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Highlights:

* A neural internal model is introduced to learn intrinsic hand dynamics for high-dimensional control.
» Efficient in-hand manipulation and gesture generation are enabled based on the internal model.

*  Extensive experiments in bot simulation and real-world supports the efficacy of our method.

Abstract: Controlling dexterous hands in high-dimensional action spaces remains challenging, whereas
humans naturally achieve such control through internal models that predict and adapt body dynamics.
Inspired by this concept, we present MoDex, a neural internal model framework that learns the intrinsic
dynamics of dexterous hands via coupled forward and inverse networks. MoDex enables efficient
bidirectional planning through integration with a Cross-Entropy Method (CEM) optimizer, achieving
superior data efficiency and faster decision-making compared to model-free and model-based baselines.
Furthermore, the pretrained internal model serves as a transferable module: when combined with an
external dynamics model, it improves data efficiency in in-hand object manipulation, and when coupled
with a large language model (LLM), it enables few-shot gesture generation in both simulation and the
real world. Extensive experiments across multiple robotic hands demonstrate MoDex’s versatility and

effectiveness in high-dimensional control.
Keywords: model-based learning; dexterous manipulation; high-dimensional control

1. Introduction

The broad functional potential of dexterous hands has motivated extensive research in areas such as
dexterous grasping [1-3], in-hand manipulation [4—7] and even musculoskeletal manipulation [8,9].
Despite this progress, controlling high degree-of-freedom (DoF) hands remains a major challenge, as the
data required to train a policy grows with the action dimension [10]. Deep reinforcement learning (DRL),
a trial-and-error-based approach, struggles with this problem due to its need for an unreasonably large

number of interactions in high-dimensional settings [11].
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One common approach to addressing this challenge is reducing the dimensionality of the action space
by leveraging synergy, a concept from neuroscience that describes the coordinated control of multiple
actuators [12]. Previous works have applied this idea to enhance DRL efficiency by exploiting the action
redundancy in specific tasks through Manifold learning [13] and covariance analysis [14,15]. While
synergy-based methods can accelerate learning, they inherently shape a task-related reduced action space,
leaving the transferring of muscle synergies largely unexplored [14]. Additionally, synergies themselves
vary significantly depending on the task; for instance, chopstick using and cube rotating differ in both the
pattern and quantity of synergies. These characteristics may affect the performance across different tasks.

The internal model, another concept from neuroscience, suggests that rather than mapping
observations directly to actuator controls, the nervous system relies on a pair of models: a forward model
and an inverse model [16,17]. The forward model predicts the outcomes of actions based on observed
dynamics, while the inverse model infers the necessary actuator commands to achieve a target state. The
concept of internal model was first introduced to explicitly represent control systems [18]. In biological
motor control, growing evidence suggests that the human body maintains an internal model to predict and
adapt movements [19,20]. Since real-time sensory feedback is often unreliable due to occlusions or noise,
motor planning primarily relies on an internal model constructed from prior perception [16]. For instance,
when vision is obstructed or the environment is dark, humans still accurately estimate hand position, a
phenomenon best explained by an internal model [21]. Similarly, motor adaptation experiments reveal
that humans adjust to external disturbances by continuously updating their internal models and, even after
the disturbances are removed, momentarily retain compensatory responses [22]. This raises the question:
can we endow robots with similar high-dimensional control capabilities using the internal model?

In this paper, we investigate whether the internal model can facilitate high-dimensional dexterous
control. Unlike traditional model-based approaches that focus on learning environment dynamics [23,24],
our approach, MoDex, addresses that the dexterous hand itself should be studied as an independent system.
Specifically, a pair of NN-based forward model and inverse model are trained through random exploration,
which provides robots with an understanding of hand dynamics. To accelerate the decision-making
process, we propose a bidirectional planning method by integrating the neural internal model with
a Cross-Entropy Method (CEM) [25] planner. Draw inspiration from neuroscience experiments, we
evaluate MoDex on fingertip control to reach target positions using four dexterous hands in simulation.
Results show that our approach is significantly more data efficient compared to model-free methods while
also demonstrating faster planning compared to model-based baselines.

