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Abstract

Sparse-reward reinforcement learning (RL) can model a wide range of highly com-
plex tasks. Solving sparse-reward tasks is RL’s core premise—requiring efficient
exploration coupled with long-horizon credit assignment—and overcoming these
challenges is key for building self-improving agents with superhuman ability. Prior
work commonly explores with the objective of solving many sparse-reward tasks,
making exploration of individual high-dimensional, long-horizon tasks intractable.
We argue that solving such challenging tasks requires solving simpler tasks that
are relevant to the target task, i.e., whose achieval will teach the agent skills
required for solving the target task. We demonstrate that this sense of direction,
necessary for effective exploration, can be extracted from existing RL algorithms,
without leveraging any prior information. To this end, we propose a method for
directed sparse-reward goal-conditioned very long-horizon RL (DISCOVER),
which selects exploratory goals in the direction of the target task. We connect
DISCOVER to principled exploration in bandits, formally bounding the time until
the target task becomes achievable in terms of the agent’s initial distance to the
target, but independent of the volume of the space of all tasks. We then perform
a thorough evaluation in high-dimensional environments. We find that the directed
goal selection of DISCOVER solves exploration problems that are beyond the
reach of prior state-of-the-art exploration methods in RL.
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Figure 1: Given a hard task, we compare agents learning to solve this target task by learning from the
experience on simpler exploratory tasks. DISCOVER uses a bootstrapped sense of direction to design
a curriculum of achievable and novel exploratory tasks that are relevant to the target task. In this way,
the agent bootstraps to solve much harder tasks than if using other methods for selecting exploratory
tasks, such as considering only direction or only achievability and novelty. State-of-the-art standard
RL algorithms using intrinsic curiosity for exploration fail to achieve our target tasks at all.
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1 Introduction

Reinforcement learning (RL) provides a general framework in which agents have to learn complex
tasks by interacting with their environment to maximize rewards [75]. Although RL has led to
breakthroughs in many domains such as Atari games [45], board games [e.g., 66], and reasoning [26],
sparse-reward problems, in which a reward is only observed once the task is completed, remain very
challenging [38, 80]. These sparse-reward tasks are hard to solve as the agent needs to gain a deep
understanding of the environment without ever observing a reward. As such, and since they are natu-
rally defined without any human supervision, solving sparse-reward tasks is one of the core premises
of RL. We focus on the setting where the agent is given a single sparse-reward problem to solve. In
sparse-reward RL, traditional methods from RL fail as they need to randomly observe the reward
signal to make progress, which becomes exceedingly unlikely in long-horizon tasks [e.g., 49, 87].

One technique for overcoming this challenge is to frame sparse-reward tasks as multi-goal problems,
which enables the agent to learn about harder goals by generalizing from already learned simpler
goals [63, 5]. In this framework, a goal needs to be specified for the policy in each episode. This
goal selection step plays a crucial role in guiding the exploration of the agent [53]. Choosing a goal
essentially presents its own exploration-exploitation dilemma at a higher level of abstraction: should
the agent try to pursue its final goal or rather aim to reach novel, but achievable intermediate goals,
expanding its horizon of expertise? Previously introduced goal selection strategies have focused
largely on either exploration [e.g., 53] or exploitation [5].

In this work, we argue that goal selection should naturally address this trade-off, considering both
the novelty of commanded goals, and thus their exploration potential, as well as their relevance to
the final objective, while considering their achievability. We propose DISCOVER, a method for
effectively balancing achievability, relevance, and novelty during goal selection. We find that these
quantities can be estimated by commonly used critic networks in standard deep RL algorithms. We
learn an ensemble of critics to estimate the agent’s uncertainty about the direction of the final task.
Intuitively, DISCOVER leverages these value estimates to determine which intermediate goals are
most useful towards learning to solve the final task. We find that DISCOVER enables RL agents
to solve substantially more challenging tasks than previous exploration strategies in RL.

We further provide a formal analysis of DISCOVER, showing that it is closely linked to upper
confidence bound (UCB) sampling [68], a method for balancing exploration and exploitation in
sequential decision-making. We use this connection to prove bounds on the number of episodes
until the final task becomes achievable. Unlike bounds in prior work, our bound for DISCOVER
is independent of the volume of the space of all goals and depends linearly on the “shortest distance”
between the agent’s initial state and the state at which the final task is achieved. We follow this formal
discussion by an extensive evaluation of DISCOVER in three complex sparse-reward environments,
ranging from loco-navigation to manipulation. We observe significant improvements in sample
efficiency compared to previous state-of-the-art exploration strategies in RL.

Our contributions are:

1. We propose DISCOVER, a novel goal selection strategy for solving hard tasks. By leveraging its
connections to UCB, we theoretically analyze the time until the final task becomes achievable.

2. We evaluate the empirical performance of DISCOVER on various complex control tasks and
show substantially improved performance compared to state-of-the-art goal selection strategies.

3. We perform a range of ablation studies, including on the utilization of prior knowledge and on
the importance of balancing achievability, novelty, and relevance in goal selection.

2 Related Work

Exploration in RL Exploration has been a central challenge in reinforcement learning since
its inception. Uninformed exploration strategies, such as ε-greedy [44] or uncorrelated noise
injection [24], are crucial to the success of most practical algorithms. Further improvements can
be obtained by leveraging temporally extended strategies [19], or informed criteria, such as curios-
ity [52, 27, 61, 70, 71], diversity [21], count-based strategies [77, 10], or unsupervised environment
design [82, 17]. These strategies are normally applied without any extrinsic signal [43, 61, 70, 51],
or in linear combination with a specific reward signal as defined by the MDP [10, 71]; in the latter
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case, balancing the two terms is often complex. This work focuses instead on a setting in which
exploration is instead achieved by attempting to solve different goals than the target goal, i.e., through
exploitation with respect to a different reward, as speci�ed in the next paragraph.

Finding solvable subgoals for exploration Solvingmanysparse-reward problems with RL has
often been formalized as goal-conditioned [22, 58] or goal-reaching [83] RL, where we jointly learn
a policy for all tasks. A key contribution can be traced back to Schaul et al.[63], which introduces
universalvalue function estimators, capable of estimating returns for multiple goals. To learn these
functions ef�ciently, Andrychowicz et al.[5] proposes a goal relabeling scheme to provide signal
for goals that are achieved in hindsight. Further works have explored emerging properties of goal-
conditioned value functions, introducing contrastive [22, 9] or quasimetric [83, 18, 3] approaches.
Interestingly, goal-conditioned approaches enable the design of nuanced exploration strategies, as
the policy can be controlled through its goal-conditioning [56, 85, 53, 23, 69, 86, 35, 43, 55]. These
methods strategically select a goal from the previously achieved goals. After the goal is achieved,
the methods enter a pure exploration phase, in line with the successful exploration strategy proposed
by Ecoffet et al.[20]. However, previous methods are generally not directed towards a particular
target goal, with some exceptions relying on strong assumptions on the distance metric [57], or
on additional costly components such as generative [40, 62] or discriminative [12, 11] models. In
contrast, DISCOVER introduces a notion of relevance during exploration, which is fully bootstrapped
from the agent's own estimates and experience, leading to deep exploration. We further discuss the
connection of DISCOVER to other work such as self-play in Appendix A.

