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Grip the handle of the mug. Wrap your hand around the mug. Lift the mug to avoid spills.

Wrap your hand around the camera. Press the camera to take a photo. Wrap your palm around the camera.

Press the dispenser to pour. Support the dispenser from underneath. Twist the top of the dispenser to open it.

Figure 1. AffordGrasp produces realistic and instruction-aligned hand grasps directly from textual descriptions. For each object, we
demonstrate the model’s capacity to generate semantically diverse and physically plausible grasps across three textual instructions, visual-
ized from two viewpoints to reveal the precision and robustness of the synthesized hand poses.

Abstract

Generating human grasping poses that accurately re-
flect both object geometry and user-specified interaction se-
mantics is essential for natural hand–object interactions in
AR/VR and embodied AI. However, existing semantic grasp-
ing approaches struggle with the large modality gap be-
tween 3D object representations and textual instructions,
and often lack explicit spatial or semantic constraints,
leading to physically invalid or semantically inconsistent
grasps. In this work, we present AffordGrasp, a diffusion-
based framework that produces physically stable and se-
mantically faithful human grasps with high precision. We
first introduce a scalable annotation pipeline that automat-
ically enriches hand–object interaction datasets with fine-
grained structured language labels capturing interaction
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intent. Building upon these annotations, AffordGrasp in-
tegrates an affordance-aware latent representation of hand
poses with a dual-conditioning diffusion process, enabling
the model to jointly reason over object geometry, spatial af-
fordances, and instruction semantics. A distribution adjust-
ment module further enforces physical contact consistency
and semantic alignment. We evaluate AffordGrasp across
four instruction-augmented benchmarks derived from HO-
3D, OakInk, GRAB, and AffordPose, and observe substan-
tial improvements over state-of-the-art methods in grasp
quality, semantic accuracy, and diversity. Project Website:
AffordGrasp

https://wuxiaofei01.github.io/AffordGrasp_page
https://wuxiaofei01.github.io/AffordGrasp_page


1. Introduction
Semantic-based grasp generation aims to synthesize human
hand poses that interact with objects according to user in-
structions, enabling natural and intuitive interactions for
AR/VR and robotic systems. However, traditional grasp
generation approaches [9, 10, 16, 25, 28] rely solely on 3D
object geometry and thus fail to reflect the user’s intended
interaction. For instance, grasping a teacup by its rim versus
holding its handle requires distinct semantic intent despite
identical geometry. This underscores the need to jointly
model object shape, linguistic intent, and interaction con-
text to generate meaningful and physically valid grasps.

Recent semantic grasping frameworks combine point-
cloud embeddings with textual instructions to condition
diffusion models [3, 12]. While effective to a degree,
these models still struggle to produce high-precision grasps
due to two key challenges: (1) the substantial modal-
ity gap between raw 3D geometry and natural language
makes direct fusion insufficient for fine-grained geomet-
ric–semantic alignment (e.g, distinguishing “grasp the han-
dle” from “hold the rim”); and (2) current diffusion
pipelines lack explicit spatial and instruction-driven con-
straints, often yielding semantically incompatible contacts
or physically unrealistic poses. Although VLM-based anno-
tation pipelines [12, 19] seek to enhance semantic ground-
ing through multi-turn question answering, these proce-
dures remain susceptible to inconsistency and reduced con-
trollability arising from error propagation across multiple
reasoning steps, divergent reasoning paths, and context de-
pendencies.

To address these challenges, we propose a method that
directly generates fine-grained, structured language an-
notations for scalable and consistent dataset enrichment.
Specifically, we automatically augment existing public
hand–object interaction datasets with language labels that
explicitly capture interaction intent. Building on this en-
riched data, we introduce AffordGrasp, an efficient cross-
modal generative framework designed to synthesize diverse
grasp poses that satisfy both physical constraints and textual
semantic instructions.

