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Abstract

Offline Reinforcement Learning (RL) aims to extract near-optimal policies from
imperfect offline data without additional environment interactions. Extracting
policies from diverse offline datasets has the potential to expand the range of
applicability of RL by making the training process safer, faster, and more stream-
lined. We investigate how to improve the performance of offline RL algorithms,
its robustness to the quality of offline data, as well as its generalization capabili-
ties. To this end, we introduce Offline Model-based RL with Adaptive Behavioral
Priors (MABE). Our algorithm is based on the finding that dynamics models,
which support within-domain generalization, and behavioral priors, which support
cross-domain generalization, are complementary. When combined together, they
substantially improve the performance and generalization of offline RL policies.
In the widely studied D4ARL offline RL benchmark, we find that MABE achieves
higher average performance compared to prior model-free and model-based al-
gorithms. In experiments that require cross-domain generalization, we find that

MABE outperforms prior methods.

1 Introduction

Over the last five years advances in Deep Re-
inforcement Learning (RL) have been at the
source of a number of impressive results in au-
tonomous control, including the ability to solve
video games from pixels [2], master the game
of Go [3], play multi-agent large scale video
games [4], and control robots [5]. Most ad-
vances in RL were achieved in simulated en-
vironments where data was cheap to collect and
mistakes during policy training were harmless.
However, two substantial problems stand in the
way from utilizing the above approaches to de-
ploy RL algorithms in real-world settings. First,
since RL algorithms require millions and some-
times billions of environment interactions, learn-
ing policies with RL in the real world is costly
in terms of time and resources. Second, since
RL algorithms stochastically explore their envi-
ronment, the resulting agents are not safe and
can harm the environment, themselves, or other
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Figure 1: Our proposed algorithm, MABE, when
compared to prior work, achieves the top score in 7
out of 9 D4RL datasets [1] we study. We consider
multiple algorithms to achieve the top score if they
are within 2% points of each other.

Submitted to 35th Conference on Neural Information Processing Systems (NeurIPS 2021). Do not distribute.



37
38

39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54

55
56
57
58
59
60
61
62
63
64
65
66
67

68
69
70
71
72
73

Offline Model-Based RL with Adaptive Behavioral Priors (MABE)
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Figure 2: (a) The offline RL paradigm. Rather than interacting with the environment directly, an
agent extracts a policy from an offline dataset. (b) A schematic architecture of our proposed algorithm
(MABE). First, by interaction with the the offline dataset, the agent learns a dynamics model and
an advantage weighted behavioral prior. Then, the dynamics model generates a synthetic dataset
which is used alongside the original offline data to train the policy 7. Finally, the behavioral prior
regularizes the learned policy to keep the agent within the support of the original dataset.

agents if trained in the real world. How can we overcome the challenges of data efficiency and safety
to enable RL algorithms that can be deployed in real world settings?

Offline or Batch RL [6, 7] has recently been proposed as a promising paradigm to tackle these
challenges. Offline RL agents use logged or previously collected data by humans or other agents
for learning. Importantly, the offline data does not have to consist of expert demonstrations like in
the case of imitation learning [8, 9, 10], but can be collected with policies that are sub-optimal or
noisy. Such policies may already be in deployment for a variety of applications like autonomous
driving, warehouse automation, dialogue systems [11, 12] and recommendation systems [13, 14]. By
learning policies only using offline datasets and perhaps fine-tuning the policy using a small dataset
of subsequent interactions, offline RL has the potential to be highly sample efficient and safe. The
primary challenge with extracting policies from offline data comes from the distribution mismatch
between transitions seen during training and those encountered during evaluation. Conservatism
or pessimism has emerged as a core principle in offline RL to deal with distribution mismatch.
Conservatism encourages the offline RL agent to improve the policy while also staying close to
the dataset distribution, thereby minimizing distribution shift between training and deployment.
A number of algorithms, both model-free and model-based, have been proposed that incorporate
conservatism in various forms like importance weights [15], value functions [16, 17, 18, 19], and
dynamics models [20, 21, 22, 23].

