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Generalizable-Instructive Affordance

Training Data

Use the teapot with grasping the handle from the right. ~ Use the mug by contacting the handle from the right.

Unseen Category

Use the mug by contacting the handle from the right.

Real World Open set

From the right, grasp the handle to use the knife.

Use the frying pan and grasp handle from the right. Use the hammer and grasp handle from the back.

Use the frying pan and grasp handle from the back.

Hold the bottle body from the lefi.

Hold the body of trigger sprayer from the lefi.

Hold the body of trigger sprayer from the lefi. Hold the body of the lotion pump from the lefi.

Figure 1. Open-set Language-guided Dexterous Grasp. Our framework bridges the gap between language and grasp actions through
Generalizable-Instructive Affordance, which enables cross-category generalization via category-agnostic cues and graspable local structure.
Remarkably, our framework demonstrates strong generalization without requiring extra real training data in real-world experiments.

Abstract

Language-guided robot dexterous generation enables
robots to grasp and manipulate objects based on human
commands. However, previous data-driven methods are
hard to understand intention and execute grasping with un-
seen categories in the open set. In this work, we explore a
new task, Open-set Language-guided Dexterous Grasp, and
find that the main challenge is the huge gap between high-
level human language semantics and low-level robot ac-
tions. To solve this problem, we propose an Affordance Dex-
terous Grasp (AffordDexGrasp) framework, with the insight
of bridging the gap with a new generalizable-instructive
affordance representation. This affordance can generalize
to unseen categories by leveraging the object’s local struc-
ture and category-agnostic semantic attributes, thereby ef-

*Equal contribution.
fCorresponding author.

fectively guiding dexterous grasp generation. Built upon
the affordance, our framework introduces Affordance Flow
Matching (AFM) for affordance generation with language
as input, and Grasp Flow Matching (GFM) for generating
dexterous grasp with affordance as input. To evaluate our
framework, we build an open-set table-top language-guided
dexterous grasp dataset. Extensive experiments in the sim-
ulation and real worlds show that our framework surpasses
all previous methods in open-set generalization.

1. Introduction

Achieving generalizable robot dexterous grasping is an im-
portant goal in the fields of robotics and computer vision,
with exciting potential applications in human-robot interac-
tion and robot manipulation.

Recent works explore the task of language-guided dex-
terous grasp generation[20, 21, 51, 59], aiming to enable
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dexterous hands to perform actions based on language in-
structions, going beyond previous works that focus on sta-
ble grasping [26, 38, 40, 54]. The typical language-guided
approaches employ language as the condition of generative
models to predict hand parameters, achieving impressive
performance on objects within known categories [4, 51].
However, in the open real world, there are many categories
that may not appear during training, and the cost of collect-
ing data for dexterous hands is quite expensive. Therefore,
the open-set generalization on unseen category samples is
crucial for robot grasp. While previous works on parallel
grippers explore open-set tasks [23, 36], there is limited re-
search on open-set generalization for dexterous hands, as
their significantly higher degrees of freedom present com-
plex challenges.

In this work, we explore a novel and challenging task:
open-set language-guided dexterous grasping, as shown in
Figure 1, where models are evaluated on objects and lan-
guage instructions from both seen and unseen categories.
This task poses a great challenge in ensuring that grasps are
intention consistent with corresponding language instruc-
tions for unseen categories. We find that the main challenge
lies in the huge gap between high-level natural language and
low-level robot action spaces, which makes it difficult to
generalize the ability of understanding intentions and grasp-
ing from the training domain to unseen categories.

To solve the above challenge, we propose the Affor-
dance Dexterous Grasp (AffordDexGrasp) framework, with
the key insight of employing a new affordance as an in-
termediate representation to bridge the gap between high-
level language and low-level grasp actions. Our affor-
dance representation combines two characteristics: gener-
alizable (generalizing to unseen categories based on lan-
guage) and instructive (guiding dexterous grasp generation
effectively). However, achieving these two characteristics is
not trivial. For example, as shown in Figure 2, fine-grained
contact information can effectively guide grasp generation
or optimization [2, 9, 17, 55], but it is difficult to generalize
to unseen categories. In contrast, coarse information, such
as object parts, can be obtained from a pre-trained computer
vision model [27, 41, 43], but it is too coarse to guide dex-
terous hand actions with higher degrees of freedom.

