
A. Implementation Details of Energy-based
Optimization

A.1. Preliminary: the Force-Closure property of
dexterous grasp poses

The concept of force closure is first proposed in [6] as
a physics-based property desirable for multi-contact grasp
poses on objects. Under the assumption of the Coulomb
friction model [6], force closure is a binary metric indicat-
ing whether a grasp pose can resist external wrenches ap-
plied to the object and hold the object in a static status:

Definition of Force Closure

If a set of contact points {Cm,nm} in a Coulomb fric-
tion model is force closure, where Cm are the posi-
tions of contact and nm are the contact normals point-
ing to the inside of object, then for any external force
F applied on the object, there exists contact forces
{ fm} that lies within the friction cones correspond to
{Cm,nm} and cancel out the external force.

We refer the readers to the paper [6] for a rigorous for-
mulation and more technical details. The concept of force
closure offers a handy metric to check whether a dexter-
ous grasp pose is stable. However, it is not clear from
the definition how we can optimize a dexterous grasp
pose towards forming a force closure grasp. Many ex-
isting works explore approximation methods and formulate
force closure into objective functions of optimization prob-
lems [2, 15, 19]. In this paper, we follow [14] and base our
method on the differentiable force closure (DFC).

A.2. Preliminary: Differentiable Force Closure
(DFC)

[14] first proposes a differentiable force closure estimator
(DFC) as an energy term applicable to gradient-based opti-
mization for dexterous grasp synthesis. Given a collection
of n contact force vectors, which is approximated by n con-
tact normal vectors c ∈ R3n at n positions x ∈ R3n, DFC
encourages them to form a force closure over the grasped
shape. Formally, DFC is expressed as

E f c = ∥Gc∥2 (1)

where

c =
[
c1, ...,cn

]
∈ R3n (2)

G =

[
I3×3 ... I3×3
[x1]× ... [xn]×

]
∈ R6×3n (3)

[xi]× =

 0 −x(z)i x(y)i

x(zi 0 −x(x)i

−x(y)i x(x)i 0

 ∈ R3×3 (4)

xi = (x(x)i ,x(y)i ,x(z)i ) ∈ R3

Intuitively, the matrix G, named the grasp matrix, trans-
forms a set of contact forces in unit magnitude c into net
external force and torque applied to the object. As analyzed
in [2, 14], a small value of ∥Gc∥2 indicates the set of contact
forces effectively cancel out each other without considering
the effect of friction, which suggests the contact force vec-
tors span the entire wrench space and therefore can poten-
tially counteract any external wrench applied to the object.
As a result, optimizing with E f c encourages synthesizing
force-closure grasp poses.

By using surface normal vectors to approximate contact
forces, DFC assumes equal magnitude contact forces at all
contact points. For more details, please refer to [14].

Figure 1. Visualization of LP-based DFC vs DFC. Left: DFC
generates artifacts such as tilted finger and drifted contacts, high-
lighted in red. Right: LP-based DFC generates more natural poses
that are compliant with the geometry of the object, highlighted in
green. The grasp poses are optimized from identical initializations
and only differ by using DFC or LP-based DFC for optimization.

A.3. LP-based DFC
As analyzed in DexGraspNet 2.0 [24], the assumption of
equal-magnitude contact force in DFC limits the quality of
synthesized grasp poses. To this end, we use linear pro-
gramming that takes contact force magnitude into account.
At each timestep, we first fix the hand pose and solve the op-
timal contact forces applied to each contact position, such
that the net wrench applied to the object is minimized:

P =min
f

∥G(f⊙ c)∥2

s.t.max
i
(f)i = 1

(f)i ≥ 0, i = 1,2, ...,n

(5)

Then we use the net wrench P and corresponding con-
tact forces f as hyperparameters to rescale the DFC energy



when the current pose is already stable. Specifically, we
check whether the total wrench is small enough and each
contact point applies non-trivial force. If the current pose
is not stable, we optimize with the original DFC to search
for stable poses efficiently. We empirically find that grasps
synthesized with LP-based DFC are more natural than those
using DFC.

