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DemoFunGrasp: Universal Dexterous Functional Grasping via
Demonstration-Editing Reinforcement Learning
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DemoFunGrasp is a reinforcement learning framework for universal dexterous functional grasping. The learned policy gen-

eralizes to unseen combinations of objects and functional grasping conditions, and achieves zero-shot sim-to-real transfer. For the same
object, the policy can produce diverse grasps by adjusting the grasping style and affordance.

Abstract

Reinforcement learning (RL) has achieved great success
in dexterous grasping, significantly improving grasp per-
formance and generalization from simulation to the real
world. However, fine-grained functional grasping, which
is essential for downstream manipulation tasks, remains
underexplored and faces several challenges: the complex-
ity of specifying goals and reward functions for functional
grasps across diverse objects, the difficulty of multi-task
RL exploration, and the challenge of sim-to-real trans-
fer. In this work, we propose DemoFunGrasp for univer-
sal dexterous functional grasping. We factorize functional
grasping conditions into two complementary components —
grasping style and affordance — and integrate them into
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an RL framework that can learn to grasp diverse objects
with functional grasping conditions. To address the multi-
task optimization challenge, we leverage a single grasp-
ing demonstration and reformulate the RL problem as one-
step demonstration editing, substantially enhancing sample
efficiency and performance. Experimental results in both
simulation and the real world show that DemoFunGrasp
generalizes to unseen combinations of objects, affordances,
and grasping styles, outperforming baselines in both suc-
cess rate and functional grasping accuracy. In addition
to strong sim-to-real capability, by incorporating a vision-
language model (VLM) for planning, our system achieves
autonomous instruction-following grasp execution.



1. Introduction

Manipulation is a core capability of embodied intelligence,
with grasping serving as its indispensable foundation. An
effective grasp not only provides stability but also enables
subsequent tool-use and manipulation tasks. Consequently,
many studies [15, 30, 37, 41, 43] have explored learning
robust grasping policies to achieve adaptive, closed-loop
grasping in real-world tabletop settings. However, most ex-
isting approaches focus solely on achieving mechanical sta-
bility and do not consider the functional requirements of the
grasp.

Functional grasping naturally highlights the advantages
of dexterous robotic hands over parallel grippers. With a
higher number of degrees of freedom (DoFs), dexterous
hands can adapt to diverse object geometries and support
a broad range of grasping styles. Recent studies have ex-
plored synthesizing human-like grasping poses by generat-
ing datasets [5, 7, 19, 33] or by learning from large-scale hu-
man data [3, 12, 14]. However, these methods typically rely
heavily on human supervision, and the limited availability
of high-quality data restricts their generalization to unseen
objects. Furthermore, the generated poses are usually exe-
cuted through open-loop planning, which limits their practi-
cality in real-world tabletop scenarios. Other works [1, 36]
leverage reinforcement learning (RL) in large-scale simu-
lation to obtain closed-loop functional grasping policies.
However, the high dimensionality of a dexterous hand’s ac-
tion space, together with the multi-task optimization chal-
lenge introduced by diverse objects and functional grasping
styles, creates substantial difficulties for RL algorithm de-
sign and significantly limits the performance.

To tackle these challenges, we propose DemoFun-
Grasp, an RL framework that learns functional grasp-
ing policies capable of generalizing across diverse objects,
grasp styles, and affordance conditions. We first decom-
pose each functional grasping condition into two compo-
nents: affordance and grasping style. The affordance spec-
ifies the region of the object to grasp (where to grasp), and
the grasping style specifies the reference hand pose (how to
grasp). They provide a complete description of the intended
functional grasp. To learn a universal policy across all ob-
jects and functional conditions, we introduce an RL frame-
work that incorporates these conditions into both the policy
observations and the reward function. Diverse objects, af-
fordances, and grasping styles are sampled in parallel sim-
ulation to train a universal policy. To address the multi-step
and multi-task exploration challenge of this RL problem, we
build on recent advances in demonstration-editing RL [39].
We collect one grasping demonstration and train a policy
that outputs a wrist transformation (determining where to
grasp) and a hand-style adaptation delta action (determin-
ing how to grasp). These actions edit the object-centric
robot actions in the demonstration, which is then replayed
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for trial-and-error learning. This formulation reduces the

problem to a single-step RL task and tightly links the ac-

tion space with the functional grasping conditions, leading
to significantly improved sample efficiency.

