
D

E� � [logD(s; a)] + E~� e [log(1 � D (s; a))] : (2)

Given� , the optimal discriminator can be expressed by

D � (s; a) =
� � (s; a)

� � (s; a) + ~� e(s; a)
: (3)

In fact,GAIL is minimizing the Jensen-Shannon (JS) diver-
gence between the stationary distributions of the expert and
imitating policies:min � D JS(� � k~� e).

Of�ine imitation learning. Of�ine IL refers to the prob-
lem where IL algorithms cannot get access to the environ-
ments, and they have to extract policies only from demon-
strations.BCis a classical and commonly used of�ine IL
method, whose objective is maximizing the negative log-
likelihood over expert data:max� E(s;a ) �D e [log � (ajs)].
Due to the limited state coverage ofDe, the learned pol-
icy from of�ine IL would suffer from severe compounding

Figure 1.Effect of discriminator alignment. The curves depict the
performance ofGAIL 's online �netuning using the initial policies
pretrained with different of�ine IL methods, except for the red
curve representing running GAIL from scratch. In the left plot,
the GAILs are provided with randomly initialized discriminators;
in the right plot, they are given the discriminators approximately
aligned with the pretrained policies.

errors. Accordingly, many recent methods assume an addi-
tional yet imperfect dataset to supplement the expert data,
represented asDs

:= f (sj ; aj ; s0
j )gn s

j =1 with (sj ; aj ; s0
j ) col-

lected from a (potentially highly suboptimal) unknown be-
havior policy (Kim et al., 2022b; Xu et al., 2022a). We
denote the union dataset of expert and supplementary data
asDo

:= De [ D s of which the state-action distribution is
represented as~� o.2 Clearly, if ~� e(s; a) > 0, ~� o(s; a) > 0.

4. Challenges

In light of the pros and cons of of�ine and online IL, our
focus isof�ine-to-online IL which pretrains a policy initial-
ization from of�ine demonstration data, followed by re�ning
this initialization with online interaction. This paradigm en-
ables us to take bene�ts of both of�ine and online IL. On
one hand, of�ine pretraining can empower online IL with
a warm start, enabling ef�cient online IL at a limited in-
teractional cost. On the other hand, the subsequent online
�netuning serves to rectify the extrapolation error of the
of�ine policy, capable of enhancing the policy's overall
robustness and generalizability.

Yet, achieving effective of�ine-to-online IL is non-trivial.
It has been recognized that pretraining withBChardly im-
proves the performance of online IL (Sasaki et al., 2019;
Jena et al., 2021; Orsini et al., 2021; Watson et al., 2023).
In fact, besidesBC, other of�ine IL methods may encounter
the same issue. In Fig. 1 (left), we depict the �netuning
performance of a variety of recent of�ine IL methods, in-
cludingDWBC(Xu et al., 2022a),MLIRL (Zeng et al., 2023),
andISWBC(Li et al., 2023b) (see Appendix G.3.8 for the
setup and results on more tasks). Albeit with improved of-
�ine IL performance, all these methods suffer performance
degradation at the initial stage of �netuning. The underlying

2If no supplementary data is provided, thenDs = ; .
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rationale of this phenomenon is that the initial discriminator
of GAIL operates randomly and mismatches the warm-start
policy, thus steering an erroneous policy optimization and
inducing the policy to unlearn previous knowledge. To sub-
stantiate this claim, we sample more than 100 trajectories
by rolling out initial policies in environments, based on
which we update initial discriminators suf�ciently before
�netuning. As shown in Fig. 1 (right), it remedies this issue.

Unfortunately, this Monte Carlo method requires extensive
number of sampled trajectories to estimate the policy's sta-
tionary distribution, which is prohibitively expensive. There-
fore, we ask:can we obtain the aligned discriminator more
ef�ciently without repetitive Monte Carlo sampling?

5. Of�ine-To-Online Imitation Learning

In this section, we address the question raised in Section 4
via introducing a principled of�ine IL method. It can fully
utilize both expert and suboptimal data (De; Ds) to learn a
near-expert of�ine policy that enjoys minimal discrepancy
with the expert state-action distribution. More importantly,
after obtaining the learned policy, our method can cleverly
deduce the discriminatoraligned with this policywith no
additional computation or environmental interaction. Next,
we begin by formally introducing the IL formulation and
transforming it to an equivalent form that incorporates sub-
optimal data and can be optimized entirely of�ine.

5.1. A Surrogate Objective for Of�ine IL

The objective of IL can be formulated as minimizing the
reverse KL-divergence between~� e and the stationary distri-
butions of� (Fu et al., 2018; Kostrikov et al., 2020):3

min
�

DKL (� � k~� e) = E(s;a ) � � �

�
log

� � (s; a)
~� e(s; a)

�
: (4)

Directly dealing with Problem (4) hardly exploits supple-
mentary data like Kostrikov et al. (2020). Hence, we revert
the objective to a surrogate form that incorporatesDs:

max
�

E(s;a ) � � �

� ~R(s; a)
�

� DKL (� � k~� o) (5)

where ~R(s; a) := log ~� e (s;a )
~� o (s;a ) serves as an auxiliary reward

function. The equivalence of Eqs. (4) and (5) can be easily
seen via adding and subtractingE� � [log ~� o(s; a)] to Eq. (4).
Notably, the integration of~� o here is not trivial, and later in
Section 5.3, we will show that it enables effective utilization
of dynamics informationwithin the supplementary data.
Remark5.1. While KL-regularized problems have been
studied in the �elds of RL (Nachum et al., 2019b), of�ine
RL (Lee et al., 2022), and of�ine IL (Kim et al., 2022b),

3Due toD JS (pkq) �
p

2D KL (pkq), Problem (4) can be seen
as minimizing an upper bound ofGAIL 's objective.

these solutions either require online interactions or suffer
from biased gradient estimates, not suf�cing guaranteed
performance in of�ine IL (see Appendix A for details).

5.2. Auxiliary Reward Function

Before delving into Problem (5), we �rst describe how to cal-
culate the auxiliary reward function in terms of the density
ratio. In the low-dimensional tabular setting, we can directly
compute~� e(s; a) and~� o(s; a) via the corresponding state-
action counts inDe andDo. However, in high-dimensional
or continuous domains, estimating the densities separately
and then calculating their ratio hardly works well due to
error accumulation. An alternative is to estimate the log
ratio via learning a discriminatord� : S � A ! (0; 1):

max
d

E~� e

�
logd(s; a)

�
+ E~� o

�
log(1 � d(s; a))

�
(6)

where the optimal discriminatord� can recover

~R(s; a) = log
~� e(s; a)
~� o(s; a)

= log
d� (s; a)

1 � d� (s; a)
: (7)

In particular,d� also plays an important role during online
�netuning (Section 5.5).

5.3. Optimizing the Surrogate Problem

We proceed to derive the resolution of Problem (5) that
can operate entirely of�ine without bias. De�ne the set of
stationary distributions satisfying Bellman �ow constraints:

Z :=
�

� : � (s; a) � 0; f s(� ) = 0 ; 8s 2 S; a 2 A
	

(8)

wheref s(� ) := (1 � 
 )� (s) + 

P

a;s 0 T(sjs0; a)� (s0; a) �P
a � (s; a). An elementary result has shown that there ex-

ists a one-to-one correspondence between the policy and its
stationary state-action distribution: if� 2 Z , then� is the
occupancy for policy� � (ajs) := � (s; a)=

P
a0 � (s; a0); and

� � is the only stationary policy with� (Syed et al., 2008,
Theorem 2). Therefore, Problem (5) can be equivalently
written as the following form:

max
� � 0

E(s;a ) � �
� ~R(s; a)

�
� DKL (� k~� o) (9)

s:t : f s(� ) = 0 ; 8s 2 S: (10)

Since the objective and constraints are concave and af�ne
on� respectively, Problem (9)–(10) is a convex optimization
problem. Consider the Lagrangian of the above problem:

L(�; � ) := Es;a � � [ ~R(s; a)] � DKL (� k~� o) +
X

s

� (s)f s(� )

with � the Lagrangian multiplier. Rearranging terms and
pluggingDKL (� k~� o) =

P
s;a � (s; a) log(� (s; a)=~� o(s; a))

in the Lagrangian, we obtain

L(�; � ) =
X

s;a

� (s; a)
�

� � (s; a) � log
� (s; a)
~� o(s; a)

�
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+ (1 � 
 )
X

s

� (s)� (s) (11)

where� � (s; a) := ~R(s; a) + 

P

s0 � (s0)T(s0js; a) � � (s)
(informally, it can be considered as an advantage function
with � treated as the value function). There always exists
� such that� (s; a) > 0 for every s 2 S; a 2 A when
eachs 2 S is reachable under the MDPM . From Slater's
condition, the strong duality holds. To �nd optimal� , we
take the derivative ofL w.r.t. � (s; a):

@L
@�(s; a)

= � � (s; a) � log
� (s; a)
~� o(s; a)

� 1: (12)

Taking @L
@�(s;a ) = 0 yields

� (s; a) = ~� o(s; a) exp
�
� � (s; a) � 1

�
: (13)

Substituting Eq. (13) in Eq. (11), we obtain the dual problem
(slightly abusing notationL) as follows:

min
�

L(� ) := E(s;a ) � ~� o

h
exp

�
� � (s; a) � 1

� i

+ (1 � 
 )Es� �
�
� (s)

�
: (14)

It can be proved thatL (� ) is convex on� (see Appendix B).
However, it is problematic to directly optimize Problem (14),
because the expectation in� � leads to biased stochastic gra-
dients due to double sampling, and the exponential term in
Problem (14) easily causes numerical instability in practice.

Next, we overcome this limitation viaconvex conjugate.4

De�nition 5.2 (Convex conjugate). For an extended real-
value functionf : R ! [�1 ; 1 ], its conjugate is de�ned
by f � (y) := max x yx � f (x).

From the de�nition, lettingf (x) = exp( x� 1), its conjugate
can be expressed as

f � (y) = max
x

yx � exp(x � 1) = y logy: (15)

From (Bertsekas et al., 2003, Proposition 7.1.1), for any
closed, proper and convex functionf , the conjugate of the
conjugate off is againf , i.e.,f �� = f . Replacingx with
� � (s; a), we have

exp
�
� � (s; a) � 1

�
= max

y(s;a )
� � (s; a)y(s; a)

� y(s; a) log y(s; a) (16)

Plugging Eq. (16) in Problem (14) and rearranging terms,
the dual problem is equivalent to a min-max problem:

min
�

max
y

F (�; y ) := E(s;a ) � ~� o

�
� � (s; a)y(s; a) � y(s; a)

4Slightly abusing notations, we use `� ' to mark both optimal
solutions and conjugates to keep consistent with the literature,
which can be recognized from the context.

� logy(s; a)
�

+ (1 � 
 )Es� � [� (s)]: (17)

SinceF (�; y) is convex with �xedy, andF (�; �) is concave
with �xed � , the minimax theorem holds (Du & Pardalos,
1995), and Problem (17) is in fact a convex-concave Stochas-
tic Saddle Point (SSP) problem. For a transition(s; a; s0),
denote~� � (s; a; s0) as

~� � (s; a; s0) := ~R(s; a) + 
� (s0) � � (s): (18)

Thus, we obtain the unbiased counterpart of Problem (17):

min
�

max
y

~F (�; y ) := E(s;a;s 0) �D o

� ~� � (s; a; s0)y(s; a)

� y(s; a) log y(s; a)
�

+ (1 � 
 )Es�D o (s0 ) [� (s)]: (19)

Remark5.3. Problem (17) is well-suited for practical com-
putation. First, unbiased estimates of both the objective and
its gradients are easy to compute using transition samples.
Second, it can be shown that Problem (19) enjoys a con-
vergence rate ofO(1=�) in terms of the duality gap (by Ne-
mirovski's mirror-prox algorithm) (Nemirovski, 2004) and
a �nite-sample generalization bound ofO(1=

p
ne + ns)

under mild assumptions (Zhang et al., 2021). More impor-
tantly, the optimum ofy can be directly used for of�ine
policy extraction as well as the follow-up computation of
the discriminator initialization (see Sections 5.4 and 5.5).
Remark5.4. How to extract useful information from imper-
fect data remains an open problem in of�ine IL. In contrast
to existing works that �t a world model (Yue et al., 2023;
Zeng et al., 2023) or shift the prime objective (Kim et al.,
2022b; Xu et al., 2022a) (see Appendix A), Problem (17)
enables effective utilization of dynamics information within
De; Ds in a entirely of�ine, model-free, and unbiased man-
ner, achieving a correct exploitation of suboptimal data and
a mitigation of the covariate shift.

