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Abstract

Exploration remains a central challenge in reinforcement learning, especially in sparse-reward settings
where extrinsic feedback alone is often insufficient to guide effective behavior. In this work, we
develop a curiosity-driven framework that combines a hybrid intrinsic reward with compact predictive
representation learning. Specifically, curiosity is quantified by integrating prediction error with the
rarity of state-action pairs in a learned latent space. To make novelty estimation more meaningful for
high-dimensional observations such as raw pixels, we employ the Information Bottleneck principle to
learn low-dimensional representations that suppress irrelevant variability while preserving predictive
structure of the environment dynamics. We further investigate two practical ways to optimize predic-
tive information: one based on entropy decomposition and the other based on matrix-based Rényi
entropy. Experiments on Acrobot show that the proposed method substantially improves exploration
efficiency over ICM, RND, and a k-NN novelty baseline. On MountainCar, however, the improvement
is less evident, suggesting that the proposed framework is particularly beneficial in environments with
high-dimensional observations or more structured dynamics.

Keywords: curiosity; intrinsic motivation; information bottleneck; mutual information; Renyi entropy;
reinforcement learning; kernel density estimation

1. Introduction

Reinforcement learning (RL) is typically driven by extrinsic rewards supplied by the environment,
such as game scores, goal distances, or other task-dependent feedback signals [1]. Although such
rewards have supported many impressive achievements—for instance, Deep Q-Networks reaching
human-level performance on a wide range of Atari 2600 games [2]—they are often insufficient in
sparse-reward settings, where informative feedback arrives only rarely or after long action sequences
[3-5]. Under these conditions, exploration becomes a major challenge: the agent may spend many
interactions receiving almost no useful learning signal and fail to discover behaviors that lead to
progress [3,6]. In addition, policies optimized purely for extrinsic return can become overly specialized
to the training environment and transfer poorly to new situations or goals [7-9].

Humans and animals, in contrast, often explore even when no explicit external reward is provided
[10,11]. This intrinsic drive to seek novelty, reduce uncertainty, and acquire new knowledge is
commonly described as curiosity. Humans do not need rewards such as money or food to investigate
unfamiliar things; in many situations, the act of trying, observing, and learning is rewarding in itself.

Developmental studies provide a clear illustration of this phenomenon. For example, infants
tend to engage more strongly with novel or uncertain stimuli, and such curiosity-driven behavior is
closely related to improved learning and exploratory information sampling [12,13]. These observations
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have inspired a substantial body of work in reinforcement learning, where agents are endowed with
intrinsic reward signals to promote exploration beyond what is directly encouraged by the task reward
alone [4,14,15].

In reinforcement learning, one way to enhance exploration is to endow the agent with an internal
drive to interact with its environment even when external rewards provide little guidance. To do so,
we need an intrinsic signal that can assess, after each transition, whether the agent is still encountering
something worth exploring. In this work, we argue that curiosity should be high in two situations:
first, when the agent reaches regions of the environment that have rarely been visited; and second,
when it is in an otherwise familiar situation but takes an action that has only seldom been attempted
there. Motivated by this view, we define intrinsic reward through the density of state—action pairs
rather than states alone.

A direct implementation of this idea in the original observation space is, however, problematic.
When states are represented by raw pixels, the space of possible observations is extremely large, and
most pixel configurations do not correspond to valid or meaningful environment states [16]. As a result,
density estimates computed directly from observations can be unreliable and difficult to interpret. To
overcome this issue, we first map observations into a compact latent space using the Information
Bottleneck (IB) principle. The goal is to learn a representation that discards irrelevant variation while
preserving the structure needed to describe meaningful environment states and their dynamics.

Following the IB principle [17], we learn a compact latent state s; = Ey(0;) from the observation
o;. The representation is encouraged to remain concise while retaining enough information to support
prediction of future transitions. We adopt the predictive IB objective

L = 1(og;st) — BI(Sps1; 5t at), (1)

where I(04; ;) measures how much information from the observation is preserved in the latent rep-
resentation, and I(s;41; s¢, a;) encourages the pair (s, a;) to remain informative about the next latent
state. For instance, if 0; € R2% corresponds to a 16 x 16 image, the encoder can map it to a latent
variable s; € RY with d < 256, yielding a lower-dimensional representation that is easier to model and
more suitable for novelty estimation.

To optimize the predictive-information term, we first consider the standard entropy decomposition

I(sir1;8¢,at) = H(spq1) — H(sp1 | st,a1). 2)

Under this view, increasing the marginal entropy H(s;.1) encourages the agent to spread its visitation
over a broader range of latent states, while reducing the conditional entropy H(s;1 | s¢, at) promotes
a more predictable latent dynamics model.

In addition to this decomposition-based formulation, we also study matrix-based entropy func-
tionals [18,19] derived from Rényi entropy. These functionals provide an alternative way to quantify
entropy and mutual information directly from kernel matrices, avoiding explicit density modeling
over latent variables.

Our framework builds on the representational-space novelty idea of [20], while introducing
several extensions. Specifically, we use the Information Bottleneck principle to shape a compact latent
space for curiosity estimation, we examine matrix-based entropy functionals as an alternative tool for
measuring predictive information [18,21], and we replace KNN-based novelty estimation with KDE in
order to obtain a smoother density-based intrinsic reward in the learned representation space.

The main contributions of this work are summarized as follows:

*  We propose a curiosity-driven reinforcement learning framework in which intrinsic reward is
defined on state—action representations, capturing both rarely visited regions and infrequently
attempted actions in familiar situations.

*  We employ the Information Bottleneck principle to learn compact latent states that are suitable
for both transition prediction and density-based novelty estimation.
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*  We investigate two practical formulations for encouraging predictive information in the latent
space: an entropy-decomposition-based objective and a matrix-based Rényi-entropy objective.