To further demonstrate its versatility, we utilize the pretrained neural internal model as a plug-and-play
module for in-hand manipulation and few-shot gesture generation in both simulation and real world. In
the first case, we factorize the environment dynamics into the pretrained internal model and an external
dynamics model, leading to improved data efficiency in object reorientation. In the second case, we
integrate MoDex to a large language model (LLM) by prompting it to generate cost functions. Our
approach successfully generates a variety of gestures, such as “Scissorshand” and “Rock&Roll”. These

examples indicate MoDex’s potential for diverse high-dimensional control tasks.
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2. Methods
2.1. Learning neural internal models

Controlling a hand is exceptionally complex, yet humans manage it effortlessly, suggesting the presence
of internal model planning [26]. This observation underscores the importance of explicitly modeling the
body system for dexterous control. Accordingly, we propose to learn a neural internal model to enable

high-dimensional dexterous control. The neural internal model consists of:

2.1.1. Forward model for dexterous hand dynamics

To achieve precise high-dimensional control, we introduce a neural forward model that approximates the
dynamics of the dexterous hand. Specifically, given the current state s; and action a;, the forward model

predicts the next state:
St+1= fo(st,ar), (D

where s;,5,41 € R represents the hand state and the imagined next state respectively, which we define as
the positions of all fingertips. a, € RX denotes the action generated by actuators, with K being the action
dimension. fy(-) is a parametric function modeled as a multi-layer perceptron (MLP) with parameters 6.

To train the forward model, we collect a dataset of transitions & = {(s;,a,s;+1)i} using random
exploration. The forward model is then trained to minimize a multi-step prediction loss:

S

Liorward = ¥, 0'|[sy+i+1 — foSr4irar) ||, (2)
i=0

where S is the prediction horizon, controlling how many future steps are predicted, and « is a discount
factor, weighting short-horizon errors more than long-horizon errors. $; is set to s; for initial alignment.
This multi-step objective prevents compounding errors and encourages the model to generalize beyond
short-term predictions, making it more reliable for downstream planning tasks.

In the field of dexterous control, sequential tasks like in-hand manipulation are a major area of
focus. However, non-sequential tasks, where the static result is more important than the dynamic process,
also play a crucial role. Examples include gesture generation and dexterous grasping. To address these
quasi-static dexterous control tasks, we also propose a quasi-static forward model which disregards the

current hand state s, and utilizes only the action to predict the subsequent hand state:

Si41= fé/ (at)- 3)

To collect the training data, we reset the hand to its default state and record the subsequent states

following the executed actions 2’ = {(ay, s, +1)},~:0,1,27m. Multi-step MSE loss now collapses to MSE loss:
2
L}orward = HSH-I _fé’(af)H : “4)
2.1.2. Inverse model for action generation

The inverse model operates in the reverse direction of the forward model, predicting an action that moves

the hand toward a desired target state. Formally, this process is defined as:
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ar = 8¢ (s1,51), (&)

where gy is an MLP parameterized by ¢, and s7 € R represents the target hand state. However, action
prediction is inherently ambiguous since multiple valid action sequences may lead to the same target state.
Additionally, the accuracy of the predicted action depends on the information contained in the state. To
address this, we model the predicted action as a Gaussian distribution rather than a deterministic output.

Specifically, we define:
aAlN</I/(g¢(St7ST)7Z))7 (6)

where X is a diagonal covariance matrix, and o, its square root of diagonal vector is estimated from the

training dataset as:

0= E(s,,a,,sT)N@ [’at — 8¢ (SI7ST)|:| . (7

This distribution is then utilized to generate a set of action samples, which are refined through
additional optimization as described in the following section.

We train the inverse model on the collected dataset & and use L1 loss function:

Linverse = ]E(s,,a;,sr)~@ |g¢ (stast+t0> - at’ ) (@)

where ¢ is a hyperparameter controlling the target timestamp shift, which we set to 1 in this work.
Similarly, to address quasi-static situations, we generate action proposals directly from the target

hand state:
dr ~ N (g (s7),Egllas — gy (s7)]]) ©)

since the reset hand state is fixed. 2’ is leveraged to train the model:

Lgnverse = |g:b’(st+l) —a;|. (10)

