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ABSTRACT

Although reinforcement learning methods offer a powerful framework for auto-
matic skill acquisition, for practical learning-based control problems in domains
such as robotics, imitation learning often provides a more convenient and accessible
alternative. In particular, an interactive imitation learning method such as DAgger,
which queries a near-optimal expert to intervene online to collect correction data for
addressing the distributional shift challenges that afflict naive behavioral cloning,
can enjoy good performance both in theory and practice without requiring manually
specified reward functions and other components of full reinforcement learning
methods. In this paper, we explore how off-policy reinforcement learning can
enable improved performance under assumptions that are similar but potentially
even more practical than those of interactive imitation learning. Our proposed
method uses reinforcement learning with user intervention signals themselves as
rewards. This relaxes the assumption that intervening experts in interactive imita-
tion learning should be near-optimal and enables the algorithm to learn behaviors
that improve over the potential suboptimal human expert. We also provide a uni-
fied framework to analyze our RL method and DAgger; for which we present the
asymptotic analysis of the suboptimal gap for both methods as well as the non-
asymptotic sample complexity bound of our method. We then evaluate our method
on challenging high-dimensional continuous control simulation benchmarks as
well as real-world robotic vision-based manipulation tasks. The results show that it
strongly outperforms DAgger-like approaches across the different tasks, especially
when the intervening experts are suboptimal. Additional ablations also empirically
verify the proposed theoretical justification that the performance of our method is
associated with the choice of intervention model and suboptimality of the expert.
Code and videos can be found on the project website: r1if-page.github.io
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Ouyang et al., 2022). However, imita- with data collected with suboptimal human interventions.

tion learning methods are still often preferred in some domains, such as robotics, because they are
often more convenient, accessible, and easier to use. An often-cited weakness of naive behavioral
cloning is the compounding distributional shift induced by accumulating errors when deploying a
learned policy. Interactive imitation learning methods, like the DAgger family of algorithms (Ross
etal., 2011; Kelly et al., 2018; Hoque et al., 2022; Menda et al., 2018; Ross & Bagnell, 2014), address
this issue by querying expert actions online and retraining the model iteratively in a supervised learn-
ing fashion. This performs well in practice, and in theory reduces the quadratic regret of imitation
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learning methods to be linear in the episode horizon. One particularly practical instantiation of this
idea involves a human expert observing a learned policy, and intervening to poorigetions

(short demonstrations) when the policy exhibits undesirable behavior (Kelly et al., 2018; Spencer
et al., 2020). However, such interactive imitation learning methods still rely on interventions that
are near-optimal, and offer no means to improve over the performance of the expert. Real human
demonstrators are rarely optimal, and in domains such as robotics, teleoperation often does not afford
the same degree of grace and dexterity as a highly tuned optimal controller. Can we combine the best
parts of reinforcement learning and interactive imitation learning, combining the reward-maximizing
behavior of RL, which can improve over the best available human behavior, with the accessible
assumptions of interactive imitation learning?

The key insight we leverage in this work is that the decision to intervene during an interactive
imitation episode itself can provide a reward signal for reinforcement learning, allowing us to
instantiate RL methods that operate under similar but potentially weaker assumptions as interactive
imitation methods, learning from human interventions but not assuming that such interventions are
optimal. Intuitively, for many problems, it's easier to detect a mistake than it is to optimally correct it.
Imagine an autonomous driving scenario with a safety driver. While the driver could intervene when
the car deviates from good driving behavior, such interventions themselves might often be relatively
uninformative and suboptimal — for example, if the human driver intervenes right before a collision
by slamming on the breaks, simply teaching the policy to slam on the breaks is probably not the best
solution, as it would be much better for the policy to learn to avoid the situations that necessitated
such an intervention in the rst place.

Motivated by this observation, we propose a method that runs RL on data collected from DAgger-style
interventions, where a human operator observes the policy's behavior and intervensshajptimal
corrections when the policy deviates from optimal behavior. Our method labels the action that
leads to an intervention with a negative reward and then uses RL to minimize the occurrence of
intervention by maximizing these reward signals. We call our meRldé: Reinforcement Learning

via Intervention Feedback. This offers a convenient mechanism to utilize non-expert interventions:
the nal performance of the policy would not be bottlenecked by the suboptimality of the intervening
expert, but rather the policy would improve to more optimally avoid interventions happening at all. Of
course, the particular intervention strategy in uences the behavior of such a method, and we require
some additional assumptions on when interventions occur. We formalize several such assumptions
and evaluate their effect on performance, nding that several reasonable strategies for seleeting

to intervene lead to good performance. We also provide a theoretical justi cation for the proposed
method, via both an asymptotic analysis of the suboptimality gap that generalizes the theoretical
framework of DAgger (Ross et al., 2011), and non-asymptotic analysis on learning@imal

policy with nite samples using the intervention rewards.

