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Abstract

Control in high-dimensional action spaces remains a funda-
mental challenge in reinforcement learning (RL), primarily
due to inefficient exploration of the action space. While re-
cent methods attempt to guide exploration, they often fall
short of achieving the agility and coordination exhibited in
biological motor control. Inspired by how organisms exploit
muscle synergies for efficient movement, we propose Explore
to Learn (ETL), a two-stage framework that first discovers
fundamental synergy patterns and then leverages them for
task-specific policy learning. In the first stage, ETL discov-
ers underlying synergy patterns by deploying a targeted ex-
ploration policy. These patterns are modeled as latent direc-
tions in a low-dimensional space, along which the agent is
guided to collect diverse and structured muscle activation tra-
jectories. A variational autoencoder (VAE) is then trained to
encode high-dimensional actions into a latent space whose
dimensions correspond to the synergy patterns. In the second
stage, the policy is trained entirely in this synergy-aware la-
tent space, producing synergy coefficients that the decoder
maps back to full-dimensional muscle actions. This struc-
tured representation significantly reduces the complexity of
learning, while the decoder is further fine-tuned to enhance
expressiveness and generalization across downstream tasks.
Extensive experiments across musculoskeletal environments
and the DMControl suite demonstrate that ETL consistently
outperforms prior methods in both exploration efficiency and
control performance, achieving superior scalability and gen-
eralization in overactuated control tasks.

1 Introduction

Exploration is a persistent challenge in reinforcement learn-
ing (RL), especially in complex environments. Classical
strategies such as e-greedy and Boltzmann exploration in-
ject random actions (Mnih et al. 2015), while modern meth-
ods use intrinsic rewards to drive deep exploration. Count-
based (Bellemare et al. 2016a) and curiosity-driven ap-
proaches (Burda et al. 2018b; Pathak et al. 2017a) in-
centivize novelty or prediction error. More recent meth-
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ods (Raileanu, Rocktischel et al. 2020; Wang et al. 2024)
exploit latent states to define scalable exploration bonuses.

Synergy Pattern 1

Synergy Pattern 2

Back Kick Knee Down

Synergy Pattern 3 Synergy Pattern 4

Leg Raise Leg Swing

Figure 1: Biological motor control leverages low dimen-
sional muscle synergies for efficient coordination. Inspired
by this principle, ETL learns disentangled synergy patterns
(e.g., motor primitives like back kick, knee down, leg raise
and leg swing) to reduce the burden of overactuated control
(a € R®), enabling tractable and structured exploration.

Despite recent progress, exploration in high-dimensional
action spaces remains challenging. Tasks such as muscu-
loskeletal control require coordinating many actuators un-
der nonlinear constraints, making policy learning unsta-
ble and inefficient. While methods like action noise injec-
tion (Chiappa et al. 2023) or self-organization priors (Schu-
macher et al. 2023) offer partial solutions, they often strug-
gle to match the dexterity needed for complex tasks like lo-
comotion or in-hand manipulation. Biological motor con-
trol offers inspiration: humans and animals are thought to
rely on low-dimensional muscle synergies, enabling efficient
and adaptive movement generation (Balda, Pepperberg, and
Kamil 1998; Bizzi, Mussa-Ivaldi, and Giszter 1991). As
shown in Fig. 1, operating in such compact latent manifolds
promotes coordinated locomotion (Caggiano, Cheung, and
Bizzi 2016), as illustrated by synergy patterns like back kick,
knee down, leg raise, and leg swing.