Recently, model-based offline RL algorithms like MOReL [20] and MOPO [21] have demonstrated
impressive results in benchmark tasks and also the ability to re-purpose the learned dynamics model
to solve downstream tasks that are different from those encountered in the offline dataset. They
incorporate conservatism in the learning process by learning pessimistic dynamics models using
uncertainty quantification. However, uncertainty quantification with deep neural networks can pose
challenges in many domains, such as those with high dimensional input-output spaces or multiple
confounding factors [24, 25, 26, 27, 28]. Since offline RL views uncertainty quantification as
a means to the end of incorporating conservatism, and since uncertainty quantification by itself
can be a difficult exercise, we are motivated to develop offline RL algorithms that do not require
uncertainty quantification. In this work, we develop an algorithm that achieves this goal. Our
algorithm outperforms prior approaches in the widely studied D4RL benchmark [1] as well as in
tasks that require domain adaptation and generalization. Thus, our algorithm has potentially wider
applicability, especially in settings where uncertainty estimation can be difficult.

Our Contribution Our principal contribution in this work is the development of a new algorithm —
offline model-based RL with Adaptive Behavioral Regularization (MABE). Using the offline dataset,
MABE learns an approximate dynamics model, reward function, as well as an adaptive behavioral
prior. By adaptive behavioral prior, we mean a policy that approximates the behavior in the offline
dataset while giving more importance to trajectories with high rewards. Using the learned dynamics
model and reward function, MABE performs model-based RL with an objective to maximize the
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rewards along with a KL-divergence penalty that encourages the agent to stay close to adaptive
behavioral prior. This divergence penalty provides the necessary conservatism needed to succeed in
offline RL. Our major findings in this work are listed below.

1. Our algorithm, MABE, achieves the highest scores in 7 out of 9 D4RL [1] benchmark tasks
we study, as well as the highest average normalized score.

2. MABE is flexible and can benefit from uncertainty estimation if available or forgo it
altogether. Our empirical ablations suggest that uncertainty estimation contributes only
minor improvements compared to the other components of dynamics models and behavioral
priors. Thus, MABE can be used in a wider set of application domains, especially those
where uncertainty estimation is difficult.

3. We demonstrate that MABE has favorable generalization capabilities to new tasks by
leveraging the learned dynamics model and transferring of behavioral priors across datasets,
a capability that is only possible when both model-based and behavioral priors are combined.

2 Preliminaries

We operate in the standard RL setting of infinite horizon discounted Markov Decision Process (MDPs),
defined as the tuple M = (S, A, R, T, po,~). The MDP tuple has states s € S, actions a € A,
rewards r = R(s, a), transition dynamics s’ ~ T'(-|s, a), an initial state distribution sg ~ po(-), and a
discount factor v € [0,1). A policy defines a mapping from states to actions, typically in the form of
a probability distribution: a@ ~ 7(-|s). The value V™ (s) and action-value function Q7 (s, a) describe
the long term reward behavior of policy 7.

VT (s) = Extr | DV R(sesar) | so=s|, Q(s,a) == R(s,a) + 1By js,a) [V (5")]
t=0

where the first expectation E o » denotes actions are sampled according to 7 and future states are
sampled according to the MDP dynamics 7'(+|s, a). The goal in RL is the learn the optimal policy:

7" € argmax J(m, M) :=Esop, [V™(5)]. (1)

When the MDP (especially T") is unknown, exploration is important to learn the optimal policy.

Model-Based RL (MBRL) is an approach to learning in MDPs that involves learning an approxi-
mate MDP M = (S, A, R, T, py, 7). The learned MDP has the same state and action spaces, but

uses the learned approximate dynamics and reward models. Generating samples from M is cheap
and does not require environment interaction. As a result, various algorithms based on policy gradient
and dynamic programming [29] can be used to efficiently improve the policy, with intermittent data
collection to improve model approximation quality. Recently, MBRL algorithms have demonstrated
strong results in a variety of RL tasks [30, 31, 32, 33], including offline RL [20, 21, 22].

