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Abstract. How can we infer a 3D hand pose when large portions of the hand
are heavily occluded by itself or by objects? Humans often resolve such ambigui-
ties by leveraging contextual knowledge—such as affordances, where an object’s
shape and function suggest how the object is typically grasped. Inspired by this
observation, we propose a generative prior for 3D hand pose modeling guided
by affordance-aware textual descriptions of hand-object interactions (HOI). Our
method employs a diffusion-based generative model that learns the distribution
of plausible hand poses conditioned on contextual signals, such as affordance
descriptions and image features. The affordance descriptions are designed to rep-
resent the semantic intent and geometric structure of HOI, using the reasoning
from a vision-language model (VLM) and grasp classification. We leverage the
diffusion prior to refine the 3D pose predictions in hand reconstruction into more
accurate and functionally coherent estimation. Our experiments demonstrate that
our affordance-guided refinement significantly improves 3D hand pose estima-
tion performance on 3D hand affordance datasets, HOGraspNet and HO3D, over
state-of-the-art methods such as foundation models for hand reconstruction and
the latest diffusion priors for 3D hands.

1 Introduction

Hand-object interactions (HOI) are ubiquitous in daily life, where human actions are
inseparable from the surrounding context, including objects, environments, and the per-
son’s intent. Among them, reconstructing 3D hands (e.g., estimating pose and shape
parameters of the MANO model [47]) from a single RGB image has become a crucial
task, enabling applications in virtual/augmented reality and robotic dexterous manip-
ulation. However, this task remains highly challenging due to severe occlusions and
inherent 3D ambiguities commonly present in real-life interactions. Despite these diffi-
culties, humans can still infer plausible hand poses by exploiting contextual knowledge
beyond the hand itself. In particular, the shape and function of interacting objects can
provide strong cues for reasoning about feasible hand configurations during interaction.

Most previous works on 3D hand reconstruction [10,39,41,42] have paid little atten-
tion to leveraging such contextual knowledge. Only a few studies have explored contex-
tual signals in the following forms: (a) temporal contact states (e.g., pre-grasp, in-grasp,
post-grasp) [65], (b) short interaction captions (e.g., “a hand holding a spoon”) [61], (c)
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Fig. 1: Can affordance-aware semantics benefit 3D hand reconstruction? By leveraging con-
textual cues about how an object is grasped, our affordance-guided diffusion prior refines coarse
3D hand predictions into functionally coherent and physically grounded poses, even under strong
occlusion. Vertex error is color-coded on the hand mesh.
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action labels (e.g., “screw”, “open”) [30,37], (d) intention labels (e.g., intend to “use” or
“receive” an object) [52, 60], etc. These semantic labels have been used as conditional
input in 3D modeling [56, 60, 61], for additional semantic classification [44,59, 65], or
to create specific evaluation categories [4,30,37]. However, these existing labels remain
coarse and fail to capture the rich details of HOI needed to resolve ambiguities.

To enrich contextual signals and better reflect the subtle nuances of HOI scenes, we
emphasize the critical role of affordances [1,6,14] as semantic guidance, which directly
encodes how object properties constrain and guide possible hand interactions. Existing
affordance-related studies are typically categorized into recognizing (i) motor actions or
(ii) grasp types, defined by discrete labels [63]. Motor actions, often expressed by verb
labels (e.g., “pick up”), represent the high-level semantic intent of manipulation. In con-
trast, grasp types, defined through rigorous taxonomies (e.g., “lateral grasp”, “precision
grasp”) [4, 12], provide the geometric structure of fine-grained hand configurations.

Based on this perspective, we integrate these two distinct aspects of affordances,
i.e., both semantic intent and geometric structure of HOI, into a unified contextual rep-
resentation for hand reconstruction. However, the way to combine these heterogeneous
elements of affordances in a unified form is not obvious. Unlike following existing
categories (e.g., “pick up” or “lateral grasp”), we tackle this issue by representing affor-
dances through detailed textual descriptions that encode both semantic and geometric
cues. This descriptive form offers greater flexibility to capture variations in object at-
tributes, hand grasps, and interaction intent beyond predefined categories. In particular,
we incorporate grasp types and object attributes (category, shape, and size), along with
the underlying intent, such as interaction (action) and intention captions. To generate
such a descriptive text reflecting multiple affordance aspects, we propose a step-by-
step generation process by leveraging visual commonsense reasoning of a large vision-
language model (VLM) [2] with grasp taxonomy knowledge from the hand affordance
dataset [4], resulting in complete and interpretable descriptions of affordances.

With the affordance descriptions, we propose generative prior modeling that can
integrate textual descriptions into 3D pose modeling (Fig. 1). We train a denoising dif-
fusion model [16] on hand pose data, while newly adopting affordance descriptions,
encoded with DistilBERT [48], and ViT-based image features [9] as conditional input.
We further utilize this prior to refine 3D pose estimates, inspired by [38]. Specifically,
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starting from an initial estimate by WiLoR [42] or Hamba [8], we iteratively denoise
the pose so that it remains consistent with the affordance-aware diffusion prior and vis-
ible 2D evidence. To improve the refinement, we further detect occluded joints with ray
casting from joints and hand segmentation to guide only uncertain joints.

Our experiments are conducted on 3D hand affordance datasets, HOGraspNet [4]
and HO3D [15] where the grasp type labels are assigned by the classification model
trained on HOGraspNet. Our affordance-guided diffusion prior consistently outper-
forms recent hand reconstruction models, including foundational transformers such as
WiLoR [42] and HaMeR [41], the Mamba-based Hamba [8], and hand diffusion priors
based on InterHandGen [24], with or without contextual reasoning. Furthermore, our
qualitative study finds our method producing grasp poses that not only appear more
natural but also align closely with the affordance descriptions.

Our main contributions are summarized as follows: o )
— We are the first to introduce affordance-aware textual descriptions into 3D hand

reconstruction using VLMs and grasp classification.

— We design a diffusion-based generative prior that learns the hand pose distribution
given the contextual signals, enabling semantically consistent generation.

— We propose an occlusion-aware refinement approach that leverages the affordance-
aware diffusion prior for 3D hand reconstruction, yielding substantial improve-
ments in pose accuracy specifically when estimated joints are uncertain.

2 Related Work

3D hand reconstruction: This task involves estimating hand pose and shape to recon-
struct hand mesh, typically from a single RGB image. The earlier efforts [10, 23, 36,
39, 64] encode image features with CNN-based backbones and regress pose and shape
parameters of the MANO model [47]. Particularly, HandOccNet [39] proposes robust
feature extraction for occluded regions. Recent foundation models [41, 42] leverage
a vision transformer [9] with large-scale pretraining to enhance generalization ability
across different domains. While these recent methods typically provide strong align-
ment to 2D observation, ambiguities still remain in the 3D space, e.g., depth ambiguity
and uncertainty for occluded joints.

