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Abstract

Open-vocabulary 3D object affordance grounding aims
to identify functional regions of objects given arbitrary se-
mantic descriptions. However, existing methods often rely
on fixed training categories and geometric priors, lacking
geometric invariance and analogical reasoning capabili-
ties. Since there exists a significant domain gap when trans-
ferring affordance knowledge learned from 2D images to
3D point clouds, existing methods struggle to generalize
well to objects with diverse shapes or unseen categories,
and fail to perform effective category reasoning. To address
these challenges, we propose QueryMe, a Query-driven
framework that learns from Multimodal evidence spaces
to achieve open-vocabulary 3D affordance grounding. The
proposed approach is to project human-object interaction
images into 3D space, employ an Adaptive Spatial Attention
module to focus on key interaction regions, and introduce
a multimodal query structure to retrieve available geomet-
rically consistent functional parts within the point cloud,
effectively fusing visual, linguistic, and geometric cues.
Leveraging attention-based query mechanisms, our method
adaptively localizes affordance regions and performs anal-
ogy reasoning through geometric similarity, thereby exhibit-
ing strong generalization to unseen scenes and objects. Ex-
perimental results demonstrate that QueryMe consistently
outperforms state-of-the-art approaches, with the AUC im-
proving by 4.19% compared to previous work for unseen
affordance grounding tasks.

1. Introduction
Humans inherently acquire the ability to use tools by ob-
serving others and recognizing the functional regions of
objects. For instance, one can intuitively avoid the sharp
edge of a blade while exploiting it for cutting. Inspired
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Figure 1. QueryMe localizes object affordances from multimodal
evidence. From a single HOI image, it projects to an 3D space and
performs query-driven cross-modal reasoning over HOI, text, and
object features to mark affordance regions on the target object,
aligning diverse interaction priors, narrowing the 2D to 3D gap,
and generalizing to unseen scenes and categories.

by this capability, Open-Vocabulary 3D Object Affordance
Grounding [40] seeks to equip robots with the ability to
localize and interpret functional regions of objects based
on their affordances. This task enables embodied intelli-
gence to understand and interact with the physical world,
and finds broad applications in robotic manipulation [9, 18],
Vision-Language-Action (VLA) models [14, 22], and imi-
tation learning [15].

Recent studies [17, 41] have attempted to combine the
geometric structure of point clouds with semantic labels to
enable affordance detection in 3D environments. However,
these methods typically rely on object categories and ge-
ometric structures present in the training data, resulting in
poor generalization when encountering previously unseen
objects. This limitation restricts their scalability and prac-
tical deployment in open-world settings. To mitigate this
issue, subsequent research has incorporated additional in-
formation sources, such as textual descriptions [17, 39],
Human-Object Interaction (HOI) images [41], 2D projec-
tions of point clouds [19], and more detailed 3D geometric
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information [13, 38]. By exploring these modalities, models
gain stronger priors for reasoning about functional regions,
thereby improving their ability to generalize to unseen ob-
jects and affordance locations. While these methods have
made progress to some extent, they still face several chal-
lenges, such as the lack of effective geometric invariance
modeling, especially for shape differences among similar
objects, and the absence of analogical reasoning capabili-
ties for the diverse usage modes of the same object.

Most recent works have started leveraging prior knowl-
edge from Vision-Language Models (VLM) to alleviate the
geometric discrepancies introduced by the diversity of ob-
ject affordances. Techniques such as utilizing pre-trained
models [44], incorporating chain-of-thought [29], and ap-
plying model distillation [2] have partially mitigated these
issues. While these approaches demonstrate the potential
of VLM priors in bridging affordance diversity, they re-
main limited in several ways. First, existing methods of-
ten fall short of fully integrating multimodal information,
typically relying on either visual or textual cues in isolation
rather than a coherent cross-modal representation. Second,
when affordance learning is conducted directly from 2D
HOI images, substantial domain gaps arise between 2D im-
age distributions and 3D object affordances. These domain
gaps hinder reliable translation to 3D environments and re-
strict model performance in more complex scenarios. Thus,
effectively combining multimodal priors remains an open
challenge for robust and scalable 3D affordance grounding.

