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Abstract

In this paper, we study task-oriented human grasp synthesis,

a new grasp synthesis task that demands both task and con-

text awareness. At the core of our method is the task-aware

contact maps. Unlike traditional contact maps that only

reason about the manipulated object and its relation with

the hand, our enhanced maps take into account scene and

task information. This comprehensive map is critical for

hand-object interaction, enabling accurate grasping poses

that align with the task. We propose a two-stage pipeline

that first constructs a task-aware contact map informed by

the scene and task. In the subsequent stage, we use this

contact map to synthesize task-oriented human grasps. We

introduce a new dataset and a metric for the proposed task

to evaluate our approach. Our experiments validate the

importance of modeling both scene and task, demonstrat-

ing significant improvements over existing methods in both

grasp quality and task performance. See our project page

for more details: https://hcis-lab.github.io/TOHGS/

1. Introduction

Hand-object interaction has been a pivotal topic in com-

puter vision research. We have seen diverse efforts, span-

ning from hand-object pose estimation [19, 30], 3D hand-

object reconstruction [7, 11, 20, 54], human grasp syn-

thesis [15, 24, 25, 28, 32, 42, 45, 49], affordance model-

ing [18, 28, 32, 39, 55], hand-object interaction dataset [3,

4, 9, 15, 17, 19, 20, 23, 42, 53], to hand motion trajec-

tory [31, 44]. Predicting realistic and viable hand-object

interactions opens up new applications in augmented real-

ity [41], robotics [1, 2, 27, 29, 33, 36, 48, 49, 51, 52, 59],

and human-robot interactions [10, 14, 50].

Despite significant progress in hand-object interaction,

limited attention has been given to grasp motion synthesis

that both aligns with task objectives and incorporates scene

contextual information. Recent notable work [5, 13, 43, 56–

58] focus on generating plausible human grasp motions

for a variety of objects, typically with a single objective,
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Figure 1. Task-oriented human grasp synthesis aims to synthesize

collision-free and task-aware human grasps from initial and goal

scene point clouds. Rows (a) and (b) show failures due to a lack of

context or task awareness, causing collisions and penetrations. In

contrast, (c) demonstrates a successful task-oriented synthesis that

considers both scene context and intended task objective.

such as moving the object to a desired location [5, 13, 58].

GraspXL [56] highlights the importance of incorporating

multiple motion objectives, such as the desired heading di-

rections and wrist rotations, while ensuring physical plau-

sibility of the motion. ArtiGrasp [57] extends this by con-

sidering desired states of objects, such as opening a cabinet

door to a target articulation angle or keeping its base steady

in its initial pose. While these approaches show promise

in synthesizing grasp motions for specific objectives, they

do not consider environmental contexts, such as grasping in

a cluttered space for an object relocation task. This limits

their applicability to object-singulated manipulation tasks

in less complex environments.

To bridge this gap, we study task-oriented human grasp

synthesis, a new endeavor that seeks to generate human

grasps informed by both scene context and task objectives.

Fig. 1 illustrates a relocation task, constituting of grasping a

target object and relocating it to a designated location. The

task presents two unique challenges. First, a model needs

to possess scene context awareness to ensure that the syn-
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thesized grasp avoids collisions with its surroundings. As

shown in the left image of Fig. 1 (a), although the synthe-

sized grasp is valid for the object itself, the lack of contex-

tual awareness causes the hand to penetrate the table dur-

ing the pickup. Second, the model needs to take the down-

stream task into account. In Fig. 1 (b), although the synthe-

sized grasp is successful for the pickup (left image), the lack

of task awareness causes the hand to collide with the table

during the placing pose (right image). Finally, Fig. 1 (c)

illustrates a successful synthesis of a task-oriented human

grasp that incorporates both the context and task at hand.

In this work, we first construct a new task-oriented grasp

dataset to support the development and evaluation of the

problem. Despite notable advancements in human grasp

synthesis, existing datasets [3, 4, 9, 15, 17, 19, 20, 23,

42, 53] remain largely focused on object-centric grasp syn-

thesis, overlooking the needs of downstream hand manip-

ulation tasks, such as stacking objects onto one another.

We focus on three everyday tasks—Placing, Stacking, and

Shelving—all of which require scene awareness to avoid

collisions with nearby objects, and task awareness to under-

stand the object’s affordance. For Placing and Shelving, we

select 104 everyday objects from DexGraspNet [49] includ-

ing items like bottles, jars, stationery, toys, food, shoes, and

3C electronics. Additionally, we create 23 distinct bricks,

derived from fundamental geometric shapes, for the Stack-

ing task. For each task, we establish a systematic pipeline

for generating ground truth human grasps. Overall, our

dataset contains 571,908 task-oriented human grasps for

Placing, 2,989 for Stacking, and 807,028 for Shelving.

