This ICCV paper is the Open Access version, provided by the Computer Vision Foundation.

Except for this watermark, it is identical to the accepted version;
the final published version of the proceedings is available on IEEE Xplore.

Intermediate Connectors and Geometric Priors for
Language-Guided Affordance Segmentation on Unseen Object Categories

Yicong Li*  Yiyang Chen!
'National University of Singapore

Abstract

Language-guided Affordance Segmentation (LASO) aims to
identify actionable object regions based on text instructions.
At the core of its practicality is learning generalizable af-
fordance knowledge that captures functional regions across
diverse objects. However, current LASO solutions strug-
gle to extend learned affordances to object categories that
are not encountered during training. Scrutinizing these de-
signs, we identify limited generalizability on unseen cate-
gories, stemming from (1) underutilized generalizable pat-
terns in the intermediate layers of both 3D and text back-
bones, which impedes the formation of robust affordance
knowledge, and (2) the inability to handle substantial vari-
ability in affordance regions across object categories due to
a lack of structural knowledge of the target region. Towards
this, we introduce a GeneraLized frAmework on uNseen
CategoriEs (GLANCE), incorporating two key components:
a cross-modal connector that links intermediate stages of
the text and 3D backbones to enrich pointwise embeddings
with affordance concepts, and a VLM-guided query gen-
erator that provides affordance priors by extracting a few
3D key points based on the intra-view reliability and cross-
view consistency of their multi-view segmentation masks.
Extensive experiments on two benchmark datasets demon-
strate that GLANCE outperforms state-of-the-art methods
(SoTAs), with notable improvements in generalization to
unseen categories. Our code is available at https://
github.com/Monoxide—Chen/Affordance.

1. Introduction

Embodied agents are now capable of breaking down high-
level task commands into a series of executable instruc-
tions by using large language models (LLMs) as task plan-
ners [15, 27, 33]. Within this framework, Language-guided
Affordance Segmentation (LASO) [16] is proposed as a cru-
cial role that identifies the actionable parts of objects based
on language instructions, which has significant implications
for human-level task completion. [7]
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Figure 1. (a) Illustration of the unseen setting in LASO, where
learned affordance knowledge is tested on novel object categories
that is unseen during training; (b) Performance comparison of ex-
isting SOTA methods on LASO’s Seen and Unseen sets, showing
that our method, GLANCE, not only improves on the seen setting
but also achieves minimal IoU gap across the two settings.

Despite recent progress in Language-guided Affordance
Segmentation (LASO) [16, 30], current approaches often
memorize category-specific cues rather than learning gen-
eralizable affordance knowledge. Consequently, while per-
forming well when training and testing cover the same set of
objects, they struggle when testing with unseen object cat-
egories — even if the coupled affordance was encountered
during training. Specifically, in the standard LASO “un-
seen setting” [16], models are explicitly evaluated on object
categories withheld during training to assess generalization
capability. For example, in Fig. 1a, a model trained to grasp
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bags and mugs is expected to learn the handle-like concept
for “grasping” and transfer it to knives, an unseen category
during training. Yet, as shown in Fig. 1b, existing meth-
ods [16, 30] often fail in this scenario, leading to significant
performance drops on unseen object categories.

Learning affordances for unseen object categories is in-
herently challenging. We argue that the performance degra-
dation observed in existing LASO methods [16, 20, 30]
stems primarily from two limitations. First, current point-
text encoders process geometric and semantic cues sepa-
rately, aligning them only at the final layers. Although inter-
mediate layers capture generalizable geometric (e.g. edges,
surfaces) and linguistic (e.g. syntax, semantics) patterns
[11, 49], this late-stage fusion isolates such generalizable
knowledge, causing the model to overfit category-specific
patterns. Second, existing mask decoders rely predomi-
nantly on semantic cues, neglecting geometric knowledge
of the target region. As affordance regions significantly vary
across categories (e.g. in Fig. 1a round handle on mug ver-
sus elongated handle on knife), such structural variability
further hinders generalization to unseen objects.