Our approach leverages a latent diffusion model [26]
augmented with an affordance-aware representation of hand
poses within a compact latent space. The diffusion process
employs a dual-conditioning mechanism that systemati-
cally integrates physical plausibility and semantic guidance,
effectively modeling the conditional distribution of hand
poses given object properties and instructional prompts.
Concretely, AffordGrasp first generates local spatial cues
aligned with instructions through an Affordance Generator
and learns a low-dimensional latent representation of hand
posture parameters using a Variational AutoEncoder. To en-
sure consistency with physical contact and semantic intent,
we introduce a Distribution Adjustment Module that refines

the latent representation during sampling based on object
contact constraints and instruction semantics.

To validate our method, we construct four benchmarks
based on HO-3D [6], OakInk [31], GRAB [25], and Afford-
Pose [8], each enhanced with fine-grained textual instruc-
tions describing specific grasp poses and object interactions.
Extensive experiments demonstrate that AffordGrasp sig-
nificantly outperforms state-of-the-art baselines across all
evaluation metrics, establishing a robust framework for ad-
vancing human grasp synthesis and embodied intelligence
research.

In summary, our contributions are as follows:
• We introduce AffordGrasp, a diffusion-based framework

that generates physically stable and semantically mean-
ingful grasps with high precision, without requiring test-
time adaptation.

• We propose the use of object affordance as complemen-
tary guidance for cross-modal fusion, bridging linguistic
semantics and geometric representations to improve grasp
intention understanding.

• We develop a distribution adjustment module that main-
tains diffusion sampling stability while enforcing strict
physical and semantic constraints on grasp poses.

• Our method establishes a new state-of-the-art perfor-
mance across multiple benchmarks through comprehen-
sive quantitative and qualitative evaluations.

2. Related Work
Grasp Synthesis. Grasp synthesis is critical for robot ma-
nipulation, animation, and human motion analysis [19, 35].
We address the challenge of synthesizing realistic human
grasps under two key constraints: semantic alignment with
object functionality and physical plausibility. Existing
methods typically predict MANO parameters [25, 28, 31]
or joint positions [10] using generative models, while Liu
et al.[3, 12] suffer from a modality gap between 3D geom-
etry and language, weakening the alignment with seman-
tic intent and reducing attention to critical affordances.To
overcome this, we introduce object affordances as cross-
modal cues that bridge geometry and language. By lever-
aging affordance-aware features, our architecture improves
semantic grounding while preserving fine-grained hand-
object geometric fidelity.

Affordance in Hand-Object Interaction. Understand-
ing hand-object interaction is critical for applications in
AR, VR, and embodied AI. While existing methods em-
phasize contact cues to ensure physical plausibility and de-
tailed modeling [2, 5, 9, 18? ], they often overlook object
functionality and affordances. Recent efforts provide object
affordance annotations [8, 31], but focus mainly on geo-
metric properties, lacking interaction-centric semantic rea-
soning essential for task-oriented grasping. SemGrasp [12]



Figure 2. Overview of AffordGrasp.We integrate language instructions with object point clouds and employ the Affordance Generator
to predict point-wise confidence features, which are aggregated into the final affordance map to enhance spatial detail and align linguistic
semantics with 3D structures.The right part employs a DAM module, which ensures that the synthesized grasping poses generated by the
LDM model align with physical constraints and language semantics.

leverages multi-modal language models to unify object,
grasp, and language representations, but relies on 2D pro-
jections of 3D data, which introduces occlusions and limits
instruction fidelity. In this work, we propose a 3D-native,
interaction-aware framework that directly utilizes 3D spa-
tial features to predict affordance categories. These features
are integrated with a language model to generate precise,
context-aware task instructions. Our method bridges spatial
geometry and semantic understanding, enabling more accu-
rate and robust task-driven grasp synthesis.

Denoising Diffusion Probabilistic Models. Denoising
diffusion models [11, 15, 21, 23, 29] generate data by re-
versing a structured noise corruption process through a
learned forward-backward stochastic framework. Recent
methods incorporate gradient-based objectives during sam-
pling to steer generation [27, 32], but often struggle un-
der high-noise conditions. In particular, aggressive gradi-
ent updates in early diffusion steps can push samples off the
learned data manifold, resulting in irreversible distribution
shifts and degraded output quality.

