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ABSTRACT

Humans often acquire new skills through observation and imitation. For robotic
agents, learning from the plethora of unlabeled video demonstration data avail-
able on the Internet necessitates imitating the expert without access to its action,
presenting a challenge known as Imitation Learning from Observation (ILfO). A
common approach to tackle ILfO problems is to convert them into inverse rein-
forcement learning problems, utilizing a proxy reward computed from the agent’s
and the expert’s observations. Nonetheless, we identify that tasks characterized by
a progress dependency property pose significant challenges for such approaches;
in these tasks, the agent needs to initially learn the expert’s preceding behaviors
before mastering the subsequent ones. Our investigation reveals that the main
cause is that the reward signals assigned to later steps hinder the learning of ini-
tial behaviors. To address this challenge, we present a novel ILfO framework that
enables the agent to master earlier behaviors before advancing to later ones. We
introduce an Automatic Discount Scheduling (ADS) mechanism that adaptively
alters the discount factor in reinforcement learning during the training phase, pri-
oritizing earlier rewards initially and gradually engaging later rewards only when
the earlier behaviors have been mastered. Our experiments, conducted on nine
Meta-World tasks, demonstrate that our method significantly outperforms state-
of-the-art methods across all tasks, including those that are unsolvable by them.
Our code is available at https://il—-ads.github.io/.

1 INTRODUCTION

Observing and imitating others is an essential aspect of intelligence. As humans, we often learn
by watching what other people do. Similarly, robotic agents can learn new skills by watching ex-
perts and mimicking them through their observation-action pairs, a method often far more sample-
efficient than relying solely on self-guided interactions with the environment. Beyond the conven-
tional demonstrations, there is a vast repository of unlabeled video demonstration data available on
the Internet, lacking explicit information on the actions associated with each state. To utilize these
valuable resources, we direct our attention to a specific problem known as Imitation Learning from
Observation (ILfO; [Torabi et al., 2019). In this setting, agents solely have access to sequences of
demonstration states without any knowledge of the actions executed by the demonstrator.

Canonical imitation algorithms, such as behavior cloning (Bain & Sammut, [1995; Ross et al., 2011}
Daftry et al.,|2017)), can not be directly applied to ILfO, as they rely on access to the expert’s actions
for behavior recovery. To deal with ILfO problems, one prominent category of approaches involves
getting proxy rewards based on the distribution of the agent’s and the expert’s visited states (Torabi
et al.,[2018b; Yang et al.| [2019} |Lee et al., 2021; Kidambi et al., [2021} [Jaegle et al.| 2021} |Liu et al.,
2022). These approaches first derive stepwise reward signals through techniques like occupancy

*Equal Contribution. T Corresponding Author.


https://il-ads.github.io/

Published as a conference paper at ICLR 2024

Figure 1: An example of employing proxy-reward-based ILfO methods on a taskpratiress
dependencyFor the taskbasketball (a) taking only the initial part of the expert demonstration as

the imitation objective, the agent ef ciently acquires the grasping skill; (b) taking the entire expert
demonstration as the imitation objective, the agent fails to grasp the ball and instead sweeps it away.

measure matching (Ho & Ermph, 2016) or trajectory matching (Haldar |gt al., 2023a), and then
employ reinforcement learning (RL) to optimize the expected cumulative reward. However, the
performance of these methods remains unsatisfactory, particularly in challenging manipulation tasks
with high-dimensional visual observations, where agents struggle to achieve task completion despite
extensive interactions with the environment.

To understand why traditional proxy-reward-based methods fail, we conduct experiments on the
taskbasketbalfrom the Meta-World suite (Yu et al., 2020). As shown in Figure 1, a robotic agent
needs to grasp a basketball and deposit it in the basket. We rst experiment with a simpli ed setting,
which only instructs the agent to learn the expert's early behaviors of reaching for and grasping the
ball. The agent quickly acquires these skills (see Figure 1(a)), indicating that grasping the ball is not
inherently dif cult and can be learned ef ciently. However, when tasked with learning the entire ex-
pert demonstration, the same method fails to acquire the initial grasping skill and instead moves the
empty gripper directly to the basket (see Figure 1(b)). Comparing these two scenarios, we discover
that rewarding later steps in a trajectory negatively impacted the agent's ability to learn the earlier
behaviors, which resulted in dif culties in mastering subsequent actions and the overall task. This
pattern is not unique to the basketball task. We observe a similar phenomenon in many manipula-
tion tasks. All these tasks share a property: the agents must rst acquire earlier behaviors before
progressing to later ones. Our research shows that conventional ILfO approaches often struggle with
tasks characterized hyrogress dependenciegrimarily because agents fail to mimic the expert's