Inspired by how organisms explore diverse behaviors to
learn synergy patterns, we propose Explore to Learn (ETL),
a framework that discovers muscle synergies through latent
exploration and leverages them as an action representation
to improve policy learning in overactuated control tasks. The
core intuition is simple yet powerful: Discovering reusable
motor primitives through exploration, then exploiting them
for scalable policy learning. During exploration, synergy
patterns are modeled as latent vectors that guide the agent
to explore in the latent space. This targeted exploration pol-
icy induces richer and more diverse muscle activation tra-
jectories aligned with patterns. A Gaussian Mixture VAE
(GMVAE) is trained on the collected actions to map high-
dimensional controls into a compact latent space whose di-
mensionality matches the number of synergy patterns. The
alignment associates each latent variable with a distinct mo-
tor primitive, yielding disentangled representations and en-
abling the policy to directly modulate synergy activations
for efficient, interpretable control. By restricting exploration
to synergy-informed directions, ETL alleviates the curse of
dimensionality and accelerates the discovery of meaningful
motor primitives. During task learning, the policy operates
entirely in the latent space: instead of generating muscle ac-
tivations, it outputs synergy coefficients that the VAE de-
codes into full activation vectors, which confines exploration
to a low-dimensional synergy manifold, decoupling muscu-
loskeletal complexity from the search process. The decoder
is further fine-tuned during downstream training to keep the
learned synergies adaptable to task-specific requirements.

The main contributions of this paper are as follows: (1)
We propose ETL, a new two-stage learning paradigm for
high-dimensional control that first learns a synergy-based
action representation through principled exploration and
then leverages it for efficient policy learning. (2) We in-
troduce a novel exploration mechanism for synergy discov-
ery, where exploration is actively guided within a behavioral
metric space to yield a diverse and structured dataset for ac-
tion representation learning. (3) We develop a gaussian mix-
ture variational autoencoder-based mechanism for learning
compact action representations within musculoskeletal sys-
tems and demonstrate the benefit of decoder fine-tuning for
reconstructing original actions in downstream tasks. (4) We
conduct extensive experiments showing that ETL enhances
exploration efficiency and generalization across a variety of
challenging musculoskeletal environments.

2 Background

Reinforcement Learning. We assume the underlying envi-
ronment is a Markov Decision Process (MDP), defined by
the tuple M = (S, A, P,r,v), where § is the state space,
A is the action space, P (s’ | s, a) is state transition function
from state s € S to state s’ € S, r is the reward function, and
v € [0,1) is the discount factor. Generally, the policy of an
agent in an MDP is a mapping 7 : S x A — [0, 1]. An agent
chooses actions a € A according to a policy function a ~
m(s), which updates the system state s’ ~ P(s,a) yielding
areward 7(s, a). The goal of the agent is to learn a policy 7
that maximizes expected return E [>";° 7' (ss, ;)] in a
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trajectory (sg, ag, 1, - .., ) by learning a value function (or
value network) V. from the interaction that approximates
V7 (s0) & Ex [32720 7'(se, a0)].

Latent Exploration. To facilitate exploration, many RL
methods augment extrinsic rewards r¢ with exploration
bonuses 7°, forming 7 = r° + r*. While curiosity-driven
methods (Bellemare et al. 2016a) are popular choices for
r?, they often underperform in high-dimensional or sparse-
reward settings. Latent exploration mitigates this by learning
a compact embedding ¢ : S — Z, where intrinsic rewards
are computed more effectively. The encoder ¢ filters irrele-
vant features, simplifying exploration.

Synergy Pattern. A synergy pattern is a latent motor prim-
itive that encodes a coordinated activation profile across
multiple actuators. Formally, let a C R”™ denote the high-
dimensional action space. The latent action representation
z® = [z},,...,2%] € R? consists of d disentangled dimen-

= z
sions, where each 2! reflects the activation strength of a

»“sp
sp

distinct synergy pattern. A decoder Dec : R? — R™ maps
this latent representation to the original action space, yield-
ing a full action as @ = Dec(z?). This formulation enables
structured control by composing high-dimensional actions
from interpretable and reusable motor primitives.