Experiments on 3,200 DexGraspNet objects [31] show
that DemoFunGrasp achieves state-of-the-art performance,
with higher affordance accuracy and greater style diversity
compared with prior work. We further demonstrate the ex-
tensibility of our approach by applying it to multiple dex-
terous hand embodiments without hyperparameter tuning,
achieving an overall success rate above 77% on human-
intended grasping styles and affordances. To enable sim-
to-real transfer, we collect 30k successful rollouts in simula-
tion using the RL policy and distill them into an RGB-based
policy through imitation learning. The resulting vision-
based policy transfers to a real robot in a zero-shot man-
ner and achieves a 71% success rate. Finally, by integrating
a vision-language model (VLM) with the DemoFunGrasp
policy, we construct an autonomous grasping system that
reaches an average real-world success rate of 64.4% for
functional grasping guided by language instructions.

Our main contributions are summarized as follows:

* We introduce DemoFunGrasp, a framework for univer-
sal dexterous functional grasping that can handle a wide
range of objects under diverse affordance and grasping
style.

* We integrate grasping affordances and styles into the
observation space, reward function, and action space
of demonstration-editing RL. This provides informative
learning signals and significantly improves sample effi-
ciency, allowing the policy to address the challenging
multi-task optimization problem in functional grasping.

* Compared with prior work, our approach not only
achieves higher success rates but also follows diverse
grasping styles and affordances more accurately. We
demonstrate that the learned policy can act as a low-
level executor for VLMs, enabling autonomous language-
guided functional grasping.

Code and project page are available at project page.

2. Related Work

2.1. Dexterous Functional Grasping

Functional grasping targets grasps aligned with an object’s
intended use rather than mere stability. Early works built
human grasp taxonomies and mapped grasp forms to task
intent [10, 29], providing foundations for functional syn-
thesis. Recent methods exploit human priors and seman-
tic cues to generate diverse functional grasps via optimiza-
tion [7], data-driven learning [11, 31], cross-category con-
tact transfer [35], and demonstration retargeting [14]. These
generation frameworks are typically open-loop and fragile
in tabletop execution. RL-based approaches learn closed-


https://beingbeyond.github.io/DemoFunGrasp/

loop functional policies [1, 36] but face large multi-task
exploration spaces that hinder optimization and generaliza-
tion. Other works use large VLMs for semantic condition-
ing [12, 32], yet rely on heavy annotations and inherit VLM
robustness issues. We propose an efficient RL framework
that learns a universal functional-grasp policy for diverse
objects and conditions, enabling reliable sim-to-real trans-
fer.

2.2. Affordance-Based Grasping

Affordance-based grasping aims to localize functionally
meaningful regions that reflect intended object use. Clas-
sical methods [2, 8, 9, 17, 28] predict affordance maps from
visual input, revealing grasp-supporting structures such as
handles or rims. Recent works extend this paradigm to dex-
terous hands and multimodal reasoning [22, 23, 33, 34].
However, most approaches predominantly emphasize per-
ception and affordance inference, while providing limited
consideration for closed-loop control or execution reliabil-
ity, which restricts their effectiveness in real-world manip-
ulation settings. Our work bridges the gap between af-
fordance perception and grasping execution by learning an
end-to-end RL policy.

2.3. RL for Dexterous Manipulation

RL has shows strong capability for dexterous manipula-
tion in simulation [24-26], but early methods exhibit lim-
ited generalization and weak sim-to-real transfer. Subse-
quent work improves data efficiency and robustness through
techniques such as residual learning [15], human-in-the-
loop adaptation [20], curriculum learning [30, 37, 41], and
cross-embodiment transfer [38]. Demonstration-augmented
approaches further reduce learning complexity by leverag-
ing a small number of human demonstrations and formulat-
ing residual RL [44, 45] or one-step demonstration-editing
RL [39], which alleviates the exploration burden. Works on
sim-to-real transfer and tactile feedback [ 13, 18] further en-
hance real-world reliability in contact-rich scenarios. Build-
ing on these advances, our approach integrates demonstra-
tion editing RL to address the multi-task optimization chal-
lenge, learning a style- and affordance-conditioned closed-
loop policy that tightly couples functional semantics with
dexterous control.

