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IDLab, Ghent University - imec
Ghent, Belgium

elias.malomgre@ugent.be

2nd Pieter Simoens
IDLab, Ghent University - imec

Ghent, Belgium
pieter.simoens@ugent.be

Abstract—Large amounts of weak expert-relevant data exist
in practice, but current reinforcement learning methods often
struggle to use it because it lacks actions, rewards, and complete
trajectories. We study exploration from such weak observations
and propose a framework that decouples reward construction:
an expert-similarity model is learned from sparse state-only
observations, and a separate white-box mapping converts expert
consistency into an intrinsic reward. In our instantiation, the
expert-similarity model is a mixture of autoencoder experts,
and the learned signal is applied to successor states with time-
dependent scaling, yielding a transient exploration prior toward
expert-supported regions. We evaluate the method with Soft
Actor-Critic on MuJoCo locomotion using sparse, temporally
subsampled state-only observations as a proxy for sparse tele-
operation data. The same learned expert-similarity model and
mapping family are reused across settings, with only limited
mapping-parameter adjustment. Across strong and imperfect
demonstrations, the method improves exploration most clearly
when extrinsic reward is sparse, partial, or otherwise insufficient
for efficient exploration. These results suggest that weak expert
observations can already provide useful guidance that is reusable
across different reward structures, under substantially weaker
assumptions than those required by standard demonstration-
based policy or reward-learning methods.

Index Terms—reinforcement learning, exploration, intrinsic
motivation, weak supervision, reward shaping.

I. INTRODUCTION

Exploration is central to Reinforcement Learning (RL) [1]
and robotics: an agent must decide how to allocate effort under
uncertainty while avoiding uninformative or undesirable parts
of the state space. In RL, this is often addressed through
intrinsic rewards; in robotics, through priors that bias behavior
toward feasible or safer regions. Despite their differences,
these formulations play a similar role: they provide evalua-
tive signals that shape exploration. At the same time, large
amounts of weak expert-relevant data already exist in the
world, including teleoperation logs, traffic traces, partially
observed sensor streams, and internet video [2]. Such data
often contains useful information about where competent, safe,
or task-relevant behavior tends to occur, even when it does
not provide actions, rewards, or complete trajectories. Yet
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much of this data remains difficult for current RL methods to
leverage directly, because it lacks the stronger structure that
standard imitation, reward-learning, and replay-based pipelines
typically require.

Our focus is therefore on the setting where expert-relevant
data exists, but only in weak form, which current methods
struggle to leverage. Demonstration-based RL typically uses
expert data either as direct action supervision [3]–[5] or as
additional transitions in replay buffers [5], [6]. Inverse Rein-
forcement Learning (IRL) [7]–[9] is closer in spirit, since it
also seeks to explain expert behavior through a learned reward,
but it typically does so either under stronger data assumptions
or through environment and/or policy interactions, making
it harder to be a reusable artifact [10]. Likewise, robotics-
from-video and related passive-observation methods aim to
extract control-relevant structure from weak data, but usually
rely on stronger assumptions such as temporal coherence, task
alignment, correspondence, or action grounding [2], [11]. By
contrast, we ask a simpler but practically important ques-
tion: can weak expert observations already be turned into an
exploration prior, without requiring actions, full trajectories,
auxiliary transition data, or online interaction during artifact
construction?

This question is especially important for exploration.
Generic intrinsic motivation methods [12], such as count-based
exploration [13], curiosity [14], or random network distillation
[15], make almost no assumptions about expert data because
they do not use it at all. That generality is attractive, but it
also discards potentially useful prior information about where
competent behavior tends to occur. Our setting lies between
these extremes. We assume expert observations that may be
unlabeled, incomplete, and imperfect: they may lack actions,
rewards, and transitions; trajectories may be fragmented or
temporally sparse; and the data may be noisy, heterogeneous,
or only loosely aligned with the downstream task. Rather than
treating such data as direct supervision, we use it as weak
behavioral evidence from which to learn an evaluative signal
that guides exploration.