Our main contribution is a practical RL algorithm that can be used under assumptions that closely
resemble interactive imitation learning, without requiring ground truth reward signals. We provide a
theoretical analysis that studies under which conditions we expect this method to outperform DAgger-
style interactive imitation techniques. Empirically, we evaluate our approach in comparison to DAgger
on a variety of challenging continuous control tasks, such as the Adroit dexterous manipulation
and Gym locomotion environments (Fu et al., 2020a). Our empirical results show that our method
is on averag@-3x better than best-performing DAgger variants, and this difference is much more
pronounced as the suboptimality gap expands. We also demonstrate our method scales to a challenging
real-world robotic task involving an actual human providing feedback. Our empirical results are
well justi ed by our theory: suboptimal experts can in principle deteriorate the performance on both
imitation learning and RL, but RL is generally more powerful than imitation learning. This is because
RL can still recover the optimal policy? with additional samples, while imitation learning methods
perform poorly due to the introduced suboptimality.

2 REeLATED WORK

Interactive imitation learning. Imitation learning extracts policies from static of ine datasets

via supervised learning (Billard et al., 2008; Argall et al., 2009; Ho & Ermon, 2016; Osa et al.,
2018; Laskey et al., 2017). Deploying such policies incurs distributional shift, because the states
seen at deployment-time differ from those seen in training when the learned policy doesn't perfectly
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match the expert, potentially leading to poor results (Ross & Bagnell, 2010; Ross et al., 2011).
Interactive imitation learning leverages additional online human interventions from states visited by
the learned policy to address this issue (Hoque et al., 2022; Kelly et al., 2018; Hoque et al., 2021;
Menda et al., 2018; Ross et al., 2011). These methods generally assume that the expert interventions
are near-optimal. Our method relaxes this assumption, by using RL to train on data collected in this
interactive fashion, with rewards derived from the user's choice of when to intervene.

Imitation learning with reinforcement learning.  Another line of related work uses RL to improve

on suboptimal human demonstrations (Vecerik et al., 2017; Sun et al., 2017; Cheng et al., 2018;
Sun et al., 2018; Nair et al., 2018; Ainsworth et al., 2019; Rajeswaran et al., 2018; Kidambi et al.,
2020; Luo et al., 2021; Xie et al., 2022; Xue et al., 2023; Song et al., 2022; Ball et al., 2023). These
methods typically initialize the RL replay buffer with human demonstrations, and then improve
upon those human demonstrations by running RL with the task reward. In contrast to these methods,
our approach does not require any task reward, but rather recovers a reward signal implicitly from
intervention feedback. Some works use RL with interventions but assume the expert is optimal (Li
et al., 2022b), which our method does not assume. Other works incorporate example high-reward
states speci ed by a human user in place of demonstrations (Reddy et al., 2019; Eysenbach et al.,
2021). While this is related to our approach of assigning negative rewards at intervention states, our
interventions are collected interactively during execution under assumptions that match interactive
imitation learning, rather than being provided up-front. Closely related to our approach, Kahn et al.
(2020) proposed a robotic navigation system that incorpodisemgagemerfeedback, where a

model is trained to predict states where a user will halt the robot, and then avoids those states. Our
framework is model-free and operates under general interactive imitation assumptions, and utilizes
more standard DAgger-style interventions rather than just disengagement signals.

3 PRELIMINARIES AND PROBLEM SETUP

In this section, we set up the interactive imitation learning and RL formalism, and then introduce our
problem statement.