To this end, we propose a GeneraLized frAmework on
ulNseen CategoriEs (GLANCE) for the LASO task. We
introduce two novel components on top of the existing
LASO pipeline: (1) a cross-modal connector (CMC) that
bridges the unimodal pre-trained backbones at intermedi-
ate stages, enhancing point-wise 3D embeddings with af-
fordance concepts; and (2) a geometric-aware query gen-
erator (GAQG) that generates 3D key points from multi-
view 2D segmentation results, providing a sparse but reli-
able structural prior for target region. Specifically, to pre-
serve the generalizable knowledge of the backbones at the
intermediate stage, we introduce a lightweight cross-modal
connector that integrates across each stage of the frozen
backbones. This connector promotes cross-modal align-
ment via a shared projection layer, creating a unified feature
space where gradients from both modalities are jointly op-
timized. Notably, designing the cross-modal connector for
3D requires particular care. Compared to 2D images, 3D
point clouds yield more tokens, while available 3D affor-
dance annotations are limited, which makes directly adopt-
ing attention-based fusion designs commonly used in 2D
[40, 44, 48] unsuitable—attention is computationally pro-
hibitive with dense 3D tokens and prone to overfit under
low-data regimes. Thus, we design the cross-modal con-
nector (CMC) as a lightweight MLP-based fusion module
tailored for high-resolution, data-scarce 3D inputs, which
preserves intermediate geometric patterns while efficiently
injecting language concepts. To mitigate the impact of af-
fordance variability, we propose a VLM-guided query gen-
erator that provides affordance priors by extracting 3D key
points from 2D multi-view segmentation results, based on
their intra- and cross-view reliability. The features of these

key points represent the geometric patterns in the target re-

gion and, combined with language cues, guide the mask de-

coder in identifying affordance regions.
Our contributions are summarized as follows:

* We analyze the challenges in affordance understanding
for unseen objects, with limited generalizability due to
underutilized intermediate patterns in backbones and sub-
stantial variability in affordance across object categories.

* We propose GLANCE, which features a cross-modal con-
nector that aligns language concepts with physical struc-
tures by connecting the inner layers of parallel backbones.
Additionally, it introduces a geometric-aware query gen-
erator that provides 2D affordance priors based on multi-
view VLM segmentation results.

» Extensive experiments show that GLANCE achieves
SoTA performance in two benchmarks, significantly im-
proving in generalizing to unseen object categories.

2. Related Work

3D Affordance Learning. 3D affordance learning aims
to understand the functional properties of objects [8] and
predict potential interactions. It benefits from richer geo-
metric and spatial information available in point clouds, to
achieve a more precise understanding and prediction of ob-
ject interactions [4, 5, 12] for visual affordance understand-
ing. Adding semantic or visual information can help under-
stand the target affordance, making it extend beyond point
cloud modality [2, 16, 20, 22, 30, 43, 45]. GEAL [20] em-
ploys Gaussian splatting to construct a 2D-3D Consistency
Alignment Module. LangSHAPE [30] presents a large-
scale dataset to learn 3D part-level affordances and en-
hance robotic grasp detection. LASO [16] uses carefully de-
signed questions for affordance segmentation tasks. While
prior works primarily focus on affordance understanding
within training categories, our work is the first to empha-
size cross-category affordance generalization. Unlike open-
vocabulary 3D learning, which requires recognizing unseen
affordance types, LASO’s unseen setting evaluates the abil-
ity to transfer known affordances to novel object categories,
ensuring a controlled assessment of affordance generaliza-
tion across object geometries.

Efficient Tuning with Adapters. The traditional approach
to tuning deep learning models follows the “pretraining-
finetuning” paradigm [1]. However, such approaches gen-
erally require substantial labeled data for each target task
to attain strong performance in multimodal tasks [3, 24,
31, 36? -38] For more data-efficient fine-tuning, network-
based adaptation techniques have been proposed. Houlsby
et al. [9] introduces adapter modules in NLP, which inserts
learnable linear layers at each Transformer layer. In VLMs
communities, Clip-Adapter [6] and Tip-Adapter [47] ap-
ply similar strategies by adding adapter layers after the im-
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age encoder, focusing on uni-modal enhancements. These
works extend adapter modules to multimodal settings via
attention-based designs. While effective in data-rich do-
mains like NLP and vision, such architectures tend to overfit
in data-scarce tasks like LASO.In contrast, our work intro-
duces an MLP-based adapter.