3. Method

3.1. Problem Formulation

We formulate dexterous functional grasping as a one-step
Markov Decision Process (MDP) following Yuan et al. [39].
Under the state-based setting, the agent observes:

(Sr» S0, Xo, Pafford lstyle) .

Here, s, denotes the robot end-effector 6D pose and s, de-
notes the target object pose. x,, represents the complete ob-
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ject point cloud. pufora € R3 indicates the affordance point
in 3D space, such as a cup handle or a lid edge, represent-
ing the desired functional contact region. Iy is a one-hot
vector encoding the grasping style category.

The policy outputs an action a = (AT, Aq, k), where
AT updates the end-effector pose, and Aq together with k
modulates hand joint scaling coefficient relative to the target
grasping style, conditioned on the object geometry.

For vision-based imitation learning, we use the following
observation:

(Sr7 I, Cafford, lstyle)v

where r = (R, G, B) and cyfiora denotes the 2D projection
of the affordance point in the RGB image. The visual policy
predicts the end-effector pose and hand joint angles (¢, r, q)
in a closed-loop manner, providing smooth control based on
raw image input.

The state-based policy, which has access to privileged
geometric information, accelerates RL and provides high-
quality expert data. The vision-based policy emphasizes
perceptual robustness for sim-to-real transfer.

3.2. One-Step Demonstration-Editing RL

Unlike conventional multi-step RL, which suffers from un-
stable optimization and high sample complexity in high-
DoF manipulation, our framework simplifies functional
grasping into a one-step RL problem. We observe that
grasp success and functional accuracy can be effectively
optimized by editing a single high-quality demonstration
with residual actions learned through policy updates. This
substantially reduces exploration difficulty and training cost
while preserving the naturalistic grasp behavior.
Demonstration Representation. Each demonstration
D = {(pSoP, grefhand )} T “\hich are collected by tele-
operation, records the full end-effector—to—object trajectory
and the corresponding hand joint sequence. At timestep t,
p: denotes the end-effector pose and q; denotes the hand
joint position. Unlike conventional three-stage static grasp
data (pre-, grasp-, and post-contact), we preserve the con-
tinuous temporal evolution, including the timing of finger
closure and the subtle compliance behaviors during contact
formation. This temporal richness allows our one-step edit-
ing algorithm to interpolate motion in a physically plausible
manner. The interpolation details are provided in Sec. 3.3.
Given a demonstration, the policy predicts {AT, Ag, k}
as residual corrections to the base trajectory. The edited
grasp is then executed once, and the reward metric outcome
provides the RL signal for policy optimization algorithm.
In this way, the policy effectively learns a smooth mapping
from conditioned inputs to small corrective actions to im-
prove grasp stability and contact precision. This “one-step
editing” mechanism reformulates RL into a tractable refine-
ment process rather than full motion synthesis, significantly
reducing the difficulty of dexterous manipulation learning.
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Figure 2. Overview of DemoFunGrasp. (1) Demonstration editing: A source demonstration is adapted through end-effector transforma-
tion and object-geometry—aware hand style adjustment. (2) Functional grasping policy learning: An affordance- and style-conditioned
one-step RL policy is trained. (3) Vision-based imitation: The learned policy is transferred to RGB observations for closed-loop, vision-
based execution. (4) Real-world deployment: The vision-based policy is guided by a Vision-Language Model (VLM) for autonomous

planning and execution.

Reward Function. The total reward combines func-
tional alignment, style consistency, and contact smoothness:

T = AaffordTafford + AcloseTclose + quosrqpos + Tsuccess -

T'success Fewards successful grasps, 7yfrorg and 7¢jose €0COUrage
spatial alignment with the desired affordance point, while
Tqpos Preserves stylistic consistency. Together, these terms
ensure that edited grasps remain human-like and functional
while adapting to novel object geometries. Their definition
is in the following section.