EFC =

{
∥G(f⊙ c)∥2, if P < τFCand min

i
(f)i ≥ τ f

∥Gc∥2, otherwise
(6)

A qualitative comparison between LP-based DFC and
the original DFC is visualized in Fig. 1. Starting from the
same initialization pose, we optimize the grasp poses with
DFC and LP-based DFC, respectively, with identical hy-
perparameters and all other energy functions for optimiza-
tion unchanged. Grasp poses synthesized with DFC suf-
fer from artifacts of tilted fingertips and broken contacts.
Under the assumption that each contact point applies equal
contact pose, the DFC energy is not minimized at a natural
grasp pose of the thumb opposing the rest 4 fingers. There-
fore, minimizing with respect to DFC encourages the hand
to drift away from the natural pose in this scenario. On the
other hand, the LP-based DFC takes contact magnitude into
account and produces grasp poses more natural and compli-
ant to the geometry of the object.

A.4. Regularization Energy
We implement several regularization energies to counteract
undesirable behaviors in the process of gradient-based opti-
mization.

First, we would like to avoid both hand-object penetra-
tion and hand self-penetration in the optimization process.
To this end, we incorporate the built-in implementation of
penetration energy (denoted Epen) and self-penetration en-
ergy (denoted Espen) in the CuRobo [17] robotics library.

Second, we would like to prevent hand joint angles from
going outside the limits. We incorporate the built-in imple-
mentation of joint limit energy in CuRobo [17] as well.

Third, in order to avoid synthesizing dexterous grasps in
twisted poses, we encourage the hand-object contact points
to align with the front side of the hand meshes. We use a
cosine-similarity energy function

Edir =
n

∑
i=0

(1− ci ·Ni) (7)

where n is the total number of contact points on the hand, ci
is the i-th contact normal vector on the object surface point-
ing inwards into the object, and Ni is the normal vector of
the front surface of the i-th contact link, pointing outwards
from the hand link mesh.

In summary, the complete regularization energy is for-
mulated as

Ereg = ωlimitElimit +ωpenEpen +ωspenEspen +ωdirEdir (8)

B. Implementation Details of Object Prepro-
cessing

The object assets in our DexGraspNet 3.0 dataset are pre-
processed and filtered from the entire Objaverse [4] dataset,
which encompasses over 800k 3D assets covering diverse
object categories.

We first filter the assets by querying GPT-4o [1]. Follow-
ing SoFar [16], we concatenate images rendered from six
orthogonal views of each object, and prompt GPT-4o with
true-or-false queries of the following five requirements:
• Whether the object is a scene or a collection of discon-

nected objects.
• Whether the object has single white or grey colors.
• Whether the object has a ground/tabletop plane.
• Whether the 3D model is a refined, well-constructed mesh

without defects.
• Whether the object represents a recognizable and mean-

ingful 3D object.
The detailed prompt used is identical to Fig.15 in [16].

After filtering out undesired objects, we process the rest ob-
jects by extracting .obj meshes using Trimesh [3], and then
obtaining a convex-decomposed watertight mesh with Man-
ifoldPlus [9] and CoACD [21](with threshold=0.4). Low-
quality objects that fail watertight remeshing, as well as too
complex objects that generate more than 200 convex pieces
are discarded.

We use SAMesh [18] to segment the remaining valid
meshes into semantically meaningful parts. The segmented
meshes are colored with segmentation masks and rendered
from 6 orthogonal views. The multi-view images are
then concatenated and fed into GPT-4o with Set-of-Marks
prompting to obtain the semantic captions of each part. Vi-
sualization of sample segmented meshes together with the
semantic part label is provided in Fig. 2. The prompt used
for part name labeling is given in Fig. 10.

