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ABSTRACT

Exploration in sparse reward environments remains a significant challenge in
reinforcement learning, particularly in Contextual Markov Decision Processes
(CMDPs), where environments differ across episodes. Existing episodic intrin-
sic motivation methods for CMDPs primarily rely on count-based approaches,
which are ineffective in large state spaces, or on similarity-based methods that
lack appropriate metrics for state comparison. To address these shortcomings, we
propose Episodic Novelty Through Temporal Distance (ETD), a novel approach
that introduces temporal distance as a robust metric for state similarity and in-
trinsic reward computation. By employing contrastive learning, ETD accurately
estimates temporal distances and derives intrinsic rewards based on the novelty of
states within the current episode. Extensive experiments on various benchmark
tasks demonstrate that ETD significantly outperforms state-of-the-art methods,
highlighting its effectiveness in enhancing exploration in sparse reward CMDPs.

1 INTRODUCTION

Exploration in sparse reward environments remains a significant challenge in reinforcement learning
(RL). Recent approaches have introduced the concept of intrinsic motivation (Meyer & Wilson, |1991;
Oudeyer et al.,|2007)) to encourage agents to explore novel states, yielding promising results in sparse
reward Markov Decision Processes (MDPs) (Bellemare et al.,[2016; [Pathak et al.,|2017; [Burda et al.,
2018; Machado et al.,|2020). Most existing methods grounded in intrinsic motivation derive rewards
from the agent’s cumulative experiences across all episodes. While these methods are effective in
singleton MDPs, where agents are spawned in the same environment for each episode, they exhibit
limited generalization across environments (Henaff et al., [2022). Real-world applications are often
more suitably represented by Contextual MDPs (CMDPs) (Henaff et al., |2023), where different
episodes correspond to different environments that nevertheless share certain characteristics, such as
procedurally-generated environments (Chevalier-Boisvert et al., 2023} |(Cobbe et al., [2020; |Kiittler|
et al.| [2020) or embodied Al tasks requiring generalization across diverse spaces (Savva et al.,[2019;
L1 et al., 2021} |Gan et al.| [2020; | Xiang et al., [2020). In CMDPs, the uniqueness of each episode
indicates that experiences from one episode may offer limited insights into the novelty of states
in another episode, thereby necessitating the development of more effective intrinsic motivation
mechanisms.

To address the challenges of exploration in CMDPs, where episodes differ significantly, several works
have introduced episodic bonuses (Henaff et al.,2023). These bonuses are derived from experiences
within the current episode, avoiding the generalization limitations of cross-episode rewards. These
approaches can typically be divided into two lines: count-based (Raileanu & Rocktaschell [2020;
Flet-Berliac et al.,[2021; Zha et al.,|2021; Zhang et al., 2021b; Parisi et al.| 2021} [Zhang et al.| [2021a;
Mu et al., [2022; |Ramesh et al.,[2022) and similarity-based (Savinov et al.,|[2018}; |Badia et al., 2020;
Henaff et al.,[2022;|Wan et al.,[2023)). Count-based methods rely on an episodic count term to generate
positive bonuses once encountering a new state but struggle in large or continuous state spaces (Lobel
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et al.| [2023), where each state is unique and episodic bonuses remain uniform across all states.
Meanwhile, similarity-based methods require appropriate measurements between pairs of states,
which used to be assessed via Euclidean distance (Badia et al., [2020; Henaff et al., 2022)) or reachable
likelihood (Savinov et al.l 2018} [Wan et al.| | 2023)) in some latent spaces. However, these similarity
measurements used by existing methods do not provide a suitable metric for capturing the novelty of
states, as illustrated in Figure[2] This inadequacy undermines the credibility of subsequent intrinsic
reward calculations and limits the effectiveness of these methods in complex CMDP environments.
Our work addresses this gap by introducing a new metric—temporal distance—that more effectively
captures novelty in CMDPs by considering the expected number of steps between states.