We propose a framework for exploration from weak expert
observations through a decoupled two-component reward con-



struction. First, we learn an expert-similarity model E from
weak expert observations. Second, we apply a separate map-
ping function g(E(s), s) that converts the model output into
a reward. This separation is central: E captures the structure
induced by weak expert data, while g determines how that
structure is translated into an exploration signal. In our current
instantiation, E is a mixture of autoencoder experts, and g
is a white-box mapping based on reconstruction consistency.
The resulting intrinsic reward is applied to successor states,
yielding a transition-sensitive shaping signal that biases the
agent toward regions supported by the expert. More broadly,
a natural extension of the same weak-data perspective is
to richer weak-observation settings, including robotics-from-
video: rather than requiring weak observations to recover
actions, transferable skills, or a task-complete reward [2], the
same evaluative formulation could instead use them to induce
a signal that biases behavior.

This formulation also gives an explicit handle on the
exploration–exploitation dilemma. The learned intrinsic signal
is combined with the environment reward and scaled by a time-
dependent coefficient. Early in training, stronger weighting
biases the agent toward expert-supported regions, improving
guidance when learning from scratch is inefficient or risky.
Unlike generic intrinsic motivation methods, which typically
reward novelty, uncertainty, or prediction error, our signal
biases exploration toward regions that are not merely new
but also supported by weak expert evidence. Later in training,
this influence is reduced, allowing the agent to rely more on
extrinsic reward and improve beyond imperfect expert data.
In this sense, weak expert data acts as a transient exploration
prior rather than a fixed target behavior. The same mechanism
also induces a support-based bias that can make exploration
more conservative when the weak data reflect safe behavior.
While we do not impose formal safety constraints or provide
safety guarantees, the learned signal biases the agent toward
regions represented in the expert data and away from poorly
supported parts of the state space.

A second advantage of the approach is that the learned
expert-similarity model and the deployed reward are distinct
objects. Once E has been learned, the reward can still be
reshaped through the mapping function g(E(s), s) without
relearning the underlying expert-similarity model. In our cur-
rent instantiation, the mapping is a white-box transformation
from reconstruction error to reward, making shaping behavior
explicit and editable after expert-similarity modeling rather
than entangling representation learning and reward design in a
single end-to-end artifact. This separation suggests a broader
design space in which weak-data-trained evaluators can be
reused in different ways [10].

We instantiate this idea with Mixture of Expert Guidance
using Unlabeled Incomplete Data for Exploration (MOE-
GUIDE), here trained on sparse, temporally subsampled state-
only expert observations as a proxy for sparse teleoperation
data. We evaluate the method on locomotion tasks in intrinsic-
only, sparse, and dense-reward settings, all using the same
expert model, and find that tuning the mapping function can

benefit learning. Although the present paper studies the state-
based setting, the broader motivation remains the same: many
real systems already contain weak observational data [2], [16]–
[19] that current RL methods struggle to use directly, and en-
abling exploration methods to leverage such data under weaker
assumptions is an important step toward more scalable and
practical forms of guidance. More broadly, natural extensions
of the same evaluative artifact include its use as a reusable
prior in robotics or as a scoring function in search-based
systems. In this sense, the broader significance of the approach
is that it begins to make a class of weak expert data that current
RL methods often leave unused for exploration.

Our main contributions are:
• We propose a framework for exploration from weak ex-

pert observations, where data may be static, sparse, state-
only, incomplete, imperfect, and lack actions, rewards,
transitions, or complete trajectories.

• We introduce a decoupled reward construction in which
an expert-similarity model E captures weak-data struc-
ture and a separate white-box mapping g(E(s), s) con-
verts it into a successor-state reward.

• We instantiate this framework with MOE-GUIDE and
show useful exploration gains on locomotion in intrinsic-
only, dense, and sparse-reward settings.

II. BACKGROUND AND RELATED WORK

We consider a Markov decision process (S,A, P, renv, γ),
where a policy π(a | s) is optimized to maximize expected
discounted return. Exploration is often encouraged by aug-
menting the environment reward with an intrinsic term,

r(s, a, s′, t) = renv(s, a, s
′) + rint(s, a, s

′, t). (1)

In this work, the intrinsic signal is learned from weak expert
observations and used to bias exploration.

