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Abstract

While reinforcement learning (RL) has achieved
great success in acquiring complex skills solely
from environmental interactions, it assumes that
resets to the initial state are readily available
at the end of each episode. Such an assump-
tion hinders the autonomous learning of embod-
ied agents due to the time-consuming and cum-
bersome workarounds for resetting in the physi-
cal world. Hence, there has been a growing in-
terest in autonomous RL (ARL) methods that
are capable of learning from non-episodic in-
teractions. However, existing works on ARL
are limited by their reliance on prior data and
are unable to learn in environments where task-
relevant interactions are sparse. In contrast, we
propose a demonstration-free ARL algorithm via
Implicit and Bi-directional Curriculum (IBC).
With an auxiliary agent that is conditionally acti-
vated upon learning progress and a bidirectional
goal curriculum based on optimal transport, our
method outperforms previous methods, even the
ones that leverage demonstrations.

1. Introduction

Reinforcement learning (RL) has enabled interactive agents
to learn complex skills in various domains with little to no
prior knowledge (Andrychowicz et al., 2020; Baker et al.,
2019; Vinyals et al., 2019; Degrave et al., 2022). How-
ever, existing algorithms assume an episodic setting where
each trial begins from a state sampled from some fixed ini-
tial state distribution, and they are not designed to learn
autonomously in the real world which involves continual,
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uninterrupted interaction. The challenge of applying RL
in the real world often arises in robotics where the prac-
titioner has to bridge the gap between the tools available
(episodic RL) and the non-episodic nature of real-world
learning. In most cases, a multitude of time-consuming and
costly external interventions such as human supervision,
task-specific scripted policies, and custom experimental se-
tups are deployed to reset the environment after each trial
(Kumar et al., 2016; Ha et al., 2020; Nagabandi et al., 2020).
These challenges should be addressed from the algorithmic
level by developing RL agents that can learn autonomously
with minimal interventions.

Previous works on RL agents in the real world primarily
involve a mechanism to handle resets and may leverage
prior data along with additional consideration for reward
assignment. Reset mechanisms that prevent interventions by
requesting a reset when necessary (Eysenbach et al., 2017;
Kim et al., 2022) are only viable if manual resets are readily
available. Under the non-episodic autonomous RL (ARL)
framework (Sharma et al., 2021b), however, manual resets
are not available on-demand and the agent must learn from
continual interactions with no interventions. To overcome
the challenge of the non-episodic setting, many previous
methods rely on some form of prior data with varying de-
grees of privilege, ranging from the expert or sub-optimal
trajectories (Sharma et al., 2022; Chen et al., 2022) to exam-
ples of states of interest (Zhu et al., 2020). However, a truly
autonomous agent should be able to learn from scratch with-
out external interventions and prior data. To that end, we
propose an ARL algorithm that can train a goal-conditioned
RL policy without demonstrations under the non-episodic,
sparse reward setting.

It has been well established that existing RL algorithms
do not perform well in the non-episodic setting (Co-Reyes
et al., 2020) since the agent is unable to repeatedly practice
for the evaluation task. A common framework for extending
conventional RL to the non-episodic setting is to alternate
between multiple objectives within one continual interac-
tion, effectively dividing it into multiple episodes. Typi-
cally, the forward episode attempts the original objective
and the backward episode follows an auxiliary objective
that provides an anchor for the forward episode with a good
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Figure 1. IBC proposes a bidirectional curriculum for both forward
and backward episodes. The auxiliary agent is no longer activated
after the agent of interest becomes capable.

initialization. An obvious choice for the auxiliary objective
is to return to the initial state distribution (Eysenbach et al.,
2017). However, this is not always the optimal choice as it
wastes valuable transitions on returning all the way back to
the initial state. Instead, it can be set to match other distribu-
tions such as the states observed in expert demonstrations,
(Sharma et al., 2022) or maximize the state diversity (Zhu
et al., 2020) for better sample efficiency or robustness.

We consider a conditionally activated auxiliary agent that
returns to the initial state based on our observation that pro-
viding a strong anchor is crucial, especially if the task of
interest involves an interaction that is sparse and unlikely
to occur by chance in the non-episodic setting. Under the
proposed method, the agent of interest is initially dependent
on the auxiliary agent but becomes less reliant on it as train-
ing progresses in an implicit curriculum. When the agent
of interest becomes capable, forward episodes can be rolled
out consecutively without the auxiliary agent intervening
and more transitions are devoted to training the agent of
interest leading to better sample efficiency. While the auxil-
iary agent initially provides a strong foundation, additional
guidance is needed to successfully train the agent of interest.
Since the agent of interest is goal-conditioned and must
learn without prior data, we generate curriculum goals that
do not rely on demonstrations or predetermined curriculum.
Specifically, we propose a bidirectional goal curriculum
scheme to simultaneously select appropriate goals for the
forward (agent of interest) and backward (auxiliary agent)
episodes. To do so, we employ a curriculum based on the
optimal transport between the desired goals and the can-
didate states sampled from past trajectories in the replay
buffer to jointly optimize over the forward and backward

curriculum goals.