3.3. Style-Aware Demonstration Editing

Styles Selection. We adopt the grasp taxonomy of Feix
et al. [10] as an initial reference, and empirically refine it
through large-scale simulation experiments. Our experi-
ments reveal two key observations: (1) when normalized
for object scale, multiple grasp styles converge to nearly
identical hand configurations and contact patterns in suc-
cessful cases, indicating redundancy; (2) for table-top ma-
nipulation, some grasping styles are physically infeasible,
yielding consistently low success rates due to workspace
constraints or unstable wrist orientation. Based on these
findings, we prune the grasp styles to retain a representative
subset, removing redundancies and styles with consistently
poor performance during training.

Consequently, we adopt nine representative styles for the
Shadow Hand (e.g., palmar pinch, lateral, small diameter),
and four for the Inspire Hand, whose lower degrees of free-
dom naturally constrain its expressive range. Each selected
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style is parameterized by a canonical joint configuration
Opos and a contact mask that specifies the intended contact
fingers. Examination of various human functional grasping
patterns suggests that a functional grasp is determined once
the hand’s style, contact points, and the object’s affordance
point are specified.

Geometry-Conditioned Hand Pose Editing. Because
grasp feasibility is highly sensitive to local geometry, we al-
low residual scaling and joint adjustments (k, Aq) to adapt
the hand posture according to the sampled object geom-
etry Xo. Our target hand joint configuration is qg,, =
k - dpos + Aq. Although the editing relies only on a sin-
gle demonstration, this parameterization supports general-
ization to unseen object shapes via the learned geometric
embedding. To balance the success rate and style intention,
we design style reward:

T'qpos = exp(_quos - q;osH?) :

Motion Interpolation. Given an edited target configu-
ration g, we interpolate the motion along the reference
trajectory using a fractional coefficient along the reference
trajectory:

£

Qi (), f o T T
i = 90 9 q ) - ref _ _ref
ar, — Y

This interpolation produces smooth joint trajectories with-
out requiring collision checks and preserves temporal co-
herence between fingers and object motion.



3.4. Affordance Conditions

Sampling Strategy. To provide rich functional supervision,
it is necessary to sample diverse affordance points on the
objects’ surface that are physically feasible for grasping.
We estimate an affordance likelihood distribution over the
object point cloud using surface-normal alignment and the
object’s canonical pose after each environment randomly
reset. In each training episode, a single affordance candi-
date is sampled from this distribution. This stochastic con-
ditioning enables the policy to discover multiple valid func-
tional grasp configurations for the same object.

Reward Shaping. We adopt a hierarchical reward con-
sisting of a sparse proximity term 7,sq and a dense align-
ment term 7¢jose:

bi
Tatford = 1 (success) ]I(dT1 < O,yjbb> exp (7dT71) ’

0:T—1
Telose = 1 (d

‘min

< threshold)

Here, dg;fg_ I denotes the minimum distance between the
affordance point and the hand contact point along the trajec-
tory, independent of grasp success. objy, denotes the length
of the longest edge of the object’s mesh bounding box, and
~ is a hyperparameter. This object-scale normalization im-
proves affordance accuracy across objects of different sizes.

The hierarchical reward design encourages early-stage
exploration toward the affordance region via r¢jes, and fine-
grained affordance alignment in later stages via rafgord, Pro-
viding complementary guidance essential to stable and pre-
cise functional grasping.

3.5. Vision-Based Sim-to-Real Transfer

Data Collection. After convergence, we deploy the trained
policy to collect large-scale demonstrations by executing
successful grasps across a diverse set of object instances.
Each sample consists of synchronized robot state observa-
tions, RGB images, functional conditions and control ac-
tions, forming a dataset for visual imitation learning.
Network Architecture. We evaluate three architectural
variants to predict continuous action sequences (¢, 7, q): (i)
ACT [42] with a pretrained ViT encoder, (ii) a ViT-based
diffusion policy, and (iii) a diffusion transformer equipped
with a Vision-Language Model encoder [4]. Our experi-
ments show that using a VLM encoder with a DiT backbone
achieves the best performance, as it effectively better cap-
tures the multi-modal structure of grasp strategies and bet-
ter models the inherent uncertainty across different object
instances. This benefit is most pronounced when different
grasp styles correspond to distinct affordance semantics.
Domain Randomization. To narrow the sim-to-real
gap, we perform aggressive domain randomization in Isaac-
Gym, varying object and table textures, lighting directions
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and intensities, camera extrinsics, and initial object and
robot poses.