2.1.3. Bidirectional planning strategy

When executing complex movements, the central nervous system (CNS) decomposes motion into an initial
rapid movement followed by corrective sub-movements [27,28]. Inspired by this, our bidirectional planning
strategy first generates an initial action distribution using the inverse model, then refines it iteratively.
Given a target hand state, the inverse model produces an action distribution, which is extended
over a planning horizon 7y to initialize the sampling process. A CEM planner iteratively refines the
action sequence by sampling candidate actions from the distribution, predicting their outcomes via the
forward model, selecting the top-performing samples, and updating the distribution based on their mean
and variance [25]. For sequential tasks, we further integrate Model Predictive Control (MPC) [23] by
executing the first action. At the next step, we replan using the updated state. The whole process is shown

in Algorithm 1.
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Algorithm 1 Bidirectional Planning with MPC

Require: Current state s, target state s7, inverse model gy, forward model fy, planning horizon 7, number of
CEM iterations Ncem, number of samples Ny, number of elites Njites, filtering coefficient (moving average
coefficient) 8
while task is not complete do

1:

2 Initialize: Generate initial action distribution:

3 a~ N (gelsisr),E)

4 Expand the distribution to planning horizon Tj: {d}i:f o1

5: for iteration i = 1 to Neepy, do

6 Sample N; candidate action sequences from the current distribution
7 Initialize: §, = s,

8 for each candidate action sequence {a,}tTigl do

9 Predict trajectory using forward model:

10: Siv1 = fo(8i,ai), Yie[t,t+Ty—1]

11: Compute trajectory cost J based on task objective

12: end for

13: Select top Nejites action sequences with lowest costs (elites)
14: Calculate the mean and variance of elite trajectories

15: Update action distribution using moving average method
16: end for

17: Execute first action a,

18: Update state to s;41
19: end while

2.2. Applications of pretrained internal model

To demonstrate the versatility of a pretrained neural internal model, we explore two application cases:

factorized dynamics learning for in-hand manipulation and few-shot gesture generation.

2.2.1. Factorized dynamics learning

Instead of modeling the hand and external environment jointly for in-hand manipulation, we adopt a
hierarchical factorization. The complete system dynamics are decomposed into (i) a pretrained internal
model and (i1) an external dynamics model capturing interactions with objects.

Given an action, we first predict the next hand state using the pretrained model (Equation (1)), which
serves as an implicit prior since humans acquire such models through experience. The external dynamics

model then updates the prediction by incorporating the interaction with the object:

St+15Xt+1 :fW(§t+1axt)a (1)

where x; and x;4| are the external states before and after interaction, while 5,1 and s, denote the hand
states in imagination and after interaction. The external model fy,, parameterized by an MLP, learns
the dynamics of interaction. Theoretically, a complete system model requires learning an input-output
mapping of dimension (H + O+ K) x (H + O) where H, O, and K are the dimensions of hand state,
object state, and action space, respectively. When the action dimension increases, the dimension of the
input-output mapping scales proportionally by a factor of (H + O), leading to higher model complexity
and data consumption. Instead, factorized dynamics reduces this to (H + O) x (H + O) by freezing the
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internal model and only train the external model, effectively eliminating direct dependence on action
dimension. To learn a specific task, we employ an online adaptive learning strategy [29] that iteratively
rolls out actions, collects new transition data, and updates the models. Multi-step loss is applied to

enhance long-horizon prediction robustness.

2.2.2. Few-shot gesture generation

We formulate gesture generation from text input as an optimization problem, leveraging LLMs’ common
knowledge and coding ability to provide the objective function without post-training.

Given a linguistic gesture request, we require an LLM to generate a heuristic function that quantifies
the cost of the current hand state to the target gesture. For example, the “OK” gesture with a five-fingered

hand can be described by:
S (8)=—llso—sill2+ Y (si-70), (12)

i>2
where s; represents the i-th fingertip position, and #; denotes the preferred direction for straightening each
finger. It encourages thumb-index contact while keeping other fingers extended. This cost function is presented
in python function as shown in Figure 1. To enable few-shot ability, we integrate in-context learning [30],
supplying the LLM with multiple pre-defined cost functions as exemplars. Finally, MoDex is used to generate

the action for the target gesture, where the LLM-generated cost function serves as the objective.
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Figure 1. Method overview: We first explore the action space and collect dynamics data
to train the internal model. Using these models, we employ CEM-based bidirectional
planning to optimize actions. Applications: We decompose the system dynamics
into a hand model and an external model, enhancing learning efficiency in in-hand
manipulation task. Additionally, we leverage LLM to generate a cost function from
textual inputs, guiding action optimization for gesture generation.
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2.3. Evaluation protocols

