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ABSTRACT Human-assistant robots must understand human-object interactions to execute collaborative
manipulation tasks described in natural language. While affordance learning addresses this need, current
approaches face a fundamental trade-off: 2D methods capture action-relevant object semantics but lack
robust 3D geometric reasoning, whereas 3D methods demand labor-intensive point cloud datasets. To bridge
this gap, we propose a one-shot 3D affordance learning framework that grounds action verbs directly into
3D Gaussian Splatting representations. Our key insight is that verb-centric affordances from sparse 2D
signals can be lifted into view-consistent 3D representations without explicit 3D annotations. Specifically,
our framework requires only a single affordance-labeled image per scene during training, and zero reference
images at inference. Operating seamlessly with natural language, this approach eliminates the need for
explicit object- or part-level queries, enabling rapid inference crucial for multi-stage tasks. Extensive real-
world experiments demonstrate that our approach outperforms baselines reliant on 2D affordances or
part-level reasoning, particularly in challenging long-horizon multi-stage settings.

INDEX TERMS 3D vision, vision for robotics, affordance learning.

I. INTRODUCTION
Affordance learning, which enables robots to perceive
actionable object properties, is a fundamental component
of autonomous robotic manipulation [1], [2]. By capturing
how objects can be functionally interacted with, affordances
support a wide range of downstream tasks, including
grasp generation, motion planning, and scene understanding,
particularly in unstructured environments [3]. Importantly,
affordances allow robots to reason about interactions at the
level of human-intuitive actions, e.g., pick up the basket,
rather than requiring explicit, low-level part specifications,
e.g., grasp the handle of the basket, making affordances
especially suitable for language-guided manipulation.
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Despite their success, conventional affordance learning
approaches are predominantly confined to the 2D image
plane, representing affordances as heatmaps or segmentation
masks [4], [5]. However, real-world robotic manipulation
inherently requires reasoning about 3D spatial structure.
To address this limitation, existing methods typically adopt
one of two strategies: either projecting these 2D features
into 3D space using RGB-D sensors, or developing native
3D models that infer affordances directly from point
clouds [6], [7].

However, these paradigms present critical limitations for
robust robotic manipulation. First, due to the lack of explicit
geometric priors, purely 2D methods often yield inconsistent
affordance predictions under the drastic viewpoint changes
encountered in dynamic robotic operations [8], [9]. Second,
methods that rely on projecting 2D affordance into 3D
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space using RGB-D observations are highly susceptible to
sensor noise, particularly when encountering transparent or
reflective surfaces [9], [10]. While explicit 3D reasoning
is essential to overcome these sensory and geometric
ambiguities, native point cloud-based approaches introduce
a different bottleneck. Lastly, learning affordances directly
from point clouds typically requires densely annotated 3D
datasets [6]. Collecting such data is not only prohibitively
costly but also typically restricted to simulated shapes,
creating a significant domain gap when transferring to
visually complex real-world objects.

Recent advances in 3D scene representations have moti-
vated the adoption of 3D Gaussian Splatting (3DGS) [11]
for the efficient and high-fidelity modeling of complex
environments. By representing scenes as differentiable
Gaussian primitives, 3DGS enables dense, view-consistent
encoding of geometry and appearance, making it an attractive
representation for robotic perception. However, leveraging
such representations for downstream robotic manipulation
remains challenging. Existing approaches that infer 3D
affordances directly within 3DGS suffer from similar bottle-
necks as point cloud-based methods, namely the reliance on
exhaustively annotated 3DGS datasets [12], [13]. To alleviate
this annotation burden, some methods employ CLIP-based
object recognition; however, they still require explicit
part-level specifications to precisely identify interaction
regions [14], [15], [16]. Consequently, a significant gap
remains between expressive 3D scene representations and
semantically grounded, language-conditioned affordances
for robust robotic manipulation.

To bridge this gap, we propose AffoRo-GS, an affor-
dance learning framework that grounds natural language
actions in 3D Gaussian scene representations for multi-stage
robotic manipulation. Given an affordance-labeled image,
our method learns action-aligned visual features without
requiring 3D affordance annotations, relying solely on
single-image 2D supervision per scene. These features are
subsequently lifted into a dense 3D Gaussian representation,
enabling robust and view-consistent localization of action-
able regions within the 3D scene. By aligning these 3D
features with textual embeddings derived from action verbs,
our model enables robots to interpret and execute multi-stage
manipulation tasks directly from high-level language com-
mands, without requiring explicit part-level instructions
(see Fig. 1).

Our contributions are summarized as follows:
• We propose a one-shot 3D affordance framework that
lifts 2D-supervised visual features into 3D Gaussians,
eliminating the need for 3D affordance annotations
while ensuring view-consistent spatial grounding.

• We extend affordance reasoning from isolated point
clouds to entire cluttered 3D Gaussian scenes, enabling
high-level semantic language groundingwithout explicit
part-level queries.