*  We replace KNN-based novelty estimation with kernel density estimation in the learned represen-
tation space, leading to a smoother intrinsic-reward signal.

*  We empirically evaluate the proposed framework on benchmark environments and show that its
benefit is most evident when representation quality plays an important role in exploration.

2. Relevant Work

To develop an effective curiosity-driven reinforcement learning system, two ingredients are espe-
cially important. One is the intrinsic-reward mechanism, which determines what kinds of experiences
are treated as novel, informative, or worth revisiting. The other is the representation space in which
such judgments are made, since poor state representations can make even well-designed curiosity
signals noisy or misleading. Because prior work has advanced these two directions in different ways,
we review them separately.

2.1. Design of Intrinsic Rewards

A large portion of the curiosity-driven RL literature defines intrinsic reward through prediction-
based signals. In this line of work, transitions that are difficult to predict are regarded as more
informative and therefore receive higher intrinsic reward. Representative examples include ICM
[4] and RND [14], both of which use prediction error as the exploration signal. ICM measures the
discrepancy between a predicted next state and the true next state, whereas RND compares a learned
predictor against the output of a fixed random target network.

Beyond a single prediction model, other methods quantify curiosity through predictive uncer-
tainty. Disagreement [22], for instance, rewards transitions that induce large variation across multiple
forward-model predictions. Related uncertainty-estimation techniques, such as MC-Dropout [23] and
deep ensembles [24], have also been used more broadly to characterize model uncertainty, including
in recent studies of large language models. From the perspective of exploration, such methods are
appealing because they reward interactions for which the agent’s current model remains uncertain.

Another family of approaches focuses not on raw surprise, but on learning progress. The underlying
idea is that curiosity should be strongest in regions where the agent is still improving, rather than in
regions that are either fully understood or inherently unpredictable. This intuition has been instantiated
in several ways, including changes in transition dynamics [25], temporal variation in prediction error
[10], and Bayesian model updates as in VIME, where intrinsic reward is tied to the KL divergence
between posterior and prior dynamics parameters [26]. Closely related ideas also appear in diversity-
driven exploration, where agents are rewarded for inducing substantial shifts in their policy behavior
over time [27].

Some methods instead emphasize explicit uncertainty reduction. These approaches favor state—
action pairs that are expected to yield informative feedback, for example by targeting regions with high
epistemic uncertainty [28] or by rewarding actions that improve an auxiliary estimate of confidence or
reliability. Such formulations are closely connected to the view of curiosity as targeted information
acquisition rather than mere novelty seeking.

More recent work has also moved novelty estimation into learned or auxiliary embedding
spaces. RE3 [29] measures rarity under a fixed random representation, which helps reduce the non-
stationarity that can arise when the embedding itself changes during training. ProtoRL [30], in contrast,
learns prototypes and encourages exploration of states that are far from existing prototype centers,
thereby favoring underrepresented regions of the learned space. These methods highlight the growing
recognition that the usefulness of an intrinsic reward depends strongly on the representation in which
novelty is evaluated.

At a broader level, intrinsic motivation in RL has also been organized from an information-
theoretic perspective. The survey in [6], for example, distinguishes among several related concepts,
including surprise, novelty, and skill learning, and argues that successful intrinsic-reward mechanisms
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typically require a balance between seeking unfamiliar experiences and focusing on interactions that
remain relevant for future learning.

2.2. Learning Representations

Representation learning plays a central role in modern reinforcement learning, especially when
agents operate on high-dimensional observations such as images, videos, or sensor streams. In these
settings, the raw input often contains large amounts of redundant or task-irrelevant variation, making
it difficult to directly estimate novelty, predict transitions, or learn robust control policies. A learned
latent state can therefore serve as an intermediate representation that is easier to model and better
aligned with the structure of the environment.

A common goal is to map observations into a lower-dimensional latent space that preserves infor-
mation needed for decision-making while suppressing nuisance factors. From a technical perspective,
such representations are useful only if they support downstream objectives relevant to reinforcement
learning, including dynamics prediction, reward estimation, and exploration. This is particularly
important in curiosity-driven settings, where the quality of the intrinsic reward often depends directly
on the geometry of the latent space in which novelty or uncertainty is measured.

One principled approach to this problem is provided by the information bottleneck (IB) principle
[17]. In our setting, an encoder produces a latent state s; = E¢(ot) from the observation o, and the
representation is encouraged to remain compact while preserving predictive information about future
transitions. A predictive IB objective can be written as

Lig = L(og;st) — BL(st+1;51,ar), ©)

where the first term penalizes excessive dependence of the latent code on the raw observation, and the
second term promotes representations for which the pair (s, a¢) remains informative about the next
latent state s; ;. In practice, this objective encourages a representation that is neither overly detailed
nor overly compressed, but sufficiently structured for predictive modeling in the latent dynamics.

IB-style objectives have been explored in several reinforcement-learning-related settings. Early
work showed that bottleneck regularization can improve sample efficiency and learning stability by
discouraging latent representations from memorizing irrelevant observation details [31]. Subsequent
studies extended this idea to behavior cloning for robot manipulation [32], multimodal reinforcement
learning in which multiple sensory streams are compressed into a predictive joint representation [33],
discrete bottleneck models that encourage structured abstractions [34], and goal-conditioned learning,
where compressed goal representations can improve transfer and generalization [35]. Taken together,
these works suggest that bottlenecked representations are particularly valuable when the agent must
balance abstraction with predictive sufficiency.