VLM-assisted 3D Segmentation. 3D segmentation faces
significant challenges, primarily due to the lack of large-
scale, high-precision datasets. By leveraging the rich
contextual information provided by 2D visual features,
VLM-assisted 3D segmentation enhances the capability of
3D models, enabling more accurate and robust segmenta-
tion outcomes. PartDistill [32] proposes a teacher-student
framework to perform bidirectional distillation of multi-
view 2D information. PartSLIP [18] fuses multi-view gen-
erated 2D bounding boxes with point clouds. We render
multi-view images from point clouds and utilize the VLM-
based segmentation model [14, 28] to obtain binary masks
as the LASO task requires models with high-level reason-
ing capabilities. These point-wise features serve as tar-
get geometric patterns to identify affordance regions via a
mask decoder. Unlike existing methods that project 2D fea-
tures into point space [18, 35, 39, 42] or distill 2D features
into 3D models [32], we bypass the direct use of 2D fea-
tures, and instead take masks from different views as 3D
geometry-aware voting weights, which avoids the computa-
tional overhead introduced by the 2D backbone. Addition-
ally, VLMs demonstrate robust generalization capabilities,
making them ideal for out-of-distribution cases, e.g., images
are rendered from 3D objects.

3. Method

Task Definition. As shown in Fig. la, given a question
Qraw and an object point cloud P, € RNVP X3 with Np
points, the goal is to predict a binary mask of M € RV” that
segments the aff part specified by the question.

Overview. As shown in Fig. 2, GLANCE first encodes the
object points and question with pre-trained points and text
backbones. To retain generalizable knowledge at the inter-
mediate stage, we design a cross-modal connector (CMC)
that bridges the Multi-Head Attention (MHA) and Feed
Forward Network (FFN) layers across backbones side the
transformer block using shared MLPs, facilitating the gen-
eration of enriched pointwise 3D features and question em-
beddings at the output of the backbones. During decoding,
we first render multiview images of the object and apply
a 2D VLM to segment question-referred regions, produc-
ing 2D binary masks. Then, we design a Geo-Aware Query
Generator (GAQG) that projects a set of sparsely sampled
object points onto each mask. Based on the intra-view reli-
ability and cross-view consistency of these 2D projections,
a subset of 3D key points is sampled, and their correspond-

ing pointwise features are used to form geometric queries.
Finally, these geometric queries, together with the question
embedding, are fed into a mask decoder to inform the 3D
affordance region.

Feature Representation. Given a question Q)r,y, We en-
code it as a sequence of N tokens using a tokenizer from
Roberta [19], producing the text embedding Q € RVe*Ce,
For the object points Pr,, € RV?*3 we adopt a commonly
used tokenizer from [25, 46, 50], where Farthest Point Sam-
pling (FPS) selects N center points from P, each ex-
panded into a local patch of k-nearest neighbors. The re-
sulting N patches are encoded with PointNet [26], yield-
ing the point embedding P € RNV *Cr . Here, C and Cp
denote the feature dimensions of the question and point em-
beddings, respectively.

3.1. Encoding with Cross-Modal Connector

To enrich the pointwise features while preserving gener-
alizable knowledge at intermediate stages, we introduce
a Cross-Modal Connector (CMC). The CMC modulates
transformer-style backbones, integrating complementary
affordance cues from text and 3D point representation.

Specifically, the tokenized points P € RN* P and ques-
tions embedding Q € RN X< are first processed through
frozen text and point backbones, respectively. Inside the
transformer block, CMC bridges the Multi-Head Attention
(MHA) and Feed Forward Network (FFN) layers across the
two backbones using a stack of linear layers. Taking the
MHA in a transformer block as an example, since P and Q
are processed with different feature dimensions, we first ap-
ply separate linear projections to map each embedding into
a shared feature space. Next, a shared MLP layer integrates
complementary signals from both modalities, followed by
separate projections that restore the output dimensions and
add back to each backbone. Formally, for the i-th trans-
former block with as input Q* and P?, the output Q“*! and
P! are derived as:

Q! = Upl(MLP!(Down) (Q))) + Q%, (1)
Pt = Uph (MLP! (Down's (PY))) + P, 2

where Down’, € RE7*C€ and Up’ € RE*CP denote the lin-
ear projections in ¢-th MHA block of point backbone. While
Downég €R%*C and Upg € RE*CQ represent linear pro-
jections for i-th MHA block in text backbone, with C' as
the shared feature dimension. The shared projection MLP?,
with a hidden dimension D, acts as a bridge, allowing gradi-
ents to propagate between the two modalities and facilitat-
ing the exchange of generalizable geometric cues with text
representations. Similar to MHA, we also adapt this shared
design to the FFN across two backbones.

Notably, since the text and point backbones may have
different numbers of transformer blocks, the CMC mod-
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Figure 2. Overview of GLANCE. During encoding, GLANCE processes object points and the question through pre-trained 3D and text
backbones, with CMC linking MHA and FFEN layers via shared MLPs to enrich pointwise 3D features and question embeddings. In
decoding, multi-view images are rendered, and a 2D VLM segments question-referred regions into 2D binary masks. GAQG projects
sparse object points onto each mask, selecting key 3D points based on projection reliability and cross-view consistency. These points form
geometric queries, which, along with the question embedding, guide the mask decoder in identifying the 3D affordance region.

ule is only applied to the last few layers of each back-
bone to ensure alignment. To acquire the final outputs, a
feature propagation module [26] is employed to upsample
the processed point tokens into the pointwise embedding.
These pointwise embeddings, along with the text embed-
dings are mapped to C' dimension via two linear layers,
yielding pointwise feature Fp € RV?*C and question fea-
ture Fo e RNexC,

3.2. Decoding with Geo-Aware Query Generator

To equip the model with prior knowledge of unseen objects,
we introduce the Geometry-Aware Query Generator. This
query generator extracts informative key points from 2D
segmentation masks. The feature of these key points acts
as geometric queries to guide a DETR-style 3D affordance
decoder, facilitating the identification of affordance regions
on unseen objects.

Geo-Aware Query Generator (GAQG). As illustrated in
Fig. 3, to inform the 3D affordance with 2D priors, we first
render a set of L multi-view images {I' | I' €¢ RF"W}L |
from the object point cloud. We then employ an off-
the-shelf VLM-based image segmentation model [14, 28],
which processes each multi-view image with the question
to produce corresponding binary segmentation masks. This
results in a set of 2D segmentation masks {S' | §' €
{0, 1}>WAL | with 1 indicting the question-referred re-
gion. Next, we project Ny FPS-sampled points (obtained
from the tokenizer in Sec. 3) onto each 2D mask. Then,
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Figure 3. Illustration of key point sampling with Intra-View Reli-
ability and Cross-View Consistency.

taking the projection result and multi-view masks, we sam-

ple K key points out of N candidates according to the

following criteria:

* Intra-View Reliability: For points whose 2D projections
lie within a masked region, those closer to the mask cen-
ter are more likely to be sampled, as the center typi-
cally indicates higher confidence. Formally, for a point
P, € {pj j=1> we evaluate its intra-view score in the l-th

view as:
d(p R Cl)

Silnlra(pj) = 5l(pj) - €Xp <_;> s 3

where ¢;(p ) is an indicator function that equals 1 if the

2D pr0]ect10n of p; lies within the masked region and 0
otherwise, d(p;, ¢;) is the Euclidean distance between the
2D projection of p; and the center ¢; of the masked region
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in the [-th view, and o is a scaling parameter that controls
distance sensitivity.

¢ Cross-View Consistency: If a point is identified across
masked regions of multiple views, its likelihood of be-
ing sampled accumulates, as such consistency across
views suggests higher reliability. The cross-view score
Scmss(pj) is calculated by summing its intra-view score
across all L views:

Z @)

Finally, we softmax-normahze the Cross-view scores to ob-
tain the probability P(p;) for each of Ny candidates:

Cl”OS§ p7

exp(Seross (P;)) .
Zk T, exp(Seross (P )

P(pj) (5)

We then sample K points from N candidates based on
their probabilities, and construct the geometric query G €
RE*C by collecting their point-wise features from the en-
coded representation Fp. These queries encapsulate geo-
metric prior provided by the 2D VLM, guiding the identifi-
cation of affordance regions. During training, this sampling
is stochastic, while for inference, the top- K points with the
highest probabilities are selected.