Existing human grasp synthesis approaches [18, 24, 28,

32] fall short for the proposed task due to two key chal-

lenges. First, object-centric representations, such as object

affordances represented by contact maps [18, 24, 28, 32],

fail to account for object-environment interactions, making

them prone to collisions in cluttered scenes. For example,

picking and stacking objects in Fig. 1 using object-centric

representations would result in collisions with surrounding

objects, even if the methods produce stable contacts. Sec-

ond, current techniques overlook downstream tasks. While

the synthesized grasps may be collision-free initially, they

can still lead to scene collisions during task execution.

To account for both scene and task contexts, we propose

a novel two-stage diffusion-based framework. The frame-

work consists of (1) a ContactDiffuser, which predicts a

new representation called task-aware contact map, given

the point clouds of the initial and goal scenes along with

their corresponding distance maps, and (2) a GraspDif-

fuser, which synthesizes human grasps based on the pre-

dicted task-aware contact map and the object’s point cloud.

The rationale for using diffusion models is that task-aware

contact maps and their corresponding task-oriented human

grasps are inherently multimodal, given the diverse combi-

nations of environmental contexts and tasks.

We conduct extensive experiments on the proposed

dataset and demonstrate that our framework, with explicit

task-aware contextual awareness, outperforms strong base-

lines in both physical plausibility and collision avoidance.

Additionally, we empirically show that task-aware contact

maps are more effective at extracting task-relevant informa-

tion than object-centric contact maps. Our qualitative anal-

ysis reveals that the ContactDiffuser generates high-quality

contact maps, while the GraspDiffuser produces natural and

realistic human grasps. Furthermore, we perform compre-

hensive ablation studies to validate the significance of the

two proposed diffusers. Although our work does not involve

motion synthesis directly, it represents a crucial step in in-

corporating task-aware scene awareness into human grasp

synthesis. Moreover, the generated initial and target human

grasps can serve as hand pose references to improve motion

synthesis, as demonstrated in [13, 57].

Our contributions are summarized as follows. First, we

introduce a new task, task-oriented human grasp synthesis,

along with a new dataset for its development and bench-

marking. Second, we propose a novel two-stage diffusion-

based framework that leverages a new representation, the

task-aware contact map, to integrate essential scene and

task-specific information. Third, we conduct comprehen-

sive experiments to show the effectiveness of our frame-

work over strong baselines.

2. Related Work

Object Affordance. Object offordance has been exten-

sively studied in the community. Zhu et al. [60] introduce a

task-oriented object representation that includes affordance

basis, functional basis, imagined actions, and physical con-

cepts. The affordance basis and functional basis indicate

the area to be grasped by the hands and the part intended

to act on a target object, respectively. The authors of

ContactDB [3] present a dataset that records contact maps,

capturing how humans interact with household objects in

grasping and handover scenarios using a thermal camera.

AffordPose [23] provides part-level affordance annotations

for each object, such as twist, pull, and handle-grasp,

to enable fine-grained affordance understanding. The

works above aim to ground task-relevant information onto

objects to facilitate the generation of corresponding grasps.

However, it becomes challenging for tasks like placing

or stacking, where goal scene situations (e.g., cluttered

scenes) influence how an object should be grasped. Rather

than predefining affordances as in previous works, we learn

task-aware contact maps that simultaneously account for

the scene, task, and goal.

Diffusion Models. Diffusion models [21] have emerged

as a powerful generative model and have been leveraged

widely across various fields, including generation of im-
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Figure 2. Examples of Placing, Stacking, and Shelving.

ages [38], video [6], human motions [46], 3D objects [34],

and robot actions [12]. Recently, Huang et al. [22] propose

SceneDiffuser, a diffusion model-based framework for 3D

scene-conditioned human motion, robot motion, and dex-

terous robotics hand motion generation. Inspired by their

work, we devise diffusion models for task-oriented human

grasp synthesis.

Our work differs from SceneDiffuser in two key aspects.

First, while SceneDiffuser focuses on generating dexter-

ous robotic hand grasps for object pick-up tasks, our ap-

proach targets a range of everyday tasks, such as stacking

and shelving. Second, we explicitly model task-aware scene

awareness in human grasp generation, which we demon-

strate as essential for producing collision-free grasps that

successfully complete tasks. Additionally, our work com-

plements SceneDiffuser, as our framework can serve as an

intermediate understanding step for generating a sequence

of hand motions across various tasks in future works.

