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Abstract
Human dexterity is a hallmark of motor control
behaviors. Our hands can rapidly synthesize new
behaviors despite the complexity (multi-articular
and multi-joints, with 23 joints controlled by more
than 40 muscles) of mosculoskeletal control. In
this work, we take inspiration from how human
dexterity builds on a diversity of prior experi-
ences, instead of being acquired through a sin-
gle task. Motivated by this observation, we set
out to develop agents that can build upon pre-
vious experience to quickly acquire new (previ-
ously unattainable) behaviors. Specifically, our
approach leverages multi-task learning to implic-
itly capture a task-agnostic behavioral priors (My-
oDex) for human-like dexterity, using a physio-
logically realistic human hand model – MyoHand.
We demonstrate MyoDex’s effectiveness in few-
shot generalization as well as positive transfer to
a large repertoire of unseen dexterous manipula-
tion tasks. MyoDex can solve approximately 3x
more tasks and it can accelerate the achievement
of solutions by about 4x in comparison to a distil-
lation baseline. While prior work has synthesized
single musculoskeletal control behaviors, Myo-
Dex is the first generalizable manipulation prior
that catalyzes the learning of dexterous physiolog-
ical control across a large variety of contact-rich
behaviors.

Webpage: https://sites.google.com/view/myodex

1. Introduction
Human dexterity (and its complexity) is a hallmark of intel-
ligent behavior that set us apart from other primates species
(Sobinov & Bensmaia). Human hands are complex and re-
quire the coordination of various muscles to impart effective
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manipulation abilities. New skills do not form by simple
random exploration of all possible behaviors. Instead, hu-
man motor system relies on previous experience (Heldstab
et al.) to build “behavioral priors” that allow rapid skill
learning (Yang et al.; Dominici et al.; Cheung et al.).

The key to learning such a prior might reside in the complex-
ity of the actuation. Manipulation behaviors are incredibly
sophisticated as they evolve in a high-dimensional search
space (overactuated musculoskeletal system) populated with
intermittent contact dynamics between the hands’ degrees of
freedom and the object. The human motor system deals with
this complexity by activating different muscles as a shared
unit. This phenomenon is known as a “muscle synergy”
(Bizzi & Cheung). Synergies allow the biological motor
system – via the modular organization of the movements in
the spinal cord (Bizzi & Cheung; Caggiano et al., a) – to
simplify the control problem, solving tasks by building on a
limited number of shared solutions (d’Avella et al.; d’Avella
& Bizzi). Those shared synergies are suggested to be the
fundamental building blocks for quickly learning new and
more complex motor behaviors (Yang et al.; Dominici et al.;
Cheung et al.). Is it possible for us to learn similar build-
ing blocks (i.e. a behavioral prior) for general dexterous
manipulation on a simulated musculoskeletal hand?

In this work, we present MyoDex, a behavioral prior that
allows agents to quickly build dynamic, dexterous, contact-
rich manipulation behaviors with multiple objects and a
variety of tasks – e.g. drinking from a cup or playing with
toys (see Figure 1). While we do not claim to have solved
physiological dexterous manipulation, the manipulation abil-
ities demonstrated here significantly advance the state of
the art of the bio-mechanics and neuroscience fields. More
specifically, our main contributions are: (1) We (for the first
time) demonstrate control of a (simulated) musculoskeletal
human hand to accomplish 57 different contact-rich skilled
manipulation behaviors, despite the complexity (high de-
grees of freedom, third-order muscle dynamics, etc.). (2)
We recover a task agnostic physiological behavioral prior
– MyoDex – that exhibits positive transfer while solving
unseen out-of-domain tasks. Leveraging MyoDex, we are
able to solve 37 previously unsolved tasks. (3) Our ablation
study reveals a tradeoff between the generality and special-
ization of the MyoDex prior. The final system is configured
to maximize generalization and transfer instead of zero-shot
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Figure 1: Contact rich manipulation behaviors acquired by MyoDex with a physiological MyoHand

out-of-the-box performance. (4) We demonstrate the gen-
erality of our approach by applying it to learn behaviors in
other high-dimensional systems, such as multi-finger robotic
hands. We construct AdroitDex (equivanet to MyoDex for
the AdroitHand (Kumar, 2016)), which achieves 5x bet-
ter sample efficiency over SOTA in the TCDM benchmark
(Dasari et al., a).