We assume access to a static dataset of expert-relevant
observations DE = {si}Ni=1. In our setting, these are sparse,
state-only observations sampled from expert behavior. The
data is unlabeled in that actions, rewards, and task annotations
are unavailable; incomplete in that transitions or full trajecto-
ries need not be observed; and imperfect in that observations
may be noisy, heterogeneous, temporally sparse, or only
loosely aligned with the downstream task. The main distinction
between our setting and prior work is therefore not whether
expert data is used at all, but how much additional structure
is required to make that data useful.

Methods that incorporate demonstrations in RL commonly
do so through BC losses [4], [5] or by inserting demonstrations
into replay buffers [5], [6], thereby using expert data as
direct policy supervision or privileged experience. IRL and
reward-learning methods are closer in spirit because they also
seek to construct a reward from static expert data, but they
typically assume richer sequential structures, such as near
perfect demonstrations, trajectories, transitions, or occupancy
information [20]–[26]. Even state-only and state-marginal
variants [25], [27] usually still require meaningful coverage,



auxiliary transition data, or environment/policy interaction
during reward construction.

Methods based on passive observations, including robotics-
from-video and learning from observation, also aim to extract
control-relevant structure from weak data, but typically rely
on additional assumptions such as temporal coherence, em-
bodiment correspondence, task alignment, or action grounding
[2], [11]. In contrast, we do not require action labels, full tra-
jectories, explicit correspondence, or online interaction during
reward construction. Instead, we learn a decoupled evaluative
signal directly from weak expert observations and use it as an
auxiliary reward for exploration. This shifts the role of expert
data from providing direct supervision or a task-complete
objective to providing partial evidence about desirable regions
of the state space.

III. METHOD

We study exploration in reinforcement learning when weak
expert observations are available as a static dataset but do not
provide actions, rewards, or complete trajectories. Rather than
recovering a task-complete reward from these observations,
we learn an expert-similarity model from weak data and use
a separate mapping function to convert the learned structure
into an auxiliary reward for exploration.

A. expert-similarity model and mapping function

We decompose the method into two parts: an expert-
similarity model Eθ(s), learned from weak expert data, and
a mapping function g(Eθ(s), s), which converts the expert-
model output and the current state into a scalar reward. This
separation is central. The expert-similarity model captures
structure from DE , while the mapping function determines
how that structure is operationalized as reward. In particular,
Eθ(s) does not itself define the intrinsic reward; reward is
produced only after applying g.

In the present paper, g is a white-box mapping func-
tion. It first compares Eθ(s) to the input state s through a
reconstruction-based discrepancy, treating well-reconstructed
states as more expert-consistent and poorly reconstructed
states as less consistent. It then maps this discrepancy into
reward through thresholding and shaping. Concretely,

g(Eθ(s), s) = κ · clip
(
f

(
∥Eθ(s)− s∥2 − Lmin

Lmax − Lmin

)
, 0, 1

)
,

(2)
where Lmin and Lmax define the reward-shaping range, f is
a monotone shaping function, and κ is a scaling factor. In our
experiments, we use

f(x) = e−qx, (3)

where q controls how sharply reward decays as reconstruction
error increases.

This decomposition is useful because the learned expert-
similarity model and the deployed reward are distinct objects.
Once Eθ has been learned, the shaping behavior can be
modified through g without relearning the underlying expert-
similarity model. In this sense, Eθ determines what structure

is captured from weak expert data, while g determines how
that structure is turned into a reward.

B. Mixture of autoencoder experts

In our experiments, we instantiate Eθ as a mixture of
autoencoder experts because locomotion often has distinct
behavioral phases (e.g., getting into a stable position and
moving forward as fast as possible) that a single autoencoder
often fails to fully capture. Given a state s, each expert k
produces a reconstruction ŝk, and a gating network produces
mixture weights πk(s) satisfying

∑K
k=1 πk(s) = 1. The

expert-model output is then the aggregated reconstruction

Eθ(s) =

K∑
k=1

πk(s)ŝk. (4)

The role of this model is to provide an expert-conditioned
description of the input state. States that are more consistent
with the expert data should be reconstructed more faithfully
by the mixture, but the expert-similarity model itself does not
specify how reconstruction quality is translated into reward;
that is the role of g.

