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Abstract—Embodied navigation and manipulation are funda-
mental capabilities for embodied agents operating in physical
environments. A key challenge in this process is understanding
the spatial context and the affordances of the environment, which
involves recognizing how objects can be interacted with (object
affordance) and identifying suitable locations for movement and
object placement (free space affordance). While Vision-Language
Models (VLMs) have shown promise in high-level task planning,
their ability to translate reasoning into precise executable actions
remains limited, particularly in image-based spatial understand-
ing and precise affordance localization—a critical gap in image
processing for robotics. To bridge this gap, we propose EspA,
a novel image-to-keypoint model that leverages spatial-aware
affordance learning to predict actionable affordances directly
from 2D image inputs. Built on a hierarchical vision-language
architecture, EspA jointly reasons about object affordance and
free space affordances, enabling pixel-level localization of both
types of interactions. Crucially, EspA translates language in-
structions into precise 2D affordance keypoints from observed
images, which are then projected into 3D actionable coordinates
using depth information. To support this unified affordance
reasoning, we introduce the Embodied Spatial Affordance (ESA)
dataset, which captures both object-centric interactions and
free space contexts. By jointly modeling these affordances in a
shared representation space, EspA overcomes the limitations of
prior works that treat them independently. The dataset’s fine-
grained annotations enable our model to learn the intricate
relationship between object functionality and spatial feasibility,
significantly enhancing the spatial understanding in embodied
tasks. Extensive experimental results demonstrate that EspA
outperforms existing state-of-the-art Vision-Language Models
(VLMs), both open-source and closed-source, in object and free
space affordance prediction. Furthermore, it exhibits superior
performance in real-world embodied navigation and manipula-
tion experiments. Our work advances the field of image-based
spatial reasoning by providing a scalable solution for translating
high-level instructions into low-level actionable affordance. We
believe this work paves the way for more robust and versatile
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embodied agents capable of effectively interacting with complex
environments. The dataset, benchmark, and evaluation code will
be publicly available to facilitate future research. Project website:
https://embodied-spatial-affordance.github.io/,
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I. INTRODUCTION

Enabling embodied agents to navigate and manipulate ob-
jects within complex 3D environments poses a significant chal-
lenge in the field of embodied Al. Achieving this goal requires
not only sophisticated perception and control mechanisms but
also a profound understanding of spatial relationships and
affordances—defined as the action possibilities presented by
objects and spaces [1]-[4]. Recent advancements in Vision-
Language Models (VLMs) [5-[9]] have significantly enhanced
robots’ perceptual and reasoning capabilities, leading to im-
pressive strides in various embodied tasks. These include
vision-language navigation [10]-[12]], embodied manipula-
tion [9], [13], [14], and embodied reasoning [6], [7], [15].
However, a notable gap still remains between high-level rea-
soning and precise action execution in current VLMs. While
these models excel at abstract spatial question answering,
they frequently overlook the actionable affordances essential
for effective real-world interactions. This gap underscores
the need for a more comprehensive understanding of spatial
affordances to bridge the divide between reasoning and action
in embodied agents.

Existing works [[16]—[|18] seek to address this gap by
utilizing spatial reasoning through pointing, which translates
language instructions into actionable targets. While these
approaches mitigate ambiguities inherent in language (e.g.,
“next to the plate”), they still exhibit significant limitations.
First, RoboPoint [16] and RoboSpatial [17] primarily focus
on free space references and lacks explicit modeling of object
affordances that define where and how to interact with objects
(e.g., grasping a teapot by its handle). Second, despite the
coverage of object affordance in RoboAfford [18], the need
for robots to comprehend complex spatial relationships and
object references during navigation is largely overlooked.
These limitations arise from the deficiency of a unified model
and training data that explicitly captures the interplay be-
tween object affordance, free space affordance, and spatial
reasoning. Consequently, robots struggle to translate high-level
goals (e.g., “bring me the book™) into low-level actions (e.g.,
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Fig. 1: Overview of the Embodied Spatial Affordance (ESA) dataset. The dataset is categorized into object affordances and
free space affordances, supporting both navigation and manipulation tasks. In navigation tasks, the agent must reach a target
object or a designated empty area; in manipulation tasks, the agent learns to identify functional parts for grasping and suitable
spaces for placement. The ESA dataset integrates spatial reasoning with affordance understanding in an embodied context.

navigating to the bookshelf, grasping the book, and returning
it).

