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Abstract—Offline Reinforcement Learning (RL) methods lever-
age previous experiences to learn better policies than the behavior
policy used for data collection. However, they face challenges
handling distribution shifts due to the lack of online interaction
during training. To this end, we propose a novel method named
State Reconstruction for Diffusion Policies (SRDP) that incorpo-
rates state reconstruction feature learning in the recent class of
diffusion policies to address the problem of out-of-distribution
(OOD) generalization. Our method promotes learning of gen-
eralizable state representation to alleviate the distribution shift
caused by OOD states. To illustrate the OOD generalization and
faster convergence of SRDP, we design a novel 2D Multimodal
Contextual Bandit environment and realize it on a 6-DoF real-
world UR10 robot, as well as in simulation, and compare its
performance with prior algorithms. In particular, we show the
importance of the proposed state reconstruction via ablation
studies. In addition, we assess the performance of our model
on standard continuous control benchmarks (D4RL), namely the
navigation of an 8-DoF ant and forward locomotion of half-
cheetah, hopper, and walker2d, achieving state-of-the-art results.
Finally, we demonstrate that our method can achieve 167%
improvement over the competing baseline on a sparse continuous
control navigation task where various regions of the state space
are removed from the offline RL dataset, including the region
encapsulating the goal.

Index Terms—Reinforcement Learning, Deep Learning Meth-
ods, Learning from Demonstration

I. INTRODUCTION

EVERAGING large datasets and generalizing to un-

foreseen situations are critical components of intelligent
systems. Offline Reinforcement Learning (RL) has garnered
significant attention for learning from previously collected
datasets without interacting with the real world [1]. Similarly,
Out-of-Distribution (OOD) generalization is crucial for de-
veloping reliable systems adapting to unexpected conditions.
While offline RL promises to find better policies than the
behavior policy that generated the trajectories in the dataset
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without making assumptions about the agents’ expertise, they
struggle when faced with states not present in the training
set. Hence, we aim to develop a generalizable generative
offline RL model, State Reconstruction for Diffusion Policies
(SRDP), to learn robust skills from offline datasets by extrap-
olating sequential decision-making to OOD states.

The main challenges of offline RL are the distribution shift
and uncertainty estimation [2]. Since state and action distribu-
tions in the offline dataset can differ from those encountered
in the evaluation environment, dealing with OOD state and
action samples is a prominent topic in offline RL [3]. Thus,
we are interested in policy-regularized offline RL algorithms
where the divergence from the behavior policy that collected
the dataset is discouraged.

There is a growing interest in applying diffusion models
in robotics. Notably, Chi et al. [4] have demonstrated the
effectiveness of convolutional and transformer-based diffusion
networks in representing multimodal action distributions with
visuomotor policy learning for behavior cloning. Likewise,
other behavior cloning [5], [6] methods have also learned
multimodal expert behavior, though not specifically targeting
offline RL and diffusion models. Despite these achievements,
our current focus is on OOD generalization in offline RL
without a visual component while believing in the potential
applicability of our findings in visuomotor policy learning.
Diffusion-QL [7] and Diffusers [8] are recent RL algorithms
that utilize diffusion models [9]-[11] by guiding the diffusion
process toward regions that can yield a high reward. Diffusers
[8] use diffusion models in the planning procedure to generate
trajectories from the diffusion model, while Diffusion-QL [7]
generates actions based on a state-conditional diffusion model
and uses Q-function maximization with behavior cloning loss.
Even though Diffusion-QL [7] can represent multimodal ac-
tions, it is often unstable in OOD state regions.

Autoencoders can reconstruct a subset of OOD samples
with low error via learning representations in the bottleneck
layer [12]. Denouden et al. [12] highlight that OOD samples
close to a linear or a nonlinear latent dimension manifold of
the training data can have a low reconstruction loss. Hence,
guidance from a reconstruction loss and similar architectural
designs can benefit OOD generalization. Mutlu et al. [13]
use reconstruction loss to provide hints to the generator.
Although we employ separate output heads to integrate the
state reconstruction loss, we use a shared representation layer
to generalize to OOD states close to the latent dimension
manifold.

Our key contributions include SRDP, a new offline RL
method that alleviates the distribution shifts incurred by OOD
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states using representation learning. SRDP is tailored to guide
diffusion policies using a state reconstruction signal. Through
extensive experiments, ablation studies, as well as real robot
experiments, we demonstrate that incorporating state recon-
struction signal at each diffusion timestep not only enhances
the performance of foundational diffusion models in severe
OOD settings where a large portion of data is missing during
training but also in widely used offline RL tasks.