The main contribution of our work is in proposing a
demonstration-free ARL algorithm via Implicit and Bi-
directional Curriculum (IBC). Evaluations in established
ARL benchmarks and in RL environments modified for
the ARL setting show that our method outperforms ex-
isting methods. Further analyses and ablation studies re-
veal that the proposed implicit curriculum (auxiliary agent)
and explicit curriculum (bidirectional goal curriculum) are
well-formed and necessary to successfully learn in the
demonstration-free, non-episodic setting. To summarize,
the key takeaways from our work are as follows:

¢ To the best of our knowledge, IBC is the first algorithm
for non-episodic RL that can consistently learn with-
out manual resets and demonstrations by leveraging
curriculum learning.

* We propose a conditionally activated auxiliary agent
and a bidirectional goal curriculum based on optimal
transport to guide the agent of interest.

¢ In various environments, IBC achieves state-of-the-art
performance against previous methods, including even
the ones that leverage prior data.

2. Related Works

Autonomy in RL has gained much interest as RL is in-
creasingly applied to various real-world robotics applica-
tions. Many practical applications adopted task-specific
workarounds to implement resets in the real world with
varying levels of automation — from human supervision and
custom experiment setups (Yahya et al., 2017; Zeng et al.,
2020) to scripted actions and pre-trained networks (Sharma
et al., 2020; Thananjeyan et al., 2021). Since then, several
algorithms for reset-free RL have been proposed, drawing
inspiration from various topics in RL such as multi-task
RL (Gupta et al., 2021; Walke et al., 2021), multi-stage RL
(Smith et al., 2020; Xu et al., 2022), curriculum learning
(Sharma et al., 2021a), and unsupervised skill discovery
(Xu et al., 2020). Recently, the autonomous RL (ARL)
framework formally defined the non-episodic RL setting.
Several works have sought to address some variation of
the ARL problem such as leveraging prior data or human
preference to enable single-life and lifelong learning (Chen
et al., 2022; Lu et al., 2020) or to handle irreversibility in the
environment (Xie et al., 2022). However, we notice a lack
of truly autonomous agents in existing methods and propose
an ARL algorithm for demonstration-free, non-episodic RL
in ergodic environments.

A common framework for replacing manual resets is to al-
ternate between forward and backward episodes (Han et al.,
2015). Not all such methods are capable of non-episodic RL
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as some of them are not entirely reset-free and instead focus the optimal evaluation policy;( js).

on reducing manual resets through backward episodes (E¥—

senbach et al., 2017; Kim et al., 2022). Reset-free methodsypical Implementations of RL algorithms (episodic) in-

that learn a separate policy to reset to diverse initial state\éOIVe thousands or millions of samplirsg o(s), which

(Zhu et al., 2020; Xu et al., 2020) are only viable in environ-reqUIre manual resets at the end of.ever.y eplso'de'.. However,
) . . under the ARL framework (non-episodic), the initial state
ments where task-relevant interactions are likely to occur . L
) . : S o(s) is sampled only once at the beginning and the
by chance and either require prior data such as states of ; . . .
. . . ... agent interacts with the environment through the actans
interest or are geared towards acquiring behavior primitives etermined by the alaorith until 1 1
for downstream tasks. MEDAL (Sharma et al., 2022) ancj‘:I y 9
VaPRL (Sharma et al., 2021a) are directly comparable to ouARL de nes theDeployed Policy Evaluation metrigvhich
method, but MEDAL returns to the state distribution of the measures how fast the policy improves in terms of the
optimal policy instead of the initial state which requires ex-evaluation performance for a given task:
pert demonstrations. While VaPRL can technically operate % h i
without demonstrations, we have found that removing them D(A) = J( ) J(y) (1)
results in signi cant performance degradation in practice. t=0
. . . . P

_Th|s is likely _due tq the subgoal currl_cula scheme proposeqlvhereJ( )= E . pl 3.20 tr(s:a)], and s the
in VaPRL which relies on demonstrations both for gathering__.. . . : L

. : . ptimal policy. The goal of algorithrA is to minimize
good goal candidates and in calculating the cost for the go ' .

(A) by learning as fast as possible.

selection process.

