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ABSTRACT

Cross-domain reinforcement learning (CDRL) is meant to improve the data effi-
ciency of RL by leveraging the data samples collected from a source domain to
facilitate the learning in a similar target domain. Despite its potential, cross-domain
transfer in RL is known to have two fundamental and intertwined challenges: (i)
The source and target domains can have distinct state space or action space, and
this makes direct transfer infeasible and thereby requires more sophisticated inter-
domain mappings; (ii) The domain similarity in RL is not easily identifiable a
priori, and hence CDRL can be prone to negative transfer. In this paper, we pro-
pose to jointly tackle these two challenges through the lens of hybrid Q functions.
Specifically, we propose () Avatar, which combines the Q functions from both the
source and target domains with a proper weight decay function. Through this
design, we characterize the convergence behavior of ()Avatar and thereby show
that () Avatar achieves reliable transfer in the sense that it effectively leverages a
source-domain Q function for knowledge transfer to the target domain. Through
extensive experiments, we demonstrate that () Avatar achieves superior transferabil-
ity across domains on a variety of RL benchmark tasks, such as locomotion and
robot arm manipulation, even in the scenarios of potential negative transfer.

1 INTRODUCTION

Reinforcement learning (RL) has witnessed significant progress in various challenging domains, such
as game playing (Mnih et al.| 2015} Silver et al.,|2016), robot control (Gu et al.| [2017; Kalashnikov
et al.} 2018)), and language models (Ouyang et al.,[2022), mainly due to the integration of general RL
techniques with advancements in data collection and computation for large-scale training. However,
data inefficiency of RL remains one significant obstacle to its deployment in many real-world
applications, where online data collection is either costly (e.g., robotics and autonomous driving) or
even hazardous (e.g., medical treatments). As one promising solution, cross-domain RL (CDRL)
serves as a practical framework to improve the sample efficiency of RL from the perspective of
transfer learning, which leverages the data or the pre-trained models from a source domain to enable
knowledge transfer to the target domain, under the presumption that the data collection and model
training are much less costly in the source domain (e.g., simulators).

A plethora of the existing CDRL methods focuses on knowledge transfer across environments that
share the same state-action spaces but with different transition dynamics. This setting has been
extensively studied from a variety of perspectives, such as domain randomization (Peng et al., [2018)),
learning similarity metrics (Sreenivasan et al.|[2023), reward augmentation (Eysenbach et al.| 2021}
Liu et al.| [2022)), and data filtering (Xu et al.||2023)). Despite the above progress, to fully realize the
promise of CDRL, there are two further fundamental challenges to tackle: (i) Distinct state and/or
action spaces between domains: To support flexible transfer across a wide variety of domains, the
generic CDRL algorithms are required to address the discrepancies in the state and action spaces
between source and target domains. Take robot control as an example. One common scenario is
to apply direct policy transfer across robot agents of different morphologies (Zhang et al., [2021)),
which naturally leads to discrepancy in representations. This discrepancy significantly complicates
the transfer of either data samples or learned source-domain models. (ii) Unknown domain similarity
and negative transfer: Typical CDRL presumes that the source and target domains are sufficiently
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similar such that effective transfer is achievable. However, in practice, given that the data budget
of the target domain is limited, it is rather difficult to determine a priori the similarity of a pair of
domains, and this becomes even more challenging when the state-action spaces of the two domains
are distinct. Moreover, this issue can also be highlighted by the phenomenon of negative transfer
(Weiss et al.| 2016} [Pan & Yang| 2009), where transfer learning from the source domain can have
a negative impact on the target domain. As a consequence, despite that CDRL has been shown to
succeed in various scenarios, without a proper design, the performance of CDRL could actually
be much worse than the vanilla target-domain model learned without using any source knowledge
beyond these good-case scenarios. Notably, to tackle (i), several approaches have been proposed to
address such representation discrepancy by learning state-action correspondence, either in the typical
RL (You et al}[2022) or unsupervised settings (Zhang et al.,|2021; |Gui et al., 2023). However, these
existing solutions are all oblivious to the issues of domain dissimilarity and negative transfer and
therefore do not provide any performance guarantees. As a result, one fundamental research question
about CDRL remains largely open: How to achieve efficient and reliable cross-domain transfer in RL
across domains of distinct state-action spaces without the knowledge about domain similarity?

In this paper, we answer the above question in the affirmative. Specifically, we revisit the cross-
domain transfer problem in RL from the perspective of mixing the source-domain and target-domain
Q functions and propose a new CDRL framework termed QQAvatar, where an “avatar", as described
in the movie Avatar, refers to a genetically engineered body that is created by combining human
DNA with the DNA of the native inhabitants of the alien moon. These avatars allow humans on Earth
to remotely control these bodies and quickly adapt to the toxic environment of another planet. By
drawing an analogy between the cross-planet transfer of humans and the cross-domain transfer of
models in RL, we propose to construct a () Avatar, which updates the target-domain policy based on
the weighted combination of the learned target-domain Q function and the given source-domain Q
function and learn the state-action correspondence by minimizing a cross-domain Bellman loss.

To substantiate this idea, we first present a prototypical algorithm of ()Avatar in the tabular setting
and establish that () Avatar enjoys a nice upper bound on the sub-optimality under a properly designed
weight decay function, regardless of the similarity between the source and target domains. This result
also suggests that () Avatar can achieve improved sample efficiency of CDRL while preventing the
potential negative transfer. Based on these findings, we further propose a practical implementation
by integrating the () Avatar algorithm with a neural mapping function based on a normalizing flow
model in learning the state-action correspondence.

The main contributions of this paper can be summarized as follows: 1) We propose the (QAvatar
framework that achieves knowledge transfer between two domains with distinct state and action spaces
for improving sample efficiency. We then present a prototypical () Avatar algorithm and establish its
convergence property, showing that () Avatar can improve sample efficiency while avoiding negative
transfer. 2) We further substantiate the () Avatar framework by proposing a practical implementation
with a normalizing-flow-based state-action mapping. This further demonstrates the compatibility of
QAvatar with off-the-shelf methods for learning state-action correspondence. 3) Through extensive
experiments and an ablation study, we show that () Avatar significantly outperforms the benchmark
CDRL algorithms in various popular RL benchmark tasks, regardless of the quality of source-domain
models and domain similarity.

2 RELATED WORK

CDRL across domains with distinct state and action spaces. The existing approaches can divided
into three main categories: (i) Manually designed latent mapping: In (Ammar & Taylor, [2012) and
(Ammar et al., [2012)), the trajectories are mapped manually and by sparse coding from the source
domain and the target domain to a common latent space, respectively. The distance between latent
states can then be calculated to find the correspondence of the states from the different domains.
In|Gupta et al.| (2017)), the correspondence of the states is found by dynamic time warping and the
mapping function which can map the states from two domains to the latent space is found by the
correspondence. (ii) Learned inter-domain mapping: In the literature (Taylor et al.,|2008; [Zhang
et al., 2021} Heng et al.l 2022; |Gui et al., 2023} Zhu et al.}[2024), the inter-domain mapping is mainly
learned by enforcing dynamics alignment (or termed dynamics cycle consistency in (Zhang et al.|
2021)), i.e., aligning the one-step transitions of the two domains. Additional properties have also
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been incorporated as auxiliary loss functions in learning the inter-domain mapping in the prior works,
including domain cycle consistency (Zhang et al.||2021; |[Heng et al., [2022)), effect cycle consistency
(Zhu et al.| [2024), maximizing mutual information between states and embeddings (Heng et al.,
2022), and alignment of target-domain rewards with the embeddings (Heng et al.,[2022). Moreover,
as the state and action spaces are typically bounded sets and these methods directly map the data
samples between the two domains, adversarial learning has been used to restrict the output range
of the mapping functions (Zhang et al., 2021} |Gui et al., [2023)). On the other hand, in (Ammar
et al.L [2015)), the state mapping function is found by Unsupervised Manifold Alignment (Wang &
Mahadevan, |2009). Despite the above progress, the existing approaches all presume that the domains
are sufficiently similar and do not have any performance guarantees (and hence can suffer from
negative transfer in bad-case scenarios). By contrast, this paper proposes a robust CDRL method that
can achieve transfer regardless of source-domain model quality or domain similarity with guarantees.

CDRL across domains with identical state and action spaces. In CDRL, a variety of methods
have been proposed for the case where source and target domains share the same state and action
spaces but are subject to dynamics mismatch. (i) Using the data samples from both source and target
domains for policy learning: One popular approach is to use the data from both domains for model
updates (Eysenbach et al., 2021} |Liu et al., 2022} Xu et al.||2023). For example, for compensating the
discrepancy between domains in transition dynamics, (Eysenbach et al., 2021) proposes to modify
the reward function, which is learned by an auxiliary domain classifier that distinguishes between the
source-domain and target-domain transitions. (Liu et al., 2022) handles the dynamics shift problem
in offline RL by augmenting rewards in the source-domain dataset. (Xu et al., 2023) proposes to
address dynamics mismatch by a value-guided data filtering scheme, which ensures selective sharing
of the source-domain transitions based on the proximity of paired value targets. (ii) Explicit domain
similarity: (Sreenivasan et al.,[2023) proposes to selectively apply direct transfer of the source-domain
policy to the target domain based on a learnable similarity metric, which is essentially the TD error
of target domain trajectories with source Q function. Moreover, based on the policy invariant explicit
shaping (Behboudian et al.| 2022), (Sreenivasan et al., 2023) further uses the potential function as
a bias term for selecting actions. (iii) Using both Q-functions for the Q-learning updates: Target
Transfer Q-Learning (Wang et al.,|2020) calculates the TD error by the source and target domains
Q functions in order to select the TD target from the two Q functions. (iv) Domain randomization:
To tackle sim-to-real transfer with dynamics mismatch, domain randomization (Rajeswaran et al.
2016; |Peng et al.| [2018; |Chebotar et al., 2019;|Du et al.,[2021)) and Du et al.|(2021) collects data from
multiple similar source domains with different configurations to learn a high-quality policy that can
work robustly in a possibly unseen but similar target domain.