Test-time training We consider the setting where the agent's objective is to solve a single, chal-
lenging target task provided at “test-time”, potentially starting from a pre-trained prior. This is a form
of test-time training (TTT) [73], where an agent is trained speci�cally for the target task at test-time.
TTT on (self-)supervised signals over few gradient updates has shown success in domains such as
control [32], language modeling [33, 36, 74, 8], abstract reasoning [4], and video generation [15].
More recently, test-time reinforcement learning (TTRL) [88] has used RL to iteratively self-improve
an agent's policy for initially unsolvable tasks, using its own experience on simpler tasks. To
our knowledge, DISCOVER is the �rst method demonstrating effective TTRL with extensive
self-supervised exploration (millions of steps), thereby enabling agents to solve highly dif�cult tasks.

3 Problem Setting

We consider the sparse-reward reinforcement learning setting and adopt the goal-conditioned formula-
tion [75, 63], formally described by a multi-goal Markov decision processM = ( S; A ; p; � 0; G; g?).
Here S; A ; and G � S denote the set of states, actions, and goals, respectively. Additionally,
p : S � A ! �( S) are the transition probabilities and� 0 is the initial state distribution. In the
following, we denote bys0 a random initial state sampled from� 0. The target goal, denoted byg?,
is the only goal we evaluate on and therefore aim to learn. The sparse goal-conditioned reward
is implicitly de�ned asr (s; a; g) = � 1f s =2 Sgg [54], whereSg � S is the subset of the states,
for which the goalg is achieved. We consider the general case, where this subset is de�ned as
Sg = f s 2 S j d(s; g) � � g. Here,d de�nes a standard distance metric, possibly only considering
some parts of the state, such as position. A goal is considered achieved during training if we have
previously observed a non-negative reward for this goal. We keep track of the set of achieved
goalsGach , which contains all previously achieved goals (initiallyGach = f s0g). In practice, this
is implemented by maintaining a replay buffer of observed states. We consider a �xed episode
lengthH , with the episode terminating once the target goal is reached. The objective of the agent is
to learn a goal-conditioned policy� : S � G ! �( A ) that maximizes its value functionV � (s0; g?),

V � (s; g) = E�

h
�

P H � 1
t =0 1f st 0 =2 Sg8t0 � tg

i
: (1)

We denote the optimal policy by� ? : S ! �( A ) and use� g : S ! �( A ) to denote the policy
conditioned ong.

3.1 Goal Selection for Sparse-Reward RL

The standard non-goal-conditioned online RL loop collects data according to the current policy,
often with noise injection [19]. In the goal-conditioned framework, the agent can additionally control
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Figure 2: Illustration of the goal selection of DISCOVER compared to prior goal selection strategies.
The white cross represents the initial state of the agent, the red cross represents the target goal. The
blue shaded area symbolizes the set of achieved goalsGach . A lighter blue corresponds to harder to
reach goals. Finally, the black crosses represent the kinds of goals selected by each strategy.

the goal-conditioning of the policy, i.e., it may pursue arbitrary goals for data collection. We adopt
the framework of Pitis et al.[53], and summarize its main steps in Algorithm 1. In each episode,
SelectGoal commands a goalgt to the agent, based on prior experience, the current state of the
agent and the �nal target goalg?. We then roll out the policy conditioned ongt until gt is achieved.
After achieving the goalgt , the agent enters a random exploration phase, during which it selects
actions uniformly at random until the end of the episode. We add the resulting trajectory to the replay
buffer. Finally, we update the agent's parameters� using an off-policy RL algorithm, by sampling
from the replay buffer and relabeling goals, as proposed by Andrychowicz et al.[5]. The focus of
this work isSelectGoal , which designs the agent's curriculum. Next, we introduce DISCOVER,
which selects a curriculum speci�cally targeted tog?.

Algorithm 1 Goal-conditioned Reinforcement Learning

1: Initialize: replay buffer:B0  ; , actor-critic parameters:� 0
2: for t = 1 ; 2; : : : do
3: gt  SelectGoal (Bt � 1; � t � 1; g?) . select goalgt for episode
4: Bt  B t � 1 [ f Rollout (� � t � 1 ; gt )g . add trajectory to replay buffer
5: � t  Update(RelabelGoals (Sample(Bt )) ; � t � 1) . using off-policy RL (e.g., TD3 [24])

4 DISCOVER

We introduce DISCOVER, a method for solving hard tasks that require deep exploration. We focus
on the problem of �nding intermediate, solvable goals that the agent should attempt to acquire skills,
eventually enabling it to achieve the target goal. We begin by presenting an intuitive explanation of the
DISCOVER objective, followed by a discussion of its tight connection to the exploration-exploitation
dilemma. We argue that, to ef�ciently learn to solve hard tasks, an agent must adhere to the following
three fundamental principles:

Goal utility = Achievability + Novelty + Relevance (2)

Each of these principles is necessary to ef�ciently learn to solve a hard task. First,achievability
ensures that a task is not “too hard” for the agent to ever achieve it, hence, representing meaningful ex-
perience. Second,novelty ensures that a task is not “too easy”, such that the agent's new experience on
this task is a useful learning signal to increase the policy's capabilities. Finally,relevanceensures that
experience on a task is useful for eventually solving the target task (cf. Figure 2). Prior methods [e.g.,
53] have successfully combined achievability and novelty, but are aiming to achieve all possible tasks.

After providing an intuitive discussion of the principles relevant to ef�ciently learning hard tasks,
the question remains: how can they be quanti�ed in practice? We propose the DISCOVER objective,
which quanti�es each of the discussed principles via the value estimate under the current policy.
In each exploration episode, we select a goal from the achieved ones (Gach ) according to

gt = arg max
g2G ach

� t

h
V(s0; g)
| {z }

Achievability

+ � t � (s0; g)
| {z }

Novelty

i
+ (1 � � t )

h
V (g; g?) + � t � (g; g?)
| {z }

Relevance

i
(3)
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where� t and� t are schedulable coef�cients,V is the mean of an ensemble of the optimal value
function de�ned in Equation 1, and� 2 its variance.2 A high valueV (s0; g) indicates that the policy
can reach the goalg from the starting states0, therefore promotingachievability. In contrast, a large
uncertainty� (s0; g) indicates that the agent is not reliably reaching the goalg. Hence, attempting
such goals prioritizesnovelexperiences. Finally, a high valueV(g; g?) indicates thatg is “closely
related” to the target goalg?. Therelevanceterm of DISCOVER prioritizes goals thatmight be
closely related to the target goal, either since they already have a high valueV(g; g?) or because
the agent is still uncertain about this value. The relevance term can also be viewed as directing the
goal selection towards the �nal targetg?. Note that while we focus on a single targetg?, DISCOVER
is easily extended to distributions over targets by maximizing Equation (3) in expectation.

