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Figure 1: Overview of the project pipeline

Abstract

Dexterous pick-and-place is a contact-rich, partially observable visuomotor prob-
lem requiring geometric reasoning and stable interaction under occlusion and object
pose variations. We propose GeoDEX, a geometric diffusion-transformer policy
for dexterous pick-and-place that predicts temporally correlated action chunks from
dual-view RGBD and proprioceptive observations for a 26 DoF robot (20 DoF
hand + 6 DoF wrist). Human demonstrations are captured via Apple Vision Pro and
retargeted through nonlinear optimization that preserves SE(3) wrist alignment
and fingertip geometry in MuJoCo. The policy embeds geometric structure directly
into diffusion training through a geodesic SO(3) loss, relative fingertip consistency
constraints, and contact-aware regularization. We evaluate performance under pro-
gressively increasing scene complexity and conduct ablations on modality, action
outputs, and geometric modeling. GeoDEX will demonstrate that incorporating
explicit SE(3) structure into diffusion-transformer policies improves stability and
generalization in contact-rich dexterous manipulation.



1 Introduction

Dexterous manipulation is a contact-rich, partially observable visuomotor problem that needs geo-
metric reasoning, stable interaction, and robust perception under occlusion. The challenge increases
under pose variation, clutter, and category-level sorting, where policies must simultaneously learn
grasp mechanics and implicit object classification without explicit supervision. We study progres-
sive pick-and-place, from single-object placement to multi-object and category-based sorting. Our
approach employs a transformer-based diffusion policy that predicts temporally correlated action
chunks from multi-view visual and proprioceptive observations.

Experiments are conducted on a 26 DoF robot hand (20 DoF fingers + 6 DoF floating wrist) equipped
with two RGBD cameras: a wrist-mounted egocentric camera and an overhead camera. Human
demonstrations are captured via Apple Vision Pro (27 SE(3) keypoints) and retargeted through non-
linear optimization. Policies are trained in MuJoCo simulation, that map RGBD and proprioceptive
inputs to action output, enabling end-to-end visuomotor control.

2 Related Work

Diffusion-based visuomotor policies have become a strong paradigm for multimodal action gen-
eration in robot manipulation. Diffusion Policy [1] showed that denoising-based action modeling
improves stability over autoregressive methods, while transformer backbones enable long-horizon
and chunked prediction [2, 3, 4]. Large-scale vision-language-action (VLA) models such as RT-1 and
RT-2 [5, 3] further demonstrated the benefits of pretrained visual representations for manipulation
generalization. In dexterous settings, prior work emphasizes reinforcement learning (RL) with domain
randomization [6], demonstration-augmented policy learning [7], and cross-embodiment transfer via
morphology-aware or shared latent representations [8, 9]. Geometric control methods establish stable
tracking on SE(3) and SO(3) manifolds [10, 11], yet most generative manipulation policies regress
Euclidean pose parameters and neglect Lie group structure.

Building on diffusion transformers [12, 13, 14], GeoDEX incorporates explicit SE(3) geometry,
relative fingertip constraints, and contact-aware regularization into chunked diffusion policies for
multi-view dexterous manipulation.

3 Proposed Approach

Figure 1 provides an overview of the project pipeline and method we are proposing.

3.1 Data Collection

Human demonstrations are captured via Apple Vision Pro hand tracking using the MIT CSAIL
Streamer application [15, 16]. The 27 tracked keypoints are then retargeted to the 20 DoF robot hand
using nonlinear optimization. [17].

Each trajectory τ = {(ot, at)}Tt=1 contains synchronized observations and desired action targets.
The observation is defined as ot =

(
Iego
t , Iover

t , qt, x
w
t , ct, s

obj
t

)
, where Iego

t , Iover
t are RGBD images,

qt ∈ R20 finger joint positions, xw
t ∈ SE(3) wrist pose. The ct contact signals, and sobjt object states

are also collected for potential architecture changes and multi-modality explorations. The action
at = (q∗t , x

w∗
t ) corresponds to desired joint and wrist targets prior to PD control.