2. Related Works
Dexterous manipulations has been approached indepen-
dently by the biomechanics field to study the synthesis of
movements of the overactuated musculoskeletal system, and
roboticists looking to develop, mostly via data-driven meth-
ods, skilled dexterous robots and a-priori representations
for generalizable skill learning. Here, we discuss those
approaches.

Over-redundant biomechanic actuation. Musculoskele-
tal models (McFarland et al.; Lee et al., a; Saul et al.; Delp
et al.; Seth et al.) have been developed to simulate kinematic
information of the muscles and physiological joints. Nev-
ertheless, the intensive computational needs and restricted
contact forces have prevented the study of complex hand-
object interactions and otherwise limited the use mostly
to optimization methods. Recently, a new hand and wrist
model – MyoHand (Caggiano et al., b; Wang et al., a) – over-
comes some limitations of alternative biomechanical hand
models: allows contact-rich interactions and it is suitable for
computationally intensive data-driven explorations. Indeed,
it has been shown that MyoHand can be trained to solve
individual in-hand tasks on very simple geometries (ball,
pen, cube) (Caggiano et al., b; 2022). Here, we leveraged
and extended the MyoHand model to perform hand-object
manouvers on a large variaty of complex realistic objects.

Behavioral synthesis. Data-driven approaches have con-
sistently used Reinforcement Learning (RL) on joint-based
control to solve complex dexterous manipulation in robotics
(Rajeswaran et al.; Kumar et al.; Nagabandi et al.; Chen

Figure 2: MyoHand - Musculoskeletal Hand model(Caggiano
et al., b). On the left, rendering of the musculoskeletal structure
illustrating bone – in gray – and muscle – in red. On the right a
skin-like surface for soft contacts is overlaid to the musculoskeletal
model.

et al.). In order to yield more naturalistic movements, dif-
ferent methods have leveraged motion capture data (Merel
et al., b;a; Hasenclever et al.). By means of those approaches,
it has been possible to learn complex movements and ath-
letic skills such as high jumps (Yin et al.), boxing and fenc-
ing (Won et al.) or playing basketball (Liu & Hodgins).

In contrast to joint-based control, in biomechanical models,
machine learning has been applied to muscle actuators to
control movements and produce more naturalistic behav-
iors. This is a fundamentally different problem than robotic
control as the overactuated control space of biomechani-
cal systems leads to ineffective explorations (Schumacher
et al.). Direct optimization (Wang et al., b; Geijtenbeek
et al.; Al Borno et al.; Rückert & d’Avella) and deep rein-
forcement learning (Jiang et al.; Joos et al.; Schumacher
et al.; Ikkala et al.; Caggiano et al., b; Wang et al., a; Song
et al.; Park et al.) have been used to synthesize walking
and running, reaching movements, in-hand manipulations,
biped locomotion and other highly stylistic movements (Lee
et al., c;b). Nevertheless, complex dexterous hand-object
manipulations beyond in-hand object rotation (Caggiano
et al., b; Berg et al., 2023) have not been accomplished so
far.

Manipulation priors. Previous attempts have tried to solve
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Figure 3: Task setup and a subset ofobject-handpair from our task-set. Every task setup consisted of a tabletop environment, an
object, and the MyoHand. The MyoHand was shaped with a compatible posture and positioned near an object (i.e. pre-grasp posture).

complex tasks by building priors but this approach has been
limited to games and robotics. The idea of ef�ciently rep-
resenting and utilizing previously acquired skills has been
explored in robotics by looking into features across different
manipulation skills e.g. Associative Skill Memories (Pas-
tor et al.) and meta-level priors (Kroemer & Sukhatme).
Another approach has been to extract movement primitives
(Rueckert et al.) to identify a lower-dimensionality set of
fundamental control variables that can be reused in a proba-
bilistic framework to develop more robust movements.