In this work, we introduce Episodic Novelty Through Temporal Distance (ETD), a novel approach
designed to encourage agents to explore states that are temporally distant from their episodic history.
The critical innovation of ETD lies in its use of temporal distance—the expected number of envi-
ronment steps required to transition between two states—as a robust metric for state similarity in
intrinsic reward computation. Unlike existing similarity metrics, temporal distance is invariant to state
representations, which mitigates issues like the “noisy-TV” problem (Burda et al.,|2018)) and ensures
the applicability of ETD in pixel-based environments. We employ contrastive learning with special-
ized parameterization to accurately estimate the temporal distances between states. The intrinsic
reward is computed based on the aggregated temporal distances between a new state and each in the
episodic memory. Through extensive experiments on various CMDP benchmark tasks, including Min-
iGrid (Chevalier-Boisvert et al., 2023), Crafter (Hafner, 2022), and MiniWorld (Chevalier-Boisvert
et al.|, 2023)), we show that ETD significantly outperforms state-of-the-art methods, improving
exploration efficiency.

2 BACKGROUND

We consider a contextual Markov Decision Process (CMDP) defined by (S; A;C;P;r; c; s; ),
where S is the state space, A is the action space, C is the context space, P : S x A xC — (S)is
the transition function, r(St; at; St+1) is the reward function and typically sparse, s is the initial
state distribution conditioned on the context, ¢ is the context distribution, and € (0;1) is the
reward discount factor. At start at each episode, a context C is sampled from ¢, followed by an
initial state So sampled from s(-|c), and subsequent states are sampled from Sy 1 ~ P (:|S¢; ag; €).
The goal is to optimize a policy gS —  (A) so that the the expected accumulated reward across
over all contexts Ec <:son s(-o)l ¢ tr(st; at; St41)] is maximized.

Examples of CMDPs include procedurally generated environments (Chevalier-Boisvert et al., 2023},
Cobbe et al., 2020; Kiittler et al.| |[2020; [Hafner, 2022), where each context C serves as a random
seed for environment generation. Similarly, Embodied Al environments (Chevalier-Boisvert et al.,
2023} |Savva et al., [2019; |Gan et al.| |2020), where agents navigate various simulated homes, are also
examples of CMDPs. Notably, singleton MDPs (|C| = 1) represent a special case of CMDPs. We
primarily focus on CMDPs with |C| = co.

To address the sparse reward challenges, we augment the reward function r by adding an intrinsic
reward bonus. The modified equation is r(S¢; a¢; St1) = g + - by, where rf represents the sparse
extrinsic reward and by denotes the intrinsic reward at each timestep t. The hyperparameter controls
the influence of the intrinsic reward.

3 LIMITATIONS OF CURRENT EPISODIC BONUSES

Recent intrinsic motivation methods (Andres et al.| 2022} |Henaff et al., 2022;[2023)) have demonstrated
that incorporating an episodic bonus is crucial for solving sparse reward CMDP problems. For
instance, high-performing methods like NovelD(Zhang et al.,|2021b)) often depend on an episodic
count term to be effective in CMDPs. However, these count-based methods face challenges in large
or noisy state spaces. When each state is unique, the episodic bonus becomes less meaningful as it
assigns the same value to all states. This issue is evident in the “noisy-TV” problem (Burda et al.,
2018)), where random noise disrupts the state. We validated this observation using the MiniGird-
DoorKey16x16 experiment, as shown in Figure[I] When no noise was present in the environment,
NovelD performed well. However, when Gaussian noise with a mean of 0 and variance of 0.1
was added to the state input, NovelD failed completely, as indicated by the corresponding curve
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(a) Inverse dynamic (b) Likelihood (c) Ours

Figure 2: Distance fromto all other states in a 17x17 SpiralMaze.

Darker colors indicate greater distanceeft) Euclidean distance
Figure 1: Training curves in  of embeddings trained by inverse dynamic3eiter) Likelihood
Minigrid-DooKey-16x16 estimation of easy transitions (ECRight) The learned temporal
(w/w.0. noise). distance (Ours).

