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Abstract— Controlling high-dimensional musculoskeletal sys-
tems is challenging due to the large number of muscle actuators
and the need for coordinated motor behavior. Recent work has
shown that combining reinforcement learning with curriculum
learning can improve performance on such tasks, yet the design
of effective curricula remains an open question. In this work, we
develop two curriculum strategies, Large-to-Small and Small-
to-Large, against a no-curriculum baseline in order to control
a musculoskeletal model of the arm during a task involving
the tracing of geometric shapes. Both curriculum strategies
significantly outperform the baseline, with success rates of 94%
and 88%, in contrast to 42% without a curriculum. The best
results are presented using the Large-to-Small strategy, which
suggests that the agent learns better when it begins with larger
geometrical shapes and gradually progresses on to smaller
ones, where the tracing becomes more precise. Furthermore,
we evaluate generalization to unseen instances, where the
results demonstrate that curriculum-trained agents effectively
generalize to novel shapes and scale variations, illustrating
the robustness of the learned motor skills beyond the training
conditions.
The code for reproducing our experiments is accessible at
https://github.com/AsmaeOUHSSAIN/CuRL-BioArm.git

I. INTRODUCTION

Reinforcement Learning (RL) has emerged as a powerful
paradigm for learning control policies in complex domains
where explicit programming or precise mathematical models
are unavailable. RL has achieved remarkable success in areas
ranging from robotic manipulation to autonomous systems,
by discovering control strategies through interaction with an
environment and reward signals, without requiring manually
designed controllers. Recently, RL has demonstrated promise
for learning musculoskeletal control, where agents must
coordinate a large number of muscle actuators to produce
desired movements [1] [2]. This growing interest is reflected
in dedicated research challenges such as Learn to Move
and MyoChallenge, which have shown that RL, combined
with realistic simulation environments like MyoSuite, can
tackle complex musculoskeletal tasks including locomotion,
reaching, and dexterous manipulation [3] [4].
Applying RL to musculoskeletal systems introduces distinct
challenges. Unlike torque-controlled robots that apply joint
torques directly, musculoskeletal control must work within
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muscle actuation constraints. Musculoskeletal systems ex-
hibit high dimensionality, complex nonlinear dynamics, and
high redundancy [5] [6]. A human arm contains more than
20 degrees of joint freedom actuated by dozens of muscle–
tendon units, all contributing to the same movements. This
redundancy makes it difficult for RL agents to discover use-
ful behaviors through trial-and-error, since random muscle
activations rarely produce coordinated movements.
To address these learning challenges, Curriculum Learning
(CL) has been proposed as a complementary strategy. Rather
than training on the full task from the start, CL structures
training by exposing the agent to a carefully designed se-
quence of increasingly difficult tasks. By starting with easier
versions of the problem, agents can learn more efficiently
before tackling full task complexity. In RL, CL can be im-
plemented through task parameter variations, experience or-
derings, or task sequences designed to progressively increase
difficulty. Empirical evidence supports CL’s effectiveness:
the top-performing solutions in the NeurIPS MyoChallenge
2022 competition combined RL with CL strategies, demon-
strating practical benefits for musculoskeletal control [7].
Despite growing adoption of CL in musculoskeletal RL,
a comprehensive analysis of curriculum design choices re-
mains absent from the literature. It is unclear which specific
curriculum strategies are most effective for muscle-driven
control and how they compare in learning efficiency and final
performance. This paper contributes to addressing this gap
through an empirical study comparing multiple curriculum
strategies for musculoskeletal arm control. In this work, we
make three contributions. First, we design a 3D shape tracing
task on the MyoArm musculoskeletal model where difficulty
varies with the shape size and orientation of the target,
enabling analysis of how difficulty affects learning. Second,
we evaluate different curriculum designs using identical RL
algorithms, hyperparameters, and evaluation protocols, to
ensure performance differences arise purely from curriculum
design, and to identify the strategies that are most effective
for musculoskeletal arm control, thereby providing practical
guidance for future work. Third, we assess the generalization
ability of the trained policies across unseen scales, shapes,
and traversal directions, highlighting both their strengths and
limitations beyond the training conditions.
The remainder of this paper is organized as follows. Sec-
tion II reviews related work on curriculum learning and
musculoskeletal RL. Section III describes the task design
and curriculum strategies. Section IV presents experimental
results and analysis. Section V concludes with discussion



and future work.