3 PRELIMINARIES

In this section, we provide the problem formulation and basic building blocks of CDRL as well
as the useful notation needed by subsequent sections. For a set X', we let A(X) denote the set
of probability distributions over X'. As in typical RL, we model each environment as an infinite-
horizon discounted Markov decision process (MDP) denoted by M := (S, A, P, r,, i), where (i)
S and A represent the state space and action space, (i) P : S x A — A(S) denotes the transition
function, (iii) 7 : S X A — [— Rmax, Rmax] is the reward function, (iv) v € [0, 1) is the discounted
factor, and (v) u € A(S x A) denotes the initial state-action distribution. Notably, the use of an
initial distribution over states and actions is a standard setting in the literature of natural policy
gradient (NPG) (Agarwal et al., 2021} Ding et al., 2020; [Yuan et al., 2022} |Agarwal et al.| [2020;
Zhou et al [2024). Given any policy 7 : S — A(A), we use 7 = (Sg,ap,71,--) to denote a
(random) trajectory generated under 7 in M, and the expected total discounted reward under 7 is
defined as V7 (1) := E[>_ o o 7' (8¢, ar)|m; so, ag ~ p]. Moreover, as usual, we use Q7% (s, a) and
VT (s) to denote the Q function and value function of a policy m. We also define the state-action
visitation distribution (also known as the occupancy measure in the MDP literature) of a policy 7 as
d™(s,a) == (1 —7)(u(s,a) + ;21 ¥'P(sy = s,a, = a; 7)), for each (s, a).

Problem Formulation of Cross-Domain RL. In typical CDRL, the knowledge transfer involves two
MDPs, namely the source-domain MDP M. := (S, Asies Pires Tsies Y, tsic) and the target-domain
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MDP M,y := (Star, Atars Pars Ttars 7, utar)[ﬂ Notably, in addition to distinct state and action spaces,
the two domains can have different reward functions, transition dynamics, and initial distributions.
Here we assume that the two MDPs share the same discounted factor -y, which is rather mild. More-
over, the trajectories of the two domains are completely unpaired. Let II;,, be the set of all stationary
Markov policies for M. The goal of the RL agent is to learn a policy 7* in the target domain such
that the expected total discounted reward is maximized, i.e., 7* := arg maXyer,, V/@lm( tar). TO
improve sample efficiency via knowledge transfer (compared to learning from scratch), in CDRL,
the target-domain agent is granted access to (e, Qse, Vire)» Which denotes a policy and the cor-
responding Q and value functions pre-trained in M,... Notably, we make no assumption on the
quality of 7y, (and hence 7y, may not be optimal to M), despite that 7, shall exhibit acceptable
performance in practice.

In this paper, we focus on designing a reliable CDRL algorithm in the sense that it effectively
leverages a source-domain Q function Q. for knowledge transfer to the target domain, regardless of
the quality of Q. and domain similarity.

Inter-Domain Mapping Functions. To address the discrepancy in state-action spaces in CDRL,
learning an inter-domain mapping function is one common building block of many CDRL algorithms.
Specifically, there are a variety of ways to construct the mapping functions, such as handcrafted
functions (Ammar & Taylor, 2012)), encoders and decoders trained by cycle consistency Heng et al.
(2022)) like cycle-GAN (Zhu et al.| [2017), neural networks trained by dynamics alignment of the
MDPs (Gui et al.} 2023). Moreover, mapping functions have various candidate target spaces, such as a
latent space, state or action spaces of the target domain (i.e., from S, Agc t0 Star, Arar), and state or
action spaces of the source domain (i.e., from Sy, Ay t0 Syre, Agre)- For example, (Gui et al.| [2023)
proposed to learn two mapping functions G : Sy — S and Go @ Age — Ay through dynamics
alignment, which infers the unknown mapping between the unpaired trajectories of M., and M,
by aligning the one-step state transitions. Specifically, dynamics alignment can be implemented
by minimizing the loss function defined as L(G1,G2) = By ~psp, s [54e — G1(sly)||1], where
Star is drawn from some target-domain state distribution p and s, ~ Piar(+|Star, G2(asrc)) With
asre ~ Tsre(+|G1(Star)). However, this approach provides no performance guarantee as it can suffer
from identification issue due to its unsupervised nature. By contrast, in this work, we propose to learn
inter-domain state and action mapping functions in the form of ¢ : Sy — Sge and ¥ : Ay — Agre
by leveraging a cross-domain Bellman-like loss function with guarantees, as described subsequently
in Section[d] Moreover, we construct a toy example to show that dynamics cycle consistency could
get stuck at a sub-optimal inter-domain mapping while the proposed cross-domain Bellman-like loss
can learn a better mapping by considering the target-domain rewards in Appendix [C.1]

Notation. Throughout this paper, for any real-valued function h : S x A — R, for any policy ,
we use h(s, ) and h(s,a; ) as the shorthand for E,(.s)[h(s,a)] and h(s, a) — Eqr(.|s) [ (s, )],
respectively. For any real vector z and any p > 1, we use ||z||,, to denote the £,,-norm of z.

4 METHODOLOGY

In this section, we first describe the prototypical framework of () Avatar in the tabular setting (i.e.,
S and Ay, are finite) and establish convergence guarantees. We then extend this framework to a
practical deep RL implementation.

4.1 THE QAVATAR FRAMEWORK

The main idea of (QAvatar is to utilize a weighted combination of a learned target-domain Q function
and the given source-domain Q function for robust cross-domain knowledge transfer. In this way,
QAvatar can enjoy improved sample efficiency in good-case scenarios (e.g., My and My, are
similar) while avoiding potential negative transfer in other scenarios. Specifically, () Avatar consists
of the following three major components:

Throughout this paper, we use the subscripts “src" and “tar" to represent the objects in the source domain
and the target domain, respectively.
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Algorithm 1 () Avatar

Require: Source-domain Q function Qy,, weight decay function o : N — [0, 1], and 5 > 0.
1: Initialize the state mapping function ¢, the action mapping function ¢, number of on-policy
samples per iteration Ny, and the target-domain policy 7(%)
for iterationt = 1,--- ;T do
Sample Dt(ffr) ={(s,a,r, s")} of thtr) on-policy samples using 7(*) in the target domain

2:
3
4: Update Qy,r by minimizing the TD loss in , ie., Qgr) ¢ argming,, L1p(Qur; 7, Dt(fr) )
5
6

Update ¢ and ¢ by minimizing (1), i.c., ), ) « argming  Lep(, 15 Que, 70, D).
Update the target-domain policy by adapting NPG to CDRL as in (3).

7: end for

8: Return Target-domain policy ) ~ Uniform({zx(V), - 7()1}).

* Inter-domain mapping: Under QQAvatar , we propose to learn the inter-domain mappings ¢ :
Siar — Ssie and ¢ 1 A — Age by minimizing a cross-domain Bellman-like loss function as

£CD(¢7 ¢; erm Tltar, Dtar) = E(s,a,rm,s’)EDmr |:|Tlar+7Ea’~mm [erc(¢(3/)a 1#(@/))} _erc(¢(8)a ¢(a)) ” s
(1)

where Qg is the pre-trained source-domain Q function and Dy, = {(s, @, Ty, s') } denotes a set

of target-domain samples drawn under 7. Intuitively, the loss in (I)) looks for a pair of mapping

functions ¢, 1 such that Qg aligns as much with the target-domain transitions as possible. In the

special case of M, = My, and ¢, ¥ being identity maps, (1) simply reduces to the standard loss

function of temporal difference (TD) learning.

* Target-domain Q function: To implement the idea of a hybrid Q function, () Avatar maintains
a target-domain Q function Qy,, which is essentially a critic of the current target-domain policy.
Specifically, in each iteration ¢, Qy, is obtained by a policy evaluation step via minimizing the
standard TD loss for least-squares policy evaluation (LSPE) (Lagoudakis & Parr, 2001} |Yu &
Bertsekas|, [2009; [Lazaric et al., 2012 i.e.,

G 2
ETD(Qtar; Tltary Dtar) = E(s,a,rm,s’)EDm, |: Ttar + '-YE(L’Nmm [Qtar(sla a/)} - Qtar(57 CL)| :| ) (2)

where Dy, = {(s,a,r,s")} denotes target-domain samples.

* NPG-like policy update with a weighted combination of Q functions: The core idea of () Avatar
is to leverage both Qg and @y, to determine policy updates. In the tabular setting, inspired by
(Zhou et al.l 2024) in the offline-to-online RL literature, we adapt the classic NPG update (Kakadel
2001)), which takes an exponential-weight form on the Q function in the policy space (cf. (Agarwal
et al., [2021} |Xiao0, [2022))), to the CDRL setting. In each iteration ¢,

7D (als) o 7 (als) exp (- (1= a(t) QW (5. 0) + a(H)Que(@(5), ¥ (@) ), )

where « : N — [0, 1] is the weight decay function to be configured. Intuitively, () shall be close
to one for small ¢ to achieve knowledge transfer from Q). and gradually diminish to zero to escape
from potential negative transfer.