To address this, integrating with contextual cues is crucial as humans can infer fea-
sible 3D poses given the context. Yet, this direction remains relatively underexplored.
For instance, recent methods [44, 56, 59, 65, 67] attempt to integrate semantic or phys-
ical cues (e.g., grasp type and state, body proportion, and action labels), but focus on
coarse-level reasoning rather than fine-grained details of HOI scenes.

In contrast, our work is motivated by leveraging detailed textual descriptions regard-
ing affordances (see Fig. 2) and we are the first to introduce such affordance descriptions
into 3D hand reconstruction.

Affordance recognition and reasoning: The concept of affordances, introduced by
Gibson [13], describes the functional relationship between perception and potential ac-
tion (e.g., a handle affords grasping or a button affords pressing). In computer vision,
affordance recognition and reasoning have been studied through diverse formulations,
including functional region segmentation [11, 18, 25, 34], grasp and contact predic-
tion [4,6, 14], affordance-based HOI understanding [7,22] and generation [3,43,62,66],
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and adaptation to robot manipulation [1,26,58]. These approaches often operate at the
object or scene level, capturing where and how an agent may interact. Yet, they typically
rely on coarse labels [63] such as verb categories (e.g., “pick up”, “place”) or predefined
grasp taxonomies [12]. Recent 3D hand affordance datasets [4, 18] further encourage
affordance understanding with precise hand poses, object geometry, and vertex-wise
contact.

In this work, we propose to represent affordances as rich, detailed, and multi-level

semantic descriptions that unify motor intent, grasp configuration, and object attributes
(see Fig. 2). Furthermore, unlike the existing formulations, we demonstrate that such
affordance descriptions resolve the fine-grained geometric ambiguities central to 3D
hand reconstruction.
Diffusion models: Denoising diffusion models [16] have emerged as a powerful gener-
ative framework, owing to their strong capability to capture complex data distribution
and their flexibility during inference. Diffusion models are trained to gradually trans-
form Gaussian noise into realistic samples through an iterative denoising process.

Recent works adopt diffusion-based modeling in 3D hand and body modeling, out-
performing the conventional VAEs-based modeling [31,33]. The diffusion models can
leverage various conditional inputs for 3D modeling [5, 24, 29, 38, 50, 54, 61]. Human
motion generation commonly leverages text prompts to guide motion patterns [32, 53,
54], including hand-object motion generation [5, 27]. InterHandGen [24] synthesizes
two-hand interactions conditioned on a single hand, while G-HOP [61] generates 3D
hand-object interactions from object geometry. The trained diffusion priors can be fur-
ther adapted to 3D reconstruction tasks with score-distillation sampling [24, 61] and
refinement with keypoint guidance [38, 50].

Our work instead proposes a pose diffusion model that flexibly takes multi-modal
input for detailed text and visual features, unlike existing frameworks, e.g., text-to-
motion [5,27], 3D two-hand [24], and 3D hand-object generation [61]. It further en-
hances the diffusion-based refinement with guidance from occlusion detection unlike [38].

3 Method

Our work is motivated to leverage contextual signals from textual descriptions of affor-
dances and visual evidence for 3D hand reconstruction. To incorporate these cues, we
propose a generative prior model based on a diffusion process that learns the 3D hand
pose distribution given the contextual signals. Our approach begins with an affordance
description generation, which extracts key elements of affordances from input images
using a vision-language model and grasp classification, as described in Sec. 3.1. We
then construct a diffusion prior conditioned on the affordance descriptions and image
features, as detailed in Sec. 3.2. Subsequently, the learned prior is adapted to correct
occluded or uncertain joints with the refinement scheme in Sec. 3.3, yielding more ac-
curate and functionally coherent hand poses.

3.1 Affordance description generation

Affordances represent how an object can be interacted with hands by capturing its ac-
tionable properties; thus we utilize them as contextual representation and guidance for
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Fig.2: Affordance description generation. (a) We show a naive baseline of caption genera-
tion (Simple VLM) from off-the-shelf VLMs (e.g., Qwen2.5-VL [2]) given hand-object bound-
ing boxes, lacking fine-grained affordance cues. (b) Inspired by chain-of-thought reasoning, our
proposed generation first obtains parsed captions (items 1-5) by prompting the VLM to extract
intended affordance elements. It further infers a grasp taxonomy (item 6) with a tailored classifier
due to VLM’s limited capability to predict hand grasps in a zero-shot manner. These generated
affordance elements are summarized using LLM [19] , resulting in a single detailed description.

3D hand reconstruction. Specifically, beyond standard categorical labels (e.g., grasp or
action labels) of affordance recognition [4, 22,44, 63], we enrich its form with textual
descriptions that reflect both semantic and precise geometric properties, such as object
category, shape, size, interaction (action), intention, and grasp type.

Our preliminary study finds that direct (one-step) captioning, which prompts VLMs
to generate a description from an image, often produces a simplified sentence lacking
fine-grained HOI properties. An example of this simply generated caption (“Simple
VLM”) is found in Fig. 2(a). Additionally, while being able to reasonably describe HOI
scenes, recent VLM still struggle to capture precise grasp taxonomy as this annota-
tion is not common in general QA tasks or VLMs’ pretraining data. To provide finer
affordance details, we generate the affordance descriptions step-by-step in Fig. 2(b).
Inspired by the chain-of-thought reasoning [57] of LLMs, we break down the complex
description task into small executable and interpretable steps. Our pipeline consists of
three steps: (i) extracting key elements of affordances with zero-shot VLM reasoning,
(ii) classifying the grasp with separate supervised training, and (iii) integrating all ele-
ments into a final description with LLM. This procedure ensures the completeness and
interpretability of the generated affordance descriptions with improved caption quality.
We detail the individual steps below.

Step 1 — Extract parsed captions with VLM: We leverage a vision-language model
(Qwen2.5-VL [2]) to extract structured captions describing different aspects of affor-
dances from an image. Specifically, given the image together with the bounding boxes
of the hand and the object, we design a prompt that queries the model to describe five
key elements that characterize HOI properties. These include object category (e.g.,
“disk”, “sphere”), object shape (e.g., “elongated”, “flat”), object size (e.g., “small”,
“large”), interaction (action) type (e.g., “holding”, “reaching”), and intention caption
(e.g., “to lift”, “to manipulate”). These elements are chosen because they capture the
physical properties of the object and the semantic intent of the action. Further details
are found in the supplement.
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Step 2 — Grasp classification: Accessing grasp information is essential in determin-
ing hand configurations. Yet, we observe that classifying grasp taxonomies using ex-
isting VLMs is highly challenging, as rigorous grasp labels [12] may not be widely
represented in their pretraining data. Therefore, we train a dedicated grasp classifica-
tion model independently on a large-scale hand affordance dataset, HOGraspNet [4].
Specifically, we take the RGB image as input and extract visual features encoded by the
ViT and MANO pose parameters using HaMeR [41]. The visual and pose features are
concatenated and passed through a self-attention layer, followed by an MLP layer for
final classification. Our model achieves 87.6% accuracy in the evaluation dataset, and
further implementation details and results are provided in the supplement.
Step 3 — Summarize with LLM: Given the short captions for each element related to
affordances, we transform these items into a single detailed description. We use a large
language model (LLM), Mistral-7B [19], with a summarization prompt that generates
a final affordance description. This LLM-based summarization allows us to combine
nuanced variations in HOI properties, producing a coherent sentence that flexibly rep-
resents semantic and geometric cues beyond what predefined categories can express.
Overall, this divide-and-conquer approach comprised of the three steps ensures that
the resulting descriptions are (i) complete and specific by eliciting all key elements, (ii)
consistent with the predicted grasp type via supervised classification, and (iii) coherent
and interpretable as the conditional input (used for the subsequent diffusion training).