3. Approach - AffordGrasp
We present AffordGrasp, a diffusion-based framework for
generating human grasp poses that are both physically plau-
sible and semantically aligned with user instructions. Given
an object point cloud Pg and a textual instruction I , the goal
is to generate a functional grasp pose hp, represented by
MANO parameters [22].

AffordGrasp explicitly models the interplay between
instruction semantics, object geometry, and grasp intent
through three integrated components: (1) an Affordance
Generator that predicts interaction-relevant object regions
from language–geometry inputs, (2) a Cross-Modal Dif-
fusion Model that synthesizes grasp poses conditioned
on multi-modal cues, and (3) a Distribution Adjustment
Module (DAM) that refines the denoised latent representa-
tion to enhance contact realism and semantic precision.

3.1. Affordance Generator

Semantic grasp generation requires aligning the user in-
struction with geometric cues on the object. We therefore
train an Affordance Generator that estimates point-wise af-
fordance probabilities, indicating the relevance of each ob-
ject point to the instruction. Given (Pg, I), the generator
predicts an affordance map Pa, highlighting a semantically
grounded local region in the object point cloud. This region
serves as an intermediate representation that explicitly links
language semantics to a geometric structure, reducing the
cross-modal difficulty faced by prior methods.

Training the affordance generator is hindered by two
main challenges: the lack of large-scale and diverse affor-
dance datasets, and the severe imbalance between affording
and non-affording object points. Among existing datasets,
only AffordPose [8] provides affordance annotations, while
datasets such as GRAB [25] and OakInk [31] lack such la-
bels. This limitation reduces the geometric diversity of ob-
jects within the training data.



To address the first challenge, we generate pseudo-labels
using a self-looping annotation engine. Specifically, we
adopt the network architecture proposed by LASO [13] as
our affordance generator and initially train it on the Afford-
Pose [8] dataset. The trained model is then used in a self-
training loop to annotate OakInk and GRAB, thereby ex-
panding the dataset and enriching the geometric diversity
of the training objects.

To address the class imbalance issue in affordance pre-
diction, we employ a combined objective of Focal Loss [14]
and Dice Loss [24] to optimize the model:

L = Lfocal + λ1Ldice, (1)

where λ1 is a balancing hyperparameter. Details of Lfocal
and Ldice are presented in the supplementary material Sec.
9.2.

3.2. Text and Affordance Guided Grasp Generation
Generating functional hand–object interactions requires
jointly modeling semantic intent derived from language and
geometric feasibility informed by object shape and affor-
dance cues. To this end, we propose a cross-modal latent
diffusion model conditioned on the triplet C = {I, Pg, Pa},
which encodes the textual instruction, object geometry, and
predicted affordance, respectively.

We first apply modality-specific encoders to extract
feature representations from each input. Following
LASO [13], the language instruction I is encoded using
RoBERTa [17]. The object point cloud Pg and the affor-
dance point cloud Pa are processed by two independent
PointNet encoders(Eg, Ea) [20]. The resulting features
are then fused to construct a unified conditioning vector
f = {fI , fpg, fpa}. The formal definition is:

fI = RoBERTa(I), fpg = Eg(Pg), fpa = Ea(pa) (2)

To better preserve spatial structure in grasp poses, we en-
code the ground-truth hand mesh vertices hgt

v ∈ R778×3

into a compact latent representation hz = E(hgt
v ) using

a pre-trained autoencoder [28]. A conditional diffusion
model [21] is then trained to learn the distribution of latent
hand embeddings conditioned on f . The forward diffusion
process is defined as:

zt =
√
αtz

0 +
√
1− αtϵ, (3)

where ϵ ∼ N (0, I) and αt is a predefined noise sched-
ule. At each timestep t, a noise prediction network ϵθ es-
timates the additive Gaussian noise ϵ. The decoder maps
the denoised latent representation to MANO parameters
hp ∈ R61, which are further passed through a differentiable
MANO layer to reconstruct the hand mesh hm. The overall
training objective is defined as:

LLDM := EE(hv),ϵ∼N (0,1),t

[
∥ϵ− ϵθ(z

t, f, t)∥22
]
, (4)

Figure 3. Distribution Adjustment Module (DAM) Architec-
ture. Hand and object features are fused and aligned with lan-
guage instructions to produce stable, instruction-consistent grasps.

where ϵθ(z
t, f, t) denotes the conditional denoising U-Net,

and zt is the noisy latent obtained by perturbing the encoded
hand representation hz with Gaussian noise at timestep t.
Through iterative denoising, the model learns to reconstruct
realistic and semantically consistent hand meshes hm from
noise, guided by both linguistic and geometric cues.