Finally, we ask GPT-4o to output a reasonable size of
each object and rescale the objects accordingly. In order to
make sure the semantically meaningful parts of each object
are in a graspable size, we clip the diagonal length to the
range [20, 50]cm. The prompt used to query object size is
given in Fig. 11.

C. Implementation Details of Hand Pose Ini-
tialization

This section provides implementation details of how we
align the initial hand poses with the object part geometry.



Figure 2. Visualization of part segmentation and GPT generated part annotations.



Given an object segmented into semantic parts, we sample
a batch of 5000 initial hand poses around each part and
perform gradient-based optimization to synthesize grasp
poses aligned with the specified part. We first extract ori-
ented bounding boxes of each part(Sec. C.1). The oriented
bounding boxes give geometric priors about the size, shape
and orientation of object parts. The spatial relation among
bounding boxes of different parts gives hints about the en-
tire object’s structure [10, 16]. Leveraging these geomet-
ric cues, we align the initial position and orientation of the
palm of the hands with object parts. Lastly, to synthesize di-
verse grasp poses, we jitter the initial palm poses and hand-
craft two sets of initial hand joint poses together with candi-
date contact points on the hand in Sec. C.3, resulting in the
Ours-Wrap and Ours-Pinch splits of the DexGraspNet 3.0
dataset.

Figure 3. Visualization of initial hand joint positions and con-
tact candidates.

Split Name Object Grasps Captions Contact Candidates
Ours-Wrap 169k 103M 103M 7
Ours-Pinch 139k 67M 67M 4
Total 174k 170M 170M -

Table 1. Statistics of DexGraspNet 3.0 dataset in splits.

C.1. Oriented Part Bounding Box Generation
We generate the bounding box of each object part in or-
der to quantify the geometry and orientation of each part.
In specific, we sample 256 directions using Fibonacci lat-
tices [5, 7] as the x-axis, and for each direction, compute
the in-plane rotation for generating the tightest part bound-
ing box following [8]. We select the minimal volume box
among these 256 candidates as the oriented bounding box
of the object part.

We refer to the axis directions of the oriented part bound-

ing box as part principal directions. The part principal di-
rections build a local frame on the object part that indicates
its orientation.

C.2. Aligning Initial Palm Poses With Part Geome-
try

Depending on the direction, length and inter-part relation of
part principal directions, we classify all object parts in the
DexGraspNet 3.0 dataset into 4 categories, which are de-
tailed as follows. For each category, we use specific strate-
gies to sample grasp points on the surface of the part and
align initial palm poses with the part’s principal directions.
Although our categorization is not rigorous nor exhaustive,
we observe that most functional parts of objects are similar
in shape and are designed to be grasped in a few specific
styles. Moreover, as pointed out in [20], the quality of syn-
thesized grasp poses in gradient-based optimization is very
sensitive with respect to initialization poses. By aligning
hand initial poses with human-inspired heuristic rules, we
inject a strong human-alignment prior into the optimization
process, which greatly helps us to synthesize more natural
and semantically distinguishable grasp poses. As visualized
in Fig. 9, grasp poses synthesized with our meticulously de-
signed initialization are more natural than those initialized
in random poses.

We categorize the object parts into 4 categories: lid-
like,disk-like,L-shaped and shaft-like;

Lid-like part is typical for knobs, lids of containers and
some types of handles. We categorize a part as a lid-like
part if the following conditions are met:
• At least 4 corners of the part bounding box are inside the

bounding box of another part, which indicates the current
part is “embedded inside” this other part.

• Any 4 corners at the same end of the longest axis of
the part bounding box should not be inside a single part
bounding box. This excludes the case that the part is a
shaft.

Figure 4. Lid-like part

For lid-like parts, we identify the part’s principal direc-



tion as the bounding box axis that points outside of the other
part it is embedded in. We sample grasp points on the sur-
face area where the surface normal aligns with the principal
part direction. We align the palm to retreat from each grasp
point and be perpendicular to the part principal direction
and jitter by rotating the hand along the part principal direc-
tion for 24 uniform angles. One example of initialization
with lid-like parts is visualized in Fig. 4.