The pseudo code of QAvatar is provided in Algorithm [I]

Remark 1. In Line 8 of Algorithm [} QAvatar outputs the final policy by choosing uniformly at
random from the set of all intermediate polices. This is a standard procedure in the optimization
literature to connect the average sub-optimality with the performance of output policy. In the
experiments, we show that using the last-iterate policy is sufficient and performs well.

4.2 PERFORMANCE GUARANTEES OF QAVATAR

In this section, we formally present the theoretical guarantee of () Avatar and thereby describe how
to choose the proper decay parameter «(-). Before stating the theorem, we first describe a useful
definition on the coverage in terms of state-action distribution (Zhou et al.| 2024)).

These works on LSPE are shown under linear function approximation, which includes the tabular setting as
a special case by using one-hot feature vectors.
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Definition 1 (Coverage). Given a comparator policy 7' in M, we say that ©* has coverage C..+ if
for any policy © € 11,4y, we have ||d”T/d7r||O<J < Cpi.

Notably, one can verify that C_; is finite if ar’ war|| oo 18 finite (given that || i /d™ [|oo < 1/(1—
Yy y w iz g iz 8l

for all 7, by the definition of d™), and this can be satisfied under an exploratory initial distribution
with (s, a) > 0 for all (s, a), which is one standard assumption in the NPG literature (Agarwal
et al.;2021; Ding et al.| [2020; [Yuan et al.| {2022} |Agarwal et al.| 2020; |Zhou et al., [2024)). Intuitively,
the coverage is needed to enable direct comparison of the Bellman error between policies.

Assumption 1. The initial distribution is exploratory, i.e., li,,(s,a) > 0, for all s, a.

Definition 2 (TD Error) For each state-action pair (s,a) and t € N, the TD error et(;)(s, a) is

d@ﬁl’l@d as Ez(d 8 a |Qr - Ttar(& (l) IVE‘; '~ P (+|8,a),a’ ~om (0 (- ’)[Qlar (S a )”

Definition 3 (Cross Domain Bellman Error). Given a source-domain Qm, for each state-action pair
(s,a) andt € N, the cross-domain Bellman error W (s,a; Qm) is deﬁned as ") (s,a; Que) =

src,be src,be
|er6(¢(t)(s)vw(t) (a)) - rtar(sva) ’YEs '~ Piar(-]s,a),a’ ~om () (- [Qm((b ( ')ﬂl)(t)(a/))]!-
Definition 4 (Cross-Domain Action Value Function). For each state-action pair (s,a) and t € N,
the cross-domain action value function f® (s, a) is defined as f® (s, a) := (1 — a(t)) t(j,)(s, a) +
a(t)Que(s, a), where o : N — [0, 1] is the weight decay function.

Below we use ||6brC pe(Qsre) || oo and He(*)Hoo as shorthand for Hesrc be (571 Qsre) ||oo and ||e(f)( Mloos
and wWe uSe farmin as a shorthand for min, , fuar(s, a). We are ready to present the main theoretical
result, and the detailed proof is provided in Appendix

Theorem 1. (Average Sub-Optimality) Under the QAvatar in Algorithm|l|and Assumption|l| given
any fixed learning rate 1) > 0, the average sub-optimality over T iterations can be upper bounded as

T T
1 « ) 1 - log | Awr |
— E ™ )—VT )< —— E E . (®) ! ol |
T £ (V (ttar) = V™ (Ha )) = (1=yT | (s,a)~d {H}f}xf (s,a )} + (11— )Ty

(a)

T T
t t
Z €2 4 (Que)lloo + Z (1= a(t)]|e? oo,

(b) (c)

H\Q
H\Q

“
where Co 1= 2/Crr /(1 = ¥)? ttsar min) and fO (s, a) := fO(s,a) — fO (s, 71 (s)).

Notably, in (@), the term (a) reflects the learning progress of NPG, the (b) reflects the effect of
cross-domain transfer, and (c) indicates the error of policy evaluation for the target-domain policy.
The term (c) reflects the sample complexity of the standard least-squares TD-based policy evaluation
(Lagoudakis & Parr}, 2001} |Lagoudakis et al.l 2002} Yu & Bertsekas, [2009; [Lazaric et al., 2012 and

can be made small with sufficient samples (i.e., sufficiently large thfr)).

Key Implications of Theorem I}

* Positive transfer indeed reduces the upper bound of average sub-optimality: For didactic
purposes, consider an ideal case in the sense that Q. is optimal in the source domain and there
always exists a perfect inter-domain mapping ¢* and ¢)* such that Lep (0%, ™5 Qsee, Tears Diar) = 0
under any policy . In this case, the positive transfer perfectly happens. Let «(t) be close to
one initially in the first 7" iterations and let 7 be sufficiently large. We can observe that term (b)
in (E]) is always zero, since €gc, pe(Qsre) i always zero. Regarding the term (a) in , since «(t)
is initially close to one, we have f()(s,a) = Quc(¢)(s), 0 (a)) — Que(d® (s), ¢ (7 (5))).
By the policy update rule in (3)), optimality of source Q function Qg., and the fact that perfect
inter-domain mapping exists, we know that & 5> | E(, ,) g« [max, f® (s, a’)] must be small
since (s) woul be quickly updated to close to 7*(s) for any s € Sy,r. Moreover, the term (c) in
(4) shall also be small initially since «(¢) is close 1. By combining all the above, we can conclude
that the bound on sub-optimality gap is small in the positive transfer regime.
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* (QAvatar can avoid getting stuck in the negative transfer regime: Consider a negative transfer
case, where Lcp (¢, 15 Qsee, Tars Diar) i always large under any policy 7y, and inter-domain
mappings ¢ and ¢. As a result, ||e£fc) pe(Qsrc)||oo is large. In this case, given that a(t) is a
decreasing function, «(t) shall be close to 0 under large ¢. We can observe that the term (b) in @)

is small (even if ||6§rtc) pe (Qsre)||oo remains large). Note that the policy update rule in (3)) reduces to

the original NPG based on the target-domain critic since «(¢) is close to 0. For the term (a) in (E]),

we have f®) (s, a) = Q") (s,a) — QW (s, 7()(s)) and the term (a) in (4) reduces to the standard

bound for NPG. Similarly, the term (c) in (4) reduces to the standard TD error since «(t) is close to

0. By combining all the above, we conclude that under ()Avatar , the bound on sub-optimality gap

would not be continuously dominated by the term (b) in (@) in the negative transfer regime.

Remark 2. Note that the proof of Theorem bears some high-level resemblance with (Zhou et al.,
2024) as they also use NPG in their hybrid actor-critic (HAC) algorithm. That said, QAvatar is
fundamentally different from HAC in two aspects: (i) (QAvatar addresses cross-domain transfer while
HAC focuses on using offline and online data from the same domain. (ii) () Avatar utilizes the hybrid
Q function while HAC applies a hybrid squared error regression loss (i.e., the sum of TD errors
calculated from both offline and online data).

4.3 PRACTICAL IMPLEMENTATION OF (QAVATAR

We extend the ()Avatar framework in Algorithm [I| to a practical deep RL implementation for
continuous state and action spaces by applying the following design choices. The pseudo code is
provided in Algorithm 2]in Appendix.

* Learning the target-domain policy and the Q function. To go beyond the tabular setting and
handle continuous state and action spaces, we extend () Avatar by first connecting NPG with soft
policy iteration (SPI) (Haarnoja et al., [2018)). In the entropy-regularized RL setting, SPI has been
shown to be a special case of NPG (Cen et al., 2022). Based on this connection, we choose to
integrate (QAvatar with soft actor-critic (SAC) (Haarnoja et al.l [2018), i.e., updating the target-
domain critic Qg by the critic loss of SAC and updating the target-domain policy 7(*) by the SAC
policy loss function with the weighted combination of Q,; and Q. of QQAvatar . Regarding the
weight decay function a/(t), based on the theoretical result, we set () = ¢=? with 8 > 0 in the
experiments.

* Learning the inter-domain mapping functions with an augmented flow model. Similar to
the tabular setting, we learn the inter-domain mappings by minimizing the cross-domain Bellman
loss. Notably, in practical RL problems, the state and action spaces are mostly bounded sets. As
a result, we need to ensure that the outputs of the inter-domain mappings ¢ : Syr — Sy and
¥ : Awr — Ay fall within the feasible regions. As mentioned in Section 2] adversarial learning is
widely adopted to solve this practical problem in the existing literature (Taylor et al., 2008} Zhang
et al., 2021} |Gui et al., |2023; |Zhu et al., 2024). However, we observe that adversarial learning
could suffer from unstable training process in practice. Therefore, we use the method proposed
by (Brahmanage et al.,[2024) and train a normalizing flow model that can map the outputs of the
mapping functions to the feasible regions.

5 EXPERIMENTS

In this section, we show that () Avatar achieves effective cross-domain transfer and improves the
sample efficiency on various RL benchmark tasks. Moreover, we demonstrate that () Avatar can still
perform well even with the existence of negative transfer between the source and target domains.
Unless stated otherwise, all the results reported in this section are averaged over 5 random seeds.