II. RELATED WORKS

CL refers to a training strategy in which learning samples
or tasks are presented in a structured order rather than being
sampled randomly [8]. Although the notion is based on
long-standing principles from education and developmental
psychology, it was formalized within machine learning, and
it has then been applied to a variety of contexts including
RL frameworks. Recent studies indicates CL is crucial for
complex biomechanical tasks. In the NeurIPS MyoChallenge
2022 [7], competitors trained controllers for hand manipu-
lation using a 39-muscle hand model. Over 340 solutions
that were submitted, the top solutions all combined RL with
some form of CL. Among research works, a simulated hand
was trained to rotate two balls using an Static-to-Dynamic
Stabilization (SDS) curriculum, which gradually increases
task difficulty in a structured way [10]. The agent first
learned to hold the balls still, then to rotate them slowly,
and over multiple stages the difficulty was increased until
fast continuous rotation was achieved. The SDS curriculum
enabled the agent to achieve 100% success. More generally,
in RL, CL typically takes the form of a sequence of tasks
or environment configurations designed to train the agent
on easier tasks before moving to harder ones. One common
approach is to control the initial states from which the agent
begins training. Reverse curriculum is one such method,
where training starts from states close to the target and is
gradually extended to more difficult ones [11]. Similarly,
CL integrated in RL controllers was applied for functional
electrical stimulation of a 2-DOF arm with six muscles
[12]. As the agent improves its performance, the set of
starting states is gradually extended farther from the goal, so
that complexity increases progressively. This idea has been
further developed through backward reachability curricula,
where an approximate dynamics model is used to expand
the distribution of initial states in a physically consistent
manner [13]. Another line of research on CL focuses on
task generation and sequencing. Instead of modifying ini-
tial conditions, tasks are selected based on their expected
contribution to learning. For instance, a skill-environment
Bayesian network can be used to link skills, goals, and task
features, allowing the system to predict which task will most
improve performance and to select it accordingly [14]. A
third group of approaches addresses the exploration problem
rather than the task structure. In high-dimensional mus-
culoskeletal systems, standard random exploration is often
ineffective. To overcome this, self-organization methods have
been proposed to generate coordinated movements before RL
training, providing a more structured starting point for learn-
ing [15]. While many CL approaches focus on controlling
initial states or improving exploration, other works define
curricula through variations of task parameters, such as target
positions, task geometry, or environmental conditions. These
methods progressively increase task difficulty by expanding
the complexity of the task [9]. Building on this idea, our work
studies CL over task parameters, with a particular focus to

how the ordering of tasks affects learning performance in
musculoskeletal control problems.

III. MATERIALS AND METHODS

A. Musculoskeletal arm model and task definition

To investigate how curriculum design and task difficulty
affect performance in musculoskeletal control, we use the
MyoSuite simulation framework, which is built on the
MuJoCo physics engine and designed for musculoskeletal
control research [4]. Specifically, we employ the MyoArm
model, a detailed upper-limb musculoskeletal model with
20 joints and 32 muscle–tendon units. These muscle–tendon
units actuate the shoulder, elbow, and wrist joints. We
extend the standard one-point reach task into shape tracing
task, in which the agent must sequentially reach a sequence
of waypoints defining a closed square trajectory in three-
dimensional space. A square generates a set of waypoints;
given the square’s center coordinates, half-side length,
and horizontal orientation, we calculate the square’s four
vertices. Each edge is then split into a given number of
uniformly spaced intermediate waypoints. In each step, we
compute the distance between the fingertip and the current
goal waypoint. When this distance goes below the tolerance,
the waypoint is indicated as reached and the next waypoint
becomes the target. The task is considered successful if all
waypoints are reached in the correct sequence and within
the allowed number of steps.