Multi-task learning, where a model is trained on multiple
tasks simultaneously (Caruana), has been also shown to im-
prove the model's ability to extract features that generalize
well (Zhang & Yeung; Dai et al.; Liu et al.). Multi-task
reinforcement learning (RL) has been used in robotics to
propose representations-based methods for exploration and
generalization in games and robotics (Goyal et al.; Hausman
et al.). However, training on multiple tasks can lead to nega-
tive transfer. As a consequence, performance on one task is
negatively impacted by training on another task (Sun et al.).
Nevertheless, it has been argued that in (over)redundant con-
trol such as the physiological one, multi-task learning might
facilitate learning of generalizable solutions (Caruana). In
this work, in addition to showing that nimble contact-rich
manipulation using detailed physiological hand with mus-
culoskeletal dynamics is possible, we present evidence that
a generalizable physiological representation via Multi-task
reinforcement learning –MyoDex– can be acquired and
used as priors to facilitate both learning and generalization
across complex contact rich dexterous tasks.

3. Overactuated Physiological Dexterity

Human hand dexterity builds on the fundamental character-
istics of physiological actuation: muscles are multi-articular
and multi-joints, the dynamics of the muscle are of the third

order, muscles have pulling-only capabilities, and effectors
have intermittent contact with objects. To further our un-
derstanding of physiological dexterity, we embed the same
control challenges – by controlling a physiologically accu-
rate musculoskeletal model of the hand (see Sec. 3.1) – in
complex manipulation tasks (see Sec. 3.2).

3.1.MyoHand: A Physiologically Accurate Hand Model

In order to simulate a physiologically accurate hand model,
a complex musculoskeletal hand model comprised of 29
bones, 23 joints, and 39 muscles-tendon units (Wang et al.,
a) – MyoHand model – implemented in the MuJoCo physics
simulator (Todorov et al.) was used (see Figure 2). This
hand model has previously been shown to exhibit a few
dexterousin-handmanipulation tasks (Caggiano et al., b),
which makes it a good candidate for our study seeking
generalization in dexterous manipulation.

We extended the MyoHand model to include translations
and rotations at the level of the shoulder. We limited the
translation on the frontal (range between[� 0:07; 0:03]) and
longitudinal (range between[� 0:05; 0:05]) axis to support
the natural shoulder and wrist rotation (elbow is considered
maximally extended i.e. a straight arm). For the rest of the
paper we will refer to the whole system asMyoHand.

3.2. Dexterous Behaviors Studied

In this study, we need a large variability of manipulations to
explore the generality of our method against a wide range
of solutions, hence it was important to include 1) objects
with different shapes, and 2) complexity in terms of desired
behaviors requiring simultaneous effective coordination of
�nger, wrist, as well as arm movements.

Our task setMyoDM (inspired by TCDM benchmarks
(Dasari et al., b)) is implemented in the MuJoCo physics
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Figure 4: Learning Frameworks. Left - Single Task Framework: policies were obtained by training policies to solve the individual tasks.
Right - Multi-task framework: A single policy (MyoDex) was obtained by learning all tasks at once.

engine (Todorov et al.) and consists of 33 objects and 57
different behaviors. Every task setup (see Figure 3) consists
of a tabletop environment, an object from the ContactDB
dataset (Brahmbhatt et al.), and the MyoHand.

Dexterous manipulation is often posed as a problem of
achieving the �nal desired con�guration of an object. In
addition to the �nal posture, in this study, we are also in-
terested in capturing the detailed temporal aspect of the
entire manipulation behavior. Tasks like drinking, playing,
or cyclic movement like hammering, sweeping, etc., that
are hard to capture simply as goal-reaching, can be handled
by our formulation (Sec. 4) and are well represented in the
MyoDM.