II. RELATED WORK
A. Offline Reinforcement Learning

In dynamic programming-based offline RL methods, the
Q-function is approximated using the offline RL dataset that
comprises samples collected by the behavior policy. As the
learned policy diverges from the behavior policy, Q-function
estimates tend to exhibit overestimation in regions where
uncertainty is high [14]. Prior works impose a constraint on
the statistical distance between the learned policy and the
behavior policy in the policy optimization objective [2] or
the reward function [15]. However, both methods require the
computation of the behavior policy through behavior cloning
and enforce a constraint on the learned policy. Nair et al.
[16] alleviated the need for computing the behavior policy
by approximating the policy objective using an advantage-
weighted maximum likelihood. Still, this method is prone to
distribution shift as the policy can query the OOD actions
during training. Recent work addressed this distribution shift
by avoiding OOD actions in the Q-function estimation using
an expected loss instead of the mean squared error loss [17].
As an alternative, in Conservative Q-Learning (CQL) [18], the
Q-function is approximated using a minimax objective where
overestimated action values are minimized, and actions from
the dataset are maximized. However, conservative estimation
of the value function is prone to overfitting when data is scarce
[2].

Importance sampling-based offline RL methods attempt
to approximate the learned policy or expected return via off-
policy RL techniques. However, off-policy RL allows envi-
ronment interaction in the training loop, whereas offline RL
learns from a static replay buffer constructed before training.
The accuracy of the importance sampling estimator depends
on the proximity of the learned policy to the policy used for
data collection, the dimensionality of the state-action space,
and the horizon of the task. Hence, these algorithms have
limited applicability to real tasks and impose constraints on our
objective of obtaining the best policy supported by the data.
Prior work on importance sampling-based offline RL addresses
the bias-variance trade-off. The marginal importance ratio [19]
can be used via dynamic programming to reduce bias. Doubly
robust estimator [20] uses recursive regression-based value
evaluation to reduce variance. However, these methods are still
prone to distribution shifts, as they exploit OOD regions in the
policy improvement step. Hence, this work uses an auxiliary
state reconstruction signal in the policy improvement step that
encourages learning more generalizable state features.

Model-based offline RL methods focus on deriving the en-
vironment model by estimating the transition function, unlike
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model-free methods. Although, theoretically, their advantage
over model-free methods has not been proven [2], they offer
sample efficiency and quick adaptation. In the model-based
offline RL setting, the model cannot correct OOD states in
addition to the OOD actions. To avoid OOD states and actions,
a scaled uncertainty function penalizes the reward function
over state action pairs [21]. However, estimating an uncertainty
function that accurately quantifies uncertainty regions over
the state action space is a challenging open problem [2].
Conservative Model-Based-RL [22], on the other hand, follows
a similar approach used in CQL [18] and penalizes overesti-
mated Q-values of state action tuples sampled from the model
distribution. Most model-based RL algorithms are myopic and
fail to make accurate predictions in tasks where the dimensions
of the state action space are high [2]. Recent works have
viewed the problem through the lens of sequence modeling
and used high-capacity transformers [23], [24]. However,
these architectures are computationally expensive to train as
they need careful tuning of hyperparameters. Validation and
hyperparameter optimization in offline RL remains an open
area of research.

B. Diffusion Models

Diffusion models are probabilistic generative models used
in computer vision [9], [25]-[27], natural language processing
[28], [29], and more recently, RL [7], [8]. Diffusion probabilis-
tic models (DPM) [9] formulate a forward diffusion process by
adding a small amount of Gaussian noise to the data samples.
By learning the reverse diffusion process, diffusion models
learn to generate samples from Gaussian noise. Denoising
diffusion probabilistic models (DDPMs) [11] explore DPM’s
relation to denoising score matching with annealed Langevin
dynamics in image synthesis tasks. On the other hand, score-
based generative models (SGMs) use a Noise Conditional-
Score Network to learn scores at different levels of noise after
perturbing the data for training stabilization [30]. Although
our approach is developed for the offline RL framework, it can
be applied to conditional diffusion models that use classifier
guidance. In our case, however, the guidance comes from the
states.

III. BACKGROUND
A. Offline Reinforcement Learning

A Markov Decision Process (MDP) tuple is defined by
(S, A, P,r, po,7y) where S is the state space of state s € S, A
is the action space of action @ € A, P(s’|s,a) : SXAxS —
[0,1] is the conditional probability distribution expressing
dynamics, s’ is the next state, 7 is the reward function, pg is
the initial state distribution and v € (0, 1] is the discount factor
[31]. The objective of an RL agent is to learn a policy 7 (als),
parameterized by 6, that maximizes the expected cumulative
discounted reward denoted by E, [>, v'r (s¢, a¢)]. The state-
action value function, Q-function, Q™ (s, a) is defined as the
expected cumulative discounted reward gained for taking an
action a at a state s then following 7. In offline RL, the agent
is tasked with learning the best policy supported by the dataset
of MDP tuples denoted by D = {(s;, a;, s}, r;)}. The dataset
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is constructed from the rollouts obtained by a behavior policy
ms(als) [2].