To address these limitations, we propose EspA, a novel
model that advances image-based spatial affordance learning
through a unified framework that bridges the traditional divide
between object and space reasoning. Specifically, EspA em-
ploys affordance keypoints that seamlessly integrates object
affordances with free space affordances into a unified repre-
sentation. This enables the model to perform joint reasoning
about object-centric interactions and space-centric constraints
simultaneously, for instance, not only identifying a teapot’s
handle as a graspable region but also determining suitable
placement areas on a cluttered table that satisfy both spatial
and functional requirements. Crucially, EspA establishes a
direct mapping from natural language instructions to exe-
cutable affordance keypoints in 2D images through an end-to-
end trained vision-language model,where the 2D affordance
are subsequently projected into 3D action space using depth
information. To facilitate the spatial affordance learning of
EspA model, we introduce a comprehensive Embodied Spatial
Affordance (ESA) dataset that explicitly integrates object
affordances and free space affordances with spatial reasoning
for embodied agents. As shown in Fig. [T} the ESA dataset
empowers embodied agents with four essential capabilities: (1)
Object Affordances for Navigation, enabling agents to navigate
towards and interact with specific objects based on their
affordances (e.g., navigating to a trash can to dispose of waste);
(2) Free Space Affordances for Navigation, allowing agents

to identify navigable areas and avoid obstacles; (3) Object
Affordances for Manipulation, guiding agents to recognize
functional parts of objects for interaction (e.g., grasping a
teapot by its handle); and (4) Free Space Affordances for Ma-
nipulation, facilitating agents in finding suitable locations for
placing objects (e.g., positioning an item in the vacant space
of a refrigerator). By unifying these capabilities in a single
framework, our method overcomes the fragmentation inherent
in conventional approaches that treat object interaction and
spatial reasoning as separate processes, enabling more robust
and adaptive behavior in complex, real-world environments.
Our contributions are summarized as follows:

e« We propose EspA, an innovative model that predicts
both object and free space affordances from observed
images and language instructions. By combining affor-
dance prediction with spatial reasoning, EspA generates
informative keypoints that provide actionable guidance
for downstream navigation and manipulation tasks.

o To facilitate the spatial affordance learning of EspA
model, we introduce the Embodied Spatial Affordance
(ESA) dataset, a novel resource designed to enable em-
bodied agents to reason about both object and free space
affordances. ESA provides fine-grained 2D point anno-
tations, allowing agents to understand these affordances
within a unified spatial context.

o Extensive experiments demonstrate that EspA sig-
nificantly outperforms existing state-of-the-art Vision-
Language Models (VLMs) in object and free space af-



SUBMITTED TO IEEE TRANSACTIONS ON IMAGE PROCESSING

TABLE I: Comparison of existing affordance datasets.

Dataset Domain Tasks Affordance Type Spatial #Images  #QAs
Generic Indoor Tabletop Navigation Manipulation Object Affordance Free Space Affordance Relations

UMD |[19] X X v X v v X X 30K

IIT-AFF |20] 4 X X X v v X X 8.8K

PAD [21] v X X X v v X X 4K

PADvV2 (22| 4 X X X v v X X 30K

AGD-20K (23 v X X X v v X X 26.1K

3DOI [24] 4 v X X v v X X 10K -

RoboPoint [16] v X v v v v v v - 1.4M

RoboSpatial 17| X v v X v X 4 4 1.0M 3.0M

ESA (Ours) v v v v v v v v 870K 2.0M

fordance prediction on our constructed benchmark. Addi-
tionally, EspA shows superior performance in embodied
navigation and manipulation, highlighting its effective-
ness in real-world applications.

The rest of this paper is organized as follows. We briefly
review some related works in Section |lI} In Section we
introduce our proposed Embodied Spatial Affordance dataset.
We then give a detailed explanation of our method in sec-
tion A variety of experimental results are presented in
Section [V] Finally, Section [VI] concludes this paper.