The tasks considered inMyoDM entail a diverse variety of
object manipulation (relocations+reorientations) behaviors
requiring synchronized coordination of arm, wrist, as well
as in-hand movements to achieve the desired object behav-
iors involving simultaneous translation as well as rotation
(average� std,28� � 21� ). The range of motions of the
shoulder with �xed elbow alone is not suf�cient to enable
the entire range of desired object rotations without involv-
ing in-hand and wrist maneuvers. The angle between the
palm and object ranges upwards of20� in our �nal acquired
behaviors. The wrist is one of the most complex joints
to control because it is affected simultaneously by the bal-
anced activation of more than 20 muscles whose activations
also control �nger movements. Careful maneuvering of
objects within the hand requires simultaneous synchroniza-
tion of numerous antagonistic �nger muscle pairs, failing
which leads to loss of object controllability; highlighting the
complexities of controlling a physiological musculoskeletal
hand during these complex manipulations.

4. Learning Controllers for Physiological
Hands

In this section, we discuss our approach to build agents that
can learn contact-rich manipulation behaviors and general-
ize across tasks.

4.1. Problem formulation

A manipulation task can be formulated as a Markov Deci-
sions Process (MDP) (Sutton & Barto) and solved via Rein-
forcement Learning (RL). In RL paradigms, the Markov de-
cision process is de�ned as a tupleM = ( S; A ; T ; R ; �; 
 ),
whereS � Rn andA � Rm represents the continuous
state and action spaces respectively. The unknown tran-
sition dynamics are described bys0 � T (�js; a). R :
S ! [0; Rmax ], denotes the reward function,
 2 [0; 1)
denotes the discount factor, and and� the initial state dis-
tribution. In RL, a policy is a mapping from states to a
probability distribution over actions, i.e.� : S ! P(A),
which is parameterized by� . The goal of the agent is
to learn a policy� � (ajs) = argmax � [J (�; M )], where
J = max � Es0 � � (s) ;a � � � (a t j st ) [

P
t R(st ; at )]

4.2. Learning Single-Task Controllers

Single task agents.The single task agents are tasked with
picking a series of actions ([a0; a1; :::; aT ]), in response of
the evolving states ([s0; s1; :::; sT ]) to achieve their corre-
sponding object's desired behaviorX̂ object = [ x̂0; :::; x̂T ].

We adopt a standard RL algorithmPPO(Schulman et al.) to
acquire a goal-conditioned policy� � (at jst ; X̂ object ) as our
single task agents. Details on state, actions, rewards, etc are
provided in Section 5. Owing to the third-order non-linear
actuation dynamics and high dimensionality of the search
space, direct optimization onM leads to no meaningful
behaviors.
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Pre-grasps implicitly incorporate information pertaining
to the object and its associated affordance with respect to
the desired task (Jeannerod; Santello et al.). We leveraged
(Dasari et al., b)'s approach of leveraging pregrasp towards
dexterous manipulation with robotic (Adroit (Kumar, 2016))
hand and extend it towards MyoHand. The approach uses
the hand-pose directly preceding the initiation of contact
with an object i.e. a proxy to pre-grasp, to guide search in
the high dimensional space in which dexterous behaviors
evolve. This approach yeilds a set of single-task expert
agents� i with i 2 I whereI is the set of tasks (see Figure
4-left).

4.3. Framework for Multi-Task Physiological Learning

Multi-task agent. Ideally, an agent would be able to solve
multiple tasks using a goal-conditioning variable. Thus, we
additionally train a single agent to solve a subset of tasks
in parallel (see Figure 4-right). This approach proceeds
in a similar fashion as the single-task learner, but agent's
experiences are sampled from the multiple tasks inparal-
lel. All other details of the agent� #

� (at jst ; X̂ object ) (e.g.
hyperparameters, algorithm, etc.) stay the same.

Similar to the single task agents, we encode manipu-
lation behaviors in terms of goal-conditioned policies
� � (at jst ; X̂ object ) and employ a standard implementation
of the PPO (Schulman et al.) from Stable-Baselines (Raf�n
et al.) and pre-grasp informed formulation from (Dasari
et al., b)'s to guide the search for our multi-task agents as
well. See Section A.4.2 for details. The hyperparameters
were kept the same for all tasks (see Appendix Table A.1).

