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Abstract

In multi-goal Reinforcement Learning, an agent
can share experience between related training
tasks, resulting in better generalization for new
tasks at test time. However, when the goal space
has discontinuities and the reward is sparse, a
majority of goals are difficult to reach. In this con-
text, a curriculum over goals helps agents learn
by adapting training tasks to their current capabil-
ities. In this work we propose Stein Variational
Goal Generation (SVGG), which samples goals of
intermediate difficulty for the agent, by leverag-
ing a learned predictive model of its goal reaching
capabilities. The distribution of goals is mod-
eled with particles that are attracted in areas of
appropriate difficulty using Stein Variational Gra-
dient Descent. We show that SVGG outperforms
state-of-the-art multi-goal Reinforcement Learn-
ing methods in terms of success coverage in hard
exploration problems, and demonstrate that it is
endowed with a useful recovery property when
the environment changes.

1. Introduction

Multi-goal Reinforcement Learning (RL) (Kaelbling, 1993),
where agent policies are conditioned by goals specified
according to the task at hand, has recently been at the heart
of many research works (Schaul et al., 2015; Pitis et al.,
2020; Yang et al., 2021), since it offers an efficient way
for sharing experience between related tasks. The usual
ambition in the multi-goal RL context is to obtain an agent
able to reach any goal from some desired goal distribution.
This is particularly challenging in settings where the desired
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goal distribution is unknown at train time, which means
discovering the space of valid goals by experience, and
optimizing success coverage'

To avoid deceptive gradient issues and a tedious reward en-
gineering process, multi-goal RL often considers the sparse
reward context, where the agent only obtains a non-null
learning signal when the goal is achieved. In that case, the
multi-goal framework makes it possible to leverage Hind-
sight Experience Replay (HER) (Andrychowicz et al., 2017)
which helps densify the reward signal by relabeling failures
as successes for the goals achieved by accident. However,
in settings with discontinuities in the goal space (e.g., walls
in a maze), or in hard exploration problems where the long
task horizon results in an exponential decrease of the learn-
ing signal (Osband et al., 2016), many goals remain hard
to achieve and using HER does not suffice to reach all valid
goals. In these more difficult contexts, and without any
desired goal distribution at hand, the selection of training
goals from a behavior distribution must be structured into a
curriculum to help agents explore and learn progressively
by adapting training tasks to their current capabilities (Co-
las et al., 2022). The question is: how can we organize a
curriculum of goals to maximize the success coverage?

A first approach consists in focusing on novelty, with the
objective of expanding the set of achieved goals. This is the
approach of RIG (Nair et al., 2018), DISCERN (Warde-Farley
etal., 2018), SKEW-FIT (Pong et al., 2019) and MEGA (Pitis
et al., 2020)2. This leads to strong exploration results, but
success coverage is only optimized implicitly.

Another strategy is to bias the goal generation process to-
ward goals of intermediate difficulty (GOIDs). The general
intuition is that addressing goals that are too easy or too hard
does not foster progress, thus the agent needs to identify
goals on which it can make some progress. The focus is thus
more on performance. This is the approach of asymetric
self-play (Sukhbaatar et al., 2017), GOAL GAN (Florensa

!Success coverage, which measures the average performance
of the agent on all valid goals, is denoted competence in (Blaes
et al., 2019).

This is also the case for OMEGA (Pitis et al., 2020), which
extends MEGA, but for settings where the desired goal distribution
is known, which leaves the scope of our work.
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et al., 2018), SETTER-SOLVER (Racaniere et al., 2019) or
VDS (Zhang et al., 2020). By aiming at performance, those
methods target more explicitly success in encountered goals,
but benefit from implicit exploration.

In this work, we propose a novel method which provides
the best of both worlds. Our method, called SVGG?, learns
a model of the probability of succeeding in achieving goals
by relying on a set of particles where each particle repre-
sents a goal candidate. This set of particles is updated via
Stein Variational Gradient Descent (Liu & Wang, 2016) to
fit GOIDs, modeled as goals whose success is the most
unpredictable. A key feature of SVGD is that the gradient
applied to particles combines an attraction term and a re-
pulsion term, which helps strike a good balance between
exploration and exploitation. In particular, when the agent
cannot find any additional GOID, due to the repulsion term
of SVGD, the current particles repel one another resulting
in fostering more exploratory goal sampling. This endows
SVGG with a very flexible model of the current capabili-
ties of the corresponding agent. Based on this feature, we
formally demonstrate that SVGG possesses a very useful
recovery property that prevents catastrophic forgetting and
enables the agent to adapt when the environment changes
during training. We empirically validate SVGG on Multi-
goal RL problems where the goal space is of moderate size,
and leave investigations on problems where goals are images
for future work.