3 Related Work

Exploration in RL. Exploration remains a fundamen-
tal challenge in RL. Classical approaches, including e-
greedy (Sutton, Barto et al. 1998) and count-based meth-
ods (Bellemare et al. 2016b; Ostrovski et al. 2017a; Yang
et al. 2023a), rely on stochasticity or visitation frequency
to encourage exploration. Modern methods introduce in-
trinsic rewards, such as curiosity-driven objectives (Yang
et al. 2023b; Stanton and Clune 2016; Burda et al. 2018a;
Yang et al. 2024), prediction errors from learned dynam-
ics (Pathak et al. 2017b; Burda et al. 2019; Pathak, Gandhi,
and Gupta 2019; Wang et al. 2025), or entropy maximiza-
tion in latent spaces (Seo et al. 2021). State novelty is
often estimated via density modeling: pseudo-count tech-
niques (Bellemare et al. 2016a; Ostrovski et al. 2017b; Tang
et al. 2017; Zhao et al. 2024) promote visits to low-density
regions, while hybrid methods (Raileanu, Rocktéschel et al.
2020; Badia et al. 2020b,a; Chen et al. 2024) integrate these
signals with model-based or policy-based objectives. Recent
work also rewards latent state transitions with high nov-
elty (Zhang et al. 2021; Henaff et al. 2022; Wang et al. 2023,
2024), enabling deeper and more structured exploration.

Overactuated Control. Overactuated systems, such as mus-
culoskeletal control, pose significant exploration challenges
due to actuator redundancy and the curse of dimension-
ality. Prior work mitigates this by injecting structured
noise (Chiappa et al. 2023), leveraging self-organizing con-
trollers (Schumacher et al. 2023), or learning coordination
priors like muscle networks (Luo et al. 2023), torque con-
straints (Jiang et al. 2019), and energy-based models. Bi-
ologically inspired approaches simplify control via muscle
synergies, often by manually grouping actuators (Joos, Péan,
and Goksel 2020), reducing action dimensionality (Tieck



et al. 2018; Tahami, Jafari, and Fallah 2014), or extracting
low-dimensional structures via PCA (Al Borno, Hicks, and
Delp 2020; Zhao et al. 2022), typically relying on expert
data. In contrast, our approach discovers synergy patterns
autonomously through latent exploration, requiring no su-
pervision and generalizing across diverse domains.

4 Methodology

Motivation. Biological organisms often exhibit a natural
“Explore to Learn” cycle, where spontaneous, exploratory
movements unveil latent motor patterns, or muscle syner-
gies, that eventually guide more dexterous behaviors (Hac-
ques et al. 2021). For instance, infants initially generate
diverse, seemingly random muscle activations and gradu-
ally identify co-activation patterns that support stable and
purposeful movement. Inspired by this, we propose Ex-
plore to Learn (ETL), a two-stage framework for discover-
ing and leveraging synergy-based action representations. As
shown in Fig. 2, in the first stage, ETL guides exploration
along synergy-guided directions in latent space, encourag-
ing the agent to uncover behaviorally meaningful muscle
activations. A Gaussian Mixture VAE is then trained to en-
code these high-dimensional actions into compact, disentan-
gled synergy representations. In the second stage, the policy
learns in this latent space, outputting synergy coefficients
that are decoded into full muscle actions. This structured
representation enables more efficient exploration and learn-
ing in overactuated control settings. ETL thus operational-
izes a biologically grounded paradigm: discovering reusable
motor primitives through exploration, then exploiting them
for scalable policy learning. The details are as follows.

4.1 Synergy Pattern-driven Latent Exploration

Desiderata. Biological studies (Dominici et al. 2011; Wain-
wright 2002) suggest that a small number of underlying syn-
ergy patterns can be linearly combined to generate a wide
repertoire of motor behaviors. Capturing this diversity in
muscle activation trajectories is essential for learning dis-
entangled motor primitives. To this end, we identify two key
desiderata for synergy pattern-driven exploration:

(D1) Compact latent exploration: Rather than exhaus-
tively visiting all states in the MDP, which is infeasible
in complex environments, exploration should be con-
ducted in a compact latent space Z to ensure tractabil-
ity and efficiency.