3.2 Affordance-guided diffusion prior

Using the affordance descriptions, we present a diffusion prior model conditioned on
text and image features, dubbed AffHandGen. This model is trained to generate and
refine 3D hand poses aligned with the contextual signals. We choose the diffusion mod-
eling to learn data distribution across different modalities, such as image, text, and pose,
inspired by its successful results in 3D human synthesis [24, 38,40, 54]. It also benefits
from being directly applicable to various downstream tasks without additional train-
ing [50], making it flexible and broadly reusable.

Overview: With the goal of refining 3D hand pose in the downstream task, we construct
a diffusion model in the hand pose space, where the shape estimation remains fixed. For
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the input, we use the pose parameters of MANO [47] as the target variable of denoising,
ie.,xg = 0 € R15*3, We also use a diffusion timestep ¢, an affordance description D
(generated in Sec. 3.1), and the corresponding RGB image I as the conditional input.
We encode the affordance description using a text encoder, yielding textual features
cp, and encode the RGB image with an image encoder, yielding image features c;.
The resulting diffusion model parameterized by ¢ is formulated as %o = fy(xy,t,¢),
where x; is the diffused pose at the timestep ¢ and ¢ = {cp, c;} denotes the text and
image condition.

The overall architecture of f,(-) is illustrated in Fig. 3. Our AffHandGen is a trans-
former network trained to denoise noisy hand pose input x; at the timestep ¢. The hand
pose and timestep are first encoded through linear layers and concatenated, followed by
processing with transformer decoder layers and a final pose decoder with a linear layer.
Cross-attention to modality tokens: For conditional data encoding, InterHandGen [24]
treats the condition c as a global feature vector and learns the relationships across the
target pose, conditions, and timestep using self-attention. However, representing each
conditional modality with a single vector loses spatial and semantic granularity. For
instance, when two hand images involve the same object but different grasp types, the
global visual or textual embeddings (e.g., from CNN or CLIP [45]) tend to be similar,
making it difficult for the diffusion model to distinguish subtle interaction differences.

To capture such fine-grained contextual distinctions, we represent each modality as
a set of fokens and employ a cross-attention mechanism [55] that learns localized corre-
spondences between the denoising pose features and conditional modality tokens. This
design enables the model to selectively attend to informative modality tokens, including
those implicitly encoding grasp semantics, thereby achieving context-sensitive condi-
tioning. Specifically, we use modality-specific tokenizers: DistilBERT [48] for the text
embedding and the ViT network trained in [41] for the image embedding.

Diffusion process: We follow the DDPM formulation [16], where the diffusion process
consists of forward and reverse paths spanned with diffusion steps ¢t € [0,7]. The
forward process gradually adds standard Gaussian noise to the input data xg, which is

formulated as
X; i= A/ 0Xg + \/1—dt€, (1)

where € ~ A(0, I) is a noise variable and 1.7 € (0, 1]7 is a sequence that controls the
degree of noise at each timestep ¢. In contrast, the reverse process learns to iteratively
transform noise x7 ~ N(0, I') toward the target data distribution xg ~ q(z), defined

as
T

P (X0.1) = p(xT) Hp(b(thl | x¢), 2
t=1
where p is a model distribution defined by the network f,(-). We train the denoising
network to approximate the original data x, following [24, 38, 54].

The training loss is computed between the original data x and the generated data
Xo. We take the L2 loss between xo and X for the pose space, denoted as Ly. After
passing to the MANO layer, we compute the L2 loss on the mesh vertices and 3D joint
space, denoted as L,, and L;. The overall loss is formulated as

Ltotal = AQLQ + AULU + )\ij- (3)
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Fig. 4: Diffusion-based pose refinement algorithm. Our refinement takes the initial 3D pose
estimates Xo from recent hand reconstruction methods (e.g., [42]), conditional text and image
features c, and detected visibility V() in Sec. 3.3, and then corrects occluded joints (red and
yellow in the right figure) while visible joints (green) remain unchanged. The visibility labels
are obtained from two detection criteria: self-occlusion with ray casting on the MANO mesh and
object occlusion with SAM2 [46] mask for hands. This refinement is resumed at the middle of
diffusion steps n, reducing the total inference cost, and optimized with the 2D keypoint loss based
on camera projection function M (-) and its loss weight Azg4.

Ao, Ay, and \; are the weights for each loss term.

To improve the robustness of the model, we randomly dropout the conditional input
cp and cy, inspired by [17,24,33,50] . Specifically, we randomly mask the affordance
description and the RGB image with a probability of 0.1. This emulates conditional and
unconditional generation within a single model. This strategy brings several benefits:
(i) preventing the model from overfitting to a specific conditioning modality, leading
to a strong prior learning over 3D hand poses, and (ii) improving flexibility at infer-
ence time, allowing seamless switching between conditional and unconditional sam-
pling without retraining.

3.3 Occlusion-aware prior adaptation to 3D hand reconstruction

Once the diffusion prior is trained, we adapt the prior to guide and improve 3D hand
reconstruction, specifically aiming to refine the 3D pose parameters. While foundation
models for hand reconstruction (e.g., HaMeR [41]) effectively align hand meshes with
the visible 2D evidence in RGB images, they still struggle to recover accurate 3D poses
under severe occlusion, where visual cues are limited. SCGen [38] addresses this by
applying a 3D human diffusion prior to refine 3D pose estimates with 2D keypoint con-
straints. Given an initial 3D pose X (the target of refinement) and reliable 2D keypoints
yo detected by human foundation models like Sapiens [20], it first sets a diffused pose
X, at the intermediate step n (0 < n < T') and iteratively denoises the pose until ¢ = 0,
while minimizing the 2D projection loss between X, and yj.

Inspired by the diffusion-based refinement for human pose [38], we introduce an
affordance-guided diffusion refinement tailored to 3D hand reconstruction (Fig. 4). Our
approach newly incorporates contextual cues from textual descriptions and image fea-
tures, enabling the model to reconstruct hand poses that are physically plausible and
semantically consistent with the intended interaction. Unlike body poses, hands exhibit
high articulation and frequent object contacts, leading to more complex occlusion pat-
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terns. To address this, we detect the visibility of each joint and apply selective 2D guid-
ance only to visible joints, allowing the diffusion prior to correct uncertain (occluded)
joints through contextual conditioning.