We emphasize that all terms in Equation (3) are estimated by the critic and do not rely on any prior
information. In particular, the relevance estimates are entirely bootstrapped from the agent's current
knowledge. While the above gives an intuitive introduction, DISCOVER can be interpreted as an
agent seeking to maximize the likelihood of reaching the target goalg?, as we describe in Appendix B.

4.1 Automatic Online Parameter Adaptation

Prior work has explored adapting the parameters online to meet prede�ned metrics, such as the entropy
of the policy [28, 71]. In the same spirit, we propose a simple online parameter adaptation strategy
that adjusts� t and� t to maintain a �xed target goal achievement ratep?, similarly to the cutoff
strategy proposed in Pitis et al.[53]. This approach aligns with the previously discussed intuition, as
it ensures that the agent neither selects goals that are “too easy” nor ones that are “too hard”. We �nd
that it is suf�cient to linearly increase� t when the agent achieved too few of its previously selected
goals, and linearly decrease� t , when the agent achieved too many, while setting� t = 1 :

� t +1 = � [0;1](� t + � (pt � p?)) : (4)

Here,pt denotes the average goal achievement rate over the lastkadapt episodes,� [a;b] clips the
output value to the interval[a; b], and� > 0 is the adaptation step size, which we set to0:01. We
ablate the effects of our adaptation strategy in Figure 10 in the appendix, and �nd that the optimal
target goal achievement ratep? is approximately50%, consistent with �ndings in prior work [53].

4.2 Connection to the Exploration-Exploitation Dilemma

Balancing exploration and exploitation is key when proposing tasks such that the resulting experience
is valuable toward solving the target task. DISCOVER balances exploration and exploitation in two
ways. First, in its estimate ofV (s0; g), which leads to a trade-off between selecting achievable and
novel goals. Second, in its estimate ofV (g; g?), where exploitation leads to directing goal selection
toward the target goal while exploration prevents the agent from over�tting to an overcon�dent
estimate of direction.

Theoretical guarantee for DISCOVER To illustrate the underlying exploration-exploitation trade-
off, we consider a simpli�ed setting and use the link between DISCOVER and UCB to prove rates
for the number of episodes until the DISCOVER agent can achieve the target goal. We make the
following simplifying regularity assumptions, analogously to the linear bandit setting [see, e.g.,2, 13]:
Informal Assumption 4.1 (formalized in Assumptions C.1 to C.5).

1. Optimal value functions are linear in latent features:Among the set of achievable3 goalsg,
the value functionsV ?(s0; g) andV ?(g; g?) are linear in a knownd-dimensional feature space.
Note that the above only needs to hold for currently achievable goals.

2. Noisy feedback:In episodet, selecting any achievablegt , the agent receives noisy feedback of
the optimal value functions, with the noise being conditionally sub-Gaussian.

3. Goal space contains optimal paths:For any goalg, the optimal path fromg to the target goalg?

is contained in the goal spaceG.4

4. Goal achievability:Based on our previous observation that� controls the rate of goal-achieval,
we let the probability of achieving anyachievablegoalg be at least� . Any goalg is considered

2See Appendix E.1.
3The set ofachievablegoals is de�ned in Assumption 4.
4That is,G is g? -geodesically convex under the forward quasimetric induced by the optimal value function.
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achievablein episodet if the agent previously achieved a goalgt 0 (t0 < t ) which is within
distance(1 � � )� of g (under the optimal value function). Here,� > 0 is a rate of expansion.

Assumptions 1 and 2 are standard in the literature on linear bandits. Note, however, that in our setting
this feedback model implicitly assumes feedback onV ?(gt ; g?), which can be thought of as a gener-
alization condition: If the agent cannot generalize from its experience froms0 to g about the relation
of g andg?, then it may never reach the target goalg?. Another implicit consequence of the linearity
assumption is that the bias and non-stationarity of the value function estimates is controlled, which
is not commonly the case when learning value functions with neural networks via bootstrapping. As-
sumption 3 is a continuity assumption on the goal space, which is satis�ed in many practical settings.
Finally, Assumption 4 leads to a trade-off in choosing� : A small � leads to a larger set of achievable
goals, but at a lower goal-achieval rate. In contrast, a large� leads to a more conservative set of achiev-
able goals, but at a higher goal-achieval rate. This trade-off matches the empirical effect of� (cf. Fig-
ure 10 in the appendix). The parameter� controls the rate of expansion of the set of achievable goals.

In the above setting, we bound the number of episodes until DISCOVER reaches the target goalg?:

Informal Theorem 4.2 (formalized in Theorem C.9). Fix any con�dence� 2 (0; 1) and any
� 2 (0; 1

2 ). Let the above assumptions hold. We denote byD = � V ?(s0; g?) the distance from the
initial states0 to the target goalg? under the optimal policy. Then, with probability1 � � , selecting
goalsgt with DISCOVER (with� t = � and� t chosen appropriately), the number of episodesN
until the target goalg? is achievable by the agent is bounded by

N � eO
�

Dd2

� (1 � 2� )2(1 � � )3� 3

�
= eO

�
Dd2

� 3

�
:

This theorem shows that DISCOVER ef�ciently learns to solve hard, initially unachievable tasks.
With a larger dimensionalityd of the feature space, the learning task becomes harder, which is
re�ected in the bound. Similarly, the larger the distanceD from the initial state to the target goal,
the longer it takes to reach the target goal. In contrast, the larger the rate of expansion� , the faster
the agent reaches the target goal, since the set of achievable goals expands faster. Finally, the bound
suggests choosing� � 0:1 (cf. Figure 7 in the appendix) which roughly matches the average�
chosen in experiments by our adaptation strategy (cf. Figure 11 in the appendix).

Despite our simplifying assumptions, achieving the target goalg? remains non-trivial. The agent must
trade off learning the value function against exploiting the direction this value suggests towardg?.
Overcon�dence in the value estimate may lead the agent to diverge and never reachg?. On the other
hand, if the agent is too conservative in its value estimate (or does not use the value estimate for direc-
tion at all), it may never reach the target goal within a reasonable time. To see why guidance matters,
imagine anm-dimensional goal space that is a ball of radiusR. Covering that ball with hypercubes of
side� requires on the order of(R=�)m cells, exponential inm. This back-of-the-envelope calculation
indicates that to achieve hard goals in a high-dimensional goal space, undirected exploration is
insuf�cient, and the agent must balance exploration and exploitation. In doing so, DISCOVER avoids
this curse of dimensionality and exploits the learned value to stay close to a nearly one-dimensional
corridor froms0 to g?. For this reason, the bound in Informal Theorem 4.2 dependssolelyon the
(1-dim) distanceD andnot on the total volume of the goal spaceG. Bounds of previous work [78]
depend on the total volume ofG, and quickly become vacuous in high-dimensional problems.