Beyond IB, a related line of work uses contrastive or predictive objectives to shape latent states.
Contrastive learning methods train encoders to bring temporally or semantically related observations
closer together while pushing unrelated samples apart, thereby improving representation quality
without relying solely on reconstruction losses. In reinforcement learning, such objectives have
been used to enhance data efficiency and improve the structure of pixel-based latent spaces. For
example, Curled-Dreamer augments DreamerV3 with a contrastive objective and reports improved
performance on DeepMind Control Suite benchmarks [36]. More broadly, world-model and predictive-
state approaches also learn latent spaces by requiring them to support rollout prediction or planning,
even when not explicitly formulated through an information bottleneck.

Overall, recent work increasingly treats representation learning and intrinsic motivation as tightly
coupled rather than separate design choices. Intrinsic rewards are often computed in latent space, and,
conversely, exploration objectives can shape the latent space toward representations that emphasize
novelty, uncertainty, or controllable change. This interaction is especially important in settings where
curiosity depends not only on what the agent observes, but also on how those observations are encoded
before novelty or predictive information is measured.
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2.3. Psychological Perspectives on Curiosity

Research in psychology and cognitive science provides useful intuition for the design of intrinsic
motivation in reinforcement learning. Human curiosity is often described as a drive to acquire
information even in the absence of immediate external reward. A particularly influential view is
Loewenstein’s information-gap theory, which relates curiosity to the discrepancy between what one
currently knows and what one wants to know [37]. Under this perspective, curiosity is not triggered
by novelty alone, but by novelty that reveals a learnable gap in understanding. Partial knowledge
can therefore increase curiosity by exposing missing pieces, whereas excessive uncertainty may fail to
produce focused exploration.

This perspective is closely related to a practical challenge in curiosity-driven RL. Many intrinsic-
reward methods assign larger reward to larger prediction error or greater uncertainty, implicitly
assuming that unpredictability is always useful. Human curiosity, however, appears to be more
selective: it tends to be strongest when new information is neither trivial nor completely unstructured.
This difference helps explain why purely prediction-error-driven exploration can become unstable in
highly stochastic settings, including the well-known “noisy TV” failure mode [38]. It also motivates
methods that balance surprise with structure, so that exploration is directed toward transitions that
are not only unusual but also informative for future learning.

Psychological studies further suggest that curiosity may take different forms, ranging from broad
novelty-seeking to more targeted information-seeking behavior [39,40]. In reinforcement learning,
most existing curiosity mechanisms are still closer to the former: they reward novelty, uncertainty, or
diversity to improve coverage of the environment [27,41]. By contrast, more directed forms of curiosity
remain relatively underexplored. This observation motivates our focus on state—action novelty in a
learned latent space. Rather than rewarding unpredictability in the raw observation space, we seek an
intrinsic signal that favors underexplored but meaningful transitions, where both the representation
and the action choice matter for determining what the agent can still learn about the environment.

3. Methods
3.1. Problem Setup and Notation

We consider an agent interacting with an environment modeled as a partially observed Markov
decision process. At time step ¢, the agent receives an observation o; € O and selects an action a; € A.
The environment transitions to the next observation o;;1 and emits an extrinsic reward r§*. We denote
a terminal indicator by d; € {0,1}.

Because novelty estimation is highly sensitive to representation quality, we learn a compact latent
state s; € R? through an encoder Egp:

St = E(P(Ot), d < dlm(Ot) (4)

For discrete actions we use one-hot encoding a; € {O, 1}|A| ; for continuous actions we concatenate the
raw action vector. We frequently use the state-action embedding

Ye =[5t ar] € RAFMI, 5)

so that taking a novel action in a familiar state is still considered novel.

We store transitions in a replay buffer B = {(o¢, as,1¢,d¢, 044+1)} and sample mini-batches for
optimization (using uniform or prioritized replay, depending on implementation).
Notation. Uppercase letters (e.g., S¢) denote random variables, while lowercase letters (e.g., s;) denote
their realizations. In the implementation, s; = Ep(0;) is the learned latent state. For clarity, we use the
same (s, at,5¢41) notation throughout the mutual-information terms.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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3.2. Overall Framework

Rather than relying solely on extrinsic rewards, our framework in Figure 1 augments exploration
with an intrinsic signal that evaluates how informative a transition is for the agent. We focus on two
complementary aspects of curiosity. The first is model uncertainty: transitions that are difficult to predict
may indicate parts of the environment that are not yet well understood. However, prediction-error-
based curiosity alone can be misleading, because large errors may persist even in transitions that are
uninformative or inherently stochastic, as illustrated by the well-known “noisy TV” failure mode

[38,42].
Min I(o,, s¢)
3"”\/\
/ N
[ S; w
Intrisic
a Lible Reward Poli
olicy

Extrisic
Reward

Figure 1. Overview of our curiosity-driven RL pipeline. At each time step ¢, the raw observation o; is mapped by
an encoder to a compact latent state s;. The encoder is trained under an information bottleneck (IB) objective that
compresses observations by minimizing I(oy; s;) while preserving predictive structure by maximizing I(sy,1; st, a¢)-
To quantify curiosity, we form the state-action representation (s, 4;) and estimate its density p; with KDE over

the replay buffer, while a forward dynamics model provides a prediction-error bonus. The intrinsic reward is then

kde _
Fde =

computed as a hybrid signal, ri"t = (1 — a)rkde + ar}®, where r —log(p:/po) and pg denotes the density

under a random-policy baseline.

The second aspect is rarity: transitions occurring in rarely visited regions should receive higher
intrinsic reward than those that have been repeatedly experienced [43]. This view naturally prevents
curiosity from remaining high in familiar parts of the environment. At the same time, density-based
novelty on its own may be too myopic, since a region can become familiar before the underlying
transition structure has been modeled sufficiently well. A useful intrinsic signal should therefore
account for both how rare a transition is and how much the agent still has to learn about it.