Findings in cognitive psychology suggest [28, 43] that
human object recognition progresses from general geomet-
ric shapes to higher-level functional attributes. Following
this progression, we introduce a 3D query mechanism that,
conditioned on the object, retrieves the geometric areas that
humans typically interact, rather than explicitly pairing ob-
jects with predefined regions. This process is abstracted as
affordance grounding. As shown in Fig. 1, explicitly learn-
ing object geometry and functional behavior from recon-
structed 3D point clouds can effectively alleviate the chal-
lenges of cross-domain learning. In unseen scenes, exploit-
ing geometric similarity and attending to hand–object in-
teraction regions enhances the generalization of affordance
grounding. Meanwhile, with the rapid progress of monoc-
ular reconstruction [34, 36], mapping 2D HOI images into
a 3D feature space has become feasible. Building on the
above findings, we introduce QueryMe, a novel frame-
work that effectively queries and grounds 3D object affor-
dances from multimodal evidence, including images of hu-
man–object interactions and natural-language instructions.

Specifically, we first map an HOI image into a 3D scene
using a feed-forward 3D reconstruction pipeline. To mit-
igate sensitivity to reconstruction inaccuracies and back-
ground clutter, we introduce a Adaptive Spatial Attention
Module that selectively suppresses irrelevant pixels. On

the reconstructed 3D object point cloud, we apply random
spatial sampling to construct a compact set of learnable af-
fordance query vectors, which substantially reduces com-
putation and stabilizes optimization. Building upon this
representation, we propose a Multimodal Guided Query
Learning Module that sequentially retrieves affordance cues
across three domains: the 3D HOI space, the text space, and
the 3D object space. Finally, we employ a lightweight query
decoder that takes the fused 3D object HOI representation
as input and localizes the affordance region of operation.

To summarize, our contributions are the following:
• We propose QueryMe, an effective framework that

queries information from multi-modal inputs and ad-
vances 3D object affordance grounding.

• We demonstrate that mapping human–object interaction
regions into 3D space enables effective extraction of af-
fordance knowledge, alleviating the domain discrepan-
cies between 2D images and 3D object point clouds and
improving generalization to unseen scenes.

• We design an attention-based query mechanism that adap-
tively localizes affordance operation regions, making the
model robust across diverse task settings.

• We conduct extensive experiments showing clear gains
over strong baselines, with particularly pronounced im-
provements on unseen-scene splits, underscoring the
practicality of our approach.

2. Related Works
2.1. 2D Affordance Grounding
2D affordance grounding localizes actionable regions in im-
ages, identifying where interactions such as grasping or
pushing can occur. Early studies established the concept
using handcrafted cues, geometric reasoning, and shape pri-
ors [8]. With deep learning, CNN-based approaches be-
came dominant, enabling pixel- and object-level affordance
segmentation [23, 27]; AffordanceNet exemplifies an ef-
fective end-to-end design [5]. Nevertheless, both classi-
cal pipelines and CNN-based dense segmentation remain
tied to closed affordance sets, limiting generalization to un-
seen objects [5, 12]. Recent language-conditioned models
address this issue by enabling open-vocabulary grounding
with stronger semantic generalization [2, 22].

To relax the closed-set constraint, language-guided and
task-conditioned approaches emerged, bridging visual per-
ception with semantic understanding. These methods lever-
age linguistic priors to extend grounding beyond rigid la-
bel sets, with applications ranging from human intention
understanding via gaze [35] to social interaction model-
ing [30]. Most recently, foundation models have enabled
open-vocabulary affordance prediction. Key enablers in-
clude CLIP [26] for large-scale vision-language embed-
ding and SAM [11] for promptable universal segmentation.
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Building on these, affordance-specific systems such as Af-
fordanceLLM [25] and hybrid designs like BiT-Align [10]
integrate vision-language model (VLM) reasoning with ge-
ometric cues to achieve more robust grounding. Despite
these advances, integrating task intent, semantic knowl-
edge, and fine-grained spatial structures remains non-trivial,
leaving open issues in compositional generalization and en-
vironmental robustness.

2.2. 3D Affordance Grounding

Early research [20, 32] used geometric features and manual
annotations to map function from shape. Such geometry-
based methods worked on known objects but generalized
poorly when similar shapes implied different uses.