To achieve these characteristics, we propose the
Generalizable-Instructive Affordance by defining a general
dexterous affordance that aligns with category-independent
information, such as intention, object parts, and direction.
As shown in Figure 2, the affordance represents the poten-
tial graspable regions of all grasps with the same semantics.
In this way, the models do not need to learn complex dexter-
ous contact patterns but instead focus on a general graspable
area, which can be well aligned with category-agnostic se-
mantic attributes and guide grasp generation effectively.

To generate affordance and employ it to guide grasp gen-

eration, our framework consists of two cascaded generative
models. The Affordance Flow Matching generates affor-
dance maps in a generalizable manner based on language.
And the Grasp Flow Matching generates dexterous grasp
poses under the effective guidance of affordance. More-
over, we introduce a pre-understanding stage and a post-
optimization stage to further boost generalization. Specif-
ically, we employ the Multimodal Large Language Model
(MLLM) to pre-understand user intention to enhance gener-
alization across diverse user commands. And we introduce
an affordance-guided optimization to improve grasp quality
while preserving consistency with user intentions.

For evaluating our framework, we build a open-set table-
top language-guided dexterous grasp dataset, based on the
language guided dexterous grasp dataset [51, 56]. We
exclude specific categories from the training set to test
the model’s open-set generalization. Moreover, we pro-
vide high-quality rendered images to facilitate the usage by
MLLM, and we extend the dataset to scene-level data to bet-
ter simulate real-world environments. The comprehensive
experiments are conducted on both the simulation open-set
dataset and real-world environments. The results show that
our framework can generate dexterous grasp with consistent
intention and high quality in open set.

2. Related work
2.1. Dexterous Grasp

Dexterous grasping is critical in robotics, which equips
robots with human-like grasping capabilities. Some meth-
ods [29, 44, 48, 58] focus on grasp stability and qual-
ity, while recent studies explore task-oriented [50, 61] or
language-guided grasping [21, 51] with specific semantic
intention. For language-guided task, the data-driven meth-
ods achieve impressive performance in unseen object within
seen categories by leveraging language conditioned genera-
tive model [4, 51]. However, we find that these models are
hard to generalize for samples from unseen categories. And
we find that the main challenge is the huge gap between lan-
guage and grasp action. To solve this problems, we propose
AffordDexGrasp framework with the insight that bridge the
gap by generalizable-instructive affordance.

2.2. Open-set Robot Grasp

Exploring the performance of robotic models in open-set
scenarios is crucial due to the diverse object categories in
the real world and the high cost of data collection. For tasks
that only focus on stable grasping, both parallel grippers
[6, 52] and dexterous hands [47, 58] achieve impressive per-
formance on open set. However, when it comes to consid-
ering task-oriented [45] or language-guided grasping [33],
it becomes much more difficult. Some works in parallel
grippers achieve this by using pre-trained visual ground-
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(b) Quantitative Results Across Affordances.

Figure 2. Different affordance representations. (a) While contact map are too elaborate to generalize and object part are too coarse to
guide grasping, our affrodacne achieve a balance. (b) While object part has a lower upper bound and contact shows significant degradation
in generalization, only our affordance effectively achieve the balance (Top-1 indicates grasp intention consistency).

ing models [22, 27, 41], implicit feature semantic fields
[18, 32, 36], or multimodal large models [13, 14]. Com-
pared to parallel grippers, dexterous hands have a signif-
icantly higher number of degrees of freedom, making the
methods of parallel grippers difficult to transfer to dexterous
hand [51]. In this paper, we explore the open-set language-
guided dexterous grasping task and propose a novel frame-
work to address it.