5.4. Of�ine Policy Extraction

From Eq. (13), given optimal� � , optimal� � is expressed as

� � (s; a) = ~� o(s; a) exp
�
� � � (s; a) � 1

�
: (20)

Based on Syed et al. (2008, Theorem 2), the corresponding
policy of � � satis�es

� � (ajs) =
� � (s; a)

P
a0 � � (s; a0)

/ ~� o(s; a) exp
�
� � � (s; a) � 1

�
:

(21)

From Eq. (11), direct calculating� � � (s; a) involves esti-
mating an advantage-like function and can result in much
additional computation. Fortunately, taking@F

@y(s;a ) = 0 , we
immediately obtain

y� (s; a) = exp( � � � (s; a) � 1) (22)
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wherey� is the optimum (saddle point) of Eq. (17). There-
fore, we can sidestep �tting� � � (s; a) and calculate the opti-
mal policy directly from

� � (ajs) =
~� o(s; a)y� (s; a)

z(s)
(23)

wherez is the partition function. We provide two options to
extract the policy.

1) Reverse KL-divergence.From Eq. (7), denoteq(s; a) as

q(s; a) := ~� e(s; a)y� (s; a)
�

1
d� (s; a)

� 1
�

: (24)

Similarly toSAC(Haarnoja et al., 2018), we can learn the
policy via solving the following reverse KL-divergence:

min
�

J (� ) = Es�D o

�
DKL

�
� (�js)










q(s; �)
z(s)

��
(25)

which can be optimized via reparametrization in practice.

2) Forward KL-divergence.Consider the following forward
KL-divergence between� � and the learning policy:

Es� � �

�
DKL (� � (�js)k� (�js))

�

= Es� � �

h
Ea� � � ( �j s)

�
log � � (ajs) � log � (ajs)

� i

, E(s;a ) � � �

�
� log � (ajs)

�

= E(s;a ) � ~� o

�
�

� � (s; a)
~� o(s; a)

log � (ajs)
�

(26)

where we omitE(s;a ) � � � [log � � (ajs)] due to its indepen-
dency to� . From Eqs. (20) and (22), the importance weight
in Eq. (26) can be computed as

� � (s; a)
~� o(s; a)

= exp
�
� � � (s; a) � 1

�
= y� (s; a): (27)

Substituting Eq. (27) in Eq. (26), we can extract the policy
via the following weighted behavior cloning:

max
�

J (� ) = E(s;a ) �D o

�
y� (s; a) log � (ajs)

�
(28)

If we consider� � � as an advantage function, the instantiation
is consistent with the of�ine RL method,MARWIL(Wang
et al., 2018). In addition, a keen reader may �nd the form
of Eq. (28) bears a resemblance toDemoDICE(Kim et al.,
2022b) andISWBC(Li et al., 2023b). We elaborate on their
fundamental difference in Appendix A.

5.5. Aligned Discriminator

Now, we obtain a near-expert of�ine policy� � . As men-
tioned earlier, effective �ntuning for an of�ine policy ne-
cessitates a well-aligned discriminator which is often data-
hungry. However, surprisingly, we �nd that the discrimi-
nator for� � can be directly deduced from the components

we have already obtained! Speci�cally, from Eq. (3), the
discriminator for� � in GAIL can be expressed as

D0(s; a) :=
� � (s; a)

� � (s; a) + ~� e(s; a)
=

�
1 +

~� e(s; a)
� � (s; a)

� � 1

(29)

with � � de�ned in Eq. (13). From Eqs. (7), (20) and (22),

D0(s; a) =
�

1 +
~� e(s; a)
~� o(s; a)

�
~� o(s; a)
� � (s; a)

� � 1

=

 

1 +
d� (s; a)

1 � d� (s; a)
�

1
exp

�
� � � (s; a) � 1

�

! � 1

=
�

1 +
d� (s; a)

1 � d� (s; a)
�

1
y� (s; a)

� � 1

: (30)

Therefore, discriminator aligned with� � can be elegantly
derived by simplystitchingd� andy� , both of which are
already accessible from the pretraining phase, with no addi-
tional computation or data collection!

5.6. Implementation with Function Approximation

In practical high-dimensional and continuous domain, we
use function approximation ford, � , y, and� , parameterized
by � d, � � , � y , and� , respectively. We solve the minimax
problem (19) byapproximating dual descent, which con-
verges under convexity assumptions (Boyd & Vandenberghe,
2004) and works very well in the case of nonlinear func-
tion approximators (see Appendix G.3.4). We employ the
forward policy extraction in experiments (a comparison of
forward and reverse updating is included in Appendix G.3.7).
During online �netuning, we build the initial discriminator
by connecting the parameters of� d and� y learned of�ine:

D � y ;� d (s; a) =

 

1 +
� d(s; a)

1 � � d(s; a)
�

1
� y (s; a)

! � 1

: (31)

Then, we use a standard implementation ofGAIL to con-
tinue training the policy and discriminator in the environ-
ment. We term our proposed methodOffLine-to-onLine
Imitation lEarning(OLLIE ). The pseudocode is outlined in
Algorithm 1, where~r denotes the batch gradient.

6. Extensions

In this section, we �rst extend our method to reward scaling
that can be exploited to stabilize training by ensuring the
auxiliary rewards with lower variance (Rafailov et al., 2023;
Fu et al., 2020). Subsequently, we generalize our method to
undiscounted cases, followed by a discussion on a byproduct
for of�ine RL. For ease of exposition, this section overloads
some notations like� � when clear from the context.
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Algorithm 1 Of�ine-to-online imitation learning (OLLIE )

1: Initialize parameters� d, � � , � y , and�
2: // Offline phase
3: Estimate reward function~R via Eqs. (6) and (7)
4: for i = 1 to n do
5: � �  � � � � � ~r � �

~F (� � ; � y )
6: � y  � y + � y ~r � y

~F (� � ; � y )
7: end for
8: for i = 1 to n0 do
9: �  � � � � ~r J (� � )

10: end for
11: // Online phase
12: Initialize discriminatorD � y ;� d (s; a) by Eq. (31)
13: RunGAIL to update� � andD � y ;� d (s; a)

Reward scaling. For � > 0; � � 0, consider the reward
is scaled by~R� (s; a) := � ~R(s; a) + � . Using analogous
derivation from Eq. (9) to Eq. (17) – building the Lagrangian
and exploiting convex conjugate to transform the dual prob-
lem – we can deduce the following minimax problem:

min
�

max
y

� E(s;a ) � ~� o

�
� � (s; a)y(s; a) � � log(�y (s; a))

� y(s; a)
�

+ (1 � 
 )Es� �
�
� (s)

�
(32)

where� � (s; a) = ~R� (s; a) + 

P

s0 � (s0)T(s0js; a) � � (s).
Similarly to Eqs. (13)–(23), the of�ine policy still follows
Eq. (23). Based on Eq. (30), the discriminator of� � satis�es

D0(s; a) =
�

1 +
d� (s; a)

1 � d� (s; a)
�

1
�y � (s; a)

� � 1

: (33)

The detailed derivation can be found in Appendix C.

Undiscounted case.In the undiscounted case where
 = 1 ,
the stationary distribution is expressed as

� � (s; a) = lim
H !1

1
H

H � 1X

h=0

Pr(sh = s; ah = a j T; �; � )

which renders Problem (9)–(10) ill-posed.5 This can be over-
come by introducing an additional normalization constraintP

s;a � (s; a) = 1 to the original problem. Represent� as
the Lagrangian multiplier for the normalization constraint.
Following the same line from Eq. (9) to Eq. (14), the dual
problem changes to

min
�;�

max
y

E(s;a ) � ~� o

�
� � (s; a)y(s; a) + �y (s; a)

� y(s; a) log y(s; a)
�
: (34)

Accordingly, the policy and discriminator match Eqs. (23)
and (30), respectively (see Appendix D for details).

5If � � is the optimum,a� � is still the optimizer for anya > 0.

A byproduct. Given underlying reward signalR(s; a) in-
stead of~R(s; a), Problem (5) matches a formulation of of-
�ine RL (Lee et al., 2021). Thus, our method can be directly
applied to of�ine RL. We delve into it in Appendix E.

7. Experiment

In this section, we use experimental studies to evaluate our
proposed method by answering the main questions:

Q1. How does it perform in of�ine IL and online �netuning
compared to existing methods across various bench-
marks, especially in high-dimensional environments?

Q2. How is the performance affected by factors such as
the number of expert/imperfect demonstrations and the
quality of imperfect data?

Q3. What are the effects of components like the discrimina-
tor initialization and policy extraction approaches?

Experimental details, full results, and ablations are elabo-
rated in Appendices F, G and G.3 due to space limitation.

7.1. Experimental Setup

Environments and datasets.We run experiments with 5 do-
mains including 21 tasks: 1) AntMaze (umaze, medium,
large ), 2) Adroit (pen , hammer, door , relocate ),
3) MuJoCo (ant , hopper , halfcheetah , walker2d ),
4) FrankaKitchen (complete , partial , undirect ),
5) vision-based Robomimic (lift , can , square ), and
6) vision-based MuJoCo. Speci�cally, the MuJoCo domain
consists of 4 tasks that are popularly used to evaluate OL-
LIE's basic effectiveness in of�ine RL/IL. The Adroit bench-
marks require controlling a 24-DoF robotic hand and have
narrow expert data distributions, which can demonstrate OL-
LIE's capabilities in dealing with more dif�cult robot manip-
ulation tasks. The AntMaze tasks require composing parts
of suboptimal trajectories to form more optimal policies
for reaching goals, thereby capable of evaluating OLLIE's
capability in effectively utilizing imperfect demonstrations.
Analogously, results on FrankaKitchen can demonstrate the
imperfection-leveraging capability of OLLIE, but the tasks
are non-navigation and more challenging than AntMaze
due to the need of precise long-horizon manipulation. The
image-based Robomimic and Mujoco (including 7 tasks) are
employed to test OLLIE's scalability to high-dimensional
environments.

Figure 2.Benchmark environments. From left to right: AntMaze,
MuJoCo, Adroit, FrankaKitchen, and vision-based Robomimic.
We also consider vision-based MuJoCo with image observations.
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Table 1.Normalized performance in of�ine IL under limited expert demonstrations and low-quality imperfect data with varying qualities.
Uncertainty intervals depict standard deviation over �ve seeds. Expert trajectories are sampled fromexpert of D4RL(1 trajectory for
MuJoCo and 10 for Adroit), and imperfect trajectories are sampled from the datasets listed in the second column (1000 for each task). In
MuJoCo, the trajectory length is less than 1000; in Adroit, it is less than 100. The third column comprises average normalized scores of
imperfect data.medium-replay andmedium-expert is abbreviated tomed.-rep. andmed.-exp. , respectively.

Task Imperfect data Score BC NBCU CSIL DWBC MLIRL ISWBC OLLIE (ours)

ant

random 9:2 � 10:7 � 11:7 31:1 � 7:0 2:8 � 1:3 24:5 � 1:1 39:3 � 9:0 30:4 � 7:7 57:1 � 7:0
med.-rep. 19:0 � 10:7 � 11:7 27:0 � 6:0 61:0 � 3:6 29:5 � 1:3 57:9 � 5:1 48:5 � 3:8 74:2 � 6:1
medium 80:3 � 10:7 � 11:7 45:0 � 5:2 78:2 � 8:4 51:6 � 3:7 63:4 � 2:5 59:0 � 4:7 84:9 � 2:0
med.-exp. 90:1 � 10:7 � 11:7 70:5 � 2:0 100:5 � 2:2 79:2 � 8:8 76:1 � 7:8 94:1 � 2:7 123:9 � 3:1

halfcheetah

random � 0:1 0:2 � 1:0 2:2 � 0:1 22:9 � 2:8 0:0 � 0:0 23:8 � 1:0 13:7 � 3:0 35:5 � 4:0
med.-rep. 7:3 0:2 � 1:0 36:1 � 5:1 59:9 � 4:4 36:0 � 7:5 77:8 � 2:4 87:5 � 3:0 44:8 � 4:1
medium 40:7 0:2 � 1:0 23:8 � 9:0 62:6 � 9:9 35:1 � 9:7 64:3 � 1:9 83:6 � 3:2 62:3 � 4:2
med.-exp. 70:3 0:2 � 1:0 36:1 � 15:2 101:6 � 1:5 5:7 � 3:3 89:7 � 5:5 97:2 � 1:2 114:3 � 2:0

hopper

random 1:2 17:8 � 5:4 6:6 � 3:9 17:1 � 6:8 77:8 � 12:7 54:7 � 16:7 64:7 � 9:9 71:1 � 3:5
med.-rep. 6:8 17:8 � 5:4 29:1 � 4:2 28:7 � 8:3 78:9 � 2:0 68:5 � 17:9 90:3 � 3:1 101:0 � 2:5
medium 44:1 17:8 � 5:4 24:9 � 14:0 49:3 � 4:3 90:6 � 3:0 68:0 � 14:2 73:0 � 7:8 98:7 � 7:0
med.-exp. 72:0 17:8 � 5:4 111:7 � 1:3 96:7 � 3:6 100:8 � 2:1 95:0 � 6:0 97:6 � 1:6 108:5 � 1:7