5 Results

We evaluate the empirical performance of DISCOVER across three complex, sparse-reward,
long-horizon control tasks, highlighting �ve main insights. Unless mentioned otherwise, we employ
the TD3 [24] actor-critic algorithm for training all agents. While our evaluation focuses on model-free
methods, the goal-based directed exploration of DISCOVER can also be used with model-based
backbones such as Dreamer [29, 30, 31]. For all experiments, we report the mean performance
across10 seeds along with its standard error. Additional implementation details, hyperparameter
choices and experimental results are reported in Appendices D, E and E.3, respectively. The code
is available athttps://github.com/LeanderDiazBone/discover .

Environments For our experiments, we use the JaxGCRL library [9] to assess performance on
challenging, high-dimensional navigation and manipulation tasks. Speci�cally, we evaluate on
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Figure 3: Comparison of the success rates on the target task over the course of training in the
pointmaze, antmaze& armenvironments. We compare DISCOVER to other strategies for goal
selection. We consider two dif�culty levels for each environment. We �nd that the DISCOVER
agents learn to solve dif�cult target tasks signi�cantly faster than the baselines.

the antmaze environment, where a simulated quadruped with a27-dimensional state space and
an 8-dimensional action space must learn to navigate through a maze to reach a target location.
For manipulation, we consider thearm environment, which features a23-dimensional state and
a 5-dimensional action space. In this task, a robotic arm must move a cube to a speci�ed target
location, potentially while avoiding obstacles. Additionally, we evaluate on randomly generated
pointmazes of varying dimensionality, to assess the capabilities of different goal selection strategies
to explore high-dimensional goal spaces ef�ciently. We construct thesen-dimensionalpointmazes
by randomly generating paths in then-dimensional hypercube until the target location was reached
suf�ciently often from the starting location. For all environments, we consider both a simple and
a hard con�guration, where the latter is characterized by longer horizons, more complex obstacles,
or higher-dimensional goal spaces.

Goal selection baselines We compare DISCOVER with the following baselines.

1. Hindsight Experience Replay (HER): The HER goal selection strategy [5] always selects goals
from the target goal distribution. Since we consider a single �xed target goal, the goal at timet
is set asgt = g?.

2. DISCERN (uniform): The uniform goal selection strategy [85] samples goals uniformly from
the support of the achieved goal distribution, i.e.,gt � Unif(supp(pach )) . The achieved goal
distribution pach is modeled using a kernel density estimator based on randomly sampled
previously achieved goals.

3. Maximum Entropy Gain Achievement (MEGA): The MEGA goal selection strategy [53]
selects goals with the lowest likelihood from the set of achievable goals, i.e.,gt =
arg ming2G ach

pach (g). In contrast to DISCOVER, MEGA additionally de�nes a goalg as
achievable if its value functionV (s0; g) exceeds a threshold, which is adapted dynamically
based on the goal achievement rate over recent episodes.

4. Achievability + Novelty: This baseline corresponds to the undirected components of DISCOVER,
i.e.,gt = arg maxg2G ach

V(s0; g) + � t � (s0; g).

Insight 1: DISCOVER outperforms state-of-the-art goal selection strategies in complex control
environments. As shown in Figure 3, DISCOVER consistently outperforms all baseline goal
selection strategies across the evaluated environments. The performance gains are particularly
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Figure 4: Visualization of the selected goals of different goal selection strategies during the �rst
25M steps on theantmazeenvironment, colored by time step. DISCOVER balances exploring the
environment with exploiting the agent's sense of direction to select goals relevant to the target task.

notable in the more challenging variants of each task, where emphasizingrelevanceproves critical
for learning optimal policies. Interestingly, in thearmenvironment, HER performs better than some
undirected goal selection strategies. We attribute this to the unconstrained nature of the goal space
in thearmenvironment, which leads undirected methods to explore irrelevant regions that do not
contribute to learning about the target goal.

Dimension 2 3 4 5 6

HER 1 1 1 1 1
MEGA 4.8 1 1 1 1
Ach. + Nov. 5.2 1 1 1 1
DISCOVER 2.9 3.1 7.4 5.4 18.7

Table 1: Comparison of the required
number of steps (M) for reaching10%
target goal achievement inpointmazes
of varying dimension. 1 denotes no
achievement of10% success rate be-
fore termination after50M steps. DIS-
COVER scales to large mazes due to its
awareness of direction and uncertainty.

Insight 2: Undirected goal selection is insuf�cient for
high-dimensional search spaces.We next evaluate the
performance of goal selection strategies onpointmaze
navigation tasks of varying dimensionality. Table 1
demonstrates that the undirected goal selection strategies
are eventually successful in two dimensions, but con-
sistently fail in dimension larger than three. In contrast,
DISCOVER, by focusing on the most relevant directions,
successfully solves mazes in up to six dimensions. The
substantial difference in empirical performance can
be explained by the size of the search space explored
by each method. For undirected methods, this space
grows exponentially with dimension, while DISCOVER
mitigates this challenge by only selecting goals that likely
to lead to the �nal objective, thereby dramatically reducing
the effective search space. While the performance gap
is most pronounced in complex, high-dimensional tasks, we demonstrate that DISCOVER also
improves performance in standard sparse-reward environments.

Insight 3: DISCOVER improves performance by selecting relevant goals towards reaching the
target, while exploring suf�ciently. We visualize the goal selection behavior of DISCOVER and
the baseline strategies in theantmazeenvironment in Figure 4. While all baseline methods perform
undirected goal selection, exploring the entire state space, DISCOVER, after an initial exploration
phase, quickly identi�es the correct direction and subsequently focuses its goal selection on the
relevant region. These plots explain the improved performance, as DISCOVER can select (and
achieve) goals at the target much earlier than the other strategies. We provide a detailed evaluation of
how the different components of DISCOVER in�uence goal selection in Appendix D (cf. Figure 14).
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Figure 5: Comparison of using different
strategies to determine direction, which
replace theV(g; g?) term in the DIS-
COVER objective. Hand-designed di-
rection:kg� g?k2; pre-trained direction:
critic from training in apointmaze en-
vironment with the same maze layout.

Insight 4: DISCOVER can leverage prior knowledge
to further accelerate exploration. In many scenarios,
prior information about the environment is available, for
example through pre-training on a related environment.
To evaluate whether DISCOVER can leverage prior
knowledge for exploration, we integrate prior information
on relevanceby substituting the prior forV (g; g?) in
Equation (3). We evaluate two kinds of priors: (1) a
hand-designed prior, leveraging human knowledge akin
to reward shaping, and (2) a pre-trained prior from
a similar environment. We use theantmaze (hard)
environment, picking as a natural hand-designed prior
theL 2-distance to the target goalg? (ignoring obstacles),
and as the pre-trained prior a value function learned on
a pointmaze with the same layout. We �nd in Figure 5
that DISCOVER with a prior can explore marginally
faster than bootstrapping value estimates from scratch.
In particular, in the maze with obstacles, using the
pre-trained prior accelerates exploration, since the agent explores only in the direction of the
target (cf. Figure 13 in the appendix). We expect that this bene�t of priors increases in even harder
tasks, since DISCOVER explores only the dif�cult and novel aspects of the target task.