Affordance Projection. Each 3D affordance point is
projected onto the image plane using camera intrinsics and
extrinsics, providing an explicit spatial cue for the visual
encoder.

4. Experiments

We conduct experiments to answer the following questions:
(1) How does our method perform in terms of grasp success
rate, affordance alignment, and grasp-style diversity? (2)
How do the reward design and editing mechanism influence
functional grasp performance? (3) How effectively does our
method transfer from simulation to real-world settings?

4.1. Experimental Settings

Train/Eval Settings. We train our policy in IsaacGym[21]
using reinforcement learning. For state-based training, we
construct a mixed-object dataset by combining YCB [6] and
DexGraspNet [31], yielding a broad distribution of object
geometries. During training, object poses are randomized
within a 50 x 50 cm square region; affordance points and
desired hand styles are selected randomly. We use PPO [27]
as the underlying RL algorithm.

Once the state-based policy is obtained, we deploy it
in simulation to collect 30k trajectories with randomiza-
tion. These trajectories serve as supervision for training the
vision-based policy. To evaluate the vision-based policy, we
select three object categories for simulation and real-world
experiments, respectively (Appendix B).

Evaluation Metrics. In the absence of fully comparable
baselines for functional grasping, we benchmark our policy
against existing grasp-generation and grasp-policy methods
using four metrics:

1. Grasp Success Rate (GSR) is the fraction of success-
ful grasps over the evaluation set. A grasp is consid-
ered successful if the object is lifted by at least 10 cm
and remains stable for 20 time steps.

2. Success Affordance Distance (SAD) (simulation
only) measures how closely the executed grasp aligns
with the intended functional region. It is computed as
the Euclidean distance between the target affordance
point and style-aware contact point at the time of lift.

3. Style Diversity (SD) (simulation only) quantifies the

diversity of successful grasping strategies by comput-
ing the average Euclidean distance between all pairs
of successful hand joint configurations.

Style Accuracy (SA) (simulation only) measures the
fraction of successful grasps that match the condi-
tioned style:

style match & success
54="Y ,
success




where a style match occurs if the executed grasp
adopts the same style as the target condition. Higher
SA indicates stronger adherence to the intended grasp
style.

Real-World Settings. We conduct real-world experi-
ments using a 6-DoF Inspire Hand (with 6 active and 6 pas-
sive joints) mounted on a 7-DoF Franka 3 arm. For evaluat-
ing vision-based policies, we employ two RealSense D435i
cameras positioned diagonally around the table. The com-
plete workspace configuration is shown in Appendix A.

4.2. Affordance-Conditioned Grasping

Existing works in affordance-based grasping lack a uni-
fied metric for execution accuracy. To evaluate DemoFun-
Grasp’s performance across functional regions, we compare
the diversity of successful grasp regions and mean success
affordance distance with DemoGrasp [39], a state-of-the-art
method.

We collect contact data from 1,000 simulated environ-
ments and visualize the contact point distributions in Fig. 3.
As shown, DemoGrasp tends to focus on the tightest or most
geometrically stable region of the object (e.g., purple points
in the right hammer image). In contrast, DemoFunGrasp,
conditioned on randomly sampled affordance points, gen-
erates diverse contact locations across different functional
parts such as handles, rims, or edges, thereby enabling gen-
uinely functional grasps.

We further quantify this effect by computing the mean
distance between the achieved contact point and the target
affordance point in successful trials, as reported in Table 1.
Across both object categories seen and unseen in the train-
ing set, DemoFunGrasp reduces this affordance distance
by over 3 cm compared to DemoGrasp, demonstrating its
stronger alignment with the intended functional regions.

Table 1. Mean Success Affordance Distance(SAD) (cm) be-
tween Achieved Contact Region and Target Affordance Point.

Model Train Seen Cat. Unseen Cat.
DemoGrasp  6.29 6.27 6.20
ours 3.03 3.02 3.21

4.3. Grasping Style Diversity

DemoFunGrasp avoids ambiguous or physically implausi-
ble hand poses that RL-only baselines sometimes produce
(e.g., extending the middle finger while contracting others),
which rarely occur in natural manipulation or functional
grasps.