Our refinement framework requires the initial 3D pose X, its camera projection

(i.e., 2D keypoints) M (%), joint-wise visibility labels v € {0,1}” (J is the number
of joints), and contextual conditions ¢ = {cp,cs} from text and image features. The
visibility labels v are obtained through the detection scheme below and are used to mask
the 2D keypoint loss. Since reliable 2D hand keypoints are more difficult to obtain than
those in the body domain [38], we instead use the projected 2D keypoints of the initial
3D pose, M (%), along with the visibility labels as supervision signals. This allows
the model to align the pose to confident 2D evidence and denoise uncertain occluded
joints based on the contextual diffusion prior. We further apply the 2D keypoint fitting
to the denoised pose Xy as post-processing. This ensures that the resulting pose after
the diffusion-based refinement is well-aligned to the visible 2D keypoints.
Occlusion detection: Estimating joint visibility is useful for downstream HOI tasks,
yet challenging. We employ two criteria to determine the occlusion of hand joints re-
garding self-occlusion and object occlusion, resulting in the binary visibility labels v.
For self-occlusion, we determine occluded joints by ray casting given the hand mesh
derived from Xg. A ray is cast from each hand joint toward the camera, and its inter-
sections with the hand surface are computed as [49]. If the number of intersections is
greater than or equal to two, the joint is occluded by the part of hand mesh, regarded as
self-occlusion. For instance, a ray from the pinky fingertip of Fig. 4 penetrates into the
index finger’s mesh, judged as the self-occluded joint. For object occlusion, we identify
object-occluded joints by comparing the projected 2D joints from the initial pose pre-
dictions, M (Xg), and the hand mask obtained from SAM?2 [46]. If the 2D joint position
is outside the mask, the joint is regarded as object occlusion.

4 Experiments

We present quantitative results on pose refinement, comparing against foundational
models for 3D hand reconstruction and diffusion prior baselines with or without using
contextual signals. We then present ablations and qualitative analyses of pose refine-
ment and controllable generations. Additional results are found in the supplement.

Experimental settings: We use the HOGraspNet [4] dataset for complex and diverse
hand-object interactions, which is the only dataset offering RGB images, 3D assets, and
grasp taxonomy labels needed for our task setup. We follow 28 of the 33 grasp types de-
fined by [12] to train a grasp classification network. We also use the HO3D [15] dataset
including RGB images and 3D hand-object annotations, as an additional validation and
the HInt dataset [41] for in-the-wild evaluation. As these two datasets lack grasp an-
notations, we apply the grasp classifier trained on [4] to assign pseudo grasp labels.
We subsample all datasets and use sparse frames as training and evaluation, because
consecutive frames sharing similar visuals often contain the same grasp labels and al-
most identical VLM descriptions. To ensure diverse contextual signals without heavy
semantic overlaps, we resample every 10 frames, resulting in 119K training and 3K
evaluation images in [4] and 65K training and 1K evaluation images in [15]. HOGrasp-



10 N. Suzuki et al.

HOGraspNet
Method Avg.| Low Med. High PA-MPVPE| PCK@51 PCK@107 PCK@151 F@5% F@15%
HandOccNet [39] 15.09 14.34 15.55 17.65 12.93 12.0 42.8 67.4 0.482 0.935
MeshGraphormer [28] 10.02 9.39 10.27 13.55 8.99 24.7 68.7 87.5 0.625 0.977
HaMeR [41] 8.38 7.37 892 12.68 7.66 38.6 78.6 91.7 0.696 0.988
Hamba [8] 8.46 7.44 9.00 12.72 7.57 38.3 78.9 91.8 0.698 0.987
+ Ours 7.85 7.49 1021 9.46 7.11 41.2 81.6 93.2 0.718 0.991
"WiLoR [42] 822 742 856 1241 757 397 794 922 0702 0989
+ InterHandGen [24] 899 7.64 9.72 14.61 791 34.8 75.4 90.1 0.681 0.986
+ w/ Full Cond. (D+I) 8.06 7.50 8.29 11.12 7.29 40.3 79.6 923 0.713  0.990
+ Ours 753 729 1757 937 6.90 4.1 82.5 93.6 0.731 0.992
HO3D
Method Avg.| Low Med. High PA-MPVPE| PCK@51 PCK@107 PCK@151 F@5% F@15%
HandOccNet [39] 8.83 846 9.44 9.86 8.80 314 69.3 86.7 0.572  0.965
MeshGraphormer [28] 12.55 11.71 13.15 18.79 12.83 16.6 52.0 73.3 0.436  0.908
HaMeR [41] 8.15 734 959 954 8.33 37.7 74.5 89.0 0.632  0.973
Hamba [8] 742 710 7.88 8.71 7.66 40.3 77.9 91.3 0.655 0.982
+ Ours 729 725 714 8.39 7.37 41.1 78.9 91.9 0.657 0.983
WiLoR [42] 743 7.19 7.85 17.87 7.63 39.0 779 91.9 0.650 0.983
+ InterHandGen [24]  7.55 7.30 7.99 7.99 7.64 38.1 77.6 91.4 0.638 0.980
+ w/ Full Cond. (D+I) 7.65 735 8.15 851 7.72 37.6 77.1 91.0 0.633  0.979
+ Ours 7.37 7.1 7.83 7.80 7.46 39.1 78.7 92.0 0.645 0.983

Table 1: Results of 3D hand pose estimation on HOGraspNet and HO3D. We report PA-
MPIJPE in millimeters for varying occlusion levels: Low (0-5 occluded joints), Medium (6-10),
and High (11-21), together with PA-MPVPE in mm, PCK@5/10/15, and F@5/15 mm. The diffu-
sion baselines (InterHandGen, w/ Full Cond.) are applied on top of WiL.oR, while our refinement
is applied on top of both WiLoR and Hamba. Bold and underline denote the best and second-best.

Net’s evaluation includes unseen subjects (S1 split [4]) and HO3D comprises unseen
views, subjects, and objects.

For baselines of 3D hand reconstruction, we test a graph-based transformer, Mesh-
Graphormer [28], an occlusion-robust network, HandOccNet [39], two foundational
transformers, HaMeR [41] and WiLoR [42], and a Mamba-based model, Hamba [8].
For the diffusion prior, we train a 3D hand diffusion model, InterHandGen [24], by
adapting its architecture from two-hand input to a single-hand input for this task, which
lacks any contextual conditions. For a fair comparison with our method, we further im-
plement InterHandGen w/ Full Cond. modified to take the text and image conditions
as global feature vectors. These diffusion baselines are trained from scratch and applied
to refine 3D poses from WiL.oR with the refinement method in Sec. 3.3.