2.3. Grasp Affordance

Affordance is first introduced in [8], referring to environ-
mental action possibilities. There are currently two types of
grasp affordance: fine-grained contact [3, 42] and coarse-
grained object segmentation [27]. The fine-grained infor-
mation, such as contact areas, normals, or key points, is
commonly used in hand-object interaction[2, 9, 59, 62].
However, this fine-grained information is difficult to gen-
eralize well to unseen categories. As a result, inaccurate
contact information would lead to unreasonable grasping.
On the other hand, We find through experiments that the
coarse object segmentation [27] is too coarse to guide dex-
terous grasp generation with relatively high degrees of free-
dom. To solve this problem, we propose Generalizable-
Instructive Affordance, which can generalize through the
local structure of objects using category-independent clues
and effectively guide grasp generation.

3. Affordance Dexterous Grasp Framework

Given the scene point cloud O, RGB images Z and lan-
guage command C as input, our goal is to generate inten-
tion aligned and high-quality dexterous grasps poses G°* =
(r,t,q), where r denotes the rotation, ¢ denotes the transla-
tion, and q represents the joint angles of the dexterous hand.

In this section, we first introduce a novel generalizable-

instructive affordance representation (Section 3.1). Built on
this affordance representation, we then propose the Affor-
dance Dexterous Grasp framework (Section 3.2) including
intention pre-understanding stage, Affordance and Grasp
Flow Matching, and grasp post-optimization stage.

3.1. Generalizable-Instructive Affordance

We propose the generalizable-instructive affordance as an
intermediate representation to bridge the gap between high-
level language and low-level grasp actions. The affordances
serves two primary objectives: 1) enable generalization by
aligning object local structures with category-agnostic lan-
guage semantics; and 2) provide instructive guidance for
grasp generation through object affordance cues. However,
there exists a trade-off in the generalization and instruction,
and it is not trival to achieve both objectives.
Generalization vs. Instruction. While more fine-grained
contact information can better guide grasp generation, it
becomes harder to generalize to unseen categories. Fine-
grained affordances typically compute the distance between
object points and predefined elements, such as hand surface
points or hand key points [19, 28]. However, we observe
that these fine-gained representations are difficult to gener-
alize to unseen category samples as shown in Figure 2. As
the dexterous hand structure is complex and contact modes
are varied, the contact maps are also elaborate and varies in
space, which make it difficult to generalize.

On the other hand, the information agnostic to dexter-
ous hands, like object part segmentation, can be obtained
in a generalizable manner by vision models [27, 60] or se-
mantic feature fields [36]. However, the object part is too
coarse for dexterous hand, as it may struggle to define the
clear grasping area. For example, grasping the body of a
mug from above and from the side involves the same part,
but with different intentions. Moreover, this coarse-grained
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The pipeline of Affordance Dexterous Grasp framework. The inference pipeline includes three stages: 1) intention pre-

understanding assisted by MLLM; 2) affordance flow matching for generating affordance base on MLLM ouput; 3) Grasp Flow Matching
and Optimization for outputing grasp poses based on the affordance and MLLM outputs. In the training time, AFM and GFM are indepen-
dently trained one after another. Transformer and Perceiver are attention-based interaction module for velocity vector field prediction.

learning may hinder the model from learning an accurate
grasping method during training.
Generalizable-Instructive Affordance. To address this
challenge, we propose a novel affordance representation
that simultaneously enables both generalization and instruc-
tion. The key insight is to establish a correspondence
between the general graspable affordance of objects and
category-agnostic semantic attributes. Unlike contact maps
that describe a particular hand contact area, our affordance
represents all potential graspable regions that share the
same semantic intention. This approach allows the affor-
dance to generalize more effectively with category-agnostic
semantic attributes from language, as it doesn’t have to
learn the complex distribution of hand contact. Meanwhile,
our affordance serves as priors to enhance grasp generation
by providing valuable graspable area cues.