2. Background
2.1. Goal-conditioned Reinforcement Learning

In this paper, we consider the multi-goal reinforcement
learning setting, defined as a Markov Decision Process
(MDP) Mgy =< S; T, A;0; Rg >, where S is a set of states,
T is the set of transitions, A the set of actions and the re-
ward function Ry is parametrized by a goal g lying in the
d-dimensional continuous goal space G RY. In our set-
ting, each goal g is defined as a set of states Sq S that are
desirable situations for the corresponding task, with states
in Sg being terminal states of the corresponding MDP. Thus,
a goal g is considered achieved when the agent reaches
at step t any state S¢ 2 Sy, which implies the following
sparse reward function Ry : S ¥ f0; 19 in the absence of
expert knowledge. The goal-conditioned reward function
is defined as Rg(St; a¢; St+1) = 1(St+1 2 Sy) for discrete
state spaces and Rg(St; at; St+1) = 1(MiNs 2(s,) JiSt+1

S jj2 < ) for discrete ones, where is a distance threshold
and | the indicator function.

Then, the objective is to learn a goal-conditioned policy
(GCP) :S G ¥ A which maximizes the expected cumu-
lative reward from any initial state of the environment, given

3For Stein Variational Goal Generation.

P4
agoalg2G: =argmax Eg o,E ([ =0 'ril.
where r? = Rg(St; at; St+1) stands for the goal-conditioned
reward obtained at step t of trajectory using goal g, is
a discount factor in ]0; 1[ and pq is the distribution of goals
over G. In our setting we consider that pg is uniform over S
(i.e., no known desired distribution), while the work could
be extended to cover different distributions.

Importantly, since S is not known in advance and we want to
adapt training goals to the current capabilities of the agent,
learning is performed at each step through goals sampled
from a behavioral distribution pgoals, which is periodically
updated by experience. While training the agent can be
performed by any classical RL algorithm, our work focuses
on the definition of this behavioral distribution Pgoals, which
drives the learning process.

2.2. Automatic Curriculum for sparse Reward RL

Our SVGG method addresses automatic curriculum for
sparse reward goal-conditioned RL (GCRL) problems and
learns to achieve a continuum of related tasks.

Achieved Goals Distributions Our work is strongly re-
lated to the MEGA algorithm (Pitis et al., 2020), which (1)
maintains a buffer of previously achieved goals, (2) mod-
els the distribution of achieved goals via a kernel density
estimation (KDE), and (3) uses this distribution to define
its behavior distribution. By preferably sampling from the
buffer goals at the boundary of the set of already reached
states, an increase of the support of that distribution is ex-
pected. In that way, MEGA aims at overcoming the limi-
tations of previous related approaches which also model
the distribution of achieved goals. For instance, DISCERN
(Warde-Farley et al., 2018) only uses a replay buffer of
goals whereas RIG (Nair et al., 2018) and SKEW-FIT (Pong
et al., 2019) rather use variational auto-encoding (Kingma &
Welling, 2013) of the distribution. While RIG samples from
the model of the achieved distribution, and DISCERN and
SKEW-FIT skew that distribution to sample more diverse
achieved goals, MEGA rather focuses on low density regions
of the distribution, aiming to expand it. This results in im-
proved exploration compared to competitors. Our approach
differs from all these works as they only model achieved
goals, independently from which goal was targeted when
they were achieved, whereas we model the capability of
reaching target goals. This makes a strong difference since,
while MEGA selects goals at the frontier of what it already
discovered, nothing indicates that goals g closer to the mode
of the distribution can be achieved when they are targeted.
MEGA is also prone to catastrophic forgetting and limits
exploration to goals present in the replay buffer.

Adversarial Goal Generation Another trend proposes to
adversarially learn a goal generator, that produces targets
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that are at the frontier of the agent's capabilities. In that veinthe perturbation, while is the magnitude.
GOAL GAN (Florensa et al., 2018) simultaneously learns. .