Curriculum learning has been deployed in RL to improve3.2. Surrogate Objective for Curriculum-based RL
sample ef ciency, encourage exploration, and solve complex

multi-stage tasks (Narvekar et al., 2020). Such strengths ar\,é/e .replace th(.e.original RL'objective with a s.urroga'Fe 0b-
also desirable in the non-episodic setting. Curriculum in©Ctive to be utilized for curriculum generation in Section 4
episodic RL often involves distribution matching to some21d describe itin detail. L&t be the joint distribution of
desired task distribution (Ren et al., 2019: Klink et al., 2022;50Me initial stat&, and goaly. Then, the original objective
Huang et al., 2022; Cho et al., 2023) and task dif culty (Flo-MaX J( ) can be represented as,

rensa et al., 2018; Sukhbaatar et al., 2017; Portelas et al., maxV (T):= E_ [V (so:0)] 2)
2020; Jiang et al., 2021). However, these methods are not (s0:@) T

designed for the non-episodic setting. To address this, WghereV (so; g) is the goal-conditioned value function.

propose an auxiliary agent and bidirectional goal curricu- ) . -
lum to incorporate both task dif culty and task distribution ©Ur @Pproach relies on the following generalizability con-

matching. The auxiliary agent gradually fades away in arfition (Florensa et al., 2018; Luo et al., 2018; Asadi et al.,
implicit curriculum conditioned on the learning progress 2018: Ren etal., 2019) that is characterized by the Lipschitz
(success rate) of the agent of interest. To apply goal cufPntinuity-based assumption:

riculum in the non-episodic setting, we generate curriculum iV (TY Vv (T)] L D(T:;TY (3)
goals not only for the task goal (forward episode) but also

for the initial state (backward episode) based on the Wassefthere L is the Lipschitz Oconstan_t an®(T;79 = _
stein distance metric. inf 5 (1.79(E [d((s0;9); (s8;@9)]) is the Wasserstein
distance based on the distance metd(ic ). ( T;T9 de-
. notes the set of all possible transport plans
3. Preliminary
Under Eq (3), optimizing Eq (2) can be relaxed into the

3.1. Autonomous Reinforcement Learning following lower-bound maximization,

. . . i
We assume an ergodic environment for the demonstration- max V (T) L D(T:T) (4)
free, non-episodic setting, similar to many previous works T; ’

on autonomous RL (ARL). We consider the Markov de'where(so; g) T isthe joint distribution of the target

cision process (MDPM = (S;GA;Pir ; o), where  jpjtig| states, and target goal stagg . Intuitively, it maxi-
S denotes the state spad,the goal spaceA the ac-  mjzes the policy performance and closenesE towhich

tion spacep (s}s; a) the transition dynamics, the dis-  yegyjts in a task curriculum with increasing dif culty.
count factor, and ¢ the initial state distribution of the

evaluation setting. The learning algorithdnis de ned hod
asA :fsj;a;r;s+1 g.t:0 7' fa; t(js)g, which maps 4. Metho

the collected data until timeto an actiore, to be applied  £or aruly autonomous RL without external interventions
during the non-episodic training and its current best guesgnq human supervision, we introduce 1) a conditionally

3
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Figure 3.Visualization of B(s) at various timesteps. As training
progresses, the initial state distribution of the forward agé(u;)
gradually shifts from o(s) t0 tar (S).

In practice, it suf ces for 4 (), which is only used for
bidirectional curriculum and not for RL, to contain a min-
imal number of key points that roughly outline the task to
be adequate for the goal curriculum generation. This is be-
cause the curriculum goals effectively “ Il in the blanks” by
Figure 2.Overview of the proposed method, IBC. proposing past states from the replay buffer that are close
to o (S). Typically, specifying i (S) requires only a
handful of samples ( 10) from o(S) andgevas cOmbined
activated auxiliary agent ) that aids the forward agent to approximate (s). For some tasks, it suf ces to specify
( ) and 2) a bidirectional curriculum generation process for . (s) with a single example fromg(s) andgeva €ach.
both forward and auxiliary agents that enables non-episodignlike previous ARL methods, we do not require demon-
RL without demonstrations via calibrated guidance. strations with thousands of transitions or access to the expert

policy.