Offline RL s a setting in RL where we must learn a policy using a fixed dataset of environment
interactions. Specifically, we are given a dataset of interactions D = {s;,a;, s}, 7 }}_, of N
environment interactions collected using one or more behavioral policies. If the behavioral policies
do not induce sufficient exploration, it is not possible to learn an optimal policy for the underlying
MDP even as N — oo [34, 20]. Thus, the goal in offline RL is typically to learn the best possible
policy using the provided dataset.

Model-Based Offline RL. algorithms like MOPO [21] and MOReL [20] leverage MBRL to learn
in the offline RL setting. They learn an approximate MDP using the offline dataset. Simulation with
the learned MDP allows the offline RL agent to ask counterfactual questions about actions that are
unseen in the dataset by leveraging the generalization capabilities of the learned dynamics model.
However, since the model cannot be iteratively refined or improved like in the case of online RL,
the learned MDP is likely erroneous on out-of-distribution states. As a result, policy learning in the
learned MDP may exploit the errors in the model to optimize rewards, leading to poor performance in
the true MDP. To guard against this exploitation, MOPO and MOReL penalize the agent for visiting
out-of-distribution states in the learned MDP, with uncertainty in the dynamics model being used to
detect out-of-distribution states.
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3 Model-Based Offline RL with Adaptive Behavioral Regularization

Given an offline dataset D, our goal is to learn a parameterized policy 7y that achieves high rewards,
without any additional interaction with the environment. We assume D consists of {s, a, s’,r} tuples

which we use to learn 7" along with a behavioral prior pq, (at¢|st). This dataset can be collected
using one or more structured behavioral policies interacting with test environment. We now present
our algorithm MABE (Model-Based Offline RL with Adaptive Behavioral Regularization), which
consists of three components described below.

Dynamics Model Learning MABE is a model-based RL algorithm, and thus we use the offline
dataset to learn a neural network dynamics model. This can be accomplished using maximum
likelihood estimation or other generative modeling techniques such as variational models [32]. Let
Ty (+|s, a) represent the generative model for the conditional next state distribution. Similar to prior
offline MBRL works [21, 20, 22, 23], we learn the generative dynamics model with maximum-
likelihood learning as:

max  E¢ ,0)p [log (Tw(s’\s,a))] . 2)
Ty (-|s,a)

Learning Behavioral Priors Our main insight is the use of adaptive behavioral priors as a
form of regularization in offline MBRL. Building on prior work [35, 36], we utilize behavioral
regularization within the MBRL framework. Our experimental results suggest that combining MBRL
with behavioral regularization can incorporate sufficient conservatism to succeed in offline RL. This
is in contrast to prior offline MBRL works that rely crucially on uncertainty estimation which may
prove difficult in various applications.

We consider a parameterized generative model p, (a|s) that represents our behavioral prior. A
straightforward option is to learn a behavior model that replicates the statistics in the dataset.

I7]

Pl € argmax E,.p Zlog (pa(at|5t)) 3)
Po t—0

Alternatively, we can consider an adaptive behavioral prior that is biased towards trajectories that
achieve higher rewards. This can be particularly useful in diverse datasets collected with multiple
policies — some of which perform better at the task while other policies may exhibit behaviors that
may hinder the task we want the offline RL agent to learn. Similar to Siegel et al. [37], we seek a
behavioral prior that is biased towards the high reward trajectories in the dataset while also staying
close to the average statistics in the dataset. We formulate this as:

I7|
€ argmax E..p Zw(suat) “Palat]st)
Po =0 (4)
subject to Esp [Drr (pallp)] <6,

where p denotes the empirical behavioral policy and w(s;, a;) is the weighting function. The non-
parametric solution to the above optimization is given by:

d: _

e (ar|se) o< play|st) - exp (w(t, 7)/n),

where we have used o to avoid specification of the normalization factor, and 7 represents a tem-
perature parameter that is related to the constraint level §. The above non-parametric policy can be

projected into the space of parametric neural network policies as [38, 37]:

adapt
(o3

p

I

P4 ¢ argmax E,p Zexp (w(st,ar)/n) - log ( a(at\st)) . 5)
Pa
t=0
For the choice of the weighting function, we use

