Supplemental Material

A. Framwork Details

A.1. Affordance Flow Matching

The training pipeline of Affordance Flow Matching (AFM)
is shown in Figure 1 (a). A noise ) is first sampled from
a Gaussian distribution with zero mean and one unit. A
timestep ¢ is sampled from O to unit variance. Then, the
training input €0, is obtained by Q; = (1 —¢) * Qo + ¢ x Oy,
where )5 is the ground truth of the affordance. The scene
point clouds O are fed into PointNet++ [13] with sev-
eral upsampling and downsampling layers to obtain fea-
tures Fop; € RNscene XCscene  The object features are then
concatenated with ), and point cloud positions O, and
processed by an MLP layer to obtain affordance features
Faps € RNscenexCair The direction vector, a one-hot
vector of 6 dimensions, is fed into an MLP to obtain the
direction features F;,. € R'*Cair The language text is
encoded by the CLIP model [14] and outputs language fea-
tures Fiqn € RI*Cian  These features are then fed into
Perceiver 10 [8, 9] for effective feature interaction. Specifi-
cally, the direction and language features serve as the query,
while the affordance features serve as the key and value
for cross-attention. Then, the output of the first attention
mechanism performs self-attention. Then, the scene fea-
tures serve as the query and the self-attention result serve
as key and value in the final cross-attention to obtain the
final features. The features are then fed into an MLP to pre-
dict the flow v, (€2, t|c1). The loss function is the L2 loss
between predicted flow with the target:

Larn = [[og(Qstle) = (- ) > (1)
A.2. Grasp Flow Matching

The training pipeline of Grasp Flow Matching (GFM) is
shown in Figure 1. The object and affordance are con-
catenated first then fed into PointNet++ with several down-
sampling layer to obtain the affordance features. The di-
rection and language are encoded same with AFM. And all
features are concatenated in the token dimension to obatin
the condition features. The noised grasp poses are obtained
similar with AFM, which are encoded by MLP. Then the
pose features serve as query, and the condition features
serve as key and value in the transformer decoder. The out-
put features are fed into an MLP to obtain the prediction
pose flow. Then the grasp pose can be obtained by one step,
during the training time:

Giler = G 4+ (1= 1) 09 (G, t]es), 1€

The loss functions includes grasp pose regression loss, hand
chamfer loss and hand fingertip key point loss, which are

0,1), (2

detailed in next section.

A.3. Loss Function

This section provides a detailed exposition of the loss func-
tions utilized during the grasp generation and optimization.
- Parameter Regression Loss. We utilize the mean squared
error (MSE) to quantify the deviation between the generated

dexterous hand pose G{°* and the ground truth G{**.

Lpose = |G — Gde=|3. 3)

- Hand Chamfer Loss. The predicted hand point clouds
H(Gfe) and the ground truth H(G{**) are derived by sam-
pling from the hand mesh. We then compute the chamfer
distance to assess the discrepancies between the predicted
and ground-truth hand shapes.
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- Fingertip Keypoint Loss. The fingertip keypoint loss
L;, measures the distance between the fingertip of gener-
ated grasp ¢9 and the ground truth ¢9¢.

Liip = |la? — ¢**||3. (5)

- Affordance contact loss. The affordance contact loss is
designed for constraining hand contact candidate points in
contact with the affordance area:

Last-gist = ZH ((d(pf) <m) Vv (d(p;) <7))-d(p;), (6)

where d(p) = min,c(o;c0|a; >} [P — 0;ll2, and o; and
a; represent the position and affordance values of object
points, and p§ and p; represent the hand contact candidates
of the initial coarse hand and current refined hand.

- Affordance fingertip loss. The affordance fingertip loss
is designed to keep the fingertip positions that are in contact
with the affordance area unchanged.

ACaff—ﬁnger = ZH (d<QZC < 7-3)) ’ qu - qu||2 (7)

where ¢ and ¢; represent the fingertip position of the initial
coarse hand and current refined hand.