B. Diffusion Models

Diffusion probabilistic models [9]-[11], commonly called
diffusion models for brevity, are a class of probabilistic gen-
erative models that seek to generate new samples by learning
the underlying probability distribution of the data. The forward
diffusion process follows a Markov chain to slowly destroy
the structure of an original data sample, =y, by adding noise
to obtain a sequence of noisy samples z;...zr. Here, the
Gaussian noise added to the data depends on a variance
schedule {3; € (0,1)}_,, where 3, is the diffusion rate at
timestep t. Since the sequences of noisy samples are available
during training, we can train a neural network to predict the
noise €; added to the data at a given timestep. At a high
level, we can generate samples from Gaussian noise through an
iterative denoising procedure in the reverse diffusion process
by using the predicted noise added at each timestep.

In diffusion models, we can directly sample the noisy
image at any time t. By replacing the diffusion rate
By with o = 1 — [;, we obtain the distribution
q(x¢ | X0) = N (x5 v/@iXo, (1 — @) I) using recursion and
reparametrization technique where &y = H’;:l a;. To es-
timate the reverse process, we learn the parameters of
po (Xt—1 | x¢) = N (xt—1; py (x4, ), X9 (x¢,¢)). The joint
distribution of the reverse diffusion is denoted by py (x0.7) =
p(xT) Hthl po (x¢—1 | x¢) where x7 is the isotropic Gaus-
sian distribution. Ho et al. [11], formulated the simplified loss
function in DDPMs for diffusion timestep ¢

Ly = E; xe, [HGt — €0 (Vaixo + V1 — ave,t) HQ}

where €y (v/a@ixo + /1 — areq, t) is the noise predicted by
the neural network and €; is the true noise used in the forward
process.

IV. METHOD

To address the OOD states in Offline RL, we propose
incorporating an auxiliary state reconstruction loss in diffusion
policies. We first describe the details of Diffusion Q-Learning
(Diffusion-QL) [7] and its implementation. Subsequently, we
derive a robust diffusion policy that leverages representation
learning. Finally, we discuss our approach using a 2D multi-
modal contextual bandit environment.

A. Diffusion Q-Learning

Diffusion-QL uses a conditional diffusion model to generate
actions conditioned on states [7]. The conditional reverse dif-
fusion chain conditioned on state s is defined by g (ag.r | S)
where T denotes the diffusion timestep. The action obtained
by the reverse diffusion process is then used in Q-learning and
policy learning in an iterative procedure. Initially, a minibatch
of MDP tuples {(s, a,r,s’)} are sampled from the offline RL
dataset. The next action o’ is generated by the target diffusion
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policy g/ conditioned on the next state s’. Using double Q-
learning trick by [32] and Bellman operator minimization by
[33], [34], Diffusion-QL, minimizes

E(s_’a’s/)wp [H (T(S@Hv mini=1,2 Qg (S',a{))) —Qg; (Sva))ﬂ (1)

a6~7r9/

where D is the offline RL dataset, QQ% are the target critic
networks and @4, are the critic networks. Diffusion policies
are optimized by policy improvement using Q-function and
behavior cloning loss minimization. We update the critic
networks similarly to evaluate the improvement from the state
reconstruction loss.

B. State Reconstruction for Diffusion Policies

Diffusion policies learn to generate actions with the guid-
ance of states. Since state information is available in the
training and evaluation phase, the diffusion policy can be
conditioned on the state to generate actions. The diffusion
model learns to predict the noise ¢; added to the input at each
diffusion iteration t following the simplified loss in DDPM.
Diffusion policies extend this idea to the RL framework by
concatenating the noisy input (noisy action) vector and the
embedded diffusion timestep with the state vector during
training. In contrast, using an auxiliary head, SRDP learns to
extract the state representation in a shared representation layer.
In brief, SRDP operates as follows. The shared SRDP feature
extraction module fs maps the time embedding, state, and
noisy action to a latent representation z. This representation
is then directed into distinct task-specific heads: the diffusion
head fy predicts the added noise at that diffusion timestep for
the given noisy action and state, and the auxiliary head f, re-
constructs the input state. Importantly, the state representation
signal is deeply embedded for all diffusion timesteps sampled
during training through the state reconstruction loss.