To overcome these limitations, researchers pivoted to-
ward data-driven approaches fueled by large-scale anno-
tated datasets. This shift significantly advanced 3D affor-
dance perception. For example, AffordanceNet-3D [4] pro-
vides extensive object and part level affordance annotations,
enabling supervised learning at scale. Complementary ef-
forts have both learned structured affordance spaces for
robotic manipulation [39], highlighting the benefits of com-
positional representations, and applied deep reinforcement
learning for affordance reasoning in robotic control [21].
To move beyond closed sets of affordance labels, early
attempts introduced end-to-end training for manipulation-
oriented affordance learning [6], followed by differentiable
pipelines that improved optimization and scalability [16].
Subsequently, several studies leveraged human–object in-
teraction images [41] and textual priors [17] to guide open-
vocabulary affordance grounding, further enhancing gener-
alization to unseen objects and actions. Geometry-aware
generative frameworks render photorealistic 3D scenes and
enable fine-grained affordance segmentation, exemplified
by SeqAffordSplat [13] and 3DAffordSplat [37]. DAG [33]
employs a diffusion model to map representations learned
from HOI images to corresponding 3D affordance regions,
enabling fine-grained grounding of interaction-relevant ar-
eas. 3D-AffordanceLLM [2] and GREAT [29] marry LLMs
with geometric perception, achieving open-vocabulary af-
fordance grounding in complex, realistic scenes.

Despite notable progress, existing approaches remain
constrained by fixed training taxonomies and hand-crafted
geometric priors, exhibiting limited geometric invariance
and weak analogical reasoning. A substantial domain gap
in transferring HOI knowledge from 2D images to 3D point
clouds impedes generalization to diverse shapes and unseen
categories while hampering category-level reasoning. To
address this, we propose QueryMe, which learns geome-
try priors from 3D HOI space and introduces a multimodal
evidence–query mechanism to improve generalization.

3. Methods
3.1. Overview
We input the object point cloud P → RN→3 and a sin-
gle Human-Object Interaction (HOI) RGB image I →
R3→H→W , where N is the number of points, and H and W

represent the height and width of the image. Following the
setup in GREAT[29], we obtain the text representations of
Interaction Attributes and Geometric Attributes, denoted as
T = {Ti, Tg}, via the Chain-of-Thought from the Vision-
Language Model (VLM). Additionally, we employ a feed-
forward 3D reconstruction method[34] to map the image I

into the 3D space, resulting in H → RN
→→6. The goal is

to optimize the model M to output the object affordance
ω, where ω = M(H,T, P ). To make this prediction both
efficient and robust, Sec. 3.2 introduces an Auto-Adaptive
Spatial Anchor Selection module that identifies salient an-
chors in the reconstructed HOI space and concentrates sub-
sequent computation on interaction-relevant regions; build-
ing on these anchors, Sec. 3.3 performs Multimodal Fea-
ture Encoding to align and fuse textual attributes, 3D HOI
features, and object point-cloud representations into a uni-
fied embedding; Sec. 3.4 then applies Multimodal Guided
Query Learning, which leverages the fused embedding to
steer learnable queries toward affordance-relevant locations
and refine them via attention; finally, Sec. 3.5 details the Af-
fordance Decoder and the training objectives that transform
query–point interactions into a point-wise affordance map
and optimize the model with focal and Dice losses.

3.2. Adaptive Spatial Attention Module
In reconstructing HOI images into 3D space, feed-forward
3D reconstruction methods often introduce inherent noise
and retain large amounts of irrelevant background informa-
tion. Consequently, extracting compact and clean geomet-
ric features in the reconstructed 3D HOI space becomes es-
sential. When processing high-resolution point cloud data,
directly handling the full set of points leads to significant
computational overhead and excessive memory consump-
tion. To address this, while preserving the integrity of spa-
tial information and improving computational efficiency,
we propose a lightweight Auto-Adaptive Spatial Anchor
strategy for importance-aware spatial feature extraction.