walker2d

random 0:0 4:6 � 3:9 0:0 � 0:0 8:1 � 5:6 56:9 � 11:6 49:9 � 6:7 48:2 � 4:7 59:8 � 8:5
med.-rep. 13:0 4:6 � 3:9 7:4 � 5:0 27:6 � 4:3 53:7 � 4:6 67:6 � 7:2 69:5 � 3:2 79:0 � 2:3
medium 62:0 4:6 � 3:9 23:9 � 2:7 92:9 � 3:7 67:0 � 7:8 78:5 � 5:5 56:0 � 8:0 111:7 � 0:9
med.-exp. 81:0 4:6 � 3:9 11:6 � 8:4 99:5 � 2:7 92:6 � 5:4 90:0 � 7:8 88:0 � 3:5 120:2 � 4:4

hammer
human 2:7 5:7 � 6:8 0:0 � 0:0 16:7 � 8:9 6:6 � 8:3 1:0 � 0:1 6:5 � 5:1 46:1 � 6:5
clone 0:5 5:7 � 6:8 0:3 � 0:1 14:2 � 5:6 3:3 � 2:8 1:6 � 1:0 2:8 � 2:3 51:5 � 4:4

pen
human 2:1 40:3 � 10:3 3:2 � 9:8 39:0 � 5:6 42:8 � 19:3 18:7 � 2:6 49:5 � 2:9 67:4 � 5:6
clone 59:9 40:3 � 10:3 1:0 � 1:0 45:6 � 4:7 48:0 � 3:9 23:4 � 1:5 51:3 � 6:9 68:0 � 1:6

door
human 2:6 2:8 � 3:9 0:0 � 0:0 24:8 � 3:6 0:0 � 0:0 1:0 � 0:8 2:9 � 2:1 28:9 � 2:9
clone � 0:1 2:8 � 3:9 0:0 � 0:0 21:6 � 2:1 1:0 � 1:0 1:0 � 1:0 1:0 � 1:0 31:9 � 4:9

relocate
human 2:3 0:0 � 0:0 0:0 � 0:0 7:7 � 8:8 0:0 � 0:0 1:0 � 0:2 0:0 � 0:0 31:2 � 5:8
clone � 0:1 0:0 � 0:0 0:0 � 1:0 10:2 � 4:4 1:0 � 1:0 1:0 � 1:0 1:0 � 1:0 40:8 � 6:9

During of�ine training, we use theD4RLdatasets (Fu et al.,
2020) for AntMaze, MuJoCo, Adroit, and FrankaKitchen
and use therobomimic (Mandlekar et al., 2022) datasets
for vision-based Robomimic. We construct vision-based
MuJoCo datasets using the same method introduced in Fu
et al. (2020). Details on environments and datasets can be
found in Appendices F.1 and F.2.

Baselines.We evaluate our method against four strong of-
�ine IL methods,DWBC(Xu et al., 2022a),ISWBC(Li et al.,
2023b),MLIRL (Zeng et al., 2023), andCSIL (Watson
et al., 2023), all of which can utilize imperfect demonstra-
tions (see Appendices A and F.3 for more information). We
also compare our method withBCand its counterpart with
union of�ine data, termedNBCU(Li et al., 2023b).

Reproducibility. All details of our experiments are pro-
vided in the appendices in terms of the tasks, network archi-
tectures, hyperparameters, etc. We implement all baselines
and environments based on open-source repositories. The
code is available at https://github.com/HansenHua/OLLIE-
of�ine-to-online-imitation-learning. Of note, our method is
robust in hyperparameters, identical for all tasks except for
the change of neural nets to CNNs in vision-based domains.

7.2. Experimental Results

7.2.1. PERFORMANCE INOFFLINE IL

We evaluateOLLIE 's performance in of�ine IL across all
benchmark environments, with 1000 sampled imperfect tra-
jectories and varying numbers of expert trajectories (ranging
from 1 to 30 in AntMaze and MuJuCo, from 10 to 300 in
Adroit and FrankaKitchen, and from 25 to 200 in vision-
based MuJoCo and Robomimic). The employed datasets
can be found in Table 4. We present two selected results in
Fig. 3 and provide full results in Appendix G.1.1.OLLIE
consistently and signi�cantly outperforms existing methods
in terms of performance, convergence speed, and demon-
stration ef�ciency, especially in challenging robotic manipu-
lation and vision-based domains. For example, with limited
expert data,OLLIE outperforms baseline methods often by
2-4x and converges often within0.2msteps (Figs. 11 to 22).

We also run experiments with different qualities of imper-
fect data. As showcased in Table 1,OLLIE surpasses the
baselines in20/24settings by wide margins, corroborating
its robustness and superiority in of�ine IL. Learning curves
are provided in Appendix G.1.2.
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Figure 3.Comparative performance in of�ine IL with varying ex-
pert demonstrations. The scores are normalized and averaged over
5 seeds with standard deviation depicted by uncertainty intervals.

7.2.2. PERFORMANCE INONLINE FINTUNING

After obtaining pretrained policies, we examine the �netun-
ing performance under different quantities of expert demon-
strations. Fig. 4 showcases two selected results, and Ap-
pendix G.2 includes comprehensive results for all tasks. We
�nd OLLIE not only avoids the unlearning phenomenon but
also hastens online training. For example, as demonstrated
in Fig. 4 (right),OLLIE improves the of�ine performance
by 2x with fewer than10 environmental episodes. Impor-
tantly, even in challenging tasks like vision-basedcan and
square whereGAIL from scratch fails (Fig. 36),OLLIE
performs well. This underscores the signi�cance of effective
pretraining in the context of IL.

Figure 4.End-to-end performance from of�ine pretraining to on-
line �netuning. The results are normalized and averaged over 5
seeds with standard deviation depicted by uncertainty intervals.

8. Limitation and Discussion

In this paper, we study of�ine-to-online IL that pretrains
a good policy initialization, followed by online �netuning
with minimal interaction. First, we derive a surrogate objec-
tive for standard IL, of which the dual problem is convex.
Then, we employ the convex conjugate to transform the dual
problem into a convex-concave SSP that can be optimized
with unbiased stochastic gradients in an entirely of�ine fash-
ion. Importantly, the transformation enables us to directly
extract the optimal policy using weighted behavior cloning
and deduce its corresponding discriminator which can be
seamlessly used inGAIL to achieve continual learning. We

believe our method can bene�t many real-world domains in-
cluding robotics, autonomous driving, and foundation model
training where designing a reward function is challenging,
while environmental interaction is necessary yet costly.

A limitation of OLLIE is theGAIL-based �netuning. The
on-policy and adversarial nature ofGAIL may lead to sam-
ple inef�ciency and training instability in some scenarios.
An avenue for future work is to renderOLLIE compatible
with non-adversarial or off-policy IL methods. In addition,
OLLIE 's connection with of�ine RL suggests there is scope
to bridge of�ine IL and of�ine RL. Another future direction
is to explore the best utilization of unlabeled data in of�ine
RL with the aid of IL.
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A. Related Work (Extended)

In this section, we discuss recent relevant literature in detail. We shed more light on the differences and strengths of the
proposed methods in comparison with the existing of�ine IL counterparts.

A.1. Online Imitation Learning

Imitation learning has a long history (see Osa et al. (2018); Arora & Doshi (2021) for comprehensive overviews). Classical
IL methods often cast IL as IRL to improve the ef�ciency in utilization of expert demonstrations (Russell, 1998; Ng &
Russell, 2000; Abbeel & Ng, 2004; Ratliff et al., 2006; Syed & Schapire, 2007; Ziebart et al., 2008; Levine et al., 2010;
2011; Choi & Kim, 2013). Yet, these methods are computationally prohibitive because they require repetitively running
RL as intermediate steps. In the seminal work (Ho & Ermon, 2016), the authors introduceGAIL that circumvents the
inner-loop RL via building the connection between IL and GAN (Goodfellow et al., 2014). It trains a discriminator network
to distinguish between the state-actions `generated' by the expert and the learning policy; the discriminator in turn acts as a
local reward function guiding the policy to take expert behaviors.GAIL and its follow-up AIL works (Li et al., 2017; Fu
et al., 2018; Kostrikov et al., 2018; Blondé & Kalousis, 2019; Sasaki et al., 2019; Wang et al., 2019; Barde et al., 2020;
Ghasemipour et al., 2020; Ke et al., 2021; Ni et al., 2021; Swamy et al., 2021a; Viano et al., 2022; Al-Hafez et al., 2023) have
been proven particularly successful from low-dimensional continuous control to complex and high-dimensional domains
like autonomous driving from raw pixels as input (Kue�er et al., 2017; Zou et al., 2018; Ding et al., 2019; Arora & Doshi,
2021; Jena et al., 2021). In theory, Chen et al. (2019); Zhang et al. (2020); Guan et al. (2021) establish guarantees forGAIL
in terms of global convergence and generalization. However, the AIL methods are typically resource-intensive as they
require sampling a large number of trajectories during training to approximate the stationary distribution of the learning
policy. This nature is inherently risky and costly, particularly in the initial stage where the policy performs randomly, thereby
precluding the use of these methods in settings where interactions with the environment are expensive and limited such as in
autonomous driving and industrial processes. There is a clear need for IL methods with minimal environmental interactions.

A.2. Of�ine Imitation Learning

The simplest approach to of�ine IL isBC(Pomerleau, 1988) that directly mimics the behavior using regression, whereas it is
fundamentally limited by disregarding dynamics information in the demonstration data. It is prone to covariate shift and
inevitably suffers from error compounding, i.e., there is no way for the policy to learn how to recover if it deviates from the
expert behavior to a state not seen in the expert demonstrations (Rajaraman et al., 2020). Considerable research has been
devoted to developing new of�ine IL methods to remedy this problem, which can be generally divided into two categories,
of�ine IRL anddirect policy extraction. We discuss them in what follows.

Of�ine inverse reinforcement learning. Of�ine IRL aims at learning a reward function from of�ine datasets to comprehend
and generalize the underlying intentions behind expert behaviors (Lee et al., 2019). Zolna et al. (2020) proposeORIL that
constructs a reward function to discriminate expert and exploratory trajectories, followed by an of�ine RL progress. Chan &
van der Schaar (2021) use a variational method to jointly learn an approximate posterior distribution over the reward and
policy. Garg et al. (2021) simplify the AIL game-theoretic objective over policy and reward functions to an optimization over
the softQ-function which implicitly represents both reward and policy. Watson et al. (2023) study a problem related to this
work on how to improve theBCpolicy using additional experience. They developCSIL that exploits aBCpolicy to de�ne
an estimate of a shaped reward function that can then be used to �netune the policy using online interactions. Unfortunately,
the heteroscedastic parametric reward functions have unde�ned values beyond the of�ine data manifold and easily collapse
to the reward limits due to the Tanh transformation and network extrapolation. The reward extrapolation errors may induce
the learned reward functions to incorrectly explain the task and misguide the agent in unseen environments (Yue et al., 2023).

To deal with this problem, recent works on of�ine IRL focus more on model-based methods. Chang et al. (2021) introduce
MILO that uses a model uncertainty estimate to penalize the learning reward function on out-of-distribution state-actions.
Yue et al. (2023) incorporate an additional conservatism term to the MaxEnt IRL framework (Ziebart et al., 2008), implicitly
penalizing out-of-distribution behaviors from model rollouts. Analogously, Zeng et al. (2022) proposeMLIRL that can
recover the reward function, whose corresponding optimal policy maximizes the likelihood of observed expert demonstrations
under a learned conservative world model. However, these model-based approaches introduce additional dif�culty in �tting
the world model and struggle to scale in high-dimensional environments.

Direct policy extraction. Jarrett et al. (2020) proposeEDMto enable sampling from an energy-based psuedo-state visitation
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distribution of the learning policy rather than actual online rollouts; however, it has been questioned that the psuedo-state
distribution might be disconnected from the learning policy's true state distribution (see Swamy et al. (2021b)). Sasaki
& Yamashina (2021) analyze why the imitation policy trained byBC deteriorates its performance when using noisy
demonstrations. They reuse an ensemble of policies learned from the previous iteration as the weight of the originalBC
objective to extract the expert behaviors. However, this requires that expert data occupies the majority proportion of the
of�ine dataset, otherwise the policy will be misguided to imitate the suboptimal data. Florence et al. (2022) propose
to reformulateBCusing implicit models. They empirically show that it is bene�cial to use a conditional energy-based
model to represent the policy instead of feed-forward neural networks in the domain of robotic control. Xu et al. (2022a)
introduceDWBCthat exploits a crafted discriminator to distinguish the expert and imperfect data, the outputs of which
weights the policy likelihood inBC, with the aim of imitating the noisy demonstrations selectively. Yet,DWBCincorporates
the density of the learning policy into the input of the discriminator, losing a rigorous connection with the IL objective.
Analogously,ISWBC(Li et al., 2023b) weightBCby the density ratio of empirical expert data and union of�ine data,
whereas its performance can be guaranteed only when the of�ine data cover thestationary state-action distributionof the
expert (Li et al., 2023b, Theorem 3), which is often impractical. In particular, although our reverse KL-regularized policy
extraction in Eq. (28) is similar to the form of weightedBC, there exists a fundamental difference in the form of importance
weights:

ISWBC: max
�

E(s;a ) � ~� o

�
~� e(s; a)
~� o(s; a)

log � (ajs)
�

, min
�

Es� ~� e

�
DKL (~� e(�js)k� (�js))

�
(35)

OLLIE: max
�

E(s;a ) � ~� o

�
� � (s; a)
~� o(s; a)

log � (ajs)
�

, min
�

Es� � �

�
DKL (� � (�js)k� (�js))

�
(36)

where~� e and~� � are theempiricalexpert distribution and the optimum ofmin � DKL (� � k~� � ), respectively. It is worth noting
that ~� e typically doesnot satisfy the Bellman �ow constraint; in contrast,~� � complies with the constraint and is thereby a
real stationary state-action distribution that stays closest to the empirical expert distribution. According to Syed et al. (2008,
Theorem 2), the optimal policy of Eq. (36) recovers~� � , but it is not be ensured by optimizing Eq. (35). As a consequence,
ISWBCtypically necessitates a relatively larger number of expert demonstrations to attain a satisfactory performance (see
Appendix G).