Fig. 1: Visualization of the MyoArm model performing the
shape-tracing task in MyoSuite. The green path indicates the
waypoints already traced by the fingertip, and the red lines
represent the muscle-tendon units.

B. Reinforcement Learning formulation

We formulate the arm control problem as a Markov
Decision Process (MDP) defined by the tuple (S,A, T,R, γ)
[16] [17]. At each timestep t, the agent observes a state
st ∈ S comprising proprioceptive signals (joint angles,
angular velocities, muscle-tendon excitations), the position
of the current waypoint, the distance between the fingertip
and the target, and a binary vector of length 21 indicating
reached waypoints. Based on this state, the agent selects
an action at ∈ A ⊆ R32 representing muscle excitation
signals for the 32 MyoArm actuators. The transition function



TABLE I: Curriculum levels for both training strategies.
Scale and center position are expressed in meters (m).

Strategy Level Scale Rot. Center pos. Thr.
NoCL – [0.02, 0.08] [±45◦] [−0.30, −0.12] –

Large
→ Small

Large (L0) [0.06, 0.08] [±10◦] [−0.24, −0.16] 70%
Large-Med. (L1) [0.04, 0.08] [±25◦] [−0.24, −0.12] 60%
Lrg-Med-Sml (L2) [0.02, 0.08] [±45◦] [−0.30, −0.12] Terminal

Small
→ Large

Small (L0) [0.02, 0.04] [±10◦] [−0.24, −0.16] 70%
Small-Med. (L1) [0.02, 0.06] [±25◦] [−0.24, −0.12] 60%
Sml-Med-Lrg (L2) [0.02, 0.08] [±45◦] [−0.30, −0.12] Terminal

T : S × A → S generates the next state using the MuJoCo
physics engine and the muscle activation dynamics. The
agent’s goal is to maximize the expected value of discounted
return according to the reward function:

rt = −∥pfinger
t − pwp

t ∥+ bwp 1reached + bfinal 1done, (1)

where pfinger
t is the position of the fingertip and pwp

t is
the current waypoint position. The first term penalizes the
Euclidean distance to the waypoint, bwp = 1.0 is a bonus
awarded each time a waypoint is reached, and bfinal = 50 is
a terminal bonus for completing the entire square trajectory.
The indicator functions 1reached and 1done equal 1 when a
waypoint is reached or the episode succeeds, respectively.
An episode corresponds to a single attempt to complete the
shape tracing task. It starts from an initial position where the
arm is initialized and the first waypoint is set as the target,
and it terminates either when all waypoints are reached in
the correct sequence or when a maximum number of steps
is exceeded (see Fig. 1).

C. Experimental design

To examine the effect of CL on shape-tracing skill ac-
quisition, we compare three training strategies that differ in
how the task parameters are presented to the agent during
training. The complexity of each episode is defined by three
parameters, which are the square’s half-side length (scale),
rotation around the vertical axis, and vertical position of the
square center. The first strategy serves as a baseline and
doesn’t include any curriculum. In each episode, all three
parameters are randomly sampled from their entire ranges.
The agent is exposed to the whole task distribution from the
beginning of training. The second one involves a Large-to-
Small curriculum, where the agent is first trained on large
squares and then progressively introduced to smaller ones.
Training starts with large squares, small rotation ranges, and
centered vertical positions. The agent is evaluated periodi-
cally on tasks sampled from the current level distribution.
When the success rate exceeds the threshold associated with
the current level, the scale range expands to include medium
and then small squares, the rotation range increases, and
the vertical range extends. At the final stage, all parameter
ranges are included. The third strategy follows a Small-to-
Large curriculum, which reverses the ordering of the scale
parameter. Training begins with small squares and progres-
sively includes medium and then large ones. The rotation
and vertical position ranges expand at each level following

the same progression thresholds as in the Large-to-Small
curriculum. Table I provides a detailed level description,
including parameter ranges and progression levels for the
three training strategies. All strategies use the same RL
algorithm, more specifically Proximal Policy Optimization
(PPO) [18], and share an identical network architecture
consisting of two hidden layers of 256 neurons each and
the same set of hyperparameters. Each experiment is trained
for 107 timesteps over 8 parallel environments.
The overall training framework, including the interaction
between the agent, the environment, and the CL strategy,
is illustrated in Fig. 2.