Disk-like part is typical for the supporting surfaces of
objects, such as base of a lamp, the seat of a chair, and the
tabletop surfaces. We categorize a part as a disk-like part if
the following conditions are met:
• The second-shortest axis is at least 3 times longer than the

shortest axis, which indicates the part is flat.
• None of the corners of the part’s bounding box is inside

another part, which indicates the current part is protrud-
ing.

Figure 5. Disk-like part

For disk-like parts, we identify the shortest axis of its
bounding box that points into an adjacent part as the part
principal direction. We sample grasp points on the surface
area where the surface normal is perpendicular to the part
principal direction. We align the palm to retreat from each
grasp point with the front face of palm perpendicular to the
surface normal of the grasp point and the up direction of
palm align with the principal direction. We jitter the palm
pose by slightly rotating it sideways, as shown in Fig. 5.

L-shaped part is typical for thin object parts designed
for human-object interaction, such as the headband of head-
phones, the seats of vehicles and the handle of kettles. We
categorize a part as an L-shaped part if any corner section
of the part’s bounding box does not intersect with the mesh
of the part.

For the L-shaped part, we identify the part principal di-
rection as the direction pointing from the center of part
bounding box to the middle of the bounding box edge cor-

responding to the missing corner section. We sample grasp
points on the surface area where the surface normal is per-
pendicular to the principal part direction. We align the palm
to retreat from each grasp point with the front face of the
palm perpendicular to the surface normal of the grasp point
and the up direction of the palm aligns with the direction
pointing from the grasp point to the center of the part’s
bounding box. We jitter the palm pose by slightly rotating
it sideways, as shown in Fig. 6.

Figure 6. L-shaped part

Shaft-like part is typical for handles of tools and con-
necting bars of long objects such as lamps and barbells. Ob-
ject parts that are not categorized into any of other types are
categorized as shaft-like parts by default, because we em-
perically find the initialization strategy for shaft-like part is
relatively more robust to uncommon geometries.

Figure 7. Shaft-like part

For shaft-like part, we identify the part principal di-
rection as the longest axis of part bounding box aligned
with the direction from part bounding box center to object
bounding box center. We sample grasp points on the sur-
face area where the surface normal is perpendicular to the
part principal direction. We align the palm to retreat from
each grasp point with the front face of palm perpendicular
to the surface normal of the grasp point and the purlicue
direction of palm aligned with the part principal direction.
We jitter the palm pose by slightly rotating it sideways, as
shown in Fig. 7.



C.3. Hand Joint Pose and Collection of Contact
Points

Following [24], we handcraft initial joint angles and contact
candidates of the hand, as visualized in Fig.3. Contact can-
didates refer to the labeled points on the hand mesh, with
which we calculate the distance energy Edis and encourage
these points to make contact with the object. In Ours-Wrap
split, we set contact candidates on all 5 fingertips as well as
on the palm. Grasp poses synthesized in In Ours-Wrap
split usually wrap the object part in the hand. In In Ours-
Pinch split we set contact candidates on the thumb, fore-
finger, middlefinger and palm. Grasp poses synthesized in
Ours-Pinch split are dominantly pinch grasps, which are
more suitable for grasping tiny object parts. For each part
on each object, we generate a batch of 5000 initialization
poses for each of Ours-Wrap and Ours-Pinch split, re-
spectively for the optimization process.

D. Camera Views Used to Render the Tabletop
Dataset

We visualize the camera poses used to render the DexGrasp-
Net 3.0 tabletop dataset in Fig. 8. We place the object to
grasp onto the table with stable poses collected from simu-
lation, and manually set the translation in the x and y direc-
tion to zero. We evenly sample camera poses in the circle
80cm away from the table frame center and look down at 45
degrees in the yaw, looking at the origin.