early behaviors. Instead, agents resort to optimizing rewards in later stages by moving to states
that appear similar to demonstrated states. However, these states differ from the demonstrated ones
because the agent has not yet completed the necessary preliminary steps. Therefore, these locally
optimal but incorrect solutions can hinder the agent's exploration of earlier critical behaviors.

Based on our previous analysis, we introduce a novel ILfO framework to handle tasks with progress
dependencies. We propose encouraging the agent to master earlier parts of demonstrated behaviors
before proceeding to subsequent ones. To achieve this, we restrict the impact of later rewards until
the agent has mastered the previous behaviors. We implement this idea in a simple yet effective
way by incorporating a dynamic scheduling mechanism for a fundamental term in RL - the discount
factor . During the initial training phase, we employ a relatively smaleading to value functions
focusing on short-term future rewards. For the initial states, these short-sighted value functions
will reduce the impact of misleading proxy rewards from the later episode stages, thus helping
the imitation of early episode behaviors. As the agent advances in the task, the discount factor
increases adaptively, allowing the agent to tackle later stages only after it has effectively learned the
earlier behaviors. This mechanism, we daltomatic Discount SchedulifgDS), is reminiscent of
Curriculum Learning (CL) introduced by Bengio et al. (2009), which structures the learning process
to increase the complexity of the training objective gradually. Experimental results demonstrate
that ADS overcomes the challenges associated with traditional proxy-reward-based methods and
surpasses the state-of-the-art in complex Meta-World tasks.
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Our contributions are summarized as follows:

» We discover that conventional ILfO algorithms struggle on tasks with progress dependency.

» We introduce a novel ILfO framework featuring an Automatic Discount Scheduling (ADS),
enabling the agent to master earlier behaviors before advancing to later ones.

* In all of the nine evaluated challenging Meta-World manipulation tasks, our innovative
approach signi cantly outperforms prior state-of-the-art ILfO methods.

2 BACKGROUND

In this section, we delve into the idea of imitation learning through proxy rewards, which is a widely
used framework to tackle the ILfO problem. Furthermore, we introduce Optimal Transport (OT),
which is a reward labeling technique employed by our method to compute the proxy rewards.

2.1 IMITATION THROUGH PROXY REWARDS

We consider agents acting within a nite-horizon Markov Decision Pro¢8s8;P;R; ;pinit; T),
whereS is the state spacé) is the action space? is the transition functionR is the reward
function, is the discount factompy;; is the initial state distribution, andl is the time horizon.

In image-based tasks, a single frame may not fully describe the environment's underlying state.
Following common practice (Mnih et al., 2013; Yarats et al., 2021), we use the stack of 3 consecutive
RGB images (denoted by observation as the approximation of the current underlying stte

We assume that a cost function over the observation spac®@ O ! R is given. This cost
function will be used in reward inferring (Section 2.2) and progress recognizing (Section 4.2).

In the context of ILfO, the environment does not provide a reward function. Instead, our goal is
to train an agent using a set Nf observation-only trajectories denoted@® = f °g\_, , which

are demonstrated by an expert. Each trajectéris composed of a sequence of observatiohs

fofgl; -

A prevalent approach to address the ILfO problem involves transforming it into a Reinforcement
Learning (RL) problem by de ning proxy rewards based on the agent's trajectand the expert
demonstrationsn‘rtgthll = f, (; D®), wheref, represents a criterion for reward assignment
(Torabi et al., 2018b; Yang et al., 2019; Lee et al., 2021; Jaegle et al., 2021; Liu et al., 2022; Huang
et al., 2023). Subsequently, RL is employed to maximize the expected discounted sum of rewards:

..y 1 #
E il (1)
t=1

2.2 REWARD LABELING VIA OPTIMAL TRANSPORT

Optimal Transport (OT; Villani et al., 2009) is an approach for measuring the distance between prob-
ability distributions. For simplicity, we clarify its de nition in the scope of ILfO. Given a prede ned
cost functionc( ; ) over the observation space, we de ne the Wasserstein distance between an agent

trajectory = fo;  ;organd an experttrajectoryf = fof; ;ofgas:
X X
W(; ©)= min c(ai;0f) (i) ) (2)
2RT T o

subjected to

X X
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(ij)= = (i;))= = 3)
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Each 2 RT T satisfying Equation 3 is called a transport plan. When a transport plan achieves the
minimization speci ed in Equation 2, it is designated as the optimal transport plan.
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We can use OT to derive a proxy reward function for the agent's trajectobet ¢ 2 D € be the
expert trajectory with minimal Wasserstein distance t@he rewardsrg/_,* are assigned by:

)@- P
r = c(o;0) ; (i) @)
j=1
Due to its practicality and ef cacy, OT has become a widely used approach for calculating rewards
(Arjovsky et al., 2017; Papagiannis & Li, 2022; Luo et al., 2023; Haldar et al., 2023a;b).

3 CHALLENGES INILFO ON TASKS WITH PROGRESSDEPENDENCY

In this section, we provide more discussion on the basketball task illustrated in Section 1. We elab-
orate on why a proxy-reward-based method (see Section 2.1) fails to solve this task, and conclude
that this phenomenon reveals a unique challenge in ILfO on tasks with progress dependency.

As shown in Figure 2(a), when learning the basketball

task with a proxy-reward-based method, the agent usu-

ally learns a plausible policy that sweeps the ball out of

the camera's view and then moves the empty gripper to

the basket. Though the agent has not successfully grasped

the ball, this policy still maximizes the sum of proxy re-

wards since it can advance to states that resemble the ex-

pert's demonstrations in subsequent actions by imitating

the gripper's moving path without the ball. While ob-

taining this sweeping policy, the agent can also explore

behaviors that successfully lift the ball, as shown in Fig-

ure 2(b). However, despite picking the ball up, the agent

usually fails to move the ball to the basket or quickliFigure 2: (a) The agent learns a subop-
drops the ball in these trajectories. Compared to ttimal policy that sweeps the ball away.
sweeping policy, the trajectory in Figure 2(b) receives(h) The agent can also collect explo-
higher proxy reward in the initial steps, but a much loweative trajectories that successfully pick
proxy reward in the later steps. These rewards causetlaball up for a certain height, but it still

RL agent to estimate a much lower value for lifting théils to acquire this skill.

ball in the initial stage than for pushing it away. Thus,

when using a usual RL algorithm, the agent will rarely explore picking the ball and get stuck in
the suboptimal sweeping policy. In summary, the proxy rewards assigned to the later steps in a tra-
jectory negatively impacted the agent's ability to learn the earlier behaviors in the basketball task,
which is in line with the observation in Figure 1(b). Similar patterns can be observed in many tasks
with progress dependency, which challenges the conventional ILfO approaches.

Remark. This challenge is highly related to the nature of imitation through proxy rewards. In usual
RL tasks with manually designed rewards, the progress dependency property will not challenge the
RL algorithm, since the manually designed rewards usually incorporate the characterization of this
property. For example, in the basketball task, a handcraft reward function only assigns positive
rewards to the states where the ball is grasped. This assignment naturally eliminates the previously
mentioned suboptimal solutions.

4 METHOD

In this paper, we aim to overcome the challenges confronted by traditional proxy-reward-based ILfO
algorithms (see Section 2.1) when tackling tasks characterized lpyabess dependengyoperty,

as discussed in Section 3. In Section 4.1, we illustrate our solution for this challenge and propose
a novel framework calledLfO with Automatic Discount SchedulifdDS). Section 4.2 further
elaborates on the design of several challenging components in this framework.

4.1 FRAMEWORK

Recall that in a task with progress dependency property, rewarding later steps in a trajectory can
negatively impact the agent's ability to learn the earlier behaviors. We posit a principle to avoid this
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