We evaluate reconstruction performance using both 3D and 2D metrics. For 3D
joints and mesh vertices, we report Procrustes-aligned mean errors (PA-MPJPE and PA-
MPVPE). We also report mesh F-scores under 5 mm and 15 mm thresholds (F@5 and
F@15), which evaluate surface reconstruction accuracy within the corresponding dis-
tance thresholds. For 2D joint accuracy, we report PCK@5, PCK@10, and PCK@15,
which measure the percentage of keypoints whose 2D errors fall within 5, 10, and
15 pixels, respectively. To measure the model’s robustness under increasing ambigui-
ties, we further provide evaluation subsets according to different occlusion levels (Low,
Medium, High), grouped by the number of visible joints detected in Sec. 3.3.
Implementation details: For generation, our attention layers follow a latent size of
512 and four heads. The loss weights are set to Ay = 1, A, = 10000, and \; =
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(8) None 755 —

Table 2: Ablation study on HOGraspNet (PA-MPJPE). (a) Conditional modality compares text
inputs and RGB image features. (b) Text input and visibility masks, (¢) 2D keypoint guidance
and V+L encoder, and (d) affordance fields; * denotes a lightweight classifier trained on GT-
based affordance elements. Shaded rows mark our setting. Bold and underline denote the best
and second-best.

10000. We set the number of tokens for text and image embeddings to 64 and 192,
respectively. We train diffusion models for 80 epochs with a batch size of 64 using an
Adam optimizer [21] with a learning rate of 1e-3. We set the maximum diffusion steps
toT" = 1000 and use a cosine scheduler [35] for the forward process. For refinement, we
implement faster sampling techniques. We adaptively set the start refinement step n €
[Mmin, maz] to the value chosen linearly according to the number of occluded joints.
Larger occlusion counts result in larger values of n that require more refinement steps,
conversely setting fewer steps in less occluded samples. We also sparsely sample every
m step in the reverse process. On HOGraspNet, we set Aa; = 0.005, n = [100, 1000],
m = 20. HO3D requires fewer refinement steps and increased 2D fitting as the initial
predictions are more reliable: we set Aoy = 0.5, n = [10,20], m = 3. Additional
analysis of hyperparameter sensitivity is found in the supplement.

4.1 Results

3D hand pose estimation: Tab. 1 reports the 3D pose evaluation on HOGraspNet [4]
and HO3D [15]. Recent foundation models outperform the CNN-based HandOccNet [39],
yet the high-occlusion regime remains challenging (~12 mm error on the “High” sub-
set). The diffusion baseline InterHandGen [24] barely corrects poses without contextual
signals, and even “w/ Full Cond.” (image and text as global vectors) only partially im-
proves the “Med.”/*High” splits over WiL.oR [42]. In contrast, our prior consistently
improves WiLoR across all occlusion levels, reaching an average error of 7.53 mm,
with a substantial 3.04 mm (24%) reduction on the “High” occlusion subset. This gain
comes from fine-grained cross-attention to image and text tokens and occlusion-aware
refinement, rather than attending conditions as coarse global vectors like “IHGen w/
Full Cond.” The same trend holds on HO3D: although WiL.oR and Hamba are already
highly competitive, our prior refines both without degradation on average, achieving
7.37 mm with WiL.oR and the best 7.29 mm with Hamba. This confirms that the gains
are not specific to a single base estimator, but generalize across different estimators.
Ablation studies: All ablations are conducted on HOGraspNet and reported in Tab. 2.
We ablate the main components of our pipeline, including conditional modalities, affor-
dance text generation, visibility masking, 2D keypoint guidance, encoder design, and
individual affordance fields.
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Input image Affordance description WiLoR IHGen (w/ Full Cond.) Ours 20 mm [ Vertex
; Error
A right hand holds a
medium-sized, blade-like
knife according to the light
tool grasp taxonomy to cut.
7.49 5.90 5.22

7.49

A right hand applies lateral LN J
pressure on a small, flat, p
and flat piece of fabric with \
light tool grasp to smooth )
the fabric.

9.43

A right hand is pushing a
small, boxy, black object
using a lateral grasp to
move the object.

16.9 13.47 12.4

A right hand places a
small, boxy package onto a
surface using a spherical
three-finger grasp to move
the object.

0 mm

13.7 12.5 10.3

Fig. 5: Qualitative results of diffusion-based refinement on the HOGraspNet dataset [4]. We
show refinement results with our diffusion prior and a comparison diffusion baseline, InterHand-
Gen (IHGen) [24] with Full Cond. The vertex error compared to the ground-truth mesh is color-
coded, which is clipped to [0,20] mm. While the initial hand pose from WiLoR [42] struggles
to estimate joints in occluded regions, our method reasonably refines the estimates to plausibly
grasp the object even under occlusion. The values under the samples denote PA-MPJPE.

(a) Conditional modality: We evaluate the impact of image and text conditioning,
comparing the guidance effect from affordance descriptions with simple VLM cap-
tions. The Simple VLM text is generated by prompting Qwen2.5-VL [2] to describe the
given HOI scene (e.g., “The right hand holds a screwdriver””). Compared with results
of (1, 3,5), the simple caption method does not offer significant improvement over the
baseline without text conditioning (N/A), while the affordance descriptions (Aff.) help
reduce the ambiguities. Conditioning image features with ViT encoding (2, 4, 6) further
proves to be effective, serving to align the predicted pose with visual evidence. We ob-
serve that our configuration (6) performs the best 7.53 mm by utilizing the affordance
descriptions and the image features jointly. We also assess the effect of predicted grasp
types (see “Step 2” of Sec. 3.1) against using ground-truth grasp labels at test time. We
find the results (6,7) almost on par, indicating that the predicted grasps in (6) include
few failures in classification and do not negatively affect the downstream task.

(b) Text input & segmentation mask: For the text input, our two-stage Qwen+Mistral
description (1), where the VLM extracts affordance keywords that Mistral summarizes
into a coherent sentence, outperforms three simpler alternatives: raw VLM keywords
without summarization (2), grasp taxonomy labels alone (3), and a single-shot VLM
prompt (4). This confirms that the structured summarization provides a stronger condi-
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Input image Affordance description WiLoR IHGen(w/ Full Cond.) Ours
A left hand holds a medium- oo
sized, cup-shaped object K "'::_o::_.:/ ﬂ_af:\
with a large diameter grasp.
8.45 5.85

A right hand lifts and
supports a medium-
sized, cylindrical  blue
bottle near two monitors
with a distal grasp.