C. Successor-state shaping for exploration

We use the learned signal as an intrinsic reward applied to
successor states. After taking action a in state s and reaching
successor state s′, the agent receives the combined reward

r(s, a, s′, t) = renv(s, a, s
′) + β(t) g(Eθ(s

′), s′). (5)

The coefficient β(t) controls how strongly the learned
signal influences behavior over training. Early in learning,
larger values bias the agent toward expert-supported regions,
improving guidance when learning from scratch is inefficient
or risky. Later, β(t) is reduced, allowing the agent to rely more
on the environment reward and improve beyond imperfect
expert data. This gives an explicit handle on the exploration–
exploitation trade-off.

Applying the signal to s′ rather than s is deliberate. A
current-state reward g(Eθ(s), s) is identical across all actions
available from the same state at the level of the immediate
reward and therefore provides weaker local directional guid-
ance. By contrast, g(Eθ(s

′), s′) directly rewards transitions
into expert-supported regions. A state only reward function
can also be implemented via Potential-based Reward shaping
(PBRS) [28], [29] by defining a potential

Φ(s) = g(Eθ(s), s), (6)

then a PBRS formulation would use

rPBRS(s, a, s
′, t) = renv(s, a, s

′) + β(t) (γΦ(s′)− Φ(s)) .
(7)

Under the PBRS assumptions, this biases learning while
preserving the optimal policy induced by renv, but for our case,
we want a stronger bias towards expert-supported regions.



Fig. 1: Overview of MOE-GUIDE. Sparse, temporally subsampled state-only expert observations are used offline to learn
an expert-similarity model Eθ, instantiated here as a mixture of autoencoder experts. At deployment, a separate white-box
mapping function g(Eθ(s), s) converts reconstruction-based expert consistency into an intrinsic reward, which is applied to
successor states to bias exploration toward expert-supported regions.

IV. EXPERIMENTS

We evaluate MOE-GUIDE with Soft Actor-Critic (SAC)
[30] on five MuJoCo continuous-control benchmarks: Swim-
mer, Hopper, Walker2d, HalfCheetah, and Ant. Each environ-
ment is paired with a limited set of expert demonstrations:
one for Swimmer, four for Hopper, and ten for Walker2d,
HalfCheetah, and Ant. To place the method in the weak-data
regime, demonstrations are sparsified by recording only every
fifth state, yielding sparse, state-only observations with incom-
plete coverage. In some cases, MoE-GUIDE uses ”pretraining”
for a limited number of episodes, starting in a sampled state
from the dataset. Results are averaged over five random seeds,
and shaded regions denote standard deviation. We evaluate
MOE-GUIDE in three settings: strong expert demonstrations
in intrinsic-only and dense rewards, and imperfect expert
experiments additionally in sparse rewards. Across experi-
ments, the autoencoder bottleneck was set slightly below half
the state dimension and the number of experts kept below
five. The mapping used an exponential form with steepness
q = 100, except in intrinsic-only runs where q = 200 imposed
a stricter expert-support prior; Lmin and Lmax depend on
the learned expert model and κ controls the environment-
dependent strength of exploration bias. We used random policy
rollouts to find the usable range of Lmin and Lmax and an
appropriate steepness, then swept three Lmin values in the
intrinsic-only setting to find a signal that captures the expert
well without overrewarding OOD data. In the dense setting,
we tested two to three scaling factors; these final settings were
transferred unchanged to the sparse-reward setting.

a) Baseline selection.: Since this paper presents prelimi-
nary results in the weak-data exploration regime, we focus on
baselines that operate under the same information and interac-
tion budget: sparse, state-only expert observations without ac-
tion labels, full trajectories, auxiliary transition datasets, or ad-

ditional reward-construction interaction. Other demonstration-
based methods require richer trajectories, transitions, occu-
pancy estimates, or reward-construction interaction, and this
paper does not claim to beat them under their assumptions.
Our main comparisons are (1) extrinsic reward only (ER-
only), (2) extrinsic reward with pretraining on demonstra-
tion states (ER+pretraining), (3) intrinsic reward from the
learned reward model with pretraining (IR+pretraining), and
(4) the full method combining extrinsic and intrinsic reward
(MOE-GUIDE). For context, we also report generic intrinsic-
motivation baselines such as autoencoder-based, RND and
ICM following the guidelines from [31]; unlike MOE-
GUIDE, these methods do not use weak expert data.