5. Task Details

Next, we provide details required to instantiate ourMyoDM
task suite–

State Space. The state vectorst = f � t ; _� t ;  t ; _ t ; � t g
consisted of� a 29-dimensional vector of 23 hand and 6
arm joints and velocity_� , and object pose and velocity _ .
In addition, positional encoding� (Vaswani et al.), used to
mark the current simulation timestep, was appended to the
end of the state vector. This was needed for learning tasks
with cyclic motions such as hammering.

Action Space.The action spaceat was a 45-dimensional
vector that consists of continuous activations for 39 muscles
of the wrist and �ngers (to contract muscles), together with
3D translation (to allow for displacement in space), and 3D
rotation of the shoulder (to allow for a natural range of arm
movements).

Reward Function. The manipulation tasks we consider
involved approaching the object and manipulating it in free
air after lifting it off a horizontal surface. The hand interacts

with the object adjusting its positions and orientation (X =
[x0; :::; xT ]) for a �xed time horizon. Similar to (Dasari
et al., b), this is translated into an optimization problem
where we are searching for a policy that is conditioned on
desired object trajectorŷX = [ x̂0; :::; x̂T ] and optimized
using the following reward function:

R(x t ; x̂ t ) := � 1expf� � kx (p)
t � x̂ (p)

t k2�

� j\ x (o)
t � x̂ (o)

t jg + � 21f lif ted g � � 3 kmt k2 (1)

where\ is the quaternion angle between the two orienta-
tions,x̂ (p)

t is the desired object position,x̂ (o)
t is the desired

object orientation,1f lif ted g encourages object lifting, and
mt the is overall muscle effort.

Progress metrics.To effectively capture the temporal be-
haviors, we treat dexterous manipulation as a task of re-
alizing desired object trajectories (X̂ ). To capture tem-
poral progress, similar to (Dasari et al., b), we use three
metrics to measure task performance. Thesuccess met-
ric, S(X̂ ) reports the fraction of time steps where ob-
ject error is below a� = 1cm threshold. It is de�ned

as: S(X̂ ) = 1
T

P T
t =0 1






 x (p)

t � x̂ (p)
t








2
< � . The ob-

ject error metricE(X̂ ) calculates the average Euclidean
distance between the object's center-of-mass position and
the desired position from the desired trajectory:E (X̂ ) =
1
T

P T
t =0






 x (p)

t � x̂ (p)
t








2
. In addition, we also used theob-

ject orientation metric: O(X̂ ) = 1
T \ T

t =0 (x (o)
t � x̂ (o)

t ) 1.

Figure 5: Distribution of single task solutions.Distribution of
maximums success rate for single-task solutions on 57 different
tasks. Only 32 out of 57 tasks i.e.56%, were solved with a success
rate above80%. Training performed over12:5k iterations.

1For interpretability, we often omit orientations because center-
of-mass error and orientation error were highly correlated in prac-
tice i.e. Pearson-correlation> 0:785
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6. Results

First, we study if we can solve theMyoDM task set, one
task at a time (see Sec. 6.1). Next, we illustrate that ourMy-
oDexrepresentation can be used asa prior for accelerating
learning novel, out-of-domain tasks (see Sec. 6.2). Finally,
we present a series of ablation studies to understand various
design choices of our approach (see Sec. 6.4).

6.1. Learning Expert Solutions for Single-Task Setting

We begin by asking, is it possible to learn a series of complex
dexterous manipulation behaviors (see Sec. 3.2) using a
MyoHand? Our single-task learning framework is applied
to solve a set of 57MyoDMtasks independently, without any
object or task-speci�c tuning (see Table A.1). The resulting
“expert policies” were able to properly manipulate only a
subset of those objects, while moving and rotating them to
follow the target trajectory (see Figure 1 for a sequence of
snapshots). This was quanti�ed by using 2 metrics (Sec.
5): a Success Metric and an Error Metric. Our single-task
framework achieves an average success rate of66%solving
32 out of 57 tasks (see Fig. 5 and experts in Fig. A.3) and an
average (ecludean distance) error of0:021. We encourage
readers to check our project website for videos and further
qualitative analysis of the learned behaviors.