5.1 EXPERIMENTAL SETTINGS

Benchmark CDRL Methods. We compare the performance of () Avatar with various recent CDRL
benchmark algorithms under distinct state-action spaces, including Dynamics Cycle-Consistency
(DCC) (Zhang et al.,[2021), Cross-Morphology-Domain Policy Adaptation (CMD) (Gui et al.| [2023)),
and Cross-domain Adaptive Transfer (CAT) (Heng et al., |2022). For a fair comparison, all these
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benchmark methods and () Avatar use the same set of source-domain models (i.e., the policy and the
corresponding Q-networks), which are pre-trained by using SAC in the source domain. However,
the original DCC is implemented in a batch setting, i.e., a fixed number of trajectories are collected
for learning the inter-domain mappings. For a fair comparison, we adapt the DCC in an online
setting, i.e., learning while iteratively collecting new trajectories. Regarding CMD, we observe that
the original setting could suffer because the collected trajectories mostly have low returns due to a
random behavior policy. Therefore, we consider a stronger version of CMD with target-domain data
collected under the target-domain policy, which is induced by the source-domain pre-trained policy
and the current inter-domain mappings.

Moreover, to demonstrate the sample efficiency, we also compare () Avatar with the standard SAC
(Haarnoja et al.| [2018)), which learns from scratch in the target domain, as well as with the direct
Fine-Tuning (FT) upon the source models (Ha et al.,|2024), which can be viewed as using the standard
SAC with source feature initialization. Both methods can serve as reasonably competitive baselines.
The hyperparameters are provided in Appendix

Evaluation Environments. We evaluate (QAvatar in

three types of RL benchmark environments: Table 1: Dimensionalities of the source

. and target domains (“Src" and “Tar" rep-

* Locomotion: We use the standard MuJoCo environ- acent the source domain and the target
ments, including Hopper-v3, HalfCheetah-v3 and Ant- 35 main.

v3, as the source domains and follow the same pro-

cedure as in (Zhang et al.l 2021} [Xu et al., [2023) to

modify them for the target domains. Moreover, we Environment Suare Acnon'
consider the Centipede environments in CAT (Heng Sre Tar Sre  Tar
et al.|, [2022), using CentipedeFour as the source do- gz&%‘zemh } ; g Z ‘9‘
main and CentipedeSix as the target domain. Addition- Ant 11 133 8 10
ally, for evaluation in the scenario of negative transfer, Centipede 97 139 10 16
we use Inverted Pendulum-v2 and the two-joint robot IP / Modified IDP 4 11 1 1
arm Reacher-v2 as the source domains and employ In- Reacher 14 2 2
verted Double Pendulum-v2 and the three-joint robot Block Lifting 42 4 8 7
arm Reacher-v2 as the respective target domains. The Door Opening a6 S8 7
. .. . Table Wiping 37 34 7 6
details about the morphology is in Appendix Merging /Highway 12 16 2 2

* Robot arm manipulation: We use the environments
provided by Robosuite, a popular package for robot
learning released by (Zhu et al.| [2020). We evaluate our algorithm on three tasks, including block
lifting, door opening and table wiping. For each task, we use the Panda robot arm as the source
domain and set the URSe robot arm as the target domain.

* Autonomous driving: We use the environments provided by BARK-ML (Bernhard et al., 2020).
Notably, these environments are highly unpredictable due to the complex traffic situations and
driver behaviors encoded in the BARK-ML behavior model. For cross-domain transfer, we use
merging-v0 as the source domain and highway-v0 as the target domain.

Table[T]provides the dimensionalities of the state and action spaces in all the tasks.

Reproduction and Sanity Checks for DCC, CMD, and CAT. Regarding CAT and DCC, we directly
use the official implementation provided by the original papers. Moreover, as there is no CMD
implementation available, we reproduce CMD by referring to the source code of DCC as these two
algorithms are similar. As a sanity check, we evaluate DCC and CMD in multiple MuJoCo tasks and
confirm that our reproduced scores are indeed close to those reported in the original papers (despite
that DCC and CMD do not perform well due to their unsupervised nature). Similarly, a sanity check
for CAT on the Centipede task confirms the reproduced score. The details are in Appendix [C.2]

5.2 EXPERIMENTAL RESULTS

Does QQAvatar improve data efficiency? As shown by the training curves in Figure|l| we observe
that (QAvatar achieves improved data efficiency via cross-domain transfer than SAC throughout
the training process in all the MuJoCo, Robosuite, and BARK-ML tasks, despite that these tasks
have rather different dimensionalities as shown in Table [l CAT achieves moderate performance
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Figure 1: The training curves of ()Avatar and the benchmark methods: (a)-(d): Locomotion tasks
in MuJoCo; (e)-(g): Robot arm manipulation tasks in Robosuite; (h) Autonomous driving tasks in
BARK-ML.

in Table Wiping, Centipede, and Highway but does not learn effectively in the other tasks. These
appear reasonable as CAT has no performance guarantees and can suffer if the source and target
are rather dissimilar, despite that CAT applies policy gradient with target-domain rewards to align
the inter-domain mapping with the target domain. On the other hand, FT typically achieves slight
improvement in data efficiency than SAC in MuJoCo but slower learning progress in Robosuite. We
conjecture that this is because distinct robot arms in Robosuite lead to more dissimilar state-action
representations and hence require more fine-tuning steps.

Regarding CMD, it cannot obtain good returns in most of the tasks. Notably, in some environments
like Ant, CMD appears very unstable due to its adversarial learning module for restricting the output
of their mapping functions. DCC does not perform well in most tasks, including HalfCheetah. This
trend is similar to that in the original paper (Zhang et al., 2021)). The rewards obtained by DCC in
our experiments are slightly lower than those shown in (Zhang et al.,|2021)) despite that we try our
best to reproduce their results. To strengthen our argument, we offer a comparison of the original
and reproduced results in Appendix[C.2} We conjecture that the undesired performance of CMD and
DCC results from that they learn in an unsupervised manner and hence does not take target-domain
rewards into account.

Additionally, when we consider the time to threshold metric, our algorithm requires 298k fewer
steps to achieve the threshold than SAC does in the best case. When we consider the asymptotic
performance metric, our algorithm can obtain higher final rewards than SAC. The results of these two
metrics are shown in the Appendix [C.3|and [C:4]

Does (QQAvatar still perform reliably well when negative transfer is likely to happen? We
construct negative transfer scenarios by modifying the environment configurations via swapping
action encodings, as described below: (i) In the Reacher environment, we use a two-joint robot arm
as the source domain and a three-joint arm as the target domain. To match the action dimensions, the
middle joint of the three-joint arm is disabled (i.e., its action is always set to 0). We then alter the
three-joint arm’s configuration by swapping the encoding of "clockwise" and "counterclockwise"
actions (termed “Modified Reacher"). (ii) Similarly, we use Inverted Pendulum (IP) as the source
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domain and Inverted Double Pendulum (IDP) as the target domain. Then, we modify the configuration
of IDP by swapping the encodings of the actions “left” and “right" (termed ‘“Modified IDP").

As a result, negative transfer shall easily
occur if we deactivate the inter-domain

action mapping ¢ of QAvatar such that 4 -5.0 — =] 4 10000
QQAvatar cannot learn by simply mapping ¢ oS AT T 8000 //’/*
the "clockwise" in three-joint Reacher to = -125) 3~ == | = 6000
"counterclockwise" in two-jointed Reacher ~ § 7150 =1 & 000 /,,1'
and “left" in IDP to “right" in IP. As shown 3 —20.0 | 2 2000 v
in Figure[2] we observe that QAvatar out- 2 ~>2% g L

" i hmarks aleorith 075510 15 20 25 30 07705 10 15 20
performs all CDRL benchmarks algorithms Time Steps  1e5 Time Steps  le
and exhibits a learning curve similar to . .

. . a) Modified Reacher b) Modified IDP

SAC and FT, despite the negative transfer @ ®)
scenarios. This coqﬁrms that () Avatar can OAvatar bec AT — Fr
indeed perform reliably due to the use of saC —A— CMD

hybrid Q function.
Figure 2: The training curves of ()JAvatar and the bench-

Is QAvatar sensitive to the decay func- . .
@ y mark methods in the negative transfer cases.

tion? We evaluate (QAvatar with a(t) as
1/+/t,1/t, and 1/t1°. As shown in Figure QAvatar can learn successfully regardless of the choice
of «(t) and appear consistently favorable under all these choices of « ().

Does QQAvatar still perform reliably with a source-domain model of lower quality? We further
run ) Avatar with low-quality source-domain Q networks, which are pre-trained only for five thousand
steps in both Hopper and Door Opening. As shown by Figure [ we find that despite QAvatar is
affected by the low-quality source model initially, it can quickly catch up and achieve total reward

comparable to SAC. This appears consistent with the theoretical result in Theorem T}
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QAvatar a(t) = 1/t*°

QAvatar

Figure 3: The training curves of (QAvatar under
different decay functions o.

Figure 4: The training curves of ()Avatar with
a high-quality and a low-quality source model.

6 CONCLUDING REMARKS AND LIMITATIONS

In this paper, we present (QAvatar, the first CDRL method that can handle distinct state-action
representations between domains with performance guarantees. Based on the idea of combining
the source-domain and target-domain Q functions, () Avatar achieves robust knowledge transfer and
tackles the negative transfer issue. Through extensive experiments, we show that ) Avatar indeed
serves as a promising and generic solution to cross-domain transfer in RL. One limitation of this
work is that we follow the standard CDRL formulation and consider only one source domain and one
target domain. Extending the idea of () Avatar to achieve knowledge transfer from multiple source
and target domains is a promising future research direction.