3. Task-Oriented Human Grasp Generation

3.1. Problem Formulation

Given an initial scene point cloud Sinit and a goal scene

point cloud Sgoal, we aim to synthesize task-oriented hu-

man grasps G that avoid collisions with surrounding objects

and successfully accomplish the desired task. Both scenes

contain the target object to be grasped. The proposed task is

challenging, as it requires modeling both the environmental

context and the task simultaneously.

3.2. Task Specification

We propose three common tasks to instantiate the proposed

problem. For each task, we generate diverse configura-

tions by simulating the scenes with a physics engine (Py-

Bullet [16]). The three tasks are illustrated in Fig. 2.

Placing. A target object is placed on a cluttered table and

should be picked and moved to a new location on the same

table. We randomize the initial and desired positions of

the target. First, the object is dropped from a height of 10

cm above the table, and the simulator runs for 5 seconds to

allow it to settle into a stable pose. Next, obstacles from

our dataset are randomly selected and positioned near the

initial and target locations. If no obstacles collide with the

grasped object, the configuration is considered valid.

Stacking. Two objects—a base object and an object to be

stacked—are placed on a table. The goal is to stack the

latter on top of the former. To create diverse configurations,

we randomly select bricks from our dataset, assigning one

as the base and the other as the object to be stacked. After

positioning the stacked object on the base, the simulation

runs for 5 seconds. If both objects remain stable at the end,

the configuration is considered valid and is saved.

Shelving. A target object is placed on a shelf and should

be moved to a different location on the same shelf. The

initial and goal positions are selected randomly. The object

is then dropped from 5 cm above its initial position, and

the simulation runs for 5 seconds to allow the object to

settle. Finally, obstacles are randomly placed on the shelf.

If no obstables collide with the object, the configuration is

considered valid.

3.3. Dataset

Human Hand Model. We use the MANO hand model [37],

which is a 3D mesh consisting of 778 vertices and 1538

faces. The model is controlled by a 10-dimensional param-

eter β for hand shape and a 51-dimensional parameter θ for

joint rotations and root translation. We use a uniform β for

all the human grasps.

Object and Scene. We select 104 objects from DexGrasp-

Net [49] and rescale them to be graspable by a hand. These

objects are used in the Placing and Shelving tasks, but

many of them are not suitable for Stacking. Consequently,

we create 23 distinct brick models with simple geometries

specifically designed for Stacking. We assume all objects

are asymmetrical. The shelf models used in Shelving are

selected from ShapeNet [8].

Dataset Construction. We use DexGraspNet [49] to gen-

erate high-quality human grasps. This method leverages

a differentiable force closure estimator to efficiently pro-

duce diverse and stable grasps at scale. However, it may

generate grasps that are not physically plausible or human-

like. To mitigate this, we automatically filter out subop-

timal grasps based on penetration volume and simulation

displacement—common metrics for assessing grasp quality

in grasp synthesis [24–26, 32, 42]. We set a threshold of

4 \times 10^{-6} \, \text {cm}^3  for penetration volume and 3 \, \text {cm}  for displace-

ment. Subsequently, we manually filter out non-human-like

grasps based on joint angles and grasp stability. Finally, we

refer to the remaining grasps as prior poses.

For each target, we sample initial and goal positions,

along with their corresponding grasp poses from the prior
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Figure 3. An overview of our proposed task-oriented human grasp synthesis framework. Given 3D initial and goal scenes, our goal is to

synthesize task-oriented human grasps that avoid collisions with surrounding objects and achieve the desired task. To capture context- and

task-relevant information, our approach integrates the two distance maps, which calculate the shortest distance between the target object

and its surroundings in the initial and goal scenes. In addition, we propose to learn a new intermediate representation called task-aware

contact maps, integrating environmental context and task-relevant cues to facilitate human grasp synthesis.

pose set. Then, we perform collision checks with all the

objects in the scene, excluding the object currently grasped

by the hand. If the hand remains collision-free throughout

the trial, the configuration is considered valid and is saved.

This process expands the prior pose set to over 1.38 million

task-oriented grasps.

4. Methodology

The overall framework is shown in Fig. 3. Given the ini-

tial scene point cloud Sinit and the goal scene point cloud

Sgoal, our goal is to synthesize a task-oriented human grasp

G = {θ, β}. The full pipeline consists of two stages. In

the first stage, we take the input point clouds and predict

an intermediate representation, referred to as the task-aware

contact map. In the second stage, the task-aware contact

map is used to predict the grasp pose. We treat both stages

as generative problems and solve them via two separate dif-

fusion models: ContactDiffuser and GraspDiffuser.