3.3. Distribution Adjustment Module
To generate more accurate and physically plausible grasp-
ing poses, we introduce the Distribution Adjustment Mod-
ule (DAM). As illustrated in Fig. 3, DAM is a lightweight
fusion framework that refines the latent grasp representation
ĥz predicted by the diffusion module. It integrates the con-
ditioning feature f with ĥz to produce a refined latent h̃z ,
ensuring the final pose aligns closely with both contextual
and physical constraints.

According to Eq. 4, the diffusion model ϵθ predicts the
noise term ϵ during training, which prevents its output from
being directly used as input to the Distribution Adjustment
Module (DAM). To address this issue, we propose a sim-
ple yet efficient approximation strategy that converts the
noise prediction of the diffusion model into the correspond-
ing latent hand pose representation. This process can be
expressed as:

ĥz =
1

√
αt

(zt −
√
1− αtϵθ(z

t, f, t)). (5)

As shown in Fig. 3, we first construct the spatial repre-
sentation fspatial by fusing the global point feature (fpg) and
the affordance point feature (fpa) with the diffusion hand
feature ĥz (from Eq. 5). To effectively balance geomet-
ric detail and task intent, this representation interacts with



the instruction embedding fI through a multi-head atten-
tion (MHA) module. This process employs a dual residual
mechanism: the first residual connection preserves the in-
struction semantics (fI ) after the MHA, and the second pre-
serves the original hand representation (ĥz) after the MLP
module. This design contributes to improved performance
while enhancing the network’s expressive capacity. Unlike
training-free methods [27, 32] that increase inference time,
our DAM is a lightweight, single-pass refinement module
applied post-sampling, resulting in minimal inference over-
head. The process is formulated as:

fspatial = Norm(fpg + fpa) + ĥz,

falign = Attention(fI , fspatial, fspatial) + fI ,

h̃z = Norm(MLP(falign) + ĥz),

(6)

where fpg , fpa, and fI denote the embeddings extracted
from Pg , Pa, and I using pretrained models. According
to Eq. 6, the proposed DAM module integrates the latent
hand feature with both the instruction and the object geom-
etry, thereby improving physical feasibility and instruction
adherence.

During DAM training, the diffusion model ϵθ remains
frozen. The predicted latent representation ĥz from Eq. 5 is
used as the input to the DAM module. Since ĥz may contain
inaccuracies, the DAM further refines it to produce a more
reliable grasp latent.

hm = MANO(Decoder(h̃z)), h̃z = DAM(ĥz, f). (7)

The overall training objective, detailed in Eq. 8, com-
bines reconstruction and physical constraint losses follow-
ing prior works [9, 28].

L = λ2Lrecon(hv, hp, h
gt
v , hgt

p )+Lphysical(hm, hgt
m, Pg),

(8)
Here, λ2 is a balancing coefficient. The Decoder recon-
structs the refined latent code h̃z into hand parameters hp,
which are then passed through the MANO layer to produce
the hand mesh hm. The loss Lrecon supervises the recon-
struction of the hand pose by encouraging the predicted
MANO parameters, vertices to align with their correspond-
ing ground truth. In contrast, Lphysical enforces physi-
cally plausible hand–object interactions by penalizing ob-
ject–object interpenetration and promoting consistent con-
tact patterns.

By jointly optimizing reconstruction accuracy and phys-
ical constraints, the DAM learns to refine the diffusion
model’s latent predictions, yielding final grasp poses hm

that are both task-compliant and physically plausible. Ad-
ditional implementation details are provided in Appendix
Sec. 11.

Figure 4. Affordance Annotation. Implement an automated self-
training pipeline that first assigns pseudo-labels to unlabeled data,
then iteratively optimizes the model using these refined annota-
tions.