(D2) Behavioral diversity via latent directions: Synergy
patterns should correspond to latent directions that in-
duce distinct behaviors. These behaviors should col-
lectively span diverse regions of the state space, pro-

moting disentangled representation learning.

Objective. To address (D1), we propose learning an explo-
ration policy 7ey, through latent exploration guided by syn-
ergy patterns. We first learn a state encoder ¢ : S — Z and

define a set of unit latent vectors z! . 22 24 Zsp,

. R Sp’ Sp? N '. 9 sp
each representing a hypothesized synergy direction. These

vectors serve as directional priors that guide the agent to
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explore behaviorally meaningful trajectories. As shown in
Fig. 2 (left), navigating along different latent directions z,
allows the agent to generate diverse yet coherent muscle ac-
tivations, facilitating the discovery of distinct synergy pat-
terns. To encourage such traversal, we define the following
inner-product-based exploration bonus:

rb(s, Sla ZSp) = <¢(5l) - qb(s), Zsp> (1

This bonus function (1) provides an reward signal that
guides the exploration policy 7, to collect transitions
aligned with the latent direction 2, effectively encouraging
the emergence of structured and diverse motor behaviors.
To achieve (D2), ensuring that distinct latent directions
lead to distinct behaviors, we employ a behavioral metric-
based state encoder ¢. This design is motivated by the in-
sight that distinct synergy patterns should correspond to
functionally different motor behaviors. Thus, the encoder
should preserve behavioral dissimilarity in the latent space.

Definition 1 (Behavioral Metric). Let M be the set of pseu-
dometrics: d : S x S = Rxq. For any d € M, the operator
of behavioral metric (Castro et al. 2021; Zhang et al. 2020)
is defined as:

F(d)(si,85) = |1 (s:) =77 (s5)|+7 D(d; Py, P) (2)
—_— T — o

reward difference distribution divergence

where the expected reward 7" (s) = Eqr(.|s)[r(s,a)l, the
policy—induced transition distribution is defined as P
Eqmr(.|5)[P(-|s,a)] and D is a divergence between the two
next—state distributions that may itself depend on d.

The core idea is to learn an embedding space in which
distances reflect behavioral dissimilarity: states leading to
different long-term behaviors are mapped farther apart. As
such, the agent will explore different behaviorally distinct
actions to form the basis of modeled synergy patterns.

Limitation in Overactuated Control. Recent behavioral
metric, such as MICo (Castro et al. 2021) and DBC (Zhang
et al. 2020) learn state encoders by minimizing the discrep-
ancy between behavioral distances and latent distances:

1
-E

L) =5

[(d§(si,55) — |77 (s) — 77 (s;)]
—_—
, reward difference (3)
—vD(d; P, )]
—_—

distribution divergence

where D denotes the divergence between next-state distribu-
tions (e.g., Wasserstein in DBC, expected sample distance in
MICo). While effective in dense-reward environments, these
methods suffer from a critical failure under sparse rewards,
especially in overactuated control tasks:

Theorem 1 (Representation Collapse). Let & denote a distri-
bution over state pairs (s;, s;). Assume deterministic transi-
tions and the existence of a stationary distribution. Then, for
any behavioral metric d of the form (2), we have:

1

E(Si,5j)~£ [dg(sw s])] = 1— E(S@SJ)NEH’F; - 7:;- ” (4)
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Figure 2: Overview of ETL (Explore to Learn) framework. ETL operates in two stages: Explore and Learn. In the exploration
stage (left), a latent exploration policy is used to sample diverse synergy patterns, modeled as directions in a low-dimensional
latent space. These patterns produce behaviorally distinct muscle activations, which are stored in the replay buffer. A Gaussian
Mixture VAE (top right) is then trained to encode these trajectories into compact, disentangled synergy representations. In the
learning stage (bottom right), a policy network operates in the learned latent space, outputting synergy coefficients that are
decoded into full muscle activations. The decoder is further fine-tuned during policy training to enhance control expressiveness.