• We validate our approach on seven real-world multi-
stage robotic manipulation tasks, achieving an average

FIGURE 1. Task overview. A natural language instruction, e.g., ‘‘Cut the
cabbage with the knife’’, is decomposed into an ordered sequence of
manipulation stages. At each stage, the model grounds the specified
action, e.g., grasp, place, cut, to a task-relevant 3D affordance region on
the corresponding object or tool. The top panel displays the scene and
the objects involved, while the bottom panels visualize example
affordance localizations for different stages.

success rate of 40% across challenging action sequences
consisting of three to seven steps.

II. RELATED WORK
A. AFFORDANCE LEARNING IN ROBOTICS
Affordance learning has emerged as a fundamental paradigm
for connecting perception and action in robotics [19],
[20], [21]. Early works primarily focused on projecting
2D affordances into 3D maps via RGB-D cameras [22]
but required exhaustive manual point cloud annotations.
To address this, recent works distill indirect annotations from
human-object interaction videos into 3D representations [10],
[18], [23]. However, methods like Splat-MOVER [18]
extract task-agnostic affordances, lacking the task-relevant
and semantically meaningful features needed for robust and
complex manipulation.

Recent Vision-Language-Action (VLA) models leverage
external large foundational models, such as LLMs and
VLMs, for affordance reasoning [20], [24], [25]. While
demonstrating strong generalization, their reliance on chain-
of-thought reasoning introduces significant inference latency,
making them suboptimal for real-time control. Conversely,
lightweight language-guided robotic manipulation frame-
works use vision-language models like CLIP [26] for target
localization [14], [27], [28], [29]. Yet, standard CLIP features
lack fine-grained affordance understanding, relying heavily
on explicit, part-specific textual descriptions. Consequently,
these methods fail to explicitly model the action-centric
affordances inherent in natural language instructions.

B. 3D AFFORDANCE
3D affordance learning has been studied as a fundamental
mechanism to guide robotic interaction and grasping [6],
[7], [9], [30]. Early methods projected affordances from
simulated data onto real-world point clouds using architec-
tures like PointNet [31] and establishing geometric corre-
spondences. However, acquiring diverse, manually annotated
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TABLE 1. Comparison of our method against prior work on key capabilities for sequential manipulation tasks.

3D point cloud datasets remains a highly labor-intensive
bottleneck. To mitigate this, 2D-to-3D projection tech-
niques [32], [33], [34], [35] utilize 2D object categories to
enhance generalizability and reduce 3D data requirements.
Nevertheless, they still fundamentally rely on 3D point clouds
for supervision.

Recently, 3D Gaussian Splatting (3DGS) [11] has emerged
as a robust, photorealistic alternative to raw point clouds,
mitigating occlusion and depth sensor noise. Although
current 3DGS-based affordance inferencemethods [12], [13],
[36], [37] yield high geometric precision, their dependence on
custom, explicitly annotated 3DGS-based datasets [12], [13]
severely restricts scalability. To overcome this limitation,
our approach combines 3DGS with a 2D-to-3D projection
paradigm. By training solely on 2D images and directly
projecting the inferred affordances into 3D, we completely
eliminate the need for 3D training data and annotation.

C. ONE-SHOT AFFORDANCE LEARNING
The definition of task-oriented affordances varies signifi-
cantly across studies, particularly regarding the granularity
of segmentation masks or 3D point cloud labels. Conse-
quently, acquiring large-scale, consistently annotated datasets
remains a major bottleneck, driving the adoption of one-shot
learning [9], [17], [38], [39].
Recent methods leverage foundation models such as

DINO [40] or CLIP [26] for low-data reasoning. However,
these methods still present practical limitations. For instance,
AffCorrs [17] strictly relies on explicitly stored support
sets of reference images at inference time to compute
feature similarities for retrieving and transferring affordances
from the most closely matched reference. Conversely, while
methods like OOAL [8] eliminate the need for reference
images, they operate primarily in the 2D image plane.
By relying on per-view 2D predictions, these techniques
fail to produce the spatially coherent and view-consistent
3D representations crucial for reliable real-world robotic
manipulation.

While O3Afford [9] extends one-shot learning to 3D
using annotated point clouds, its formulation focuses strictly
on object-to-object interactions. It requires explicitly paired
source and target point clouds (e.g., a tool and a target
object) to predict geometric interaction points. Since their
affordances are not language-conditioned and assume a

FIGURE 2. Model overview. Our model begins by encoding action verbs
from multi-stage instructions into text embeddings Ft and multi-view
RGB images into 2D image embeddings Fv . The 2D embeddings are
uplifted into 3D Gaussians to form 3D visual features fv . Finally, the
model localizes task-relevant object regions by computing the similarity
between the affordance text embeddings f̂t and uplifted 3D visual
features fv . The localized regions are passed through a grasp pose
detection model to estimate the 6D grasp pose for robotic execution.

fundamentally different problem setting, a direct comparison
with our scene-level framework is infeasible.

As summarized in Tab. 1, our approach resolves these
limitations by uniquely combining a 3DGS-based represen-
tation, single-image supervision, and verb-level language
grounding in 3D scene. Operating in a one-shot setting, our
framework requires no reference images at test time. Instead,
we leverage vision-language models to learn task-oriented
affordances from sparse 2D annotations and directly align the
visual feature representation with action verbs, eliminating
the need for explicit part-level textual queries. Rather than
relying on 2D planes, we lift these learned 2D affordance
features into a view-consistent 3D Gaussian representation,
entirely avoiding the viewpoint inconsistencies inherent
in prior 2D methods. Ultimately, this unified formulation
enables scalable 3D affordance inference derived purely from
minimal 2D supervision, making it particularly suitable for
long-horizon multi-stage robotic manipulation.