UJ(St, at) = Q(Stv at) ’ (1 - 7)/Tmaxv
where Q is learned using TD-error minimization and 7, is the maximum reward observed in the
dataset. In this process, we treat the temperature 1, as the hyper-parameter choice. This implicitly
defines the constraint threshold §, and makes the problem specification and optimization more
straightforward.
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Behavior Regularized Model-Based RL. Equipped with a dynamics model and adaptive behav-
ioral prior, our algorithm MABE, performs model-based RL with a regularized objective given by:

max ( )IE v [F(s,a)], with 7(s,a) :=7y(s,a) — B (logme(als) +logpa(als)).  (6)
o s,a)~p o
We use p"¢ to denote the discounted state visitation distribution induced by executing 7y in the
learned MDP model. This objective encourages the agent to increase the rewards along with entropy
and behavioral regularization. We learn a policy to solve this optimization using SAC [39], resulting
in an algorithm that is similar to a behavior regularized version of Dyna [40] and MBPO [31].
Algorithm 3 presents the full details of our learning approach.

Algorithm 1 MABE: Model-Based Offline RL with Adaptive Behavioral Regularization

1: Inputs: Offline dataset D, learned dynamics and reward models T w and 7, adaptive behavioral
prior p, (at]s;), target divergence d, learning rates A, Ag, Ag, Ay, rollout length /

2: Initialize policy 7y, critic (), target network @ 5> and Dawg =D

3: for N epochs do

4:  for K trajectories do

5: Collect rollouts (s;, a;, 7, S¢+1) of length h using Tw and 7, starting from a randomly

chosen state from the offline dataset.

6: Daug — Daug U (St7 Aty Tt 5t+1)

7. for each gradient step do

8:

9

Sample a batch of (s, as, 74, s7) tuples from Dy
: Q =r(se,ar) +7[Qa (s, mo(- | s1)) — BDkL(mo(- | 57), pa(- | 57))]
10: 0« 60— AxVo [Qo(st, mo(- | st)) — BDxr(mo( | st),pal- | st))]
11: ¢ ¢ — AoV [5(Qu(s1,ar) — Q)7
12: BB =g (Dxr(mo(- | 5),pal- | st)) —0)
13: ®— A0+ (1 —Np)0

Optional use of uncertainty quantification MABE is a flexible framework that can additionally
incorporate uncertainty quantification if available, in addition to the behavioral prior regularization.
Let u(s,a) > Dpy(T(:|s,a), T(-|s,a)) be an estimate of the dynamics model uncertainty in state
(s, a). Analogous to prior work like MOPO and MOReL, we can additionally incorporate uncertainty
into the MABE objective given by Eq. 6 as:

#(s,a) = (s, a) — B (log ma(als) + log pa(als)) — Eu(s, a).

We emphasize again that additional reward penalty based on uncertainty is optional, and our experi-
ment results suggest that it only offers marginal benefits compared to our other components.

4 Results

MABE design choices We first outline the main decision choices and implementation details used
for our experiments. Our implementation of MABE is built on MOPO. We parameterize the policy,
behavioral prior, and dynamics model as a Gaussian distributions, with the mean being parameterized
by an MLP network, and the covariance is also learned. For example, the dynamics is represented as

Ty (s'|s,a) = N (MLPy(s,a), $y).

The reward and Q-function are modeled using deterministic MLP networks. We learn the policy
and Q-function using MBPO [31] (which itself uses SAC [39] internally), similar to MOPO. MBPO
is a model-based RL algorithm that augments Additional implementation details of MABE and
hyperparameters are provided in the Appendix.