Affordance Mask Decoder. Inspired by the success of
query-based segmentation methods [16, 34], which form
target-specific cues as queries, our mask decoder uses af-
fordance cues derived from VLM-elicited key points and
question semantics to generate the segmentation mask for
the object. Specifically, we concatenate the G with text em-
bedding Fq as a query to the decoder, along with the en-
coded point-wise feature Fp used as key and value:

A = Transformer-Decoder([G; Fg],Fp). 6)

Following [16], the generated embedding A € R(K+Na)xC
is passed through an MLP to produce (K +Ng) dynamic

kernels Q = {w;},_ K+NQ) Each kernel w; is used to con-
volute the point-wise feature Fp, resulting (K+Ng) point-
wise masks {M; }(K+NQ)

M; = {Fp w5 @)

Then, we apply mean pooling over all masks {M;} fol-
lowed by a sigmoid activation to obtain the final segmen-
tation mask M€ RV7:

M = o(Mean-Pool({M;, }\% "Ny, (8)

where o (-) denotes the sigmoid function.

In essence, the geometric query focuses on regions with
similar geometry, while the text embedding ensures that this
focus aligns with the affordance described in the question.

Objective. Following existing work [16], we use the Dice
loss and Binary Cross-Entropy (BCE) loss to supervise the
affordance prediction:

L= LpcE + Lpice €)
4. Experiment
Implementation Details. We leverage pre-trained models
for our backbone, specifically Uni3D [50] as the point cloud
encoder and RoBERTa [19] as the text encoder. Our train-
ing procedure follows the configuration settings outlined in
LASO [16]. The dimension of the point features C' is set
to 512. We utilize the Adam optimizer [13] with an initial
learning rate of 1 x 10~*. We train the model for 40 epochs
using a mini-batch size of 16. We apply a StepLR sched-
uler with a step size of 10 epochs and a decay factor of 0.5.
We set the number of sampled points per view to 5 for op-
timal performance in the main result. To render multi-view
images, we employ RepKPU [29] to upsample the original
point clouds by a factor of 64, producing a denser and more
continuous representation of each object. We then use Mit-
suba3 [10] to render the upsampled point clouds into images
from four viewpoints. Image segmentation masks are gen-
erated for each view using LISA[14] and GLaMM [28] in
response to specific questions.
Dataset. We evaluate our method on two 3d language-
guided affordance segmentation datasets. LASO [16] com-
prises 19,751 paired samples across 23 categories, featuring
8,434 distinct point object shapes. There are 17 affordance
types and 870 questions matching them. The difference be-
tween Seen and Unseen settings is that some seen objects
are removed from the training dataset while keeping the
testing dataset the same. LangSHAPE [30] divided into
part-wise and object-wise grasp detection grain modes. The
part-wise mode contains 42,109 objects and 547,417 point
clouds from 35 categories. The language configuration has
1.38 million sentences, divided into 7 subsets. We use the
part-wise mode with full sentences subset, sampling 3,735
point clouds and matching questions for training.
Seen vs. Unseen The standard LASO [16] dataset provides
two settings: (1) Seen, where training and testing include
the same set of affordance-object combinations, including
17 affordance types and 23 object categories, composing
58 unique affordance-object combinations; and (2) Unseen,
for 11 out of 17 affordance types, objects of certain classes
are omitted from training but evaluated at test time. Detailed
statistics can be found in Appendix A.
Evaluation Metrics. Following the existing work [16], we
assess our model by Mean Intersection Over Union (mloU),
Area Under the Curve (AUC), Similarity (SIM), and Mean
Absolute Error (MAE), with mIoU being the key indicator.

4.1. Main Result

We present the results on the LASO [16] dataset in Tab. 1,
demonstrating GLANCE’s strong generalization ability on
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Table 1. Results on the LASO [16] dataset. The best and
second-best performance are highlighted.