Environment (MyoSuite)

MyoArm — 20 joints, 32 muscles

Square trajectory — 21 waypoints

State sₜ / Reward rₜ

Parameters: scale, rotation, center

RL agent

PPO algorithm

Policy π — MLP (256 × 256)

Action aₜ (muscle excitations)

sₜ , rₜ

aₜ

Curriculum learning strategy

No curriculum Large → Small Small → Large

set parameters SR feedback

Fig. 2: Overview of the proposed training framework.

D. Evaluation metrics

We evaluate each training strategy’s performance using
metrics that indicate how effectively the agent learns the task
and how effective the final policy is.

i) The cumulative episodic reward is defined as the sum of
all rewards received by the agent over a single episode.
This metric is recorded to evaluate the learning speed
and convergence behavior.

ii) The waypoint progress metric evaluates the agent’s
progress during an episode. It is defined as:

WPprog =
k

K
,

where k is the number of waypoints reached and K is
the total number of waypoints, which is 21. A WPprog

value of a 1 indicates that the agent completed the entire
square.

iii) The progress-weighted tracking error evaluates tracing
precision while accounting for task progress. It is de-
fined as:

epw = ē (1−WPprog) ,

where ē is the mean tracing error, defined as the
average Euclidean distance between the fingertip and
the waypoints over the episode:

ē =
1

T

T∑
t=1

∥pfinger
t − pwp

t ∥.

The mean error alone can be misleading when agents
reach different numbers of waypoints. An agent that



makes little progress may obtain a low error by re-
maining near the initial part of the trajectory, while an
agent that progresses further may accumulate a higher
error. To address this issue, the error is weighted by
the remaining fraction of the trajectory. As a result, an
agent that completes the full trajectory obtains a value
of zero, enabling a fair comparison between agents with
different levels of progress.

iv) The success rate is defined as the fraction of evaluation
episodes in which the agent reaches all waypoints within
the allowed simulation steps.

SR =
nsuccess

nepisodes
,

where nsuccess is the number of successfully completed
episodes and nepisodes is the total number of evaluation
episodes. A success rate of zero does not necessarily
indicate that the agent has not achieved any significant
progress. An agent may frequently achieve a number of
waypoints without fully completing the trajectory; yet,
this progress remains fully ignored in the success rate.

E. Generalization evaluation

Beyond comparing agent performance with and without
CL, we evaluate the generalization capacity of each learned
policy to conditions unseen during training. This evaluates
whether the learned behavior is robust and transferable
beyond the training distribution. We consider three types of
generalization tests. First, in the scale test, the agent is evalu-
ated on trajectories with different spatial scales. We evaluate
each model on the original training range [0.02, 0.08] as a
baseline, on a smaller-than-training range [0.005, 0.02] that
produces more closely spaced waypoints, and on a larger-
than-training range [0.08, 0.14] . This test examines whether
the learned policy can adapt to both reduced and expanded
versions of the task that were never encountered during
training. Second, in the shape test, we evaluate generalization
to unseen geometries: a wide rectangle (aspect ratio 2:1),
a tall rectangle (aspect ratio 1:2), a star, and an equilateral
triangle, replacing the square used in training. This evaluation
determines whether the agent has learned a general tracing
strategy, rather than just memorizing a specific path. Finally,
in the direction test, each model is evaluated using both the
standard waypoint order and a reversed waypoint sequence.
This determines whether the policy captures a general tracing
behavior or depends on a specific directed pattern.