2.3.1. Fingertip reach

We evaluate a fingertip reach task in simulation, inspired by neuroscience studies, using four dexterous
robotic hands from IsaacGym [31] and Myosuite [9], which are listed in the Table 1. The objective is to move
each fingertip to its designated spatial target. Two experimental settings are considered: (1) Quasi-static—a
single-step reaching scenario, and (2) Sequential—a multi-step reaching task requiring dynamic coordination.
Performance is evaluated over 100 randomized episodes using three metrics: S.R. (Success Rate), defined as
the percentage of episodes achieving a target distance threshold; R.E. (Reach Error), the mean Euclidean
distance between fingertips and targets; and P.S. (Planning Samples), the average number of samples
utilized per planning step.
Table 1. Dexterous hands.

Name Driven Actuation NoF DoF Dimension
Robotiq Joint-driven Fully-actuated 3 11 11
Allegro Joint-driven Fully-actuated 4 16 16
Shadowhand Joint-driven Under-actuated 5 24 20
Myohand Tendon-driven Over-actuated 5 23 39

We compare MoDex against two categories of baselines: (1) Model-free methods—Soft Actor-Critic (SAC) [32]
and the synergy-based approach (SAR) [14]; (2) Model-based methods—Forward Model+Random
Shooting (FM+RS), Forward Model+Batch Gradient Descent (FM+BGD), and FM+CEM [29]. For
model-free methods, policies are learned online. Model-based methods, however, involve a training phase
where data is collected using a random policy to train a forward model of the hand. In MoDex, the same
data is also used to train an inverse model. During evaluation, the forward model is frozen, and different

planning methods are applied.
2.3.2. In-hand manipulation

We evaluate factorized dynamics learning to three in-hand manipulation tasks using Myohand [9]:
* Reorient target2. A Myohand reorients a cube to one of two goal orientations, -7 around z axis.
Each episode starts with a randomly initialized goal and cube position. The task is completed
| < 0.075.
* Reorient 8object. A Myohand manipulates one of four geometries—ellipsoid, cuboid, cylinder, or

when cos(roteype, rotgoar) > 0.95 and |pos e — POSgoal

capsule—each with two scaled variants. The object pose and goal orientation are randomly initialized
at the start of each episode. The object is randomly selected from the 8 geometry variants.

* Reorient 100object. A Myohand reorients objects sampled from 100 geometric variants (25 variants
for each geometry). The object pose and goal orientation are randomly initialized at the start of
each episode. The object is randomly selected from the 100 geometry variants.

The reward (or negative cost) function used is defined as:
R:=—-A ’posobject — POSgpal 2+ 242 COS(TOtObjecb r0tgoal) —A3 'Hédropped7 (13)

where A; = 1, A, = 1, and A3 = 5. The first term penalizes the Euclidean distance between the object and

goal positions, the second term rewards rotational alignment via cosine similarity, and the final term imposes a
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penalty if the object is dropped, indicated by the indicator function ¥ gropped- To demonstrate the plug-and-play
ability, we utilized the internal model pretrained in sequential setting of fingertip reach experiment.

We compare our method against three baselines: (1) Soft Actor-Critic (SAC) [32], (2) Planning with
Deep Dynamics Models (PDDM) [29], which learns a single dynamics model for the entire manipulation
system, and (3) PDDM-+Multi-Step Loss (PDDM+MSL), an extension of PDDM incorporating a multi-step
loss to improve long-term prediction accuracy. We also evaluate the end-to-end training version of our method

Ours (end2end) by unfreezing the pretrained model.

2.3.3. Gesture generation

We evaluate MoDex’s capability in gesture generation using AllegroHand, ShadowHand, and MyoHand,
excluding Robotiq due to its unsuitability for gesture posing. To assess transferability, we directly employ
the pretrained internal model from the quasi-static setting of the fingertip reach experiment. Additionally, to
demonstrate few-shot learning, we utilize ChatGPT as the core model for generating cost functions, providing

only two example cost functions in the system prompt. We provide the system prompt for Allegro as follows.