III. METHOD
In this section, we present AffoRo-GS, a one-shot 3D
affordance learning framework that grounds natural language
actions in 3D Gaussian scene representations. Given a single
affordance-labeled image, our method learns action-centric
affordance features in 2D and uplifts them into a unified
3D representation that can be reused across viewpoints and
task stages. Our approach does not require 3D affordance
annotations or explicit part labels. As illustrated in Fig. 2,
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the pipeline consists of three stages: (i) uplifting affordance-
aware 2D visual features into a 3D Gaussian represen-
tation, (ii) aligning these features with action-conditioned
text embeddings, and (iii) localizing affordance-consistent
regions to guide robotic grasp execution.

A. PROBLEM DEFINITION
We aim to enable a robot to execute high-level natural
language instructions by inferring task-relevant affordances
directly in 3D space. Given a language command and a
single affordance-labeled image captured from an arbitrary
viewpoint, our goal is to localize action-consistent regions
within a 3D scene representation to guide robotic manipu-
lation. To this end, we formulate affordance grounding as a
multimodal alignment problem between visual features and
language-conditioned action semantics as illustrated in Fig. 2.
We employ a transformer decoder architecture, termed the
affordance decoder, to fuse visual and textual information,
enabling flexible affordance grounding without the need for
part-level annotations.

B. PRELIMINARY: 3D GAUSSIAN SPLATTING
3DGS represents a scene as a set of differentiable 3D
Gaussian primitives, enabling high-fidelity reconstruction
together with real-time novel-view rendering. Each primitive
Gi is parameterized by a 3D mean position µi ∈ R3,
a full covariance matrix 6i ∈ R3×3, an opacity parameter
αi ∈ (0, 1), and view-dependent color attributes encoded
using spherical harmonics (SH) coefficients.

Given a camera with viewing direction d , each 3D
Gaussian is projected onto the image plane, resulting in a 2D
Gaussian footprint. For a pixel p, let Sd,p denote the set of
projected Gaussians that overlap p, sorted in ascending order
of depth along the viewing ray. The rendered color Ĉ(p, d) is
obtained via front-to-back alpha compositing:

Ĉ(p, d) =

∑
i∈Sd,p

wi(p, d) ci(d), (1)

where ci(d) denotes the view-dependent color of i-th
Gaussian, and the compositing weight wi(p, d) is defined as:

wi(p, d) = αi(p, d)
∏

j∈Sd,p, j<i

(
1 − αj(p, d)

)
. (2)

Here, αi(p, d) represents the opacity contribution of Gaus-
sian i at pixel p for viewing direction d .

C. UPLIFT GAUSSIAN AFFORDANCE
Given a preconstructed 3DGS scene, our goal is to infer
task-relevant and view-consistent 3D affordances by uplifting
multi-view 2D visual features into the Gaussian-based 3D
representation. To achieve this without introducing additional
networks or modifying the underlying 3DGS formulation,
we adapt the feature aggregation strategy fromLUDVIG [16].

Specifically, let Fv(d, p) ∈ RC denote a 2D visual feature
extracted at pixel p from view d . The set of (view, pixel) pairs

contributing to a specific Gaussian Gi is defined as:

Si = {(d, p) | i ∈ Sd,p}, (3)

where Sd,p denotes the ordered set of Gaussians contributing
to pixel p in view d . We denote the aggregated 3D visual
features of the entire scene as fv ∈ RN×C , where N is the
total number of Gaussians. The feature corresponding to the
i-th Gaussian, denoted as fv,i ∈ RC , is computed as:

fv,i =

∑
(d,p)∈Si

w̄i(d, p)Fv(d, p), (4)

with normalized weights defined as:

w̄i(d, p) =
wi(d, p)∑

(d,p)∈Si wi(d, p)
, (5)

where wi(d, p) is the rendering weight in Eq. 2.
This procedure lifts 2D visual features into a geometry-

aware and view-consistent 3D affordance representation
anchored at individual Gaussian primitives. Importantly, the
uplifting process relies solely on the rendering weights of
the preconstructed 3DGS scene and does not require training
additional networks.

D. AFFORDANCE TRANSFORMER
The affordance transformer learns amodality-aligned embed-
ding space in which task-relevant textual affordance descrip-
tions and visual features are explicitly aligned. Our model
consists of three components: (i) a part-aware visual encoder,
(ii) a semantically rich text encoder, and (iii) a cross-attention
transformer decoder that produces visually grounded affor-
dance text embeddings.

1) AFFORDANCE VISUAL ENCODER
To accurately infer affordance visual features, it is crucial to
utilize an encoder that generates part-aware representations.
This necessitates a visual encoder capable of extracting fine-
grained, part-aware representations. Accordingly, we employ
DINOv2 [40], which is renowned for its ability to produce
high-resolution features with strong part-level semantic
correspondence. To effectively capture the affordances from
multiple parts of objects, we aggregate hierarchical features
from the final layers of the DINOv2 backbone. This
fusion strategy provides a comprehensive representation that
encodes both the overall object structures and the fine-grained
details essential for robust affordance reasoning.