Based on this observation, we define curiosity in a learned latent space and combine two in-
gredients in a unified framework. First, we compute a density-based intrinsic reward on state-action
representations, so that the agent is encouraged not only to visit unfamiliar states, but also to try
underexplored actions in otherwise familiar situations. Second, we learn the latent state with rep-
resentation objectives motivated by the IB principle, so that the embedding remains compact while
preserving predictive structure in the environment dynamics. This design allows the intrinsic reward
to be evaluated in a representation space that is more suitable for novelty estimation than the raw
observation space.

3.3. Intrinsic Reward from State—Action Novelty
3.3.1. Kernel Density in Representation Space

Given the embedded state—action y; = [s¢, a;|, we estimate its replay-buffer density using kernel
density estimation (KDE):

1 lye — yill3
Pl =55 Lexe( =g ). ©)

where {y;}I¥ | are state-action embeddings stored in the replay buffer and / is the kernel bandwidth.
Compared with hard k-NN neighbor sets, KDE yields a smoother intrinsic-reward landscape, which
reduces reward variance when the latent representation evolves during training.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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3.3.2. Intrinsic Reward with a Random-Policy Baseline
We adopt the log-density ratio form of intrinsic reward:
kde p(yt) )
rie¢ = —lo ( , @)
t E\ oo (1)

where pg is a baseline density estimated from samples collected during an early exploration phase.
Intuitively, 7K€ is large when y; lies in low-density regions compared with what a random agent
would typically encounter. This reduces sensitivity to trivial novelty and provides a stable reference

scale across training.

3.3.3. Prediction-Error Loss and Hybrid Intrinsic Signal

Besides density-based novelty, we also use prediction error as an intrinsic signal. Given the learned
forward dynamics model Ty, we predict the next latent state

141 = Ty([st,ar]), 8)

and define the one-step prediction-error loss as

Lpg = E[ 18411 — St+1||ﬂ, )

where Lpg is a special case of the n-step transition loss in Eq. (19) when n = 1. Intuitively, large
prediction error indicates that the transition (s¢, a¢) — s+ is not yet well modeled, and is therefore
informative to explore.

To turn prediction error into a numerically stable intrinsic bonus, we use a normalized form

N 2
P _ 100 1 [[8e1 — St+1H2 10
7y og( + T ere ) (10)
where ¢ is a running mean of the prediction error and € is a small constant.

Finally, we hybridize KDE-based novelty (Eq. (7)) with prediction-error bonus:

At = (1—a)rfe +arf®,  ae(0,1], (1)

where r§9¢ £ —1log(p(y:)/po(y¢)). This combination leverages complementary strengths: prediction
error encourages exploring model-uncertain transitions, while KDE ensures the intrinsic drive naturally

decays in frequently visited regions, mitigating pathological rewards in highly stochastic observations.

3.4. Representation Learning via Predictive Information Bottleneck
3.4.1. IB Objective

In our framework, the latent state is not used merely as a compressed encoding of the observation.
It must also support two downstream operations that are central to curiosity estimation: predicting
future transitions and providing a stable space for measuring state-action novelty. We therefore adopt
a predictive Information Bottleneck (IB) objective that encourages the representation to remain compact
while retaining the information needed for modeling latent dynamics:

Lig = 1(ot;5t) — BI(st1155¢,at), (12)

where I(04;s¢) penalizes unnecessary dependence of the latent code on the raw observation, and
I(s¢11; 5¢, at) encourages the pair (s¢, a;) to remain informative about the next latent state. The coefficient
B controls the trade-off between compression and predictive structure.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202604.0739.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 10 April 2026 d0i:10.20944/preprints202604.0739.v1

8 of 20

For the compression term, our goal is not to preserve all observation details, but to retain only the
information needed to represent meaningful environment states in a low-dimensional latent space.
In practice, this is encouraged by constraining the dimensionality of s; and optimizing the predictive
objective jointly, so that the learned representation remains concise without becoming uninformative.

For the predictive term I(s;11;s¢, a¢), we consider two equivalent decompositions (see Figure 2).
The first expresses predictive mutual information in terms of the next-state entropy and the conditional
uncertainty of the latent dynamics:

I(sir1;8t,ar) = H(spy1) — H(sppq | st,at), (13)

which emphasizes that a useful latent representation should both cover a diverse range of future states
and make those future states predictable from the current state-action pair.
Equivalently, the same quantity can be written as

I(s¢y1;8e,a8) = H(se,ar) — H(se, ar | sp+1), (14)

which provides a backward-looking interpretation in terms of how informative the next latent state is
about its predecessor state—action pair. In the following subsections, we use these decompositions to
derive practical objectives for learning the latent representation.

H(X) H(Y)

N\ /

—

H(X,Y)

Figure 2. Mutual information decomposition. The two circles represent marginal entropies H(X) and H(Y);
their overlap is I(X; Y), and the non-overlapping parts are conditional entropies. In our setting, Y = s;,1 and
X = (st,at), yielding I(s;11; 8¢, ar) = H(sp41) — H(Sp41 | se,ae) = H(sg,a¢) — H(St, a¢ | Seq1)-

3.4.2. First Decomposition Method: Using Prediction Error to Approximate Predictive Information

For the decomposition

I(st1;8¢,a1) = H(spq1) — H(spq | st,at), (15)

we optimize the two entropy terms through practical surrogate objectives. Intuitively, the first term
encourages the latent dynamics to cover a diverse set of future states, while the second term requires
those future states to remain predictable from the current state—action pair.

Encouraging large H(s;;1) via latent dispersion.