3.4. Inference

Our inference process commences by sampling noise ϵ ∼
N (0, 1) and condition it on the f , which guides the diffu-
sion model to synthesize coarse grasp poses in the latent
space. To improve sampling efficiency, we adopt the DDIM
framework [23], governed by the following update rule:

zt−1 =
√
αt−1

(
zt −

√
1− αtϵθ(zt, f)√

αt

)
+
√

1− αt−1 − σ2
t · ϵθ(zt, f) + σtϵ,

(9)

where αt represents the DDIM scheduling parameters, and
ϵθ corresponds to the conditional denoising U-Net [26].

To further strengthen the model’s conditional depen-
dence on both physical constraints and linguistic semantics,
we refine the generated sample using DAM. The refinement
is defined as:

z̃1 = DAM(z1, f), (10)

where z̃1 represents the optimized hand representation in
the latent space, and z1 denotes the DDIM output. The re-
fined latent vector is then decoded into the hand mesh hm

through a decoder and MANO layer. This process can be
formally expressed as follows:

hm = MANO(Decoder(z̃1)). (11)

Our framework generates hand mesh hm satisfies both
linguistic plausibility and physical feasibility. In contrast to
prior approaches that fuse the instruction and object point
cloud to generate the final pose, our method mitigates cross-
modal challenges. By narrowing the gap between language
and geometric modalities, it produces hand poses that are
more physically plausible and semantically aligned with the
instructions.



Dataset Method
Penetration
Volume ↓

Simulation
Displacement ↓

Contact
Ratio ↑ Entropy ↑ Cluster

Size ↑ ACC ↑

OakInk [31] TTA [9] 8.21 2.33 97 2.82 2.81 60.83%
FastGrasp [28] 7.88 2.27 88 2.88 3.42 78.05%
D-VQVAE [37] 7.33 2.44 91 2.88 3.57 76.4%

Ours(ControlNet) 8.08 3.11 81 2.87 3.44 76.94%
Ours 7.31 1.43 98 2.94 3.74 80.08%

GRAB [25] TTA [9] 6.51 1.22 91 2.73 1.41 55.00%
FastGrasp [28] 4.61 1.20 94 2.76 1.96 61.50%
D-VQVAE [37] 8.04 1.82 89 2.88 3.41 57.50%

Ours(ControlNet) 6.78 1.57 93 2.76 3.47 60.50%
Ours 3.06 1.66 94 2.91 3.53 62.50%

Table 1. Quantitative comparison on the OakInk and GRAB dataset. We compare our results with baselines as well as with a framework
where the DAM module is replaced by the ControNet [36] structure. Our method achieves the best performance on all evaluation metrics.

Dataset Method
Penetration
Volume ↓

Simulation
Displacement ↓

Contact
Ratio ↑ Entropy ↑ Cluster

Size ↑ ACC ↑

HO-3D [6] TTA [9] 12.55 3.22 95 2.55 2.99 66%
FastGrasp [28] 14.45 2.73 96 2.81 2.23 52.00%
D-VQVAE [37] 13.12 2.33 95 2.78 3.63 64.00%

Ours(ControlNet) 16.06 2.38 97 2.84 3.52 51.00%
Ours 7.38 2.33 97 2.85 3.70 72.00%

AffordPose [8] TTA [9] 19.41 4.32 91 2.89 2.97 42.56%
FastGrasp [28] 22.75 3.77 88 2.83 3.77 54.08%
D-VQVAE [37] 21.43 4.18 91 2.91 3.64 63.99%

Ours(ControlNet) 24.77 4.78 88 2.88 3.55 52.45%
Ours 10.36 3.59 91 2.92 3.93 69.71%

Table 2. Comparison with previous methods on the HO-3D and AffordPose dataset, where our model is trained on the GRAB [25] dataset.
Our model achieves state-of-the-art performance on two out-of-domain dataset, setting new benchmarks.