We use a shared fully connected module fy to map the
noisy action v/aza++/1 — aye€, time-embedding and the state
s into a shared representation

z = fy (Vara + V1 — e, s,t). )

The diffusion head f, uses this representation to predict
the noise added at timestep ¢, while state head f,, learns
to reconstruct the state. Thus, diffusion policy loss Lpp is
defined by

.....

e~N(0,I)

(1,1} |l o (fs (Varatvi=aies.t))||’] 3)

where diffusion timesteps are denoted by t¢. The diffusion
timesteps are sampled from the uniform distribution U over
the set {/,...,T}. State reconstruction guidance is also propa-
gated through the network during policy learning. The state
reconstruction loss £z minimizes

e~N(0,I)

Benu({1..1h) [HSifq/’(f‘b(\/éTtﬂJrﬁe,s,t))”2] “4)

where fy takes the shared representation as input to predict
the state. Behavior cloning loss Lp¢ in SRDP, jointly learn



This article has been accepted for publication in IEEE Robotics and Automation Letters. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/LRA.2024.3363530

4 IEEE ROBOTICS AND AUTOMATION LETTERS. PREPRINT VERSION. ACCEPTED JANUARY, 2024

the contextual representation of the state and the noise added
to the action by minimizing

Lpc =Lpp+ AR &)

where ) is a hyperparameter that controls the weight of the
state reconstruction loss. A key point to note is that the
state reconstruction loss in this step is propagated through the
network for each randomly selected diffusion timestep.

At each training iteration, we first sample a mini-batch of
transitions {(s,a,r,s’)} from the offline RL dataset. Then,
we sample a mini-batch of next actions {(af,} from the target
diffusion policy using {(s’)} from the offline RL dataset
[7]. The mini-batch of transitions and the sampled {(a(} are
used to update the critic network using Eq. 1 following the
implementation in [7], [35]. After the critic update, we sample
{(ag)} from our policy 7y through an iterative denoising
procedure. To guide the action generation procedure to high
reward regions, we subtract the scaled [36] expectation of Q-

: U]E5~D,a0~7rg [Q¢(Saa‘0)] :
function, EemnQo@a)]] from SRDP Lp¢ in Eq. 5

to obtain Lgrpp. Crucially at this minimization step, the
state reconstruction loss is propagated through the network for
each diffusion timestep, promoting learning more descriptive
features from the OOD-state samples. Then, we update the
target policy network and the target critic networks.

In the evaluation phase, we sample actions from our policy
through an iterative denoising procedure. First, we sample
ar ~ N(0,I) at diffusion timestep T. Then, we concate-
nate this sampled action ar with our current state from the
environment and the embedding of the diffusion timestep to
obtain the input vector for our diffusion policy. Subsequently,
our diffusion model predicts the noise ey=fo(fs(as,s,t)) added
to the action at that diffusion timestep given the state while the
reconstructed states from f,, are not used. To obtain the action
ap generated by our model, we run the reverse diffusion chain
by computing a;_i]ae=—4 (at— %fe(fq,(at,s,t))) +v/Bre. As
suggested in [11] to enhance the sampling quality, we sample
e ~N(0,I) for t =T,...,2 and assign e = 0 for t = 1.

C. Out-of-Distribution States in Offline RL

We aim to learn a robust policy from offline RL datasets
consisting of expert and novice demonstrations with different
modalities. Therefore, we designed an environment named 2D
multimodal contextual bandit to evaluate the agent’s perfor-
mance in OOD states. Previous work [7] used a 2D-bandit
environment to illustrate the advantage of using a highly
expressive model to represent policies. Here, we extend this
environment to a contextual bandit setting to assess the trained
policy in OOD states. The primary objective in this task is to
learn multimodal expert behavior, particularly in challenging
OOD states. Thus, Double Q-learning [32] is not used in this
context to isolate the regularization induced by SRDP behavior
cloning loss.

We consider a two-dimensional continuous state and action
space where the states and actions are characterized as real-
valued x- and y-coordinates. To illustrate multimodal expert
behaviors, the states in each pair of quadrants map to ac-
tions generated from a mixture of two Gaussian distributions.
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Fig. 1. The states mapped to actions (represented by black dots) in the first,
second, third, and fourth quadrants are colored magenta, green, light brown,
and blue, respectively. The training dataset (a) is constructed with S¢rgin ~
U([—0.05,0.05] x [—0.05, 0.05]) and used for experiments illustrated in Fig.
2. The training dataset in (b) is constructed from s¢,gin ~ U([—0.08,0.08] x
[—0.08,0.08]) and used for experiments illustrated in Fig. 3 and Fig. 7.
State samples for ground truth (c) are generated from the uniform distribution
U([-1.0,1.0] x [-1.0,1.0]). Actions are generated from the GMM detailed
in Eq. 6. Results for training with non-OOD data generated from the uniform
distribution /([—1.0,1.0] x [—1.0, 1.0]) are illustrated for BC-Diffusion (d)
and SRDP(ours) (e). Chamfer distance between the ground truth contextual
action distribution and the actions generated using the non-OOD dataset for
BC-Diffusion is 0.047, and SRDP(ours) is 0.037.