Prompt of gesture generation

You are acquired to generate code to control a robotic hand to make gestures, here are examples:

def gesture_thumbup_allegro(fingertip_position):

num_envs (1) x finger_num X 3

indices: indexs: O-thumb, 1-ring finger&little finger, 2-middle finger, 3-index finger
# loss that forces the thumb to be straight

loss1 = -fingertip_position[:,0,1]

# loss that forces the index finger, middle finger and ring finger to curl towards palm
loss2 = fingertip_position[:,1:, 2].mean(-1)

# combine the losses for all fingers

loss = 1. * loss1 + 1. * loss2

return loss

def gesture_ok_allegro(fingertip_position):

num_envs (1) x finger_num X 3

indices: O-thumb, 1-ring finger&little finger, 2-middle finger, 3-index finger
# loss that forces the tips of thumb and index finger to be close together
loss1 = torch.norm(fingertip_position[:,0] - fingertip_position[:,3], dim=-1)
# loss that forces the middle finger and ring finger to be straight

loss2 = -fingertip_position[:,1:3, 2].mean(dim=-1)

# combine the losses for all fingers

loss = 1. * loss1 + 1. * loss2

return loss

Refer to the examples and generate gestures according to the users’ request.
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2.4. Real-world deployment

We validate MoDex in real-world in-hand manipulation and gesture generation. For in-hand manipulation,
we use the Xhand (five-fingered dexterous hand) to manipulate a cube, orange, and cylinder at 10 Hz.
Object states (position and orientation) are tracked via AprilTags using an Intel RealSense D415, as shown
in Figure 2. The hand state is represented by joint positions, with 20 minutes of random exploration
collected for pretraining. Object positions are computed in the image coordinate frame and normalized to
the range [0, 1]. We constrain orientation tracking to the rotation around the tag’s local z-axis. During
evaluation, random z-axis rotations in [0°,90°] are used, with a success threshold of 3°. The episode ends
if the object falls from the hand or the number of task steps exceeds 50. In the online adaptive learning

stage, we maintain an on-policy to random exploration ratio of 3:1 to reduce overfitting.

-
el ————— |\

URS Robot Arm

Manipulated Object - Orange

Cylinder

Figure 2. Experimental setup for real-world in-hand manipulation.

For gesture generation, we begin by recording video footage of the hand during exploration. We
manually annotate three keypoints per finger across selected frames. These keypoints are then tracked
throughout the video using CoTracker3 [33]. To obtain a robust estimate of each finger’s position, we
compute the average position of its tracked keypoints, weighting by their visibility confidence scores.
The tracking results are shown in Figure 3b. We utilize the 2D positions in the image coordinate frame,
as this information is sufficient to reliably infer diverse hand gestures given our setup. Notably, no
camera-to-hand calibration is required for either in-hand manipulation or gesture generation, due to the

design of our experimental setup.

RealSense D415 —®

(a) )

Figure 3. Experimental framework for gesture generation and fingertip tracking:
(a) Setup for real-world gesture generation; (b) 2D fingertip positions tracked over
time using CoTracker3 [33].
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3. Results
3.1. Fingertip reach experiment

As shown in Table 2, MoDex consistently outperforms both model-free and model-based baselines across
almost all robotic hands and settings. In the quasi-static setting, MoDex achieves the highest success rate on
all hands, improving over the strongest baseline (FM+CEM) by an average of 3.5%. At the same time, it
attains the lowest reach error, demonstrating superior precision in fingertip positioning. Importantly, MoDex

requires substantially fewer planning samples, indicating strong planning efficiency and fast convergence.

Table 2. Evaluation on fingertip reach task. We exclude model-free baselines from this
quasi-static setting due to their inability to succeed. Experimental results demonstrate
that our method achieves the lowest fingertip reach error while requiring the fewest
planning samples, highlighting both its accuracy and sample efficiency.

Robotiq Allegro Shadowhand Myohand
Methods
SR.T RE.] PS.| SR.1T RE.] PS.|] SR1T RE.| PS.|] SR1T RE.| PS.|
Quasi-static Setting
FM+RS 79 0.80 10k 49 1.47 10k 22 1.78 10k 34 1.58 10k

FM+BGD 82 0.76 384k 66 1.33 384k 45 1.50 384k 66 1.13 384k
FM+CEM 88 0.77 1.2k 70 1.34 1.2k 55 1.45 1.2k 77 1.01 20k
Ours 91 0.72 0.8k 72 1.32 1.0k 54 1.47 1.0k 87 0.87 20k

Sequential Setting

SAC 89 0.74 - 50 1.52 - 38 1.65 - 62 1.52 -
SAR 8 2.03 - 0 2.44 - 2 2.38 - 0 2.54 -
FM+RS 84 0.76 50k 53 1.50 50k 45 1.60 50k 7 2.50 50k