- Object Penetration Loss. The object penetration loss
Lpen penalizes the depth of hand-object penetration, where
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Figure 1. The training pipeline of Affordance Flow Matching and Grasp Flow Matching.

dfdf denotes the signed distance from the object point to the
hand mesh.

Lpen = Wd;¥ > 0)-di¥. (8)

- Self-Penetration Loss. The self-penetration 10ss Lyper,
punishes the penetration among the different parts of the
hand, where p?°®*P denotes predefined anchor spheres on
the hand [19].

Espen == Z]I(Z 7é ]) : max(5 - d(pgem,sp’p?fil’,sp))' (9)
4,3

- Joint Limitation Loss. Given the physical structure limi-
tations of the robotic hand, each joint has designated upper

and lower limits. The joint angle loss penalizes deviations
from these limits.

Lijoint = Z(max(qi

i

— ¢+ max(qlmi" —qi)). (10)

A 4. Pre-understanding by MLLM

We employ Chain-of-Thought (CoT) and visual prompt to
enhance the reasoning ability of MLLM as shown in Figure
2. Specifically, the MLLM is asked to reason the following
task step by step: recognize the object category, understand
the intention, reason the contact part based on intention and
category, reason the direction based on the above. Futher-
more, we add arrows of different colors in the four direc-



specified format to guide the robot to grasp and manipulate objects.

Please analyze step by step in the following order:
1. What category does the object in the picture belong to

Object category: Mug
] @ Capture intention: Use

contacting the handle.

Crgpie HE O Linit
rasp the right ear D 11T 1

Object category: Headphones

© 0o

Grasping object part: Right ear cup

Grasping direction: Grasp from the right (white arrow)
Final guidance: Grasp the headphones from the right
by contacting the right ear cup.

\\ % & Usit

\ Object category: Frying pan
@ Capture intention: Use

contacting the handle.

Grasp the head % Use it

Object category: Hammer

Grasping object part: Hammer head

Grasping direction: Grasp from the left (blue arrow)
Final guidance: Grasp the hammer from the left by
contacting the hammer head.

System Prompt : Your task is to guide the robot to execute user commands. Firstly, accept human commands, then analyze the images and output information in a

In which direction should this part be grasped (clockwise from red to blue indicates grasping from above, grasping from right, grasping from front, grasping from

2. What is the intention of grabbing (use/hold/lift/hand over)
3. What part of this object should be grasped (e.g. handle or body)
4.
left).
5. Final guidence: <intention> the <category> from <direction> by contacting <object part>.
Al

nd output: Object category: {} Capture intention: {} Grasping object part: {} Grasping direction: {} Final guidance: {}

Grasping object part: Handle
Grasping direction: Grasp from the left (blue arrow)
Final guidance: Use the mug from the left by

Object category: Headphones
Capture intention: Grasp @ Capture intention: Lift

Grasping object part: Headband
Grasping direction: Grasp from above (red arrow)
Final guidance: Lift the headphones from above by
contacting the headband.

Grasping object part: Handle
Grasping direction: Grasp from the right (white arrow)
Final guidance: Use the frying pan from the right by

I

I
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i
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: Object category: Hammer

i @ Capture intention: Grasp @ Capture intention: Use

: Grasping object part: Handle

: Grasping direction: Grasp from the right (white arrow)
: Final guidance: Use the hammer from the right by
1

! contacting the handle.

(©) Grasp from above

I
1
]
1
Object category: Mug :
@ Capture intention: Grasp :
Grasping object part: Mug body :
Grasping direction: Grasp from above (red arrow) :
Final guidance: Grasp the mug from above by :
contacting the body. :

Grasp from left

o

(@)
Object category: Frying pan

@ Capture intention: Grasp
Grasping object part: Pan body
Grasping direction: Grasp from the left (blue arrow)
Final guidance: Grasp the frying pan from the left
by contacting the pan body.

Figure 2. The prompt used in per-understanding stage.

tions of the image and specified the direction represented
by each arrow.