(NovelD-noise). In contrast, our proposed method, ETD, maintained strong performance even with
the added noise, demonstrating its robustness where NovelD proved ineffective.

Potential alternatives include computing episodic novelty based on the similarity of the current state
to previously encountered states stored in episodic memory. This can be achieved using metrics such
as Euclidean distance in an embedding space learned through inverse dynamics, as seen in NGU
(Badia et al., 2020) and E3B (Henalff et al., 2022). Another approach is to estimate the likelihood of
easy transitions between states, as done in EC (Savinoy|et all, 2018) and DEIR (Wan etlal., 2023).
However, we found that these methods do not accurately measure the similarity between states.
We conducted an experiment using the SpiralMaze environment, as shown in the[Figure 2. We
collected 100 trajectories, each consisting of 50 time steps, as training data. We then evaluated the
similarity between the red square statend all other states. As the spiral deepens, the states become
increasingly distant from the red square, indicating lower similarity. Figure 2(a) shows the inverse
dynamics method, where embeddings are trained to predict actions based on the current and next
states, with the Euclidean distance between embeddings serving as the similarity metric. However,
we found that the Inverse Dynamics method struggles to provide a smooth estimation of the similarity
between states. Figure 2(b) presents the EC approach, where a classi er predicts the likelihood that
two states are within K time steps, using this likelihood as the similarity measure. We observed that
this likelihood measure effectively captures local proximity but fails to distinguish the similarity
between most states due to its nature as a non-distance metric. In contrast, our method, which learns
temporal distances, as shown in Figure 2(c), accurately captures the similarity between the red square
and each state.

4 METHODS

In this section, we introduce Episodic Novelty through Temporal Distance (ETD), an algorithm
designed to enhance exploration in CMDPs. The core innovation of ETD is using a temporal distance
guasimetric to measure state similarity, encouraging the agent to explore states that are temporally
distant from its episodic memory. As summarized in Figyre 3, we employ a specially parameterized
contrastive learning method to learn this temporal distance and then identify the minimum temporal
distance between the current state and all previously encountered states in the episodic memory. This
minimum distance serves as the intrinsic reward for the current state. The next two sections will
elaborate on the details.

4,1 TEMPORAL DISTANCE LEARNING

Temporal distance can be intuitively understood through the transition probability between states,
where a lower probability indicates a larger distance. For a given polisye de nep (sx = YjSp =

x) as the probability of reaching statet time stegk when starting fronx. The transition probability

can be described using a discounted state occupancy measure, which equals a geometrically weighted
average of the probabilities:

X
p(st=yjso=x)=(1 ) p (sk = yiso = X): @)
k=0
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Figure 3: Overview of ETD. ETD encourages visits to temporally distant states from episodic memory.
Temporal distance can be learned through contrastive learning when positive samples consist of a state
and its geometrically distributed future state, with the erengy function parameterized as a potential
network minus a quasimetric network. The intrinsic reward is then derived from the minimum
temporal distance between the current state and the states stored in episodic memory.

To ensure the temporal distance behaves as a quasimetric (a metric that relaxes the symmetry
assumption), we use the successor distance (Myers et al., 2024). Given a palieysuccessor
distance is de ned as the difference between the logarithms of the probabilities of regdhimgy
(self-loop) and reaching from x:

p (st = Yjso=Y)
p (St = yjso = X)

This formulation satis es the triangle inequality and other quasimetric properties (Myers et al., 2024),
even in stochastic MDPs.

dsp(X;y) = log )

Consequently, the successor distance can be reliably used as a measure of similarity between states.

we present how to estimate the successor distdggex; y) de ned in Equation 2 based on the con-
trastive learning. Given the joint distributign (ﬁ =y | So = X) over two statdx; y), de ne ps(x)
as the marginal state distribution, apg (y) = ps(X)p (st = y ] so = x) as the corresponding
marginal distribution over future states. Intuitively, we can de ne an energy funttipqy) that
assigns larger values {@; y) tuples sampled from the joint distribution and smaller valugxig)
tuples sampled independently from their marginal distributions. Give a batch of fuptesg? ; ,
we use the symmetrized infoNCE loss function (Oord et al., 2018) to fedry):
" #
L= g p ORI (Xiv)) exp(f (xi:yi))

i1 Py exp(f (xiiy)) P et (xivi)