Figure 6: Zero-shot generalization.MyoDexsuccessfully initi-
ated manipulations on new objects and trajectories. Hand rendering
includes skin-like contact surfaces (see Fig. 2)

6.2. Accelerating Out-of-Domain Learning viaMyoDex

The single-task framework was not able to solve all task
in our task set, even individually which further establishes
complexity of behavior acquisition with high DoF MyoHand
and the dif�culty of ourMyoDM task set. Furthermore, it
creates controllers that can only function within a speci�c
scenario/task. Next, we will demonstrate that by simultane-
ously training on multiple tasks during the reinforcement
learning loop we can achieve aMyoDexprior that can over-
come single-task limitations.MyoDexis a prior that can
be �ne-tuned to solve a larger amount of tasks. In addi-
tion, a single multi-task policy based on trainingMyoDexat
convergence can solve multiple tasks.

For building theMyoDexprior, we consider a subset of 14
MyoDM tasks with a large variability of object and move-

ments (see Sec. 6.4.3 for the effects of task choice) and we
trained one policy to solve all the set of tasks at once. We
stopped the training at12:5k iterations (at the beginning of
the error plateau – see Figure A.1). At this iteration, we
tested potentialzero-shotgeneralization capabilities with
the MyoHand positioned near a novel object with a compati-
ble posture and conditioned on a new task trajectory. While
the policy was not able to zero-shot solve these new tasks
(success rate� 10%), we do observe (see Fig. 6) that the
hand can succesfully grasp and lift the unseen objects. This
leads us to believe that theMyoDexrepresentation can be
used as aprior for accelerating transfer learning.

However, this is not the only way to accomplish a gen-
eral multi-task representation. An established baseline is a
student-teacher distillation (see Sec. A.1), which trains a
single student policy to imitate the 14 expert policies (from
prior experiments) via behavior cloning.

We �ne-tune both theMyoDexand the student policy on
the remaining out-of-domain set of 43MyoDM tasks (using
single-task RL) for additional iterations. Figure 7 presents
learning curves for the �ne-tuned models based onMyo-
Dex, �ne-tuned student baselines, and trained (from scratch)
single-task expert policies in terms of success rate and errors,
respectively. Note how theMyoDexbased policy is able to
learn the tasks signi�cantly faster than either the baseline or
the single-task policies. Among the solved out-of-domain
tasks,MyoDexbased policies were about4x faster than
student based policy (1:9k vs7:7k), and approximately3x
fastern than single-task expert policy (1:9k vs5:7k, Table 1).
Additionally, it achieves ahigher overall task performance
in comparision to the single-task experts, which plateau at
a signi�cantly lower success rate, likely due to exploration
challenges. Table 1 shows this trend in extra detail. The
MyoDexrepresentation allows to solve more tasks (37 vs
22, see Table 1 and Table A.2) and achieve a higher over-
all success rate (0:89 vs 0:69) than the single-task expert,
which in turn outperforms the student baseline. This leads
us to conclude that theMyoDex representation can act as
a generalizable prior for learning dexterous manipulation
policies on a musculoskeletal MyoHand. It is both able
substantially accelerate learning new tasks, and indeed leads
to astrongertransfer to new tasks.