Experiments in D4RL offline RL benchmark tasks Our first goal is to study the performance of
MABE on the widely studied D4RL [1] benchmark. We consider a total of nine domains involving
three simulated locomotion tasks and three datasets per task: medium, medium-replay (or mixed),
and medium-expert. The medium dataset is collected with partially trained SAC agent, the mixed
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dataset is the entire replay buffer of a SAC agent throughout training, and the medium-expert is
a mix between trajectories from the medium dataset and an expert policy. These represent three
distinct types of imperfect data - one imperfect policy, many changing policies, and a mixture of
expert and suboptimal policies respectively. We compare our method to published leading offline
RL algorithms which include: (a) MOReL [20] and MOPO [21] — model-based algorithms that
rely on uncertainty quantification; (b) CQL [17], a model-free algorithm that learns a conservative
Q-function, and (c) BRAC-v [35], which regularizes a model-free actor-critic algorithm with an
unweighted (or equally-weighted) behavioral prior. Please see appendix for more details.

Evaluation scores on D4RL are shown in Table 1. We find that MABE achieves the highest score
on the majority (7 out of 9) environments as well as the highest average score of 77.5. Crucially,
MABE’s performance is robust across the three dataset types, achieving a leading score on at least 2
out 3 environments for each dataset. Finally, we note that MABE substantially outperforms its the
two most directly competing baselines: MOPO, an uncertianty-based MBRL method; and BRAC-v, a
model-free method with explicit behavioral prior regularization. This suggests that a combination of
MBRL and behavioral priors can substantially benefit offline RL.

Table 1: Normalized scores for the D4RL environments we consider. Scores for MABE are calculated
from the average scores of the last 10 evaluation steps, over 3 seeds. Baseline results for MOPO,
MOReL, and CQL are reproduced from their respective papers. SAC, BC, and BRAC-v numbers are
reproduced from Fu et al. [1]. We observe that MABE either matches or outperforms prior methods
in a majority of the tasks, and achieves the highest average score.

Dataset | Environment | BC | MABE (ours) | MOPO | MOReL | SAC | CQL | BRAC-v
medium halfcheetah 36.1 46.8 = 0.8 423+1.6 42.1 4.3 44.4 45.5

medium hopper 29.0 94.1 £5.38 28.0£12.4 95.4 0.8 58.0 323
medium walker2d 6.6 65.7+8.5 17.8 £19.3 71.8 09 | 792 81.3
med-replay | halfcheetah 384 535£05 531+2.0 40.2 24 | 462 45.9
med-replay hopper 11.8 71.7£125 | 67.5£24.7 93.6 19 | 48.6 0.9

med-replay walker2d 11.3 51.0£24 39.0£9.6 49.8 35 | 267 0.8
med-expert | halfcheetah 35.8 100.6 + 1.3 | 63.3 +38.0 533 1.8 | 624 453
med-expert hopper 1119 | 110.5+0.8 23.7£6.0 108.7 1.6 | 111.0 0.8
med-expert walker2d 6.4 1033+ 13 | 446+ 129 95.6 -0.1 | 98.7 66.6

Average |  Average | 317 | 71.5 | 42.1 | 729 | 04 | 639 | 355

In the remainder of this section, we investigate in detail why MABE performs well and what new
capabilities are enabled by MABE.

Which components of MABE contribute most to performance? MABE consists of several com-
ponents that each play a part in the final agent. The full MABE algorithm consists of three components:
(a) adaptive behavioral prior regularization; (b) policy learning (improvement) using model-based RL,
and (b) the optional use of uncertainty quantification through model ensembles [41, 30, 20, 21] to

120 Halfcheetah 120 Hopper 120 Walker
100 100 100
80 80 80
0
<
g 60 60 60
O
(%}
40 40 40
B III "l i I I
0 - 0 | 0 i i
Medium Mixed Medium Expert Medium Mixed Medium Expert Medium Mixed Medium Expert

mmm  No downstream RL mmm No behavior prior B No uncertainty estimation = full MABE

Figure 3: Ablation over the three components of MABE. In most environments, the best performance
is achieved from having all three components of MABE, but the component that gives the biggest
boost in performance on average is the behavior prior. In most environments, uncertainty estimation
does not materially affect the policy’s performance.