Figure 6: State-of-the-art RL algorithms
fail to achieve the target tasks even in
their “simple” con�guration.

Insight 5: Subgoal selection enables deep exploration.
Finally, we evaluate the importance of goal-conditioning
for solving sparse-reward tasks. To this end, we compare
DISCOVER to methods for exploration in RL that do not
explicitly select exploratory intermediate goals [24, 27,
48]. This includes state-of-the-art approaches based on cu-
riosity and reward shaping [10, 71]. We show in Figure 6
that even in the simpler environments, these standard
methods are unable to solve the task. In Figure 15 of the
appendix, we visualize the states visited by the non-goal-
conditioned baselines. While methods leveraging curiosity
to shape the reward explore faster than others, none of
them reaches the target task within our maximum number
of episodes. This highlights that in long-horizon, sparse-
reward settings, directed goal selection can facilitate deep
exploration, which is essential for solving complex tasks.

6 Conclusion

In this work, we introduce DISCOVER, a goal selection method for solving challenging tasks by
balancingnovelty, achievability, andrelevance. DISCOVER is closely related to principled methods
for balancing exploration and exploitation, and we theoretically show that it ef�ciently reaches
the target goal in a simpli�ed linear bandit setting. We further empirically evaluate DISCOVER
on various complex control tasks and �nd that it consistently outperforms prior state-of-the-art
exploration strategies in RL in solving dif�cult, sparse-reward tasks.

A limitation of DISCOVER is that it relies on bootstrapped estimates of the value function, which
depend on the ability of the value network to generalize. Additionally, our method incurs overhead by
training an ensemble of critics for uncertainty estimation, potentially limiting its direct applicability
to implementations involving large critic networks such as in language domains. We believe that
exploring alternative means of ef�cient uncertainty estimation for DISCOVER is an exciting direction
for future work. Furthermore, we hypothesize that directed exploration is especially advantageous
in high-dimensional and complex goal spaces, as demonstrated for thepointmaze with variable
dimensions. Therefore, particularly interesting is the application of DISCOVER to problems with
highly complex goal spaces, such as in mathematics or programming with large language model
priors. Finally, our work also highlights important directions for future research, including enabling
the generation (rather than selection) of goals, extending DISCOVER to hierarchical planning, and
reusing experience from one target task for future tasks.
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Question: Do the main claims made in the abstract and introduction accurately re�ect the
paper's contributions and scope?
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Justi�cation: The abstract outlines the main contribution presented in the paper. All empirical
claims are supported by the presented experiments in the Results section. All theoretical
contributions are supported by the results presented in the Section 4.2. All proofs are
presented in Appendix C.

Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and re�ect how
much the results can be expected to generalize to other settings.

• It is �ne to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations

Question: Does the paper discuss the limitations of the work performed by the authors?

Answer: [Yes]

Justi�cation: In the conclusion section we outline the main limitation of our work, which
is the assumption in the theoretical part that the learned value function provides a well-
calibrated model of the true value function. This assumption is unrealistic in practice, due
to the update of the value function using bootstrapped estimates. Although we performed
extensive evalutation on three complex control tasks, further experiments especially in other
domain would support the argument, but are beyond the scope of this paper.
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• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to
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model well-speci�cation, asymptotic approximations only holding locally). The authors
should re�ect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should re�ect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
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• The authors should re�ect on the factors that in�uence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
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• The authors should discuss the computational ef�ciency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren't acknowledged in the paper. The authors should use their best
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judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be speci�cally instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]

Justi�cation: All assumptions and proofs for all theoretical results are outlined in Appendix
C.

Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justi�cation: All experiments in the paper are easily reproducible by following the instruc-
tions provided in the README.md �le in the attached code submission.

Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or veri�able.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suf�ce, or if the contribution is a speci�c model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).
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(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with suf�cient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justi�cation: All code used for implementing the method and running all experiments is
attached to the submission. All experimental results are reproducible by following the
instructions provided in the README.md �le. No additional datasets were used for the
experiments of this paper.

Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/

public/guides/CodeSubmissionPolicy ) for more details.
• While we encourage the release of code and data, we understand that this might not be

possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy ) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justi�cation: We outline the most relevant implementation details in Appendix E and list the
most relevant hyperparameter choices in Table 2. All further implementation detail can be
found in the provided implementations.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.

7. Experiment statistical signi�cance

Question: Does the paper report error bars suitably and correctly de�ned or other appropriate
information about the statistical signi�cance of the experiments?

Answer: [Yes]
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Justi�cation: All results are accompanied by error bars. All experiments were performed for
10different seeds and the mean and one standard error is reported.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, con�-

dence intervals, or statistical signi�cance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not veri�ed.

• For asymmetric distributions, the authors should be careful not to show in tables or
�gures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding �gures or tables in the text.

8. Experiments compute resources

Question: For each experiment, does the paper provide suf�cient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justi�cation: All experiments were run on an internal cluster using a single NVIDIA GeForce
RTX 2080 Ti GPU for each run. Any standard consumer GPU is suf�cient for running all
experiments. The experiments require at most16GB of memory. The longest experiment
run took approximately50 hours and to reproduce all experiments about800runs, totalling
an approximated8000compute hours.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn't make it into the paper).

9. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethicshttps://neurips.cc/public/EthicsGuidelines ?

Answer: [Yes]

Justi�cation: The research conducted in this paper respects the NeurIPS code of ethics in
every respect.

Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
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• The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

10. Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justi�cation: We discuss the broader societal impacts in the following: Improving the
ef�ciency of exploration is one of the key challenges in sparse-reward reinforcement learning.
The societal impacts of improved reinforcement learning systems are broad due to their wide
applicability. This includes major societal bene�ts such as improved robotics, accelerating
scienti�c progress, etc. Of course, the overall RL framework is so general that potential
misuse cannot be ruled out.

Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake pro�les, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact speci�c
groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the ef�ciency and accessibility of ML).

11. Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]

Justi�cation: The paper doesn't release any data or model, which poses any risk.

Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety �lters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
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Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justi�cation: For our experiments we adapt the JaxGCRL code base and cite the original
authors properly. No additional existing assets are used.

Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the

package should be provided. For popular datasets,paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset's creators.

13. New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justi�cation: The only asset introduced in this work is the implementation of the novel
DISCOVER method along side its baselines. We provide the implementation along side a
documentation for understanding the main components and reproducing the experiments.

Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip �le.

14. Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]

Justi�cation: The paper does not involve crowdsourcing nor research with human subjects.