To obtain the ground truth of generalizable-instructive
affordance, we first organize those grasps of one object with
the same intention, contact parts and grasp direction into a
semantic group. Then we calculate the distances between
each scene points {0; }* and hand surface points {h;} ", to
obtain the contact map Qeontact = {d; }37 for each grasp in
the group, where d; = ; P%inN lloi — hj|l,- Then we unite
contact areas of k grasps in each group by calculating the
minimum value of contact areas: d"" = {mkin(df)}M :
In order to make the affordance map more smooth, we

apply Gaussian filtering to the union contact map: a; =
D jen () Wigdf™ and the weights are obtained by:

B = XP (—lloi = o417/ (20%))
Y Y kenn) @ (—llos — ok 2/ (202))

(D
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where N (i) is the neighborhood of 0;, o is set as the average
nearest neighbor distance. Finally, we obtain the ground
truth of generalizable-instructive affordance Q = {a; }M.

3.2. AffordDexGrasp Framework
3.2.1. Intention Pre-Understanding

The variability of user expression in the open world presents
a challenge for models in generalizing and understanding
user intentions. To address this, we employ the Multimodal
Large Language Model (MLLM) to pre-understand user in-
tentions, by imputing the user language and the rendered
RGB image into GPT-4o0 [15] for intention understanding
and key cues extraction. We empirically find that the fol-
lowing cues are both helpful for grasping and easily rea-
soned by the MLLM: the object category, user intention
(e.g., use it), the contacting part of the object (e.g., the han-
dle of a mug), and the grasp direction. The key cues can be
extract from language when the commands are clear, other-
wise can be reasoned from the image.

To improve the understanding ability of MLLM, we em-
ploy chain of thought (CoT) and visual prompt, and the
prompts can be found in supplementary material A.4. Addi-
tionally, the grasp direction is simplified as a discretized di-
rection in six predefined coordinates (front, back, left, right,
up, down). We first ask MLLM to obtain the direction in
image coordinates, and transform it to world coordinates by
the camera pose. Then the direction vector is derived from
the index of the nearest coordinate axis to form discretized
direction. Finally, MLLM organizes this information into
a concise sentence (e.g.,“ “use the mug from the left by con-
tacting the handle”). This compact and information-dense



sentence structure allows subsequent models to better un-
derstand users’ intentions.

3.2.2. Affordance Flow Matching

We introduce Affordance Flow Matching (AFM) to learn
the affordance distribution efficiently, achieving intention
aligned and generalizable affordance generation. AFM is
built on the conditional flow matching model [1, 25, 30]
aiming to learn the velocity vector field from the noised af-
fordance map €2 to the target affordance map 21, and the
objective loss of AFM could be:

Laryr = Bt 0gmpo,01mp 19 (s tle) = (©1 = Qo) |17,
2
where pg is Gaussian distribution with zero mean and unit
variance at time ¢ = 0, and p; is the target distribution as
time ¢ = 1. v, (4, t|c) is parameterized as a neural network
with weights 1 and c is the input condition features.
Specifically, the input scene object point cloud O is
encoded by Pointnet++ [34], language is encoded by a
pre-trained CLIP model [35], and the direction vector and
time embedding are encoded by the Multilayer Perceptrons
(MLP). Due to the permutation invariance of point level af-
fordance, the noisy affordance are concatenated with object
features to aware the position and semantic information.
Then all features are fed into a Perceiver 10 Transformer,
following [16, 49]. The noisy affordance features are served
as input and output array, and the features of language and
direction are served as latent array. The outputs of the de-
coder go through an MLP to obtain the prediction of the
flow v, (%, t|c) € RM. Finally, in the inference time, we
adopt mulitple steps 1/At following the equation:

Qt+At = Qt + At Un(Qt,ﬂCl), t e [O, 1) (3)

3.2.3. Grasp Flow Matching

We introduce Grasp Flow Matching (GFM) to learn the
grasp distribution, conditioned on the output of MLLM and
AFM. GFM is also built upon the flow matching model,
and the objective is to generate a parameterized dexterous
hand pose G9¢® = (r,t, q), which represents the global rota-
tion, translation, and joint angles. In the training time, grasp
generation requires calculating explicit losses in 3D space,
which involves obtaining the target dexterous poses, which
go through forward kinematics to obtain hand configuration
[53]. To obtain the target pose, we estimate it in one step
during the training stage:

fer = G 4 (1— 1) 0 (G tlea),  t€[0,1), @)
where the condition features ¢, are the concatenation of ob-
ject affordance, language and direction features. And the
object affordance features are obtained by feeding affor-
dance with point clouds into PointNet++ [34].