We first sample a subset of points Ps = {pj}Ns
j=1 from

the input point cloud P using a global sampling strategy,
retaining a fraction p of the points (so Ns = pN ). A
lightweight MLP ! : R3 ↑ Rd then encodes each sam-
pled point’s coordinates into a d-dimensional feature vector.
Next, to capture spatial dependencies among these sampled
points without explicitly constructing a graph, we feed the
sequence of feature vectors into a 1D convolutional layer.
This allows the network to model spatial continuity and lo-
cal topology along the sequence of sampled points.
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Figure 2. Overview of the QueryMe framework. (A) Adaptive Spatial Attention Module, which reconstructs HOI images into 3D
and applies a 1D convolution to extract 3D interaction features, thereby mapping 2D interaction cues into the 3D space; (B) Multimodal
Feature Encoding, which employs a point-cloud encoder and a text encoder to extract geometric and linguistic features and aligns them
via cross-modal attention. (C) Multimodal Guided Query Learning, which introduces learnable query tokens and fuses evidence from the
3D HOI, text, and object spaces through cross-modal attention, followed by an affordance decoder to predict the interaction region. The
framework highlights 2D-to-3D cross-domain mapping, cross-modal feature fusion, and spatial alignment.

After the convolutional feature aggregation, an impor-
tance predictor assigns each sampled point pj an impor-
tance score sj . These scores indicate the geometric and se-
mantic salience of the sampled points, guiding the network
to focus on important structures. Finally, we propagate the
importance scores from the sampled subset back to the en-
tire point cloud via distance-based interpolation. For each
original point pi → P , we first compute the distance-based
weight wij between it and each sampled point, and then
interpolate the importance scores based on these weights.
Specifically, the weight wij is computed as:

wij =
1

|pi ↓ pj |2 + ε
(1)

where ε is a small constant to ensure numerical stability.
Then, the interpolated importance score ŝi for the original
point pi is computed as a weighted average of the sampled
points’ importance scores:

ŝi =

∑
Ns

j=1 wijsj
∑

Ns

j=1 wij

(2)

where wij is the weight based on the distance between
the original point qi and the sampled point pj , and ŝi is
the interpolated importance score for qi. This interpola-
tion scheme encourages nearby points to have similar im-

portance values, enforcing local smoothness and preserv-
ing structural consistency across the point cloud. By adap-
tively selecting a representative set of anchor points and
spreading their influence to neighboring points, our mod-
ule highlights geometrically and semantically salient struc-
tures, which can improve the efficiency and effectiveness of
downstream tasks.

3.3. Multimodal Feature Encoding
Text Feature Encoder. We employ two RoBERT models
with identical architectures to separately encode the inter-
action attributes Ti and the geometric attributes Tg , using
independently learned parameters. To capture their mu-
tual dependencies in the textual feature space, we insert a
lightweight bidirectional cross-attention module (i.e., Ti at-
tends to Tg and vice versa) in each branch, followed by a
shallow projection head. The refined representations are de-
noted as T ↑ = {T ↑

i
, T

↑
g
}.

3D HOI Encoder. As shown in Sec. 3.2, we design a 3D
HOI encoder to extract hierarchical spatial features guided
by the predicted importance scores. Given the importance
score ŝi for each point pi in the reconstructed point cloud,
we first select the top-k points to form a candidate set:

Pk = { pi | rank(ŝi) ↔ k } (3)

From this set, we uniformly sample Mp points and arrange
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them into a matrix P → R3→Mp , which encodes the 3D
coordinates of the selected points. To effectively capture
their geometric information, we employ a two layers Point-
Net++ [24], which performs hierarchical sampling and fea-
ture aggregation. The first layer models fine-grained local
structures, while the second captures high level spatial con-
text, resulting in a compact yet expressive representation:

H
↑
o = !HOI(P) → RD→Mf (4)

This hierarchical design preserves both detailed local geom-
etry and global interaction structure. We fuse the multiscale
point cloud features H

↑
o with the textual interaction fea-

tures T
↑
i

through a single cross-attention layer. T
↑
i

serves
as the query vector, while H

↑
o provides the key and value

features, yielding the interaction-aware representation:

H
↑
i = CrossAttn

(
T

↑
i, H

↑
o
)

(5)

The overall HOI latent representation is then defined as:

H
↑ = {H↑

o, H
↑
i} (6)

Point Encoder. To better process the object point cloud P ,
we adopt a hierarchical PointNet++ backbone that captures
multi scale geometry and broader spatial context, improv-
ing robustness to noise and varying sampling density. The
intermediate features P

↑ are passed through a lightweight
projection and normalization, then serve as the key and
value inputs to the abstract self attention module described
in Sec. 3.4. To further align semantics with geometry, we
fuse the deepest encoder features with T

↑
g

via cross atten-
tion, followed by a residual MLP refinement, which en-
hances feature alignment and integration and yields the final
point cloud representation P

↑.