L The authors draw a connection between KL-
a discriminator to sort out non GOIDs or generated goalsdiver ence and theStein operator A, (x) =
from GOIDs in the buffer of achieved goals, and a genera- (x)rg logp()T + 1y (X) P b shc?win tr:at
tor that aims at producing goals that fool the discriminator.r KL? 9p )i _ E [trag/e(A )] gwhere
While appealing, the approach is prone to instabilities, with s thh]tlaj pd]is:'?ribuzion OfX F;]articles pafter ’the trans-
a generator that may usually diverge far from the space Og)r]mation T The KL minimization objective is
reachable goalsSETTER SOLVER (Racaniere et al., 2019) : . . )

. thus related to theStein Discrepancy de ned as:

stands as an extension @DAL GAN, where a goal setter S(q:p) = max Ey q[tracdA, (]*
is learned to provide goals of various levels of dif culty ~\9"P = M & P '

w.r.t. a judge network (similar to our success pred":to%winimizing Stein Discrepancy being intractable as such,

Liu et al., 2016) and (Chwialkowski et al., 2016) introduce
fieKernelized Stein Discrepan¢i{SD) where the idea is

see next section). The provided goals remain close to
ready achieved goals, and are diverse enough to avoid mo

,CO”apse' This approach however suffers from relying o 0 restrict to projections that belong to the unit ball of a re-
invertible networks to map from the latent space to the goa roducing kernel Hilbert spadé (RKHS), for which there

space, which severely limits the modeling power, and cans - closed form solution. The KSD is de ned s&1:p =

reveal problematic for environments with strong disconti- . i FEc qltracdA, (O st i lin 1g,

nuities. Asymmetric self-play (Sukhbaatar et al., 2017) iswhose solution is given by: () = Ex q[Apk(X::)]
. . - X q p LRV E]

another way to generate goals, with a teacher agent Seeki%’nerek(x; x9) is the positive de nite kernel of the RKHS
to produce goals that are just beyond the capabilities of thg| The RBF kemnek(x;x9 = exp( Zjix  xYj2) is
! h

student _agent. Bc_>t_h t_eacher and student learn simu_ltan&-)'mmonly used.

ously, with an equilibrium of adverse rewards determined

on their respective time to go. However, this balance isTherefore, the steepest descent on the KL-objective is given
hard to maintain, and many useful areas are usually missely the optimal transform; ~ x;+  (x;); 8i=1 n,

Our svGG algorithm also samples GOIDs, but it does so bywhere

learning a predictive model of the agent's goal achievement

capability and building a sampling distribution that focuses

on goals whose achievement is the most unpredictable. Be- 10

cause it does not call upon an adversarial generative process, (xj) = o K(xj;xi)r X, log p(xjf

SVGGis less prone to instabilities. j=1 | amacgve P B
. - . +rxjk{xj;xif :

2.3. Stein Variational Gradient Descent | Z

repulsive force
Our method builds on Stein Variational Gradient Descent

(sveD) (Liu & Wang, 2016) to approximate the distribution he ve f " inth date 1 dri h icl
of goals of interestsvGp is a powerful non-parametric tool The "attractive force” in the update 1 drives the particles

for density estimation, when the partition function of thetov‘""‘:d high density areas of the targetThe “repulsive
target distributiorp to approximate is intractable, which force” pushes the particles away from each other, therefore

is the case when we do not know the support of the Va"dosters exploration and avoids mode collapse. _Note that
goal distribution in the environment. It stands as an ef cient'f n = .1,-the update ir(1) corresponds to a Maximum a
alternative to MCMC methods, which are proven to con—POSte”o”'
verge to the true distributiop but are usually too slow to  svGDp has already been successfully explored in the con-
be used in complex optimization processes. It also stands agxt of RL. The Stein Variational Policy Gradiers\(Pg)

an alternative to variational inference of parametric neura{Liju et al., 2017) employsvGDb to maintain a distribu-
distributionsg, which are restricted to pre-speci ed families tion of ef cient agents as particles. It strongly differs from

of distributions (e.g., Gaussian or mixtures of Gaussianspur approach, since we consider particles as behavior goal
that may not t target distributions. Instead, it modelas a  candidates, whilsvPcaims at capturing the epistemic un-
set of particles x;g_, , all belonging to the support qf certainty about policy parameters. (Chen et al., 2021) also
relies onsvGDto build a strategy to generate goals to agents,
but in a very simpli ed setting without the attractive force

ming KL (cjjp). This objective is reached by iterative de- from (1), which prevents from fully bene ting from this

terministic transforms as small perturbations of the identitytheqretlcal frameyyork. Notably, suph a kmd_ of approach is
map, on the set of particleF:(x) = x +  (x), where is particularly sensitive to catastrophic forgetting.

a smooth transform function that indicates the direction of  4Note thatS(q: p) = 0 onlyif g = p.