To prevent the latent representation from collapsing to a narrow region of the space, we introduce
a dispersion regularizer based on pairwise distances within a mini-batch. Given a batch {s;}2 |, we
define

Eumleog(B(Bz_l) Z ets,-s;'|§>/ (16)

1<i<j<B
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where t > 0 is a temperature (equivalently, bandwidth) hyperparameter controlling the sensitivity to
pairwise distances. Minimizing £,;s encourages samples in the latent space to be more spread out
on average, which serves as a practical surrogate for increasing the marginal entropy of future latent
states.

From another perspective, using only transition-prediction losses may admit degenerate solutions
in which different observations are mapped to overly similar latent codes. The dispersion term
counteracts this effect by encouraging the latent representation to occupy a broader region of the space,
thereby improving both expressiveness and the quality of subsequent novelty estimation.

Reducing H(s;+1 | st,a¢) via forward transition prediction.

To make the next latent state predictable from the current state and action, we learn a transition
model Ty operating directly in latent space (see Figure 3):

St41 = Ty([st, ad]). (17)

A smaller prediction error corresponds to lower conditional uncertainty about the future latent state
given (s, a;), and therefore acts as a practical surrogate for minimizing H(s;11 | ¢, a¢).

To improve consistency over multiple steps and to reduce the effect of short-horizon fitting, we
train Ty using an n-step rollout objective. Starting from the encoded state s; = Ey(0;), we recursively
predict future latent states according to

§t+i+1 = T¢([§t+i/ at+i]), i= O, NN 1. (18)

Let s;;; = E¢(04+i) denote the encoded target latents. We then minimize the terminal-masked n-step
transition loss

n 1
trans - E

- 2 2
Z (1= dpyi) 13e4iv1 — seqivlla (19)
where the terminal mask prevents the predictor from propagating across episode boundaries.

Optionally, we also consider a normalized variant that rescales each step loss by the magnitude of
the predicted transition:

1n= ||§t+l+1 — Sttitl ||§
1 iy (20)
trans n ; t+ l ||SH_1+1 - St+z||2 +e

This normalization reduces sensitivity to scale differences across rollout steps and can improve training
stability when latent transitions vary substantially in magnitude.

e e e e T T T

Min H(S.1|(spay)

Predictor ‘

o ———
(5
g
|
2
+
=

Figure 3. Minimizing the conditional entropy term H(s; 1 | st,a;). A predictor fy takes (s, a;) and outputs §; 1.
We minimize ||3;11 — 5;41])3 as a surrogate for the conditional entropy.

3.5. Second Decomposition Method: Backward Transition Predictor

Besides the forward decomposition, the predictive mutual information can also be written as

I(sy158e,at) = H(st,ar) — H(st, at | 5p41). (21)
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This form admits a backward-looking interpretation: instead of asking how well the current state—
action pair predicts the future, we ask how informative the next latent state is about its predecessor
state—action pair. In this view, maximizing predictive mutual information can also be approached by
reducing uncertainty over plausible predecessors.

To operationalize this idea, we introduce a stochastic backward predictor Bg that maps the next
latent state sy and a noise variable € to candidate predecessor state—action embeddings:

9 = Be(sey1,e®), M~ NI, k=1,... K (22)

These K samples induce an empirical conditional distribution over predecessors. We evaluate the
ground-truth predecessor y; under a kernel density estimate formed from the sampled candidates:

o -2,

, (23)
202

R 1 &
%(yt | st11) = X ZeXP -
k=1

where 03, controls the smoothness of the induced distribution in the joint state-action space. The
corresponding backward loss is defined as

Lpack = E[— log gz (yt | St+l)] (24)

Minimizing Eq. (24) encourages the model to assign high probability mass to the true predecessor,
thereby reducing H(y: | s;+1) without separating state and action into distinct inverse-dynamics terms.
Because the predictor is stochastic, it can also represent multi-modal predecessor hypotheses, which is
useful in settings where inverse dynamics are many-to-one.

For consistency with the forward n-step rollout objective, we extend this loss along trajectory

segments:
(n) 1 n—1
Liack = P Z;,)(l —di1i) [— log dz (ye+i | St+i+1)]/ (25)
1=

where §¢ (i1 | S¢4i41) is computed by sampling from Bg(s¢41, €) as in Eq. (22) and applying Eq. (23).
The terminal mask (1 — d; ;) prevents the loss from propagating across episode boundaries.

We include this backward formulation mainly as a conceptual alternative to the forward predictive
objective. In preliminary experiments, activating a separate backward predictor did not improve
exploration efficiency, and in some cases interfered with learning accurate forward dynamics. For
this reason, the backward loss is not used in the final implementation reported in the main results.
Nevertheless, we retain it here because it provides an alternative decomposition of predictive mutual
information and suggests a possible direction for future work, especially if forward and backward
dynamics can be learned through a shared architecture rather than separate predictors.

3.6. Matrix-Based Entropy Estimation as an Alternative to Prediction-Error Surrogates

As an alternative to predictor-based surrogates, we also consider a matrix-based estimator of
predictive mutual information. Unlike explicit density estimators, this approach computes entropy
directly from kernel similarity matrices constructed from samples [18,44]. In our setting, it provides
a non-parametric way to quantify the dependence between the next latent state s; 1 and the current
state—action pair (s, a¢), and can therefore be used as a direct regularizer for representation learning.