Behavioral cloning and interactive imitation learning. The most basic form of imitation
learning is behavioral cloning, which simply trains a politfajs) on a dataset of demonstra-
tions D, conventionally assumed to be produced by an optimal expert poli¢gjs), with

d -(s) as its state marginal distribution. Then, for eacha) 2 D, behavioral cloning

assumes tias d-(s) and a ?(ajs). Behavioral cloning then chooses =
argmin , sazp (S:& ), where'(s;a; ) is some loss function, such as the negative log-
likelihood (i.e.,"(s;a; )= log (ajs)). Naive behavioral cloning is known to accumulate re-

gret quadratically in the time horizod : when” differs from ? even by a small amount, er-
roneous actions will lead to distributional shift in the visited states, which in turn will lead to
larger errors (Ross et al., 2011). Interactive imitation learning methods, such as DAgger and its
variants (Ross et al., 2011; Ross & Bagnell,

2010; Kelly et al., 2018; Hoque et al., 2022 - ——
Menda et al.. 2018; Hoque et al., 2021), pra Igorl_thm 1 Interactive imitation

pose to address this problem, reducing the erfdequire: , ¥, D

to belinear in the horizon by gathering addi- 1: for trial i =1toN do .
tional training data by running the learned policy2: ~ Train on D via supervised learning
A, essentially adding new samples a) where 3:  for timestep  t=1toT do

s da(s),anda  ?(ajs). Different inter- 4 if ©® intervenes at then
active imitation learning methods prescribe dif->: appendsi;a; ) toD;
ferent strategies for adding such labels. Classi€: end if

DAgger (Ross et al., 2011) ruisand then asks 7:  end for

a human expert to relabel the resulting state§ D D[ Di

witha  ?(ajs). This is often unnatural in 9: end for

time-sensitive control settings, such as robotics

and driving, and a more user-friendly alternative such as HG-DAgger and its variants (Kelly et al.,
2018) instead allows a human expertritervene taking over control fronf* and overriding it with

an expert action. We illustrate this in Algorithm 1.
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Although this changes the state distribution, the essential idea of the method (and its regret bound)
remain the same. However, as we will analyze further in Sec. 6, when the expert actions$ are
optimal (i.e., they come from a policy®*® that is somewhat worse tharf), the regret gap for
DAgger-like methods expands. Our aim in this work will be to apply RL to this setting to address
this issue, potentially even outperforming the expert.

Reinforcement learning. RL algorithms aim to learn optimal policies in Markov decision pro-
cesses (MDPs). We will use an in nite-horizon formulation in our analysis. The MDP is de-

ned asM = fS;A;P;r, g M comprises:S, a state space of cardinality, A, an ac-
tion space with sizeA, P : S A ! (' S), representing the transition probability of the
MDP, r:S A! [0;1] is the reward function, and 2 (0;1) represents the discount fac-
tor. Weuse : S ! ( A). We introduce thepalue functiod (s) and the Q-function

Q (s;a) associated with policy ag VvV (s) = E[ tlzo r(si;a)jso=s; 1;8s 2 S and
8(s;a) 2 S A :Q (s;a) = EJ tlzo tr(st;a)jSo = S;a0 = a; ], as is standard in rein-
forcement learning analysis. We assume the initial state distribution is given &y , and
2 ( S) and we slightly abuse the notation by usiig( ) to denoteEs V (s). The goal
of RL is to learn an optimal policy ” in the policy class that maximizes the expected cumu-
lative reward within the horizoM: ? = argmax , V ( ) (Bertsekas, 2019). Without loss
of generality, we assume the optimal policy to be deterministioc(Ber?tsekas, 2019; Li et al.,
2022a). We sligptly abuse the notation by using Q? to denotev ";Q . Additionally, we use
d(s)=(1 ) 1= ‘P (st = sjso ), to denote the state occupancy distribution under policy
on the initial state distributiogg . We also slightly abuse the notation by usthg2 RS to
denote a vector, whose entries drés).

Problem setup. Our aim will be to develop a reinforcement learning algorithm that operates under
assumptions that resemble interactive imitation learning, where the algorithm is not provided with
a reward function, but instead receives demonstrations followed by interactive interventions, as
discussed above. We will not assume that the actions in the interventions themselves are optimal, but
will make an additional mild assumption that the choicevbEnto intervene itself carries valuable
information. We will discuss the speci ¢ assumption used in our analysis in Section 6, and we utilize
several intervention strategies in our experiments, but intuitively we assume that the expert is more
likely to intervene wher takes a bad action. This in principle can provide an RL algorithm with

a signal to alter its behavior, as it suggests that the steps leading up to this intervention deviated
signi cantly from optimal behavior. Thus, we will aim to relax the strong assumption that the expert

is optimal in exchange for the more mild and arguably natural assumption that the egpeits of

when to interveneorrelates with the suboptimality of the learned policy.