The idea behindsvGbD is to approximate the target dis-
tribution p with g by minimizing their KL-divergence:
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3. Stein Variational Goal Generation We de ne the distributiorpsis as an energy-based density

. . . ) . whose potential is the output of the beta distribution
In this section we introduce our Stein Variational Goal Gen-

eration 6vG@) algorithm. The pseudo-code eVGG is Pskits(9) / exp(f. (D (9): 4)
given in Algorithm 1 (a more detailed version is given in

Appendix G.2). Qur aim is to obtain a curriculum to sample |, Appendix D, we compare the relative performance of 5
goals of appropriate dif culty for the RL agent, where the pairs of and and show that targetediumdif culty

curriculum is represented as an evolving goal sampling prokqrks pest. We stick to this setting in the rest of the study.
ability pgoals To do so, we maintain a model of the agent's

skills — or goal reaching capability —, which helps de ne a\,jigity distribution ~ As outlined in (Racaniere et al.,
distributionpsiys. This dlstrlputlon_asagns pro_pablllty mass >019), we would like to only sample valid goals. To do so,
to areas of goals of appropriate dif culty. Additionally, with jnsteaq of theiwalidity loss we de ne a validity distribution

a simple one class SVM, we learn a validity distribution ;- represents the probability that a ggalelongs to the

Puaiid Preventing the particles from being sampled from nonq¢ of valid (reachable) goas G . However,G is not

valid areas of the goal space. Then, we aim at samplingn in advance. To circumvent this dif culty, the states
training goals from the following target distribution: already reached by the agent are stored in an aréhiaed
we aim at de ning the validity distribution as depending on
Pyoai{Q) /' Pskis(9) :Puaiia(Q): (2)  the posterior probability giveR : pvaia(g) / P(g2 G jR).
We progressively build this distribution with a One Class
Since computing the partition function is intractable for suchSVM (OCSVM). This model is mainly designed for outlier
a distribution formulation, we rather sample uniformly over or novelty detection in absence of labeled data. Given a
a set of particleg = fx; gi”ll , that are optimized through dataseX 2 RY, it de nes a boundary of the data support in
SVGD to approximat@goadd). Importantly, for our setting  RY, while keeping a small portion of the data points out of
where we are interested in tracking useful areas to traithat boundary. With data points being goals frBmwe get
the agent, dealing with a set of particles representing the
state of the full exploration landscape appears better tted Pvaiia(9) / V' (9); ®)

than methods relying on single candidates, such as MCM%\/hereV () is the output of the OCSVM model trained
or Langevin Dynamics, that would produce samples very

correlated in time, with unstable dynamics. This choice alsoOn R, with parameters . As the agent progresses and
improves the inte,r retability of thz roces.s b brovidin aexpands its set of achieved states through training, it eventu-
colronprehensive pigture of t>r/1e currepnt beha'vigrF()jistributgi]on&lIIy reaches the environment boundary. In this case, we can

ey " expectv P(g2G jg2!)foranyared G.
along training. Formal de nitions of the two components of P @) (9 19 ) Y

Pgoais are given below. Recovery property As demonstrated in Theorem 3.1 and

Model of the agent's skills The probabilitypss is Mod- empirically validated in S.ect|on 4.2,\/GG_bene ts from a
useful recovery property: when the environment suddenly
eled as a Neural Networ® whose parameters are .
changes, thevGaG agent will spontaneously resample goals

learned by gradlent. descent on the following Binary Crossin the areas that are affected by the change.
Entropy (BCE) loss:

Theorem 3.1. Recovery propertylet us denote a&" the
X set of goalsy such thatV (g) > 0andC 2 RY its con-

L = silogD (g'))+(1 s)(log(l D (g))); Vexhull. Assume that, at a given iteratibrD (g) 1