Strong expert. The results of leveraging strong expert
data are shown in Figure 2. In Swimmer, Walker2d, and
Ant, MOE-GUIDE reliably improves over ER-only. In Hop-
per, both IR+pretraining and MOE-GUIDE reach expert-
level performance during training, indicating that the learned
intrinsic reward provides particularly effective guidance in this
environment. By contrast, in HalfCheetah, the extrinsic re-
ward already guides exploration effectively toward high-return
regions, leaving less room for improvement from additional
intrinsic shaping. As we can see, standard non-data-leveraging
intrinsic motivation methods, do not yield much benefit in a
dense rewards setting, even hindering progress in most cases.
While MOE-GUIDE keeps providing useful guidance even if
the environment reward is dense.

Imperfect expert. As shown in Figure 3, MOE-GUIDE
consistently improves over the imperfect expert in all en-
vironments. For HalfCheetah, we intentionally use a very
poor-performing expert to test whether even low-quality weak
guidance can remain useful. In this case, MOE-GUIDE does
not exceed ER-only, but it achieves comparable and more
stable learning.



Fig. 2: Strong-expert setting on five MuJoCo locomotion environments. MOE-GUIDE is compared with ER-only,
ER+pretraining, and IR+pretraining. Mean over five seeds; shaded regions show standard deviation.

Fig. 3: Imperfect-expert setting across five MuJoCo en-
vironments. MOE-GUIDE is compared against ER-only,
ER+pretraining, and IR+pretraining.

Sparse rewards. Figure 4 presents results in modified
MuJoCo environments where reward is only provided at
sparse checkpoints, making exploration substantially harder.
The agent’s current position (x-coordinate) is omitted from
both observations and demonstrations, resulting in partial ob-
servability. Importantly, the dense- and sparse-reward settings
use the exact same learned reward model: the expert-similarity
model E and mapping function g are reused unchanged, with-
out retraining or redesigning the reward artifact for the sparse
setting. Despite never crossing checkpoints during pretraining,
MOE-GUIDE substantially outperforms the main baselines in
these sparse, partially observable environments. For HalfChee-
tah, however, extrinsic rewards help early in training, while
agents optimizing only intrinsic rewards eventually outperform
the combined objective. This reuse is important because it
tests whether the same weak-data-trained artifact transfers
unchanged across reward regimes.

b) Ant ablations.: Figure 5 summarizes the main Ant
ablations. First, MOE-GUIDE remains informative under
substantial weak-data degradation: as demonstrations become
sparser, performance declines only gradually and remains
well above ER-only. Second, the decay-rate study shows that
Ant prefers a slow decay of expert influence, indicating that
sustained expert guidance remains useful in this environment.
Third, the mapping-threshold study shows that overly per-
missive thresholds degrade extrinsic performance, whereas
tighter thresholds yield much stronger returns. Taken together,

Fig. 4: Sparse-reward, partially observable setting. The same
learned reward model is reused unchanged from the dense-
reward case.

these ablations show that weak expert observations can remain
useful even under severe sparsification, but that the practical
quality of the learned artifact depends strongly on reward
shaping and schedule selection.

Fig. 5: Ant ablations. MOE-GUIDE remains useful under
severe demonstration sparsity, but performance depends on
decay rate and reward-mapping thresholds.

c) Sweep analysis.: Figure 6 summarizes a sweep over
349,313 checkpoints from 9,434 expert-model configurations,
varying bottleneck dimension, number of experts, entropy
regularization, and random seed. Because downstream RL
evaluation at this scale is infeasible, we analyze the learned
artifacts using separation metrics. Lowest separation reports
the worst separation against 12 held-out behavior datasets gen-
erated by agents with substantially different behaviors, making



it a conservative selectivity measure. Training loss is not a
complete surrogate for artifact quality: high-loss models show
highly variable separation, while poor artifacts become much
rarer in the low-loss regime. Capacity parameters, such as the
number of experts and the bottleneck dimension, yield only
modest median gains with substantial spread. Random-OOD
separation, computed against random-policy data, preserves
the main qualitative trends and provides a practical proxy when
curated non-expert trajectories are unavailable.