206
207
208
209
210
211
212
213
214
215
216

217
218
219
220
221
222
223
224

225
226
227
228
229

230
231
232
233
234

Cheetah Hopper Walker

5000

12000 3500 " MVMMV‘WWWMW

i
10000 3000 4000 I

2500
8000 3000

2000

1500 2000 ’\ /)\@J

6000

Reward

4000
1000

2000 —— advantage weighted —— advantage weighted 1000

—— advantage weighted
flat prior 500

flat prior flat prior

0 100000 200000 300000 400000 500000 0 20000 40000 60000 80000 100000 0 100000 200000 300000 400000 500000
Step Step Step

Figure 4: Comparison of MABE run with an advantage weighted behavioral as well as a non-weighted
“flat" prior. We find that advantage-weighing improves the stability and performance of the policy.

incorporate additional conservatism. In this ablation study, we investigate the importance of each of
these components by removing one while keeping all others fixed. Results shown in Figure 3, indicate
that RL and behavioral priors are the largest contributors to MABE’s performance, while the optional
uncertainty penalty only incrementally improves the final policies. Removing the uncertainty penalty
leads to an observable drop in performance in only 2 out of the 9 environments. In contrast, removing
behavioral priors drops performance in 8 environments, and removing RL drops performance in 7.
Aggregated across the datasets, we find that removing behavioral priors results and RL result in a
41% and 48% drop in performance respectively. At the same time, removing uncertainty estimation
only marginally degrades MABE performance by 9%. This suggests that MABE has the potential to
find wider applicability, especially in situations where uncertainty estimation can be difficult, but can
also benefit from uncertainty estimation where available.

In Figure 3, no downstream RL refers to the direct use of the adaptive behavioral prior, without any
finetuning with MBRL. This can be viewed as a baseline inspired by imitation learning. The ablation
study of no-behavioral prior corresponds to MOPO and incorporates conservatism through the use
of uncertainty estimation. The no uncertainty estimation ablation utilizes adaptive behavior prior
regularization to incorporate conservatism when learning the policy using MBRL. This utilizes all
the components of the full MABE algorithm except the optional uncertainty-based reward penalties.
Finally, the full MABE algorithm uses all the three aformentioned components of behavioral priors,
policy learning with MBRL, and additional conservatism through uncertainty penalized rewards.

Weighted vs Unweighted Behavioral Prior Regularization Finally, we ablate the importance of
adaptive or weighted behavioral priors as used in MABE. In particular, we compare MABE with the
unweighted behavioral prior in Eq. 3 against the full MABE algorithm that uses the adaptive prior
in Eq. 5. We show learning curves for MABE trained with the two priors in Figure 4 and find that
adaptive priors help with training stability as well as asymptotic performance.

Cross-domain and cross-task generalization capability of MABE A unique capability enabled
by the use of behavioral priors is the possibility of transferring behaviors from one environment
(or domain) to another. Prior work has explored the use of offline datasets and RL to acquire new
behaviors in the same environment [21, 42]. For example, Yu et al. [21] demonstrates that offline RL
using a dataset that primarily consists of an agent walking forward can be used to learn a jumping

: Walk forward on grass Within-domain transfer with

% ﬁ :> dynamics model Target task

S A

Qm T(S’l S, Cl) Walk backward on grass
~ : > f— j(

] Walk backward on ice Cross-domain transfer

% ¢ & with behavioral priors

a Dy (my| | p,)

Figure 5: A schematic visualization of MABE’s domain transfer capabilities. In prior work it
was shown that offline MBRL is capable of in-domain generalization to new tasks [21]. Here, we
investigate cross-domain transfer capabilities of MABE and MOPO. Given multiple datasets with
different dynamics and behaviors, can we generalize to a new task in the target domain that was
not present in the offline data for the target domain? We hypothesize that behaviors are transferable
across domains even if the dynamics are different.