3.4. Multimodal Guided Query Learning
We propose a decoder that leverages query learning to
model the interaction between object affordance ground-
ing and prompt information. We first sample a set of lo-
cations from the input object point cloud P using farthest
point sampling and record their spatial coordinates pos. A
set of learnable query vectors is initialized to zero, and po-
sitional information is injected via an MLP positional en-
coder ϑpos : R3 ↑ Rd applied to pos. Empirically, we
observed that 3D ROPE [31] provides limited gains on a
fixed single point cloud, likely because rotary phase cou-
pling is less informative when the geometry does not vary
across frames, whereas the MLP encoder offers stronger lo-
cality and smoother optimization in this setting. We set the
number of decoder queries to match the number of FPS-
selected points, ensuring a one-to-one correspondence be-
tween them. Specifically, each query q0 → RK→d corre-
sponds to a position pos → RK→3. The decoder attends
to a multimodal memory M = {T ↑

, H
↑
, P

↑} and applies

Algorithm 1: Query Learning Mechanism
Input: Query q0, Modality features T ↑

, H
↑
, P

↑,
spatial coordinates pos, Number of layers n

Output: Final query representation q
(n)

1 Initialize q ↗ q0;
2 q ↗ q + ϑpos(pos);
3 for each layer l = 1, 2, . . . , n do
4 for each modality m → {T ↑

, H
↑
, P

↑} do
5 q

l

m
↗ CrossAttention(q,m);

6 q
l

m
↗ LayerNorm(q + q

l

m
);

7 q
l

m
↗ FFN(ql

m
);

8 Update query q ↗ q
l

m
;

9 q
l ↗ q

l + ϑpos(pos);
10 q

l ↗ SelfAttention(ql, ql);
11 Update query q ↗ q

l;

12 return q;

cross attention in the fixed order T ↑ ↑ H
↑ ↑ P

↑ at every
layer. This schedule progressively injects information, first
textual priors, then 3D human object interaction cues, and
finally intermediate point cloud features, so that the model
learns affordances and interaction locations from coarse to
fine. Finally, we reinject positional information into the
MLP enhanced queries and compute self attention to ab-
stract the object’s intrinsic geometric structure. Residual
connections and layer normalization follow each attention
layer, as shown in Alg. 1.

3.5. Affordance Decoder and Loss
We learn the query vector q through the query learning
mechanism. To facilitate the fusion of multimodal features,
we introduce a query attention mechanism that computes
the interaction between the query vector q and the point
cloud features P

↑. The resulting fused features are pro-
cessed as follows:

ω = ϖ(f [Attention(q, P ↑)]) (7)

where f represents the function used to compute the fea-
ture representation and final output, ϖ denotes the sigmoid
activation function, and ω → RN→1 corresponds to the 3D
affordance of the object.

Following previous works [29], we focus on the differ-
ence between the 3D object affordance ω and the ground
truth affordance label Plabel, allowing the model to di-
rectly link the 3D object affordance with interaction im-
ages through reasoning. The total loss is composed of the
focal loss and Dice loss, which supervise the point-wise
heatmaps, and is formulated as:

Ltotal = Lfocal + Ldice (8)
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This design enables the model to learn accurate 3D affor-
dance region representations through multimodal feature
fusion and attention mechanisms, without the need for ex-
plicit supervision of affordance categories.

4. Experiments
4.1. Dataset
We train our models on PIADv2 [29]. Its point-cloud
corpus is a mixture of samples from 3DIR [42], 3D-
AffordanceNet [4], and Objaverse [3], covering 43 object
categories and 24 affordance categories. Following the eval-
uation protocol in GREAT [29] and LASO [17], we adopt
three standard splits: Seen, where training and test sets
share the same object and affordance categories to evaluate
in-distribution performance; Unseen Object, where affor-
dance categories are shared but some object categories are
held out during training to assess transfer to novel objects
under known affordances; and Unseen Affordance, where
object categories may overlap but certain affordance cate-
gories are excluded from training to test zero-shot general-
ization to novel affordances.