From a technical point of view, this work bears a resemblance to theStationary Distribution Correction(DICE) fam-
ily (Nachum et al., 2019a;b; Kostrikov et al., 2020; Lee et al., 2021; Kim et al., 2022b;a; Ma et al., 2022; Yu et al., 2023). The
terminology DICE is �rst introduced in Nachum et al. (2019a) for off-policy estimation, referring to the ratio between the
state-action marginals of the learning policy and a reference policy. Their follow-up work (Nachum et al., 2019b) operates the
technique in (online) policy optimization. Building on Nachum et al. (2019a), Kostrikov et al. (2020) proposeValueDICE
that exploits the Donsker-Varadhan representation of KL-divergence and change of variables to transform the AIL problem
(distribution matching) to an entirely off-policy objective. SinceValueDICE imitates all given demonstrations, it often
requires a large amount of clean expert data, which can be expensive for real-world tasks. To deal with this issue, Kim et al.
(2022b) introduceDemoDICEthat incorporates an additional KL-regularization on imperfect demonstrations to enhance
of�ine data support. However, the regularization term requires carefully weighting to avoid over�tting in imperfect data (Yu
et al., 2023) and results in a biased optimization to the IL objective (Li et al., 2023b); in contrast, the surrogate objective
considered in this work is equivalent to the original problem,min � DKL (� � k~� e):

(DemoDICE) min
�

DKL (� � k~� e) + �D KL (� � k~� o); (OLLIE ) max
�

E(s;a ) � � �

�
log

~� e(s; a)
~� o(s; a)

�
� DKL (� � k~� o): (37)

Recently, Yu et al. (2023) proposeRelaxDICE employ an asymmetrically-relaxedf -divergence instead of KL-divergence
to ameliorate the potentially over conservatism ofDemoDICE, whereas it still suffers from a biased objective. In addition,
Kim et al. (2022a); Ma et al. (2022) study a relevant but different problem of learning from observation with no access
to expert actions. Of note, while these DICE-based methods also explore the Lagrangian duality to deal with the prime
problem, their induced dual problems often follow the form of `logarithm-expectation-exponential-expectation' (Kostrikov
et al., 2020; Kim et al., 2022b;a; Lee et al., 2021; Ma et al., 2022; Yu et al., 2023), whereby the two expectations cannot be
estimated without bias from the batch of samples (Swamy et al., 2021a; Sun et al., 2021). Instead, our derived dual objective
follows the convex-concave SSP, enabling an unbiased estimate and inheriting the properties of the convex-concave SSP in
both methodology and theory. More importantly, the optimal auxiliary variabley� of the dual problem is critical in policy
extraction and subsequent online �netuning.
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A.3. Of�ine-To-Online Reinforcement Learning

The recipe ofpretraining and �netuninghas led to great success in many modern machine learning domains (Brown et al.,
2020; He et al., 2022). Very recently, numerous efforts seek to translate such a recipe to decision-making problems, which
utilizes of�ine RL for initializing value functions and policies from �xed datasets and subsequently uses RL to improve the
initialization (Lee et al., 2022; Mark et al., 2022; Song et al., 2022; Ball et al., 2023; Li et al., 2023a; Nakamoto et al., 2023;
Wagenmaker & Pacchiano, 2023; Wang et al., 2023a;b; Yang et al., 2023; Zhang & Zanette, 2023). In light of these advances,
a potential solution to of�ine-to-online IL might be abstracting a reward function from of�ine, followed by adapting forward
RL to further �netune the policy. However, it is inherently indirect, and the reward extrapolation would largely exacerbate
the dif�culty in both of�ine and online IL.

B. Convexity of L(� )

Recall the expression ofL (� ):

L (� ) = (1 � 
 )Es� � [� (s)] + E(s;a ) � ~� o

h
exp

� ~R(s; a) + 

X

s0

� (s0)T(s0js; a) � � (s) � 1
� i

: (38)

For any� 1; � 2 (� 1 6= � 2) and� 2 (0; 1), we have

L(�� 1 + (1 � � )� 2) = E(s;a ) � ~� o

h
exp

�
~R(s; a) + 


X

s0

�
�� 1(s0) + (1 � � )� 2(s0)

�
T(s0js; a)

�
�
�� 1(s) + (1 � � )� 2(s)

�
� 1

�i
+ (1 � 
 )Es� �

�
�� 1(s) + (1 � � )� 2(s)

�

= E(s;a ) � ~� o

h
exp

�
�

� ~R(s; a) + 

X

s0
� 1(s0)T(s0js; a) � � 1(s) � 1

�

+ (1 � � )
� ~R(s; a) + 


X

s0
� 2(s0)T(s0js; a) � � 2(s) � 1

� �i

+ � (1 � 
 )Es� � [� 1(s)] + (1 � � )(1 � 
 )Es� � [� 2(s)]

� E(s;a ) � ~� o

h
� exp

� ~R(s; a) + 

X

s0
� 1(s0)T(s0js; a) � � 1(s) � 1

�

+ (1 � � ) exp
� ~R(s; a) + 


X

s0
� 2(s0)T(s0js; a) � � 2(s) � 1

� i

+ � (1 � 
 )Es� � [� 1(s)] + (1 � � )(1 � 
 )Es� � [� 2(s)]

= �L (�� 1) + (1 � � )L (� 2) (39)

where the last inequality follows the convexity ofexp(�). From the de�nition of the convex function, we obtain the result.

C. Auxiliary Reward Scaling

For � > 0; � � 0, consider the reward function is scaled by~R� (s; a) := � ~R(s; a) + � . Problem (9)–(10) can be rewritten as

max
� � 0

E(s;a ) � �
� ~R� (s; a)

�
� �D KL (� k~� o) (40)

s:t : f s(� ) = 0 ; 8s 2 S: (41)

The objective and constraints are concave and af�ne on� , and hence it is a convex optimization problem. The corresponding
Lagrangian can be expressed as

L(�; � ) =
X

s;a

� (s; a)
�

~R� (s; a) + 

X

s0

� (s0)T(s0js; a) � � (s) � � log
� (s; a)
~� o(s; a)

�
+ (1 � 
 )

X

s

� (s)� (s)

=
X

s;a

� (s; a)
�

� � (s; a) � � log
� (s; a)
~� o(s; a)

�
+ (1 � 
 )

X

s

� (s)� (s) (42)

where� is the Lagrangian multiplier, and� � (s; a) = ~R� (s; a) + 

P

s0 � (s0)T(s0js; a) � � (s). From the Slater's condition,
the strong duality holds. Taking derivative ofL w.r.t. � (s; a), we have

@L
@�(s; a)

= � � (s; a) � � log
� (s; a)
~� o(s; a)

� �: (43)
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Letting the derivative to 0, we can write

� (s; a) = ~� o(s; a) exp
�

1
�

� � (s; a) � 1
�

: (44)

Substituting Eq. (44) in Eq. (42), we obtain the dual problem:

min
�

L(� ) = � E(s;a ) � ~� o

"

exp
�

1
�

� � (s; a) � 1
� #

+ (1 � 
 )Es� �
�
� (s)

�
: (45)

Denotef (x) := exp( ax � b) (a > 0; b � 0). From the de�nition of convex conjugate, the following fact holds:

f � (y) = max
x

yx � exp(ax � b) =

 
b
a

�
1
a

+
1
a

log
�

1
a

y
� !

y: (46)

Due to the strict convexity off (x), f �� = f , thereby

exp
�

1
�

� � (s; a) � 1
�

= max
y(s;a )

� � (s; a)y(s; a) � � log
�
�y (s; a)

�
y(s; a): (47)

Thus, the dual problem is equivalent to the following minimax problem:

min
�

max
y

F (�; y ) = � E(s;a ) � ~� o

h
� � (s; a)y(s; a) � � log

�
�y (s; a)

�
y(s; a)

i
+ (1 � 
 )Es� �

�
� (s)

�
: (48)

Denote~� � (s; a; s0) = ~R� (s; a) + 
� (s0) � � (s). The empirical counterpart of Eq. (48) is

min
�

max
y

~F (�; y ) = � E(s;a;s 0) �D o

h
~� � (s; a; s0)y(s; a) � � log

�
�y (s; a)

�
y(s; a)

i
+ (1 � 
 )Es� �

�
� (s)

�
: (49)

Taking @F
@y(s;a ) = 0 yields

exp
�

1
�

� � � (s; a) � 1
�

= �y � (s; a): (50)

From Eq. (44), given the optimal� � , the optimal� � equals

� � (s; a) = ~� o(s; a) exp
�

1
�

� � � (s; a) � 1
�

= �y � (s; a)~� o(s; a): (51)

Similarly to Eqs. (13)–(23), the of�ine policy still follows Eq. (23). Based on Eq. (30), the discriminator initialization
changes to

D0(s; a) =
� � (s; a)

� � (s; a) + ~� e(s; a)
=

�
1 +

~� e(s; a)
~� o(s; a)

�
~� o(s; a)
� � (s; a)

� � 1

=
�

1 +
d� (s; a)

1 � d� (s; a)
�

1
�y � (s; a)

� � 1

: (52)

D. Undiscounted Case

In undiscounted case (
 = 1 ), the stationary state-action distribution is expressed as

� � (s; a) = lim
H !1

1
H

H � 1X

h=0

Pr(sh = s; ah = a j T; �; � ): (53)

It renders Problem (9)–(10) ill-posed: if� � is the optimizer to the problem,a� � is still the optimizer for anya > 0. Building
on Lee et al. (2021), it can be overcome by introducing normalization constraint

P
s;a � (s; a) = 1 to Problem (9)–(10). We

reformulate Problem (5) as follows:

max
� � 0

E(s;a ) � �
� ~R(s; a)

�
� DKL (� k~� o) (54)
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s:t :
X

s;a

� (s; a) = 1 ; f s(� ) = 0 ; 8s: (55)

Here,f s(� ) =
P

a;s 0 T(sjs0; a)� (s0; a) �
P

a � (s; a). The objective and constraints are concave and af�ne on� , and hence
it remains a convex optimization problem. The corresponding Lagrangian can be expressed as

L(�; �; � ) :=
X

s;a

� (s; a)( � � (s; a) � log
� (s; a)
~� o(s; a)

+ � ) � � (56)

where� � (s; a) := ~R(s; a) + 

P

s0 � (s0)T(s0js; a) � � (s). The derivative w.r.t.� (s; a) is

@L
@�(s; a)

= ~R(s; a) + 

X

s0

� (s0)T(s0js; a) � � (s) � log
� (s; a)
~� o(s; a)

+ � � 1: (57)

Taking the derivative to 0 yields

� (s; a) = ~� o(s; a) exp
�
� � (s; a) + � � 1

�
: (58)

Clearly, the dual problem is

min
�;�

L(�; � ) := E(s;a ) � ~� o

�
exp(� � (s; a) + � � 1)

�
: (59)

Denotef (x) := exp( x + � � 1). From the de�nition of convex conjugate, we can obtain

f � (y) = max
x

yx � exp(x + � � 1) = y logy � �y: (60)

Due to the strict convexity off (x), the following fact holds true:

exp
�
� � (s; a) + � � 1

�
= max

y(s;a )
� � (s; a)y(s; a) + �y (s; a) � y(s; a) log y(s; a): (61)

The dual problem equals the following minimax problem:

min
�;�

max
y

F (�; �; y ) = E(s;a ) � ~� o

�
� � (s; a)y(s; a) + �y (s; a) � y(s; a) log y(s; a)

�
: (62)

Denote the optimum of Eq. (62) as� � ; � � ; y� , which satis�es

y� (s; a) = exp
�
� � � (s; a) + � � � 1

�
: (63)

Hence, we have

� � (ajs) =
� � (s; a)

P
a0 � � (s; a0)

=
~� o(s; a) exp

�
� � � (s; a) + � � � 1

�

z(s)
=

~� o(s; a)y� (s; a)
z(s)

: (64)

Regarding the discriminator, the following holds:

D0(s; a) =
� � (s; a)

� � (s; a) + ~� e(s; a)
=

�
1 +

~� e(s; a)
~� o(s; a)

�
~� o(s; a)
� � (s; a)

� � 1

=
�

1 +
d� (s; a)

1 � d� (s; a)
�

1
y� (s; a)

� � 1

: (65)

Therefore, the policy updating and discriminator initialization keep consistent with Eqs. (23) and (30).