Method mloU 1 AUC 1 SIM 1t MAE |
ReferTrans [23] 13.7 79.8 0.497 0.124
ReLA [17] 15.2 78.9 0.532 0.118
o 3D-SPS [21] 11.4 76.2 0.433 0.138
:;3) TAGNet [43] 17.8 82.3 0.561 0.109
PointRefer [16] 20.8 87.3 0.629 0.093
GEAL [20] 22.0 86.7 0.634 0.092
GLANCE 233 88.1 0.632 0.089
ReferTrans [23] 10.2 69.1 0.432 0.145
ReLA [17] 10.7 69.7 0.429 0.144
S 3D-SPS [21] 7.9 68.8 0.402 0.158
g TIAGNet [43] 129 77.8 0.443 0.129
= PointRefer [16] 14.6 80.2 0.507 0.119
GEAL [20] 16.7 80.9 0.567 0.106
GLANCE 18.7 81.7 0.532 0.112
Table 2. Results on the LangSHAPE [30] dataset.
Method mloU 1 AUC 1 SIM 1 MAE |
TAGNet [43] 59.2 90.1 0.712 0.158
PointRefer [16] 60.5 91.2 0.728 0.152
GLANCE 63.8 92.6 0.751 0.132

both seen and unseen objects. Key observations include:
(1) GLANCE outperforms existing SoTAs, with a signif-
icant improvement in mloU, confirming the effectiveness
of our design. (2) The performance gain in unseen set-
tings is more pronounced, as prior methods heavily relied
on class-specific patterns, limiting their transferability. We
also present the results on LangSHAPE in Tab. 2. All mod-
els were trained on the sampled training dataset and eval-
uated on the full test set. GLANCE outperforms all other
methods across all four evaluation metrics, achieving a no-
tably high mloU of 63.8%. Compared to LASO, perfor-
mance here is significantly higher, primarily because the
affordance questions in LangSHAPE are more straightfor-
ward. Each question is given as a short phrase specifying
both affordance type and object class, allowing the model
to directly infer the target region without complex reason-
ing. (Detail per-class result can be found in Appendix B.)

4.2. In-Depth Study

Ablation Study. Tab. 3 presents our ablation study results.
First, the baseline model, which excludes both the CMC and
GAQG modules, shows the lowest accuracy, highlighting
the effectiveness of our overall design. Removing the CMC
module decreases performance, as it restricts the model’s
ability to leverage generalizable patterns within the inter-
mediate layers for cross-modal alignment, thus reducing its
capacity to link affordance regions with textual cues. Simi-
larly, removing the GAQG module results in a performance
drop, as it eliminates the crucial 2D priors that enhance af-
fordance visibility. We further examine the intra-view relia-
bility and cross-view consistency within the GAQG module.

Table 3. Ablation results on the impact of different configurations
for the CMC and GAQG modules. Tow marks(v’, X) indicate the
presence or absence of each module. Feature or Random sampler
replace the GAQG module with sampling strategies.

CMC | GAQG | mloUt AUCt SIM{ MAE|
X X 21.3 85.8 0.607 0.095
X v 22.3 87.1 0.627 0.095
v X 21.7 87.1 0.630 0.094
v w/o Intra-View 224 87.6 0.630 0.091
v w/o Cross-View 219 86.2 0.627 0.091
v random sampler 21.5 87.0 0.631 0.093
v feature sampler 21.9 86.7 0.620 0.097
v ‘ v 23.3 88.1 0.632 0.089
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Figure 4. llustration of how sample size differences between Seen
and Unseen categories affect GLANCE’s performance gain over
the Baseline. Bars represent sample size differences for each af-
fordance type, while lines show test mloU for models trained on
Seen and Unseen. Improve (mloU): GLANCE - Baseline.

For “w/o Intra-View,” we replace distance-based probabil-
ity sampling with random sampling within each view, lead-
ing to a substantial performance decrease. For “w/o Cross-
View,” we omit the cross-view consistency check, caus-
ing another severe performance decline. Additionally, we
test a “Random Sampler” variant, which selects key points
entirely at random, resulting in even worse performance.
These outcomes validate the effectiveness of our key point
sampling strategy. As a comparison, we also evaluate us-
ing point cloud features or random sampling in place of the
GAQG’s 2D prior queries. These alternative methods per-
form poorly, as 2D priors derived from image masks pro-
vide high-confidence candidates, whereas raw point cloud
features lack a direct correlation with affordance regions.