Until now, we have considered the setting whefehas
During non-episodic training, we alternate between the twaconverged and is fully capable. However, most of the roll-
agents such that the auxiliary agent guides the forward agemuts by ; before convergence will lead the agent to an
only when necessary. Speci cally, we conditionally activate arbitrary state rather thagy, , leading to highly-varying
the auxiliary agent when the forward agent has failed atnitial states for the next rollout which results in unstable
the given goal state such that the auxiliary agent graduallfearning. For this reason, we need an auxiliary agent that
disappears as the forward agent improves which results iprovides an anchor and guides the forward agent. More
better sample ef ciency. Let us consider the hypotheticalprecisely, the auxiliary agent tries to bring the forward agent
setting where the forward agent is fully capable and theback to the set of target initial states  o.tar (S). Even
auxiliary agent does not intervene at all. Under this settingthough o (S) can be an arbitrary set of states that are
the forward agent repeatedly attempts its target goal statasseful for the repeated practice of the forward agent, we
Sy tar (S) without resets. Thus, the agent is no longerset (.5 (S) to include the environmental initial state dis-
restricted by ¢(s) unlike in episodic settings and we can tribution o(s). This is because providing a strong anchor
consider a better initial state distribution by appropriatelyis crucial in practice and the evaluation will be performed
designing tr (S). from o(s).

4.1. Non-Episodic RL with an Auxiliary Agent

Interestingly, a previous work (Kakade & Langford, 2002) While the proposed auxiliary agent resembles the standard
provides theoretical grounds thaj(s) close to (s) en- backward agent from previous literature, there are two key
ables ef cient training in RL, where (s) denotes the state differences. First, the auxiliary agent is activated only when
marginal distribution of the optimal policy . If we set the forward agent fails at the given curriculum goal such
tar (S) to be a subset of (s) from the optimal policy that that the initial state for the forward ager{)t(s) gradually
achieves the evaluation gag,o , We can approximately evolves from o(S) to o.tar (S) in @an implicit curriculum
satisfy this ideal initial state distribution. Note that the targetas ¢ improves (Figure 3). This is by design such that
goalsy achieved by the forward agent policy from the  the forward agent approximately satis es the theoretically-
previous rollout becomes the initial state for the next rolloutgrounded ideal initial state condition at convergence. Sec-
ond, the auxiliary agent does not directly return §qar (S)
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which encompasseg(s), but to the intermediate goal for where () is a mapping function that abstracts the state
S, obtained from the bidirectional goal curriculum. Thus,space into the goal space. To solve Eq (5), we iteratively
the goals proposed to the auxiliary agent are more diversepdatel and policies s ; 5 until ; achieves a desirable

than the typical backward agent. evaluation performance. The policy optimization is simply
achieved by applying off-the-shelf RL algorithms such as
Algorithm 1 IBC SAC (Haarnoja et al., 2018). The optimization Dfis

de ned by the Wasserstein Barycenter problem augmented

. . f a
L: Input: P, P B, 1,Q " Ba a,Q with a value bias term.

2:s  os) byenvireset (), setOtoff g
O denotes agent selectioff (g:forward,f ag:auxiliary)  Inspired by Ren et al. (2019), we enfor€eandT to be

3: while not donedo asetofk particles[Pj=jP j= K)where(so;g)’ P,

4:  getcurriculum goalo P and(sy; (sq))! P, rather than parameterizing their
5:  while until (reachgo or max episode stepsp distribution. Then, to address the Wasserstein Barycenter
6: a o(isi%) problem (Eq (5)) in the combinatorial setting, we assign
7: O P (sYs;a);r  r(s;a;mo) candidates foP to P via the following bipartite matching

8 Bo B ol (sig;a&rs? problem:

9: update o;Q ©

10: s s° _ X N

11:  end while L W (SoiSg ) ©6)
12:  for once evenN iterationdo ! (soi8g )’

13: updateP according to Eq (4) by solving Eq (6)

wherew( ; ) becomes
14: end for ()

15: if O wasfagthensetOtoffg
16: elseif ¢ succeedethen keepO asff g P i .

17:  elsesetO tofag W (SoiSg ) i ' = cC also’)  also)
18: end while

. . . 1 . .
tminoi(sg)  w(s) , oV U(ser 1 (s)
4.2. Bidirectional Curriculum Generation ™

While our non-episodic training process involving an aux-When we de ne the distance metri((s; g); (s ) from
iliary agent, oar (S), and wr (S) approximately satises EQ (3) ack a(s)  a(sYk, + kg g%, (cis a hyperpa-
the ideal initial state condition, it might not be suf cient rameter). With the costs de ned according to Eq (7), we
for autonomous training in environments where target state§an construct a bipartite grai@(fV a; Vg, E). LetVa
are dif cult to be achieved from scratch. Thus, we need tobe the set of nodes representing candidate®fandV ,
nd intermediate goals that can guide the learning of thebe the set of nodes fd . The weights of the edges are
agent. To nd such goals without relying on demonstrationsde ned asE(va;vp) =  W(Va; Vb), Wherev, 2 V5 and
the candidates must be obtained from past trajectories withp 2 V b.