E. A Byproduct for Of�ine Reinforcement Learning

Given true reward functionR, the of�ine policy optimization problem can be cast as (Lee et al., 2021):

max
�

E(s;a ) � � �

�
R(s; a)

�
� �D KL (� � k~� o) (66)

where� o is the empirical state-action distribution of an of�ine dataset,Do
:= f (si ; ai ; r i ; s0

i )g
n o
i =1 , with MDP transition

(si ; ai ; r i ; s0
i ) collected from an unknown behavior policy. Here, hyperparameter� > 0 balances between the reward

maximization and the penalization of the distributional shift.6 From the derivation from Eqs. (9)–(28), we immediately
obtain an of�ine algorithm for Problem (66) as follows.

6The solutions for of�ine RL revolve around the idea that the learned policy should be con�ned close to the data-generating process to
remedy the performance degradation due to extrapolation error (Fujimoto & Gu, 2021).
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Algorithm 2 AdaptingOLLIE to of�ine reinforcement learning

1: Initialize parameters� � , � y , and�
2: for i = 1 to n do
3: � �  � � � � � ~r � � J (� � ; � y )
4: � y  � y + � y ~r � y J (� � ; � y )
5: end for
6: for i = 1 to n0 do
7: �  � � � � ~r J (� � )
8: end for

1) Estimating the exponential advantage.First, solve the following convex-concave SSP iteratively to converge:

min
�

max
y

J (�; y ) = � E(s;a;r;s 0) �D o

h
~� � (s; a; r; s0)y(s; a) � � log

�
�y (s; a)

�
y(s; a)

i
+ (1 � 
 )Es�D o (s0 )

�
� (s)

�

with ~� � (s; a; r; s0) = r + 
� (s0) � � (s).

2) Extracting the of�ine policy.After obtainingy� , extract the of�ine policy by the weighted BC:7

max
�

J (� ) = E(s;a ) �D o

�
y� (s; a) log � (ajs)

�
:

We encapsulate the pseudocode in Algorithm 2. In contrast with Lee et al. (2019) using a biased gradient, Algorithm 2
is unbiased and inherits the properties of convex-concave SSPs in terms of convergence and generalization. For a deeper
understanding of the rationale behind Eq. (66), we take a close look at Problem (66):

E(s;a ) � � �

�
R(s; a)

�
� �D KL (� � k� o)

= E(s;a ) � � �

�
R(s; a) � � log

� � (s; a)
� o(s; a)

�

, E(s;a ) � � �

�
1
�

R(s; a) � log
� � (s; a)
� o(s; a)

�
(omitting coef�cient � )

= E(s;a ) � � �

2

4�

 

log
� � (s; a)
� o(s; a)

� log exp
�

1
�

R(s; a)
� ! 3

5

= E(s;a ) � � �

"

� log
� � (s; a)

� o(s; a) exp( 1
� R(s; a))

#

= E(s;a ) � � �

"

logZ � log
� � (s; a)

1
Z � o(s; a) exp( 1

� R(s; a))

#

, � DKL (� � k� � ) (67)

whereZ :=
P

s;a � o(s; a) exp
�

1
� r (s; a)

�
is the normalization term, and� � here represent

� � (s; a) =
� o(s; a) exp( 1

� R(s; a))
Z

: (68)

Eq. (68) reveals the objective of Problem (66) encourages the learning policy to pursue higher rewards while staying more
on the data support to combat the distributional shift.

Empirically, we test the performance of Algorithm 2 againstOptiDICE (Lee et al., 2021) andCQL(Kumar et al., 2020)
across four widely-used MuJoCo continuous-control tasks. We implementOptiDICE using its of�cial implementation
(https://github.com/secury/optidice ) andCQLusing an off-the-shelf implementation (https://github.
com/corl-team/CORL/blob/main/algorithms/offline/cql.py ). As illustrated in Fig. 5,OLLIE exhibits
competitive performance againstOptiDICE and outperformsCQLby a wide margin, revealing potential in the of�ine RL
problems. We leave the comparison betweenOLLIE and more recent methods for future work.

7We exclude the policy extraction based on reverse KL-divergence since of�ine data is typically diverse, and estimating� o is thereby
challenging.
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Figure 5.Comparable performance in of�ine RL. The results are normalized and averaged over �ve random seeds with standard deviation
depicted by uncertainty intervals. We employ themedium andrandom datasets fromD4RL.
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F. Experimental Setup

F.1. Environments and Tasks

We evaluate our method on a number of environments (Robomimic, MuJoCo, Adroit, FrankaKitchen, and AntMaze) which
are widely used in prior studies (Nakamoto et al., 2023; Watson et al., 2023). We elaborate in what follows.

• Vision-based Robomimic.The Robomimic tasks (lift , can , square ) involve controlling a 7-DoF simulated hand
robot (Mandlekar et al., 2022), with pixelized observations as shown in Fig. 6. The robot is tasked with lifting objects,
picking and placing cans, and picking up a square nut to place it on a rod from random initializations.

Figure 6.Observations of vision-based Robomimic tasks. From left to right:lift , can , square .

• Vision-based MuJoCo. The MuJoCo locomotion tasks (ant , hopper , halfcheetah , walker2d ) are popular
benchmarks used in existing work. In addition to the standard setting, we also consider vision-based MuJoCo tasks which
uses the image observation as input (see Fig. 7).

Figure 7.Observations of vision-based MuJoCo tasks. From left to right:ant , hopper , halfcheetah , walker2d .

• Adroit. The Adroit tasks (hammer, door , pen , andrelocate ) (Rajeswaran et al., 2017) involve controlling a 28-DoF
hand with �ve �ngers tasked with hammering a nail, opening a door, twirling a pen, or picking up and moving a ball.

Figure 8.Adroit tasks:hammer, door , pen , andrelocate (from left to right).

• FrankaKitchen. The FrankaKitchen tasks (complete , partial , undirect ), proposed by Gupta et al. (2019),
involve controlling a 9-DoF Franka robot in a kitchen environment containing several common household items: a
microwave, a kettle, an overhead light, cabinets, and an oven. The goal of each task is to interact with the items to reach a
desired goal con�guration. In theundirect task, the robot requires opening the microwave. In thepartial task, the
robot must �rst opening the microwave and subsequently moving the kettle. In thecomplete task, the robot need to
open the microwave, move the kettle, �ip the light switch, and slide open the cabinet door sequentially (see Fig. 9). These
tasks are especially challenging, since they require composing parts of trajectories, preciselong-horizon manipulation, and
handling human-provided teleoperation data.

• AntMaze. The AntMaze tasks require controlling an 8-Degree of Freedom (DoF) quadruped robot to move from a
startingpoint to a �xed goal location (Fu et al., 2020). Three maze layouts (umaze, medium, andlarge ) are provided
from small to large.
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Figure 9.Visualized success for opening the microwave, moving the kettle, turning on the light switch, sliding the slider.

Figure 10.AntMaze with three maze layouts,umaze, medium, andlarge (from left to right).

Detailed information about the environments including observation space, action space, and expert performance is provided
in Tables 2 and 3, where expert and random scores are averaged over 1000 episodes.

Table 2.Details of continuous-control tasks.

Task State dim. Action dim. random * expert *

ant 27 8 � 325:60 3879:70
halfcheetah 17 6 � 280:18 12135:00
hopper 11 3 � 20:27 3234:30
walker2d 17 6 1:63 4592:30
antmaze 27 8 0:00 1:00
door 39 28 � 56:51 2880:57
hammer 46 26 � 274:86 12794:13
pen 45 24 96:26 3076:83
relocate 39 30 � 6:43 4233:88
FrankaKitchen 59 9 0:00 1:00
* Average scores over 1000 trajectories ofexpert andrandom .

F.2. Datasets

During of�ine training, we use theD4RLdatasets (Fu et al., 2020) for AntMaze, MuJoCo, Adroit, and FrankaKitchen, and
we use therobomimic (Mandlekar et al., 2022) datasets for Robomimic. creftable:dataset details the speci�c datasets
used for the expert and imperfect data in each task (the exploited numbers of expert and imperfect trajectories may vary
across experiments). In addition, we construct vision-based MuJoCo datasets using the same method as Fu et al. (2020): the
expert and imperfect data use video samples from a policy trained to completion withSAC(Haarnoja et al., 2018) and a
randomly initialized policy, respectively.

F.3. Baselines

We test our method against four strong of�ine IL methods, all of which support the utilization of supplementary imperfect
demonstrations (see Appendix A for details). We implement them based on their publicly available implementations with
the same policy network structures as ours. The tuned codes are included in the supplementary material.

1) Discriminator-Weighted Behavioral Cloning(DWBC) (Xu et al., 2022a) that jointly trains a discriminator to carefully
re-weight theBCobjective (https://github.com/ryanxhr/DWBC );

2) Importance-Sampling-Weighted Behavioral Cloning(ISWBC) (Li et al., 2023b) that adopts importance sampling to
enhanceBC(https://github.com/liziniu/ISWBC ).
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Table 3.Details of vision-based tasks.

Task State dim. Action dim. random * expert *

ant (84 � 84) 8 � 325:60 3879:70
halfcheetah (84 � 84) 6 � 280:18 12135:00
hopper (84 � 84) 3 � 20:27 3234:30
walker2d (84 � 84) 6 1:63 4592:30
lift (84 � 84) 7 0:00 1:00
can (84 � 84) 7 0:00 1:00
square (84 � 84) 7 0:00 1:00
* Average scores over 1000 trajectories ofexpert andrandom .

3) Maximum Likelihood-Inverse Reinforcement Learning(MLIRL) (Zeng et al., 2023), a recent model-based of�ine IRL
algorithm (https://github.com/Cloud0723/Offline-MLIRL ).

4) Coherent Soft Imitation Learning(CSIL ) (Watson et al., 2023), a model-free of�ine IRL method that learns a shaped
reward function by entropy-regularizedBC. The learned reward function can be exploited to anotate additional of�ine
data and subsequently engage in of�ine RL, or used in �netuning the policy with further environmental interactions
(https://joemwatson.github.io/csil ).

We also compare our results to that of standardBC and its counterpart with union of�ine data (runningBC on Do),
termedNBCU(Li et al., 2023b). During online �ntuning, we continue training the policies pretrained from the of�ine
IL methodsBC, NBCU, DWBC, ISWBC, andMLIRL by GAIL (https://github.com/Khrylx/PyTorch-RL ) with
the hyperparameters recommended by Orsini et al. (2021). In addition, we also compare with another instantiation of
tuningMLIRL, which runsSACwith its of�ine learned reward function (Appendix G.3.5). However, we �nd the results not
competitive and skip it out of our main results for brevity.

F.4. Implementation Details

Our method is straightforward to implement and forgiving to hyperparameters. Of note, except for the network structures in
vision-based tasks (requiring the employment of CNNs), all hyperparameters are identical across tasks and settings.

For all neural nets, we adoptReLU as activations,Adamas the optimizer, and 256 as the batchsize. For vision-based
tasks, a simple CNN architecture is employed for the discriminator (� d) and dual `variables' (� � and� y ), comprising two
convolutional layers, each with a3� 3 convolutional kernel,2 � 2 max pooling. For the other tasks, we represent� d, � � , � y

as 2-layer feedforward neural networks with256hidden units. The policy networks share the same structures but generate
Tanh Gaussian outputs. The output of� d is clipped to[0:1; 0:9] for training stability. The learning rates for the policy,� d,
� � , � y , D � y ;� v are 1e-4, 1e-5, 3e-4, 3e-4, 1e-4, respectively. The hyperparameters are summarized in Table 5.

Table 5.Hyperparameters (identical across tasks).

Hyperparameter Value
Optimizer Adam
Activation function ReLU
Batchsize 256
Policy learning rate (of�ine/online) 1e-4
Learning rate of� d ; D � y ;� d 1e-5
Learning rate of� v and� y 3e-4
Discount factor
 0.99

We employ theforward-KL-divergence-based policy extraction in our experiments (the comparison betweenforward and
reversemethods is included in Appendix G.3.7). We implement our code using Pytorch 1.8.1, built upon the open-source
framework of of�ine RL algorithms, provided athttps://github.com/tinkoff-ai/CORL (under the Apache-2.0
License) and the implementation ofDWBC, provided athttps://github.com/ryanxhr/DWBC (under the MIT
License). All the experiments are run on Ubuntu 20.04.2 LTS with 8 NVIDIA GeForce RTX 4090 GPUs.

F.5. Performance Measure

We train a policy using 5 random seeds and evaluate it by running it in the environment for 10 episodes and computing the
average undiscounted return of the environment reward. Akin to Fu et al. (2020), we use the normalized scores in �gures
and tables, which are measured byscore = score � random score

expert score � random score or score = 100 � score � random score
expert score � random score .
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OLLIE: Imitation Learning from Of�ine Pretraining to Online Finetuning

G. Experimental Results

This section provides full experimental results to comprehensively answer the questions raised in Section 7. We also provide
some complementary experiments for a better understanding of the proposed method in Appendix G.3.