Given n samples {x;}" ,, we first construct a Gram matrix K € R"*" with entries

Ki]' = K(xi,x]'), (26)
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where (-, ) is a positive-definite kernel function. In practice, we use a Gaussian kernel, which also
satisfies the infinite-divisibility condition commonly assumed in the matrix-based entropy literature
[18,45,46]. The Gram matrix is then normalized to have unit trace:

(27)

The eigenvalues of A are nonnegative and sum to one, which allows entropy to be defined through the
spectrum of the normalized matrix. The matrix-based Rényi entropy of order « is

1
Hy(A) = - log(tr(4")), 28)
where A* denotes the matrix power defined through spectral decomposition [18].

To measure dependence between two variables, we construct normalized Gram matrices for each
of them. Suppose A corresponds to samples from one variable and B to samples from another. Their
joint entropy is defined through the normalized Hadamard product

AoB
~ tr(AoB)’ @9)
which yields
Ha(A, B) = Hu(C). (30)
The corresponding matrix-based mutual information is then
I.(A; B) = Hy(A) + Hy(B) — Ho(A, B), (31)
and the associated conditional entropy is
Hzx(A | B) = Hﬂc(A/B) _HIX(B>‘ (32)

Because these quantities are differentiable with respect to the Gram-matrix entries, they can be
incorporated directly into gradient-based representation learning [21].

In our framework, we apply this construction to the predictive setting by forming one matrix
from samples of the next latent state and another from samples of the current state—action pair. To
encourage predictive dependence, we minimize the negative matrix-based mutual information:

EmatMI = _Lx(A;B)' (33)

This term serves as a direct alternative to the decomposition-based surrogates introduced above.
Instead of separately approximating marginal and conditional entropy terms through latent dispersion
and forward prediction, it evaluates predictive dependence from pairwise sample similarities in
mini-batches.

The matrix-based estimator is appealing in our setting for two reasons. First, it avoids explicit
probability-density modeling in latent space, which can be unstable in high dimensions [18]. Second,
it complements predictor-based objectives: the matrix functional captures dependence in a purely non-
parametric manner, while transition models provide a more explicit notion of latent dynamics. Prior
work has shown that matrix-based information measures can be effective as differentiable regularizers
in neural representation learning, especially when combined with model-based objectives rather
than used in isolation [19,21,47]. In the experiments, we therefore study this term as an alternative
information-theoretic objective within our curiosity-driven framework.
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3.7. Reward Prediction Loss

Our agent selects actions by planning in a learned latent dynamics model rather than relying
only on model-free value estimates. Given the current observation o;, we encode it into a latent
state s; = Ey(0:) and use the transition model to roll out hypothetical futures 3,4, ..., 5,y under
candidate action sequences. Because the curiosity reward is computed from the predicted state—action
embedding, planning requires scoring imagined trajectories using the predicted novelty signal. To
turn each imagined step into a scalar return, we additionally learn a reward model that predicts the
task reward from the same latent state—action representation, so the planner can evaluate the total
predicted return and choose the next action accordingly.

Concretely, the reward model is a small MLP R,, that takes the concatenation of latent state and
action vector

ve = [se,a], (34)

and outputs a scalar reward prediction
?t = Rw (]/t) (35)

During planning, we score a candidate rollout by combining the predicted task reward with the
curiosity reward computed on predicted embeddings:

H-1 ,
G=) o (Rw(ﬁt+i> +17 ”mt(]?tﬂ'))/ Veri = [8e4irargi ], (36)
i=0

where 7" (-) follows Eq. (11) and is evaluated on the imagined state-action embedding produced by
the transition rollout.
We train R,, with a terminal-masked n-step regression loss on replay sequences:

1 n—1
E%") = Y (U —dii) || Reol [ Stqir arsi]) — resil ; sti = Ep(04i), (37)
i=0

3.8. Putting It Together: Total Training Losses

The encoder and auxiliary prediction modules are trained jointly through a weighted combination
of objectives, each corresponding to a different component of the proposed framework. Specifically,
we optimize

Etotal = ‘Ct(rna)ns + )‘back‘c(n)k + )\unifﬁunif + ARL:]({H) + )\matﬁmatMI/ (38)

bac

(n)

where L,

encourages predictive latent dynamics, £ ,i promotes dispersion in the latent space,

E%") trains the reward predictor used for planning, and L, provides a matrix-based alternative

(n)

for encouraging predictive dependence. The backward term Echk corresponds to the reverse-time
decomposition discussed earlier.

The coefficients Apack, Aunits AR, and Amat determine which components are active and how
strongly they influence training. This makes the framework modular: predictor-based, matrix-based,
and auxiliary reward-modeling terms can be enabled or disabled depending on the experimental
setting.

In our final implementation, we do not activate the backward loss. Preliminary experiments
suggested that the current backward-prediction design was less effective than the forward predictive
objective, and including it did not improve exploration performance. Accordingly, all main results are

obtained without ﬁl(;z)ck‘
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3.9. Action Selection via Model Predictive Control

At decision time, actions are selected by planning in the learned latent dynamics using model
predictive control (MPC). Given the current observation o;, we first encode it into the latent state

st = Ep(ot). (39)

Starting from this latent state, we evaluate candidate action sequences over a planning horizon H by
rolling out the learned transition model:

8t = s¢, (40)
§t+i+1 = T¢([§t+ir at+l~]), i= 0, e ,H —1. (41)

This produces imagined latent trajectories under hypothetical future actions, allowing planning to be
carried out directly in the learned representation space rather than in the raw observation space.

Each imagined step is assigned a score consisting of two parts: the predicted task reward from the
reward model and the intrinsic reward defined on the latent state—action representation. The resulting
cumulative return of a candidate action sequence is

H-1 _
G(st, appr—1) = Y (Rw([§t+i, apyi]) + 7™ (8, at+i])), (42)
i=0

where 7 is the discount factor and # controls the contribution of the intrinsic reward during planning.
In this way, MPC favors action sequences that are predicted to be both task-relevant and informative
for exploration.