A right hand lifts a large,
boxy container with a large

diameter grasp.
11.3 11.6 8.92
A right hand holds a ,/ QL °fg
medium-sized, blue book 2 ° &
using a precision disk grasp. -
N o
10.1 9.57 8.44

Fig. 6: Qualitative results of diffusion-based refinement on the HO3D dataset [15]. We com-
pare the refinement results of our diffusion prior against a diffusion baseline, InterHandGen (IH-
Gen) [24] with Full Cond., both applied to the initial hand poses predicted by WiLoR [42]. Pre-
dicted hand joints are colored by finger, with ground truth displayed in black. Some joint errors
are highlighted using colored ellipses. The values under the samples denote PA-MPJPE.

tioning signal than flat labels or unsummarized text. A lightweight affordance classifier
trained with GT-based affordance elements is then used to generate the affordance de-
scriptions (5), recovering most of the accuracy (7.57 mm) while running at 96 fps. For
the visibility mask, replacing SAM?2 [46] (6) with the faster InterFormer [51] (7) dou-
bles throughput at a negligible accuracy cost, and removing the mask entirely (8) only
mildly degrades performance.

(c) 2D guidance & V+L encoder: The 2D keypoint guidance (A24=0.005) grounds
the refinement to visual evidence during inference, and removing this guidance by set-
ting A\2¢=0 degrades the accuracy. We further ablate the V+L encoder, which denotes
the vision and language encoding modules used to condition our diffusion prior. Our
modality-specific encoder, implemented with HaMeR for visual features and Distil-
BERT for textual affordance descriptions, is also essential to performance. In contrast,
replacing these task-specific encoders with a CLIP encoder substantially degrades the
error to 11.36 mm. This result suggests that CLIP’s global embeddings lack the hand-
specific spatial granularity required to distinguish subtle hand-object interactions.

(d) Affordance fields: Ablating each field of the affordance description shows that the
grasp taxonomy contributes the most to the refinement. The object category, shape, size,
interaction, and intention also provide complementary gains, highlighting the benefit of
combining multiple elements for accurate refinement.
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Fig.8: Qualitative results of our diffusion
prior. We show samples generated from par-
Fig.7: In-the-wild sample evaluation on the tially different descriptions. We find that the
Hint dataset [41]. We present PCK (%) to the diffusion-based generation responds to the
2D keypoint GT (black skeleton). The high- change of object size, while remaining consis-
lighted circle and color in 2D kpt indicate the tent with the given description.

2D joint error and its finger type (red circle

means thumb error).

Qualitative results: Fig. 5 presents qualitative comparisons on HOGraspNet between
the WiLoR predictions, the refined poses by InterHandGen (IHGen) with Full Cond.,
and our diffusion prior. The initial poses exhibit large errors (red vertices) in the oc-
cluded parts (e.g., the ring and pinky fingers are often hidden in the examples). Our
method corrects these errors and improves over the IHGen (w/ Full Cond.) baseline.

Similarly, Fig. 6 visualizes qualitative comparisons on the HO3D dataset. As high-
lighted by the ellipses, the initial WiLoR predictions suffer from high errors at severely
occluded joints. While the diffusion baseline, [IHGen (w/ Full Cond.), attempts to cor-
rect them, it struggles to effectively reflect the textual affordance descriptions into the
refined poses. In contrast, our diffusion prior successfully leverages these text cues,
effectively correcting the hidden articulations to form plausible grasps.

Fig. 7 shows in-the-wild evaluation on the HInt dataset [41], including proxy 2D
keypoint evaluation (PCK). We find stable captioning with generalized VLM capability
and successful diffusion-based refinement over WiLoR with improved PCK metrics.
This suggests the applicability of our method in such unconstrained cooking environ-
ments where the affordance signals are abundant.

Controllability of diffusion-based generation: Fig. 8 presents qualitative examples
of our diffusion model given different textual descriptions. We validate how pose gen-
eration responds to different affordance elements with the rest of the description fixed.
Specifically, we alter only the object size (small vs. large), demonstrating that our model
can produce hand poses that adapt to the size change, such as wider grasps for large
objects and tighter grasps for small ones. This suggests that our diffusion prior can
faithfully incorporate actionable semantics embedded in the affordance descriptions.
Object-property-wise evaluation: We provide further granular evaluations on [4] with
different object types and sizes. As shown in Fig. 9, while WiL.oR suffers large errors on
medium cylinders, large disks, and articulated shapes, our method consistently achieves
robust refinement across these challenging categories.
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Fig. 9: Object property-wise performance of foundational transformers and our diffusion
model. As it sparsely samples diffusion steps

evaluation on HOGraspNet. The cell value ™ X
in inference, our method only requires on av-

“WiLoR /Ours (gain%)” shows the WiLoR ) S
erage approximately 8 diffusion steps per sam-

baseline, our method, and the relative gain in isnated
PA-MPJPE. The x-axis represents cylinder, ple, resulting in significantly lower GFLOPs and
higher throughput compared to WiL.oR.

sphere, disk, cuboid, and articulated shapes.

Inference cost: Owing to our adaptive start steps in refinement (n in Fig. 4) and
sparse time sampling, our method does not worsen the inference burden in GFLOPs
and Throughput compared to the foundation model WiLoR in Tab. 3.

5 Conclusion

We present a novel diffusion prior that leverages affordance descriptions generated with
VLM’s reasoning and grasp classification. Our model learns the distribution of plausi-
ble and functionally coherent 3D hand poses, and then is adapted to refine 3D pose
estimates, enabling robust reasoning about occluded joints and more accurate recon-
structions in challenging hand-object interactions. Our experiments demonstrate that
the guidance by affordance descriptions substantially improves the refinement qual-
ity over both foundational transformer methods and diffusion priors, with strong gains
under severe occlusions. Our method also provides controllable and interpretable re-
finements, aligning pose generation with affordance descriptions.

We note some limitations that open interesting avenues for future work. Our method
currently focuses on static single-hand reconstruction and does not yet explicitly ac-
count for 3D object geometry, relying instead on textual descriptions as a proxy to
include the object information. Extending the approach to explicitly model 3D ob-
ject interactions is promising for future work. Furthermore, extending our affordance-
conditioned prior from static images to continuous temporal domains, such as egocen-
tric video analysis and human motion synthesis, is a highly promising and exciting
direction for modeling dynamic hand-object interactions.
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A Grasp Classification

As mentioned in Sec. 3.1, we adopt a grasp taxonomy classifier to classify grasp types
from a single image. The overall architecture for grasp taxonomy classification is illus-
trated in Fig. 10. The input image is first encoded by a ViT to obtain visual tokens. In
parallel, a MANO regressor predicts the hand pose parameters from the encoded visual
tokens. Since grasp taxonomy depends not only on the hand pose but also on the visual
context surrounding the hand-object interaction, we combine the visual tokens and the
MANO pose parameters as a joint input to a self-attention module. We use the ViT
encoder and the MANO regressor pretrained on [41]. The output of the self-attention
module is then fed into an MLP layer to produce the final grasp taxonomy classifica-
tion. For training, we use the HOGraspNet [4] dataset, adopting the same data size and
train/validation split as in the AffHandGen training setup.