10
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A SUPPORTING LEMMAS

Lemma 1 (Performance difference lemma). For any two policies m and 7', for any state s, we have

V™ (1) = V() = ——E, . [A™(s, a)],

1— v s,ard™

where A™(s,a) := Q™ (s,a) — V™(s) is the advantage function.

Proof. This can be directly obtained from Lemma 6.1 in (Kakade & Langford, [2002). O

Lemma 2. Suppose f ®) and ) denote the cross-domain value functions and the policies at iteration
t. Then, for any learning rate n and policy 7, we have

T
> By [FO(s,0) = FO(s,70(5))]
t=1

log | A |

T
< ZE(s,a)Nd”* [Irtf}xf(t) (57 a/) - f(t) (&ﬂn(t) (S)>:| + n
t=1

Proof. Let f)(s,a) = f®(s,a) — £ (s, 7" (s)). According to the policy update rule, at iteration
t, the policy 7(**1) for the next iteration is updated by the formula:

7 (a | s)exp (nf P (s,a))
o 8 (@ | s)exp (nf® (s,a))
Let Zy = >, 7™ (a' | s)exp (nf® (s,a’)). By multiplying both sides of (5) by Z; taking the
logarithm, and then taking the expectation on both sides w.r.t (s, a) ~ d™", we obtain

E (s aymdn* [nf(t)(s, a)] = E(s a)dr* [log Z; +log ™V (a ] s) —logn®(a | s)} . (6)
Next, we bound the term log Z;. Since the log(-) is an increasing function, we have

log Z; = log <Z 7 (a' | s)exp (7)(t)f(t) (s,a’)))

a’€A

(| s) =

&)

< log <maﬁexp (nf (57‘1/)))

< 1) (¢ of ) _ O
- (Ill;leaﬁ (nf (87 “ ) n gleai f (87 “ )
Then, we have

E(oaynar [0 (,0)] < Egoayeae [logn ™+ (a | 5) ~logn(a | 5) + nmax fO (s,a')]

(N
By taking the summation over iterations on both side of (7)),
T
ZE(s,a)Nd* {nf(t)(sa a):|
t=1
T —
< ZE(S)Q)NCF* {77 max O (s, a')} + E(s,0)mdm {log 7T (q | s) —lognM(a | 5)} .
t=1
Using the fact that log((a | s)) < 0, since 7(als) < 1,and 7V (a | s) = ﬁ, we have
log | Agar
z:Estl)Nd7r |:f() Sa} ZE(sade |:maXf(t)( ) _|_Og|nta|.
O
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Lemma 3 ((Agarwal et al.,|2019), Chapter 4). Let 7 = (so, ao, $1,01, - - ) denote the (random)
trajectory generated under a policy w in an infinite-horizon MDP M. For any function f : S x A —
R, we have

E, |:Z 'th(sta at):| = %]E(s,a)wd7r [f(S, a)] . 3
t=0

Lemma 4 (Importance Ratio). Given a fixed policy 7 and a fixed state-action pair (s, a), let pi(s, a)
denote the probability of reaching (s, a) under an initial distribution d™ and policy w after k time
steps. Then, for any k € N, we have

pi(s,a) 1
& (5,a) = (=i a)

©))
Proof. To begin with, recall the definition of d™ as

d"(s,a):=(1—7) (M(s,a) + thP(st =s,a; = a;ﬂ)) = nytP(st =s,a; = a;m). (10)
t=1 t=0

Let Spext,k: and anext,r: denote the state and action after k time steps. Then, we can write down pj, (s,a):

Pr(5:@) = Y P(snexth = 8, Gnexk = |0, a0; 7)d" (50, ao) (11)
(s0,a0)
= Z HD(Snexl,k = S, Qpext,k = a|807 a0§77) . (1 - 'Y) ' Z’Yt P(St = S0, a¢ = Qao; 77)
(s0,a0) t=0
(12)

(o)
=(1=7) )7 Plsnexk = 8, Gnextk = als0,a0; ) - P(s = so, a1 = ag; ) (13)
t=0

50,Q0
oo

=1 -9 Y'P(siir = 8, a141 = a;) (14)

Then, we have

pr(s,a) (1-7 Z;’io V' P(Si4k = 83 ek = a5 7)

= (15)
d™(s,a) (1 =) 2207 P(st = 5,0t = a; )
_ YooV P(St4k = S, @ = a;m)
= S (16)
Zt:o’}/ P(St = S,at = a;ﬂ')
ot
< =) a7
Dm0V P(se = s;m)
1 1
= (18)

L= 27 Plsi = s;7)
where holds by P(S¢4x = 8, a4+ = a;7) < 1 and holds by taking the sum of an infinite
geometric sequence. By >°.° (V' P(s; = s,a; = a;7) = par(s) + Doy V' P(se = s, a0 = a;7),
we have
1 1 1 1

. = . 19
L=y Yo P(se=s,ar=a;m)  1—7 p(s,a)+ >0 v P(s = s,a0 = a; ) 4
1
< (20)
(I =)pu(s,a)
where holds by >°7°, 7' P(s; = s,a; = a; ) > 0. O

B PROOF OF THEOREM/I]

Recall that for any policy m, we use d” to denote the discounted state-action visitation distribution
under policy 7 in the target domain.

15



Under review as a conference paper at ICLR 2025

Lemma 5. Under Algorithm[I} for any t € N, we have

E(S@)Nd,r(t) [(ft(s, a) — A“t(s,a))2]
21

4 2
S T, s [((1 — at)ely (5, ) + alt)el, (5.0 Qur) }
Proof. Recall the definitions that f)(s,a) := f®(s,a) — f®(s,7*"(s)) and A”m(s,a) —
Q™" (s,a) — Q™" (5,7 (s)). Then, we have
E(s,a)Nd“(t) |:(f(t)(3’ a) — Aﬂ‘(f’) (S’ a))2:| (22)
=K aynar® [(f(t)(& a) — O (s, 70 (s)) — Q™" (s,0) + Q™" (s, W(t)(S»)Q} 23)
B [200(50) = Q@7 (5.0))" +2(Q7 (5,79 (5) — SO 5.7 ()] @9

where holds by the fact that (z + y)? < 222 + 2y for any z,y € R. Then, by linearity of
expectation, we obtain

Epayar® [20/005,0) = @7 (5,0)" +2(Q"" (5,70(5)) = fO(5,70(5)"]  29)

=B, a0 2(f0(5,0) = @7 (5,0) | +E,_ 00 [2(Q@7 (5,70 (5)) = £ O (5,70(5))) ]

(26)
t t 2
— E(s,a)wd""(t) [Q(f(t) (S, CL) _ Qﬂ'( )(S, a))2:| =+ Esr\ad"(t) |:2 [Ea’wﬂ—(t)(s) [Qﬂ'( )(S, a/) _ f(t) (S, a/)]i| :|
(27)
< E(sﬂ)Ndﬂ-(t) |:2(f(t) (87 a) - Qﬂ—(t) (Sa a>)2:| + E(s,a’)wd”(t) |:2(Qﬂ—(t) (Sa a/) - f(t)(87 a/))2:|
(28)
<AE o [(FO0s0) = Q7 (5,)7] (29)

where (28) holds by Jensen’s inequality. Then, we proceed to derive an upper bound on
E s ayman® [(f(t)(s,a) — Q™" (s,a))Q}. By the definition of f® = (1 — a(t))QY(s,a) +
a(t)Que (¢ (s), 9 (a)), we have

]E(S’a)wdﬂw [(f(t)(s,a) - Q”(t) (s, a))Q} (30)
=B, a0 | (1= ()R (5,) + a()Que(6(5), 4 (@) - Q" (s, )] (31)

=B ayaar® ((1 —a(®)(Q (s,a) = rar(s, @) + riar(s, a))
) . , (32)
+ Oé(t) (QSTC((ZS(t) (3)’ w(t) (a)) - Ttar(sv (l) + Ttar(s, a)) - QW (57 a)) :|

= E(Sﬂ)Ndﬂ(t) ((1 - a(t)) (Qt(atr)(87 a) - Ttar(sv CL) + Ttar(sa a) - ’yEs'NR.‘"(<|s,a) [Qt(a?(s/a a/)]

L o/~ ®(]s")

+1Ey i (1. [ Q00 (1,0)]) + a0) (Quel@ (), 8 (0)) = Ti(5,0) + (5, )

a'w‘n'(t)(-|s/)

- ’YES'NPWHS,(I) [QSfC(¢(t) (Sl)’ w(t) (a/))] + ’YES'NPM,(-\S,a) [QSFC(¢(t) (S/)v w(t) (a’/))})

o'~ ® (8" a’ ~r (s

o)

(33)

16
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=E(, )qn® {((1 — () (QW(s,a) = Tuar(:0) = VB p 0.y [Q (57, a')])

a'~7r(t)(~|s')

Oé(t) (QSTC(¢(t) (5)7 w(t) (a)) - Ttar(sv a) - WESINP[ar(‘\S,a) [erc(¢(t) (8/)7 '(/)(t) (a/))])

alNTI'(t)('IS/) (34)
+ (1 - Oé(t))fy]ESI"‘Plar("Sva) [Ql(;r) (8/’ a/)] + a(t)nyS/NPmr('IS,a) [QSIC(¢(t) (Sl)7 d)(t) (al))]
a/wﬂ(t)(~|s') a,Nﬂ'(t)(~|Sl)