Under sparse rewards, the right-hand side of Eq. (4), i.e., Theorem 2 (Theoretical Guarantee). Adding L., to the be-
Es,,s,)~e |75, — TS, || &~ 0. Consequently, the learned em- havioral metric loss preserves the original behavioral metric

bedding collapses to a constant value: c{¢ (s:) = dg,. guarantees under deterministic dynamics.

Proof provided in Appendix A. Specifically, we establish
convergence and behavioral similarity guarantees for the re-
sulting metric-based encoder, ensuring stable training. Em-
pirically (see Section 5), this regularization significantly im-
proves the latent space structure and facilitates the discovery
of synergy patterns in overactuated control tasks.

Proof in Appendix A. This collapse renders the latent
space behaviorally indistinguishable, severely limiting its
utility in overactuated control settings, such as muscu-
loskeletal tasks where nuanced distinctions are essential for
meaningful exploration, highlighting a core limitation in
behavior-driven representation learning under sparse feed-
back.

Behavioral Discriminability Regularization. To address
the representation collapse issue, we introduce a behav-
ioral discriminability regularization term that encourages
diversity in the learned state embeddings even when reward
signals are weak. Specifically, for each sampled state pair
(si, s;), we penalize latent contraction if the reward differ-
ence falls below a small threshold e:

4.2 Synergy-based Policy Learning

Structured Action Representation Learning. Overactu-
ated control tasks (e.g., musculoskeletal systems) involve
redundant and high-dimensional action spaces, where each
action corresponds to coordinated activations of numerous
actuators. Learning directly in such spaces poses signifi-
cant challenges for both policy optimization and exploration.
To address this, we aim to construct a structured latent ac-

Lieg = Es, s, []I [|f§1 —7e | <e|-lo(si) — ¢(s) ||2} Q) tion space that captures the underlying coordination patterns
among actuators. Motivated by evidence that motor con-

where I[-] denotes the indicator function. This loss prevents trol arises from a low-dimensional set of muscle synergies,
the encoder ¢ from mapping low-reward-difference state we use a Variational Autoencoder (VAE) (Kingma, Welling
pairs to the same embedding unless they are behaviorally et al. 2013) to encode muscle activations into a compact la-
indistinguishable. We integrate this regularization into the tent space, where each dimension captures a distinct synergy
behavioral metric objective as follows: pattern. However, standard VAEs struggle to model the mul-
1 timodal nature of muscle activations. To overcome this, we

L(o) = iEsi,sj [(dy(si,85) — |75, — 75 | ©) adopt a Gaussian Mixture VAE, enabling more expressive

and structured latent representations within our framework.

=Dy (si, Sj))Z] + ALreg Unlike conventional VAEs with a unimodal Gaussian

prior over the latent action variable z#, GMVAE adopts a

where )\ is a weighting coefficient. The first term enforces X ; . .
mixture-of-Gaussians (Dilokthanakul et al. 2016) prior:

alignment with behavioral differences; the second promotes
discriminability under sparse rewards. p(c) = Cat(e; P), p(z®lc) = N (2% pie, Xe)  (7)
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where c is a categorical latent variable indicating the mixture
of patterns, and P is a fixed uniform prior over d synergy
patterns. The marginal prior over z* becomes:

d
p(z?) = ZPCN(ZaQ fhes L) ®
c=1

This allows the latent space to explicitly represent d
distinct clusters, each capturing a different mode of syn-
ergy pattern. During training, given a high-dimensional
action a € A, the GMVAE encoder learns to infer
the posterior over both the discrete component ¢(cla) =
Cat(c;9(a)) and the latent action variable ¢(z?|a,c) =
N(2?; gy (a,¢), Xy (a, c)). The model is trained by maxi-
mizing the following variational lower bound:

£GMVAE(G) = Eq(c\a) |:Eq(za|a,c) [logp(a|za)]
—KL(q(2"|a, C)HP(Za\C))} — KL(q(cla) [p(c))

Crucially, the use of GMVAE provides two advantages:
(1) it promotes clustering of muscle activations into inter-
pretable synergy modes, facilitating more efficient explo-
ration; and (2) it improves representation disentanglement,
leading to more stable and accurate decoding of muscle ac-
tivations during downstream policy learning.