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is �ne, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

20



• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.
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such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
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Answer: [NA]
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Guidelines:
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• Depending on the country in which research is conducted, IRB approval (or equivalent)
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• We recognize that the procedures for this may vary signi�cantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
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only for writing, editing, or formatting purposes and does not impact the core methodology,
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• The answer NA means that the core method development in this research does not
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A Additional Related Work

Self-play Many games can be naturally formulated as sparse-reward reinforcement learning
problems, where the agent receives a reward only upon winning. Seminal works have achieved
superhuman ability using this approach [e.g.,45, 66, 67, 7]. A central technique, enabling these
successes, is self-play [79, 64, 65, 66]. There are clear connections between these techniques and
the directed exploration in DISCOVER. Self-play can be viewed as a form of goal selection [64, 65],
where the current agent (or a simultaneously trained agent) is choosen as its own opponent. This
opponent selection promotesachievability, as it is possible to beat a recent version of yourself,novelty
as the opponent is of similar ability, andrelevanceas it is the currently strongest opponent to beat.

Hierarchical RL DISCOVER is closely related to the �eld of hierarchical RL [76, 16, 46], which
aims to explore and plan at a higher level of abstraction. Recent methods have introduced frameworks
in which multiple hierarchical levels are used to propose and learn skills [46, 25]. In this work,
we focus on a simpli�ed setting in which a single goal is selected for exploration in each episode.
However, the general approach can be naturally extended to more complex hierarchical structures.

Directed exploration in sequential decision making DISCOVER is designed to ef�ciently address
the exploration-exploitation dilemma, a key concept in sequential decision making. Fundamentally, it
expresses an agent's inevitable trade-off between the objectives of learning its environment and solving
a task. A particularly common approach to balancing exploration and exploitation is grounded in the
principle of optimism in the face of uncertainty [e.g.,68]. Thereby, the agent selects actions that max-
imize an upper con�dence bound (UCB) of the reward function, i.e., it selects actions which based on
the agents' imperfect knowledgecould lead to a large reward. In many settings of sequential decision
making, such as linear bandits, this approach achieves the rate-optimal regretRT � eO(d

p
T) [68, 2,

1, 13]. The DISCOVER objective extends UCB to the problem of goal selection in RL. Beyond UCB,
many other methods have been shown to effectively direct exploration towards “relevant” experience,
such as in bandits [e.g., 60, 59, 34], in RL [e.g., 14, 72], or in active learning [e.g., 42, 37, 6].

B Connection to the Likelihood of Success

From a goal-reaching perspective, the undiscounted version of the DISCOVER criterion is tightly
connected to the actual objective of the agent, i.e., reaching the target goal. This emerges naturally as
when
 ! 1, � ! 0, and� ! � ?, the value function becomes a (negative) quasimetric [83]. Thus, it
is non-positive, and respects the triangle inequality,

V � (s0; g) + V � (g; g?) � V � (s0; g?); (5)

for arbitrarys0 2 S; g; g? 2 G. Note that the direction of the inequality is �ipped as the value function
represents a negative distance. For� = 0 :5, DISCOVER maximizes a probabilistic estimate of the left
hand side of Equation (5), which is a tight lower-bound toV � (s0; g?). The valueV � (s0; g?) is exactly
the quantity of interest for the agent, as it represents the negative expected number of steps to reach the
true goalg?. Intuitively, DISCOVER selects goals that are optimistically going to guarantee the short-
est path to the actual goal or, in the undiscounted case, the likelihood of reaching it within an episode.

C Proofs

In this section, we prove the theoretical guarantee informally stated in Informal Theorem 4.2. We
begin by introducing some useful notation and the formal assumptions before proving Theorem C.9.

C.1 Notation

We de�ne the reward functionr ?(g) = �V ?(s0; g) + (1 � � )V ?(g; g?) for any �xed � 2 (0; 1
2 ).

We de�ned?(g; g0) = � V ?(g; g?). We denote byGt � G the goals that are achievable by the agent
in episodet with probability at least� , i.e., the policy is able to reach goals withinGt with probability
at least� . We uselog to denote the natural logarithm. For simplicity, we assume throughout that the
initial states0 is �xed across all episodes.
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C.2 Assumptions

Assumption C.1(Linear value function within feature space). For anyn � 1 and for allg 2 Gn , the
value functionsV ?(s0; g) andV ?(g; g?) are linear in the features� (�); ' (�) 2 Rd with � (�) ? ' (�),
i.e.,

V ?(s0; g) = h� (g); � i and V ?(g; g?) = h' (g); � 0i

for some �xed�; � 0 2 Rd with k� k2; k� 0k2 � 1.

Assumption C.2(Noisy feedback). In episodet, selecting anygt 2 Gt , the agent receives noisy
feedbackyt = r ?(gt ) + " t . We assume that the noise sequencef " t g1

t =1 is conditionallyR-sub-
Gaussian for a �xed constantR � 0, i.e.,

8t � 0; 8� 2 R; E[e�" t j F t � 1] � exp
�

� 2R2

2

�

whereF t � 1 is the� -algebra generated by the random variablesf gs; " sgt � 1
s=1 andgt .

Assumption C.3(Value function estimates). For anyh � 1; t � h, the value function estimate
relative tos0 is given by

Vt (s0; �) def= � (�)> (� t + �I ) � 1
t � 1X

s= h

� (gs)ys;

� t (s0; �) def=
q

� (�)> (� t + �I ) � 1� (�);

where� t =
P t � 1

s= h � (gs)� (gs)> and� > 0. The value function estimate relative tog? is de�ned
analogously with respect to the feature vector' (�).

Assumption C.4(Goal space contains optimal paths5). For any goalg0 2 G, the optimal path from
g0 to g? is contained inG. Formally, there exists ag 2 G such thatd?(g0; g?) = d?(g0; g) + d?(g; g?)
for anyd?(g0; g) 2 [0; d?(g0; g?)].

Assumption C.5(Goal achievability). We denote byGt � G the goals that are achievable by the
agent in episodet with probability at least� 2 (0; 1). Moreover, for anyt � 1, theGt contains all
goalsg 2 G for which we have previously selected a goal, which is(1 � � )� -close (under the optimal
value function). We call� > 0 theexpansion rate. Formally,

Gt +1 � f g 2 G j 9t0 � t : d?(gt 0; g) � (1 � � )� g:

Further,G0 � f s0g, i.e., the initial state is always achievable.

Relaxing Assumption C.2 One can consider any individual feedbackyt as being the result of an
oracle that achieves the commanded goalgt with probability at least� within K episodes. With this
looser assumption, our bound in Informal Theorem 4.2 simply increases by a factorK .

C.3 Proof of Informal Theorem 4.2

We begin by restating the regret bound obtained for linear bandits in [13].