#rls.0) - @ (s.0))’|

= E(S@)Ndw(t) |:<(1 - a<t)) (Qt(;r) (87 a) - Ttar(sa a’) - ’yEs’NRm(~\s,a) [Qt(atr) (Sla al)])

o/~ (]s)

() (Que(69(), 00 (@) = rarls, @) = VB (12,0 [Qure (80 (), 0O @N]) (35

o/~ (]s")

+ 2
By o O]+ s ) = @7 (s,) |

/e (]s)

where we obtain by adding the dummy terms (1 — a(t))( — rw(s,a) + raf(s,a))

and a(t)( — ru(s,a) + rw(s,a)) to the inner part of (31)), is obtained by

adding (1 = a(t))( = By p, (5.0 Q0 (5 )] + By op (5.0 [QG (57 0)]) and a(t)( -
a'~7r(t)(~|5/) a'wﬂ'(t)(»|s')

PY]ES NPM, |sa erc(¢)( ( ’)’q/)(t)(a/))] +VES’NP‘B,HS,CL)[erC((b(t)(S/)vw(t)(a/))]) to the inner part

a’ ~ml a Nw(t)(~|s’)

of (32), (34 holds by rearranging the terms in (33), and (33) holds by the definition of f(*). Then, by
adding ’YES/’NPM, (1,a) [Q”(t)( " oa")) — vES ~Par(-]5,0) [Q7r ( "’ a’")] to the inner part of 1| we

a’ ~om® (o' a/ (|57
can rewrite (33) as

E ¢ ayrear® [((1 — (1)) (QW (5,0) = Tur(5,0) = 1B _p (10, [QU (5, )]
a’ ~m® (-]s")
(1) (Quel8?(5), ¥ (@) = Tir(5, @) = VB (1.0) Qe (6D (), 00 ()]
a’ ~r (s

o (36)

+ ’YESINRM(.'S,GI) [f(t)(slv a',)] + rw(s,a) — Q" (s, a)

o/~ (]s)

o) ") 2
+ 'VEs”NRa,(~|s,a) [Q (S//a a//)] - ’yEs ~Pu(-]s,a) [Q ( ”7 a//)]) :|

a”~7r(t)(~|s”) a Nﬂ.(t)(l "

= E(s)a)wdﬂ(t) H (1 — a(t)) ( t(atr)(S, a) = Tar(8,a) = YEy p(15,0) [Qt(zfr)(sl, a’)])
o'~ (s")

(1) (Que(6 (), (@) = Turl(5,0) = Bt - (15.0) [ Qe (6 (5), 0 (@))]
o/~ (-[s") (37)

x®
=+ 7E3’~P‘a,(»|s,a) [f(t) (3/7 CLI)] + 7ntar(sa a) Q ( )

/o (]s)

x® o) 2
+ rYES”"‘Rm'('lsva) [Q (SN )] ’Y]ESHNPW( ‘s a) [Q ( " a”)] :l
9

a”~7r(t)(~|s”) CL Nﬂ_(t)( |

17



Under review as a conference paper at ICLR 2025

- E(s,a)wd"(t) |:<‘ (1 - Oé(t)) (Qt(a? (Sa a) - Tlar(sv a’) - ryEs’NRu,(<|s,a) [Qt(atr)(sla a/)D ‘

a'~7r(t)(-|s')

+ |a(t) (Que(89(), 0 (@) = rr(5,0) = Bt (12,0 [Qure (305, 0 (@) )|
a ~r® ()8
oY, ) o (33)
+ ’YESINRM(-‘S,G,) [f (3 @ )] + Ttar(sa a) Q ( )’
a/ e~ (]s")
() () 2
+ ’YES "~ P (+]8,a) [Qﬂ ( N )] - ’YES”NR“( s, a) [Qﬂ- (S”aa//)} ) :|
o Nﬂ_(t)(l " a’ Nﬂ(t)” 0
< }E(s,a)wd“(t) [( 1 - a ’Qt(atr) - Ttar(sa a) - ,-YES,NRdr("S,a) [Ql(zfr) (5/5 a/>]’
o'~ (s")
=€y )(9 a)
()] (Que(6 (), 0 (@) = Tarl5, @) = VB 4. [Qure (90 (5), 00 ()] )|
a’Nﬂ'“’)(-\s')
:‘eirfé?be(sv‘l?Q“C) (39)
o)
+ Py ) = B 10y (@ ()
a/ ()87 ~r (s
*) ) 2
+ rtﬁl’(sv (l) - Qﬂ- (S a‘) + VES/ ~Py(+]s,a) [QW ( " all)]’ ) ]
a/ o (]s")
=0
- [((1 — alt))ey (5:0) + alt)elpe (5,4 Que)
= (37,1),\,,11(” td \2s €sre,be sre
2 (40)
=
By (oa [FO0 ) = Q7 (5, a)] \) ]
a'wﬂ'(”(-\s”)
= E(s,a)wd‘”(t) [((1 - a(t))et(d)( ) + Oé( ) grc)be<s a; erc)
41)

2
7 ®
+ ’YES/NRa,('ls,a) Uf(t)(s/7 a/) - Q (8/7 al)”> ]
a'~7r(t’)(~|s”)
where holds by the fact that 22 = |x|2, (38) holds by triangle inequality, by the facts
that 0 < «a(t) < land 0 < 1 — «at) < 1, (40) holds by coupling (s, a) and (s” a”) and

applymg Bellman expectatlon equation as well as the definitions that et(d) (s,a) := |Q§§3

Ttar(sv a) —Ey "~ P (-|5,a) [Qtar s’ 7a ’ and ngc),be(s’ a, erc : |erc d)(t) '(/J(t) Ttar S, a

a'rvfr(")(»\s')

YE ' B (-5,0) [Qsie (9 (8), ¢(t)(a’))]| By recursively applying the procedure from to

a’ww(t>(~\s/)
(s,a)~d"<t) [(f(

to |f(t)(8/7a/) _ Qn(t)(s/,a/) ,

follows:

B ayar | (FO(5,0) = @7 (5,))] (42)

S Byt [((1 — )y (5, @) + alt) e (5,4 Q)
2 (43)
1By () O 0) = Qﬂ”(s',a')ﬂ) ]

a ~7T(t)( [s")
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SE(ayeir® [((1 —a(®))ey (5,0) + a(t)el (5,4 Que)

Y A [(1 —a(t))ed (s, a") + a(t)el) (s, as Que) (a4)

a’ ~r) (-|s")

2

o)

+ By o' a) [\f(”(s " =QT (s, )\H) ]
a//~7r(t)(~|5”)

<E(, 3 ogr® [((1 —a())ely) (5,0) + at)egle (5, 03 Que)

PR S

(1 - W)Utar,min

2
+92(1 = a(t) e (5,a) + 12t (5,03 Que) + -+ )) }
1
B (1 B 7)4lu’t2ar min

where holds by applying the procedure from to to f(s',a') — Q” “ ( a'), i holds
by applying the procedure from (30) to @) to all the subsequent tlme steps and using importance
sampling with the importance ratio bound in Lemmalé-_qand then using the same dummy variables (s, a)
for all the subsequent state-action pairs, and (@6) holds by taking the sum of an infinite geometric
sequence. O

(71 = al®) e (5, @) + ya(D)el e (5 03 Q) (45)

B ppamarts | (1= a0 6.0 + aOe(s.i Q) | 0

Theorem 1. (Average Sub-Optimality) Under the QAvatar in Algorithm[I|and Assumption[l} given
any fixed learning rate 1 > 0, the average sub-optimality over T iterations can be upper bounded as

T

©O) 1 7 log | A |

ar T ar < — E ™ ) ! 1 N7

T Z ( Mt 4 (H’t )) = (1 — ’Y)T tzzl (s,a)~d |:IIlaE}Xf (S, a ):| + (1 — ’Y)Tn

(a)
C() CO
+ 7 D alb)lleg po(@uolloo + 7 5 - )
t=1 t=1
(b) (c)

4)

where Co := 2+/Cr /(1 = ¥)? ttsar min) and fO (s,a) := fO(s,a) — fO (s, 7 (s)).