P

®3)

Based on Equation 3, we can use the unique solution of the energy fufictigMa & Collins,
2018; Poole et al., 2019) to recover the successor distdgge;y) in Equation 2. Following
prior work (Myers et al., 2024), we decompose the energy funétign. (x;y) as the difference
between a potential netwok (y) : S! R and a quasimetric network (x;y):S S! R:

fo.Hxy)=c(y) d(xy): (4)

Then, we havelgp(x;y) = d (x;y). As a result, we discard (,y after contrastive learning and
directly used (x;y) as our temporal distance. For further details, see Appendix B.

To demonstrate the learned temporal distance, we present results from the SpiralMaze 17x17 task, as
shown in Figure 2(c). We collected 100 random episodes (each with 50-time steps) and minimized the
loss function following the process above. The resulting temporal distar{ee ) is visualized with

a colormap (darker color indicates larger distances), showing strong alignment with ground-truth.
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Algorithm 1 Episodic Novelty through Temporal Distance

Initialize policy , quasimetrid , potentialc andf, y=c¢ d.
while not convergedio
Sample context ¢ and initial statesgy s(jc)
fort=0;::; T do

a (jst) # Sample action
St+1;f5y P(jst;a;€)  # Step through environment
b+ = min  d (sk;St+1) # Compute bonus
k2[0;t +1)
Mer = &g + bra
end for
Sample pair of statef(xi;yi)gfk; P (s' = yijSo = Xi)ps(xi)
# Practicallyx; = si;yi = st+j,] Geon(l ).
Updatef (. ) to minimize the loss:
" #
_® exp(f(; y(Xi;i)) exp(f(; H(Xi;yi))
L. )= log P +log P
G ) B f . B f .
i=1 j=1 exp(f¢. (X)) =1 exp(f¢; y(xjvi)

Perform PPO update onusing rewards;;::;; rr.
end while

4.2 TEMPORAL DISTANCE ASEPISODICBONUS

Our approach maximizes the temporal distance between newly visited and previously encountered
states within the current episode. At each time $tepe assign a larger intrinsic reward to states that

are temporally distant from the episodic memory. Formally, the episodic temporal distance bonus is
de ned as:

berp(st) = k@{g_t)d (sk:st); )

wherefd (sk;st)gf(:é represents the learned temporal distances between the currerst state

all previous statefsy g}(:é in the episodic memory. The minimum distance is used as the episodic

intrinsic reward. In terms of computational ef ciency, storing CNN-extracted embeddings in episodic

memory minimizes memory overhead. Additionally, concatenating memory states allow all temporal
distances to be computed in a single neural network inference, ensuring high time ef ciency.

Connections to previous intrinsic motivation methods. Many previous episodic intrinsic reward
methods, such as DEIR (Wan et al., 2023), NGU (Badia et al., 2020), GoBI (Fu et al., 2023),
and EC (Savinov et al., 2018), also rely on episodic memory and past states to calculate rewards.
Compared to these methods, our reward formulation is notably simpler. Both EC and GoBI use
reachability to assess state similarity, which is similar to our approach. However, EC struggles to learn
temporal distance accurately, as shown in Figure 2(b). Meanwhile, GoBI depends on a world model's
lookahead rollout to estimate temporal distance, which results in high computational complexity.

4.3 FULL ETD ALGORITHMS

We implement our quasimetric netwock using MRN (Liu et al., 2023), which allows us to
generate an asymmetric distance. Detailed structural information about the network is provided in
the Appendix E.1.2. The potential netwark is a multi-layer perceptron (MLP) that shares the same
CNN backbone as the MRN. The complete algorithm is outlined in Algorithm 1.