G.1. Performance in Of�ine Imitation Learning

G.1.1. DEMONSTRATION EFFECIENCY

First, we evaluateOLLIE 's performance in of�ine IL with varying quantities of expert trajectories, ranging from 1 to 30
in AntMaze and MuJuCo, from 10 to 300 in Adroit and FrankaKitchen, and from 25 to 200 in vision-based MuJoCo and
Robomimic. The number of imperfect trajectories is set as 1000. The sampling datasets can be found in Table 4. The
comparative results and learning curves are shown below.

Summary of key �ndings. OLLIE consistently and signi�cantly outperforms existing methods in terms of theperformance,
convergence speed, anddemonstration ef�ciency, especially in challenging robotic manipulation and vision-based tasks.

Table 6.Normalized performance in of�ine IL.
(# expert trajectories:1 in AntMaze/MuJoCo and10 in Adroit/FrankaKitchen)

Task OLLIE BC NBCU CSIL DWBC MLIRL ISWBC

ant 57:1 � 7:0 � 10:7 � 11:7 31:1 � 7:0 2:8 � 1:3 24:5 � 1:1 39:3 � 9:0 30:4 � 7:7
halfcheetah 35:5 � 4:0 0:2 � 1:0 2:2 � 0:1 22:9 � 2:8 0:0 � 0:0 23:8 � 1:0 13:7 � 3:0
hopper 71:1 � 3:5 17:8 � 5:4 6:6 � 3:9 17:1 � 6:8 77:8 � 12:7 54:7 � 16:7 64:7 � 9:9
walker2d 59:8 � 8:5 4:6 � 3:9 0:0 � 0:0 8:1 � 5:6 56:9 � 11:6 49:9 � 6:7 48:2 � 4:7
umaze 75:4 � 3:8 3:5 � 3:4 4:5 � 4:3 11:1 � 4:9 23:1 � 3:9 7:8 � 3:9 10:1 � 1:3
medium 58:4 � 7:3 0:0 � 0:0 0:0 � 0:0 1:0 � 1:0 0:0 � 0:0 0:0 � 0:0 7:2 � 6:7
large 37:5 � 4:3 0:0 � 0:0 0:0 � 0:0 1:0 � 1:0 0:0 � 0:0 0:0 � 0:0 5:3 � 1:9
hammer 46:1 � 6:5 5:7 � 6:8 0:0 � 0:0 16:7 � 8:9 6:6 � 8:3 1:0 � 0:1 6:5 � 5:1
pen 67:4 � 5:6 40:3 � 10:3 3:2 � 9:8 39:0 � 5:6 42:8 � 19:3 18:7 � 2:6 49:5 � 2:9
door 28:9 � 2:9 2:8 � 3:9 0:0 � 0:0 24:8 � 3:6 0:0 � 0:0 1:0 � 0:8 2:9 � 2:1
relocate 31:2 � 5:8 0:0 � 0:0 0:0 � 0:0 7:7 � 8:8 0:0 � 0:0 1:0 � 0:2 0:0 � 0:0
paritial 34:6 � 6:6 1:0 � 0:5 0:0 � 0:0 26:1 � 1:4 1:0 � 1:4 1:0 � 0:7 3:4 � 1:1
complete 34:9 � 1:8 1:0 � 0:3 0:0 � 0:0 19:1 � 7:9 1:0 � 0:6 1:0 � 0:8 3:1 � 1:9
undirect 48:1 � 3:9 1:0 � 0:2 0:0 � 0:0 37:0 � 9:0 � 1:0 � 1:6 1:0 � 0:8 3:1 � 1:0

Table 7.Normalized performance in of�ine IL.
(# expert trajectories:3 in AntMaze/MuJoCo and30 in Adroit/FrankaKitchen)

Task OLLIE BC NBCU CSIL DWBC MLIRL ISWBC

ant 78:0 � 6:2 50:5 � 27:8 28:9 � 3:4 10:4 � 1:2 32:3 � 10:1 51:2 � 7:2 30:2 � 2:3
halfcheetah 79:5 � 6:1 5:7 � 1:1 3:7 � 1:3 20:0 � 3:8 50:9 � 11:1 66:6 � 3:4 37:4 � 7:1
hopper 88:7 � 6:9 47:3 � 6:7 10:6 � 3:2 73:9 � 3:9 79:8 � 14:0 74:8 � 13:6 53:8 � 3:9
walker2d 75:6 � 2:8 14:8 � 2:1 5:6 � 1:9 17:3 � 5:4 62:6 � 3:2 87:2 � 11:7 60:9 � 2:2
umaze 90:6 � 3:1 22:4 � 9:6 30:4 � 12:9 55:1 � 5:5 51:8 � 3:0 37:2 � 6:6 28:6 � 2:5
medium 72:8 � 6:2 0:0 � 0:0 0:0 � 0:0 32:5 � 4:5 4:6 � 1:7 23:5 � 6:9 15:3 � 5:7
large 48:5 � 1:4 0:0 � 0:0 0:0 � 0:0 19:3 � 1:5 0:0 � 0:0 12:3 � 3:2 10:2 � 7:3
hammer 69:5 � 8:5 1:0 � 1:0 1:0 � 1:0 51:1 � 9:4 1:0 � 0:0 1:0 � 0:0 9:1 � 4:3
pen 76:3 � 3:6 54:2 � 15:4 27:1 � 6:8 47:9 � 12:0 55:6 � 13:7 57:1 � 9:1 64:3 � 8:1
door 66:3 � 3:7 3:7 � 1:9 2:9 � 1:3 48:4 � 3:9 2:4 � 0:3 1:0 � 0:0 12:8 � 2:5
relocate 46:6 � 6:5 0:0 � 1:0 0:0 � 1:0 26:1 � 6:2 0:0 � 0:0 1:0 � 0:0 8:6 � 4:0
paritial 69:3 � 1:8 2:7 � 1:6 1:0 � 0:0 61:2 � 1:9 3:0 � 1:7 1:0 � 0:0 3:8 � 1:9
complete 60:9 � 1:8 2:0 � 1:3 1:0 � 0:0 45:9 � 2:5 3:5 � 1:7 10:0 � 0:0 3:5 � 1:4
undirect 75:1 � 1:7 2:2 � 1:8 1:0 � 0:0 62:4 � 8:5 3:1 � 1:9 1:0 � 0:0 5:1 � 1:4
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Table 8.Normalized performance in of�ine IL.
(# expert trajectories:5 in AntMaze/MuJoCo and50 in Adroit/FrankaKitchen)

Task OLLIE BC NBCU CSIL DWBC MLIRL ISWBC

ant 105:2 � 4:3 61:9 � 3:2 58:8 � 2:5 61:5 � 4:0 80:3 � 2:8 57:3 � 4:1 5:2 � 6:8
halfcheetah 82:0 � 9:2 31:6 � 8:3 34:6 � 6:5 6:2 � 2:0 48:2 � 5:6 83:5 � 1:1 53:5 � 2:7
hopper 97:4 � 4:9 39:5 � 5:7 25:7 � 7:9 88:3 � 5:4 75:8 � 7:6 79:7 � 8:5 64:1 � 3:3
walker2d 94:6 � 2:5 16:9 � 3:6 17:9 � 7:5 69:5 � 6:1 67:1 � 7:7 88:7 � 4:9 61:6 � 3:4
umaze 100:0 � 0:0 29:6 � 5:5 33:8 � 7:0 82:3 � 5:4 56:2 � 5:1 42:4 � 3:1 38:9 � 5:8
medium 95:0 � 5:0 1:0 � 1:0 1:0 � 1:0 52:1 � 4:2 13:3 � 3:7 28:8 � 5:0 28:0 � 4:2
large 80:7 � 7:8 1:0 � 1:0 1:0 � 1:0 38:4 � 4:9 7:7 � 6:9 15:3 � 5:7 16:9 � 3:6
hammer 79:3 � 9:5 1:0 � 1:0 1:0 � 1:0 61:4 � 3:8 1:0 � 1:0 1:0 � 1:0 23:2 � 5:9
pen 86:6 � 2:9 50:5 � 7:5 26:0 � 2:5 63:0 � 5:8 80:8 � 5:0 57:4 � 4:8 63:8 � 3:5
door 79:4 � 4:9 1:0 � 1:0 1:0 � 1:0 56:3 � 7:2 1:0 � 1:0 1:0 � 1:0 23:2 � 2:5
relocate 69:4 � 6:7 10:0 � 1:0 1:0 � 1:0 6:7 � 7:7 1:0 � 1:0 1:0 � 1:0 29:7 � 4:3
paritial 76:3 � 3:7 4:1 � 6:4 1:0 � 1:0 74:3 � 7:9 1:3 � 79:0 1:0 � 1:0 1:0 � 3:3
complete 64:2 � 4:1 3:3 � 5:2 1:0 � 1:0 51:4 � 5:9 9:4 � 4:6 1:0 � 1:0 4:1 � 6:1
undirect 74:3 � 3:4 8:6 � 3:3 1:0 � 1:0 84:2 � 7:3 12:5 � 4:8 1:0 � 1:0 16:6 � 6:1

Table 9.Normalized performance in of�ine IL.
(# expert trajectories:10 in AntMaze/MuJoCo and100in Adroit/FrankaKitchen)

Task OLLIE BC NBCU CSIL DWBC MLIRL ISWBC

ant 115:7 � 4:3 64:6 � 6:0 58:9 � 16:7 83:1 � 6:1 88:7 � 5:5 65:7 � 4:1 79:4 � 7:5
halfcheetah 90:2 � 10:3 61:5 � 4:0 3:5 � 1:9 77:8 � 7:4 58:9 � 3:6 82:9 � 3:9 77:1 � 3:0
hopper 99:2 � 3:9 61:8 � 19:6 25:7 � 2:6 95:4 � 3:4 69:1 � 3:1 89:2 � 6:2 81:6 � 8:4
walker2d 95:9 � 3:8 17:6 � 2:4 17:6 � 3:4 91:4 � 9:0 71:3 � 9:8 92:0 � 7:0 62:0 � 9:0
umaze 100:0 � 0:0 46:1 � 3:9 40:4 � 9:9 94:1 � 6:2 69:9 � 3:2 55:1 � 13:7 54:3 � 6:3
medium 95:0 � 5:0 0:0 � 0:0 0:0 � 0:0 60:9 � 3:3 33:4 � 7:6 41:2 � 7:3 48:3 � 9:3
large 85:0 � 10:0 0:0 � 0:0 0:0 � 0:0 46:2 � 6:8 25:5 � 5:6 21:4 � 2:8 25:2 � 4:1
hammer 82:6 � 9:8 41:9 � 1:5 1:0 � 1:0 66:8 � 5:3 70:6 � 3:9 1:0 � 0:0 43:2 � 7:6
pen 94:6 � 6:6 56:5 � 7:6 24:0 � 1:0 70:0 � 11:8 69:7 � 2:3 58:6 � 5:1 62:6 � 5:0
door 92:0 � 1:8 26:6 � 6:2 0:0 � 1:0 59:7 � 7:7 20:5 � 6:0 1:0 � 0:0 39:6 � 3:3
relocate 92:1 � 8:5 35:0 � 4:2 0:0 � 1:0 74:6 � 4:3 38:6 � 9:8 1:0 � 0:0 41:2 � 7:2
paritial 99:1 � 1:8 10:4 � 0:1 3:4 � 1:0 79:0 � 5:7 27:3 � 5:7 1:0 � 0:0 20:0 � 2:2
complete 98:6 � 2:8 6:1 � 7:5 3:1 � 1:0 54:9 � 5:8 23:6 � 1:0 1:0 � 0:0 5:9 � 5:7
undirect 100:0 � 0:0 22:7 � 5:3 3:5 � 1:4 93:6 � 7:4 34:9 � 7:5 1:0 � 0:0 32:6 � 8:7

Table 10.Normalized performance in of�ine IL.
(# expert trajectories:30 in AntMaze/MuJoCo and300in Adroit/FrankaKitchen)