IV. RESULTS AND DISCUSSION

To track the evolution of learning performance, we save a
policy checkpoint every 50k timesteps. Each checkpoint is
then evaluated on a fixed set of test episodes sampled from
the distribution associated with the curriculum level at which
it was saved. In the Large-to-Small strategy, policies learned
at level L0 are examined based on large configurations.
At level L1, the evaluation set extends to both large and
medium scales, whereas at the final level L2, it covers the
whole parameter range. A similar approach is used for the

Small-to-Large strategy, whereby evaluations at level L0 are
executed on small-scale configurations, with progressively
larger sizes included at following levels. To ensure a fair
comparison, the baseline noCL agent, which is trained on
the full parameter range, is evaluated on the same level-
specific test configurations as the curriculum-based agents.
This means that, at each stage, the baseline is tested on the
same subset of task parameters corresponding to the current
curriculum level. Figures 3a and 3b present the resulting
training curves for the Large-to-Small and Small-to-Large
curricula, respectively, each compared against the noCL
strategy, which is used as the baseline. The four evaluation
metrics introduced in Section III-D are reported over the
full 107 training timesteps. Background shading indicates the
active curriculum level, and dashed vertical lines denote the
timesteps at which level transitions occurred.
For the Large-to-Small curriculum (Figure 3a), the agent
transitions from level L0 to L1 at approximately 4.0 ×
106 timesteps and from L1 to L2 at 6.8 × 106 timesteps.
During level L0, where only large squares are presented,
the curriculum agent exhibits a continuous increase in mean
cumulative episodic reward (i), rising from approximately
−60 to 0, while the baseline remains around −35 over
the same period. The waypoint progress (ii) shows a more
significant distinction; the curriculum agent reaches over
0.6 by the first level transition, whereas the baseline rises
to approximately 0.3 before declining back to 0.2. The
progress-weighted tracking error (iii) decreases consistently
for the curriculum agent, dropping below 0.04 by the L0−L1
transition and approaching zero by the end of training.
In contrast, the baseline error initially decreases but then
rises after 4 × 106 timesteps, stabilizing around 0.08. The
success rate (iv) captures the overall contrast most clearly;
the curriculum agent begins improving around 2 × 106

timesteps and reaches approximately 95% by the end of
training, while the baseline remains below 10% throughout.
Thus, despite the fact that each level transition increases
task variability, the curriculum agent continues to improve
without any degradation, indicating that the skills acquired
at earlier levels transfer effectively to the expanded task
distributions. The Small-to-Large curriculum (Figure 3b)
achieves qualitatively similar results. The agent advances
from L0 to L1 in 2.4× 106 timesteps and from L1 to L2 in
6.2×106 timesteps, completing the first level earlier than the
Large-to-Small agent. The mean reward (i) starts lower, at
−75, reflecting the higher initial difficulty of small squares,
but gradually increases and reaches values similar to the
Large-to-Small agent by the end of training. The waypoint
progress (ii) displays a similar increasing trend, and the
progress-weighted tracking error (iii) approaches zero, while
the success rate (iv) reaches around 95%, closely aligning
with the final performance of the Large-to-Small strategy.

To compare the three strategies after training, each final
policy is evaluated on 1000 identical test episodes with
parameters sampled uniformly from the full range. Figure 4
summarizes the results. The Large-to-Small agent achieves
the highest performance across all three metrics, with a
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Fig. 3: Comparison of curriculum learning strategies against the no-curriculum baseline across all evaluation metrics.
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Fig. 4: The final model performance comparison across CL and no Curriculum Learning (noCL) strategies.

median success rate of 94%, a mean reward of 58.71, and a
mean waypoint progress of 97%. The Small-to-Large agent
follows closely, reaching a median success rate of 88%, a
mean reward of 52.45, and a mean waypoint progress of
92%. The baseline agent, by contrast, achieves a median
success rate of only 42%, a mean reward of 7.99, and a mean
waypoint progress of 59%, with significantly more variation.