4.1. Input Preprocessing

Our approach is build upon two types of point cloud based

representations: distance maps and task-aware contact

maps. A distance map encodes the distance from each point

on an object to its closest points in the surrounding scenes.

We use two distance maps (i.e., from the initial and goal

scene respectively) as the input representation for Contact-

Diffuser. Given input point clouds, we randomly sample N

points from a target object mesh, where N is set to 2048 fol-

lowing [22] to obtain the corresponding target object point

cloud O ∈ R
N×3. To acquire scene point clouds, we merge

all points of obstacles (including the table) and perform far-

thest point sampling to Ns points, where Ns is 6000. We

compute the point-to-point shortest distance between a tar-

get object point cloud and the scene point clouds. We nor-

malize all distance values d to the range of [0, 1]. To stretch

the range of all distance values, we rescale the values via the

equation D = 1− 2× sigmoid
(

(α× d)− 0.5
)

, where the

parameter α is set to be 30 in our experiments. Through the

above process, we obtain the two distance maps: the initial

scene distance map Dinit ∈ R
N×1 and the goal scene dis-

tance map Dgoal ∈ R
N×1. On the other hand, a task-aware

contact map Ctask ∈ R
N×1 encodes the distance from each

point on the object to its closest point on the hand mesh

model in a grasp pose. We apply the same process to hand

meshes and object point cloud, with an α of 100, to gen-

erate ground-truth task-aware contact maps for training and

evaluation.

4.2. Contact- and Task-aware Diffusers

We use diffusion models [21] for predicting task-aware con-

tact maps and task-oriented human grasps. While previous

work has applied diffusion models to learn multi-modal dis-

tributions for other domains, we adapt them for grasp syn-

thesis and specifically investigate their effectiveness in pre-

dicting our proposed representations.

ContactDiffuser. To capture context- and task-relevant in-

formation, our approach leverages the two distance maps,
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i.e., Dinit and Dgoal, as valuable guidance for generat-

ing task-aware contact maps. Task-aware contact maps in-

tegrate environmental context (e.g., multiple objects) and

task-relevant details (e.g., relocating one object onto an-

other) to facilitate human grasp synthesis. The represen-

tation contrasts with existing object-centric maps [18, 24,

28, 32], which primarily focus on predicting suitable con-

tact points on an object’s surface for grasping.

We adapt the architecture, a Transformer-based model,

proposed in [22] for task-aware contact map prediction.

This architecture processes the current noisy contact map

xt, timestep t, and a set of conditioning variables C. The

conditioning C includes the target object’s point cloud and

the initial and goal distance maps. We concatenate each

point’s initial and goal distances and 3-dimensional coor-

dinates to form a 5-dimensional point cloud. We then uti-

lize PointNet++ [35] to encode the point cloud and extract

the corresponding local features. However, the point-order

invariance of PointNet++ presents a challenge in mapping

features between the point cloud and the contact map. In

natural language processing, sinusoidal positional encoding

is often added to retain the sequence order of elements. In-

stead, we incorporate extracted features as positional em-

beddings, ensuring that the current noisy contact map xt can

be guided to generate the corresponding task-aware contact

maps in the denoising process.

GraspDiffuser. GraspDiffuser takes as inputs the noisy

MANO parameters [33], target object features extracted

via PointNet++, and predicted task-oriented contact maps

Ĉtask. First, we concatenate Ĉtask with the target object fea-

tures to form task-aware object features Otask. We then

apply self-attention [47] separately to the noisy MANO

parameters [33] and task-aware object features Otask, al-

lowing us to capture the spatial relationships among the

various joints and object features, respectively. Subse-

quently, we apply cross-attention to establish the correspon-

dence between the object features and the MANO parame-

ters, enabling a more nuanced understanding of the inter-

play between the object’s geometry and the hand model.

The design leads to a more accurate prediction of human

grasp. The detailed architectures of ContactDiffuser and

GraspDiffuser can be found in the Supplementary Material.

4.3. Loss Function

We train the two networks independently. The Contact-

Diffuser network leverages the simplified training objec-

tive, denoted as L(θ), proposed by Ho et al., [21]. For

the GraspDiffuser network, we follow previous works [24,

26, 28, 32] that incorporate three additional auxiliary losses

to synthesize realistic and physically plausible hand grasp

synthesis. (1) Reconstruction Loss: the first objective is

the mesh reconstruction error. Specifically, we calculate

the error between the ground truth hand mesh and the pre-

dicted hand mesh generated using the MANO hand model.