II. RELATED WORK

Datasets for Affordance Learning Affordance learning has
become a pivotal area in computer vision and robotics, focus-
ing on understanding potential interactions enabled by objects
and environments. For instance, a chair affords “sitting”, while
a cup affords “grasping” or “pouring”. This functional under-
standing is crucial for intelligent agents to interact naturally
with the physical world. To support this goal, various datasets
have been developed for training and evaluating affordance
models. Early works concentrated on image-based functional
part recognition, utilizing semantic segmentation for object
region annotations. The UMD dataset [[19] provided one of
the first pixel-level annotations for common household tools.
The IIT-AFF dataset [20] expanded the diversity of object
categories and affordance types. Subsequent datasets like
PAD [21]], [22] and AGD-20K [23]] enhanced annotation qual-
ity and coverage, introducing richer interaction types such as
“hold”, “open”, and “cut”. The 3DOI dataset [24] introduced
multi-scale functional annotations, capturing affordances at
various granularities. Beyond static images, some approaches
explored video-based affordance transfer, using videos of
human-object interactions to generate heatmaps for target
images [25], [26]]. These techniques leverage temporal cues to
model affordances in dynamic settings. Recent efforts have fo-
cused on 3D affordance modeling, with datasets like [27]]-[29]]
providing 3D annotations that model affordances as contact
regions or trajectories, enhancing learning for applications like
grasp planning. Despite these advances, existing datasets are
often limited in scope, either being object-centric with detailed
functional part annotations or scene-centric, focusing on global
interaction contexts. This disconnect poses challenges for real-
world learning scenarios where both object details and spatial
context are vital. To address this gap, we introduce Embodied
Spatial Affordance (ESA), a dataset that connects object-
level and scene-level affordance understanding. ESA employs

an interactive point prediction framework, combining precise
localization of functional parts of objects with language-
guided spatial awareness in real-world contexts. By integrating
vision, language, and interaction intent, ESA serves as a
comprehensive benchmark for multimodal affordance learning,
enhancing intelligent, context-aware robotic behavior.

Spatial Reasoning with VLMs Spatial reasoning is crucial
for robots to interact effectively with the physical world.
To enhance the capabilities of 2D Vision-Language Models
(VLMs), several works have extracted 3D spatial informa-
tion from 2D images to generate large-scale, spatially-related
question answering pairs for model fine-tuning. For example,
Spatial VLM [30] converts 2D images into object-centric 3D
point clouds using metric depth estimation, synthesizing VQA
data with 3D spatial reasoning supervision. SpatialRGPT [31]]
enhances region-level spatial reasoning through region propos-
als and 3D scene graph construction. RoboPoint [[16] intro-
duces a synthetic dataset for free space references, predicting
points for precise action spaces. RoboAfford [I8] develop
a more comprehensive dataset with both object and spatial
affordances to facilitate the reasoning abilities of VLMs in
robotic manipulation. Other studies, such as SpatialBot [32]
and RoboSpatial [17], leverage both RGB and depth images
to provide VLMs with comprehensive spatial information,
leading to improved spatial understanding and reasoning.
Recent works have paid more attention on optimizing the
reasoning process to enhance spatial understanding. For in-
stance, SpatialCoT [33|] utilizes bidirectional alignment of
spatial coordinates and language, significantly bolstering the
spatial reasoning capabilities of VLMs. VILASR [34] intro-
duces a drawing-to-reason paradigm where VLMs perform
spatial reasoning through visual annotations, its progressive
training framework systematically cultivate visual reasoning
capabilities. Additionally, MetaSpatial [35]] incorporates a
multi-turn reinforcement learning-based optimization frame-
work with physics-aware constraints to enhance 3D spatial
reasoning. Despite recent advancements, existing VLMs still
face limitations in transferring spatial reasoning capabilities
to real-world interactions. Their limited coverage of object
affordance, particularly in recognizing spatial relations and
part-level functionality [16], [17], hampers accurate affor-
dance predictions. Besides, the scarcity of navigation-specific
training data [[18]] weaken the model’s adaptability to diverse
embodied tasks beyond manipulation. This paper explores
methods to enhance VLMs’ spatial reasoning capabilities,
aiming to improve robotic interactions in real-world scenarios.
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points: [{"x": 57.468, "y": 70.459},
{"x": 70.958, "y": 69.482},
{"x": 71.544, "y": 80.723},
{"x": 56.686, "y": 82.874}]

count: 4

label: “drawer handles"
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"metadata'": {

"scene_id": "scene_0002",
"target_object": "DiningTable",
"reference_object": ""Painting",

"relation": "left of",
""target_bbox": {
"X_min'": 273, "y_min": 248, "x_max"":

505, "y_max": 378},
"reference_bbox": {

"X_min": 551, "y_min": 75, "x_max":
639, "y_max": 180},

"num_points": 6}

Q: “<image>\n Please find the drawer
handles in the image and show me
where they are.”