Given a state (x,y), the agent needs to generate an action
[a1(z,y), az(z,y)] that has a high probability in the matching
mixture of two Gaussians. Subsequently, we construct a train-
ing dataset by sampling states from two uniform distributions
and actions from two Gaussian mixture models (GMM), where
each Gaussian mixture comprises two Gaussian distributions.
For a given state s, an action a is sampled from a GMM with
two Gaussians as a ~ 7N (p(s), X) + 7N (py(s), X) where
3 is the diagonal covariance matrix with o = [0.05,0.05], 7
is the mixture weight 0.5, p;, and p, are the mean vectors
of Gaussian distributions. We use the following procedure to
determine the values of the mean vectors i (s), and po(s)

(—0.8,—0.8),(0.8,0.8) if s€[—1.0,0.0]%[0.0,1.0]
—0.8,—0.8),(0.8,0.8
p1(s),p2(s)= ( ! )
(—0.8,0.8),(0.8,—0.8)

if $€[0.0,1.0] x[—1.0,0.0] 6
if s€[—1.0,0.0]x[—1.0,0.0]

(—0.8,0.8),(0.8,—0.8) if s€[0.0,1.0]x[0.0,1.0]

where a state (s) is sampled from the uniform distributions
(Strain ~ U([—0.05,0.05] x [—0.05,0.05])) and (Strain ~
U([-0.08,0.08] x [—0.08, 0.08])) when constructing the train-
ing data. During testing, we sample states from subregions
within the Euclidean plane larger than those in the training
dataset. In particular, we sample states from the uniform
distribution 4 ([—1.0,1.0] x[—1.0, 1.0]) to evaluate the policies
in OOD states.

V. EXPERIMENTS

This section empirically evaluates our proposed approach,
i.e., state reconstruction guidance on the 2D-Multimodal
Contextual Bandit environment, multimodal real-robot setup,
sparse reward continuous control maze navigation dataset with
missing data generated in [37] for offline RL pretraining, and
D4RL benchmarks from [1].

A. 2D-Multimodal Contextual Bandit Experiments

The training dataset in 2D-Multimodal Contextual Bandit
D = {(s4,a;)},, consists of n = 10000 state-action tuples
with horizon H = 1. To examine the policy in OOD states,
the states generated for training are sampled from the uniform
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distribution $pqin ~ U([—0.05,0.05] x [—0.05,0.05]) in Fig.
1(a), and S¢rain ~ U([—0.08,0.08] x [—0.08,0.08]) in Fig.
1(b). The states used for the evaluation are sampled from
the uniform distribution of sesr ~ U([—1,1] x [—1,1]).
Ground truth for OOD state generalization corresponding to
the training datasets in Fig. 1(a) and (b) is illustrated in Fig.
1(c) where the black points show the actions in the dataset
following Eq. 6. Similarly, the black points in Fig. 2(a) and
(b) show the actions generated by the SRDP and BC-Diffusion
policies, respectively. If a state generates an action in the
first, second, third, and fourth quadrants, the state is colored
magenta, green, light brown, and blue, respectively.

Visually distinguishable quadrants with respective coloring
in Fig. 2(a) (SRDP) indicate that the reverse diffusion process
can generate actions accurately for OOD states. In contrast,
Fig. 2(b) shows that BC-Diffusion memorizes actions without
using state information. Subsequently, results in Fig. 2 show
that the representation learning with state reconstruction loss
promotes finding expert skills in multimodal data, achieving
faster convergence. Although a larger portion of the state space
is not included in the training set distribution in Fig. 2, SRDP
can generalize well to OOD states and learn at least one of the
two expert behaviors. Conversely, BC-Diffusion finds the ac-
tion distribution of the dataset, yet it cannot assign the correct
action distribution for the given state. Accurate partitioning of
the state space, in terms of the effect of the actions taken, is
particularly important in real-world robotics tasks where naive
memorization of the action distribution in the data without
state dependence can have severe consequences. Although
SRDP can represent a single mode in this challenging OOD
task where only 0.25% of the state space is present in the data,
it can correctly learn an expert policy. All hidden layers have
the same size of 16 for SRDP and BC-Diffusion.

32000 000 00

Fig. 2. Top to bottom: SRDP (A = 1.25) and BC-Diffusion [7]. Dataset
for training is constructed from Fig. 1 (a) (S¢rain ~ U([—0.05,0.05] X
[—0.05,0.05])) and ground truth is illustrated in Fig. 1 (c). The number of
training iterations in each column increases incrementally from left to right by
2000, starting from 32000, as the convergence for the more restricted dataset
takes longer.