To convert these rollout scores into action selection, we define a softmax distribution over candi-
date sequences:

exp(G(st, apr11-1)/7)
ZaLHH,l exp(G(st, a;:t+H—1)/T) ,

p(astrn—1|st) = (43)
where T is a temperature parameter controlling the sharpness of the induced planning distribution.
We then sample one sequence dy; 71 ~ p(- | st) and execute only its first action:

ar = [ﬁt:t+H—1]0- (44)

After executing a;, the agent observes o0; 1, re-encodes the updated latent state, and repeats the planning
procedure. This receding-horizon strategy allows the planner to continually revise its decisions as new
observations become available.

4. Experiments and Results

4.1. Implementation Details and Reproducibility
Replay buffer, optimization, and action representation.

Transitions are stored in a circular replay buffer with capacity 10°. During training, mini-batches
of size B = 32 are sampled uniformly from the buffer. Unless otherwise stated, we use a discount
factor of ¥ = 0.9 and optimize all trainable modules with a learning rate of 5 x 1073,

For discrete-action environments, each action is represented as a one-hot vector a; € {0, 1}|A|.
The state—action representation used for novelty estimation and reward prediction is then formed
by concatenating the latent state and action vector, i.e., y; = [s¢,a], as introduced in Eq. (5). For
continuous-action settings, the same construction can be used by concatenating the latent state with
the raw action vector.
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Network architectures.

The latent dimensionality 4 is controlled by the hyperparameter internal_dim, which is set to
either 2 or 4 depending on the experiment. For low-dimensional vector observations, the encoder Ej,
is implemented as a multilayer perceptron with hidden widths [200, 100, 50, 10], followed by a final
linear layer that maps to the d-dimensional latent state. For image observations of size 32 x 32, we
use a lightweight convolutional encoder consisting of three convolutional layers with intermediate
pooling operations, followed by a linear projection to the latent space.

The forward transition model Ty operates on the concatenated state-action input (st,a;) and is
implemented as a residual MLP with hidden width 10 and dropout probability p = 0.5. The reward
predictor R, takes the state—action embedding y; as input and is implemented as an MLP with layer
widths [10, 50, 20, 1], producing a scalar reward estimate for planning.

Unless explicitly noted otherwise, the same architectural choices are used across all experiments
to ensure comparability between the different objective variants studied in this work.

Matrix-based objective.

For experiments involving matrix-based entropy estimation, we construct Gram matrices within
each mini-batch using a Gaussian kernel. Unless otherwise specified, the matrix-based Rényi entropy
uses order &« = 0.99 and Gaussian-kernel scale parameter ¢ = 2, and these settings are kept fixed
across runs.

Intrinsic reward hyperparameters.

The combined reward uses the intrinsic scaling 77 = 1. For the hybrid intrinsic signal « = 0.5 trades
off KDE novelty and prediction-error bonus. The prediction-error bonus uses a running mean & for
normalization and a small constant € for numerical stability.

4.2. Performance Comparison in Acrobot

Environment and protocol.

We evaluate in the Acrobot environment, a two-link underactuated pendulum where only the
elbow joint is actuated. The agent applies bounded torques to pump energy into the system until the
tip rises above the horizontal target line (Figure 4). Following [20], we use an exploration-focused
setting with long-horizon episodes, pixel-based observations, and extrinsic rewards ignored so that
progress depends primarily on intrinsic motivation and representation quality.

Metric and baselines.

We report steps-to-goal, where lower values indicate better exploration efficiency, and provide
the mean and standard error across random seeds. Baselines reproduced from [20] include ICM [4],
RND [14], and the Novelty method NSRS [20]. Our method uses an information-bottleneck-shaped
latent space and computes intrinsic reward on state—action novelty.

Figure 4. Acrobot environment and goal. A two-link underactuated pendulum in which only the middle elbow
joint is actuated. The agent applies a torque u; to swing the system upward; success occurs once the tip rises
above the horizontal target line.
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Table 1. Comparing our performance with baselines in Acrobot. ICM—intrinsic reward from next-state
prediction error [4]; RND—prediction error against a fixed random target network [14]; Novelty (NSRS)—k-NN
distance-based novelty bonus [20]. Baseline numbers for ICM, RND, and Novelty are reproduced from Table 1 of
[20]. Under the standard Gym convention (lower is better), Ours (4 seeds) achieves the lowest steps.

Method Avg  StdErr
ICM 932.8 141.54
RND 953.8 85.98
Novelty 576.0 66.13
Ours 290.0 45.72

Our method reaches the goal in 290 steps on average, improving over the Novelty baseline (NSRS),
which requires 576 steps, by 49.7%. It also achieves the smallest standard error (45.72), indicating more
consistent discovery across seeds. A mixture of prediction-error-based and density-based rewards
outperforms either reward alone, which can be interpreted as an ensembling effect.

4.3. Results on MountainCar

The MountainCar environment (see Figure 5) consists of a car moving in a one-dimensional
valley between two hills. At each time step the agent chooses a discrete acceleration to the left or right.
The engine is not powerful enough to drive straight up the right hill; instead, the agent must first move
back and forth to build sufficient momentum before finally climbing to the goal region.

Figure 5. MountainCar environment and goal. A car must build up momentum by moving back and forth before
reaching the goal on the right hill. Sparse rewards make exploration difficult.

4.3.1. Experimental results

We evaluate the k-NN based novelty bonus of [20] (Novelty) and our IB-based curiosity module
(Ours). Table 2 reports the average steps to goal (lower is better) and standard error.

Table 2. Performance comparison on MountainCar. Average number of environment steps required to reach the
goal (lower is better). Novelty is averaged over 4 seeds. Ours aggregates two Rényi-based variants over 8 seeds.
For runs that did not reach the goal within the training budget (more than 1900), we conservatively treat the last
observed step count as completion time when computing statistics.