The loss is denoted as Lrecon = ∥M̂ − M∥2. (2) Pen-

etration Loss: We denote object points that are inside

a hand mesh as  O_{\mathtt {in}} . The penetration loss is defined as

Lpenetr = 1

|Oin|

∑

p∈Oin
mini∥p − V̂i∥2, which calculate

the distance between an object’s point and the closest point

on hand vertices. (3) Consistency Loss: We enforce that

the generated grasps align with the regions the task-aware

contact map indicates as graspable. The consistency loss

is defined as Lcons = ∥C − C ′∥2, where  C is the ground

truth contact map. To obtain  C' , we first calculate the short-

est distance between each vertex of the target object  O and

the vertices of the predicted hand mesh  \hat {M}  , then normal-

ize these distance maps to form  C' , with ranges [0, 1]. The

overall training loss of the framework is defined as follows:

L = w1 ·L(θ)+w2 ·Lrecon+w3 ·Lpenetr+w4 ·Lcons, where

the parameters w1, w2, w3, and w4 are set empirically as 15,

1, 5, and 0.002, respectively, for Placing and Shelving. For

Stacking, they are set as 10, 1, 3, and 0.005, respectively.

5. Experiments

Our experiments aim to answer the following questions.

Can the proposed method synthesize high-quality task-

oriented human grasps? Despite significant progress in

human grasp synthesis [22, 24, 32, 45], we aim to highlight

the remaining solution gap. Is the task-aware contact map

crucial for task-oriented human grasp synthesis? Mod-

eling contextual and task information is challenging, and

we aim to determine whether the proposed task-aware con-

tact map can effectively capture both. Do the proposed

ContactDiffuser and GraspDiffuser play crucial roles in

synthesizing high-quality task-oriented human grasps?

5.1. Baselines

Human Grasp Synthesis. We compare the following hu-

man grasp synthesis baselines with GraspDiffuser in our ex-

periments.

GraspTTA [24]: GraspTTA utilizes CVAE [40] to gener-

ate an initial coarse human grasp and obtains the final grasp

through test-time adaptation.

Modified GraspTTA [24]: We modify GraspTTA by aug-

menting input point clouds with predicted task-oriented

contact maps.

F-GraspTTA [24]: We estimate the transformation be-

tween the initial and goal scene point clouds via itera-

tive closest point. Next, we use GraspTTA to predict hu-

man grasps and compute initial and goal Object Penetration

Points (OPPs) for each predicted grasp. If a predicted grasp

intersects with either scene—indicated by an OPP exceed-

ing a set threshold—we discard that grasp. The thresholds

for Init and Goal OPP are set at 0.05. However, the method

requires accurate pose transformation of the object between

initial and goal states.
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FLEX [45]: FLEX is initially designed to generate 3D full-

body human grasps. We re-purpose the method to generate

human grasps. Note that the penetration losses in both the

initial and goal scenes drive the optimization.

ContactGen [32]: We train ContactGen on our dataset to

predict object-centric contact representation, including the

contact map, hand-part map, and direction map. Then, we

apply their grasp synthesis solver to obtain predicted grasps.

SceneDiffuser [22]: We reimplement SceneDiffuser [22]

to predict MANO [37] hand parameters. We do not perform

optimization during inference, as we apply three auxiliary

losses to generate physically plausible human grasps.

Contact Map Generation.

ContactGen [32]: We choose ContactGen as a baseline

and compare it with the proposed ContactDiffser. Specif-

ically, we adapt the sequential Conditional Variational Au-

toencoder (CVAE) from ContactGen to generate only a con-

tact map, referring to this variant as ContactCVAE.

5.2. Evaluation Metrics

For Placing and Shelving, we test on 21 unseen objects.

As for Stacking, we test on 6 unseen bricks. For each ob-

ject, we test on 10 different task configurations. For every

object in each task configuration, we predict 16 grasps for

the evaluation. The quality of predicted grasps is evaluated

based on their physical plausibility, stability, and collision

avoidance, following prior works [24–26, 32, 42, 45]. The

following introduces the metrics.

Penetration Volume (PV): We calculate the penetration

volume by converting the meshes into 1mm cubes and mea-

suring the overlap between these voxels.

Simulation Displacement (SD): We simulate the object

and predicted grasps in PyBullet [16] 1 second and then cal-

culate the displacement of the object’s center of mass.

Contact Ratio (CR): Contact percentage of predicted

grasps with objects.