The losses of grasp generation include 1) the grasp pose
regression L2 loss; 2) the hand chamfer loss to minimize the
discrepancies between the actual hand shapes; 3) the hand
fingertip key point loss to minimize the distance between
fingertip position. The loss function can be formulated as:

LGFM = /\poseﬁpose + )‘chamfe'r'['cha"mfe’r' + /\tipﬁtz’pa
)
where Apose, Acham fer and Ay, are loss weights.

The object penetration loss, which is used to penalize the
penetration of hands into objects, is excluded from grasp
generation training, as it leads to significant challenges in
the training process [51]. Employing the penetration loss
can reduce object penetration, but negatively impacts both
intention alignment and generation diversity. Therefore, to
achieve semantic-aligned grasp generation, we exclude ob-
ject penetration loss and introduce affordance-guided grasp
optimization to reduce object penetration.

3.2.4. Affordance-guided Grasp Optimization

We introduce a non-parametric test-time adaptation (TTA),
affordance-guided grasp optimization, to improve the grasp
quality while maintaining intention consistency. Com-
pared to learning-based TTA methods [17, 51], our non-
parametric optimization does not suffer from performance
degradation caused by out-of-domain open-set samples.

We design optimization objectives based on that high-
quality grasps should exhibit high grasp stability and in-
tention alignment in grasping posture and contact areas.
Specifically, our optimization objectives includes: 1) affor-
dance contact loss for constraining hand contact candidate
points in contact with the affordance area:

Lattdist = ZH ((d(pf) <m1) Vv (dp;) <m1))-d(p;), (6)

where d(p) = min,e(o,c0la; >} [P — 052, 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. 2) affor-
dance fingertip loss to keep the fingertip positions that are
in contact with the affordance area unchanged.

3) object penetration loss for punish hand-object pene-
tration, 4) self-penetration loss to punish the penetration of
hand it self. 5) joint limitation loss to punish out-of-limit
joint angles. The optimization objectives can be formulated
as:

Igliig(AlEaff—dist+>\2£aff-ﬁnger+A3£pen+>\4£spen+>\5£joint)-
@)
4. Open-set Dexterous Grasp Dataset

To support the evaluation of our framework, we build
an open-set dexterous grasp dataset in table-top environ-
ment based on the language-guided dexterous grasp dataset

11822



Intention Quality Diversity
R — Precision T

FID] CDJ| Topl  Top2  Top3 Suc. T QLT Pen.| | 6:1T o1 0q7
Open Set A
ContactGen[28] 0.428 938 0.164 0.232 0289 | 11.6% 1.71e-4 1.09 286 184 392
Contact2Grasp[19] 0.426 102 0.257 0337 0.398 | 16.5% 0.0172 0.668 573 4.84 483
GraspCVAE[40] 0.378 555 0309 0402 0469 | 21.9% 0.0150 0.709 436 4.60 212
SceneDiffuser[12] 0.303 5.02 0397 0473 0523 | 29.1% 0.0151 0.487 737 944 68.9
DexGYS[51] 0.297 4.63 0317 0401 0463 | 442% 0.0512 0.362 630 6.79 547
Ours ‘ 0.231 381 0480 0.588 0.666 ‘ 451% 0.0531 0.293 ‘ 748 698 615
Open Set B
ContactGen[28] 0.492 895 0.196 0.257 0.299 | 6.04% 1.30e-4 1.11 326 187 455
Contact2Grasp[19] 0.369 119 0248 0318 0367 | 16.2% 0.00801 0.798 522 463 40.7
GraspCVAE[40] 0.365 535 0297 0357 0403 | 242% 0.00421 0.738 396 547 25.6
SceneDiffuser[12] 0.271 6.50 0302 0.355 0.393 | 30.7% 0.00851 0.683 541 6.13 729
DexGYS[51] 0.358 340 0294 0.358 0403 | 352% 0.0220 0.691 540 6.11 59.0
Ours ‘ 0.162 295 0.532 0.609 0.655 | 389% 0.0352 0.361 6.86 6.84 563

Table 1. Results on open-set datasets compared with the SOTA methods.