2) CLIP TEXT ENCODER
While the CLIP text encoder excels at visual-text alignment,
it struggles to comprehend domain-specific vocabularies,
such as affordances [8]. Naive fine-tuning is suboptimal, as it
risks degrading CLIP’s zero-shot generalization capabilities.
Although methods like OOAL [8] attempt to mitigate this
using CoOp-based prompt tuning [41], optimizing context
vectors inherently biases the text embeddings toward the
training distribution. To overcome this limitation, we adopt

54574 VOLUME 14, 2026



H. Kim et al.: One-Shot 3-D Affordance Learning for Multi-Stage Robotic Manipulation

an ensemble of manually designed prompts instead of
learnable prompts. This strategy preserves a broad semantic
coverage, avoiding the narrow bias of tuned embeddings.
By delegating the cross-modal alignment to the affordance
decoder, we allow the model to refine the broad text
embeddings by conditioning them on visual features, rather
than overfitting the embeddings themselves.

3) AFFORDANCE DECODER
To align the DINO visual features Fv with the affordance
text embeddings Ft , we employ a cross-attention transformer
decoder, where the text embedding Ft serves as the query,
while the visual features Fv provide the corresponding keys
and values. This attention process is guided by the visual
backbone’s CLS token, which provides a global summary
of the visual input. Our transformer decoder finally outputs
a visually-grounded text embedding F̂t , aligned with the
specific visual affordances of the object.

Our transformer decoder is trained with Fv from one-shot
affordance-labeled images and tested with 3D uplifted visual
features fv that are computed in Eq. 4. The lack of 3D ground
truth data precludes the supervised training of the transformer
decoder with 3D data. To adapt our transformer decoder for
3D affordance visual features fv, generating the guidance
token Mcls is problematic as it originates from a 2D-specific
backbone. To resolve this, we introduce a single linear layer
network φ′

c designed specifically to predict the Mcls token
directly from any visual feature set, decoupling it from the
2D backbone. During training, we stochastically replace the
backbone-derived token with the one inferred directly from
the new network, with the replacement probability increasing
to a maximum of 0.7.

Mcls =


sigmoid

(
φc(Lcls)KT

√
dk

)
if u ≥ p

sigmoid
(

φ′
c(Fv)K

T
√
dk

)
otherwise,

(6)

where dk is a scaling factor equal to the dimensions of
the keys, u ∼ U(0, 1) and p = min(0.7, epoch

max_epoch ).
Consequently, when processing 3D features at inference time,
φ′
c in Eq. 6 provides the necessary Mcls token, enabling our

original transformer decoder to operate without modification.

Q = φq(Ft ), K = φk (fv), V = φv(fv) (7)

Mcls = sigmoid
(

φ′
c(fv)K

T
√
dk

)
(8)

f̂t = softmax
(
QKT /

√
dk

)
·MclsV + Ft . (9)

E. AFFORDANCE LOCALIZATION AND
ROBOTIC MANIPULATION
To localize the target affordances within the scene, we evalu-
ate the similarity between the aggregated 3D visual features
fv ∈ RN×C and the text embeddings of the affordance
queries. For a given stage in a multi-stage manipulation
task, we define m text queries: one positive query, the target

affordance specified by the instruction, and m − 1 negative
queries. These negative queries consist of a default ‘back-
ground’ class and, optionally, other irrelevant affordances
present in the scene.

Let f̂t ∈ Rm×C in Eq. 9 denote the stacked text embedding
matrix for these queries. The raw similarity scores are
computed simultaneously via matrix multiplication:

simAff = fv · f̂ ⊺
t ∈ RN×m. (10)

Following standard CLIP querying practices [14], [42],
we process these raw scores simAff computed in Eq. 10 to
robustly suppress false positives. Detailed formulations of
this scoring mechanism are provided in the Appendix A

3D Gaussians whose final affordance scores exceed a
predefined threshold τ = 0.6 are identified as the
target affordance regions. To physically execute the robotic
manipulation, we extract 6-DoF grasp poses directly from
these localized Gaussians using the Grasp Pose Detection
(GPD) algorithm [43], similar to the approach used in
GraspSplats [14]. First, the point cloud used for GPD is
generated by using the learned centers µ of the subset of
3D Gaussians as the point coordinates. Then, we densified
the resulting point cloud for the target object region to reach
approximately 60k points and processed it using the GPD
algorithm to obtain a set of grasp poses. The grasp poses
with their translation vector to be within a certain distance of
the filtered Gaussian points are selected. Finally, the selected
grasp poses are sorted by score, with the highest-scoring
poses being prioritized for robotic manipulation.

IV. EXPERIMENTS
A. DATASET AND TASK SCENARIOS
Existing affordance datasets predominantly consist of
internet-sourced images with single-view observations or
decontextualized interactions. As a result, they lack the
multi-view coverage and geometric consistency required to
evaluate view-consistent 3D affordance inference in clut-
tered, task-oriented robotic environments. These limitations
render them unsuitable for studying affordance localization
in 3D Gaussian representations.