(g:s1)20 for everyg 2 G* (i.e., the whole seG" is considered

(3) as mastered b (g)), and that, on that sety is well

whereO = fg';s'gl?, is a batch ofgoal; succes$ pairs ~ calibrated: for any ared G ™ and any goalg 2 !,
coming from recent trajectories of the agent in the enviV (9) P(g 2 G jg 2 !). Assume also that we use
ronment. The sampled goals are those whose predict@kernﬂ which ensures that the Kernelized Stein Discrep-
probability of success is neither too high nor too low (i.e.,2ncy KSD (d; Ryary) Of any distributiong with pgoars is

we avoidD (g) 1orD (g) O). 0 only if g weakly converges tpgas’. Then, with no

) o updates of the models after iteratibrand a number of
To build pskiis based on the prediction @ , we use a

b distribut h - densi ) _ particlesm T) 1, any areal G *\G with diameter
eta distribution whose maximum density point mass 'Sdiam(! ) d(dl?%((i)) eventually contains at least one

determined according to the outputdf , by two hyper-
parameters and that shape the distribution and control = sa< 2ssumed for instance in (Liu, 2017). This is not always

the dif culty of the addressed goals, as illustrated on Fig+rue, but gives strong insights about the behavics\wp. Refer
ure 7 in appendix. to (Gorham & Mackey, 2017) for more discussions about KSD.
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Figure 1.0verview of thesvGG method. The interaction of agents with their environment is stored in a replay buffer (top right) and
used to lear , a model of its abilities to achieve goals (bottom right). We build on this model to compute a distribution of goals of
appropriate dif cultypsiis, leveraging a validity distributiopvaig to stay inside the space of valid goals. The obtained behavioral goal
distributionpgeaisis approximated with particlesy; g-; using Stein Variational Gradient Desceav/(D), and the agent samples a goal
from these particles.

particle, wheneveKSD (fx' g, ; pgoaid = O after conver- 4. Experiments

gence of the particle updates. .
4.1. Experimental setup

Success coverage metric Our general objective is to ob-
tain a policy that can reliably achieve all valid goals in some
environment. To quantify this objective, we evaluate the
resulting policy on the entire space of valid go@&lsin our

The above theorem (proof in Appendix A) ensures that?”V'rO”melm gsing a success coverage metric, de ned as
even if the success model overestimates the capacities of thil ) = vigy o P( achievesg)dg, with V(G ) the vol-
agent for some area (e.g., due to changes in the environ- Ume ofG . The goal space being continuous, we evaluate
ment, catastrophic forgetting or success model error), somi€ policy on a nite subse uniformly sampled fron© .
particles are likely to go back to this area once every goal hen our objective reduces to:

in G looks well covered by the agent, with an increasing &
probability for more particles. This way, the process can 1 - -
reconsider overestimated areas, by sampling again goals iﬁ( )= JEJ B [19s2 Srrznsr; s siiz< gk
them, and hence correcting the corresponding predictions, =1 ' ©6)
which leads to attracting attention pdis back to these dif-
cult areas. Approaches such aEGA do not exhibit such
recovery properties, since they always sample at the boun
ary of their achievable goal distribution, which is likely to
incrementally grow toward& . The particles of our ap-

proach can be seen as attention trackers which remodel tf&e :
L T . ompared Approaches As baselines, we choose two
behavior distribution and mobilize the effort on useful areas

.“methods from the literature that span the existing trends

from the whole space of achievable states with small probqp unsupervised RL with goal-conditioned policiessGA

o . Pitis et al., 2020) anGoAL GAN (Florensa et al., 2018).
bility, which would also ensure some recovery of forgotten " .
. . ) . . In addition, the Random baseline randomly selects the be-
areas but in a very inef cient way. This theoretical guaran-__". ;
: . . . havior goal among past achieved states.
tee ofsvGGis empirically validated by the experiment from
Figure 3, which shows the good recovery property of oule also evaluate twevGG ablations: aNo Validity Distri-
approach, after a sudden change in the environment. butionversion, which considefgyoas/ Pskils and aOnly

éo build G, we splitG into areas following a regular grid,
nd then uniformly sample 30 goals inside each part of the
division.
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Algorithm 1 RL with Stein Variational Goal Generation
1: Input: aGCP , a success predict@r , a reachability predictov , buffers of transition8, reached statd’ and
success outcomés, a kernek.
2: Sample a set of particleg= fx'g™,; uniformly from states reached by pre-runs of
3: for n epochdo
4: B Data Collection:Perform Rollouts of conditioned on goals uniformly sampled fram