[51, 56]. Our open-set dataset consists of 33 categories,
1536 objects, 1909 scenes, and 43,504 dexterous grasps for
Shadow Hand [37] and Leap Hand [39].

- Open Set Data Split. To enable comprehensive evalua-
tion, we construct Open sets A and B using two independent
dataset splits, each with its own set of unseen categories.
For each split, all categories are first labeled as either seen
or unseen. Then, 80% of the objects from the seen cate-
gories are used for training, while the remaining 20% and
all objects from the unseen categories are used for testing.

- Scene Construction. To make our dataset more practi-
cal, we generate scene data by placing objects in a table-
top environment using Blenderproc [5]. To prevent colli-
sions between the hand and the table, objects are elevated
using a shelf, and collision detection is performed to filter
out invalid grasps. The physics engine is activated to ensure
physically plausible object placements and grasping poses,
enhancing dataset quality.

- Scene Point-Cloud and Image Rendering. The scene
was captured using five RGB-D cameras: four positioned
at elevated lateral angles and one directly above the ob-
ject. The partial point clouds are merged into a global point
cloud. To render realistic RGB images for MLLM process-
ing, we use the texture generation model Paint3D [57] to
apply realistic textures to all objects in our dataset.

5. Experiment

5.1. Evaluation Metrics

We employ three types of metric to evaluate the ability of
intention consistency, grasp quality and grasp diversity.

- Evaluating Intention Consistency. We employ several
metrics, including FID, R-Precision and Chamfer Distance.

1) FID (Frechet Inception Distance) [| 1] measures the dis-
tribution similarity between generated grasps and ground
truth. To extract grasp and instruction features, we train an
object-grasp point cloud encoder and a language encoder by
contrastive learning [10]. 2) R-Precision evaluates the se-
mantic alignment between language instructions and gener-
ated grasps [10]. Specifically, for each generated grasp, we
construct a pool of 32 samples, including its ground-truth
instruction and randomly selected samples. We then com-
pute and rank the cosine distances between the point cloud
features and the language features of all samples in the pool.
The average accuracy is computed at the top-1, top-2, and
top-3 positions, that a retrieval is considered successful if
the ground truth entry appears among the top-k candidates.
3) Chamfer Distance (CD) quantifies the discrepancy be-
tween the predicted hand point cloud and the closest target
with same intention [51].

- Evaluating Grasp Quality. Following [46], we use suc-
cess rate, denoted as Suc. , in Issac Gym [24] and Q1 [7]
to assess grasp stability. Maximal penetration depth (cm),
denoted as Pen. is used to calculate the maximal penetra-
tion depth from the object point cloud to hand meshes.

- Evaluating Grasp Diversity. We compute the Standard
deviation of translation d;, rotation 4, and joint angle ¢, of
samples within the same scene observation.

5.2. Implementation Details

For training our framework, the number of epochs is set to
50 for AFM and 200 for GFM. For AFM, the loss weight of
L2 loss is set to 1. For GFM, we set Apose = 10, Achamfer =
1, and Agp = 2. The batch size is set to 16 for AFM and 64
for GFM. The initial learning rate is 2.0 x 10~%, decaying
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Open Set A Open Set B