Impact of Sample Size Differences between Seen and
Unseen Categories on Performance. In LASO, the un-
seen data is created by omitting certain objects from the
seen set. For instance, while the seen training set includes
“grasp-mug” and “grasp-bag”, the unseen set is generated
by removing “grasp-mug.” This setting expects the model to
learn generalizable affordance knowledge, such as “grasp”,
and apply it to an unseen object during testing. Note that
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Table 4. In-depth study on CMC and GAQG. The best performance is in bold.

(a) CMC with last few blocks.

(b) Study on CMC hidden dimension D.

(c) Study on number of views L.

Layer |[mloUt AUCT SIM1 MAE |

Dim |mloUt AUCt SIM? MAE| | Seen \ Unseen

11—12| 222 87.1 0.626 0.098 32 22.1 87.0 0.622
912 233 88.1 0.632 0.089 64 23.3 88.1 0.632
7—12 22.5 87.1 0.622 0.095 128 21.7 86.8 0.623
5—12 22.1 87.3 0.619 0.094 256 226 86.5 0.623

0.09 |mIoU1 AUCt SIM+ MAE||mloU{1 AUCt SIM+ MAE |
0080 | 224 87 0623 0093 | 180 809 0520 0.125
0093 2| 219 865 0624 0093 | 176 807 0516 0130
0095 3| 27 867 0629 0094 | 183 810 0521 0123
: 4| 233 881 0.632 008 | 187 8.7 0532 0112
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(a) VLM segmentation models. (b) Num of Key Points K.
Figure 5. (a) Results of different VLM segmentation models, and
(b)key point numbers K on the Geo-Aware Query Generator.

both the seen and unseen settings share the same valida-
tion and test sets. Fig. 4 shows the performance of the
baseline (without CMC and GAQG) for each unseen affor-
dance type. Each bar represents the difference in sample
size for that affordance type, and the line indicates mloU
performance. We observe that GLANCE achieves greater
improvements over the baseline for affordance types with
larger sample gaps, validating our design’s effectiveness in
handling unseen categories, even with limited samples of
similar affordances. Additionally, the results highlight sub-
stantial improvements in affordance types like “Display”
and “Stab”, where distinct visual patterns enable the model
to effectively leverage prior cues. In contrast, affordances
such as “Wrap Grasp” and “Move” show modest gains,
as these require more context-specific interactions to accu-
rately identify relevant regions.

Impact of CMC in Different blocks of Backbone. In-
spired by [41], we equip our CMC to the last few blocks
of the transformer-style backbone. Since our text backbone
has 12 blocks, we study which layers to embed our CMC
modules and show the results in Tab. 4a. For consistency,
the hidden dimension of the shared projection layers is set
to 64. Embedding CMC into 4 middle layers achieves the
best performance, with an mIOU of 23.3%. In contrast, em-
bedding CMC modules too early or too late yields relatively
worse results. We hypothesize that this is because the low-
level layers in the backbone capture modality-specific fea-
tures, making CMC less effective. On the other hand, the
high-level layers are more focused on semantic information
than geometric details and local structural features, making
it challenging for the CMC modules to effectively bridge
modality differences. Embedding CMC in the middle layers
allows for capturing generalizable geometry features and
bridging text representations, which improves performance.

Impact of Hidden Dimension D in CMC. The CMC mod-
ule incorporates a shared three-layer MLP with a hidden di-
mension of D. We investigate the impact of D with the
embedded CMC fixed at the last 4 layers of the backbone
for all runs. As depicted in Tab. 4b, the best performance is
achieved at 64. We attribute this to a balance between ex-
pressiveness and overfitting risk. A larger hidden dimension
increases parameter count, enhancing the network’s ability
to model complex features but raising the risk of overfitting.
Conversely, a smaller dimension may lead to insufficient
representational capacity, limiting the network’s ability to
capture and transfer essential cross-modal features.