5: Store transitions iB, visited states ifR and success outcomes@n
6: B Model Update
7 Update modeD (e.g., via ADAM), using gradient df (3) with samples fron©;
8: B Prior Update
9: Update modeR according to all states iR
10: B Particles Updatdt steps)
11: Update particles; — xi + & (L, K(Xj;Xi)r x 10gPgoadXj) + T x; K(Xj;Xi) ;
12: B Agent Improvement
13: Improve agent with any Off-Policy RL algorithm (e.@DPG) using transitions frons;
14: end for
Validity version, wheregoas/  Pualid- 4.2. Main results

Learning to reliably achieve all valid goals can be decomSuccess coverage evaluationsFigure 2 shows thatvce
posed in learning to sample appropriate behavioral goalsigni cantly outperforms all baselines in terms of success
and learning to achieve these goals. Our focus being on theoverage. Especially in highly discontinuous goal space
goal sampling mechanism, all compared approaches leagettings such as in mazes and the modi ed version on
to achieve goals usinpDPG andHER with a mixed strategy FetchReach and FetchPush, where it ef ciently discovers
described in Appendix G. In all versions ®¥GG, we use  and achieves most of the valid goals. On AntMaze and
m = 100 particles to approximate the target distribution.FetchPickAndPlace, where the goal space is more smooth,
Implementation details about all considered architecturesur approach obtains comparable results to its competitors.

are given in Appendix G. e . -
given in Appendix Due to the known stability issues in GAN trainin@pAL

GAN is the least ef cient baselines. Another explanation of

Questions To compare the performance $¥GGto base- thg failure OfG(')AL' GAN is that it is likely to generate non
lines, we investigate the following questions: 1) DeesG valid goals, Wh'c_h is not the case WEGA of SVGG. MEGA
maximize the success coverage metric better than the basgg]_ooses pehawor 99?'5 fr(_)m_a Replay Buffer_ of ach!eved
lines? 3) IssvGG more robust than the baselines to catas902IS: While the validity distributiom.aiq considered in
trophic forgetting that may occur in sudden environment®YC© keeps particles inside valid areas.
changes? In Appendix D, we also investigate the impact ofrfhe minimum density heuristic oiEGA ef ciently discov-
target dif culty (i.e., beta distribution as described above)ers all valid goals in the environment, but our results show
on success coverage maximization. that its success plateaus in almost all the considered envi-
ronmentsMEGA's intrinsic motivation only relies on state
novelty. Thus, when the agent has discovered all reachable

Evaluation environments To answer the above metric- states, it is unable to target areas that it has reached in the
oriented questions, we use a modied version of thepast but has not mastered yet.

FetchReach and FetchPush environments (Plappert et al.,

2018) where we have added obstacles in the workspace of

the robot arm to increase the amount of discontinuities beRecovery Property Figure 3 shows the advantages of
tween the optimal goal-oriented behaviors. We also comparevGG over MEGA and GOAL GAN in changing environ-
SVGGto baselines in the U-shaped AntMaze environmeniments. Walls are suddenly added during the training pro-
(Trott et al., 2019) and in a hard version of FetchPickAnd-cess (dot black line from Figure 3), after the methods had
Place. Additionally, to provide more analysis-oriented visu+eached their pick performance. We see that the perfor-
alizations, we use a Point-Maze environment where an agemhance oMEGA andGOAL GAN plateaus lower than their
moves a point without mass within a 2D maze with contin-pick performance (see Figure 2) whersass G discovers
uous spaces of states and actions. As the agent does nmw dif culties resulting from the environment modi ca-
perceive the walls, maximizing success coverage in thes&on and focuses on those to nally recover its pick success
environments is harder than it seems. coverage.
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Figure 2. Success coverage over 4 different PointMazes, AntMaze, FetchPickAndPlace (Hard), FetchReach (Stuck) and FetchPush
(Maze) (4 seeds eachdvGaG outperformaveGA and GOAL GAN as well as ablations.

We also observe that the advantages of our method ovgxyeasreduces t@yaig, that is at this point uniform over the

MEGA in terms of recovery ability are more signi cant when entire goal space. Therefore, the particles spread uniformly

changes in the environment are more drastic (i.e., wheover the goal space and preveatGé from catastrophic

starting from maze B). forgetting, as the model rediscovers areas that the agent has
forgotten how to reach (cf. rightmost column in Figure 4).