In the next set of experiments, the training dataset includes
Strain ~ U([—0.08,0.08] x[—0.08,0.08]) and atrq:n generated
by Eq. 6. Fig. 3 and Fig. 7 show that only SRDP can represent
multimodal expert distributions and partition the state space
into visible quadrants at earlier iterations, improving training
stability and reducing computation costs. Consistent with the
experiments in Fig. 2, BC-Diffusion only learns the action
distributions in the dataset, excluding the state information in
OOD states. As an ablation study, we provide illustrations with
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BC-Diffusion

12000 20000

4000 8000 16000

Fig. 3. Top to bottom rows show the results from SRDP (proposed model)
with the scaling parameter A = 0.75, A = 1.0, A = 0.0 (meaning no state
reconstruction loss) and BC-Diffusion [7]. The training dataset is constructed
from Strqin ~ U([—0.08,0.08] x [—0.08,0.08]). The number of training
iterations increases incrementally by 4000 from left to right.

TABLE 1
ABLATION STUDY FOR SRDP SCALING PARAMETERS OVER TRAINING
ITERATIONS AT 4000 INTERVALS WITH Chamfer Distance.

Method 4000 8000 12000 16000 20000

SRDP(X =0.0) 1.62+£0.31 | 1.561£0.06 1.63 £0.26 1.61+0.34 1.63 £0.32
SRDP(X = 0.25) 1.49+£0.25 | 1.034+£0.59 | 0.91£0.62 0.82 4 0.64 0.81 £ 0.67
SRDP(A=0.5) 1.1£0.3 1.07 £0.55 1.01+£0.72 0.91 +0.68 0.79 £ 0.55
SRDP(A = 0.75) 1.62+0.24 | 0.88+0.51 | 0.83+0.43 0.564+0.28 | 0.39 £0.16
SRDP(X\ =1.0) 1.24+£0.48 | 0.95+£0.35 | 0.68+0.55 | 0.47+0.43 | 0.44+0.41

BC-Dif fusion || 141 £0.01 | 1.51£0.16 | 1.54£0.18 | 1.6£0.14 | 1.62+£0.15

different scaling parameters that control the weight of state
reconstruction loss in Fig. 3. We use a dual head architecture
with hidden layer sizes (16°"27¢4 16hared 16) for SRDP and
three hidden layers with size 16 for BC-Diffusion. Notice that
SRDP with scaling parameter O performs similarly to the BC-
Diffusion baseline in Fig. 3 as this reduces SRDP to BC-
Diffusion. We compute Chamfer distances between the ground
truth actions and the actions generated by SRDP with varying
scaling parameters (\) and BC-Diffusion for each group of
states. Table I, shows the sum of Chamfer distances over each
group of states across five random seeds, at 4000 intervals.
Chamfer distance is particularly suitable for our case because
it measures the distance between two sets of points. BC-
Diffusion is prone to overfitting since the chamfer distance
increases as the training progresses. The results show that
SRDP performs significantly better and converges faster than
BC-Diffusion with appropriate scaling parameter selection.

B. Multimodal URIO Experiments

We design a multimodal UR10 robot experiment to illustrate
the application of our method in the real world and highlight
the importance of OOD generalization. Our hardware setup
consists of a 6-Dof UR10 manipulator robot mounted with a
Robotiq gripper illustrated in Fig. 4. Similar to the experiments
in [4] designed for a visuomotor policy learning task, we define
the actions for our policy as the space positional commands



This article has been accepted for publication in IEEE Robotics and Automation Letters. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/LRA.2024.3363530