Fig. 6: Sweep analysis over expert-model configurations. Low-
est separation corresponds to the worst separation on a held-
out set of 12 test sets. Lower train loss correlates with a
more reliable regime, while random-policy OOD separation
preserves the main qualitative trends.

Discussion. Overall, the results show that MOE-GUIDE
provides useful exploration guidance across different envi-
ronments and expert qualities, with the strongest gains when
extrinsic rewards are sparse, partial, or otherwise insufficient
for efficient exploration. In dense-reward environments such
as HalfCheetah, extrinsic reward already provides strong guid-
ance, so the advantage of additional support-based shaping is
smaller. We also observe that pretraining on demonstration
data can be useful, but without continued guidance afterward,
it may hinder downstream learning.

A practically important result is the reusability of the
learned artifact. The exact same learned expert-similarity
model E and mapping function g, apart from an exponential
steepness change in the intrinsic-only setting, are deployed
unchanged in intrinsic-only training, standard dense-reward
training, and sparse-reward training, without retraining or
redesigning the reward artifact for each case. This suggests
that weak-data-trained evaluators can function as reusable
exploration priors rather than one-off reward constructions tied
to a single reward regime. Taken together, these results support
the view that weak expert observations can serve as a practical
and reusable exploration artifact even when they are too sparse
and incomplete for more standard uses of demonstrations.

V. DISCUSSION AND CONCLUSION

We presented MOE-GUIDE, a method for exploration from
unlabeled, incomplete, and imperfect expert observations.

Rather than using expert data as direct policy supervision
or as the basis for full reward recovery, we learn an expert-
similarity model from static observations and deploy it through
a separate mapping function that converts expert consistency
into a successor-state shaping reward. This yields an explo-
ration prior based on weak expert evidence: less ambitious
than recovering a task-complete reward or explicit constraint
set, but also requiring weaker assumptions, since it does
not depend on action labels, complete trajectories, explicit
correspondence, or joint reward–policy optimization during
artifact construction.

A central design choice is the separation between the expert-
similarity model E(s) and the mapping function g(E(s), s).
The expert-similarity model captures structure from weak
observations, while the mapping function determines how that
structure is translated into reward. In our current instanti-
ation, this mapping is white-box and reconstruction-based,
making the shaping behavior explicit and editable after the
expert-similarity model has been learned. More broadly, this
separation exposes a design space in which expert-similarity
modeling and reward deployment can be modified separately,
enabling post hoc calibration, patching, and refinement of the
learned artifact.

Across state-based locomotion benchmarks, the results show
that weak expert observations can provide useful guidance
for exploration under substantially weaker assumptions than
most demonstration-based policy or reward-learning methods
require. The strongest gains appear when extrinsic reward
is sparse, partial, or otherwise insufficient for efficient ex-
ploration, while dense-reward settings such as HalfCheetah
leave less room for additional support-based shaping. At the
same time, the experiments delimit the scope of the paper.
The learned signal is a support-based bias toward regions
represented in the expert data, and its usefulness depends
on the informativeness and alignment of that data. If the
observations are too sparse, weakly aligned, or systematically
misleading, the signal may provide poor guidance or reinforce
suboptimal regions. The present evidence is also limited to
state-based continuous-control benchmarks, so the broader
significance is not that we solve weak observational learning
in general, but that we begin to make a class of weak expert
data operational for exploration.

Future work should exploit the separation between E and
g more directly. One direction is to improve pre-deployment
patching and calibration of the learned artifact [10], [32]. An-
other is to replace fixed reward-shaping ranges with adaptive
or dynamic calibration of Lmin and Lmax, so that the mapping
function can adjust to the learned expert model and the
distribution of encountered states rather than relying on static
thresholds. It would also be valuable to extend the framework
to richer and less reliable observation modalities, including
image-based, partially observed, and degraded inputs, and to
study more local forms of support-aware filtering or safer
exploration in settings where weak expert data is available
but direct supervision remains impractical.
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