B. Zero-shot Datasets Details
B.1. Dataset Splitting

To support our Cross-Category Open-set settings, we di-
vided the dataset into Open Set A and Open Set B by ex-
cluding specific samples from the training set. Specifically,
the test set of Open Set A consists of 9,688 samples of
808 objects from 11 unseen categories: {bowl, cylinder,
wineglass, headphones, flashlight, pen, wrench, toothbrush,
hammer, teapot, scissors}. The test set of Open Set B con-
sists of 29,744 samples of 568 unseen objects from 10 un-
seen categories: {bottle, cup, squeezable, eyeglasses, light-
bulb, fryingpan, knife, screwdriver, mug, pincer}. For one-
shot experiments, we add an additional 3,688 samples of

152 objects from 12 categories: {apple, banana, donut,
binoculars, gamecontroller, mouse, phone, stapler, cam-
eras, lotion_pump, power drill, trigger sprayer}.

B.2. Texture generation

As part of the texture generation, we utilized GPT-40[7] to
generate possible colors and materials for specific object
categories. The prompt used for this process was as fol-
lows:

Prompt: “Please generate a list of possible colors and
materials for the following categories and provide the out-
put in JSON format. The objects are: {binoculars, mug,

For objects lacking texture, we employ Paint3D[20] to
generate their visual appearance. The positive prompt is
constructed using the object’s category name along with
a sampled color and material from the predefined possible
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Figure 3. The training pipeline of evaluation encoder (left). The evaluation of FID and R-Precision.

lists, while the default negative prompt is utilized to guide
the generation process.

Prompt: “<category>, <sampled color>, <sampled ma-
terial>, high quality, clear”

Negative prompt: “strong light, Bright light, intense
light, dazzling light, brilliant light, radiant light, Shade,
darkness, silhouette, dimness, obscurity, shadow”

B.3. Scene Reconstruction

The details of the construction of our scene dataset are il-
lustrated in Figure 4. We utilize BlenderProc [1] to create
a tabletop scene and project the grasping poses from the
full-model dataset into the scene. After performing a grav-
ity check on the objects and a collision test between the
objects and the robotic hand, we record the grasp parame-
ters in the scene coordinate system. At the same time, we
capture RGB and depth images from the scene cameras. Fi-
nally, we construct the scene point cloud by concatenating
and downsampling the partial point clouds obtained from
the depth images.

In our tabletop scene, objects are lifted using three types
of shelves. The first is a cylindrical base, which is used for
the majority of categories. The second is a smaller shelf,
consisting of two circular planes connected by a rod, de-
signed for smaller categories such as pens and toothbrushes.
The third is a headphone-specific shelf, used exclusively for
headphones.

The poses of five RGB-D cameras are determined based
on the center of the object’s bounding box. One camera is
positioned directly above the center of the bounding box.
The other four cameras are placed at the four sides of the
bounding box, with a side offset equal to half the length of
the bounding box’s longest edge and a height offset equal to
one-fourth of the bounding box’s longest edge.

C. Experiments Details

C.1. Evaluation Details

- Training pipeline of evaluation encoder. The training
pipeline of our Intention Evaluation Model is illustrated in
Figure. 3. The model takes as input the hand parameters
Ge®, the object point cloud {0; }},, and the language guid-
ance L. Initially, the hand model generates the hand point
cloud {h;}&,, which is then concatenated with the object
point cloud {0; } M, to form the combined hand-object point
cloud {p;}2 ;.

A PointNet++ encoder and a CLIP encoder are subse-
quently employed to map {p;}2 ; and £ into the feature
space, producing the grasping feature g and the guidance
feature f, respectively. The Information Noise-Contrastive
Estimation (InfoNCE) Loss[12] is then applied to maximize
the cosine similarity between paired features while mini-
mizing it between unpaired features. The InfoNCE Loss is
defined as:

>, Timatch(i, 5)] exp(sim(g;, £;)/7)
Soim exp(sim(gs, £5)/7)

Linfonce = — log

(1)
where match(i, j) indicates that the object category and ac-
tion of the ¢-th grasp match those of the j-th grasp(including
the case where ¢ = j). Here, sim(g, f) denotes the cosine
similarity between features g and f, 7 is a temperature pa-
rameter, and B is the number of samples in the batch. The
loss encourages high similarity for matched pairs (g;, ;)
and low similarity for unmatched pairs (g;, f;) where i # j
and match(z, j) does not hold.