1) DATASET
To address this gap, we collect a real-world multi-view
affordance dataset comprising 11 task-oriented scenes,
encompassing over 19 distinct affordance types. To reflect
a realistic low-supervision and one-shot learning scenario,
only a single image per scene is annotated with task-oriented
affordance labels. Affordance annotations are generated
using SAM2 [44], and are used solely during training. This
dataset design enables rigorous evaluation of a model’s
ability to generalize affordance predictions across unseen
viewpoints and 3D geometry while operating under extreme
annotation sparsity. Details about dataset collection and
affordance annotations are described in the Appendix B.
Beyond our custom dataset, we utilized five datasets from
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FIGURE 3. Qualitative comparison of multi-view task-oriented affordance inference. Ground-truth affordances are annotated using SAM2.
Splat-MOVER relies on the Vision-Robotic Bridge (VRB) foundation model and produces action-agnostic interaction regions, while OOAL performs
per-view inference and exhibits significant viewpoint inconsistency. Our method uplifts action-aligned visual features into a unified 3D Gaussian
representation, resulting in stable and view-consistent affordance localization across diverse viewpoints.

TABLE 2. Quantitative comparison of task-oriented affordance prediction accuracy averaged across 16 tasks.

Splat-MOVER [18] and GraspSplats [14] to ensure a
comprehensive evaluation across diverse object categories
and environments.

2) TASK DESIGN
To evaluate task-oriented affordance reasoning under sequen-
tial decision-making settings, we design a set of interactive
robotic manipulation tasks composed of multiple action
stages. Each stage corresponds to a distinct action (e.g., pick,
place, insert) and requires grounding the action to a specific
functional region of the target object. Each task is formalized
as an ordered sequence of action–object pairs, as summarized
in Table 4. This formulation enables fine-grained evaluation

of whether a model can correctly localize affordances that are
not only spatially precise but also semantically aligned with
the intended action at each stage. In contrast to single-action
affordance benchmarks, our task design explicitly tests
the model’s ability to disambiguate object regions whose
functional relevance varies across different actions.

B. EXPERIMENTAL SETUP
Our affordance transformer is trained using one affordance-
labeled image per scene, while the corresponding 3D Gaus-
sian scene representations are optimized independently. This
separation ensures that we can update eachmodule separately
when there are changes, enabling efficient updates, and also
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ensures that other comparison methods in 3D affordance
predictions operate on identical geometric reconstructions
during inference. At test time, the predicted affordances
are uplifted from 2D image space into the 3D Gaussian
representation and subsequently used to guide grasp pose
generation via the GPD framework [43]. Further implemen-
tation details about the model training and subsequent robotic
manipulation are described in the Appendix C.

C. BASELINES
To evaluate our method’s capabilities under practical condi-
tions, we benchmark against two primary categories of base-
lines: affordance prediction models and a language-guided
robotic manipulation framework. For multi-view consis-
tency evaluation in task-oriented affordance prediction,
we compare our method against Splat-MOVER [18], a zero-
shot 3D task-agnostic affordance learning approach, and
OOAL [8], a one-shot 2D task-oriented affordance model.
To assess the accuracy of grasp pose localization via
natural language instructions, we compare our framework
against GraspSplats [14], which is a language-guided robotic
manipulation framework that requires part-specific queries.
Detailed rationales for baseline selection are provided in the
Appendix D.

For a rigorous evaluation, we adapt GraspSplats, which
typically requires explicit part-level queries to identify
interaction regions, under two settings: with such queries
(denoted as ‘w/ obj.’) and without them. These queries
typically specify structural components, such as ‘the handle
of’ or ‘the knob of’. In contrast, our method relies solely on
natural language action commands, requiring no explicit part-
level supervision. Additionally, to ensure a fair comparison,
we standardize the grasp generation module across all
methods by employing Grasp Pose Detection (GPD) [43].
The detailed parameters and grasp filtering strategies for GPD
are provided in the Appendix E.

D. EVALUATION METRICS
We evaluate our framework’s performance at two distinct
levels: 2D affordance prediction and robotic execution in 3D
space. To assess task-oriented affordances in 2D, we quantify
the prediction quality using two standard segmentation
metrics: similarity (SIM) [34] and mean Intersection over
Union (mIoU). To ensure robustness, the results for each
affordance are averaged across 16 scenes, with each scene
containing between 13 and 33 distinct test viewpoints.

For a fair comparison with 2D baselines, we follow the
evaluation protocol established by OOAL [8]. Specifically,
we render the 3D visual features fv ∈ RN×C into a specific
2D viewpoint to obtain the 2D feature maps Fv ∈ RH×W×C .
Given the text embeddings of the affordance queries
f̂t ∈ R19×C (representing total 19 affordance categories
including the background), the 2D raw similarity scores
sim2D

Aff are computed via matrix multiplication:

sim2D
Aff = Fv · f̂ ⊺

t ∈ RH×W×19. (11)

Finally, the 2D affordances maps are inferred by applying the
argmax operation over the channel dimension of the softmax
probabilities derived from these raw similarity scores. For the
baseline Splat-MOVER [18], the model inherently predicts
task-agnostic affordance heatmaps. Empirically, we find
that these heatmaps primarily highlight graspable areas.
Therefore, to enable a fair 2D task-oriented comparison,
we map the affordance predictions of Splat-MOVER directly
to the ‘grasp’ category.