7
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behavior. In contrast, we seek for the agent to learn the same behavior but in a different environmental
condition. This is particularly useful in robotics applications, like for instance home robots that
operate in kitchens. While the environmental scene and physical dynamics would vary across different
kitchens depending on the types of cabinets, stoves, plates, floor etc. we would often want to robot
to exhibit similar behaviors in different kitchens like loading plates in a dishwasher. By utilizing
behavioral priors that can potentially capture the core concepts of manipulation like force closure for
grasping, robots can learn to become competent quickly in the home of a target user.

To test the generalization capabilities of MABE,
we setup the following simple experiment. 0 Transfer Scores for each Agent

We use simulated locomotion agents (Hopper, =

Walker, HalfCheetah), and collect two datasets: 0 = or
D; containing medium-replay forward walking
data in normal terrain; and D containing expert
backwards walking data in low friction terrain in-
tended to simulate ice. In this behavior transfer
test, we use these two datasets to train an agent 0z

to run backward on normal terrain. A schematic o 395 0 oo 083 oo
illustration of our setting can be found in Fig- 00 —
ure 5. In our experiments, we consider the fol- HaltChoetan opper Walker
lowing approaches: (i) task transfer only where I .

we use the forwards walking dataset to learn a MRy =R

backwards walking policy using offline MBRL. i i .
(ii) domain transfer only where we train a policy Figure 6: Experiments comparing MABE domain
in source domain and directly deploy it in the transfer to MOPO domain transfer and MOPO

target domain. (iii) task transfer with behavior sk transter. MABE is the only offline MBRL
approach that is able to successfully transfer be-
haviors across domains.

Normalized Scores

0.22

-0.09

initialization where we initialize the task trans-
fer approach with the adaptive behavioral prior;
(iv) task + domain transfer with MABE where we run MABE using the dataset corresponding to the
target dynamics (D;) and behavioral prior corresponding to the desired behavior (D3). We show
the resulting expert normalized scores in Figure 6 and find that MABE is the only algorithm that is
able to successfully solve the target task through cross-domain behavior transfer. This suggests that
dynamics models and behavioral priors are complementary and can be used to acquire a wide range
of behaviors from offline data using domain and task transfer.

5 Related Work

Our method, MABE, is at the intersection of model-based reinforcement learning, offline reinforce-
ment learning, and behavioral prior regularization. There are a number of related algorithms that
utilize dynamics models or behavioral priors in the context of offline RL [21, 35, 23, 36, 37], which
we describe in Table 2 with a comprehensive overview. While MABE is similar to prior work,
our primary contribution is identifying a unique mixture of components that enable robust offline
RL on the D4RL benchmark. Recently, concurrent work COMBO [43] has also investigated an
uncertainty-free approach to offline MBRL. The difference is that COMBO combines offline MBRL
with conservative Q-functions whereas MABE utilizes adaptive behavioral priors, which helps with
cross domain generalization capability as demonstrated in Section 4.

Model-based Reinforcement Learning: Reinforcement learning algorithms can be broadly clas-
sified into model-based and model-free categories. Model-based reinforcement learning (MBRL)
algorithms build an explicit dynamics model of the environment for use with policy search. Model-
based approaches can be further categorized into Dyna-style algorithms, policy search with temporal
backpropagation, and shooting methods. In dyna-style approaches [44, 40, 45], interactions with
the environment are used to update the dynamics model and the RL policy is trained on synthetic
rollouts from the dynamics model, often using a model-free RL algorithm like policy gradients
or actor-critic. Some representative examples of Dyna-style algorithms include MBPO [31], ME-
TRPO [46], PAL/MAL [30], and Dreamer [32]. Policy search with temporal backpropagation and
differential dynamic programming methods [47, 48, 49, 50, 51] utilize gradients through the model
to help compute the policy gradient. Shooting methods [41, 52, 53, 54, 55] extract an implicit policy
from the learned model by performing real-time planning using the learned model. For simplicity and
to build on prior work in the area of offline RL, we implemented MABE with MBPO, a Dyna-style
algorithm. However, MABE can in principle be implemented with any MBRL algorithm.
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Table 2: A comparison between MABE and similar algorithms.

| MABE (ours) MOPO/MOReL.  BRAC-v [35] BREMEN [23] ABM [37] AWR [36]