Proof. We start by providing an upper bound on the sub-optimality gap V™" (ftear) — v (far) at

each iteration. Recall that df;. denotes the discounted state-action visitation distribution of policy 7 in

the target domain. Note that

V7 (prar) = V™ () 47)
-1 i E(é a)~dr” Aﬂm( )] (48)
- 1f E(vayag |70 (5,0) = FO(s,0) + 477 (s,0) (49)
= ﬁE(s,u)ngj _f(t)(s,a)} + ﬁE(S,G)Nd&* [f f(t)(s,a) + A" (s,a)} (50)
< %E(&a%d&* :f(t)(s,a)} + 1_17\/1[-3(3 a)mdi” {( — f)(s,a) + A7® (s,a))z}, 51)

where (@8) holds by the performance difference lemma (cf. Lemmal[T)), (@9) is obtained by adding
ft(s,a) — ft(s,a), (50) is obtained by rearranging the terms in (49), and . holds by Jensen’s
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inequality. By the fact that || dd:T oo < C, we have

1

_ 1 _ .
EE(s,a)wd“* |:f(t) (57 0,):| + M\/Es,a/vd”* |:( - f(t) (57 a) + Aﬂ-( >(57 a))2] (52)

1 _ 1 ~ ) 5
< 1~ ,Y]E(s,a)mrr* [f(t)(s,a)] + T~ 7\/C’ . Es,aNdw“) {( — f®(s,a) + A" >(57a)) } (53)

Recall the definitions of 68) (s,a) and W (s,a; Q) as

src, be
eu (5.0) == |QUY (5,0) = Ta(5,0) = 1Eg o (10.0) [ Qi (57 0] (54)
a/N‘n'(t)(‘|s/)

el o (5,0: Que) = | Qure (6P (5), ¥ (@) — rrar(5,0) — VEqr o py (0.0 [@src (0P ("), 0 ()]

o/ o) (-[s)

(55)
Recall that we also define
e lloo = max  e(sa). (56)
t
|| src be(QSrC)”OO = (s ar)réaéxx Aegrc), be(sﬂ a; QSIC)' (57)

We are ready to put everything together and establish the cumulative sub-optimality. By taking the
summation of (33)) over iterations, we have

iEN V(s - vs)] (58)

<Z B [f<><sa}+z VO, [(— 7050 + 47,00
(59)

T
< L B [ 70 (5,0')] + log | Aur |
ol-r o’ (1—)n

2,/C d 2v/C z
T Wl wl@u)lloo + 35— 3 (1~ a®)lle e
ar,min 4 4

— )2 :
(1 'Y) ,utar,mm =1
where (39) follows directly from (53)) and (60) holds by Lemma[5]and Lemma 2} O

(60)

C ADDITIONAL EXPERIMENTAL RESULTS

C.1 ToY EXAMPLE TO SHOW THE BENEFIT OF CROSS-DOMAIN BELLMAN-LIKE LOSS.

We consider the 3-by-3 grid navigation problem,
as shown in Figure@ In both domains, there are
only two actions: ’going top’ and ’going right.’
The state of the source domain is described in
decimal coordinates, while the state of the target I S N
domain is described in binary coordinates. The on | an | en ©001 0101 010
white squares represent obstacles that cannot ]
be traversed. There are three special states: (i) oo @0 ©0.0.0 100
Start state: The episode always begins at this I
state. (ii) End state: The episode will only end (a) Source Domain (b) Target Domain

at this state, and the agent will receive an ending

reward of +1. (iii) Treasure state: When the Figure 5: The source and target domain of the grid
agent first navigates to this state, it will receive navigation example.

(0.2) (1.2) 2.2) 0,0,1,1) (0,1,1,1) (1,1,1,1)
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+0.5 rewards. In other states or at other times navigating the treasure state, the agent will not receive
any reward. In the source domain, the start state, end state, and treasure state are set to (0, 0), (0, 2),
and (2, 2), respectively. In the target domain, the start state, end state, and treasure state are set to
(0,0,0,0), (0,0,1,1), and (1,1, 1,1), respectively. We assume that the source Q-function Q.. is
optimal in the source domain and the environment discount factor + is set to 0.99. It is easy to verify
that the optimal trajectory of the source domain is (0,0) — (0,1) — (0,2) — (1,2) — (2, 2) and the
optimal trajectory of the target domain is (0,0,0,0) — (0,0,0,1) — (0,0,1,1) — (0,1,1,1) —
(1,1,1,1). Consider two trajectories in the source domain: Traj-A, which is the optimal trajectory,
and Traj-B, defined as (0,0) — (0,1) — (1,1) — (1,2) — (2,2). When we map the optimal
trajectory of the target domain to Traj-A and the optimal trajectory of the target domain to Traj-B,
both mappings result in O cycle consistency loss. This suggests that the cycle consistency cannot
determine which mapping is superior. This phenomenon results from the unsupervised nature of
dynamics cycle consistency. In contrast, when we mapping the optimal trajectory of the target domain
to Traj-A yields a cross-domain Bellman-like loss of 0, while mapping the optimal trajectory of
the target domain to Traj-B results in a cross-domain Bellman-like loss of 1. Thus, we can achieve
optimal mapping results based on the cross-domain Bellman error, while the cycle consistency loss
provides sub-optimal mapping results.

C.2 REPRODUCTION AND SANITY CHECKS FOR DCC, CMD, AND CAT

In this section, we report the reproduced scores of DCC, CMD, and CAT as sanity checks for success-
ful reproduction. To simplify the expressions, we abbreviate *original’ as ’orig’ and 'reproduced’ as
repr’. As shown in Table[2] we can observe that Q) Avatar is indeed outperform than DCC, CMD. For
the CAT, since the original paper only provides the result of 2-to-1 transfer (i.e., two source domains
and one target domain) from CentipedeFour and CentipedeEight to CentipedeSix and get around
2200 episodic return at timesteps 700000. Also, in the original paper, CAT has reproduced the MIKT,
which is equivalent to CAT for 1-to-1 transfer (i.e., one source domain and one target domain), and
get around 1900 episodic rewards at timesteps 700000. In our reproduction, CAT achieves 1715
evaluation return, and this is close to MIKT in the original CAT paper. Hence, we believe that our
implementation of CAT is correct given that our configuration is the same as MIKT.

Table 2: The original and reproduced results of DCC and CMD compared with (QAvatar and SAC.

Environment DCC (orig) DCC (repr) CMD (orig) CMD (repr) SAC QAvatar
Swimmer 204 + 56 132 + 47 44 + 38 41+ 14 235 + 141 316 + 139
Halfcheetah 2471 +382 1360 +729 2114 +332 303+ 75 11445 £ 1897 12819 + 679
Ant N/A 973 + 501 649 + 347 882 4+ 52 2290 + 785 2840 + 1532

C.3 FINAL REWARDS

In this section, we show the asymptotic performance of all baselines and our algorithm. In the
MuJoCo environments except for Ant and Inverted Double Pendulum, we train all the target-domain
models for 500k steps. In Ant and Inverted Double Pendulum, we train all the target-domain models
for 350k and 20k steps, respectively. In Robosuite environments, we train all the target-domain
models for 20k steps. The asymptotic performances of all baselines and our algorithm are shown in
the following tables.

Table 3: Final rewards of (QAvatar and all baselines in the MuJoCo environments.

Algorithm Hopper HalfCheetah Ant Centipede Reacher Modified IDP
QAvatar 2762 £ 440 12316 =586 2234 + 1112 2020 + 1465 -6.1 +£0.3 9241 £ 62
SAC 2086 + 257 10986 + 1822 1620 £ 527 872 £+ 36 55+£01 9212 +152
CMD 59 £ 46 -253 £ 344 778 £ 144 834 £ 6116 -14.8+0.5 72 £ 12
DCC 3016 -631 £ 185 -1240 £ 838 148 £182 -165+14 95 +£6
CAT 154 £ 156 46 £+ 250 17 £ 27 1715 +£430 -122+£1.0 41 £ 10
FT 2530 £456 12016 1052 1740 =642 1123 +£508 -5.84+0.2 9349 + 86
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Table 4: Final performances of ()Avatar and all baselines in the Robosuite and BARK-ML environ-
ments.

Environment Block Lifting Door Opening  Table Wiping Highway

QAuvatar 98.0 +21.1 185.2 £+ 66.9 67.1+9.1 132.2+ 31.7
SAC 90.3 £23.4 160.1 £+ 40.3 472 £17.1 117.8 £15.0
CMD 09 £0.6 78 +£64 0.8+£04 13.0+£4.7
DCC 0.6 £0.2 82+47 09+£0.7 18.1 £19.4
CAT 15.0 £ 14.3 347+£84 55.5£29.7 70.1 £6.3
FT 219+£17.38 1292 +£449 368172 119.1 £21.1

C.4 TiME To THRESHOLD

In the following table, we discover that () Avatar uses the less data to reach the threshold than SAC
does. In Hopper, QQ Avatar only needs half the amount of data SAC needs to reach the goal.

Table 5: Time to threshold of ()Avatar and all baselines

Environment Threshold (QAvatar SAC SAC/ QAvatar
Hopper 2300 252K 836K 3.32
HalfCheetah 10000 288K 400K 1.39
Ant 1600 254K 344K 1.35
Centipede 900 210K 988K 4.70
Block Lifting 85 90K 94K 1.04
Door Opening 150 80K 94K 1.18
Table Wiping 45 74K 96K 1.30
Highway 110 236K 374K 1.58
Reacher -7 150K 84K 0.56
Inverted Double Pendulum 9000 16K 18K 1.13

C.5 ABLATION STUDY: DEACTIVATING THE FLOW MODEL

As mentioned above, we use a normalizing flow
model to restrict the output range of the map-

ping functions in the feasible regions. In this 120

experiment, we disable the flow model and eval- 100 —

uate QAvatar in Swimmer and Door Opening. 50 A

In Figure[6] QAvatar without a flow model per- € 40 pr e

forms worse than (QAvatar with a flow model. o 2 =

In Door Opening, although the ewma values of °% 1 3 3 & 5 &
Time Steps led

rewards obtained by () Avatar without the flow
model are higher than 100, it has to spend more
time attaining high rewards than () Avatar with
the flow model does.