6 IEEE ROBOTICS AND AUTOMATION LETTERS. PREPRINT VERSION. ACCEPTED JANUARY, 2024

of the end-effector. In the setting visualized in Fig. 4, the
robot learns to reach the vegetables or the coffee maker from
a random initial state. If the gripper is opened in states in
region A (red/magenta) or D (yellow/light brown) (enabling
the use of the pink coffee stirrer), it should reach the coffee
maker for stirring. Conversely, if the gripper is enclosed
(allowing the use of the green knife) in region B (blue) or
C (green), it should reach the vegetables for chopping. The
training dataset is constructed from the true space positional
commands of the end-effector, Sirqin ~ U([—1.0,—0.9] x
[0.03,0.17]. We sample states from the uniform distribution
U([-1.2,-0.7] x [—0.25,0.45]) to evaluate the policies in
OOD states. The action distributions are generated with the
same procedure outlined in Eq. 6 though the origin and GMM
distributions are shifted for real UR10 space. Specifically,
for states with respect to the center position at (—0.95,0.1),
action distributions for the right upper, left upper, left bot-
tom, and right bottom regions are produced with correspond-
ing mean pi(s) = (—0.8,0.35), uas(s) = (—1.1,0.35),
us(s) = (—1.1,-0.15), pa(s) = (—0.8,—0.15) and diagonal
covariance matrix 3 with ¢ = 0.015. We evaluate SRDP
and baselines trained with 75 diffusion timesteps across five
random seeds. Chamfer distance results of SRDP(A = 1.0)
compared to the baseline with respect to the ground truth con-
textual action distribution in the dataset is (0.071+0.02). For
Diffusion-QL and SRDP(\ = 0.0) the chamfer distances are
(0.27£0.01), (0.28 £ 0.02) respectively. We use a dual head
architecture with hidden layer sizes (323hared 1gshared 32)
for SRDP(A = 0.0) and SRDP(A = 1.0) and (16,16, 16)
for BC-Diffusion. SRDP(A = 0.0) is BC-Diffusion with a
bottleneck layer in the middle without a state reconstruction
loss. The action generation time for SRDP across 10 trials is
8.34 = 0.28 ms on an NVIDIA 4090 GPU. Results indicated
that the architecture change did not imply a better OOD
generalization; hence state reconstruction signal is essential
in learning multimodal expert behavior from OOD data.

SRDP A

BC-Diffusion

Fig. 4. Real robot setup and the comparison of SRDP(A = 1.0) with BC-
Diffusion and SRDP(XA = 0.0). State samples in the training dataset are
within the light blue region. The color-coded regions are labeled as follows:
A (red/magenta), B (blue), C (green), and D (yellow/light brown).

C. Missing Data Maze Environment

Maze2d navigation environments were introduced as bench-
marks for offline RL in D4RL [1]. In this environment, a
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TABLE 11
COMPARISON OF SRDP WITH DIFFUSION-QL BASELINE.

maze2d-missing-data-large-v1 Normalized Score
SRDP(\ =1.0) 35.0 +28.2
SRDP(\ = 0.75) 23.9+20.4
SRDP(\ = 0.25) 20.0 + 37.9
SRDP(\ =0.0) 1.7+ 2.3
Diffusion — QL 13.1+15.3
maze2d-large-v1 Normalized Score
SRDP(\ = 0.75) 203.6 +19.7
Diffusion — QL 189.1 +15.3

2D force-actuated ball robot must navigate through a closed
maze to reach a fixed goal location during evaluation. The
maze2d dataset consists of trajectories collected by a planner
agent, which uses a PD controller to reach a random goal
from a random initial state location. The actions are defined
as the linear force applied in x-y directions, whereas the
observations are defined as the concatenation of the position
and the linear velocity of the ball in the x-y direction. To
assess the performance of SRDP in OOD states, we use the
sparse reward maze2D offline RL dataset “maze2d-missing-
data-large-v1” by [37] illustrated in Fig. 5(a) where the data
collected in the vicinity of three circles, one encapsulating the
goal, is missing. This task is used to evaluate the performance
of online and offline finetuning after offline pretraining in
[37]. In our context, we focused on results without online
finetuning, aligning with the more challenging experimental
framework adopted throughout this study. Notably, the agent
starts from a random initial state during evaluation, and a
significant portion of state data is absent near the goal and
random initial state locations. An ablation study on this
environment demonstrating the advantage of SRDP in Table II
shows the mean and standard deviation of normalized scores
obtained across five random seeds. More specifically, the
results indicate the superiority of SRDP (A = 1.0) compared
to Diffusion-QL [7] with (256,256, 256). It is important to
note that SRDP with a dual head architecture with hidden
layer sizes (5123hared 256shared 512) and scaling parameter
A = 0.0 becomes Diffusion-QL without a state reconstruction
decoder. In addition, SRDP performs superior to the baseline
for “maze2d-large-v1” sparse environment in D4RL without
missing data.

D. D4RL Benchmark

D4RL benchmark [38], comprising extensive robotics
datasets, has been widely used as a benchmark for offline
RL algorithms. In AntMaze environments, the objective of
an 8-DoF quadruped ant robot is to navigate to a 2D goal
location in various mazes. Correspondingly, in Gym-MuJoCo
( [38], [39]) half-cheetah, hopper, and walker2d environments,
the objective is to achieve forward locomotion. Since offline
RL differs from imitation learning, each dataset in Table III
includes various amounts of suboptimal data. For these experi-
ments, we follow the details of the online implementation used
in Diffusion-QL, where they assume that the policies can be
evaluated at fixed intervals with few online interactions. This
is a form of early stopping in RL introduced in [40] where
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() (b) (© (d)

Fig. 5. (a) Maze2d environment with missing data “maze2d-missing-data-
large-v1” from [37]. DARL AntMaze Environments with three layouts: (b)
Antmaze-large-v0, (c) Antmaze-medium-v0, (d) Antmaze-umaze-vO0.