4 INTERACTIVE IMITATION LEARNING AS REINFORCEMENTLEARNING

Thg key observ_atlo.n (_)f thls paper is that, .undﬂlgorithm > RLIE
typical interactive imitation learning settings,

theintervention signal alonean provide useful Require: , ®®, D
information for RL to optimize against, without 1: for trial i =1 toN do
assuming that the expert demonstrator actually:  Train on D via reinforcement learning.
provides optimal actions. 3: fortimestep t=1toTdo

. .4 if P intervenes at then
Our method, whlch we (efer to as RLIF (rein-g. label(s; 1;a 1:St) with -1 reward,
forcement learning from intervention feedback), append tD;
follows a similar outline as Algorithm 1, but . else
using remfprcement Iearr_nng in place of super-. label(s: 1:a 1:St) with O reward,
vised learning. The generic form of our method append td;

is provided in Algorithm 2. On Line 2, the pol- g. end if

icy is trained on the aggregated dataBetising g.  and for

RL, with rewards derived from interventions;o. p p [ D

The reward is simply set to O for any transition 1. and for

where the expert does not intervene, and -1 fer

the previous transition where an expert inter-

venes. After an intervention, the expert can also optionally take over the control for a few steps;
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after which it will be released to the RL agent. This way, an expert can also intervene multiple times
during one episode. All transitions are added to the dafasabt just those that contain the expert
reward; in practice, we can optionally initializZ with a small amount of of ine data to warm-start

the process. An off-policy RL algorithm can utilize all of the data and can make use of the reward
labels to avoid situations that cause interventions. This approach has a number of bene ts: unlike
RL, it doesn't require the true task reward to be speci ed, and unlike interactive imitation learning,
it does not require the expert interventions to contain optimal actions, though it does require the
choiceof when to intervene to correlate with the suboptimality of the policy (as we will discuss
later). Intuitively, we expect it to be less of a burden for experisry point out which states are
undesirable rather than actuadlgt optimallyin those states.

Practical implementation. To instantiate Algorithm 2 in a practical deep RL framework, it is
important to choose the RL algorithm carefully. The data available for RL consists of a combination
of on-policy samples and potentially suboptimal near-expert interventions, which necessitates using
a suitable off-policy RL algorithm that can incorporate prior (near-expert) data easily but also can
ef ciently improve with online experience. While a variety of algorithms designed for online RL with

of ine data could be suitable (Song et al., 2022; Lee et al., 2022; Nakamoto et al., 2023), we adopt
the recently proposed RLPD algorithm (Ball et al., 2023), which has shown compelling results on
sample-ef cient robotic learning. RLPD is an off-policy actor-critic reinforcement learning algorithm
that builds on soft-actor critic (Haarnoja et al., 2018), but makes some key modi cations to satisfy
the desiderata above such as a high update-to-data ratio, layer-norm regularization during training,
and using ensembles of value functions, which make it more suitable for incorporating of ine data
into online RL. For further details on this method, we refer readers to prior work (Ball et al., 2023),
though we emphasize that our method is generic and in principle could be implemented relatively
easily on top of a variety of RL algorithms. The RL algorithm itself is not actually modi ed, and
our method can be viewed as a meta-algorithm that simply changes the dataset on which the RL
algorithm operates.

5 EXPERIMENTS

Since our method operates under standard interactive imitation learning assumptions, our experiments
aim to compare RLIF to DAgger under different types of suboptimal experts and intervention modes.
We seek to answer the following questions: (1) Are the intervention rewards suf cient signal for RL to
learn effective policies? (2) How well does our method perform compared to DAgger, especially with
suboptimal experts? (3) What are the implications of different intervention strategies on empirical
performance?

5.1 INTERVENTION STRATEGIES

In order to learn from interventions, we need the interven-
ing experts to convey useful information about the task
through their decision abowthento intervene. Since
real human experts are likely to be imperfect in making
this decision, we study a variety of intervention strate-
gies in simulation empirically to validate the stability of
our method with respect to this assumption. The baseline
strategy, which we calRandom Intervention, simply
intervenes uniformly at random, with equal probability
at every step. The more intelligent modéslue-Based Figure 2: A human operator supervises
Intervention, strategy assumes the expert intervenes WB '

iy . ; licy training and provides intervention
probability when there is a gapbetween actions f,gfomwith a 3D mouse.

the expert and agent w.r.t. a reference value fundion .

This model aims to capture an uncertain and stochastic expert, who might have a particular policy
&P that they use to choose actions (which could be highly suboptimal), aegparatevalue

functionQ " with its corresponding policy ' that they use to determine if the robot is doing well

or not, which they use to determine when to intervene. Note tffaimight be much better tharf*®

— for example, a human expert might correctly determine the robot is choosing poor actions for the
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