4.2. Implementation Details
All experiments are conducted on two NVIDIA L20 GPUs.
We train for 50 epochs with a batch size of 8 and a learn-
ing rate of 1 ↘ 10↓5. For geometry extraction, we em-
ploy VGGT [34] to obtain 3D information from 2D im-
ages, and we use PointNet++ [24] as the 3D backbone.
We compare our method with two cross-modal learning ap-
proaches, FRCNN [40]and XMF [1], as well as three lead-
ing works in 3D open-vocabulary affordance grounding, in-
cluding LAG [41], LASO [17], and GREAT [29]. In addi-
tion, we construct a baseline by directly concatenating the
HOI and Text features shown in Fig. 2 into the decoder of
our framework. Based on the above, we aim to address the
following research questions:
• Q1: How does QueryMe perform compared to other

baseline methods?
• Q2: Under the proposed Multimodal Evidence Query

mechanism, how does each modality contribute to the fi-
nal affordance grounding performance?

• Q3: Can monocular feed-forward 3D reconstruction im-
prove performance in unseen scenarios?

Evaluation Metrics. To comprehensively assess the pro-
posed method, we evaluate it and several baselines using
four metrics: AUC, aIoU, SIM, and MAE.

4.3. Main Result
As shown in Tab. 1, QueryMe achieves superior perfor-
mance across most metrics under all 3 evaluation settings.
Furthermore, qualitative results illustrated in Fig. 3 provid-
ing an intuitive comparison of grounding quality across dif-

ferent scenarios. In the following, we present a more de-
tailed analysis and comparison with existing baselines.
QueryMe vs. Other Baselines. Compared with the runner-
up method GREAT [29], our approach achieves consistent
improvements across all metrics in both the Seen and Un-
seen Affordance settings. In the Unseen Object setting,
QueryMe outperforms GREAT [29] by 3.46%, 1.60%, and
0.02% in terms of AUC, aIOU, and SIM, respectively. Al-
though the MAE shows a slight degradation compared with
GREAT [29], it remains lower than other baselines such as
LASO [17]. We attribute this minor increase to our query
mechanism, which assigns small activation scores to a few
non-affordance points near affordance regions. Given that
each point cloud contains only 2048 points, this subtle ef-
fect becomes amplified in the MAE computation, but it
does not affect the overall grounding accuracy. As shown
in Fig. 3, we present the visualization results for rigidly
rotated objects, planar structures, and elongated structures
under different settings. Our method effectively handles
3D object point clouds with varying geometric configura-
tions. Additionally, as shown in Fig. 4, compared to pre-
vious work [29], our approach can accurately ground the
geometric location of the object, avoiding over localization.
Even in cases where an object has multiple affordance re-
gions, our method is capable of simultaneous localization,
demonstrating its superior performance.
Unseen Performance. A noticeable performance degra-
dation can be observed across all previous methods under
the Unseen settings. While approaches such as IAG [41],
LASO [17], and GREAT [29] progressively improve gen-
eralization by better integrating visual and textual cues, a
clear gap remains when encountering unseen affordance re-
gions. In particular, under the Unseen Affordance setting,
our method surpasses GREAT [29] by 4.19% in terms of
AUC. This demonstrates that QueryMe effectively allevi-
ates the generalization limitation observed in prior works.
Such improvement is attributed to projecting HOI images
into 3D space and employing a multimodal evidence–driven
query learning mechanism. By learning the geometric
structures of hand–object interactions within the 3D HOI
space, our model can abstract and generalize affordance re-
gions that have not been observed during training. Based
on this, we can answer Q1: QueryMe outperforms base-
line methods and generalizes better to unseen settings.

4.4. Ablation Studies
We conducted a comprehensive ablation study to validate
the effectiveness of our model design. The ablation experi-
ments are divided into two parts:
Multimodal Query Mechanism. To probe how query
learning harvests affordance evidence from different modal
spaces, we conduct a modality ablation in which we remove
each input stream in turn (In Tab. 2). When all three fea-
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Table 1. Main Results. Evaluation metrics of comparison methods on the PIADv2 [29] dataset. Seen, Unseen Object and Unseen
Affordance are three partitions of the dataset. Best values are in bold; → indicates higher is better and ↑ indicates lower is better.