highly varying initial states due to non-episodic training. We 145 solve the bipartite matching problem, the Minimum Cost

propose a bidirectional goal curriculum based on the SUMQy aximum Elow algorithm is utilized to nd K edges with
gate problem (Eq (4)) for both forward and auxiliary agentsy o minimum combined cost of connectivy and V

without relying on demonstrations in the non-episodic Set(Ahuja et al., 1993). The resultirg forward curriculum

ting. goals will be proposed towards a region of the state space
For autonomous curriculum generation, we sample the cagonsidered to be close & wr (S) and within the
didates forT from past states in the replay bufBr To  capability of the forward agent as indicated by the value
prevent a degenerate solution in the curriculum selectioias term. Similarly, thé auxiliary curriculum goals will
process, a diversity constraint is incorporated such that fope proposed towards a region considered to be close to
every trajectory = (So;::;St,, )2 B,atmostonestate So  otar (S).

can be chosen fof . Then, Eq (4) is transformed as follows,

h i 5. Experiment
max V f(T) L D(T;T) . . _
0T We include six sparse reward environments to evaluate
3 1[(so; 1 (5)2T] L soist2 ;8 2B our method. Two environments — Tabletop Manipulation,
¢ Sawyer Door — are from established ARL benchmark, EARL

(5) (Sharmaetal., 2021b), and the remaining four environments
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Table 1.Conceptual comparison between our work and baseline algorithms.

Demo-free Curriculum Agent Con guration Backward Towards
oracle RL 7 single (SAC) N/A
R3L 7 forward (VICE, Fu et al. (2018)) & backward (RND, Burda et al. (2018)) hiés) for diverse states
VaPRL 7 backward subgoal only«() single (SAC) o(s)
MEDAL 7 7 forward (SAC) & backward (VICE with (s)) (s) from expert demos
IBC(ours) both forward & backwardx ) dual (forward & auxiliary) single as training proceeds (SAC) tar (S) (@ subset of (s))
(a) Fetch Pick&Place (b) Fetch Push (c) Fetch Reach
(d) Sawyer Door (e) Tabletop Manipulation (f) Point-U-Maze

Figure 4.Comparison of evaluation success rates of various algorithms. Shading indicates standard deviation across 5 seeds.

— Fetch environments (Plappert et al., 2018), Point-U-Mazest al., 2018) in an episodic setting with goal relabeling
— are modi ed versions of existing MuJoCo-based OpenAltechnique (Andrychowicz et al., 2017) common for sparse
Gym environments (Todorov et al., 2012; Brockman et al.reward environments.

2016) for the ARL setting. These environments represen.ﬁ.here exist other ARL methods such as R3L (Zhu et al,

a m|>_<ture of rqbqﬂc mampulaﬂqn and locomotion .ta5k§'2020) but we did not include them as they are already out-

Detailed descriptions of the environments are provided in .

Appendix A performed by VgPRL and MEDAL. We summarize _the con-
’ ceptual comparison between our method and previous ARL

We compare with other previous methods designed for théaselines in Table 1.

ARL framework, which can be summarized as follows:

MEDAL (Sharma et al., 2022) — a backward agent that min2-1- Results and Analyses

imizes the distance between its state marginal distributiogve follow the evaluation setting similar to the EARL bench-
and the expert state distribution. mark (Sharma et al., 2021b). Speci cally, the agent inter-

VaPRL (Sharma et al., 2021a) — value-based subgoal cufcts with the environment after initially being spawned at
ricula towards the initial state distribution(s) during the S0 o(s) and occasionally being reset o(8)
backward episode; amenable to demonstration-free settingfter hundreds of thousands of steps. Since we focus on

but reports on the version with demonstration data. minimizing the deployed policy evaluation metria(A),
_ ~we report onJ( ) in 10k training step intervals by av-
oracle RL — a standard RL baseline such as SAC (Haarnojaraging returns from the policy over multiple evaluation



Demonstration-free Autonomous Reinforcement Learning via Implicit and Bidirectional Curriculum

Figure 5.Visualization of the curriculum goals and their average normalized distance to assigned target goals (Left: Fetch Pick&Place,
Right: Tabletop Manipulation). The red and blue dots indicate the curriculum goals for the forward and auxiliary agents, respectively.
Note that the exact positions of the robots and objects are meaningless; these are just rendered from their default states.

episodes. The code implementation of IBC and the instruc-
tions for reproducing the main result is availablétps:
/[github.com/snu-larr/ibc_official

Evaluation results. As shown in Figure 4, the proposed

method achieves state-of-the-art performance against other

baselines, without requiring any demonstration data and

even achieving comparable average return (success rate) to (a) Fetch Pick&Place (b) Tabletop Manipulation

the oracle RL (episodic RL setting). Although some prior

works such as VaPRL and MEDAL utilize nearly expert-Figure 6.Episode ratio of the auxiliary agent and evaluation suc-
level demonstration data, they have dif culty in environ- cess rate.