Task OLLIE BC NBCU CSIL DWBC MLIRL ISWBC

ant 117:5 � 3:6 100:6 � 1:1 100:7 � 2:8 106:8 � 0:9 91:3 � 5:4 107:1 � 5:6 105:6 � 8:6
halfcheetah 100:6 � 0:8 86:4 � 3:3 3:2 � 1:9 102:1 � 2:5 89:4 � 4:2 93:6 � 5:8 101:3 � 3:3
hopper 108:7 � 1:2 56:8 � 17:9 31:9 � 10:4 94:0 � 3:7 107:7 � 2:2 103:9 � 7:2 99:1 � 2:6
walker2d 105:7 � 2:9 41:1 � 21:3 26:5 � 11:6 101:5 � 1:4 97:8 � 3:6 92:9 � 13:4 92:0 � 3:4
umaze 100:0 � 0:0 65:0 � 30:2 55:5 � 25:2 100:0 � 0:0 90:0 � 5:0 100:0 � 0:0 100:0 � 0:0
medium 100:0 � 0:0 0:0 � 0:0 0:0 � 0:0 99:0 � 1:0 47:0 � 3:0 71:5 � 4:2 91:0 � 3:0
large 100:0 � 0:0 0:0 � 0:0 0:0 � 0:0 79:9 � 6:6 40:3 � 3:2 65:1 � 3:2 73:0 � 4:0
hammer 100:7 � 9:3 105:8 � 5:1 0:0 � 1:0 100:0 � 3:1 93:8 � 4:6 53:1 � 5:9 102:4 � 2:8
pen 99:3 � 3:7 85:9 � 9:3 57:0 � 4:8 94:0 � 6:5 98:9 � 2:0 77:5 � 9:6 92:2 � 2:7
door 108:5 � 1:3 34:0 � 5:6 0:0 � 1:0 105:7 � 4:3 71:3 � 9:4 41:5 � 7:2 65:2 � 4:5
relocate 102:7 � 5:3 101:7 � 2:2 0:0 � 1:0 98:6 � 8:5 100:9 � 0:1 82:6 � 3:8 104:8 � 5:9
paritial 100:0 � 0:0 34:7 � 2:3 13:4 � 2:3 100:0 � 0:0 58:1 � 5:3 1:0 � 0:0 39:9 � 4:7
complete 100:0 � 0:0 21:6 � 3:8 10:7 � 1:3 85:0 � 7:9 32:3 � 3:9 1:0 � 0:0 28:8 � 6:0
undirect 100:0 � 0:0 48:7 � 4:0 16:0 � 3:7 100:0 � 0:0 63:7 � 1:0 1:0 � 0:0 58:1 � 3:3
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Table 11.Normalized performance in of�ine IL across vision-based tasks.
(# expert trajectories:25)

Task OLLIE BC NBCU CSIL DWBC MLIRL ISWBC

ant 30:8 � 5:1 16:1 � 5:5 16:3 � 3:7 11:6 � 3:6 18:2 � 4:3 0:1 � 1:0 22:4 � 3:1
halfcheetah 41:9 � 3:1 27:3 � 4:7 29:5 � 6:8 26:3 � 5:8 19:7 � 8:2 0:1 � 1:0 26:0 � 2:9
hopper 57:2 � 2:3 13:3 � 5:9 12:8 � 7:2 12:7 � 5:3 17:6 � 3:9 0:1 � 1:0 16:1 � 8:4
walker2d 53:3 � 2:6 10:3 � 3:2 8:0 � 8:0 9:0 � 8:2 26:5 � 7:7 0:1 � 1:0 28:4 � 4:7
lift 84:6 � 6:9 49:0 � 6:6 29:9 � 4:2 53:7 � 3:4 47:7 � 7:8 0:1 � 1:0 57:1 � 3:1
can 39:8 � 7:8 14:1 � 12:2 22:3 � 3:9 24:4 � 4:8 25:0 � 2:1 0:1 � 1:0 10:7 � 15:8
square 36:1 � 8:0 2:1 � 2:1 5:5 � 5:0 5:2 � 4:3 17:1 � 4:5 0:1 � 1:0 15:3 � 2:3

Table 12.Normalized performance in of�ine IL across vision-based tasks.
(# expert trajectories:50)

Task OLLIE BC NBCU CSIL DWBC MLIRL ISWBC

ant 58:6 � 7:2 26:8 � 9:7 25:4 � 3:9 20:5 � 6:8 28:6 � 3:5 0:0 � 1:0 32:7 � 4:4
halfcheetah 61:7 � 6:7 42:7 � 7:2 23:8 � 4:7 19:7 � 5:2 26:6 � 6:6 0:0 � 1:0 35:3 � 5:8
hopper 85:2 � 6:4 21:3 � 8:4 13:7 � 9:3 18:8 � 5:7 16:9 � 3:2 0:0 � 1:0 23:5 � 4:7
walker2d 64:5 � 8:6 22:0 � 6:5 15:5 � 5:5 24:6 � 9:4 27:6 � 5:0 0:0 � 1:0 38:3 � 5:5
lift 95:0 � 5:0 75:6 � 8:2 63:3 � 7:0 62:4 � 2:8 70:1 � 8:8 0:0 � 0:0 77:2 � 5:3
can 61:3 � 5:3 25:0 � 11:2 23:9 � 4:5 38:9 � 2:5 28:6 � 9:5 0:0 � 0:0 32:8 � 3:8
square 41:3 � 8:3 17:0 � 7:4 15:9 � 4:9 17:4 � 3:2 18:3 � 5:3 0:0 � 0:0 24:5 � 5:1

Table 13.Normalized performance in of�ine IL across vision-based tasks.
(# expert trajectories:100)

Task OLLIE BC NBCU CSIL DWBC MLIRL ISWBC

ant 71:1 � 3:9 43:7 � 2:7 38:0 � 6:0 43:9 � 4:6 26:0 � 3:8 0:0 � 1:0 45:4 � 9:6
halfcheetah 75:8 � 4:3 50:9 � 5:4 38:0 � 2:7 44:0 � 5:5 18:2 � 2:7 0:0 � 1:0 55:3 � 4:6
hopper 91:7 � 2:7 31:2 � 2:6 30:8 � 6:8 29:4 � 7:9 23:6 � 9:0 0:0 � 1:0 33:6 � 2:1
walker2d 82:1 � 8:1 39:4 � 6:9 40:2 � 5:0 49:1 � 7:2 35:9 � 2:7 0:0 � 1:0 48:2 � 5:4
lift 99:0 � 1:0 89:0 � 11:0 91:0 � 9:0 62:9 � 2:5 94:0 � 6:0 0:0 � 0:0 95:0 � 5:0
can 78:0 � 7:5 49:7 � 5:2 58:8 � 8:7 51:6 � 1:4 56:2 � 3:9 0:0 � 0:0 55:8 � 2:9
square 64:1 � 6:4 31:9 � 6:9 24:3 � 4:7 24:9 � 3:6 22:6 � 5:3 0:0 � 0:0 27:8 � 8:6

Table 14.Normalized performance in of�ine IL across vision-based tasks.
(# expert trajectories:200)

Task OLLIE BC NBCU CSIL DWBC MLIRL ISWBC

ant 82:0 � 4:5 48:5 � 5:3 57:0 � 5:1 57:8 � 3:3 15:0 � 4:2 0:0 � 1:0 59:6 � 4:2
halfcheetah 93:9 � 7:8 54:6 � 6:1 58:7 � 6:0 59:1 � 5:5 34:6 � 7:1 0:0 � 1:0 60:7 � 4:8
hopper 98:0 � 3:3 56:6 � 2:4 49:1 � 9:1 45:0 � 2:9 12:5 � 7:2 0:0 � 1:0 47:7 � 2:8
walker2d 90:3 � 5:9 43:5 � 5:4 73:1 � 6:1 71:0 � 4:4 10:1 � 8:4 0:0 � 1:0 71:4 � 6:3
lift 100:0 � 0:0 91:0 � 9:0 97:0 � 3:0 63:1 � 2:0 95:0 � 5:0 0:0 � 0:0 94:0 � 6:0
can 94:0 � 6:0 66:8 � 11:1 64:8 � 4:8 57:6 � 3:4 73:6 � 4:2 0:0 � 0:0 83:9 � 5:0
square 85:2 � 4:4 37:5 � 12:7 33:7 � 6:9 35:5 � 3:1 16:5 � 1:6 0:0 � 0:0 34:9 � 4:4
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Figure 11.Performance in of�ine IL with varying quantities of expert trajectories inMuJoCo. Uncertainty intervals depict standard
deviation over �ve seeds.OLLIE uses fewer expert demonstrations to attain expert performance, demonstrating its great demonstration
ef�ciency compared to existing methods.

Figure 12.Learning curves in of�ine IL with varying quantities of expert trajectories inMuJoCo. Uncertainty intervals depict standard
deviation over �ve seeds.ne represents expert trajectories.OLLIE consistently exhibits fast and stabilized convergence.
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Figure 13.Performance in of�ine IL with varying quantities of expert trajectories inAdroit. Uncertainty intervals depict standard deviation
over �ve seeds.OLLIE uses fewer expert demonstrations to attain expert performance, demonstrating its great demonstration ef�ciency
in comparison with existing methods.

Figure 14.Learning curves in of�ine IL with varying quantities of expert trajectories inAdroit. Uncertainty intervals depict standard
deviation over �ve seeds.ne represents expert trajectories.OLLIE consistently exhibits fast and stabilized convergence.
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Figure 15.Performance in of�ine IL with varying quantities of expert trajectories inAntMaze. Uncertainty intervals depict standard
deviation over �ve seeds.ne represents expert trajectories.OLLIE uses much fewer expert demonstrations to attain expert performance,
demonstrating its great demonstration ef�ciency in comparison with existing methods. Of note, AntMaze is challenging because it
requires precise long-horizon control. The outperformance ofOLLIE reveals its capability of extracting environmental information from
of�ine data.

Figure 16.Learning curves in of�ine IL with varying quantities of expert trajectories inAntMaze. Uncertainty intervals depict standard
deviation over �ve seeds.ne represents expert trajectories.OLLIE consistently and signi�cantly surpasses existing methods in terms of
convergence speed and stability.
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Figure 17.Performance in of�ine IL with varying quantities of expert trajectories inFrankaKitchen. Uncertainty intervals depict standard
deviation over �ve seeds.OLLIE uses fewer expert demonstrations to attain expert performance, demonstrating its great demonstration
ef�ciency in comparison with existing methods.

Figure 18.Learning curves in of�ine IL with varying quantities of expert trajectories inFrankaKitchen. Uncertainty intervals depict
standard deviation over �ve seeds.ne represents expert trajectories.OLLIE consistently exhibits fast and stabilized convergence.CSIL
also works well in this domain.
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Figure 19.Performance in of�ine IL with varying quantities of expert trajectories invision-based MuJoCo. Uncertainty intervals depict
standard deviation over �ve seeds.OLLIE uses much fewer expert demonstrations to attain expert performance, demonstrating its great
demonstration ef�ciency in high-dimensional environments.

Figure 20.Learning curves in of�ine IL with varying quantities of expert trajectories invision-based MuJoCo. Uncertainty intervals
depict standard deviation over �ve seeds.ne represents expert trajectories.OLLIE consistently and signi�cantly surpasses existing
methods in terms of convergence speed and stability.
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Figure 21.Performance in of�ine IL with varying quantities of expert trajectories invision-based Robomimic. Uncertainty intervals
depict standard deviation over �ve seeds.OLLIE uses much fewer expert demonstrations to attain expert performance, demonstrating its
great demonstration ef�ciency in high-dimensional environments.

Figure 22.Learning curves in of�ine IL with varying quantities of expert trajectories invision-based Robomimic. Uncertainty intervals
depict standard deviation over �ve seeds.ne represents expert trajectories.OLLIE consistently exhibits fast and stabilized convergence.
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G.1.2. DATA QUALITY

Then, we conduct experiments using imperfect demonstrations with varying qualities to test the robustness ofILID 's
performance. We present the result and data setup in Table 1.OLLIE outperforms the baselines in 20 out of 24 settings.
The corresponding learning curves of Table 1 are depicted in Figs. 23 and 24.

Figure 23.Learning curves in of�ine IL with varying qualities of imperfect trajectories inMuJoCo. Uncertainty intervals depict standard
deviation over �ve seeds. We use 1 expert trajectory, sampled fromexpert of D4RL, and 1000 imperfect trajectories, sampled from the
corresponding datasets listed in Table 1. The length of each trajectory is less than 1000 time steps.OLLIE consistently exhibits fast and
stabilized convergence. A higher quality of imperfect demonstrations often speeds up the convergence.
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Figure 24.Learning curves in of�ine IL with varying qualities of imperfect trajectories inAdroid. Uncertainty intervals depict standard
deviation over �ve seeds. We use 10 expert trajectories, sampled fromexpert of D4RL, and 1000 imperfect trajectories, sampled
from the corresponding datasets listed in Table 1. The length of each trajectory is less than 100 time steps. In contrast with the results
in relatively low-dimensional MuJoCo,OLLIE signi�cantly outperforms the baselines in this domain, demonstrating its robustness in
complex and high-dimensional environments.
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G.2. Performance in Online Finetuning

After obtaining pretraining policies, we examine the �netuning performance under different quantities of expert demonstra-
tions. In Tables 15 to 23, we provide the performance before and after online �netuning with 10 episodes; subsequently, we
present the end-to-end learning curves from of�ine pretraining to online �netuning across all tasks.

Summary of key �ndings. OLLIE successfully overcomes the unlearning problem and enables fast online �netuning that
enables substantial performance improvement within a limited number of episodes. Importantly,OLLIE can work well in
the cases whereGAIL fails (as illustrated in Figs. 30 and 36), highlighting the importance of pretraining IL.