Model-Based Yes Yes No Yes No No
Behavior Prior Adaptive None Unweighted ~ Unweighted Adaptive Adaptive
Policy Regularization | Explicit KL None Explicit KL Implicit KL Implicit KL Implicit KL
Policy Optimization SAC SAC/NPG SAC TRPO MPO [59] Imitation
Uncertainty Optional Yes No No No No

Offline Reinforcement Learning: Offline RL [7] has recently received much attention due to its
potential for applicability in a wide range of applications, and consequently many algorithms have
been developed recently. Among them include importance sampling based algorithms [56, 15, 14],
dynamic programming and actor-critic based algorithms [35, 18, 19, 37, 17], and model-based
algorithms [20, 21, 23, 22]. These algorithms are primarily evaluated using recently proposed
benchmarks including D4RL [1], Atari [19, 57] and RL-Unplugged [58]. We outline the contrasts
between MABE and prior work in the remainder of the section.

Relationship to prior offline MBRL algorithms In terms of the policy learning, our work is closest
to prior offline MBRL algorithms — MOPO [21] and MOReL [20], which rely on uncertainty
quantification to estimate model prediction error to incorporate conservatism. In contrast, MABE
can benefit from uncertainty estimation, but even in its absence demonstrates strong performance
and thus has wider applicability. BREMEN [23] is another MBRL algorithm that was primarily
developed for a different setting of deployment efficient RL but can be re-purposed for offline RL.
Like MABE, it uses a behavioral prior instead of uncertainty driven conservatism. However, it uses
an unweighted behavioral prior and performs only a small number of policy updates with implicit
KL regularization. As a result, it may not benefit from the full potential of policy learning for many
iterations with an explicit KL regularization. Furthermore, in our experiments (Section 4), we find
that adaptive behavioral prior helps learning stability and improves asymptotic performance.

Relationship to prior work with behavioral priors: An alternate class of offline RL algorithms
incorporate conservatism to prevent over-fitting by regularizing the policy learning towards a be-
havioral prior. Some representative algorithms are BRAC [35], ABM [37], and AWR [36], which
are all model-free algorithms. Among these, BRAC uses an unweighted behavioral prior and learns
the policy using an actor-critic algorithm like SAC [39]. AWR was primarily developed for online
RL but can be re-purposed for offline RL. It is analogous to our learning of adaptive behavioral
prior, but without any RL based fine-tuning. In our ablation experiments, we find that RL finetuning
significantly improves the performance of MABE. ABM learns an adaptive behavior prior similar
to MABE, but learns the policy using the model-free MPO algorithm. In contrast, model-based
algorithms that train on a broader data distribution by incorporating synthetic model rollouts, can
unlock better generalization capabilities, including to new tasks.

In summary, we note that MABE presents a novel combination of MBRL and adaptive behav-
ioral priors for offline RL. Through this combination, MABE can serve as an attractive choice for
uncertainty-free offline MRBL. MABE also achieves state of the art results in benchmark offline RL
tasks, and also demonstrates strong results in transfering behaviors across different domains.

6 Broader Impacts and Limitations

Robust offline RL has the potential to make RL as widely applicable for decision making problems
as supervised learning is today for vision and language. Applications include domains where offline
data is ample but exploration can be harmful such as controlling autonomous vehicles, digital
assistants, and recommender systems. Negative potential impacts of MABE and RL algorithms
more generally is the lack of explainability. Since MABE is simply optimizing a reward function
while regularizing against a behavioral prior it can learn policies with undesired consequences that
exploit the reward function. Future work on explainability of RL policies as well as constrained
policy optimization could help alleviate these concerns. While we extensively evaluate our method
using D4RL benchmark tasks, and also study cross-domain transfer, our experimental evaluation
is in continuous control tasks. Although continuous control is representative of many applications
in robotics, offline RL is a broad and vibrant field with applications involving language [11, 12]
and visual modalities [19, 60, 32]. We hope to extend MABE to different offline RL tasks and
high-dimensional observation modalities in future work.
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