FM+BGD 80 0.83 384k 62 1.38 384k 43 1.56 384k 85 1.20 384k
FM+CEM 90 0.74 20k 86 1.19 20k 50 1.52 24k 77 1.25 24k
Ours 96 0.51 1.2k 89 1.16 1.2k 56 1.48 1.2k 88 1.18 1.8k

In the more challenging sequential setting, MoDex further extends its advantage, achieving the highest
average success rate of 82.3%, compared to 75.8% for FM+CEM and 59.8% for SAC. Notably, MoDex attains
the lowest reach error across all hands (0.51-1.48 vs. 0.74-2.50 for baselines), showing enhanced temporal
stability and dynamic control. Despite being model-based, MoDex also maintains a low computational
burden (~1.2 k samples per step) compared to FM+RS and FM+BGD (50 k and 38.4 k, respectively).

Overall, MoDex achieves superior accuracy, robustness, and efficiency in both quasi-static and
sequential reaching scenarios. Moreover, model-based methods (including MoDex) require only about
1% and 10% of the training data used by model-free methods in the quasi-static and sequential settings,
respectively, underscoring their strong data efficiency. In contrast, the synergy-based SAR baseline
performs poorly across all hands (S.R. < 10%), suggesting that fixed low-dimensional coordination
patterns are insufficient for precise multi-finger control in these low-redundancy tasks. Qualitative results

are visualized in Figure 4.

10
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Figure 4. Visualization of fingertip reach: The dexterous hand is tasked with reaching
randomly generated target points, where each finger is assigned a specific, color-coded goal.

Relation of action dimension and data volume. We investigate how the action dimensionality and
the amount of training data influence the predictive accuracy of the forward dynamics model, using
mean squared error (MSE) as the evaluation metric with a fixed 10:1 train/evaluation split. As illustrated
in Figure 5a, the logarithm of prediction MSE exhibits an approximately linear increase with action
dimension, indicating that higher-dimensional control spaces lead to a proportional degradation in
prediction accuracy. Conversely, increasing the training data volume results in a linear decrease in log
MSE, as shown in Figure 5b, reflecting improved generalization with more diverse samples. Notably,
the near-perfect linear correlations (r > 0.99) across both axes imply that model performance follows a
predictable scaling law: maintaining a constant prediction error requires the training data volume to grow
exponentially with the action dimension. This finding highlights a fundamental data-efficiency limitation
in high-dimensional control learning—underscoring the necessity of either data-efficient modeling

strategies or dimensionality reduction techniques when scaling to dexterous, multi-DoF manipulators.
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Figure 5. Scaling effects of action dimension and data volume: (a) The prediction MSE
of forward model grows exponentially with action dimension; (b) The prediction MSE
of forward model decreases linearly with data volume. Results show that to maintain
the same prediction error, the data volume grows exponentially with action dimension.

Why MoDex outperforms other model-based methods? A key question is how bidirectional
planning—the primary distinction between MoDex and other model-based optimization methods—contributes
to its superior task success rate, particularly when compared to CEM-based variants. We conduct experiments
on both quasi-static and sequential settings. As illustrated in Figure 6, FM+CEM achieves performance
comparable to MoDex when granted sufficiently large planning budgets in terms of sample size
and iteration count. However, under more constrained settings, MoDex exhibits a clear advantage,

achieving lower cost values with significantly fewer optimization steps. This behavior indicates that the

11
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inverse model in MoDex provides a strong prior or initialization for the subsequent forward-planning
phase (Figure 1), effectively narrowing the search space and accelerating convergence. In contrast,
FM+CEM and SIM+CEM rely solely on forward sampling, requiring substantially more samples to reach
comparable performance. These results demonstrate that bidirectional planning synergistically combines
the strengths of both inverse and forward dynamics reasoning, yielding higher efficiency and robustness,

especially under limited computational resources.

Samples Samples Samples
200 400 600 800 1000 200 400 600 800 1000 200 400 600
2-1.721.551.49 1.51 1.36 2-1.01 1.01 1.01 0.94 0.96 5 1.69 1.50 1.40
3-1.491.371.29 1.24 1.14 3-1.00 0.96 0.93 0.92 0.94

145 123 115

w2

»41.341.161.081.03 1.03

-
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Figure 6. Ablation study on planning method. We compare FM+CEM, SIM+CEM
and MoDex’s planning iteration steps and samples per iteration in (a) quasi-static
setting and (b) sequential setting. Results demonstrate the inverse process of MoDex

can significantly reduce planning samples and iterations.