Decoder Fine-tuning and Synergy-aware Policy Learn-
ing. After unsupervised pretraining, we fix the GMVAE en-
coder and retain the decoder as a mapping from the latent
synergy action space Z¢ to the original action space .A. Dur-
ing downstream task learning, the policy 7(z%|s;) operates
entirely in the low-dimensional latent space, producing syn-
ergy coefficients z that are decoded into high-dimensional
actions via a; = Dec(z2). To accommodate task-specific
coordination demands beyond those captured during explo-
ration, we fine-tune the decoder alongside policy learning.
While the policy adapts based on environmental rewards,
the decoder is jointly updated to align latent actions with
reward-relevant motor outputs. This is achieved via a super-
vised reconstruction loss:

£ =Eqpapen |Decy(@) —al]  (10)

where (22, a;) pairs are collected during interaction. The en-
coder remains frozen to preserve latent consistency, enabling
the policy to reason over stable, interpretable motor primi-
tives. This synergy-aware architecture effectively decouples
policy learning from high-dimensional actuation, reducing
optimization complexity while enabling adaptive control.
Empirically, this design improves convergence speed, train-
ing stability, and generalization across diverse tasks. We out-
line the full training procedure in Algorithm 1.

5 Experiments

The overall objective of our experiment is to evaluate the
performance of ETL in comparison to other baselines, we
conduct comprehensive experiments on various settings of
locomotion and manipulation tasks with high-dimensional

Algorithm 1: Explore to Learn (ETL)

1: Initialize: exploration policy 7, task-specific policy
Ty, state encoder ¢, number of synergy-patterns d, GM-
VAE encoder—decoder 1, replay buffer D
Phase 1: Latent Exploration
for episode = 1 to Nexpiore 0
Sample unit latent vector z,, (Synergy pattern)
for t =1 to MAX_STEP_PER_EPISODE do
Sample action a; guided by synergy-pattern zs,
Compute exploration reward F} >Eq. (1)
Record transition in the buffer D
Update exploration policy mex, Vvia policy gradient
Train GMVAE (Enc, Decy) on collected action
datain D >Eq. (9)
10:  end for
11: end for
Phase 2: Policy Learning
12: while not converged do
13:  fort =1 to MAX_STEP_PER_EPISODE do

D A A

14: Observe state s;

15: Sample synergy latent z& ~ mg(- | s¢)

16: Decode action a; = Decy(z3)

17: Update 7y using policy gradient

18: Fine-tune decoder Dec,, using collected (2§, at)

pairs to minimize the reconstruction loss >Eq. (10)
19:  end for
20: end while

Figure 3: Five high-dimensional tasks from the DMCon-
trol suite, with respective action dimensions: Humanoid Run
(¢ € R?%), Humanoid Stand (¢ € R?*), Humanoid Walk
(a € R?**), Dog Run (a € R38), and Dog Walk (a € R3%).

action space to assess the effectiveness of ETL (Project site:
https://sites.google.com/view/explore-to-learn/).

Baselines. We compare ETL against four representative
methods designed for high-dimensional control or latent ex-
ploration: (1) Lattice (Chiappa et al. 2023): A latent ex-
ploration approach that injects temporally correlated noise
into the latent state of the policy to improve exploration
in high-dimensional control tasks. (2) EME (Wang et al.
2024): The latest latent exploration technique that leverages
state differences in a learned metric space to drive more
effective and structured exploration. (3) DEP (Schumacher
et al. 2023): A method that integrates differential extrinsic
plasticity (DEP) into reinforcement learning, enabling rapid,
state-space-covering exploration in musculoskeletal models
within seconds of interaction. (4) DynSyn (He et al. 2024):
A recent approach that derives synergy-based representa-
tions from dynamical structures and adapts them in a task-
specific, state-dependent manner to enhance motor control.