Further SVGG analyses To gain further intuition on how Additional analyses oBvGG are given in Appendix D.

SVGG maximizes the success coverage, we show in Figure 4

the evolution of the particles throughout training. As the5. Conclusion

agent progresses and achieves novel and harder goals, the

D model updates its predictions. Thus, the target distribul his paper introduces a new multi-goal reinforcement learn-

tion pgoaisis updated accordingly (background color of the iNg @lgorithm,svGa, which leverages Stein Variational Gra-

2" row of the gure). The particles = fg g, are then dient Descent to monitor a model w.r.t. its goal achievement

moved toward new areas of intermediate dif culty through capabilities. Using this model, the agent addresses goals of

sVGD to minimizeK L (jj Pgoaty.- intermediate dif culty, resulting in an ef cient curriculum

for nally covering the whole goal space. MoreoveNGG

Figure 4 also highlights the recovery propertyfGG.  can recover from catastrophic forgetting, which is a classic
When the agent has nothing else to learn in the environment,

7
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Figure 3.Evolution of success coverage in a changing environmemi @A, GOAL GAN andsVGG (4 seeds each). We add walls to the
starting mazes A and B (left) and go from 2 to 4 walls in FetchReach (right). The triangles correspond to the pick success coverage of the
methods on the nal environments (which correspond to maze 1 and FetchReach (Stuck) Figure 2) during regular training.

Figure 4.Parallel visualization of the model's prediction (A), the particles evolution (B) and of the coverage (C) throughout training in
Maze 1.

pitfall in multi-goal RL. Some limitations should be addressed in future work. The
environments used in our experiments have low dimensional
goal space, which facilitates the approximation of the target
evolution, the KL divergence minimization objective is hard distribution W'th,SVGDand the agent's model 'e"’“f"”g phase.
When the agent's observation and goal space will be images,

to reach at all times, which makes it dif cult to claim that )
: . . the agent should learn a compact latent space of observation
using more particles is always better. Furthermore, a previ-

ous work (D'Angelo & Fortuin, 2021) spotted exploration as in (Pong etal., 2019; Yarats etal., 2021; Liu & Abbeel,

) . - . 2021; Hafner et al., 2019), using various representation
failures insvGD, and suggests that periodically anneallngIearnin techniques like contrastive learning, prototypical
the attraction force in particle optimizati¢h) is required 9 d 9.p yp

) L ._representations or variational auto-encoders. In future work,
to enable particles to cover non-trivial distributions, e.g. in :
. : L 2" we should learn a latent goal space from observations, and
multimodal settings (which is the case for us) or in high . oo .
X ; performsvGD over particles in this latent space. This would
dimensions. ; : . .
result in an end-to-end algorithm learning to discover and

Studying the impact of the number of particles is left for fu-
ture work. Actually, the target distribution being in constant
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achieve all possible goals in its environment from pixels. Colas, C., Karch, T., Sigaud, O., and Oudeyer, P.-

. - Y. Autotelic agents with intrinsically motivated goal-
Besides, we also envision to address larger and stochas- . . i
conditioned reinforcement learning: a short sunagur-

tic environments, where additional u.ncertamty estimation nal of Arti cial Intelligence Research74:1159-1199,
should be added to the goal generation process, to prevent2022
the agent getting stuck in uncontrollable states (like a TV '

screen showing white noise) as in (Chua et al., 2018; Pathaangelo, F. and Fortuin, V. Annealed stein variational
et al., 2019), using methods such as model d'sagreeme”tgradient descentCORR abs/2101.09815, 2021. URL
between multiple agents. https://arxiv.org/abs/2101.09815
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A. Proof of Theorem 1 B. Visualization of goals

Theorem 1. Recovery propertyLet us denote a&" the set  We visualize behavioral and achieved goals in Maze 1 (Fig-
of goalsg such thatv (g) > 0andC 2 RY its convex hull. ure 5) and Maze 2 (Figure 6), in parallel with the success

Assume that, at a given iteratidnD (g) 1for every coverage after training. The main advantages of our method
g2 G* (i.e., the whole seB" is considered as mastered by lie in the capacity to target dif cult areas and avoid catas-

D (g)), and that, on that se¥/ is well calibrated: for any  trophic forgetting, which results in nearly optimal success

area! G * andanygoag2!,V (g0 P(g2G g2 coverage. We observe thatGA ef ciently discovers the

I'). Assume also that we use a kernel which ensures thanvironment but fails to master the corresponding goals.
the Kernelized Stein Discrepan&SD (q; pyoa) Of any  This also leads to catastrophic forgetting and a lack of adap-
distributionq with pyeais is 0 only ifq weakly converges to tation when the environment changes, as studied in the main
Pgoats’- Then, with no updates of the models after iteration paper.