Adaptability to actuator changes: To evaluate the adaptability of the forward dynamics model to
physical changes in the actuation system, we simulate two categories of hand-related perturbations:
(1) actuator failures, modeled by setting the control signal of selected actuators to zero, and (ii) muscle
fatigue, modeled by scaling actuator commands by a constant factor. For each condition, we collect 1000
samples for fine-tuning and 500 for evaluation. As shown in Figure 7, the neural network-based forward
model rapidly recovers its prediction accuracy after the actuator change, indicating strong adaptability
through limited online fine-tuning. The model achieves convergence to near-original MSE levels across all
tested scenarios. However, the rate of adaptation varies: higher fatigue factors lead to longer convergence
times, while the adaptation patterns for actuator failures differ depending on which actuator is affected,

likely due to structural asymmetries and differing dynamic dependencies among actuators.
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Figure 7. Adaptation of forward model to different actuator changes. Since MoDex
is data-driven, it can adapt to actuator changes by learning from new data.

3.2. In-hand manipulation

As shown in Figure 8, our method demonstrates superior data efficiency and generalization across all three
reorientation tasks. In the Reorient 8objects task (Figure 8a), MoDex rapidly improves with fewer than 10*
datapoints, surpassing all baselines by a large margin. While SAC and PDDM exhibit slow and unstable
learning, our factorized dynamics approach reaches a success rate of 0.4 with approximately one-tenth of
the samples required by model-free reinforcement learning. The improvement highlights the effectiveness

of modularized forward-inverse composition, enabling fast adaptation across diverse object geometries.

Reorient 8objects Reorient 1000bjects Reorient target2
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~
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1
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Figure 8. In-hand manipulation experiments. Quantitative evaluation are conducted
on three in-hand manipulation tasks: (a) Reorient 8objects; (b) Reorient 100objects;
(c) Reorient target2, showing that MoDex achieves the highest success rates with the
fewest data.

For the more challenging Reorient 100objects scenario (Figure 8b), MoDex maintains high performance
and generalization despite the increased object diversity. Compared to PDDM and PDDM+MSL, which
both plateau at about 0.25 success rate, our approach continues to improve with additional data, reaching

above 0.35 success rate. This demonstrates that the factorized dynamics representation scales favorably to
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large and heterogeneous object sets, suggesting that the learned sub-dynamics can transfer effectively across
shape variations.

In contrast, for Reorient target2 (Figure 8c), MoDex initially performs well but experiences
performance degradation due to compounding model composition errors, as the task requires high
temporal precision and consistent long-horizon prediction. However, when the pretrained internal model
is unfrozen (Ours (end2end)), performance recovers and even surpasses all baselines, achieving stable
convergence near the optimal reward level. This indicates that end-to-end fine-tuning can effectively
mitigate accumulated modeling bias while preserving the data efficiency benefits of modular training.

MoDex demonstrates robust transferability and remarkable data efficiency across diverse in-hand
manipulation scenarios. Compared to the model-free SAC baseline, it achieves comparable or superior
performance with nearly one order of magnitude fewer samples. The modular training paradigm further
enables reusability of pretrained internal models, allowing rapid adaptation to new manipulation tasks
without retraining from scratch. This capability highlights the potential of factorized dynamics learning

as a scalable and general framework for efficient robot skill acquisition.
3.3. Gesture generation study

As illustrated in Figure 9, MoDex successfully generates a wide range of expressive gestures—including
Rock&Roll, Scissorhands, Finger Gun, and Calling—across three distinct hand platforms: AllegroHand,
ShadowHand, and MyoHand. The system demonstrates strong transferability by leveraging a pretrained
internal model originally trained for fingertip reach tasks in a quasi-static setting, without requiring
retraining or hand-specific tuning. To enable few-shot generalization, we employ ChatGPT to synthesize
cost functions from linguistic gesture descriptions, using only two example functions provided via
in-context learning. The resulting gestures exhibit semantic alignment with the target descriptions,
confirming the viability of using LLMs to formulate task objectives for motor control via cost function

generation. We provide three generated cost function as below.