Impact of Number of Views L. As shown in Tab. 4c,
we analyze how the number of views L affects Cross-View
Consistency. For consistency, total number of the key points
K is fixed to 20. Increasing L enables the model to capture
more diverse geometric affordance information while mini-
mizing noise and occlusions, effectively utilizing 2D priors
to find truth candidates. The best result is L = 4 on both
two categories. Interestingly, using a single view (L = 1)
achieves the second-highest mIoU of 22.4% on the Seen, as
it probably captures a more focused mask.

Different 2D segmentation masks. To evaluate
GLANCE’s reliance on 2D segmentation quality, we re-
place the default LISA-generated [14] 2D masks with
those produced by an alternative VLM-based segmentation
model, GLaMM [28]. A manual inspection of their 2D
segmentation results reveals that LISA provides more ac-
curate and reasonable masks compared to GLaMM. Con-
sequently, as shown in Fig. 5a, the LISA-based GLANCE
model achieves superior performance in both seen and un-
seen settings. This indicates that GLANCE is affected by
2D segmentation results, and higher-quality 2D masks lead
to improved affordance segmentation. (See more analysis
on 2D segmentation in Appendix C.)

Impact of Number of key Points K on GAQG. We study
the impact of sampling K key points out of Ny candidates
on Fig. 5b. The number of views L is set to 4 for this exper-
iment. The overall trend shows that mIoU initially increases
with K but declines after reaching a peak. Sampling a mod-
erate number of key points generates crucial prior queries,
leading to better accuracy. However, as K increases, it in-
troduces noisy points outside the target regions, resulting
in a decline in the performance. Seen and Unseen settings
achieve the highest mloU at 20 and 28, respectively. This
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Considering the structure of the bag, what area would be
most stable for opening?

If you want to look at the time, which points on this clock
would you look at?

To type on a computer keyboard, which points on each
key should your fingers apply pressure to?

If you want to open the microwave, from which points on
the door would you touch?

When you try to grab the bag, at which points will your
palm position be?

For the best control and safety when holding a knife,
which part should your palm and fingers wrap around?

| L i
ES £ -
- - "
If you want to move this table, at which points on this
table will you exert your strength?

ooy

To open a door with ease and control, where on the door
should you apply force or grasp the handle?

Ground Truth | SoTA Ours Ground Truth

SoTA Ours
Figure 6. Case Study of GLANCE: Each example includes a question and three shape predictions from PointRefer [16], GLANCE, and

Ground Truth, with the segmented affordance part highlighted in red.

difference suggests that unseen objects benefit from a larger
number of sampled points to gather target geometry.

4.3. Qualitative Results

Case Study. We show the affordance labels for different
problems in Fig. 6. Like the first case, PointRefer [16]
fails to identify the actual opening area of the bag. In con-
trast, GLANCE uses multi-view image segmentation prior
to accurately capturing the side region. As demonstrated by
the computer keyboard example, GLANCE shows strong
recognition capabilities for fine-grained affordance regions.
Failure Analysis. We present two failure cases in Fig. 7.
The first one involves frequent over-segmentation issues.
The model is not sensitive to the tilt of surfaces, so it as-
sumes that the inclined plane is also suitable for sitting. The
second one involves incorrect region predictions. However,
in this case, GLANCE'’s prediction gets a low score, though
we still believe it is a reasonable prediction.

5. Conclusion

In this work, we analyzed the limited generalizability of
LASO models on unseen categories, identifying chal-

What are the ideal locations
for sitting to ensure both
comfort and stability?

Which part of the mug
allows for the most efficient
wrap-grasping method?

Ground Truth

Ours Ground Truth Ours

Figure 7. Failure cases due to over-segmentation (left) and incor-
rect region predictions(right).

lenges with underutilized patterns in backbone layers
and variability of affordance regions. To address these
issues, we proposed GLANCE, which integrates a cross-
modal connector for aligning text and 3D backbones
and a geo-aware query generator using VLM-segmented
multi-view masks. GLANCE achieves significant im-
provements over existing methods, especially on unseen
categories, and we hope this work will inspire further re-
search into enhancing the generalizability of LASO models.
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