Method  Avg. steps to goal ~ StdErr
Novelty 1158.5 172.8
Ours 1456.9 125.7

On MountainCar, our method does not outperform the k-NN based Novelty baseline. One
plausible explanation is that MountainCar has a low-dimensional state space and simple dynamics, so
the k-NN novelty bonus already provides a strong intrinsic signal. In this setting, compressing the
state through an information bottleneck and reshaping the intrinsic reward via matrix-based Rényi
quantities may introduce additional optimization difficulty without clear benefits.
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Taken together with the positive results on Acrobot, these findings suggest that our IB-based
curiosity signal is not uniformly superior to simple k-NN novelty bonuses; its advantages appear more
pronounced in higher-dimensional or more structurally complex environments.

4.4. Comparing Entropy Estimators for H(s;+1)

To estimate I(s;41;5¢,a¢) = H(sp41) — H(sgy1 | St, a¢), we compute the conditional term H(s;41 |
st, a¢) with the forward predictor loss in Eq. (19), and compare two surrogates for maximizing the
marginal entropy H(s;41) on the same Acrobot setting.

(1) Pairwise Gaussian-potential loss.

521 B  and an embedding head é(; 6;), define z; = &(s

the expected pairwise Gaussian potential (cf. Eq. (16)):

(i)

Given a mini-batch {s i

1> 0¢). We minimize

oo 2 —tzi—zlI3
Lgp = log<B(B 0 1<;<Be iz, (45)

where t > 0 controls the sensitivity to pairwise distances. Minimizing Lgp encourages larger pairwise
distances and thus higher H(s;;1).

(2) Matrix-based Rényi entropy.

For the same batch, we build a Gram matrix with a positive-definite kernel x (Gaussian in our

experiments):
j j K
Kij = K(SfilrSfﬁl)f A= w(K)’ (46)
The matrix-based Rényi entropy is
~ 1 ~
Htx(st-‘rl) = 1—a log(tr(Aa))/ »CmatH £ _H!X(St-'rl)' (47)

Experiment and interpretation.

We keep all other components fixed and only swap the marginal-entropy regularizer: Eq. (45) vs.
Eq. (47). Figure 6 plots the corresponding loss values during training; a lower value indicates that the
estimator more effectively spreads s; 1 in latent space under the same optimization setup.

800
59(.8

$ 600
©
>
C
3 400
= 29r.o

200

0 Gaussian potential Matrix based

Figure 6. Gaussian-potential vs. matrix-based objective for H(s;.1). Comparison of two ways to encourage
large next-state entropy on Acrobot. The matrix-based objective attains a substantially lower value, indicating
faster diversification of sy 1.
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On Acrobot, the matrix-based objective decreases faster, suggesting quicker diversification of next-
state latents, which benefits density-based novelty estimation. Directly computing mutual information
with matrix-based estimators can help the agent diversify states faster in this environment.

4.5. Comparing KDE and KNN

Our intrinsic reward in Eq. (7) depends on estimating the density of continuous state—action
embeddings y; = [s, a;]. Two common non-parametric choices are k-nearest-neighbor scores as used
in NSRS [20] and kernel density estimation. We compare them for two reasons. First, to remain
comparable with prior work that uses KNN as a strong baseline for novelty bonuses. Second, because
in a learned latent space the reward is used at every step, so estimator smoothness affects reward
variance and training stability.

KNN-based novelty relies on a hard neighbor set. Small changes in y; can swap which samples
fall into the K nearest neighbors, which can create abrupt changes in the intrinsic reward. KDE assigns
soft kernel weights to nearby samples as in Eq. (6), so the estimated density and the resulting — log p
reward change more gradually as y; moves in latent space and as the replay buffer evolves.

Figure 7 shows that KDE converges faster than KNN in our setting. We attribute this mainly to the
smoother reward landscape induced by KDE. As the replay buffer grows and embeddings evolve, KDE
updates the density estimate gradually, whereas KNN can change abruptly when neighbor identities
switch. In practice, this yields a more stable intrinsic bonus and more sample-efficient learning, while
preserving the same qualitative novelty ordering.

1000

800

600

steps

400

200}

0 KIIDE KI\IIN

Figure 7. KDE vs. KNN for curiosity density estimation. Under the same latent representation and training setup,
KDE reaches a stable intrinsic reward signal in fewer steps than KNN. The smoother kernel weighting reduces
reward variance for continuous state-action embeddings, improving optimization stability and accelerating
convergence.

5. Conclusions

In this paper, we presented a curiosity-driven exploration framework that combines density-
based intrinsic reward with predictive representation learning in a latent space. Our approach defines
intrinsic motivation through a hybrid signal that integrates two complementary cues: the rarity of
state—action pairs, estimated by KDE in the learned representation space, and the prediction error of the
latent dynamics model. We further examined two practical ways to encourage predictive structure in
the latent representation, namely a decomposition-based objective and a matrix-based Rényi-entropy
formulation.

The empirical results show that this design is effective in environments where exploration depends
strongly on representation quality. In Acrobot, the proposed method clearly improves exploration
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efficiency over ICM, RND, and a strong k-NN novelty baseline, while KDE also provides a smoother
and more stable novelty signal than hard neighbor-based estimation. In MountainCar, by contrast,
the advantage is less evident, indicating that the proposed machinery is not uniformly beneficial in
simpler low-dimensional settings.

Taken together, these findings suggest that density-based curiosity becomes more informative
when novelty is evaluated on compact state-action representations rather than raw observations. They
also indicate that matrix-based information objectives can serve as a useful alternative to predictor-
based entropy surrogates, particularly when the environment exhibits richer observation structure
or more challenging latent dynamics. Future work may further investigate how to better adapt the
intrinsic reward and representation objective to environments of different complexity.
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