4 N

Allegro

Shadowhand

Myohand

Hand Model W
Generated Gestures

Figure 9. Gesture generation in simulation. We provide two gesture cost functions
in prompt as in-context learning and generate four expressive gestures across three
different dexterous hands. We exclude Robotiq since its structure is not appropriate
for gesture generation.
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Generated cost functions

def gesture_scissors_allegro(fingertip_position):

999

num_envs (1) x finger_num x 3

for allegro

indices: O-thumb, 1-ring finger&little finger, 2-middle finger, 3-index finger

# loss that forces the tips of thumb, ring finger and little finger to be close together
loss1 = torch.norm(fingertip_position[:,0] - fingertip_position[:,1], dim=-1)

# loss that forces the index finger and middle finger to be straight

loss2 = -fingertip_position[:,2:4, 2].mean(dim=-1)

# combine the losses for all fingers

loss = 1. *loss1 + 1. * loss2

return loss

def gesture_rockandroll_allegro(fingertip_position):

num_envs (1) x finger_num x 3

for allegro

indices: O-thumb, 1-ring finger&little finger, 2-middle finger, 3-index finger
# loss that forces the tips of thumb and middle finger to be close together
loss1 = torch.norm(fingertip_position[:,0] - fingertip_position[:,2], dim=-1)
# loss that forces the index finger, ring finger and little finger to be straight
loss2 = - (fingertip_position[:,1, 2] + fingertip_position[:,3,2])/2

# combine the losses for all fingers

loss = loss1 + 1. * loss2

return loss

def gesture_call_allegro(fingertip_position):

num_envs (1) x finger_num x 3

for allegro

indices: O-thumb, 1-ring finger&little finger, 2-middle finger, 3-index finger
# loss that forces the tips of thumb to be straight

loss1 = -fingertip_position[:,0,1]

# loss that forces the little finger to be straight

loss2 = fingertip_position[:,1, 0]

# loss that forces the index finger and middle finger to curl towards palm
loss3 = fingertip_position[:,2:, 2].mean(-1)

# combine the losses for all fingers

loss = 1. *lossl + 1. * loss2 + 1. * loss3

return loss
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3.4. Real-world deployment

As shown in Figure 10 and Table 3, MoDex achieves successful object rotations within 30 minutes of
real-world rollouts, with performance varying by object. The orange is difficult to rotate beyond 30°
due to its size, while the cylinder rotates easily but is prone to slipping. The cube shows moderate
difficulty, occasionally failing due to edge-related instabilities. MoDex also generates diverse hand
gestures (Figure 11), with failures typically arising when gestures fall outside the exploration data
distribution, highlighting the importance of coverage during data collection.

Figure 10. Qualitative evaluation on in-hand rotation in real world. We deploy
MoDex to perform in-hand rotation of three objects (cube, orange, and cylinder)
around the z-axis.

Table 3. Real-world evaluation on in-hand rotation.

Rotate Cube Rotate Orange Rotate Cylinder

Success Rate 6/10 2/10 8/10

Figure 11. Qualitative evaluation on gesture generation in real world. MoDex generates
diverse hand gestures in the real world. Green indicates successful executions, while
red denotes failures. We observe that failures arise when the target gestures fall outside
the distribution of the exploration data.
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4. Conclusion

This work presents MoDex, a framework for high-dimensional dexterous control that leverages learned
neural internal models. By combining a forward model for state prediction and an inverse model for action
generation within a bidirectional planning strategy, MoDex achieves superior precision, data efficiency, and
robustness in fingertip reaching tasks compared to model-free and model-based baselines. The pretrained
internal model further demonstrates versatility by enabling efficient factorized dynamics learning for
complex in-hand manipulation and few-shot gesture generation via LLM-synthesized cost functions. In
fingertip reach experiment, it achieved an 82.3% success rate, outperforming model-based baselines in
precision while using about 1 order of magnitude fewer planning samples. For in-hand manipulation,
its factorized dynamics approach accelerated learning, matching model-free RL performance with 10 x
less data and generalizing across 100 object variants. In gesture generation, it enabled few-shot gesture
generation by translating LLLM-generated cost functions into actions using a pretrained model. Finally,
real-world experiments confirmed successful deployment for both dynamic cube reorientation and diverse

gesture generation, validating the framework’s practical efficacy in real scenarios.
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