Proposition C.6. Let Assumptions C.1 to C.3 hold. Fix any� 2 (0; 1); n � 1; � 2 (0; 1), and let

� t = 1 + R
p

2(d log(t � n + 1) + 1 + log(1 =� )) for t � n: (6)

We then have with probability1 � � that the regret of selecting goalsgn ; gn +1 ; : : : with
DISCOVER(�; � t ) is bounded by

h+ TX

t = h

max
g2G n

r ?(g) � r ?(gt ) � O(d
p

T logT log(1=� )) :

5This assumption simply states that the goal spaceGis geodesically convex under the quasimetricd? induced
by the optimal value function. This is a standard “reachability” condition, which may be familiar to readers from
control theory.
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Proof. By Theorem 3 in [13] and using that the feature spaces� and' are orthogonal (cf. Assump-
tion C.1), we have

h+ TX

t = h

max
g2G n

r ?(g) � r ?(gt ) � O(
p

T(B
p


 T + 
 T +
p


 T log(1=� )))

with B = 1 . Bounding
 T � O(d logT) using Assumption C.1, completes the proof.

Lemma C.7. Let Assumption C.4 hold and �x any� > 0; � > 0. Then, for allg0 2 G with
d?(g0; g?) � � there exists ag 2 G with d?(g; g0) = � such thatr ?(g) � r ?(g0) � (1 � 2� )� .

Proof. Consider the optimal path fromg0 to g?, i.e., the goalsg satisfying

d?(g0; g?) = d?(g0; g) + d?(g; g?):

By Assumption C.4, for anyd?(g0; g) 2 [0; � ], we have thatg 2 G. We take the goalg such that
d?(g0; g) = � . We then obtain

r ?(g) � r ?(g0) = � (V ?(s0; g) � V ?(s0; g0)) + (1 � � )(V ?(g; g?) � V ?(g0; g?))

= � (d?(s0; g0) � d?(s0; g)) + (1 � � )(d?(g0; g?) � d?(g; g?))

= � (d?(s0; g0) � d?(s0; g)) + (1 � � )�

� � (d?(s0; g0) � (d?(s0; g0) + d?(g0; g))) + (1 � � )� (triangle inequality)

= � �d ?(g0; g) + (1 � � )�
= � �� + (1 � � )�
= (1 � 2� )�:

Lemma C.8(Improvement lemma). Let Assumptions C.1 to C.4 hold with� t as in Equation(6). Fix
any� 2 (0; 1), n � 1, � > 0, � 2 (0; 1

2 ) and0 < � < (1 � 2� )� . With probability1 � � , there exist
a t0 2 f n; : : : ; n + Tg with T = e�( d2

� ((1 � 2� ) � � �) 2 ) and a~g 2 G with d?(gt 0; ~g) � � such that

r ?(~g) � max
g2G n

r ?(g) � � :

Proof. With probability1 � �
2 , the number of episodesT until the agent has achievedTach of its

goals is bounded asT = e�( Tach
� ).6 We denote byT � f n; : : : ; n + Tg the set of episodes in which

the agent has achieved its goal. Further, by Proposition C.6, also with probability1 � �
2 , we have

Rn
def=

1
jT j

X

t 2T

max
g2G n

r ?(g) � r ?(gt ) � eO(d=
p

jT j):

All further steps are conditional on the union of the above high probability events. Thus, the regret in
successful episodes is bounded byRn � eO(d=

p
Tach ).

Observe that for someTach = e�( d2=((1 � 2� )� � �) 2), we have thatRn � (1 � 2� )� � � , where
the conditions� < 1

2 and� < (1 � 2� )� ensure that the bound on the regret is positive. This then
implies that there exists at0 2 T such that

max
g2G n

r ?(g) � r ?(gt 0) � (1 � 2� )� � � (7)

Further, by Lemma C.7, there exists a~g 2 G such thatd?(gt 0; ~g) = � and

r ?(~g) � r ?(gt 0) � (1 � 2� )�: (8)

Combining the above, we obtain

r ?(~g) � max
g2G n

r ?(g) � r ?(~g) � [(1 � 2� )� � � + r ?(gt 0)] (Equation (7))

= r ?(~g) � r ?(gt 0) � (1 � 2� )� + �
� (1 � 2� )� � (1 � 2� )� + � (Equation (8))
= � :
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Figure 7: Plotting the effect of the parameter� on the (inverse) goal-achieval rate (cf. Theorem C.9).
The target goal is reached fastest for� � 0:1.

Theorem C.9. Let Assumptions C.1 to C.5 hold with� t as in Equation (6). Fix any
� 2 (0; 1), � 2 (0; 1

2 ), and let D = d?(s0; g?). Then, with probability1 � � , selecting
goals gt with DISCOVER(�; � t ), the number of episodesN until g? 2 GN is bounded by
N � eO( Dd 2

� (1 � 2� )2 (1 � � )3 � 3 ) = eO( Dd 2

� 3 ).

Proof. We �rst note that

r ?(g?) � r ?(s0) = � (V ?(s0; g?) � V ?(s0; s0)) + (1 � � )(V ?(g?; g?) � V ?(s0; g?))
= �V ?(s0; g?) � (1 � � )V ?(s0; g?)
= (2 � � 1)V ?(s0; g?) = (1 � 2� )d?(s0; g?) = (1 � 2� )D:

We prove the theorem by applying Lemma C.8M def= d(1 � 2� )D
� e times, while setting� = (1 � � )� .

First, for an arbitrary0 � i � M � 1, we assume for the goal setGiT with some
T = e�( d2

� ((1 � 2� )(1 � � ) � � �) 2 ) that it holds that

max
g2G iT

r ?(g) � r ?(s0) + i � :

Now, applying Lemma C.8 yields that after an additionalT steps, with high probability, there exists a
t0 2 f iT; : : : ; (i + 1) Tg such that there is a~g 2 G with d?(gt 0; ~g) � (1 � � )� satisfying

r ?(~g) � max
g2G iT

r ?(g) � � :

Hence, by Assumption C.5, we have that~g 2 G( i +1) T , and therefore,

max
g2G ( i +1) T

r ?(g) � r ?(~g) � � + max
g2G iT

r ?(g) � r ?(s0) + ( i + 1)� :

Iterating this argumentM times and applying a union bound, we obtain

max
g2G MT

r ?(g) � r ?(s0) + M � � r ?(g?):

The total number of episodes is

N def= MT � eO
�

(1 � 2� )Dd2

� � ((1 � 2� )(1 � � )� � �) 2

�
:

We can optimize� and � to minimize N under the constraints0 < � < 1
2 , � > 0, and

� < (1 � 2� )(1 � � )� . The optimal choices are� = 1
3 (1 � 2� )(1 � � )� and� � 0:1. Sub-

stituting, we obtainN � eO( Dd 2

� (1 � 2� )2 (1 � � )3 � 3 ) = eO( Dd 2

� 3 ).

Finally, we include a technical lemma that is used in the proof of Lemma C.8.