ments where the task-relevant interactions are very sparse

in the non-episodic setting or the evaluation gaplg, are . )
uniformly spread over some region rather than a few pointdndicates that the curriculum goals for both forward and
xiliary agents have properly converged to their respective

such as Fetch environments. Furthermore, these methog¥ ) Lt L .
are somewhat sensitive to the composition of the demoria’9€t states. The visualizations in Figure 5 provide further
stration data in practice, which is detailed in Appendix B_val|dat|on. Speci cally, the forward cgrrlculum goals grad-
For a fair comparison with our method, we also evaluatedt@lly converge toward the,, (s), which encompasses a

a version of VaPRL without demonstrations: it performedregion in the air and on the table for the Fetch Pick & Place,
noticeably worse than the original VaPRL. and ve discrete points for the Tabletop Manipulation, re-

spectively. The auxiliary curriculum goals also converge to
To validate whether the intervention of the auxiliary agentthe target goal stateg ., (8), initially. However, there is a
vanishes as training proceeds, we plot the episode ratio @fradual shift of the auxiliary curriculum goals towardgs)
the auxiliary agent within the latest 1k episodes. As showrgfter initial convergence which is re ected in the slight in-
in Figure 6, the auxiliary agent does not intervene when therease in average distance to goals for the backward episode
forward agent is fully trained. ( oxar (9)), especially visible in the Fetch Pick & Place en-
vironment. This is because the candidates for the backward
Bidirectional curriculum.  To validate whether the bidi- curriculum goals, which eventually become the initial states
rectional curriculum goals are properly interpolated andfor the forward agent, are obtained from bothar (s) and
eventually converge to the desired target distributions, we tar (S) (s) when the forward agent remains at inter-
evaluate the progress of the curriculum goals qualitativelynediate pro ciency ( 50%) for prolonged timesteps during
and quantitatively. To do so, we visualize the forward andtraining such as in Fetch Pick & Place, but less so in Table-
auxiliary curriculum goals and plot the corresponding nortop Manipulation.
malized distance averaged over target goals assigned by
bipartite matching (Section 4.2). 5.2. Ablation Study

The plots in Figure 5 demonstrate that the average distancko investigate the role of the goal curriculum, we conduct
to goals consistently decreases as training proceeds, whi@n experiment without the proposed bidirectional curricu-

7



Demonstration-free Autonomous Reinforcement Learning via Implicit and Bidirectional Curriculum

(a) Fetch Pick&Place (b) Sawyer Door (a) Fetch Pick&Place (b) Fetch Push

(c) Tabletop Manipulation (d) Point-U-Maze (c) Point-U-Maze (d) Tabletop Manipulation

Figure 8.Normalized distance to goal and evaluation success rate
for the reward-free variant.

Figure 7.Ablation study — removing the bidirectional curriculum

and auxiliary agent proposed in this work degrades performancewhen dealing with high-dimensional inputs such as images.
Prior work based on control as inference framework for fu-
ture event matching (Fu et al., 2018; Eysenbach et al., 2021)

lum (IBC w/o Bidirectional ). We additionally ablate the €nables reward-free methods that can also be applied to goal-
auxiliary agent to validate its effectivenes8C wio Bidi- ~ conditioned RL such as C-learning (Eysenbach et al., 2020).
rectional & Auxiliary ). The latter corresponds to naive RL, W€ evaluate the performance of a variant of our method

where only a forward agent tries to optimize the task rewardnat replaces the SAC agent with a C-learning agent. For

in a reset-free setting, without any backward episodes tdhe ;ake of simplicity, we dp not implement F’i‘_j"e_Ct_iO”a'
return to some region such ag(s). curriculum goals for this variant but note that it is trivial to

do so.
As shown in Figure 7, there is consistent performance degra- . . .
dation in most of the environments ftiBC w/o Bidirec- Ve additionally report the normalized distance to goal met-

tional, which demonstrates the importance of gradually”c along with the success rate for this variant as it is based

guiding the forward agent from easier initial states and goalé’n future state matching and does _not co!’\sider the t.hreshold
to dif cult ones. ForlBC w/o Bidirectional & Auxiliary | for success. Full results are available in Appendix B. In

there is an additional degradation in most of the environMOSt environments, the C-learning variant achieves high
ments, more so in object manipulation environments. ThSUCcess rates and even matches the proposed method in
exact degree of the degradation may vary according to th&0Me environments. However, there are environments with
given task and the choice of goal space mappi(g). In low success rates, albeit with visible improvements in terms
the case of Tabletop Manipulation, bidirectional curriculum ©f the normalized distance to goal metric. This is because

generation does not have much effect on performance sinda-learning is reward-agnostic and tries to match the entirety

the state space is relatively simple and does not bene t fronf the desired future state, but some state elements may
intermediate curriculum goals. In the case of Point-U-MazeP® More important than others for success depending on

the auxiliary agent is less effective since the initial state ighe task. Instead of matching in the .state space, modifying
quite far from the goal states. the reward-free method to operate in a goal space that au-

tonomously evolves towards the state elements that are most
salient for the given task can be a promising approach for
future research.