Manipulation performance is evaluated using a two-stage
protocol. First, we measure grasp pose accuracy, defined as
the ratio of predicted grasp poses that are correctly localized
on the target object’s functionally appropriate region. Second,
for all poses deemed accurate, we evaluate physical grasp
success based on real-world execution outcomes.

E. MULTI-VIEW TASK-ORIENTED AFFORDANCE
PREDICTION RESULTS
We first evaluate the robustness of task-oriented affordance
inference under multi-view observations, where models are
trained exclusively on single-view annotations without multi-
view or view-specific supervision. This setting reflects a
realistic robotic manipulation scenario: an eye-in-hand cam-
era observes objects from diverse viewpoints, yet annotated
affordances are available for only a single reference image.

As qualitatively shown in Fig. 3, while baselines in multi-
view task-oriented predictions struggle with generic hotspots
and viewpoint inconsistencies, our approach maintains high
stability by anchoring predictions to a unified 3D representa-
tion. In Tab. 2, our method demonstrates strong performance,
particularly for fine-grained affordances, although specific
challenges remain for the push and tighten actions.

For the push task, although the model correctly localizes
the affordance region, it yields low-confidence scores that
are heavily penalized under the strict 2D evaluation protocol.
Nevertheless, as demonstrated in Fig. 4, our 3D localization
framework effectively recovers these suppressed predictions
to successfully infer accurate grasp poses. Similarly, the
performance for tighten is hindered by visual ambiguities
with the cut action. The 2D affordance model occasionally
exhibits multi-view inconsistencies causing these predictions
to be filtered out during the 3D fusion stage. Ultimately, these
results highlight the strong regularizing effect of explicit 3D
grounding, ensuring robust affordance localization even in
cluttered, multi-view environments.

F. ROBOTIC MANIPULATION RESULTS GIVEN
NATURAL LANGUAGE
We evaluate whether the inferred 3D affordances enable
effective robotic manipulation when tasks are specified
using natural language commands. As shown in Fig. 4, our
method robustly localizes affordances from natural language,
whereas baselines require explicit part specifications to
function.

Tab. 3 reports the number of successes out of 10 inde-
pendent trials using the top-ranked grasp. Our method
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FIGURE 4. Comparison of grasp pose generation given natural language instructions. Instructions: ‘‘grasp the apple’’, ‘‘grasp the knife’’, ‘‘open the wine
bottle’’, ‘‘pick up the basket’’, ‘‘press the toaster lever’’, ‘‘lift the lid’’, and ‘‘pull out the drawer’’. Our method identifies relevant object affordances
(highlighted in green) and visualizes the top-ranked grasp pose based on the GPD score from the highlighted point cloud. Conversely, the baseline
(GraspSplats w/ obj.)requires explicit part specifications in the instruction (e.g., ‘‘handle’’ or ‘‘knob’’) to function.

TABLE 3. Evaluation of grasp pose generation and real-world execution. Aff. denotes the ratio of inferred poses that correctly cover the target part, and
SR reports the physical execution success rate achieved using those valid grasps.

significantly outperforms baselines in both localization
and execution. Notably, even with explicit part queries,
GraspSplats struggles with small parts (e.g., toaster lever).

Regarding the time efficiency in real robot manipulation,
our affordance inference (approx. 1.1s) incurs only a
marginal overhead compared to GraspSplats (0.8s). Given the
improved robustness, we consider this overhead acceptable.
The time required for final grasp pose generation remains
consistent across all methods at approximately 0.5s.

G. RESULTS ON MULTI-STAGE MANIPULATION
Finally, we evaluate our method’s performance on long-
horizon, multi-stage manipulation tasks that require sequen-
tial reasoning over multiple action–object interactions.
Specifically, we anchor the multi-stage execution trajectory
to a canonical home pose [45] to isolate affordance accuracy
from complex motion planning dependencies. Tab. 4 reports
the task success rates across all scenes in our dataset for each
manipulation scenario.

We define a multi-stage task as successful strictly if the
robot correctly executes all intermediate stages to complete
the final objective. Our method demonstrates promising
performance across these challenging scenarios, validating
that stable and view-consistent 3D affordance grounding
effectively translates to successful grasp execution. Notably,
most failure cases stem from physical execution issues,

TABLE 4. Summary of multi-stage manipulation tasks used for
evaluation. We report the number of required action stages, the number
of successful and failed executions, and the resulting task success rate
tested with real-world robots.

such as slippage or hardware limitations, rather than incorrect
affordance localization. This observation underscores that our
proposed affordance representation provides a robust founda-
tion for complex, language-conditioned robotic manipulation
in real-world environments.