Qualified Ratio (QR): The metric jointly considers both

penetration volume and simulation displacement. Notably,

a higher penetration volume generally results in lower sim-

ulation displacement, which is undesirable. We set thresh-

olds at 3 \times 10^{-6} \, \text {cm}^3    and 2 \, \text {cm}  for penetration volume and

simulation displacement, respectively. We calculate the per-

centage of predicted grasps that satisfy both criteria.

Diversity Score (DS): We follow FLEX [45] to compute

the average L2 pairwise distance to assess the diversity.

Obstacle Penetration Percentage (OPP): We compute the

penetration percentage of human grasp vertices in obstacles

for initial and goal scenes [45].

Task Score (TS): We propose a metric called TS to evalu-

ate the quality of task-oriented human grasp synthesis. An

effective metric should consider physical plausibility, sta-

bility, and collision avoidance in both the initial and goal

scenes. Thus, we define TS as TS = QR×(1− Init OPP)×

(1− Goal OPP).

5.3. Results and Discussions

Can the proposed method synthesize high-quality task-

oriented human grasps? We report our empirical studies

in Table 1. While GraspTTA, ContactGen, and SceneD-

iffuser have low penetration volumes (PV↓), they struggle

with stable grasps (SD↓) in Placing and Shelving tasks.

In Placing and Shelving, F-GraspTTA [24] demonstrates

strong performance in the Init OPP. However, due to in-

accuracies in the transformation obtained from ICP, F-

GraspTTA still struggles with the Goal OPP. In Stack-

ing, fails to generate suitable human grasps for evaluation,

as none of the predicted grasps meet the filtering crite-

ria. FLEX seeks a balance between penetration volume and

simulation displacement. ContactGen [32] exhibits a lower

Init OPP compared to Goal OPP. This is attributed to its

optimization strategy, which initially orients the hand to-

ward the target object, resulting in a favorable initial OPP.

However, due to the lack of scene and task modeling, Con-

tactGen produces a higher goal OPP.

The Stacking task is more challenging due to the smaller

size of the objects compared to those in Placing and Shelv-

ing. GraspTTA [24] cannot synthesize proper grasps (QR↑)

and experience severe mode collapse (DS↑). Similarly,

FLEX [45] struggles to achieve stable grasps in the Stack-

ing task due to small bricks. The proposed method demon-

strates favorable grasp synthesis (QR↑) in the challenging

task. In the Supplementary Material, we provide a thor-

ough analysis of different QR thresholds and their impacts

on various baselines.

Our method demonstrates a favorable balance between

penetration volume and simulation displacement, as re-

flected in QR. Most importantly, it achieves the best perfor-

mance in TS among all tasks, demonstrating the proposed

framework can synthesize high-quality task-oriented human

grasps in terms of physical plausibility, stability, and colli-

sion avoidance in initial and goal scenes.

Is the task-aware contact map crucial for task-oriented

human grasp synthesis? In Table 2, we compare the in-

fluence of different contact maps, i.e., object-centric (OC)

and task-aware (TA) contact maps, to the quality of hu-

man grasp synthesis. Incorporating TA into both Modified-

GraspTTA [24] and our framework results in significant per-

formance improvements in the TS metric compared to us-

ing OC. Additionally, we report results using ground-truth

contact maps, which serve as an upper bound for the two-

stage framework. In particular, GT produces low OPP in

the initial and goal scenes. The observed performance gap

highlights a promising research direction for the community

to address collectively. A noteworthy observation is that M-

GraspTTA outperforms our method in Stacking when TA

is incorporated. This is attributed to the smaller object size
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Table 1. Task-oriented Human Grasp Synthesis Evaluation. PV: Penetration Volume, SD: Simulation Displacement, CR: Contact

Ratio, QR: Qualified Ratio, OPP: Obstacle Penetration Percentage, and TS: Task Score. Note FLEX [45] struggles to synthesize stable

grasps in Stacking due to its inability to handle small bricks.