To further enhance the autonomy of our method, we inves-

tigate the viability of the reward-free setting. While the 6. Conclusion

proposed method operates on sparse rewards under the goal-

conditioned setting which involves minimal human effort In this work, we considered a non-episodic RL setting where
(de ning the threshold for success), eliminating the needthe agent should learn how to perform the given task au-
for explicit reward speci cation can be desirable, especiallytonomously without any external interventions such as man-

5.3. Towards Reward-free Operation
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ual resets and prior data. We proposed IBC, a demonstratio@hen, A. S., Sharma, A., Levine, S., and Finn, C. You
free autonomous learning algorithm based on implicit and only live once: Single-life reinforcement learningrXiv
bidirectional curriculum generation. We have shown that our preprint arXiv:2210.088632022.

method outperforms previous methods, both in terms of sam- ) ) _
Cho, D., Lee, S., and Kim, H. J. Outcome-directed rein-

ple ef ciency and nal average success rate. Our method is , i )
limited to reversible environments and still requires mini- forcement learning by uncertainty & temporal distance-

mal human inputs for specifying sparse rewards. We'd like 2Waré curriculum goal generation.arXiv preprint

to build upon our method towards the reward-free setting, &/X1v:2301.117412023.

which has shown some promise in our results, by adopting:o_Reye& J. D., Sanjeev, S., Berseth, G., Gupta, A., and
the contextual MDP framework and devising a task-relevant Levine, S. Ecological reinforcement learningrXiv

goal space curriculum discovery for the reward-free setting. preprint arXiv:2006.124782020.
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A. Experimental Details
A.1. Environment

e Sawyer Door. We use the original EARL benchmark environment (Sharma et al., 2021b). The evaluation goal state
Oeval IS the state where the door is fully closed and the target goal sigites 4 (S) during the non-episodic training
are set to the corresponding states for door hinge angles between -60 degrees (open) and 0 degrees (closed).

« Tabletop Manipulation: We use the original EARL benchmark environment (Sharma et al., 2021b). The evaluation
goal states consist of 4 discrete points and the target goal states are 5 discrete points (4 discrete evaluation goal points +
1 initial state of the object).

« Point-U-Maze: We used the 1% 12 U-shaped maze environment where the initial position of the agfhtdkand
the evaluation goal position is at the other end of the maze locafedddt The target goal states are randomly sampled
in the feasible (not interfering with the maze walls, free space) state space.

» Fetch Pick&Place, Fetch Push We modi ed the original Fetch environments from the gym-robotics package to
convert it to a reversible (ergodic) setting by de ning a constraint on the block position. The evaluation goals and target
goal states are identical to the original Fetch Pick&Place, Fetch Push environments.

¢ Fetch Reach We use the original Fetch environment from the gym-robotics package, where the evaluation goals and
target goal states are obtained from uniformly sampled states in the area encompassing a region in the air and on the
table.

(a) Sawyer Door (b) Tabletop Manip. (c) Point-U-Maze (d) Fetch Pick&Place (e) Fetch Push (f) Fetch Reach

Figure 9.Environments used in this work.
A.2.1BC Implementation

Table 2.Hyperparameters for IBC

critic hidden dimension 512 discount factor 0.99
critic hidden depth 3 curriculum bufferB. capacity (# of trajectories) 1000
critic target 0.01 # of curriculum candidates, K (# of trajectories) 50
critic target update frequency 2 curriculum update frequency (once evéyepisode) 20
actor hidden dimension | 512 learning rate le-4
actor hidden depth 3 RL optimizer ADAM
actor update frequency 2 init temperature j,i; of SAC 0.5
RL batch size 512 replay bufferB capacity (# of transitions) 1le6
cin curriculum update 3 Lipschitz constant 5

We use a goal-relabeling technique (Andrychowicz et al., 2017) with SAC for sparse reward, goal-conditioned RL. There
is a separate trajectory-level buffeg for the bidirectional goal curriculum. The values of various hyperparameters are
detailed in Table 2. We set the goal space transformation of the auxiliary agémebstract the proprioceptive states (e.g.
gripper position in manipulation tasks and agent position in navigation or reaching tasks), and the goal space transformation
of the forward agent; to abstract the object-centric states when available (e.g. object position in manipulation tasks and
agent position in navigation or reaching tasks).
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A.3. Baseline Implementations

The baseline algorithms are trained as follows,

* VaPRL (Sharma et al., 2021a): There is no of cial code implementation, so we implemented it ourselves. We closely
followed the details in the original paper and validated whether we have properly implemented the algorithm by
obtaining statistically similar results when using demonstrations to the ones reported in (Sharma et al., 2021b).