H. ABLATION STUDY
In this section, we investigate the contribution of text feature
ensembling and text–visual alignment to the framework’s
generalization capabilities. We compared our full model
against five variants in Tab.5. We retrained the models on
7 scenes and evaluated them on 9 held-out scenes containing
novel objects and challenging materials, such as transparent
and reflective surfaces.
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TABLE 5. Ablation study on model variations for Grasp and Place
affordances (Mean ± Std). The results highlight the contribution of text
feature ensembling and text–visual alignment through the decoder to
overall affordance prediction performance.

To isolate the effect of prompt design, we evalu-
ated two CLIP prompt strategies: removing the prompt
ensemble (w/o ensemble) and using only CoOp prompts
(coop only). In addition, we removed the affordance decoder
(No Decode) to examine the role of the explicit text–visual
alignment module.

Results indicate that while decoder-free variants achieve
comparable or even higher performance on the grasp task,
they struggle significantly on the more complex place
task. This behavior arises because grasp affordances are
largely determined by geometric cues such as curvature or
edges, for which feature similarity alone provides sufficient
discriminability. Meanwhile, explicit text–visual alignment
is essential for capturing broader functional semantics
that generalize across diverse object shapes. Furthermore,
reducing prompt diversity (w/o ensemble or coop only) leads
to noticeable performance drops on place, demonstrating
that text feature ensembling stabilizes language-conditioned
predictions. Overall, the decoder and prompt ensembling are
critical for interpreting semantically complex affordances.
This reflects a deliberate trade-off in our architecture: priori-
tizing generalization across diverse functional semantics over
specialization in purely geometric tasks.

Finally, to verify that our method’s robustness extends
beyond specific backbone choices, we compared the original
CLIP against MaskCLIP [46] and OpenCLIP [47]. Results
on the novel object test set indicate negligible performance
variance: the average mIoU for four major affordances
remained consistent at 0.44 (CLIP), 0.45 (OpenCLIP), and
0.44 (MaskCLIP), with corresponding SIM scores of 0.46,
0.47, and 0.46. This suggests that our method is agnostic to
the specific CLIP variant.

V. LIMITATIONS AND FUTURE WORK
While our framework demonstrates robust performance,
it has three primary limitations that present clear avenues
for future research. First, to ensure training stability and
geometric consistency, we formulate our approach as one-
shot 3D affordance learning rather than open-vocabulary
manipulation. This design avoids the ambiguity of mapping
diverse text embeddings to identical segmentation masks,
prioritizing operational safety over exhaustive vocabulary
coverage. Future work will investigate robust semantic

alignment to enable true open-vocabulary generalization
without sacrificing 3D stability. Second, our grasp selection
relies solely on geometric cues and does not explic-
itly account for physical properties such as object mass
distribution or friction. Incorporating physical reasoning
and dynamic adaptation will be necessary to improve
manipulation reliability. Finally, we assume a static 3D
scene representation, which precludes modeling dynamic
changes in the environment, such as object motion or scene
reconfiguration during execution. Extending our method to
dynamic representations (e.g., 4DGaussians) will be a critical
step toward adaptive, interactivemanipulation in unstructured
real-world settings.

VI. CONCLUSION
We presented a one-shot 3D affordance learning framework
that bridges high-level natural language instructions and
robotic manipulation by grounding action verbs in a unified,
view-consistent 3D affordance field. By uplifting sparse
2D affordance supervision into a 3D Gaussian Splatting
representation of entire cluttered scenes, our method enables
robust and action-aware affordance localization without
relying on brittle part-level specifications or expensive 3D
annotations. Through extensive real-world experiments on
complex multi-stage manipulation tasks, we demonstrated
that our approach significantly outperforms existing 2D and
part-based methods in both affordance prediction and robotic
execution. These results suggest that explicit 3D affordance
grounding, when combined with language-conditioned rea-
soning, provides a strong foundation for intuitive and flexible
human–robot interaction in unstructured environments.

APPENDIX A
3D AFFORDANCE SCORING
To robustly localize 3D affordances and suppress false pos-
itives, we employ a hard-negative-aware softmax ensemble
rather than relying solely on raw similarity scores.

Let s+ denote the raw similarity score of a 3D Gaussian for
the positive query, and {s−j }

m−1
j=1 denote its similarity scores

for the m − 1 negative queries (including the ‘background’
class). Specifically, we pair the positive target score with each
negative score to compute pairwise softmax probabilities.
The probability of the positive class against the j-th negative
query is computed as:

p+

j =
exp(α · s+)

exp(α · s+) + exp(α · s−j )
, (12)

where α is a temperature scaling factor (set to 10 in our
implementation) that sharpens the probability distribution.

The final affordance score Sfinal for a 3D Gaussian
is then determined by the minimum positive probability
across all negative pairs (i.e., comparing against the hardest
negative):

Sfinal = min
j∈{1,...,m−1}

p+

j . (13)
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This conservative scoring ensures that a Gaussian is highly
activated only if its visual feature is distinctively aligned
with the target verb and easily distinguishable from all other
elements in the scene.