A: “[(976.96, 1197.8), (1206.29, 1181.19),
(1216.25, 1372.29), (963.66, 1408.86)]”

Q: <image>\n Find points on the
dining table that is 0 the left of the
Your answer should be
formatted as a list of tuples, i.e. [(x1,
1), (x2, y2), ..], where each tuple
contains the x and y coordinates of a
point satisfying the conditions above.

painting.

A: “[(451.01, 317.08), (370.4, 248.1),
(408.16, 259.96), (478.09, 271.14),
(329.41, 301.74), (322.15, 290.96)]”

Fig. 2: Pipeline for constructing the ESA dataset. We begin by excluding images with densely repeated objects to ensure quality.
Next, we generate question-answering pairs using either human-designed templates or the GPT-40 model [36]l, facilitating

diverse and contextually relevant interactions.

III. EMBODIED SPATIAL AFFORDANCE DATASET
CONSTRUCTION

A. Data Collection and Filtering

Our Embodied Spatial Affordance dataset integrates mul-
timodal data from both real-world and synthetic sources,
systematically addressing Object Affordance for interaction
possibilities and Free Space Affordance for navigable and ac-
tionable regions. This comprehensive approach ensures robust
coverage of various interaction scenarios and spatial contexts.

Object Affordance The data for object affordance learning
is sourced from five datasets: LVIS [37], Pixmo-Points [8],
Object Reference [16], PACO-LVIS [38]), and our own NaviAf-
ford. LVIS provides 152K images with 2.2M high-quality
instance segmentation masks across over 1,000 categories,
which we convert into an object detection format with bound-
ing box coordinates (1, y1, 2, y2) to establish general object
detection capabilities. For precise object pointing, we utilize
the Pixmo-Points dataset along with 288K synthetic images
from RoboPoint [16]. Given the densely repeated instances
in Pixmo-Points, we implement a two-step filtering process:
first, we discard annotations with more than 10 point labels
for training simplicity; second, we apply GPT-40 [36] to retain
only relevant indoor objects (e.g., furniture, kitchenware),
resulting in 63,907 images suitable for object pointing.

For manipulation scenarios requiring fine-grained part-level
affordance prediction, we utilize the PACO-LVIS dataset [38],
which contains bounding boxes and part segmentation masks
for 45,790 images across 75 object categories and 200 part
categories. We convert these ground truth labels into point

annotations by sampling points within the masks to indicate
object affordance. For navigation scenarios, we collected the
NaviAfford dataset, comprising 50K ego-perspective images
from 200 indoor scenes in the AI2Thor simulator [39]]. Our
collection pipeline randomly samples reachable locations, fil-
ters out areas with insufficient clearance (>1.5m), and captures
RGB images with instance segmentation masks from multiple
viewpoints (0-360° random rotation, -15° to 15° horizontal
rotation). Each image includes metadata such as visible object
bounding boxes, 3D distances, and 2D coordinates. From
these images, we extract spatial relationship annotations by
identifying object pairs that meet specific spatial constraints
(e.g., left/right spacing >20 pixels). For each relation, we
generate 4-8 pointing coordinates within the target object’s
bounding box, resulting in annotations formatted as “locate
several points on target relation reference,” yielding SOK object
affordance samples for navigation training.

Free Space Affordance For free space affordance learning,
we utilize the Region Reference dataset from , which
encompasses 270K images across 8K instances and 262 cat-
egories. Each image features one or two colored bounding
boxes to indicate relevant objects, with ground truths repre-
sented as series of points [(z1,y1), (z2,¥2), ...] for free space
referencing. To enhance optimization efficiency, we sample
these ground truth coordinates, limiting them to a maximum of
ten points per annotation. This approach maintains consistent
annotation density while ensuring spatial precision, facilitating
effective learning of free space affordances. By incorporating
diverse scenes and object types, the dataset enables robust
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training for models designed to navigate and interact within
complex environments.

B. Question Answering Pairs Generation

We develop a question-answer generation pipeline for the
ESA dataset, as shown in Fig. 2] By transforming the data
into affordance-aware QAs, we enhance the engagement of
vision-language models (VLMs) with the dataset, enabling
them to learn and infer spatial relationships between objects
and affordances.