Methods Seen Unseen Object Unseen Affordance
AUC≃ aIOU≃ SIM≃ MAE⇐ AUC≃ aIOU≃ SIM≃ MAE⇐ AUC≃ aIOU≃ SIM≃ MAE⇐

FRCNN [40] 87.05 33.55 0.600 0.082 72.20 18.08 0.362 0.152 59.08 7.96 0.210 0.156
XMF [1] 87.39 33.91 0.604 0.078 74.61 17.40 0.361 0.126 60.99 8.11 0.225 0.152
IAG [41] 89.03 34.29 0.623 0.076 73.03 16.78 0.351 0.123 62.29 8.99 0.251 0.141
LASO [17] 90.34 34.88 0.627 0.077 73.32 16.05 0.354 0.123 64.07 8.37 0.228 0.140
GREAT [29] 91.99 38.03 0.676 0.067 79.57 20.16 0.402 0.109 69.81 12.05 0.290 0.127

QueryMe(Ours) 92.34 39.39 0.683 0.061 83.03 21.76 0.420 0.118 74.00 13.76 0.316 0.097

Table 2. Ablation on Multimodal Evidence. We evaluate QueryMe by selectively enabling object points features P → , 3D HOI features
H

→, and text prompts T
→. A checkmark ↭indicates the modality is used, and a cross ✁ indicates it is removed. We report AUC, aIoU,

SIM, and MAE on the Seen, Unseen-Object, and Unseen-Affordance splits of PIADv2 [29]. Using all three modalities yields the best
performance, best results are shown in bold.

Multimodal Ev Seen Unseen Object Unseen Affordance

Obj HOI Text AUC≃ aIoU≃ SIM≃ MAE⇐ AUC≃ aIoU≃ SIM≃ MAE⇐ AUC≃ aIoU≃ SIM≃ MAE⇐

✁ ✁ ✁ 88.52 33.08 0.623 0.084 77.49 19.09 0.399 0.128 67.42 13.07 0.291 0.137
↭ ✁ ✁ 88.88 34.89 0.634 0.078 79.65 22.03 0.439 0.128 69.69 12.90 0.306 0.134
↭ ↭ ✁ 90.17 37.08 0.642 0.081 80.67 23.15 0.415 0.126 71.48 13.72 0.296 0.116
↭ ↭ ↭ 92.34 39.39 0.683 0.061 83.03 21.76 0.420 0.118 74.00 13.76 0.316 0.097

Table 3. Ablation of Components. Performance when not using
Cross Attention (CroAtt), not including the Adaptive Spatial At-
tention module (Adapt), and replacing the 3D HOI representation
with 2D image features (3DHOI). ✁ means without.

Metric Ours ✁CroAtt ✁Adapt ✁3DHOI

Se
en

AUC 92.34 88.81 90.76 87.74
aIOU 39.39 35.50 37.30 33.47
SIM 0.683 0.639 0.656 0.612
MAE 0.061 0.081 0.073 0.089

U
ns

ee
n-

O
bj AUC 83.03 76.69 79.89 75.54

aIOU 21.76 20.57 20.74 20.04
SIM 0.420 0.392 0.422 0.385
MAE 0.118 0.142 0.121 0.139

U
ns

ee
n-

A
ff AUC 74.00 68.93 67.85 60.50

aIOU 13.76 11.41 10.59 10.09
SIM 0.316 0.266 0.274 0.240
MAE 0.097 0.151 0.149 0.163

ture inputs are removed (specifically, we directly concate-
nate the remaining features and feed them together with
the learnable query tokens into the affordance decoder),
the model degrades markedly: the AUC drops by 3.82%,

5.54%, and 6.58%, with the decline most pronounced under
the two Unseen settings. In contrast, using only the 3D HOI
and object point features {H ↑

, P
↑}, our method matches or

surpasses LASO [17] and GREAT [29]. Adding the text
prompt features on top of this yields the strongest results
overall, demonstrating the effectiveness of our approach at
mining cross-modal evidence. These findings answer Q2:
the proposed multimodal evidence query mechanism learns
affordance knowledge from each modality and, at the same
time, improves generalization in Unseen scenarios.
Effects of Other Components. As shown in Tab. 2, we
conducted ablation studies on other components. First, we
remove the cross-attention module between the textual fea-
tures and the HOI features H

↑
o

and object point clouds P
↑.