Based on Solved Success Iter. to solve
Expert 51%(22/43) 0:69� 0:30 5:7k � 1:5k
Student 30%(13/43) 0:54� 0:35 7:7k � 1:9k
MyoDex 86% (37/43) 0:89 � 0:25 1:9k � 2:1k

Table 1: MyoDex transfer statistics on unseen (43) tasks–
Solvedindicates the percentage (ratio) of solved tasks (success
� 80%). Successindicates the success metric stats on all 43 tasks
at 12:5k iterations. Iter. to solveindicates the stats on min it-
erations required by the solved task to achieve� 80% success.
Values are expressed as average� std.
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Figure 7: Fine-tuning on 43 Out-of-domain tasks.Metrics until5k iterations of the �ne tuning of 43 out-of-domain tasks. Convergence
is assumed at12:5k iterations. Left - Success Metric. Right - Error Metric. Continuous lines show average and shaded areas the standard
deviation of success and error metrics. The dashed line represents the value at convergence i.e.12:5k iterations.

6.3. Multi-Task Learning with MyoDex

Additionally, MyoDexcan also be used to recover one sin-
gle policy that can solve multiple tasks. We compared the
results of theMyoDextraining at convergence against the
student policy (from the distillation of experts) on the same
set of 14 tasks. See a summary of the results Figure A.2. The
convergedMyoDexbased policy's success rate improves by
> 2x over the student policy. We present an explanation in
Section 8 of why distilling from experts that have acquired
incompatible behaviors in an over-redundant musculoskele-
tal system fails at learning multi-task policies. Indeed, ex-
pert policies found a local solution that does not help to
learn other tasks e.g. experts used as a-priori do not help to
�ne-tune other tasks (see Fig. A.5). In contrast, our multi-
task framework avoids this pitfall, since it simultaneously
learns one policy without any implicit bias, and can reach
similar levels as reached by individual experts in isolation.

6.4.MyoDexAblation Study

The previous set of experiments demonstrated thatMyoDex
contains generalizable priors for dexterous manipulation.
The following ablation study investigates how changing the
number of pre-training iterations as well as the number of
tasks during pre-training affect theMyoDex's capabilities.

6.4.1. EFFECTS OF ITERATIONS ON THEMyoDex
REPRESENTATION

In our experiment, the multi-task policy at12:5k iterations
is de�ned as theMyoDexprior. At this number of iterations,
the policy was able to achieve� 35%success rate (see Fig.
A.1). This solution provided both few-shot learning (task
solved within the �rst environment iteration) and able to
solve most of theMyoDM set of 57 tasks. Here, in order
to probe the sensitivity ofMyoDexprior to the stage of
learning at which the representation is extracted, we com-

pared MyoDexagainst representations obtained earlier i.e.
2:5k and7:5k, and one later i.e.37:5k stages of learning.
Figure 8 shows the results on the �ne-tuning of all the 57
tasks for the 4 different representations. Early representa-
tions are slower but, with enough iterations, they are able
to solve almost all tasks (98%(56 / 57) and91%(52 / 57)
respectively for the representations at2:5k and7:5k). Con-
versely, later representations, show few-shot learning (10
tasks) but they are able to learn only a reduced amount of
tasks (61% (35 / 57)). Hence,MyoDex trained at12:5k
iterations strikes a balance, facilitating fast initial learning
(including few-shots) while being general enough to support
a diverse collection of out-of-domain tasks (see Figure 8).

Another way to look at the effect of learning and generaliz-
able solutions over the iterations is to look to muscle syn-
ergies as they express the amount of muscle co-contraction
shared across tasks. In our study, we utilized the concept of
Variance Accounted For (VAF, see Sec. A.4) to quantify the
number of synergies needed to reconstruct the needed mus-
cle activations to solve the task. Higher VAF achieved with
fewer muscle synergies indicates that it is possible to use
fewer combinations of muscle co-contractions to generate
the needed muscle activations. Our �ndings indicate that
early on in the training process (i.e., around 2.5k iterations,
see Figure A.8), a substantial number of synergies (more
than 12) is needed to achieve a high level of signal recon-
struction. This suggests that while the policy is capable of
discovering some solutions in the muscle space, synergies
are not able to cover all the variability of the signal. Indeed,
this representation helps to overcome some local minima
hence it is particularly well-suited for facilitating transfer to
new tasks.