Object Affordance QA Generation For object affordance
task, we first use GPT-4o0 [36]] to analyze scenes and filter out
irrelevant outdoor images. We generate questions and answers
using human-designed templates for Pixmo-Points [8], such
as “Point to all occurrences of <label> in the image” and
“Can you see any <label> in the image? Point to them”,
where “<label>” refers to ground truths from Pixmo-Points.
We design 28 templates and randomly select one for each
object pointing question. For the PACO-LVIS dataset [38]]
and our NaviAfford dataset, we generate QAs by prompting
GPT-40 with images, metadata, and ground truth masks.
Questions for the PACO-LVIS dataset focus on functional use
without naming the object (e.g., ”"What appliance can heat food
quickly?” for a microwave) and for object parts, we ask for
part identification (e.g., “Which part of a knife should be held
to cut safely?” for the handle). For NaviAfford, we generate
questions for referred objects based on spatial relations from
the metadata. Ground truth answers include two formats: (1)
bounding boxes for the target object or part, and (2) points
sampled from the ground truth segmentation mask. This dual
representation ensures accurate part grounding and enhances
point-level object affordance prediction.

Free Space Affordance QA Generation For free space
affordance learning, we develop a systematic QA generation
process that converts raw spatial annotations into a unified
format. We generate QAs by modifying annotations from
RoboPoint [16]], transforming each spatial relationship into
contextual question-answer pairs. The process includes two
key steps: first, we convert normalized coordinates to absolute
positions to maintain accurate real-world scales and spatial
relationships. Second, we create diverse question templates
to capture various spatial reasoning scenarios, ensuring com-
prehensive coverage of free space affordance understanding.
Ground-truth points are resampled to a maximum of ten per
question for consistency across different spatial complexities,
with instructions adjusted for answer format uniformity. This
strategy balances computational efficiency with spatial preci-
sion. The conversion preserves the spatial relationships defined
in RoboPoint while integrating them into our unified affor-
dance framework, effectively capturing and enabling spatial
reasoning for vision-language models.

C. ESA-Eval Benchmark

To evaluate object affordance, we manually annotated 114
questions for spatial-awareness, focusing on spatial relations
among target and reference objects, and 124 questions for
functional-awareness, emphasizing object functionality using

images from the Where2Place dataset [16]. For free space
affordances, we retained the original 100 questions, adjusting
the prompts to shift predictions from normalized to absolute
coordinates. Ground truth for each question consists of one or
more human-annotated polygon masks corresponding to the
parts or instances in the answers.

For each predicted point, we check if it falls within the
ground truth masks. The accuracy for a question is the
ratio of correctly located points to total predicted points,
with overall accuracy being the average across all questions.
To enforce stricter criteria, we penalize points outside the
image boundaries, encouraging the model to learn absolute
interactive positions more effectively.

IV. METHODOLOGY
A. Framework

Based on the ESA dataset, we introduce the EspA model,
a vision-language model specifically designed for Embod-
ied Spatial Affordance, featuring a multimodal architecture
that includes a Vision Transformer (ViT) [40] as the vision
encoder, an MLP projector, a language tokenizer, and the
Qwen2.5 LLM [41]}, as shown in Fig. 3] Given an input image
I € RTXWX3 and a textual instruction 7', our objective is to
predict spatial coordinates via the mapping:

ESPA : (IﬂT) —P= {(xhyl)ﬂ (:EQa y2)7 RN} (xk’a yk)}?
ey
where P represents the predicted 2D points corresponding to
object and free space affordances.
The vision encoder &, transforms the input image into a

sequence of visual tokens:
V =¢&,I) = {v1,v,...,0p} € R™¥4dv, (2)

where m is the number of visual patches and d,, is the visual
feature dimension. Simultaneously, the textual instruction is

tokenized and embedded using the language tokenizer:
E, =&(T) = {e1,ea,...,e,} € R™¥U, 3)

with d; as the language embedding dimension. To align visual
and textual features in a shared embedding space, we employ
an MLP projector P defined as:

,P(Ul) = Wg . ReLU(W1 * Vg + bl) + b2, (4)

where W, € Réxdv W, € R%*dh and biases by € R,
b, € R%, with d;, as the hidden dimension, yielding aligned
visual features:

V' =P(V) e Rm*d, (5)

The aligned visual features are concatenated with the textual
embeddings to form a unified multimodal representation:

X = [V, E, € RUmTxdi (6)

which is then fed into the Qwen2.5 LLLM [41]] for joint spatial
affordance reasoning:

H = Qwen2.5-LLM(X) € R(m+m)xd, (7
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Fig. 3: Framework of EspA. We fine-tune a multimodal language model on the ESA dataset to enhance object and free space
affordance capabilities. For downstream embodied navigation and manipulation tasks, we integrate depth images to convert 2D
points representing affordances into 3D coordinates, which are then used as target positions for navigation and manipulation.

The final hidden states H are decoded to generate textual
representations of spatial coordinates:

15 = Qwenz'S_LLMdecode(H)a (3

resulting in natural language descriptions of point coordi-
nates in the form P = {(z1,11),(z2,y2),--., (Tk, yx)}-
This architecture underwent supervised fine-tuning to enhance
the model’s spatial understanding, followed by evaluation on
various downstream tasks.

B. Instruction Fine-tuning

We employ a multi-stage training strategy based on the
LLaVA-1.5 instruction tuning framework [42], consisting of
two phases: General Localization Learning and Embodied
Spatial Affordance Enhancement. The first phase uses the
LVIS and Pixmo-Points [§] datasets, totaling 216K im-
ages and 703K QAs, to provide the model with fundamental
object detection and pointing capabilities. The second phase
includes Object Reference [[16], PACO-LVIS [38], NaviAfford,
and Region Reference [16], totaling 654K images and 1.33M
QA pairs, which enhance object affordance prediction and free
space localization. During training, we use a standard autore-
gressive language modeling loss for the coordinate tokens,

given by:
L

L=-) log P(yily<i,X), )
i=1

where L is the length of the target sequence of spatial coordi-
nates, y; is the i-th token in the sequence, and P(y;|y<:, X)
represents the probability of generating token y; given the

preceding tokens and the multimodal input X.
This multi-stage fine-tuning approach, leveraging diverse
datasets, enables the model to develop hierarchical affordance

reasoning, progressing from basic object grounding to ad-
vanced object and free space affordance tasks.

C. EspA for Embodied Navigation and Manipulation

Fig. 3 illustrates the effective application of the fine-tuned
EspA model to downstream embodied navigation and manip-
ulation tasks.

Embodied Navigation Given an instruction like “Navigate
to the potted plant above the air purifier,” the EspA model
accurately localizes the target object through spatial reasoning.
The predicted 2D coordinates (24, y24) are then transformed
into 3D world coordinates using the depth image D and
camera intrinsics:

T T2d—Cq

3d -

y3d | = D(z2d;Y24) y”fizc’ ) (10)
23d 1

where f, and f, are the focal lengths, and (cg,cy) is the
principal point of the image. The 3D coordinates are then
converted to the robot’s local frame using a transformation
matrix T72%¢  allowing the robot to navigate to the desig-
nated target position.

Embodied Manipulation For instructions like “Pick the
apple to the left of the orange and place it in the free space on
the top layer of the cabinet,” EspA predicts the affordances for
the specified apple and the cabinet’s free space. The predicted
2D points are translated into 3D coordinates using depth-
based projection, while object affordance is processed via
SAM2 and AnyGrasp for grasping pose estimation:

if free space,

_)
{(332(17 yzd) ($3d, Y3d, st), (11)

(M7 D) — (x?)da Y3d, 23d, T, P> Y, U}), OtherWiSC,
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TABLE II: Comparison results of various VLMs on ESA-Eval benchmark.

Object Affordance

\ |
Type Models Parameters | Spatial-AwarenessT _ Functional-AwarenessT | Free Space Affordance?! Average?
Closed GPT-4o [36] 21.2 15.9 254 20.5
~osed- Claude-3.5-Sonnet [48] 204 13.1 22.6 18.4
source Gemini-2.5-Flash [49) 20.4 21.7 29.4 23.5
Models | Gemini-2.5-Pro [50 17.0 14.5 418 234
Qwen2.5-VL [41] 3B 7.1 2.0 12.5 6.8
Molmo [8 7B 5.7 4.7 4.7 5.0
Qwen2-VL [51] 7B 15.6 10.5 14.3 13.4
Open- LLaVA-Next [52] 8B 2.9 0.8 0.6 1.4
ls\j’[“gcel‘ SpaceMantis [30] 8B 3.6 4.8 12.0 6.5
odels RoboPoint [16] 13B 55.7 35.0 442 44.7
Qwen2.5-VL [41] (Baseline) 7B 19.5 8.3 21.9 16.1
EspA (Ours) 7B 70.5 (+51.07) 63.1 (+54.81) 55.8 (+33.91) 63.4 (+47.31)