(a) Door Opening

I+ QAvatar w/o flow model QAvatar  —v— SAC|

Figure 6: Ablation Study: ()Avatar without the

D IMPLEMENTATION flow model
DETAILS OF (QAVATAR

D.1 PSEUDO CODE OF THE PRACTICAL IMPLEMENTATION OF (QAVATAR

In this section, we provide the pseudo code of the practical version of QQAvatar in Algorithm

D.2 INTER-DOMAIN MAPPING NETWORK AUGMENTED WITH A NORMALIZING FLOW
MODEL

As mentioned in Section[d} we use the flow model to map the outputs of the mapping functions to the
feasible regions. The way to integrate these two components is shown in Figure
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Algorithm 2 Practical Implementation of ()Avatar

Require: Source-domain Q-network Qg, value function V., and the decay function o : R — [0, 1].
1: Initialize the state mapping function ¢, the action mapping function ¢, the target-domain policy
network 7, and entropy coefficient 3
2: for iterationt =1, --- ,T do
3: Sample Dt(‘,fr) ={(s,a,r,5')} of Ny samples using 7(*) in the target domain
4: Update the target-domain {Quar,1, Quar,2 } by SAC’s critic loss:

s 2
Qt(;r{j = argmin E(s,a,r,s')eDS,') [|7’ + VB rtr [Quar(s', a") — Blog(m(a'[s"))] — Qua(s,a)| }

(61)
5: Update the state mapping function ¢ and action mapping function ¢) by minimizing
6: the following loss
o040 =argmink o || Wan(@(5) - Que(0(s) v@)]]. 62
7: Update the target-domain policy 7
) — arg I'IlTjn E(s,a,r,s’)eDfﬂ? @/~ (-]s) |:ﬁ log 7T(a’|5) — f(t) (S, a')} , (63)
FO(s,0) = (1= a() min Q) (5,0') + a(t)Que(6) (5), v (a)). (64)
8: end for

Star OF Aty

)
!

tanh*0.5
|

[ Normalizing Flow Model ]

1

ora

S,

src src

Figure 7: Integration of the mapping function and the normalizing flow model.

E CONFIGURATION DETAILS OF THE EXPERIMENTS

E.1 MuJoCo ENVIRONMENTS

As mentioned in Section[5] the source domains of our experiments are the original MuJoCo envi-
ronments such as Swimmer-v3, Hopper-v3, HalfCheetah-v3 and Ant-v3. The target domains are
the modified MuJoCo environments such as Swimmer with four limbs, Hopper with an extra thigh,
HalfCheetah with three legs and Ant with five legs. For the Centipede, CentipedeFour refers to a
Centipede with four legs, and CentipedeSix refers to a Centipede with six legs. The environments are
shown in Figure

23



Under review as a conference paper at ICLR 2025

(d) Ant (e) CentipedeFour

(f) Four-limb Swimmer (g) Three-thigh Hopper (h) Three-leg HalfCheetah (i) Five-leg Ant (j) CentipedeSix

Figure 8: The environments of the source domains and the target domains. (a)-(e): Source domains
— Original MuJoCo environments and CentipedeFour. (f)-(j): Target domains — Modified MuJoCo
environments and CentipedeSix.

E.2 ROBOSUITE AND BARK-ML ENVIRONMENTS

Robosuite is a popular robot learning package. We evaluate () Avatar on three tasks, including block
lifting, door opening, and table wiping. For each task, we consider cross-domain transfer from
controlling a Panda robot arm to controlling a URSe robot arm. For the BARK-ML environments, we
consider transfer from "merging-v0" to "highway-v0". These four tasks are illustrated in Figure[9]

i, S—
. ~r -
(a) Block Lifting: Panda  (b) Door Opening: Panda  (c) Table Wiping: Panda (d) merging-v0
R
- = Rl
(e) Block Lifting: URSe  (f) Door Opening: URSe  (g) Table Wiping: URSe (h) highway-v0

Figure 9: The environments of the source domains and the target domains. (a)-(d)The source domains:
control Panda to solve the tasks in robosuite and merging-v0 in bark-ml. (e)-(h)The target domains:
control URS5e to solve the tasks in robosuite and highway-v0 in bark-ml.

E.3 THE IMPLEMENTATION DETAILS OF BASELINES
SAC. The implementation of SAC used in our experiments is released by stable-baselines3

(2021)). The settings of all hyperparameters except for the discouted factor ~y follows the default
settings of SAC in the documentation of stable-baselines3. The discouted factor is set as 0.9999
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in Swimmer-v3 and 0.99 in all other MuJoCo environments, which follows the setting shown in
Hugging Face. As for in the Robosuite environments, we set the discouted factor to 0.9.

CMD. We implement CMD by ourselves according to the pseudocode of CMD shown in its original
paper|Gui et al.| (2023). We follow the setting of the hyperparameters which is revealed in its original
paper. Additionally, we change CMD from collecting the fixed amount of data to collecting data
continuously for a fair comparison. As for the source model, we use the same model used in our
algorithm.

DCC. We use the original implementation of (Zhang et al., 2021) (https://github.com/
sjtuzqg/Cycle_Dynamics) with their default setting Zhang et al.|(2021). For a fair comparison,
we use the same source model used in () Avatar and change DCC from collecting the fixed amount of
data to collecting data continuously.

FT. FT can be seen as a standard SAC algorithm with source feature initialization. Specifically, we
modify the input and output layers of the source policy to match the target domain’s state and action
dimensions, using random initialization, while keeping the middle layers with the same weights as
the source model. Similarly, for the source Q function, we adjust the input layer to fit the target
domain’s state and action dimensions with random initialization, while the remaining layers retain
the source model’s weights. After initialization, we can use SAC algorithm to implement FT.

CAT. We use the authors’ implementation (https://github.com/TJU-DRL-LAB/
transfer—-and-multi-task-reinforcement-learning/tree/main/
Single-agent%$20Transfer$%20RL/Cross-domain%20Transfer/CAT) and use
PPO as the target-domain base algorithm following the original paper. For a fair comparison, we use
the same source model used in (QAvatar . The hyperparameters are shown in the following table and
"n epochs" means the number of epochs when optimizing the surrogate loss.

Table 6: A list of candidate hyperparameters for Robosuite and MuJoCo.

Parameter MuJoCo Robosuite
learning rate 0.0001, 0.0003, 0.0004, 0.0008 0.0001, 0.0003
length of rollouts 500, 2000 (50, 100 for Modified IDP) 2000

batch size 50, 100 (20, 25 for Modified IDP) 50, 100, 200
entropy coefficient (ent. coef.) 0.01, 0.002 0.01, 0.002

n epochs 10, 20 5,10

num. of hidden layer of encoder/decoder 1 1

num. of hidden layer of actor/critic 2 2

hidden layer size 256 256

Table 7: Final hyperparameters chosen for each environment.

learning rate  len. of rollouts  batch size ent. coef. n epochs

Hopper 0.0008 2000 100 0.002 20
HalfCheetah 0.0001 500 50 0.002 10
Ant 0.0004 500 50 0.002 10
CentipedeSix 0.0003 2048 64 0.00 10
InvertedDoublePendulum  0.001 100 20 0.01 20
Reacher 0.0003 2048 64 0.00 10
Robosuite 0.0003 2000 100 0.01 10
Highway 0.0003 2048 64 0.00 10
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E.4 DETAILED CONFIGURATION OF (QAVATAR

The base algorithm, SAC, is implemented by stable-baselines3 [Raffin et al| (2021). As for the
compute resource, we use NVIDIA GeForce RTX 3090 to do the experiments. Finishing the whole
training process including training the source-domain model, target-domain model and flow model
once needs 44 hours in the MuJoCo environments and 39 hours in the Robosuite environments. The
Hyperparameters of ()Avatar are shown in the following two tables. The consider functions of decay
functions are 1/+/¢,1/t,1/t> and 1/t3 and the final decay functions chosen for each environments
are shown in the table[9] The settings of hyperparameters such as critic/actor learning rate, batch size,
buffer size and discounted factor are same as SAC.

Table 8: A list of hyperparameters of ()Avatar .

Parameter Value
critic/actor learning rate 0.0003
state mapping function learning rate 0.01
action mapping function learning rate 0.01
batch size 256
replay buffer size 106
optimizer Adam
number of hidden layer of mapping functions 1
hidden layer size 256

Table 9: A list of environment-specific hyperparameters of ()Avatar .

Environment Decay Function a
Hopper-v3 1/t2
HalfCheetah-v3 1/t3
Ant-v3 /vt
CentipedeSix 1/t
InvertedDoublePendulum-v2 1/t
Reacher-v2 1/t
Block Lifting 1/t
Door Opening 1/t
Table Wiping 1/t
Highway-v0 1/t
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F EXPERIMENTS RESULTS FOR REBUTTAL

~@— Qavatar, high qulity source  —¥— FT, high qulity source  —- CAT, high qulity source SAC
QAvatar, low qulity source  —&— FT, low qulity source  —4— CAT, low qulity source
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Figure F.1: Training curves of () Avatar and
baselines using high/low-quality pre-trained
models in Hopper environment.
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Figure F.2: The aggregated metrics (with 95%
stratified bootstrap CIs) for all experiments.
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Figure F.5: Training curves of QAvatar and
SAC in the opposite Q-function of source and

Figure F.4: Training curves of QAvatar and
SAC in the negative transfer scenario of loco-

motion tasks.
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Figure F.3: Training Curves of SAC and () Avatar
in three different setting, where "src1-tar" refer to
transfer domain srcl to domain tar.(srcl: Ant-v3
with front left and back right legs disabled, src2:
Ant-v3 with front right and back left Legs disable,
tar: original Ant-v3).
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Figure F.6: Training curves of QAvatar and various baseline algorithms are presented. Unlike Figure
1, this version includes two additional baselines: TD3 and PPO, providing a broader comparison of
performance across different methods.
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Settings as in Section 5.
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