To quantify diversity and functional plausibility, we
compare our method against UniDexGrasp [37], a state-of-
the-art grasp-generation and RL pipeline.
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Table 2. Grasp Success Rate (GSR) and Style Diversity (SD)
compared to an Unconditioned Baseline.

Method ‘ Seen Cat. ‘ Unseen Cat.

| GSRt SDt | GSRT SDt
UniDexGrasp 74.3 1.00 | 70.8 1.00
Ours 7626 148 | 71.65 1.44
QOurs (best style) | 81.74 1.48 | 78.68 1.36

Table 2 shows that conditioning on style and affordance
preserves GSR while substantially increasing style diver-
sity. During training, average GSRs are 77.2% (DemoFun-
Grasp) and 79.4% (UniDexGrasp). Although slightly lower
on the training set, our method generalizes better to unseen
categories, indicating stronger robustness. By modeling lo-
cal geometric features, DemoFunGrasp keeps GSR nearly
unchanged across test domains and attains almost 1.5x the
style diversity of UniDexGrasp, producing a broader range
of physically meaningful, functionally distinct grasps.

Across the 9 tested styles, GSR ranges from 70.4%
to 77.9% (mean 75.0%), demonstrating the robustness
of style-conditioned grasping. We also report per-object
performance for the best-performing style: for each in-
stance, we replay all style candidates and record the
best-performing one.  Selecting only the best style,
however, reduces diversity—especially on unseen cate-
gories—suggesting a compact subset of high-quality styles
tends to dominate robustness.

Many existing methods ignore object—table interactions
or constrain object orientation while allowing arbitrary
hand approaches, which complicates fair tabletop compar-
isons. To highlight differences, we visualize hand-joint em-
beddings with t-SNE (Fig. 4) and evaluate three settings:
UniDexGrasp, Dexonomy, and ours (using 9 initial styles
from Dexonomy). After RL, styles remain well separated
(blue convex hulls), confirming our conditioning preserves
style distinctiveness; slight cluster shifts reflect optimiza-
tion toward more stable, contact-consistent postures.

4.4. Ablation Study

We conduct an ablation study on the state-based policy to
evaluate the contributions of reward design and style adap-
tation mechanisms. Table 3 summarizes the results, show-
ing that each component plays a critical role in the overall
performance.

Affordance Reward. Removing the affordance reward
slightly increases the grasp success rate but substantially in-
creases the success affordance distance, indicating that the
policy tends to grasp at positions that are less functionally
meaningful. This validates that the affordance reward ef-
fectively guides the policy toward target functional regions
rather than merely maximizing stability.
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Table 3. Comprehensive Ablation Study on Model Compo-
nents.

Method GSRT SAD| SAYT
DemoFunGrasp 77.04 3.02 9474
Component Ablation
- w/o afford reward 78.28  4.60 95.02
- w/o obj size clipping  81.67  3.63  93.28
- w/o close reward 76.44 3.79  90.58
- w/o gpos reward 7438 298 95.36
- w/o style disturbance ~ 58.67  3.61 100

Object Size Clipping. When the clipping threshold does
not account for object size, large objects tend to yield lower
affordance rewards, resulting in suboptimal contact accu-
racy. Introducing object size clipping mitigates the train-
ing instability caused by the wide variation in object sizes.
As shown in Fig. 5, the affordance distance distribution in-
dicates that the size normalization parameter y effectively
functions as a clipping factor, alleviating performance bot-
tlenecks in large-object affordance alignment.

Style Disturbance. Eliminating style disturbance
severely harms performance reducing GSR to 58.67%.
This highlights the importance of style adaptation:
perturbation-based exploration ensures both robust and
diverse grasping behaviors.

With the additional filters—affordance distance<4 cm
and style match—the complete model achieves a balanced
performance across grasp success, functional accuracy, and
style fidelity, attaining the highest success rate of 60.55%.

4.5. RGB-based Policy Evaluation

We first evaluate our RGB-based policy in simulation on a
set of objects (Appendix B.3) by randomly sampling affor-
dances and styles to measure generalization capability. The
grasp success rate and success affordance distance on the
test set are 81.2% and 3.79cm, respectively. Demonstra-
tions are provided in Appendix F.1.