« MEDAL (Sharma et al., 2022): We follow the default setting in the original implementationtitta://github.
com/architsharma97/medal

« naive RL: We train a single agent to reach the given goal state until success or pre-determined, environment-speci ¢
maximum episode steps. After that, the target goal is resampled without resetting and the agent repeats the above
process for hundreds of thousands of steps. We use SAC (Haarnoja et al., 2018) with the goal relabeling technique
(Andrychowicz et al., 2017).

« oracle RL: Standard episodic RL is applied. Speci cally, we use SAC (Haarnoja et al., 2018) with the goal relabeling
technique (Andrychowicz et al., 2017).

VaPRL and MEDAL require expert or near-expert demonstrations. For Sawyer Door and Tabletop Manipulation environ-
ments, we use the demonstration data (forward & backward episodes) provided by the EARL benchmark (Sharma et al.,
2021b). For other environments, we collected demonstrations of similar quality (expert-level) and quantity (comparable
amount of total timesteps) by rolling out the trained oracle RL policy.
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B. Additional Experimental Results

B.1. Sawyer Door with Velocity Inputs

For the Sawyer Door environment in the EARL benchmark (Sharma et al., 2021b), we found instances of the door moving
due to inertia even when the robot arm is not in contact. Without velocity information, this can violate the Markov Decision
Process (MDP) assumption that the transition probability be fully observable. That is, a different nest statde
obtained from the identical current statand actiora.

To alleviate it, we additionally experiment with the velocity-augmented state inputs. We concatenate the translational
velocity of the door handle (3-dimensional) and train the agent with IBC and other baselines. The results in Figure 10
demonstrate that there are slight increases in the nal average success rates and training stability with velocity-augmented
states.

(a) Sawyer Door (b) Sawyer Door w Vel

Figure 10.Experimental results for variants of Sawyer Door environments.

B.2. Sensitivity of Baseline Algorithms to the Demonstration Data

Although prior works (VaPRL, MEDAL) have shown some progress in developing a better ARL algorithm, these have some
restrictions due to requiring demonstration data for selecting the curriculum subgoals or for computing the reward for the
backward policy. Furthermore, we found that these baselines are somewhat sensitive to the composition of the demonstration
data.

Speci cally, we collected demonstration data for the Sawyer Door environment in two different ways. The rst dataset
consists of expert trajectories with xed goal states (with trajectories of similar lengths), and the second dataset consists of
expert trajectories with diverse goal states (with trajectories of varying lengths). Since we terminate the rollout right after
the agent achieves the goal, trajectories may vary in length.

As shown in Figure 11, both VaPRL and MEDAL are somewhat sensitive to the composition of the data. It may be due to
the subgoal selection strategy in VaPRL that is dependent on the length of the demonstration trajectory, or in the case of
MEDAL, an imbalance in the expert state distribution (for training the backward reward) caused by trajectories of varying
lengths due to the diverse goals.

(a) MEDAL (b) VaPRL

Figure 11.Sensitivity of baselines to the composition of the demonstration data.
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B.3. Episode Ratio of the Auxiliary Agent

We include the full results of the auxiliary agent episode ratio (Figure 12). The overall trend discussed in the main script
also applies to the full result. We additionally report the results of Sawyer Door with velocity inputs as mentioned in B.1,
and we have found that the backward episode ratio decreases when the velocity inputs are augmented.

(a) Sawyer Door (b) Sawyer Door w Vel (c) Tabletop Manipulation (d) Point-U-Maze

(e) Fetch Pick&Place (f) Fetch Push (g) Fetch Reach

Figure 12.Full results of auxiliary agent episode ratio and evaluation success rate.
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B.4. Curriculum Visualization

We report the full results for the curriculum visualization from the main script. As shown in Figure 13, curriculum goals for
both forward and auxiliary agents converge to their respective target state distribution.

(a) Fetch Pick&Place (b) Tabletop Manipulation

(c) Fetch Push (d) Sawyer Door

(e) Point-U-Maze

Figure 13.Full results of the curriculum goals visualization and their average normalized distance to assigned target goals. The red and
blue dots indicate the curriculum goals for the forward and auxiliary agents, respectively. Note that the exact positions of the robots and
objects are meaningless; these are just rendered from their default states.
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