Table II summarizes the generalization performance across
scale, shape, and direction conditions. For the scale test,
both curriculum agents generalize well to scales that are
smaller than training, with success rates of 89% for Large-
to-Small and 88% for Small-to-Large, closely matching
their in-distribution performance. Meanwhile, the larger-
than-training scales tend to be more challenging; the Large-
to-Small agent decreases to 48% and the Small-to-Large
agent falls to 14%. For the shape test, both curriculum agents

TABLE II: Results across Direction, Shape, and Scale con-
ditions.

noCL S-to-L L-to-S
SR WPprog SR WPprog SR WPprog

Scale
[.02,.08] (base.) 43% 60.7% 89% 90.8% 92% 93.5%
[.005,.02] 26% 39.2% 88% 92.9% 89% 92.2%
[.08,.14] 2% 22% 14% 39.3% 48% 66.8%

Shape

Square (base.) 43% 60.7% 89% 90.8% 92% 93.5%
Rect. wide 29% 48.7% 75% 81.1% 90% 91.6%
Rect. tall 40% 58.7% 77% 86.3% 90% 95.7%
Star 27% 43.6% 70% 78.8% 70% 82.5%
Triangle 18% 33.8% 71% 79.4% 69% 84.7%

Direction
Forward (base.) 43% 60.7% 89% 90.8% 92% 93.5%
Reversed 0% 13.1% 1% 17.3% 5% 21.6%

generalize well to unseen geometries, with the Large-to-
Small agent achieving 69%–90% success across all novel
shapes and the Small-to-Large agent reaching 70%–77%. In
the other hand, the baseline remains below 40% in all cases.



Rectangles yield the highest transfer due to their similarity
to the training square, while the triangle produces the largest
drop. In the direction test where the order is reversed, success
rates for the Large-to-Small, Small-to-Large, and baseline
agents significantly drop to 5%, 1%, and 0%, respectively.
This indicates that all policies acquired a direction-specific
tracing pattern.
A key observation across all experiments is that the Large-
to-Small curriculum consistently outperforms the Small-to-
Large strategy. We attribute this to the nature of the initial
training phase. Starting with large squares allows the agent to
learn basic arm movements first, since the waypoints are far
apart. Once this foundation is established, the agent can adapt
to smaller squares by refining its precision. This interpreta-
tion is further supported by the scale generalization results,
where the Large-to-Small agent transfers substantially better
to larger-than-training scales (48% vs. 14%), suggesting
that early exposure to larger movements develops a more
transferable motor capacity. These results appear to align
with the progressive development of motor skills in children,
characterized by a transition from gross to fine motor control.
Children’s learning to trace geometric shapes is part of the
gradual development of motor skills, following a progression
from gross motor skills to fine motor skills. Findings from
developmental psychology and motor neuroscience show
that proximal control (shoulder, arm) precedes distal control
(wrist, fingers). In this context, starting with large shapes is
recommended, as this involves broad movements, promotes
visuomotor coordination, and allows children to build a
general understanding of shapes without excessive pressure
to be precise [19].

V. CONCLUSION

This work investigated the effect of CL on RL-based
control of a musculoskeletal arm model for a shape-tracing
task. We compared two curriculum orderings, Large-to-Small
and Small-to-Large, against a no-curriculum baseline under
identical training and evaluation conditions. Both curriculum
strategies significantly outperformed the baseline in terms
of success rate, waypoint progress, and reward, while also
producing more consistent policies. The Large-to-Small or-
dering achieved the best overall performance, suggesting that
acquiring broad motor patterns before refining precision is
a more effective learning progression for musculoskeletal
control. Generalization tests showed that curriculum-trained
agents transfer well to unseen shapes and smaller scales,
though all strategies remain sensitive to reversed traversal
directions and scales beyond the training range.
Several directions remain for future work. First, the sensitiv-
ity to reversed direction suggests that the current design may
encourage direction-specific strategies. We hypothesize that
augmenting the observation with direction information about
upcoming waypoints, or training with randomized traversal
directions, could help the agent to acquire direction-invariant
policies. Second, the curriculum used in this work relies on
fixed thresholds. As a result, the agent cannot return to earlier
levels if performance drops or skills are lost. An adaptive

curriculum that adjusts task difficulty based on performance
could address this limitation and improve robustness.
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