To ensure the model’s ability to distinguish between dif-
ferent actions within the same category, we design a cus-
tom sampler for the training data loader. The sampler ran-
domly selects 8 different categories and randomly chooses
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Figure 4. The construction of our scene dataset.

% grasps for each category. This process is repeated until
the number of remaining categories in the dataset is fewer
than 8.

- R-precision When computing R-Precision during evalu-
ation, we first randomly select 3 grasp guidance samples
from the dataset that belong to the same category but in-
volve different actions, along with 28 guidance samples
from other categories. Next, we generate grasp features and
a batch of guidance features using the same method as in
the training stage. We then compute the cosine similarity
between the grasp feature and each guidance feature. Fi-
nally, we determine the rank of the matched guidance sam-
ple based on these similarity scores.

- Fréchet Inception Distance (FID). This metric is widely
used in generative tasks [2, 3] to assess the similarity be-
tween the generated and ground truth distributions. For our
evaluation, we compute the FID using features extracted
from the object and hand point clouds.

- Chamfer Distance (CD). Chamfer distance, denoted as
CD, measures the discrepancy between the predicted hand
point clouds and the nearest ground truth targets, providing
a consistency measure from the perspective of hand posi-
tioning. The closest targets are the ground truth grasps that
share the same intended grasp and are most similar to the
generated grasp. This methodology follows the approach in
[18].

- Grasp Success Rate. The success rate of grasps is eval-
uated within the Isaac Gym simulation environment. To
mimic the forces exerted by a dexterous hand in real-world
scenarios, each finger is contracted towards the object. A

grasp is considered successful if it can resist at least one of
the six gravitational directions, indicating it can sustain a
stable hold on the object.

- Mean (Q; Metric. The ; metric quantifies the small-
est wrench capable of destabilizing a grasp. We follow the
guidelines in [17], where the contact threshold is set at 1
cm and the penetration threshold is set at 5 mm. Any grasp
with a maximal penetration depth exceeding 5 mm is con-
sidered invalid, and its @1 value is set to O before averaging
the results.

- Maximal Penetration Depth. This metric measures the
greatest penetration from the object’s point cloud to the
hand mesh during a grasp.

- Diversity. To assess the diversity of generated grasps, we
calculate the standard deviations of translation (d;), rotation
(6,), and joint angles (d,). We generate eight samples for
each intended grasp under identical input conditions, and
each sample is then sent for refinement through the quality
component. For calculation purposes, d, and ¢, are con-
verted into Euler angles (in degrees), and §; is measured in
centimeters.

C.2. Reproduction of SOTA method

We reproduce SOTA methods on our Open Set dataset
using the same encoder structure to ensure fair compari-
son. Specifically, we reimplement ContactGen [11], Con-
tact2Grasp [10], GraspCAVE based on [15], SceneDiffuser
[5], and DexGYS [18]. To introduce language information,
we use an identical CLIP language encoder. For Grasp-
CAVE, ContactGen and Contact2Grasp, we concatenate the
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Figure 5. The visualization of our affordance and contact map for prediction and the ground truth.

Figure 6. The visualization of generated grasps under different condition with only language, contact map, object part and ours

language feature, object feature, and latent feature to send
to the decoder. For SceneDiffuser, we concatenate the lan-
guage and object features as the model condition. The in-
put language guidance of all methods are indentical as the
MLLM’s output for fair comparison.

D. More Experiments

D.1. Effectiveness of Flow matching model

The results in Table 1 and 2 shows the performance of Our
flow matching based model with the diffusion based model.
It is noticed that our model surpass the diffusion based
model with higher performance and faster inference speed.
In addition, the introduced of the affordance flow matching
only increased the time by 0.075 second compared to the
baseline.