4. Experiment

4.1. Automated Labeling for Dataset Enrichment

To enrich the OakInk [31] and GRAB [25] datasets—both
centered on hand-object interactions—we introduce an au-
tomated pipeline for generating instruction annotations.
Starting with the AffordPose [8] dataset, we perform cold-
start training of a classifier [33] to produce initial language
labels, which are iteratively refined via error analysis to
improve consistency. These refined annotations, combined
with the initial dataset, support multiple rounds of training
and labeling for full annotation coverage. Finally, we incor-
porate large language models [30] to generate task-oriented,
step-by-step instructional text, further enhancing semantic
richness. Implementation details are in the Appendix.

We evaluate our method on four benchmarks:
OakInk [31], GRAB [25], HO-3D [6], and AffordPose [8],
following standard experimental protocols. For in-domain
evaluation, we train and test on OakInk and GRAB; the
latter includes 51 objects grasped by 10 subjects, while
OakInk offers a larger-scale dataset with 1,700 objects ma-
nipulated by 12 subjects. For cross-dataset generalization,
we evaluate on HO-3D and the out-of-domain object split
of AffordPose under zero-shot settings, consistent with

prior work [9, 25, 28, 36]. We exclude AffordPose from
training due to its missing MANO parameters and partial
noise, which are incompatible with our MANO-based
differentiable model. Quantitative analysis justifying this
exclusion is provided in the Appendix.

4.2. Evaluation Metrics

Following established evaluation protocols [10, 25, 28, 36],
we assess generated grasping poses using four criteria: (1)
physical plausibility, (2) stability, (3) pose diversity, and (4)
semantic alignment with language specifications.
Physical Plausibility Assessment. We evaluate physical
plausibility through two metrics: (1) hand-object mutual
penetration volume calculated by voxelizing both meshes at
1mm3 resolution and measuring intersection regions, and
(2) contact ratio, which measures the percentage of grasp
poses maintaining persistent surface contact.
Grasp Stability Assessment. Stability evaluation follows
prior physics-based approaches [9, 25, 28] through simu-
lated grasp executions. We quantify stability by measur-
ing the gravitational displacement of the object’s center of
mass, with lower displacement indicating greater robust-
ness.
Diversity Assessment. Following diversity metrics from



Dataset Method
Penetration
Volume ↓

Simulation
Displacement ↓

Contact
Ratio ↑ Entropy ↑ Cluster

Size ↑ ACC ↑

OakInk [31] w/o object affordance 8.27 1.22 97 2.88 3.81 76.56%
w/o DAM 8.12 1.77 97 2.89 4.07 79.11%

Whole pipeline 7.31 1.43 98 2.94 3.74 80.08%
GRAB [25] w/o object affordance 4.32 1.55 92 2.79 3.61 55.00%

w/o DAM 4.91 1.71 90 2.84 3.77 63.00%
Whole pipeline 3.06 1.66 94 2.91 3.53 62.50%

HO-3D [6] w/o object affordance 8.88 2.29 95 2.85 3.71 71.00%
w/o DAM 11.21 2.44 91 2.79 3.64 69.00%

Whole pipeline 7.38 2.33 97 2.85 3.70 72.00%
AffordPose [8] w/o object affordance 11.29 3.78 88 2.84 3.87 67.81%

w/o DAM 12.32 3.64 91 2.88 3.94 70.21%
Whole pipeline 10.36 3.59 91 2.92 3.83 72.43%

Table 3. Ablation study results on the GRAB, OakInk, HO-3D, AffordPose datasets [6, 8, 25, 31]. The evaluation of the HO-3D and
AffordPose is an out-of-domain generalization test, where the model is trained using the GRAB dataset.
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OakInk [31]
Left: This is a knife, hold the handle.

Right: Wrap your hand around the bottle.

AffordPose [8]
Left: Twist the cap off the bottle.

Right: Hold the bottle by wrapping your fingers.

Figure 5. Qualitative comparisons with state-of-the-art methods on GRAB, OakInk datasets. Each pair (two columns) visualizes the
generated grasps from two different views. Our method demonstrates a significant reduction in object penetration compared to other
methods.

grasp generation literature [10, 16, 28], we apply K-means
clustering (k=20) to 3D hand keypoints across all methods.
Diversity is assessed via two measures: (1) entropy of clus-
ter assignments, where higher values indicate more diverse
distributions across clusters, and (2) average cluster size, re-

flecting grasp space coverage. While larger average cluster
sizes reflect better coverage of the grasp space.