Figure 4: Eight musculoskeletal control tasks from MyoSuite, with corresponding action dimensions: Hand Pose (a € R3?),
Key Turn (a € R3Y), Pen Twirl (¢ € R??), Baoding (¢ € R3?), Die Rotation (a € R3%), Relocate (a € R®?), Leg Walk
(a € R®Y), and Stair-Terrain-Walk (a € R8°).
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Figure 5: Comparison results for the tasks from DMControl suite (Humanoid and Dog), = axis denotes the timesteps.
ETL —— DEP - EME Lattice = DynSyn
Hand Pose Key Turn Pen Twirl Baoding
1.0 1.0 1.0 1.0
0.8 0.8 0.8 0.8
0.6 0.6 0.6 0.6
0.4 0.4 0.4 0.4
IS
0.2 0.2 0.2 0.2
w2
8o 0.0 0 0
3 QYo o5, 10 .15 20%%0 o5 10 15 20%°%0 o5 10 15 20°%0 05 _ 10 15 20
=S Die Rotation 1es Relocate 1e6 Leg Walk 1es Stair-Terrain-Walk
Anl.0 1.0 1.0 1.0
=
So.8 0.8 0.8 0.8
20.6 0.6 - 0.6 0.6
0.4 0.4 0.4 0.4
0.2 2’: « 0.2 0.2 0.2
%0 o5 10 15 20%%0 o5 10 15 20%% 2 4 0-05 2 4 6 8

1e7

1e7

1e7

Figure 6: Comparison results for the tasks in Myosuite (averaged over 5 seeds), x axis denotes the timesteps.

5.1 Experimental Setting

DMControl. We evaluate the effectiveness of ETL on five
high-dimensional locomotion tasks from the DMControl
Suite (Tassa et al. 2018): Humanoid Run, Humanoid Stand,
Humanoid Walk, Dog Run and Dog Walk. As shown in
Fig. 3, the action space dimensionality is 38 for the Dog
embodiment and 24 for the Humanoid embodiment. These
tasks are widely used to benchmark policy learning in con-
tinuous control settings with complex dynamics.

Myosuite. To assess the applicability of ETL in phys-
iologically realistic motor control scenarios, we further
evaluate it on eight challenging tasks from the MyoSuite
benchmark (Caggiano et al. 2022a), a physics-based mus-
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culoskeletal simulation environment. MyoSuite empha-
sizes fine-grained biomechanical coordination and high-
dimensional actuation. As illustrated in Fig. 4, we focus on
two musculoskeletal models: MyoHand (a € R3°) and My-
oLeg (a € R®). We include five representative tasks from
the default MyoSuite suite: Hand Pose, Key Turn, Pen Twirl,
Leg Walk, and Stair-Terrain-Walk, which test dexterous ma-
nipulation and coordinated locomotion. Additionally, we
consider three advanced tasks drawn from the NeurIPS My-
oChallenge benchmarks (Caggiano et al. 2022b, 2023) de-
signed to promote human-level dexterity and agility: Baod-
ing, Die Rotation, and Relocate. These tasks involve dy-
namic object manipulation and pose significant challenges



for exploration and motor control. Full task specifications
and experimental settings are provided in Appendix C.

5.2 Experimental Results and Analysis

Overall Performance. As shown in Fig. 5, ETL consistently
outperforms all baselines on high-dimensional DMControl
tasks, demonstrating superior sample efficiency and learn-
ing stability. While DEP and Lattice perform comparably
on simpler tasks (e.g., Humanoid Stand, Walk), their perfor-
mance degrades in more complex Dog tasks, where ETL’s
advantage becomes more pronounced.