3.2 Robot Hand Retargeting

Retargeting to the 20-DoF Kyber hand is formulated as a nonlinear optimization problem, following
prior optimization-based dexterous retargeting approaches [18, 9]. Let q ∈ R20 denote joint angles
and xi(q) the forward-kinematics fingertip positions. Given human fingertip targets hi, we minimize

LIK = Wc(1− cos(r,h)) +Wr

∑
i

∥xi(q)− hi∥2 +Ws∥q − qprev∥2 +Wreg∥q∥2, (1)

enforcing wrist alignment, fingertip consistency, temporal smoothness, and joint regularization. This
produces smooth, geometrically consistent teleoperation trajectories across embodiments.
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3.3 Low-Level PD Controller

Finger joints are controlled via independent PD control, τi = kp(q
∗
i − qi) − kdq̇i. The wrist is

modeled as a free-floating joint and controlled through Cartesian impedance. With ep = p∗ − p and
eR = log(R⊤R∗), the spatial wrench F = Kpep −Kvv, T = KreR −Kωω is applied at the palm
frame.

3.4 Policy Formulation

Dexterous pick-and-place is modeled as a partially observable visuomotor problem. The policy
learns a conditional diffusion model πθ(at:t+H | ot−k:t), predicting temporally correlated action
chunks of horizon H from observation history k. Observations include dual-view RGBD images
and proprioceptive state (20 finger joints + 6-DoF wrist pose). Actions are 29D per timestep (20
joint targets + 9D wrist command). Diffusion is performed in normalized action space to capture
multimodal contact-rich trajectories.

3.5 Architecture

Both camera streams are encoded with a shared ResNet18 backbone [19]. Visual features are fused
with proprioception and diffusion timestep embeddings, forming a token sequence processed by
a transformer encoder [20]. A diffusion head predicts denoised action chunks following DDPM
training [12, 1, 2], with objective Ldiffusion = ∥ϵ̂− ϵ∥2. To improve cross-embodiment robustness, we
introduce structured finger dropout [8, 21]. With probability pdrop, a finger’s proprioceptive inputs
are masked and a binary mask token appended. The diffusion loss is computed only over active action
dimensions Aactive:

Lmask
diffusion = ∥ϵ̂Aactive

− ϵAactive
∥2. (2)

3.6 Loss Functions

We incorporate geometric regularization on SE(3) [10, 11]. Rotational alignment uses a geodesic
loss Lrot = ∥ log(RpredR

⊤
gt )∥2. Relative fingertip geometry is enforced via Lrel =

∑
i,j ∥(xi − xj)−

(x∗
i − x∗

j )∥2 [8, 9], restricted to active fingers under dropout. Contact stability is regularized using
MuJoCo contact signals [17] to penalize slip and abrupt transitions, consistent with prior dexterous
RL approaches [6, 7]. The overall objective is

L = Lmask
diffusion + λ1Lrot + λ2Lcontact + λ3Lmask

rel . (3)

4 Expected Results and Experiments

We plan to evaluate performance of the method under increasing scene complexity from single-
object placement to category-level sorting. Metrics used for comparison will include task success,
grasp success, contact stability, and trajectory smoothness. In addition, we will perform controlled
ablation studies to isolate representation and architectural effects, comparing single- versus dual-view
perception, RGB versus RGBD inputs, absolute versus relative action output, Euclidean versus SE(3)
modeling, with and without contact-aware regularization, and structured finger dropout to evaluate
cross-embodiment robustness. Finally, we plan to conduct real-world deployment experiments in
collaboration with the Courant, using their off-the-shelf robot hands. It would help us evaluate
sim-to-real transfer performance, cross-embodiment generalization, real-world policy robustness and
grasp stability.

5 Conclusion

GeoDEX plan to investigate how geometric structure can be embedded into diffusion-based visuomo-
tor policies for dexterous manipulation. By integrating multi-view perception, SE(3) representation,
cross-embodiment generalization, and spatially structured objectives, we aim to improve stability,
precision, and generalization in contact-rich pick-and-place tasks.
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