D.2. Experiments of Affordance

Qualitative Experiments. As shown in Figure 5 and 6, our
generalizable-instructive affordance is more generalizable
and instructive than other representations on open set. The
language condition, without low level affordance condition
struggles to generliza to unseen categories. The contact map
is too fine-gained to generalize and the object part is too
coarse to provide effective guidance.

Quantitative Experiments. We conduct an experiment to
prove the proposed affordance are better than contact map
in generalization, as shown in Tab. 3. The Point IOU met-
ric is used for measure the consistency of perdition and
the ground truth. The performance of contact maps drops
markedly in testing, compared with affordance.



‘ Open Set A

FID] CD| Toplt Qif Pen. ] |FID| CD] Toplt Q1% Pen.]

DDIM [16] 0247 413 0455
DDPM [4] 0254 397 0.4e61
Flow Matching | 0.242 379  0.480

0.0167
0.0283

‘ Open Set B
0.541 0211 3.66 0.520 0.0167 0.542
0463 | 0204 350 0.516 0.0128 0.602
0.0240 0.501 | 0.176 276  0.538 0.0150 0.612

Table 1. The comparison of Flow Matching with Diffusion models with DDPM and DDIM.

AFM GFM

DDIM DDPM

Time 0.075+0.006 0.233 £0.022

0.235+£0.013 1.144+0.099

Table 2. The inference time of Affordance Flow Matching (AFM) (first column); Grasp Flow Matching (second column); Grasp generation

with DDIM and DDPM (The third and fourth columns).

Figure 7. Visualization of grasps before and after affordance-guided grasp optimization.

D.3. Qualitative Experiments of Affordance-guided
Optimazation

To verify the effectiveness of the affordance-guided opti-
mazation, we offer more qualitative results. Figure 7 shows
the grasping situations before and after optimization. It
clearly shows that the QGC can prevent the grasp from pen-
etrating the object and keep in line with the original inten-
tion.

D.4. Extension to Dexterous Manipulation

We extend our methods to the manipulation task by cooper-
ating the grasp ability of our framework with task planning
ability of MLLM and the perception ability of computer vi-
sion foundation model to achieve dexterous manipulation
task, like pouring water, following ReKep [6]. Specially, the
MLLM first generates the relational keypoint constraints,
then obtain an action solution by optimization solver. Then
we employ our framework to generate a stable dexterous
grasping and execute manipulation action according to the
action solution. The visualization results can be found in
Figure 10.

E. Real World Experiments Details

Experimental Environment Figure 8 shows the settings of
our real world experiments. The experiments are conducted
on Leap hand, a Kinnova Gen3 6DOF arm and a Kinova
original wrist RGB-D camera. We collect several daily life
objects to evalate the open-set generalization in real world.
Experiment Pipeline To obtain the scene point clouds, we
set the robotic arm to record partial point clouds along a
specified trajectory, then fuse the local point clouds into
a global point cloud and down-sample them to obtain the
sampled point clouds, as shown in Figure 9. Next, the RGB
image and user commands are fed into MLLM to obtain the
guidance. The guidance and scene point clouds are then
fed into our framework to sequentially generate affordance
and grasp poses. During the grasp execution phase, we first
move the robotic arm to the vicinity of the target, and then
simultaneously control both the robotic arm and the dex-
terous hand to perform the grasp. The visualization can be
found in Figure 11.



Point IOU? | Proposed Affordance | Contact Map
Train Test Train  Test
Set A 0.597 0.508 0.576  0.359
Set B 0.602 0.502 0.624 0.315

Table 3. Generation performance of the proposed affordance and contact map.

Leap Hand

Kinova
Gen3 Arm

(a) System setup (b) Object set

Figure 8. The illustration of our real world experiment settings.

(a) Surrounding shooting to obtain multi-view points clouds. (b) Dense Points Clouds.  (c) Sampled Point Clouds.

Figure 9. The visualization of the pipeline to obtain scene point clouds.

Figure 10. Visualization of the application of our method to the manipulation task.



Figure 11. The visualization of motion in real world experiments.
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