The overall classification accuracy is 87.6% on the evaluation split. We show the
confusion matrix for grasp taxonomy classification in Fig. 13, where the original 33
grasp types are grouped into 6 categories based on grasp power and thumb posture,
following the grouping introduced in [63] and Fig. 14. While predicted taxonomies are
mostly accurate, we find some failure examples of our classification model in Fig. 11.
These failure cases correspond to grasp types that the model frequently confuses in
the confusion matrix. Although the predictions are incorrect, the misclassified grasp
types are visually and functionally similar. As shown in Tab. 2 rows (6) and (7), the
performance gain when replacing predicted grasps with the ground-truth is marginal,
indicating that these failures in grasp classification have limited practical impact.

wano 10
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Fig. 10: Architecture of grasp classification.
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Fig. 11: Failure cases of grasp classification.
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Image Simple caption Affordance-aware description
/4 “A right hand is laterally
“The right hand touches grasping a small, round bowl
abowl.” while moving or lifting it to
demonstrate or place it.”
“A right hand holds a medium-
“The right hand holds sized, box-shaped bottle for
f a bottle of dish soap.” demonstrating its features

using a distal grasp.”

“A right hand holds a
small, boxy object using
a Large Diameter grasp.

“ ‘
}
p . “A right hand, with an adducted
ﬁ The right hand"holds thumb, is holding a medium-
? a banana.

“The right hand holds
ablack box.”

sized, cylindrical banana.”
Fig. 12: Examples of generated simple captions and affordance-aware descriptions.

Side

Intermediate Precision
Side Pad

Thumb Adducted

Fig. 14: The 33 grasp labels [12] are grouped into

Fig.13: Confusion matrix of grasp classifi- 6 categories. The figure is adapted from [63].

cation.

B Description Generation

We design two types of descriptions in Sec. 3.1: a simple caption and an affordance-
aware description. These descriptions are generated using a VLM (Qwen2.5-VL [2]).
Examples of both types of generated descriptions are provided in Fig. 12. Compared to
the simple captions, our affordance-aware descriptions offer more detailed explanations
of hand-object interaction, including grasp taxonomy, object size and shape, and other
interaction-relevant attributes.

For simple caption generation, we feed the image together with the hand-object
bounding boxes into the VLM and directly prompt it using the template shown in
Fig. 15. In contrast, the affordance-aware description integrates additional structured
cues. Specifically, we first feed the image and the hand-object bounding boxes into
the VLM with the prompt shown in Fig. 16. In parallel, we perform grasp classifica-
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tion on the input image and insert the predicted grasp taxonomy into a parsed caption
template. The combined parsed caption is then provided to an LLM (Mistral-7B [19]),
which summarizes it into an affordance-aware description. We prompt the LLM with
“Summarize the given parsed captions in a single sentence starting with ‘A right/left
hand...””, and use the resulting summary as our caption.

You are an assistant that outputs a single short English phrase describing a hand-object
interaction.

Use ONLY this format:
The {right/left} hand [verb phrase] [object phrase

Rules:
- Use a concise verb phrase (e.g., holding, touching, grasping, pointing).
- Use a concise noun phrase for the object (e.g., a cup, a smartphone).

If no object is visible, use "nothing"
- Output exactly one short line, no punctuation, no explanations.
- Do NOT use parentheses, colons, or quotation marks.

Context:
- Hand bbox: (x1, yl, x2, y2) or none
- Object bbox: (x1, yl, %2, y2) or none

Now produce the output line starting with "The {right/left} hand".

Fig. 15: Prompt used to generate a simple caption.

Instructions:

1. Use the provided detected hand and object bounding boxes (x1, yl, x2, y2) as reference to
describe the interaction. If no bounding box is detected, use "none" for that field. The
bounding boxes are given below:

- Right hand bbox: (241, 172, 398, 307)

- Object bbox: (228, 0, 622, 363)

2. Focus on the following key aspects of the hand-object interaction:

- Shape and size: Describe the geometric shape of the object and its relative size to the hand.
- Contact and interaction: What physical relationship is happening between the hand and object?
- Pose and action: Describe how the hand is positioned and what action is being performed.

3. Use the following output keys only. Do not include any other fields, explanations, or
comments. Each value should be brief (<= 1-2 sentences) and formatted exactly as specified.

Write your answers in the following format:

. hand_caption:

. object_category:

. object_shape:

. object_size:
interaction_typ:
intention: .

EEES

Do not use JSON, curly brackets, or quotation marks. Only use the format above.
Output Keys and Descriptions

1. hand_caption

- What to include: A concise description of the primary action the hand is performing.

- Write in the form: A right hand [does something]. Use present tense and active voice. Limit to
<= 25 words.

2. object_category
- What to include: The semantic category of the object the hand is interacting with.
- Format: Use a single noun (singular). If the object cannot be identified, use "unknown".

3. object_shape
Describe the geometric shape in simple words like "boxy", "spherical™, "flat", or others
- Prefer short phrases. If unclear, use "unknown".

4. object_size
- What to include: The object's size relative to the size of the hand. Use: "tiny", "small",
"medium", "large", "huge", or "unknown".

5. interaction_type

- What to include: Describe the type of interaction the hand is performing with the object in a
concise verb phrase.

- Focus on the action itself (e.g., grabbing, tapping, twisting).

- You may use your own wording. If uncertain, use "unknown".

Examples: "grabbing", "tapping", "pushing", "supporting", "pointing", "twisting", "pressing a
button", "using as a tool", "resting on", "unknown"

6. intention
- What to include: The inferred high-level goal of the hand. Start with "to". Use <= 10 words.
If unclear, write "undetermined".

Fig. 16: Prompt used to generate an affordance-aware description.
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Fig. 17: Sensitivity analysis of the 2D reprojection loss weight A»q on the HOGraspNet dataset.
C Additional Results

Hyperparameter sensitivity: In the refinement stage (Sec. 3.3), we incorporate a 2D
reprojection loss weighted by A4 to encourage consistency between the optimized 3D
hand pose and 2D keypoint estimates from an off-the-shelf 3D hand reconstruction
method. We analyze the model’s sensitivity to Ayq on the HOGraspNet dataset, keeping
the maximum diffusion steps T'=1000, start step n € [100, 1000], sampling interval
m=20, and 100 post-processing steps, with image conditioning enabled. As shown in
Fig. 17, sweeping \g across four orders of magnitude (10~#-107!) reveals a broad
plateau of near-optimal performance in the range of 10~* to 10~2. We achieve the best
PA-MPJPE of 7.51 mm at A\y3q=0.005 (compared to 8.22 mm before refinement). This
broad stability region demonstrates that our refinement pipeline is highly robust and
obviates the need for exhaustive hyperparameter tuning in practice.