FID| CDJ] Toplt Q11 Pen. | |FID] CD| TopltT Q11 Pen.l]
Necessity of Generalizable-Instructive Affordance
w/o affordance 0.338 5.09 0.369 0.0180 0.569 0.322 4.44 0.308  0.0194  0.452
w object part (pred) 0.313 5.06 0.320 0.0138 0.594 0.316 3.79 0.344  8.12¢-3  0.721
w contact map (pred) 0.320 4.89 0.380 0.0131  0.605 0.286 3.25 0.408 9.25e-3  0.636
w our affordance (pred) | 0.242 3.79 0.480 0.0240 0.501 0.176 2.76 0.538 0.0150 0.612
w object part (GT) 0.306 5.05 0.348  0.0198 0.523 0.271 3.79 0.353  6.68e-3  0.526
w contact map (GT) 0.113 2.01 0.598 0.0285 0.494 0.138 2.68 0.594 0.0143  0.643
w our affordance (GT) 0.169 3.52 0.509 0.0181 0.545 0.164 2.61 0.550 0.0120 0.584
Effectiveness of Pre-Understanding Stage
w/o key cues extraction | 0.258 3.99 0463 0.0222 0.510 0.186 3.42 0.515 8.33e-3  0.702
w/o direction 0.254 4.07 0432 0.0162 0.531 0.185 2.85 0.529  8.80e-3  0.679
w MLLM 0.242 3.79 0.480 0.0240 0.501 0.176 2.76 0.538  0.0150 0.612
Effectiveness of Affordance-based Optimization
w/0 our optimization 0.242 3.79 0.480 0.0240 0.501 0.176 2.76 0.538 0.0150 0.612
w penetration loss 0.336 7.07 0.318 0.0505 0.299 0.241 5.76 0445 0.0147 0.719
w ContactNet [17] 0.349 12.3 0279  0.0434 0.124 0.355 11.1 0.240  0.0206  0.129
w RefineNet [51] 0.249 3.96 0436  0.0487 0.399 0.203 2.92 0493  0.0149  0.657
W our optimization 0.231 3.81 0477  0.0531 0.293 0.162 2.95 0.532  0.0350 0.361

Table 2. Ablation study for our framework. The results of first two experiment groups are obtained from model outputs without optimization
for an intuitive and reasonable comparison. The results in each group should be compared with light yellow line (our default setting) .

to 2.0 x 107° using a cosine learning rate scheduler [31].
The Adam optimizer is used with a weight decay rate of
5.0 x 1076, In the inference, the time step is set to 10 for
AFM and 20 for GFM. For the optimization, A\; = 100,
Ao = 10, A3 = 100, A\, = 10, A5 = 100. The number
of optimization iterations is set to 200. All experiments are
implemented using PyTorch on a single RTX 4090 GPU.

5.3. Comparison with SOTA Methods

We compare our methods with the SOTA methods, as
shown in Table 1. The generic grasp methods are repro-
duced by concatenating the point cloud features and fea-
tures of same language guidance with ours. The same en-
coders are employed for fair comparison, and the penetra-
tion loss is excluded to avoid learning difficulties according
to [51]. The results show that our framework significantly
outperforms all previous methods in terms of intention con-
sistency and grasp quality. Our framework also achieves
a reasonably high level of diversity, as excessive diver-
sity may lead to unnatural postures. Previous language-
guided methods fail to generalize well to unseen categories
due to the huge gap between language and grasping ac-
tions. Similarly, contact-based methods don’t perform well,
as the contact maps are difficult to generalize. Addition-
ally, our method outperforms other methods in the close
set, as shown in Table 3. Overall, the results indicate that
our framework achieves strong performance in generating
intention-aligned, high-quality, and diverse grasps.

|FID | CD| Toplt Q11 Pen.|

GraspCVAE | 0.208 240 0395 0.0100 0.771
DexGYS 0.0804 1.74 0.590 0.0551 0.397
Ours ‘ 0.0286 1.13 0.779 0.0562 0.193

Table 3. Experiment of close set with SOTA methods.