(a) Half-cheetah

(b) Hopper (c) Walker2d

Fig. 6. D4RL Gym-MuJoCo Environments

TABLE III
COMPARISON OF SRDP WITH THE DIFFUSION-QL BASELINE.

AntMaze Diffusion-QL | SRDP(ours)
antmaze-umaze-v0 96.0 96.4+ 1.5
antmaze-umaze-diverse-v0 84.0 89.8+5.1
antmaze-medium-play-v0 79.8 78.4+8.1
antmaze-medium-diverse-v0 82.0 90.6 + 6.0
antmaze-large-play-v0 49.0 63.0 + 8.0
antmaze-large-diverse-v0 61.7 62.6 + 3.5
Average 75.4 80.1
Gym Diffusion-QL | SRDP(ours)
halfcheetah-medium-v2 51.5 51.9+1.5
hopper-medium-v2 96.6 96.8 £ 3.1
walker2d-medium-v2 87.3 88.1£0.5
halfcheetah-medium-replay-v2 48.3 48.1+0.3
hopper-medium-replay-v2 102.0 102.1 £0.1
walker2d-medium-replay-v2 98.0 98.1 +£1.2
halfcheetah-medium-expert-v2 97.2 97.5+0.1
hopper-medium-expert-v2 112.3 112.6 £ 0.4
walker2d-medium-expert-v2 111.2 111.1+04
Average 89.3 89.6

the hyperparameter, the number of training epochs, is tuned
for Diffusion-QL and the proposed model, SRDP. We report
the average normalized scores of undiscounted returns for
SRDP and Diffusion-QL in Table III, where 100 corresponds
to expert-level behavior compared to the normalized scores for
Diffusion-QL from [7].

Antmaze datasets are generated following non-Markovian
and suboptimal policies, sparse rewards, and multitask data
design procedures [1]. Fig. 5 (b), (c), (d) shows the AntMaze
environments where each maze layout, large, medium, umaze,
has different levels, such as play and diverse. The performance
scores across five random seeds in Table III demonstrate that
the proposed SRDP model is superior for all cases except
“antmaze-medium-play-v0”. OOD generalization is beneficial
in multitask settings; hence, SRDP can enhance performance
significantly.

Gym-MuJoCo environments, comprising continuous control
tasks in MuJoCo [39], have been commonly used in deep RL
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[1], [36], [41]-[43]. In D4RL, datasets are collected using
the online RL interaction data of a Soft Actor-Critic (SAC)
agent [1], [42]. To evaluate an offline-RL algorithm in narrow
data distribution and suboptimal behavior policy settings,
“medium”, “medium-replay”, and “medium-expert”’ datasets
are generated. Medium datasets are generated by collecting the
rollouts from a medium-performing policy, whereas medium-
replay datasets are generated by keeping a replay buffer of
rollouts until the RL policy reaches a medium-level perfor-
mance. Medium-expert datasets include expert trajectories by
50% in addition to medium-level rollouts. Results presented
in Table IIT show that our proposed model, SRDP, performs
better than Diffusion-QL [7] across five random seeds.

VI. CONCLUSION

In this work, we propose SRDP for OOD generalization in
offline RL, a representation learning-based method built on top
of the recent class of diffusion policies introduced by [7]. To
show the multiple skills learned by the model when evaluated
in OOD states, we designed a 2D Multimodal Contextual
Bandit environment and applied it to a real robotic scenario.
Compared to prior work, our results indicate that SRDP can
represent multimodal policies, partition the state space more
accurately, and converge faster in real-robot and simulation
environments. In addition, results show that SRDP can learn
superior models compared to previous work in Antmaze and
Gym-MuJoCo environments in D4RL benchmarks [1] with
various levels and agents. Finally, on a sparse continuous con-
trol navigation task where critical regions of the state space are
completely removed from the offline RL dataset, our method
performs significantly better than the standard diffusion policy-
based RL. For future work, we plan to integrate a vision
module into SRDP, reduce the inference time in diffusion
policies, and extend our approach to trajectory-level diffusion
probabilistic models [8].

APPENDIX

4000 8000 12000 16000
Fig. 7. Additional results for Section V-A. Top to bottom Row: BC-CVAE
represents the policy by a conditional variational autoencoder (CVAE) [33],
BC-MLE [36] uses a Multivariate Gaussian to model the policy with a
diagonal covariance matrix, BC-MMD [14] uses a CVAE that learns the
behavior policy to constrain a Gaussian policy. The training dataset is
constructed from s¢pqin ~ U([—0.08,0.08] x [—0.08,0.08]). The number
of training iterations increases incrementally by 4000 from left to right.
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