Around 12.5k iterations, we observed a peak in the capacity
of fewer synergies to account for most of the signal (see
Figure A.8). At this point we have identi�ed solutions in the
muscle space that are highly reusable across multiple tasks.
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However, at 37.5k iterations, we found that a greater number
of synergies were required to explain most of the original
signals. This indicates that specialized co-contractions are
emerging to address speci�c tasks demands. While these
synergies are effective at solving similar tasks with few or
zero shots, their specialization may limit their ability to
tackle dissimilar tasks.

Overall, our results suggest that our representation of syn-
ergies is a powerful tool for facilitating transfer learning,
especially in the early stages of training when more gener-
alized solutions are required. As training progresses, the
emergence of specialized co-contractions enables ef�cient
learning and transfer to similar tasks. Still, with even more
training, specialized solutions are developed.

Figure 8: Fine-tuning from representations obtained at differ-
ent iterations. Fine-tuning from representations obtained earlier
i.e. 2:5k and7:5k iterations,MyoDex i.e. 12:5k iterations, and
later i.e.37:5k iterations. Earlier representations show no few-shot
generalization but better coverage with 56 out of 57 tasks solved,
while later representations show few-shot generalizations but have
less coverage with 35 out of 57 tasks solved. The continuous line
represents the average and the shaded area is the standard deviation
of the success metrics. The dashed line represents the value at
convergence i.e. 12.5k iterations.

6.4.2. EFFECT OF THE NUMBER OF ENVIRONMENTS ON

MyoDex TRAINING

In the above experiment, we showed theMyoDexrepresen-
tation based on 14 environments. An analysis showing the
effect of multi-task learning on environment diversity illus-
trates that the use of 14 environments represented a balance
between trainign the multi-task policy effectively and trans-
fer/generalization ability it possses. We comparedMyoDex
trained on 6, 14, and 18 environments at12:5k iterations
and tested on a set of 39 new environments.MyoDexbased
on 6 and 18 environments leads to lower performance with
respect to 14 environments both in terms of success rate and
the number of solved environments (see Table 2).

Based on Success Solved
MyoDex6 0:78� 0:32 72% (28=39)
MyoDex14 0:92 � 0:21 95% (37 =39)
MyoDex18 0:91� 0:2 87% (34=39)

Table 2: Fine-tuning statistics based on differentMyoDexpri-
ors. MyoDextrained with different environments as priors and
�ne-tuned on 39 environments. Results reported in terms of av-
erage and standard deviation of success and percentage of solved
tasks i.e.� 80%.

Figure 9: Pre-Training task distribution. The distributions of
our task collection in terms of its variability (standard deviation
- STD). Represented on each axes are the STD of the absolute
positional (X-Axis) and rotational (Y-axis) displacements from the
respective initial object poses in the desired object trajectories in
our task set. In circle are all the 57 tasks involved in our study
In pink [Orig.(diverse)] are the original tasks used for training
MyoDex. In blue [Altern.1(diverse)] is a new task set we use for
training an alternate instance of MyoDex prior used in ablation
studies.

6.4.3. HOW TRAINING TASKS AFFECTMyoDex

The choice of objects and tasks to trainMyoDexcan signif-
icantly impact the effectiveness of the representation. We
study the effect of pre-training task distribution on the effec-
tiveness of MyoDex priors. We selected two new task sets.
First, adiversetasks collection –MyoDex Alt Diverse(Fig-
ure 9 in blue) with the same similar attributes of the original
dataset (in pink). Second, ahomogenoustask collection –
MyoDex Alt Homogenous(Figure 9 in red) – with tasks with
little motion variance (e.g. mostly lifting). We found that
MyoDex Alt Diverse– trained on the alternative diverse tasks
– was able to improve performance over time, whileMyoDex
Alt Homogenous– trained on the alternative homogenous
tasks – had its performance plateau early on during training
(see Figure A.7). Indeed, when used for transfer on new
tasks,MyoDex Alt Diverseis able to match the originalMy-
oDexperformance, whileMyoDex Alt Homogenousdoes
not (see Figure 10). This shows that the variety of manip-
ulation/tasks in the pretraining is fundamental to achieve
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