In-the-wild results: To further assess generalization beyond the training datasets, we
evaluate our method on HlInt [41], which includes challenging in-the-wild images from
the New Days, VISOR, and Ego4D splits. As shown in Tab. 4, our prior improves
WiLoR on occluded joints across all splits and HaMeR on most splits, indicating its
effectiveness under unconstrained real-world ambiguities. We further present qualita-
tive results in Fig. 19, where our method produces plausible hand poses that remain
consistent with the interaction context across diverse real-world scenarios.

Failure cases: We finally inspect cases where our prior offers limited benefit (Fig. 18).
For interactions far from the training distribution, such as unusual grasps or rare ob-
ject affordances in in-the-wild HInt images, affordance descriptions can become less
reliable, leading to weaker refinement over the initial WiL.oR estimate. Broadening the
affordance vocabulary and grounding it in explicit 3D object geometry may help close
this gap, as discussed in the limitations below.

Text-conditional generation: In Fig. 20, we provide the qualitative results of our
diffusion-based pose sampling from the text input. Our diffusion prior generates hand
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Method New Days VISOR Ego4D
@0.051 @0.117 @0.157 @0.051 @0.11 @0.157 @0.051 @0.11 @O0.157
HandOccNet [39] 7.1 22.0 37.8 5.5 18.6 332 29 10.2 19.6
MeshGraphormer [28]  15.0 34.7 49.1 159 39.0 55.2 7.2 19.8 31.8
Hamba [8] 25.1 54.3 70.7 19.7 49.8 69.1 12.0 33.0 49.0
i [HaMeR [41] ~ ~ ~ — 277 T 543 7 6897 T T257 T 552 7 7137 T 183 T 41.6 T 564
+ Ours 24.6 52.6 68.5 243 55.8 72.8 17.5 42.3 58.0
[WiloR[42]~ ~— ~ — — 249 T 549 T 7160 T T219 T 535 T 726 T 125 T 342 T 3503
+ Ours 23.6 54.5 72.8 21.7 54.9 74.8 12.5 35.6 52.5
HandOccNet [39] 8.4 25.6 43.0 6.2 19.8 34.7 3.1 10.7 20.5
MeshGraphormer [28] 18.0 40.3 55.0 21.9 49.5 64.6 9.4 24.1 36.1
< | Hamba [8] 30.7 63.5 78.8 25.7 60.9 79.0 14.7 39.5 56.3
= [HaMeR [41]” ~ ~ ~ 332 7 6237 7617 T 7330 655 791 T 236 493 T 626
> + Ours 29.3 60.5 75.8 29.9 64.6 79.8 21.2 494 63.7
[WiloR[42] ~ ~ ~ — 30.0 © 636 799 ~— "274 T 639 ~ 818 ~ 154 T 40.7 ~ 574"
+ Ours 28.0 62.6 80.5 26.0 63.9 83.0 14.8 41.2 58.4
HandOccNet [39] 4.6 16.1 30.1 4.7 17.0 31.1 2.6 9.3 18.0
= MeshGraphormer [28] 8.4 24.1 39.1 8.3 26.7 45.1 4.5 14.6 26.7
g |Hambal8] 146 _ 410 606 126 369 586 86 253 ALl
% HaMeR [41] 17.2 42.1 59.6 16.0 43.0 62.7 11.6 325 494
5 + Ours 15.9 404 59.2 16.6 454 65.1 12.6 33.7 51.5
[WiloR[42]~ ~— ~ — — 3.4~ 421 62 7 T154 T 413 7 629 T 790 T 266 — 425"
+ Ours 15.1 42.1 63.0 16.3 44.3 66.1 9.5 28.6 45.5

Table 4: Quantitative evaluation on the HInt benchmark [41] (PCK@0.05/0.1/0.15). On oc-
cluded joints, our affordance-guided prior improves WiLoR across all three splits (New Days,
VISOR, Ego4D) and HaMeR on most of them.

WiLoR Ours WiLoR

Fig. 18: Failure cases on HInt. When the interaction deviates from the training distribution, the
affordance prior provides weaker refinement over the initial WiLoR estimate.

poses semantically aligned with affordance-aware descriptions, with high sample diver-
sity.
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“A left hand, using a
precision disk grasp, mixes
ingredients in a large,
circular, glass bowl to

combine them thoroughly.”

“A right hand, holding a
medium-sized, rectangular,
yellow, and precision disk- s

grasped cloth, intends to | \
clean the countertop.”

Input

“A right hand, using a
precision disk grasp, [\
stabilizes a small,| .

HOTIM

sinQ

HOTIM

sinQ

HOTIM

sinQ

circular, black frying

pan for frying food.”

Input

“A right hand, following the
Precision Disk grasp taxonomy,
holds the round, flat, medium-

sized handle of a frying pan with
the intention to support it for
cooking by heating.”

Fig. 19: Additional qualitative results on in-the-wild images from the HInt dataset [41].

dO7IM
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A right hand, with a medium-
sized, V-shaped scissors in a
distal grasp, rests on black
fabric with the intention of

cutting.

A right hand performs a
palmar pinch grasp to hold a
small, cubic die in
preparation for rolling it.

g

A right hand is shown
gripping a small, boxy device
using a large diameter grasp.

°

A right hand is cradling a
small, spherical golf ball for
inspection or demonstration
using a tripod grasp.

= 4
=2

&=

A right hand is holding a large,
boxy cleaner bottle for
inspection or demonstration,
following the Large Diameter
grasp taxonomy.

=

A right hand is shown
grasping and rotating a small,
boxy remote control using a
distal grasp.

=
a”

A right hand, holding a small,
boxy, black electronic device
with a large diameter grasp, is
used to secure it while
demonstrating its features.

=

A right hand is holding a
small, curved banana
using a tripod grasp.

Affordance-Guided Diffusion Prior

A right hand, using a lateral
grasp, holds a large, flat
scissor with a supporting
thumb to cut fabric.

a2
&

A right hand is demonstrating a
small, boxy device by rotating
it distally to show its features.

A right hand, using a light tool
grasp,
cylindrical cup for pouring.

steadies a small,

=
=

A right hand extends to hold
down a medium-sized, boxy
notebook, keeping it steady
on atable.

A right hand with an index finger
extension grasp places a
medium, spoon-shaped spatula
on a surface for the intention of
resting it on the table.

A right hand, using a power
sphere grasp, securely holds
a medium-sized, spherical
baseball.

=2

A right hand presses down
a small, plate-like green
object to secure it in place
according to the Power
Disk grasp taxonomy.

A right hand, using a
sphere 3 finger grasp,
toggles the position of a
small, cylindrical horn.

L

A right hand, using a palmar
grasp, holds a large, round
bowl with the intention of lifting
or supporting it.

i

A right hand is resting on
and holding steady a small,
boxy, green mug using a
light tool grasp taxonomy.

L

A right hand holds a medium-
sized, flat, rectangular device
with a precision disk grasp for
securing it while manipulating.

|

A right hand, using an
adducted thumb grasp, holds
a large, unknown-shaped tool
for adjusting fabric.

Fig. 20: Sampled by our affordance-description conditioned prior.
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