5.4. Necessity of Our Affordance

The results shown in Table 2 validate the key insight of our
framework: using the generalizable-instructive affordance
to bridge the gap between high-level language and low-level
grasp actions. The first row presents the results without
affordance, which fails to generalize to unseen categories.
The subsequent two rows show the results under the condi-
tion of object parts and contact maps. Prediction refers to
maps generated by models, while GT refers to using the cor-
responding ground truth. As discussed in Section 3.1, the
results demonstrate that object parts are too coarse to guide
the grasp effectively, even when using the ground truth. On
the other hand, the contact map is too fine-grained to gener-
alize to unseen categories. Only our affordance achieves a
balance between generalization and instruction.
Furthermore, our affordance representation and frame-
work demonstrate good generalization in the one-shot set-
ting, as shown in Table 4. For the one-shot experiments, we
introduce several novel categories to the test set that differ
significantly from the training set and add one object from
each unseen category to the training set. The results show
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Figure 4. The visualization of generated affordance and dexterous grasp. The left top shows the zero-shot samples and the left bottom
shows the one-shot samples in real world. The right top and right bottom show the zero-shot samples in simulation open set A and B.

Seen Cate Similar Cate ‘ Novel Cate
Toplt CD ||Topl t CD |[|Topl T CD |
Zero-Shot
w/o afford| 0.827 2.61 0295 571 0.219 7.82
Ours 0.880 1.06 0.432 3.65 0.246 6.42
One-Shot
w/o afford| 0.767 3.17 0429 3.67 0.342 6.64
Ours 0.870 099 0.656 1.73 0.586 3.03

Table 4. Zero-shot and one-shot generalization of our framework.

that our framework achieves a significant performance im-
provement, not only on samples from different categories
with similar structures but also for novel categories.

5.5. Effectiveness of Each Component

Further ablation studies are conducted to evaluate each
component of our framework. For the pre-understanding
stage assisted by MLLM, w/o key cues extraction refers
to directly inputting the user’s commands into the model,
while w/o direction means that the direction information
is not utilized. Both designs enhance performance, and
we believe that MLLM would be more beneficial in real-
world applications due to its powerful generalization. For
affordance-based optimization, our optimization improves
grasp quality and maintains intention consistency, outper-
forming the learning-based methods ContactNet [17] and
RefineNet [51], as well as the model which is trained with
penetration loss.

5.6. Real World Experiments

The real-word experiments are conducted to verify the
simulation-to-reality ability of our framework. We employ
a Leap Hand, a Kinova Gen3 6DOF arms and an origi-
nal wrist RGB-D camera of Kinova arm. And we collect
several common objects in daily life, including unseen ob-
jects and unseen categories. In experiment, we synthesize
the scene point cloud by taking several partial depth maps

o W 8 0D & & 9
DexGYS 2 7 3 6 4 7 0 10
Ours 0 5 9 10 6 10 6 10

Table 5. Real world experiments: Successes in 10 attempts.

around the object. Then the scene point cloud, a RGB im-
age and the user language command are fed into our frame-
work to obtain the dexterous grasp pose. During execution,
we first move the the arm to a pre-grasp position, then syn-
chronously move the joints of the robotic arm and the dex-
terous hand to reach the target pose. In evaluation, a grasp
is considered as success if the hand can lift it up and the
action is consistent with the given command. The results
shown in Table 5 shows that our framework achieve higher
success rate than previous method.

6. Conclusions

We believe that achieving generalizable dexterous grasps
in open set is crucial within the deep learning and robotics
communities. In this paper, we explore a novel task of open-
set language-guided dexterous grasp. This task is challeng-
ing due to the huge gap between language and grasping ac-
tions, which hinders the model’s generalization ability. We
propose the AffordDexGrasp framework with the insight
that using a new affordance representation, generalizable-
instructive affordance, to solve this challenge. This affor-
dance enables generalization to unseen categories by uti-
lizing the object’s local structure and category-agnostic se-
mantic attributes, thus facilitating effective dexterous grasp
generation. Based on this affordance, our framework in-
troduces two flow matching based models for affordance
generation and affordance-guided grasp generation. More-
over, we introduce a pre-understand stage and a pose-
optimization stage to further boost generalization. We con-
duct extensive open-set experiments in both simulation and
the real world, and the results show that our framework out-
performs all SOTA methods.
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