UniDexGrasp (an RL method), Dexon-
omy (a grasp synthesis method), and ours.
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model and the model without object size aware
clipping.

To validate zero-shot sim-to-real transfer, we deploy the
RGB policy directly in the real world. Objects are catego-
rized into three groups (Appendix B.4) based on their func-
tionality and geometry.

To generate functional affordance points automatically,
we employ the state-of-the-art VLM Embodied-R1 [40],
with DemoFunGrasp used as the low-level control policy.
The Object Functional Grounding prompt is used to ex-
tract affordance points reflecting object usage; details and
comparisons to other VLMs are provided in Appendix E.

We report the following metrics: Intended Affordance
Score (IAS) = 1 if the grasped point matches the target af-
fordance, 0 otherwise; Intended Style Score (ISS) = 1 if
the final hand configuration matches the conditioned style,
0 otherwise. The results are shown in Table 4.

In simulation, kitchen objects yield lower performance
than food items, primarily due to small or thin objects
(e.g., forks) occluding the camera view when the hand ap-
proaches.

In real-world experiments, we first evaluate on a set of
9 representative daily objects. DemoFunGrasp achieves
a 71% grasp success rate (GSR) for human-chosen affor-
dances and 64% for VLM-predicted affordances, demon-
strating robustness in functional grasp generation.

To further assess generalization, we expand the real-
world evaluation to 33 additional objects covering a broader
range of geometries, including highly irregular and partially
deformable items. Across 33 x 3 trials, the policy achieves a
70.7% success rate (70 successful grasps), indicating stable
performance beyond the original benchmark set.

Main failure modes include: (i) affordance regions too
small for precise grasping; (ii) objects outside the training
distribution; and (iii) VLM predictions misaligned due to
challenging object poses or inaccessible regions.

Overall, our method demonstrates strong performance
on diverse daily objects, achieving high success rates with
accurate affordance grounding and style adherence. Fig. 6
illustrates representative trials, while additional demonstra-
tions are provided in Appendix F.2.



Table 4. Simulation and Real-world Results with Human-Annotated/VLM-Predicted Grasping Conditions.

Simulator (human) | Real World (human) ‘ Real World (VLM)

Metrics Food Kitchen Tool Dailyitem Smalltool Largetool Dailyitem Small tool Large tool
GSRT  22/25 18/25 20/25 11/15 11/15 10/15 12/15 10/15 7/15
IAST 0.96 0.86 0.80 0.80 0.93 0.80 0.87 0.67 0.40
1SSt 1.00 0.82 0.92 0.80 1.00 0.93 0.93 0.87 0.87

Figure 6. Real-world experimental demonstrations. The policy grasps a toy pot (first row), a teapot (second row), and a kettle (third row).

4.6. Additional Analysis

Cross-Embodiment Evaluation. We further assess the
generality of our RL-based training framework across dif-
ferent robotic embodiments. Detailed experimental results
and analysis are presented in Appendix C. Our findings in-
dicate that DemoFunGrasp consistently achieves high suc-
cess rates when trained independently on robotic hands
with varying degrees of freedom (DoF) and style capacities,
demonstrating that the framework can be readily applied to
diverse embodiments without any hyperparameter tuning.

Base Algorithm Comparison. In addition to reinforce-
ment learning, we also evaluate several baseline strategies.
The comparative results and corresponding analyses are
provided in Appendix G.

5. Conclusion and Limitations

We present a framework for universal dexterous functional
grasping by integrating style- and affordance-conditioned
policies with an efficient RL method. Our approach
achieves robust zero-shot sim-to-real performance and flex-
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ible adaptation to varied object geometries and functionali-
ties. The integration of Vision-Language Models further en-
ables autonomous and human-like planning and execution
in real-world settings. We hope that DemoFunGrasp serves
as a step toward more versatile and semantically aware dex-
terous manipulation systems.

However, the current performance of DemoFunGrasp
still falls short of human capability, largely due to the ab-
sence of dynamic pre-grasp manipulation and in-hand ad-
justment. Although the policy can grasp diverse objects
across different affordance regions and styles, its accuracy
remains at the centimeter scale, indicating room for further
improvement. Future work may explore learning dynamic
adjustment policies and incorporating tactile sensing to im-
prove accuracy.
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