Method PV(Avg/Std)↓ SD(Avg/Std)↓ CR(%)↑ QR(%)↑ DS ↑
Init

OPP
(%)↓

Goal

OPP
(%)↓ TS↑

Placing

GraspTTA [24] 1.83/2.51 2.55/2.90 98.92 59.10 75.01 21.36 17.67 0.382

F-GraspTTA [24] 1.85/2.29 2.47/2.85 99.78 58.46 75.55 0.54 15.41 0.491

ContactGen [32] 1.44/1.99 3.85/6.75 93.57 47.29 87.01 5.92 17.67 0.366

SceneDiffuser[22] 1.39/2.04 3.10/3.49 96.51 54.58 67.79 20.88 16.17 0.362

FLEX [45] 2.61/2.86 1.62/2.31 99.88 58.09 32.92 6.84 5.55 0.511

Ours 2.36/2.55 1.44/1.97 99.34 64.61 41.91 6.82 6.35 0.563

Stacking

GraspTTA [24] 4.31/2.77 0.28/0.31 100.00 34.87 0.30 26.05 8.32 0.236

F-GraspTTA [24] 0/0 0/0 0 0 0 0 0 0

ContactGen [32] 0.66/0.66 1.85/2.94 94.89 78.35 62.53 7.80 9.44 0.638

SceneDiffuser[22] 0.53/0.81 1.62/2.53 94.85 78.35 63.13 25.45 9.66 0.527

FLEX [45] 0/0 10.65 / 0 0/0 0.00 107.87 0.5 0 0

Ours 1.13/1.22 0.97/1.59 95.79 84.54 48.45 14.76 4.55 0.687

Shelving

GraspTTA [24] 1.84/2.34 2.54/2.91 99.04 58.86 74.63 15.70 13.61 0.428

F-GraspTTA [24] 1.88/2.08 2.68/3.12 99.50 58.08 74.84 1.00 11.09 0.511

ContactGen [32] 1.43/2.12 3.90/4.03 93.13 46.32 89.79 6.42 13.17 0.376

SceneDiffuser[22] 1.37/2.20 3.35/3.68 95.91 50.86 68.18 14.60 13.77 0.376

FLEX [45] 2.80/3.00 1.57/1.96 99.90 57.45 29.02 4.41 4.46 0.524

Ours 2.15/2.84 1.63/2.17 99.48 66.94 52.74 8.55 10.06 0.550

Table 2. A comparison between Object-Centric (OC), Task-Aware

(TA), and Ground-Truth (GT) contact maps.

Method Type QR(%)↑
Init

OPP
(%)↓

Goal

OPP
(%)↓ TS ↑

Placing

M-GraspTTA [24]

OC 51.39 19.38 16.54 0.345

TA 42.08 9.61 5.64 0.358

GT 40.00 3.91 3.99 0.369

Ours

OC 64.46 17.95 16.92 0.439

TA 65.29 7.27 5.79 0.570

GT 68.30 1.69 1.66 0.660

Stacking

M-GraspTTA [24]

OC 90.16 26.76 9.48 0.507

TA 87.52 16.05 5.54 0.694

GT 93.92 6.67 2.70 0.852

Ours

OC 82.77 25.05 9.51 0.561

TA 84.31 14.94 4.51 0.684

GT 83.33 3.12 1.11 0.798

Shelving

M-GraspTTA [24]

OC 50.66 13.80 12.44 0.382

TA 52.51 11.05 11.65 0.412

GT 41.91 4.62 4.49 0.381

Ours

OC 65.10 13.66 13.68 0.485

TA 67.49 8.72 10.31 0.552

GT 67.36 4.71 4.96 0.610

in Stacking. Additional analysis, including qualitative in-

sights, is provided in the following sections.

Do the proposed ContactDiffuser and GraspDiffuser

play crucial roles in synthesizing high-quality task-

oriented human grasps? Ablation studies of our method

are reported in Table 3 and Table 4. We use ContactDiffuser

as the task-aware contact map predictor and study the differ-

ence between GraspDiffuser and M-GraspTTA. In Table 3,

we show that GraspDiffuser significantly improves the qual-

ity of task-oriented human grasp in Placing and Shelving.

In Table 4, we use GraspDiffuser as the grasp predictor

Table 3. Ablation study of GraspDiffuser. We denote GraspDif-

fuser as GD, ContactDiffuser as CD, and Modified-GraspTTA as

M-GraspTTA.

Method QR(%)↑
Init

OPP
(%)↓

Goal

OPP
(%)↓ TS ↑

Placing
CD + M-GraspTTA [24] 49.13 9.70 6.23 0.416

CD + GD 64.61 6.82 6.35 0.563

Stacking
CD + M-GraspTTA [24] 86.68 15.74 5.56 0.689

CD + GD 84.54 14.76 4.55 0.687

Shelving
CD + M-GraspTTA [24] 53.11 9.56 9.45 0.434

CD + GD 66.94 8.55 10.06 0.550

Figure 4. Failure examples. The proposed method struggles with

predicting reliable task-aware contact maps for small objects.

and study the influence of different contact map predictors.