This modification led to performance degradation across all
task settings, indicating that feature fusion among differ-
ent modules is beneficial. Moreover, using different textual
prompts helps the model better understand both the inter-
active functionality and the underlying geometry. Remov-
ing the Adaptive Spatial Attention Module also leads to a
clear drop in performance. This suggests that irrelevant
background information in the 3D HOI space hinders the
model’s ability to learn geometric structures effectively.

Finally, we directly removed the 3D HOI feature and in-
stead used a ResNet18 [7] backbone to extract features from
2D HOI images. This change caused a significant perfor-
mance drop across all task scenarios, with the AUC decreas-
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[‘ride the skateboard using people’s feet on the 
surface, lean on the skateboard using people's 
shoulder on ....’]

 ['the deck of the skateboard: due to its flat surface 
that support the person standing on it  whi le 
skateboarding.']

U
n
s
e
e
n
 
O
b
j
e
c
t

[‘wear the backpack using people's shoulders, lift the 
backpack using people’s arms, open the backpack using 
people's thumb on the zipper or clasp’]

['The middle to the top part of the backpack: due to 
its curvature and back panels that provide adequate 
support and access to the contents']

U
n
s
e
e
n
 
A
f
o
r
d
a
n
c
e

[ ‘open the faucet using people's hand on the 
handle,wash hand under running water using people's 
hand under the spout’]

['the handle of the faucet: due to its flat and 
extended shape that allows for easy grasping, turning 
on/off the water flow.']

U
n
s
e
e
n
 
O
b
j
e
c
t

Figure 3. Visualization Results. We present the predicted affor-
dances of different 3D objects, including the faucet, skateboard,
and backpack, across the categories of Seen Objects, Unseen Ob-
jects, and Unseen Affordances. The depth of red indicates the
affordance probability of the objects.

Ground Truth QueryMe(Ours) GREAT

Figure 4. Qualitative comparison of our method, GREAT [29],
and Ground Truth on the Microwave Open and Bag Lift tasks.

ing by 13.5% in the Unseen Affordance setting. Based on
these observations, we can answer Q3: the feed-forward
3D reconstruction that maps HOI images into the 3D fea-
ture space enables the model to better learn the geometric
structures underlying affordance grounding in unseen sce-
narios, thereby enhancing its generalization capability.
Robustness to Reconstruction Noise. In real-world 3D
affordance grounding, the target object is usually obtained

QueryMe (Ours)
w/o. 3D HOI
GREAT

A
re

a 
U

nd
er

 C
ur

ve
 (A

U
C

) 

Injection Noise Ratio

AUC under Point-Cloud Noise Injection

Figure 5. Robustness to point-cloud noise. We simulate imper-
fect reconstruction by injecting spatial perturbations into a pro-
portion ω of the target object’s point cloud used for affordance
grounding, and report AUC as ω increases. QueryMe shows the
slowest degradation and retains about 69% AUC at ω = 0.85.

via reconstruction rather than a clean point cloud. To emu-
late this setting, we inject spatial noise into the object point
cloud P : a proportion ϱ of points is randomly selected and
their coordinates are perturbed by a fixed offset ς prior to in-
ference. We sweep ϱ and report AUC at each level (Fig. 5).
QueryMe exhibits the slowest degradation and retains about
69% AUC at ϱ=0.85. The w/o 3D HOI feature is second
best, while GREAT drops to roughly 63% under the same
noise ratio. These results indicate that our multimodal evi-
dence–driven querying and geometric reasoning in the HOI
space confer strong robustness to reconstruction errors.

5. Conclusion
We present QueryMe, a query-driven framework for open-
vocabulary 3D object affordance grounding that leverages
multimodal evidence to localize functional regions. Our
approach projects 2D HOI images into the 3D space, intro-
duces an Adaptive Spatial Attention module to emphasize
key interaction regions, and employs a multimodal query
mechanism to jointly integrate linguistic, visual, and ge-
ometric cues for retrieving geometrically consistent func-
tional parts. This framework enables affordance localiza-
tion and geometry-based analogy reasoning, while general-
izing well to unseen objects and affordances. Experimental
results demonstrate that QueryMe significantly outperforms
SOTA methods, particularly under unseen settings, thus val-
idating its effectiveness and technical contributions in open-
vocabulary 3D affordance understanding and grounding.
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