Semantic Accuracy Assessment(ACC). To evaluate se-
mantic consistency, we categorize hand-object interactions
into ten affordance classes like AffordPose [8]. A classi-



Figure 6. Simulation environment: grasping a single object
under different instructions.

fier trained during the data annotation phase is used to as-
sess whether the generated hand poses align with the corre-
sponding semantic affordance instructions. To validate the
effectiveness of our classifier, we report its accuracy on un-
seen objects in the appendix.

4.3. Grasp Generation Performance
In-Domain Evaluation. Our approach, which com-
bines DAM and hierarchical spatial fusion, outperforms all
competitors in the in-domain evaluation (see Tab. 1 and
Fig. 5). It shows superior performance on the OakInk [31]
and GRAB [25] datasets across all metrics: intrusion vol-
ume, simulation distance, grasp pose diversity, and seman-
tic accuracy. These results highlight the effectiveness of our
method in generating complex grasp poses, surpassing lead-
ing methods such as FastGrasp [28], D-VQVAE [37], and
ControlNet [36].
Out-of-Domain Evaluation. We further evaluated our
model’s universal applicability on the HO-3D [6] and Af-
fordPose [8] datasets. As depicted in Tab. 2 and Fig. 5, out-
of-domain evaluation validates our method’s outstandingly
accurate semantic results, in addition to physical generaliza-
tion and generation diversity. Our method hence emerges as
an effective solution that can transcend domain boundaries.

4.4. Ablation Study
We conduct a comprehensive ablation study to evaluate the
impact of individual components on our framework’s per-
formance. This analysis provides empirical evidence of
each component’s contribution, offering crucial context for
subsequent experiments.

Tab. 3 summarizes the key findings. Excluding object
affordances results in a slight improvement in displace-
ment distance but increases volume intrusion. This suggests
that the model depends on object affordances to better cap-
ture spatial relationships and minimize hand-object colli-
sions. Improved displacement occurs when object invasion
causes immobilization, reducing movement. Thus, incorpo-
rating object affordances as cross-modal cues enhances the
model’s ability to capture spatial details of objects.

Removing the DAM module increases cluster sizes, as

Figure 7. Simulation environment: grasping across multiple
objects.

the diffusion model better captures global distributions,
weakening the conditioning. In contrast, incorporating the
DAM module results in a more concentrated output distri-
bution, improving thematic coherence, adherence to physi-
cal constraints, and object contact rates. This novel use of
the adaptive module transformation in Out-of-Distribution
scenarios highlights robust generalization capabilities.

4.5. Downstream Applications
To evaluate the downstream effectiveness of our generated
grasps, we conducted experiments in the RaiSim [7] physics
simulator. We employed both the D-Grasp [4] framework
and the CrossDex [34] platform to execute dynamic grasp
trajectories.

In our framework, AffordGrasp predicts a reference
grasp pose Ḡ conditioned on the target object O and the
language instruction L. In D-Grasp, this reference is used
to generate physically plausible and temporally consistent
grasp motions. In CrossDex, the same reference grasp
serves as a target goal configuration, guiding the policy to
achieve it in simulation. During evaluation, each grasped
object is lifted against gravity to assess stability. Fig. 6 and
Fig. 7 illustrate grasps of the same object under different
instructions, as well as grasps of multiple objects.

5. Conclusion and Discussion
This paper presents an automated annotation engine that
enriches hand-object interaction datasets with linguistic in-
structions. By leveraging object affordance for cross-modal
alignment and introducing a Distribution Adjustment Mod-
ule, our method captures both spatial geometry and instruc-
tion semantics. It enhances physical plausibility through
geometric grounding and improves alignment between lan-
guage and 3D representation.

Limitations. Our current framework primarily focuses
on data-driven learning and does not explicitly incorporate



physical priors such as gravity or friction. As illustrated
in appendix Fig. 16, certain real-world effects may not
be fully reflected in the generated results. Future work
could benefit from integrating physics-based reasoning or
simulation to further enhance grasp stability and realism.
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