Figure 8. Visualization of camera poses used to render the
tabletop dataset. We place the object on the table with translation
in the x and y direction zeroed. The red dot represents the place
where the object is placed. We sample camera poses evenly in the
circle 80cm away from the table frame center and look down with
45 degrees in the yaw, looking at the origin. The camera frame
(+x,+y,+z) of each camera pose is visualized.

E. More Experiments
E.1. Grasp Quality of DexGraspNet 3.0 Dataset
Grasp poses in the DexGraspNet 3.0 dataset have less severe
penetration and self-penetration, because we performed
simulation-based penetration checking and filtered the un-
desirable poses. The poses in DexgraspNet 3.0 also demon-
strate comparable stability quality compared against exist-
ing dexterous grasp datasets, with comparable Q1 statis-
tics. Different from existing datasets, DexGraspNet 3.0 ad-
dresses the task of part-aligned grasp synthesis that empha-
sizes semantic alignment. The Q1 stability metric of Dex-
GraspNet 3.0 is not expected to be higher than that in power
grasp datasets, in which stability is the only goal of data
synthesis.

Method Scale↑ Pen↓ SPen↓ Q1↑
DexGraspNet [20] 1.32M 13.5 0.93 0.114
DexGYS [22] 50k 3.32 - 0.074
SemGrasp [12] 50k 1.1 - -
Multi-GraspLLM[11] 120k 7.1 - 0.091
Ours-Wrap 103M 1.75 0.19 0.085
Ours-Pinch 67M 1.42 0.22 0.067

Table 2. Evaluation of the dataset. Pen-d and SPen-d are in mm.

E.2. More Ablation Experiments
As shown in Table 3, we also conduct more ablation ex-
periments on grasp style. We find that the wrap grasp con-
sistently outperforms the pinch grasp in both success rate
and part graspability across all datasets, indicating greater
stability and effectiveness in interacting with object parts.
While the pinch grasp offers more flexibility and maneu-
verability, it struggles with stability, leading to lower per-
formance. Both grasp styles see a drop in performance
on unseen objects, highlighting challenges in generaliza-
tion. This suggests a trade-off between stability and preci-
sion, where the wrap grasp is better suited for secure, robust
grasps, while the pinch grasp may be preferable for delicate
or precision-based tasks.

As shown in Table 4, the flow-matching paradigm is
much better than traditional DDPM and DDIM diffusion-
based action denoise modules. The simple flow-matching
denoise module facilitates easier learning of pose genera-
tion.

Data LVIS-Seen Unseen SamPart3D
Suc↑ PGA↑ Suc↑ PGA↑ Suc↑ PGA↑

Wrap grasp 87.7 62.1 79.1 36.6 76.3 52.0
Pinch grasp 71.8 20.2 54.8 15.2 50.6 21.3

Table 3. Ablation study for grasp style .



Figure 9. Comparison between grasp poses synthesized with random initialization colored in green v.s. our part-aligned initializa-
tion colored in red. The part-aligned initialization injects a strong prior about how a natural grasp is likely to be posed. The resulting
optimized grasp poses with part-aligned initialization are more natural and semantically distinguishable, facilitating the instruction follow-
ing training of VLG models.

Method LVIS-Seen Unseen SamPart3D
Suc↑ PGA↑ Suc↑ PGA↑ Suc↑ PGA↑

DDPM 51.9 7.8 34.1 10.9 40.7 5.5
DDIM 57.7 12.5 39.6 10.4 35.2 8.5

FlowMatching 75.3 39.1 54.0 18.3 53.4 27.0

Table 4. Ablation study for denoising paradigms used in pose
prediction.



Figure 10. Prompt used to query for part names of objects with GPT-4o. We use Set-of-Marks [23] with images rendered from six
views. [NAME] and [DESCRIPTION] are the captions given in the OpenShape [13] dataset.



Figure 11. Prompt used to query for object sizes with GPT-4o.[NAME] and [DESCRIPTION] are the captions given in the Open-
Shape [13] dataset.
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