5 EXPERIMENTS

To evaluate the capabilities of existing methods and assess ETD, we aim to identify CMDP environ-
ments that present challenges typical of realistic scenarios, such as sparse rewards, noisy or irrelevant
features, and large state spaces. We consider three domains, including the Minigrid (Chevalier-
Boisvert et al., 2023) and its noisy variants, as well as high-dimensional pixel-based Crafter (Hafner,
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2022) and Miniworld (Chevalier-Boisvert et al., 2023). For all the experiments, we use PPO as the
base RL algorithm and add intrinsic rewards speci ed by various methods to encourage exploration.

(a) MiniGrid (b) Crafter (¢) MiniWorld (d) Miniworld Top
Figure 4: Rendering of the environments used in this work.

We compare ETD against 7 previous methods, including DEIR (Wan et al., 2023), NovelD (Zhang
et al., 2021b), E3B (Henaff et al., 2022), EC (Savinov et al., 2018), NGU (Badia et al., 2020),
RND (Burda et al., 2018). We also included a pure episodic count-based method named Count, which
recent studies (Henaff et al., 2023) have shown to be a strong baseline in CMDPs. We carefully tuned
the hyperparameters of each method through grid search to ensure optimal performance.

5.1 MINIGRID ENVIRONMENTS

MiniGrid (Chevalier-Boisvert et al., 2023) features procedurally generated 2D environments tailored
for challenging exploration tasks. In these environments, agents interact with objects such as keys,
balls, doors, and boxes while navigating multiple rooms to locate a randomly placed goal. The agents
receive a single sparse reward upon completing each episode. We chose four particularly challeng-
ing environments: MultiRoom, DoorKey, KeyCorridor, and ObstructedMaze. In the MultiRoom
environment, the agent's task is relatively straightforward, requiring navigating through a series of
interconnected rooms to reach the goal. DoorKey presents an increased dif culty, as the agent must
rst nd and pick up a key and then open a door before reaching the goal. KeyCorridor is even more
demanding, requiring the agent to open multiple doors, locate a key, and then use it to unlock another
door to access the goal. ObstructedMaze is the most complex of all: the key is hidden within a box,
a ball obstructs the door, and the agent must nd the hidden key, move the ball, open the door, and
nally reach the goal. Further details on these tasks can be found in the Appendix.

Figure 5 illustrates the learning curves of ETD and other state-of-the-art exploration baselines
across eight challenging MiniGrid navigation tasks. Notably, MultiRoom-N6, DoorKey-16x16,
and KeyCorridor-S6R3 are the most challenging settings for their respective environments, while
ObstructedMaze offers multiple dif culty levels, from 2DIh to the most challenging Full version.
ETD consistently outperforms all other methods, especially in the ObstructedMaze-Full environment,
where it reaches near-optimal performance within 20 million steps, demonstrating double the sample
ef ciency compared to NovelD, the strongest baseline. Our implementation of NovelD achieved the
highest reported performance in the literature, highlighting the careful tuning of our baseline.

From Figure 5, we can observe that PPO fails to learn effectively without intrinsic reward. Addi-
tionally, the global intrinsic reward method RND is almost ineffective, which might be due to the
ineffectiveness of global exploration experience in CMDP. We also notice that NGU with episodic
intrinsic reward performs poorly, possibly because NGU is primarily designed for Atari tasks, with
its episodic intrinsic reward tailored for that domain. NovelD, on the other hand, performs quite
well, largely due to its episodic count mechanism, and the global bonus in the current NovelD also
contributes to its performance. Meanwhile, Count, which only uses the episodic count of NovelD
as the reward, achieves relatively good results on certain maps, such as Obstructed-2DlIh, but it still
signi cantly lags behind NovelD. Pure episodic intrinsic reward methods like DEIR, E3B, and EC
all perform relatively well, but their similarity measurements lack precision. In contrast, our ETD
method, which leverages temporal distance, signi cantly improves exploration learning ef ciency.
We did not compare it with GoBI because it requires pretraining a world model, and the rollout costs
of the world model are pretty high. Moreover, we observed that the convergence rate of our learning
curves is already signi cantly faster than what was demonstrated in the GoBI paper.
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