APPENDIX B
DETAILS IN DATASET COLLECTION AND
AFFORDANCE LABELING
Each scene is captured from multiple viewpoints using a
handheld Galaxy Z Flip 5 smartphone at 30 frames per
second. For each scene, we record approximately 30 seconds
of video while freely moving the camera around the
workspace to ensure sufficient viewpoint diversity. Video
frames are subsequently extracted at a rate of 10 fps,
resulting in approximately 280–330 RGB images per scene.
The extracted multi-view images are used to reconstruct a
Gaussian representation for each scene.

In this work, we annotated 18 distinct affordances across
various objects and their specific parts. The first four
affordances listed below, excluding background, represent
the primary categories utilized in our ablation studies for
backbone selection.

For the one-shot affordance training, we annotated only
a single frame for each of the 16 scenes using the SAM2
image predictor. Conversely, for the quantitative evaluation of
2Dmulti-view affordance inference, we employed the SAM2
video predictor. From these predictions, we manually filtered
and selected frames with high-quality labels to serve as robust
ground-truth data.

1) Background
2) Grasp: apple, orange, potato, red pepper, cabbage,

pineapple, grape, bread, pincer, tape line, handle of
knife, handle of pan, handle of spatula, snack boxes,
block, handle of drill, handle of sponge, handle of
spray bottle, handle of cup, handle of scissors, handle
of screwdriver, handle of pliers, handle of pot, handle
of fork

3) Contain: body of basket, sink, inside of cup, inside of
bottle, body of pan, body of pot, sauce can

4) Place: dish, top of toaster, mat, cutting board, top of
drawer, burner, top of stove, board

5) Lift: knob of pot lid, handle of basket
6) Cut: blade of knife, blade of scissors
7) Drill: chuck of drill
8) Push: lever of toaster
9) Wide-grasp: body of cup, body of bottle

10) Open: cap of bottle
11) Stack: container
12) Tighten: jaws of pliers, shaft of screwdriver
13) Pour: wine glass, inside of pot
14) Pull: knob of drawer
15) Scrub: body of sponge
16) Spray: trigger of spray bottle
17) Flip: head of spatula
18) Poke: head of fork
19) Turn: switch of stove

APPENDIX C
DETAILS IN MODEL TRAINING AND ROBOTIC
MANIPULATION
Our affordance transformer is trained for 3k iterations using
an SGD optimizer with a learning rate of 0.001, while the
3D Gaussian representation for each scene is trained for
30k iterations. Model training was conducted on an NVIDIA
A100 GPU (40GB), while inference was performed on an
NVIDIA GeForce RTX 4090 GPU.

We evaluate our method on real-world manipulation
tasks using a UR5e manipulator equipped with a Robo-
tiq 2F-85 gripper. Unlike traditional setups that rely on
real-time camera feeds, our framework operates on offline-
reconstructed 3D environments. Specifically, from the pre-
collected dataset, we reconstruct the 3DGS scene, which
is integrated into a simulation environment, where it is
spatially aligned with the physical robot’s base coordinate
system. Once the visual and kinematic workspaces are reg-
istered, target grasp poses are inferred within the simulation
and subsequently dispatched to the real-world UR5e for
execution.

APPENDIX D
BASELINE SELECTION
We selected the specific baselines in our primary eval-
uation for two main reasons. First, we utilize one-shot
baselines leveraging vision-language foundation models
rather than traditional support-set-based methods such as
AffCorrs [17], as this better reflects real-world general-
ization without reference images. We also include zero-
shot baselines [18] to demonstrate the behavioral dif-
ferences between zero-shot and one-shot generalizations,
focusing on novel object generalization and multi-view
robustness. Second, unlike prior 3D affordance methods
confined to isolated point clouds or single-object rep-
resentations [35], [37], our method reconstructs entire
cluttered scenes using 3D Gaussians. Therefore, benchmark-
ing against a scene-level, language-guided framework like
GraspSplats ensures a fair assessment in similar complex
environments.

Finally, certain 3D affordance methods fall outside the
scope of our benchmark due to fundamentally different
problem formulations. For instance, O3Afford [9] focuses
on inferring object-to-object affordances, requiring explicitly
paired source and target point clouds. As the method is
not language-conditioned and predicts geometric interac-
tion points rather than scene-level semantic affordances,
a fair comparison with ours is infeasible. Furthermore,
SeqAffordSplat [13] relies heavily on affordance-annotated
simulated 3D point clouds [48] without demonstrating
transferability to real-world scenarios. Adapting such a
data-intensive method to our setting would require an
excessively high cost for real-world 3D affordance annota-
tions, making it incompatible with our minimal-supervision
paradigm.
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APPENDIX E
GRASP POSE GENERATION
All evaluated baselines share the identical pre-trained GPD
model weights from GraspSplats [14]. However, specific
configuration parameters (e.g., constraints on approaching
vectors) were fine-tuned for our specific setup and applied
uniformly across all methods to ensure a fair comparison.

Under these identical execution protocols, we introduced
rigorous safety constraints. Specifically, we implemented
a grasp filter that discards any candidate if the gripper’s
approach angle deviates bymore than 1.0 rad from the vertical
axis, or if the spatial distance to the target exceeds 0.02m.

Furthermore, because all methods generate grasp pose
candidates directly from the target object’s segmented point
cloud, we are able to strictly isolate and execute the single
top-ranked pose based solely on the predicted grasp scores.
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