In MyoSuite tasks (Fig. 6), ETL significantly outperforms
all baselines, particularly on challenging manipulation tasks
like Baoding and Die Rotation, which require precise coor-
dination and adaptive exploration. Bonus-based (e.g., EME)
and noise-driven (e.g., Lattice) methods fail to scale in
high-dimensional action spaces, while DEP and DynSyn
suffer from local optima or rigid priors. In contrast, ETL
autonomously discovers disentangled synergy patterns that
generalize across tasks without manual priors. Latent explo-
ration yields structured trajectories that enable the GMVAE
to learn compact, transferable action representations. As a
result, ETL achieves the best performance on 6 of 8 tasks
and matches top scores on the remaining two, demonstrat-
ing superior efficiency in overactuated control.

100 Random Generalization Ablation Analysis
" BN Fixed A
7 Random | 80/ +/ N }
0 601 }

25

0

(@

Figure 7: (a) Average performance across all Myosuite tasks
under fixed and random goal settings. (b) Ablation study on
the number of synergy patterns d in Leg Walk locomotion
task, averaged over five seeds.

Random Goal Generalization. To evaluate the generaliza-
tion capability of ETL, we consider a more challenging set-
ting in which task goals are randomized during both training
and evaluation in the MyoSuite environment. As illustrated
in Fig. 7(a), ETL exhibits strong generalization performance
under this setting. Notably, its performance remains nearly
unchanged compared to the fixed-goal scenario, demonstrat-
ing robust adaptability to varying task objectives. In contrast,
other baseline methods suffer a substantial degradation in
performance, often exceeding a 50% drop, highlighting their
limited capacity to handle goal variability. These results in-
dicate that ETL’s synergy-based representation enables ef-
fective transfer across diverse settings, further validating its
scalability and robustness in realistic control scenarios.

Ablation Study. We conduct ablation studies to evaluate the
effect of two key components in the ETL framework: (1) the
number of synergy patterns d and (2) the contributions of
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Figure 8: Comparison results between ETL and its variants
in Humanoid Run (HR) and Leg Walk (LW) tasks.

individual architectural components. To analyze the impact
of the number of synergy patterns, as suggested by neuro-
science studies(Caggiano, Cheung, and Bizzi 2016), we vary
d across 1,2,4, 8,16 and report results on the Leg Walk task
in Fig.7(b). In our experiments, we observe that performance
improves as d increases from 1 to 4, indicating that a richer
set of synergy patterns enables the model to capture coor-
dinated muscle activations more accurately. However, per-
formance degrades as d increases further to 8 and 16. This
suggests that overly large synergy spaces may introduce rep-
resentational noise or redundancy, hindering policy learning
and leading to overfitting.

We further investigate the contributions of two critical
components in ETL by introducing the following ablated
variants: (1) ETL w/o BDR: removes the Behavioral Dis-
criminability Regularization from the encoder loss. (2) ETL
w/o GM: replaces the Gaussian Mixture VAE with a stan-
dard unimodal VAE. As shown in Fig. 8, removing BDR
results in a noticeable performance drop, confirming its role
in preventing representation collapse in sparse reward set-
tings. The performance declines even more when the Gaus-
sian Mixture prior is removed, highlighting the necessity of
capturing multi-modal coordination patterns through a struc-
tured latent space. Together, these results validate that both
the behavioral discriminability regularization and the Gaus-
sian Mixture module are essential for learning meaning-
ful representations and achieving robust performance. Ad-
ditional ablation results are provided in Appendix B.

6 Conclusion

In this work, we propose Explore to Learn (ETL), a two-
stage framework for efficient learning in high-dimensional,
overactuated control tasks. In the first stage, ETL discovers
muscle synergy patterns by guiding exploration along struc-
tured latent directions, enabling the collection of diverse
muscle activation trajectories. A variational autoencoder is
then trained to encode actions into a compact synergy-based
latent space. In the second stage, the policy operates en-
tirely in this space, producing synergy coefficients that are
decoded into full-dimensional actions. The decoder is fur-
ther fine-tuned to enhance expressiveness and generaliza-
tion. Experiments across musculoskeletal and locomotion
benchmarks show that ETL consistently outperforms strong
baselines in both sample efficiency and final performance.
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