Table 15.Normalized performance before and after online �netuning with10episodes.
(# expert trajectories:1 in AntMaze/MuJoCo and10 in Adroit/FrankaKitchen)

Task OLLIE BC NBCU CSIL DWBC MLIRL ISWBC

ant 55 ! 83 31 ! 00 00! 36 00! 42 23! 13 34! 24 26! 16
halfcheetah 33 ! 47 02 ! 02 00! 12 15! 40 00! 02 22! 14 12! 07
hopper 80 ! 90 07 ! 21 00! 14 16! 69 76! 44 52! 32 67! 39
walker2d 64 ! 64 00 ! 02 00! 10 08! 20 57! 31 50! 29 47! 35
hammer 45 ! 53 00 ! 00 00! 00 15! 24 08! 02 00! 00 04! 02
pen 64 ! 72 05 ! 35 00! 06 34! 41 38! 23 17! 09 47! 25
door 27 ! 48 00 ! 02 00! 00 05! 92 00! 01 00! 01 00! 01
relocate 24 ! 38 00 ! 03 00! 07 04! 09 00! 03 00! 02 00! 00
umaze 75 ! 85 03 ! 02 00! 00 12! 22 22! 14 06! 04 09! 06
medium 56 ! 67 00 ! 00 00! 00 00! 15 00! 00 00! 00 06! 04
large 35 ! 61 00 ! 00 00! 00 00! 06 00! 00 00! 00 04! 03
complete 33 ! 43 00 ! 03 00! 02 16! 15 00! 00 00! 00 00! 02
partial 32 ! 44 00 ! 01 00! 07 25! 27 00! 00 00! 00 00! 02
undirect 36 ! 58 00 ! 11 00! 23 36! 35 00! 00 00! 00 00! 01

Table 16.Normalized performance before and after online �netuning with10episodes.
(# expert trajectories:3 in AntMaze/MuJoCo and30 in Adroit/FrankaKitchen)

Task OLLIE BC NBCU CSIL DWBC MLIRL ISWBC

ant 75 ! 82 27 ! 47 00! 19 08! 42 30! 23 49! 31 29! 18
halfcheetah 75 ! 84 02 ! 17 00! 26 21! 58 45! 32 56! 45 28! 29
hopper 85 ! 91 10 ! 53 00! 06 64! 82 70! 54 66! 53 38! 43
walker2d 74 ! 89 03 ! 21 00! 63 18! 67 70! 52 83! 36 53! 35
hammer 44 ! 85 00 ! 00 00! 00 22! 46 01! 00 00! 00 10! 06
pen 71 ! 89 15 ! 54 00! 11 47! 50 48! 60 39! 38 36! 46
door 61 ! 89 03 ! 44 00! 00 45! 46 00! 01 00! 00 05! 08
relocate 44 ! 52 00 ! 12 00! 06 26! 26 00! 00 00! 00 09! 05
umaze 85 ! 95 29 ! 28 00! 04 50! 69 28! 42 32! 23 02! 21
medium 70 ! 81 00 ! 00 00! 00 12! 51 03! 03 22! 17 15! 13
large 47 ! 73 00 ! 00 00! 00 18! 20 00! 00 11! 09 09! 04
complete 60 ! 61 00 ! 28 00! 07 04! 44 00! 02 00! 00 00! 02
partial 66 ! 72 00 ! 36 00! 20 24! 50 00! 02 00! 00 00! 02
undirect 73 ! 84 00 ! 18 00! 07 62! 48 00! 01 00! 00 05! 03
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Table 17.Normalized performance before and after online �netuning with10episodes.
(# expert trajectories:5 in AntMaze/MuJoCo and50 in Adroit/FrankaKitchen)

Task OLLIE BC NBCU CSIL DWBC MLIRL ISWBC

ant 103 ! 112 55 ! 40 00! 13 59! 65 78! 53 56! 40 49! 31
halfcheetah 075 ! 097 33 ! 19 00! 41 59! 61 47! 29 80! 61 51! 34
hopper 061 ! 099 19 ! 27 00! 21 85! 87 74! 46 76! 52 63! 41
walker2d 092 ! 109 12 ! 11 00! 54 68! 71 66! 43 87! 56 60! 44
hammer 075 ! 093 00 ! 00 00! 00 60! 58 00! 00 00! 00 22! 15
pen 085 ! 094 25 ! 35 00! 12 62! 63 79! 75 56! 41 61! 41
door 076 ! 096 00 ! 00 00! 03 55! 54 00! 00 00! 00 21! 15
relocate 068 ! 084 00 ! 00 00! 33 59! 60 00! 00 00! 00 28! 19
umaze 098 ! 099 32 ! 20 00! 10 81! 78 54! 36 39! 31 35! 24
medium 093 ! 096 00 ! 00 00! 00 51! 44 12! 09 27! 18 26! 20
large 079 ! 088 00 ! 00 00! 00 37! 26 06! 04 14! 10 15! 11
complete 060 ! 078 00 ! 02 00! 05 49! 52 08! 05 00! 00 03! 02
partial 072 ! 088 00 ! 02 00! 45 72! 75 09! 06 00! 00 04! 06
undirect 074 ! 085 00 ! 05 00! 10 83! 83 11! 07 00! 00 12! 10

Table 18.Normalized performance before and after online �netuning with10episodes.
(# expert trajectories:10 in AntMaze/MuJoCo and100in Adroit/FrankaKitchen)

Task OLLIE BC NBCU CSIL DWBC MLIRL ISWBC

ant 114 ! 119 56 ! 64 00! 33 74! 94 83! 66 65! 39 74! 55
halfcheetah 110 ! 106 02 ! 84 00! 70 78! 82 58! 47 73! 50 74! 51
hopper 097 ! 105 05 ! 75 00! 70 94! 78 59! 48 82! 60 03! 59
walker2d 094 ! 108 20 ! 81 00! 23 90! 92 69! 45 91! 64 59! 48
hammer 079 ! 099 00 ! 43 00! 00 65! 67 64! 59 00! 00 45! 28
pen 093 ! 098 23 ! 57 00! 15 69! 65 60! 53 66! 37 51! 39
door 090 ! 097 00 ! 31 00! 59 06! 93 16! 15 00! 00 36! 27
relocate 090 ! 095 00 ! 60 00! 52 69! 73 36! 25 00! 00 58! 41
umaze 099 ! 095 12 ! 46 00! 32 30! 82 67! 59 64! 34 52! 33
medium 091 ! 085 00 ! 00 00! 00 18! 50 32! 21 29! 35 44! 31
large 084 ! 088 00 ! 00 00! 00 32! 45 24! 16 20! 13 22! 16
complete 097 ! 100 03 ! 15 00! 66 52! 67 22! 15 00! 00 05! 03
partial 098 ! 100 03 ! 23 00! 54 71! 80 25! 18 00! 00 29! 14
undirect 099 ! 100 03 ! 75 00! 28 89! 79 28! 22 00! 00 05! 23

Table 19.Normalized performance before and after online �netuning with10episodes.
(# expert trajectories:30 in AntMaze/MuJoCo and300in Adroit/FrankaKitchen)

Task OLLIE BC NBCU CSIL DWBC MLIRL ISWBC

ant 117 ! 119 091 ! 086 00! 34 104! 104 090! 088 109! 095 105! 100
halfcheetah 110 ! 108 002 ! 093 00! 54 112! 100 088! 090 084! 094 105! 101
hopper 107 ! 108 031 ! 070 00! 99 078! 093 109! 107 099! 104 108! 099
walker2d 102 ! 107 023 ! 090 00! 34 099! 100 096! 097 079! 092 095! 092
hammer 099 ! 109 000 ! 095 00! 16 100! 091 075! 093 053! 059 088! 101
pen 098 ! 101 057 ! 094 00! 70 093! 072 053! 098 074! 078 103! 092
door 107 ! 106 000 ! 044 00! 16 010! 096 073! 062 042! 038 087! 052
relocate 099 ! 100 000 ! 100 00! 83 094! 084 038! 100 045! 084 099! 103
umaze 099 ! 100 053 ! 051 00! 42 119! 070 090! 088 055! 097 103! 096
medium 099 ! 095 000 ! 000 00! 00 082! 080 047! 034 049! 057 082! 070
large 046 ! 097 000 ! 000 00! 00 075! 060 040! 037 020! 051 090! 065
complete 098 ! 100 011 ! 075 00! 18 082! 089 032! 048 000! 034 020! 052
partial 040 ! 100 015 ! 070 00! 65 004! 092 040! 059 000! 031 038! 059
undirect 099 ! 100 018 ! 068 00! 14 094! 095 063! 066 000! 027 054! 073

38



OLLIE: Imitation Learning from Of�ine Pretraining to Online Finetuning

Table 20.Normalized performance before & after online �netuning with10episodes in vision-based tasks.
(# expert trajectories:25)

Task OLLIE BC NBCU CSIL DWBC MLIRL ISWBC

ant 29 ! 59 15 ! 20 00! 02 10! 16 17! 14 00! 00 21! 13
halfcheetah 40 ! 44 27 ! 28 00! 02 26! 30 19! 13 00! 00 25! 19
hopper 56 ! 68 11 ! 15 00! 06 11! 19 16! 13 00! 00 15! 11
walker2d 52 ! 57 07 ! 14 00! 20 09! 13 10! 16 00! 00 27! 20
lift 83 ! 96 29 ! 52 00! 62 39! 80 46! 30 00! 00 56! 39
can 38 ! 90 21 ! 45 00! 00 23! 55 24! 17 00! 00 09! 06
square 35 ! 38 05 ! 35 00! 00 05! 33 12! 10 00! 00 06! 11

Table 21.Normalized performance before & after online �netuning with10episodes in vision-based tasks.
(# expert trajectories:50)

Task OLLIE BC NBCU CSIL DWBC MLIRL ISWBC

ant 29 ! 59 15 ! 20 00! 02 10! 16 17! 14 00! 00 21! 13
halfcheetah 40 ! 44 27 ! 28 00! 02 26! 30 19! 13 00! 00 25! 19
hopper 56 ! 68 11 ! 15 00! 06 11! 19 16! 13 00! 00 15! 11
walker2d 52 ! 57 07 ! 14 00! 20 09! 13 10! 16 00! 00 27! 20
lift 83 ! 96 29 ! 52 00! 62 39! 80 46! 30 00! 00 56! 39
can 38 ! 90 21 ! 45 00! 00 23! 55 24! 17 00! 00 09! 06
square 35 ! 38 05 ! 35 00! 00 05! 33 12! 10 00! 00 06! 11

Table 22.Normalized performance before & after online �netuning with10episodes in vision-based tasks.
(# expert trajectories:100)

Task OLLIE BC NBCU CSIL DWBC MLIRL ISWBC

ant 70 ! 74 37 ! 42 00! 38 41! 45 25! 17 00! 00 43! 31
halfcheetah 56 ! 86 16 ! 42 00! 09 30! 35 17! 13 00! 00 32! 40
hopper 88 ! 95 28 ! 49 00! 04 24! 49 13! 15 00! 00 25! 22
walker2d 80 ! 88 39 ! 45 00! 19 20! 22 34! 27 00! 00 47! 35
lift 94 ! 99 60 ! 79 00! 53 52! 71 40! 70 00! 00 44! 75
can 74 ! 81 45 ! 55 00! 00 49! 61 53! 39 00! 00 53! 43
square 63 ! 69 22 ! 32 00! 00 23! 32 03! 14 00! 00 25! 26

Table 23.Normalized performance before & after online �netuning with10episodes in vision-based tasks.
(# expert trajectories:200)

Task OLLIE BC NBCU CSIL DWBC MLIRL ISWBC

ant 077 ! 098 26 ! 42 00! 08 55! 69 14! 45 00! 35 57! 58
halfcheetah 088 ! 101 57 ! 65 00! 34 57! 66 33! 64 00! 17 59! 64
hopper 095 ! 100 48 ! 58 00! 30 31! 57 11! 32 00! 14 44! 49
walker2d 089 ! 092 72 ! 54 00! 64 66! 86 05! 48 00! 07 70! 71
lift 098 ! 100 91 ! 83 00! 81 62! 92 67! 95 00! 50 51! 95
can 092 ! 094 35 ! 66 00! 00 56! 84 71! 28 00! 00 81! 43
square 084 ! 088 32 ! 71 00! 00 19! 51 08! 08 00! 00 29! 31
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Figure 25.End-to-end performance from of�ine pretraining to 10-episode �netuning under varying quantities of expert trajectories in
MuJoCo. Uncertainty intervals depict standard deviation over �ve seeds. The results demonstrateOLLIE 's overall ef�ciency in both
sampling/interaction and expert demonstrations, and underscore the great potential of pretraining and �ntuning paradigm in IL.

Figure 26.End-to-end learning curves from of�ine pretraining to online �netuning under varying quantities of expert trajectories in
MuJoCo. The dashed line separates the of�ine and online phases. Uncertainty intervals depict standard deviation over �ve seeds.ne

represents expert trajectories. The simple combination of existing of�ine IL andGAIL suffers from unlearning pretrained knowledge.
OLLIE not only avoids this issue but also expedites online training. This is attributed toOLLIE 's initial discriminator aligning with the
well-performed policy initialization, thereby acting as a good local reward function capable of guiding fast policy search. In addition,
while CSIL can alleviate the unlearning issue to some extent, its IRL procesure exhibits inef�ciency compared toOLLIE .
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