. | +
and a number of partcheB17>dialn,1 ?Cr;y aread G 7\G One can see that the generation of GOIDSIDAL GAN is

with diameterdiam (! ) dfaﬂ eyentually contains very unstable and tricky in such discontinuous goal space,
at least one particle, wheneviISD (fx'glL; ;pgoai) =0 especially as the generator is susceptible to output goals
after convergence of the particle updates. outside the environment boundary, whishc G avoids with

the validity distribution.

C. Additional experiments details
Proof. In settings where the KSD of a distributionfrom
atargetpis O only if weakly converges tp, (Liu, 2017)
previously proved that, for any compact set, the empiricalPointmaze We use a 2D pointmaze environment where
measure " of , computed on a set of particles, con- the state space and goal space are (x, y) coordinates (the
verges weakly towards the targetvhen a suf cient number  agent cannot see the walls), and the agent moves according
of particles is used. Thus, under our hypotheses, the s its action, which is a 2-dimensional vector with dimen-
of particles ofsvGG appropriately representgoasafter a  sions constrained o 0:95; 0:95]. All methods are tested
suf cient number of steps of Stein transforms. onfour5 5mazes with different shapes and a highly dis-
continuous goal space. The maximum number of steps in
one trajectory is set to 30. We argue that the dif culty of
these environments does not lie in their size, but rather in the
complexity of their goal space and thus of the trajectories
adopted by the agent to achieve these goals.

C.1. Environments

Now, we know that particles cannot lea@ sinceV =0
outside, and so dogieas SinceV is well calibrated on
G', we also know tha¥ = 1 on every area o&" only
containing achievable goals. Thus, sipsgys = 1 in G',
Pgoals IS Maximal and constant for any area2 G* \G .
This implies that the concentration of particles in any area ]

of G'\G is greater than if particles were uniformly spread Antmaze  An Ant has to move around in a U-shape hall-

overC. In that case, for any partickefrom the sefx;gm,,  Way maze of size 20x4, the goal space rem@ing) coordi-
we know thatP (x 2 ! jKSD (q= fx;g™, ; Pgoard = 0) nates of the Ant as in Pointmaze. However, the exploratory

P(x 21 jKSD (q= fx;g", ; U(X)) = 0) , with X an hy- behavior is much simpler than in the considered pointmazes

percube ofl dimensions with side length equaldiam(C) ~ €nvironments, as the maze is simply U-shaped. The dif-

andU(X) the uniform distribution oveX . culty lies in the control of the Ant dynamics, as it must
move its legs with a 8-dimensional action space and the

Next, if KSD (q = fxjg; ;U(X)) = 0, we know that  gpservation space is a 30-dimensional vector corresponding
particles are spread as a grid over each dimension qf the angles of the legs.

X. Thus, in each dimension of any particle is sepa-

rgted fromdticlosest neighbor by at most a difference ofgtchpickAndPlace (Hard version) We also perform
diam(Q="m 1)int ,V\(’f’rSt gase. Thus, any area  comparisons on a hard version of FetchPickAndPlace-v1
with diametergreaterthand(%amﬁ—(l)) is guaranteed to con- from OpenAl gym (Brockman et al., 2016). The agent
tain a particle in that case, which concludes the prodfl ~ controls a robotic arm which must pick and place a block
to a 3D desired location. In the hard version, the behavioral
goals are all between 20 and 45cm in the air, while in the
original version, 50% of behavioral goals are on the table

®As assumed for instance in (Liu, 2017). This is not alwaysand the remaining ones are from 0 to 45cm in the air.
true, but gives strong insights about the behavicswéD. Please ) . ) . .
refer to (Gorham & Mackey, 2017) for more discussions abouthile this environment presents a greater dif culty in terms
KSD. of control (the action dimension is 4 and the state dimen-
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