ContactDiffuser generates favorable task-oriented contact

maps, resulting in superior task-oriented human grasps in

terms of TS for the Placing and Shelving tasks. Note that

the proposed method performs on par with other baselines

in Stacking, highlighted in magenta. This is due to the pro-

posed method cannot produce distinguishable task-oriented

contact maps for grasp synthesis, as shown in Fig. 4.
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Table 4. Ablation study of ContactDiffuser. We denote GraspDif-

fuser as GD, ContactDiffuser as CD, and ContactCVAE as CC.

Method QR(%)↑
Init

OPP
(%)↓

Goal

OPP
(%)↓ TS ↑

Placing
CC [32] + GD 62.90 7.91 5.14 0.549

CD + GD 64.61 6.82 6.35 0.563

Stacking
CC [32] + GD 88.68 15.62 2.89 0.690

CD + GD 84.54 14.76 4.55 0.687

Shelving
CC [32] + GD 59.06 11.49 10.19 0.469

CD + GD 66.94 8.55 10.06 0.550

ContactDiffusersContactCVAE Ground-truth

Figure 5. Visualization of predicted contact maps via ContactC-

VAE [32], ContactDiffuser, the ground-truth contact maps, and the

corresponding synthesized human grasps.

5.4. Qualitative Results

Contact Map. Fig. 5 shows the results of human grasp

synthesis using ContactCVAE [32], ContactDiffuser, and

ground truth. ContactCVAE [32] tends to predict over-

smooth contact maps because it fails to capture multimodal

distributions of human grasps under diverse combinations

of environmental contexts and tasks. In contrast, Contact-

Diffuser shows a strong capability to generate contact maps

that closely resemble ground-truth contact maps.

Synthesized Human Grasps. ContactGen [32],

GraspTTA[24], and SceneDiffuser’s predictions col-

lide with the scene severely, as shown in Fig. 6. FLEX [45]

synthesize grasps with unrealistic contact and fail to

generate a grasp for Stacking. Our method produces high-

quality human grasps and avoids collision with obstacles.

Human Study. We conduct a human study to evaluate

the perceptual quality of different human grasp synthesis

methods. The study involves 10 subjects without prior re-

search experience in human grasp synthesis. For Placing

and Shelving, we select 3 unseen objects, and for Stacking,

we choose 2 unseen bricks. For each object, we randomly

sampled 8 grasps from the GraspTTA [24], FLEX [45], and

Ours. Subjects are asked to rate each human grasp on a

scale from 1 to 6, where 1 indicates grasps that are unnat-

ural, unstable, and collide with the scene, and 6 indicates

grasps that are natural, stable, and free of collisions with the

scene. Table 5 presents each method’s mean and standard

deviation. Our method demonstrates promising results on

Ours FLEX GraspTTAContactGen SceneDiffuser

Placing

Stacking

Shelving

Figure 6. Visualization of predicted human grasps by Ours, Con-

tactGen [32], FLEX [45], GraspTTA [24], and SceneDiffuser [22].

Table 5. Human Study of Synthesized Human Grasps.

Placing Stacking Shelving

Method Mean↑ Std Mean↑ Std Mean↑ Std

GraspTTA [24] 2.06 0.69 2.65 0.84 2.54 0.56

FLEX [45] 2.65 1.03 1 0 3.73 0.82

Ours 3.41 0.94 4.43 0.93 3.38 0.55

Placing and Stacking, compared to GraspTTA and FLEX.

FLEX performs favorably in Shelving. This is because hu-

man subjects can easily identify penetrations with the scene,

resulting in better subjective scores. This observation aligns

with the lower OPPs for FLEX in Table 1.

6. Conculsion

In this work, we present a task-oriented human grasp syn-

thesis task and a new dataset for development and bench-

marking. We show that existing algorithms fail to generate

high-quality grasps due to limited context and task model-

ing. We propose a novel two-stage diffusion-based frame-

work that explicitly integrates essential context and task in-

formation to address this. Our thorough quantitative and

qualitative experiments validate our proposed framework’s

effectiveness compared to strong baselines.

Limitations and Future Work. Our method cannot re-

liably predict contact maps for small objects, which may

lead to collisions. We assume the initial and goal grasps are

coherent, though we plan to further evaluate this assump-

tion. At present, our experiments are conducted on a syn-

thetic dataset that provides the goal scene point cloud as

input. However, obtaining the target scene point cloud in

real-world scenarios may be non-trivial. We plan to extend

our work to the real world and aim to integrate task-oriented

human grasp synthesis with hand-object motion synthesis.
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