6See Lemma C.10.
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Lemma C.10. Let 0 < � � 1, 0 < � < 1 and supposeTach � 8 log(1=� ). Furthermore, let

X 1; : : : ; X T
i:i :d:� Bern(� ) and ST =

P T
t =1 X t . Then, for someT = e�( Tach

� ), with probability
1 � � , we haveST � Tach .

Proof. Set


 =

s
2 log(1=� )

Tach
; T =

l
(1+ 
 )2 Tach

�

m
= e�

� Tach
�

�
; � = E[ST ] = � T:

Note that� � (1 + 
 )2Tach and0 < 
 < 1 (for Tach � 8 log(1=� )). Hence,

Tach = (1 � � ) �; � = 1 � Tach
� = 
 (2+ 
 )

(1+ 
 )2 � 

1+ 
 2 (0; 1):

By the multiplicative Chernoff bound,

Pr
�
ST < T ach

�
= Pr

�
ST < (1 � � )�

�
� exp

�
� � 2 �

2

�
� exp

�
� 
 2 Tach

2

�
= exp

�
� log(1=� )

�
= �:
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(a)pointmaze (b) antmaze (c) arm

Figure 8: Sparse-reward environments from the JaxGCRL [9] library used in our evaluation. We
additionally implement thepointmaze environment (left), which allows for arbitrary dimensionality.
The maze is created by randomly generating paths in the environment until the target is found
suf�ciently often.

D Additional Experimental Results

In this section, we present additional experiments and ablations. The environments used for this
evaluation are visualized in Figure 8 [9].

Figure 9: Evaluation of robustness directed
goal selection with respect to noisy target es-
timates. The variance refers to the variance
of the random Gaussian noise that is added
to the target goal before selecting the goals
using the hand-designed goal selection strat-
egy, which uses theL 2 distance to estimate
direction.

In high-dimensional search spaces, even direction
estimates with high variance are useful. In com-
plex environments, obtaining accurate direction esti-
mates can be challenging. To evaluate the utility of
directed goal selection in scenarios where direction
estimates are imprecise, we add Gaussian noise to the
target goal location. We then compare the number of
environment steps required to reach a10%target goal
achievement rate using the hand-designed goal selec-
tion strategy from Figure 5, under varying levels of
noise variance. The results in Figure 9 show that even
with substantial noise,pointmaze environments that
are unsolvable by undirected methods, remain solv-
able by DISCOVER. This demonstrates that even
imprecise directional estimates can signi�cantly aid
target goal discovery in complex goal spaces.

Ablation of the online parameter adaptation strat-
egy In Figure 10, we evaluate the effect of using
the simple proposed adaptation strategy with differ-
ent target goal achievement ratiop?

A , and compare
with �xing the � t parameters to0 (Target Relevance
+ Novelty) and0:5 (Fixed DISCOVER). Furthermore,
we report the average� t for DISCOVER for all easy
and hard tasks respectively in Figure 11. The comparison of the success rates on theantmaze
environments demonstrates that the adaptation strategy with any target goal achievement works better
than �xing the parameters. This can be observed from the goal achievement rates. If we �x� t = 0 :5,
we choose goals that are "too easy" and therefore don't explore suf�ciently. On the other hand,
by �xing � t = 0 we select goals that are "too hard", which also leads too poor improvement. By
using the simple adaptation strategy, we roughly achieve the target goal achievement speci�ed. The
optimal performance is achieved for the target goal achievementp?

A = 0 :5, which is in line with
what other methods found [53, 41, 84]. The average� t , which is found by the adaptation strategy,
initially goes up to0:15, which is roughly what we found in the theoretical analysis in the linear
bandit setting (cf. Theorem C.9), and then starts to decay. The decay can be explained by the fact that
once we can reach the target goal, we don't need to optimize for achievability anymore.

In�uence of the term � (g; g?) In Figure 12, we study how the standard deviation� (g; g?) from
goal g to the targetg? in�uences the training. This term theoretically is part of the UCB term,
directing the agent towards the target goal. To this end, we �x the contribution of� (s0; g) (i.e., set
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Figure 10: Comparison of how the adaptation strategy in�uences the goal achievement and success
rates. We compare two constant strategies (Fixed DISCOVER and Fixed Target Relevance + Novelty)
with an adaptation rule for different goal achievement targets.

d

Figure 11: We plot the average� t over the training, as adapted by the previously introduced online
adaptation strategy for the DISCOVER goal selection strategy. The� t are averaged over the three
main environments.
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Figure 12: Comparison of how changing the coef�cient of� (g; g?) in�uences the performance,
when training on the twoantmazecon�gurations. We use the con�guration with� 0 = 0 in all other
experiments.

� t = 1
� t

) and consider a separate �xed� 0
t = � 0

1� � , which determines the contribution of� (g; g?).
The plot shows that no value for the� 0 parameter has a signi�cant positive effect on the performance.
For this reason, we substitute� (s0; g) for � (g; g?) in our other experiments with DISCOVER.

Figure 13: Selected goals by “DIS-
COVER + pre-trained prior” in the
antmazeenvironment.

Exploration of DISCOVER + pre-trained prior We
visualize the exploration of the DISCOVER + pre-trained
prior gaol selection strategy in Figure 13. In comparison
to DISCOVER starting from a randomly initialized agent,
it only explores in the correct direction, avoiding obstacles.
This demonstrates that access to prior can further improve
performance of DISCOVER.

Investigation of the role of the DISCOVER components
for exploration We visualize the different components
of the DISCOVER objective over the course of training
in Figure 14. The �rst termV(s0; g) has high-value close
to the initial state. By maximizing it, we will pick a
goal that is close to the start and likely to beachievable,
which matches the intuition. The second termV(g; g?)
represents the value from a goalg to the target goalg?.
The plots show that in the �rst episodes the value is small everywhere and only once goals are
discovered that are closer to the �nal target we observe higher values. Over the course of training,
its role of encouraging to pick goalsrelevantto the �nal target becomes more evident. This term
therefore directs the goal selection towards the �nal goal. Finally, the standard deviation� (s0; g) has
the largest value at the border of the current achievable goal set and therefore encourages selecting
novelgoals. In general, the components of the DISCOVER objective during the training match the
previously presented intuition and can ef�ciently guide the goal selection towards the desired target.

Investigation of Direction Estimation To further investigate the ability of the relevance term in
the DISCOVER objective to direct the exploration towards to the target goal, we plot the pearson
correlation between the relevance termV ?(g; g?) and a proxy for the true distancejjg � g? jj in
Figure 16a. The correlation in both theantmazeandpointmaze environments increases quickly
during training. This indicates that the relevance term captures a useful notion of distance, even
before the �nal goal is reached for the �rst time. This behavior explains DISCOVER's superior
performance compared to undirected goal-selection strategies, as the value function is able to capture
a useful notion of distance to the target, before it was reached. This allows DISCOVER to effectively
guide the exploration to the true target goal. Notably, the correlation does not converge to one. This
is expected, as the Euclidean distance in the goal space is an imperfect proxy for the true shortest
traversable path within the environment.
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