where M denotes the 2D mask of object r, p, y represent the
roll, pitch, and yaw angles for the gripper orientation, and w
indicates the opening width. This pipeline transforms visual
affordance predictions into actionable 6D pose commands,
enabling precise manipulation tasks.

V. EXPERIMENTS
A. Experimental Setup

Dataset and Benchmark We train our EspA model on the
Embodied Spatial Affordance (ESA) dataset, a comprehensive
multi-modal collection of real and synthetic data for object
and free space affordance. We evaluate the model against
several state-of-the-art VLMs using the ESA-Eval benchmark,
focusing on three abilities:

o Object affordance with spatial awareness: Assesses
reasoning about spatial relationships between objects.

o Object Affordance with Functional Awareness: As-
sesses the model’s understanding of object functionalities
and interactions at the part level.

« Free space affordance: Measures the prediction of valid
vacant areas for movement and placement.

Evaluation Metrics For the ESA-Eval benchmark, we use
accuracy (Acc), defined as the ratio of correctly predicted
points within ground truth masks to the total predicted points.
For real-world navigation and manipulation, we adopt the
success rate (SR), defined as the ratio of successful executions
to the total attempts.

Implementation Details Our EspA model is initialized
with pre-trained Qwen2.5-VL-7B-Instruct [45] weights and
undergoes full-parameter supervised fine-tuning as outlined
in [46]. Experiments are conducted on four H100 GPUs,
utilizing AdamW [47] as the optimizer with a learning rate
of 10~ over one epoch. Each GPU processes a batch size of
4, with gradient accumulation set to 2 steps.

B. Comparison Results of State-of-the-Art Models

Baseline Models We evaluate several state-of-the-art vision-
language models (VLMs) using the ESA-Eval benchmark,
encompassing both closed-source and open-source models.
The closed-source models include GPT-40 [36f], Claude-3.5-
Sonnet [48]], Gemini-2.5-Flash [49], and Gemini-2.5-Pro [50].

On the other hand, the open-source models feature general-
purpose VLMs such as LLaVA-Next [52], Molmo [8]], Qwen2-
VL [51], and Qwen2.5-VL [41]. Additionally, we assess two
models specifically designed for spatial awareness: Space-
Mantis, a community implementation of Spatial VLM [30],
and RoboPoint [16]. This diverse selection allows for a com-
prehensive evaluation of model performance across various
capabilities.

Tab. presents a quantitative comparison of baseline
models on the ESA-Eval benchmark. Generic VLMs exhibit
limited zero-shot generalization in object and free space af-
fordance tasks, with top performers like Gemini-2.5-Flash and
Gemini-2.5-Pro achieving average accuracies of only 23.5 and
23.4, respectively. In contrast, specialized models with spatial
reasoning, such as RoboPoint, attain an average accuracy of
44.7, underscoring the significance of spatial reasoning in
these tasks. Our EspA model, fine-tuned on the ESA dataset,
outperforms all baseline models, achieving accuracies of 70.5
and 63.1 for object affordance with spatial and functional
awareness, respectively, and 55.8 for free space affordance,
resulting in an average accuracy of 63.4. Compared to the
baseline Qwen2.5-VL-7B [41]], our model improves object af-
fordance accuracies by 51.0 and 54.8 for spatial and functional
awareness, respectively, and achieves a 33.9-point gain in free
space affordance. Furthermore, it surpasses RoboPoint [[16]
by 18.7 points in average accuracy, demonstrating the effec-
tiveness of the ESA dataset in enhancing embodied spatial
affordance understanding.

C. Ablation Study

We conduct an ablation study on the ESA dataset, as
shown in Tab. to evaluate the contribution of each data
component to affordance understanding. The full configura-
tion “All” demonstrates optimal performance by integrating
LVIS [37]] for object detection, Pixmo-Points [8|] for object
pointing, Object Reference [16], PACO-LVIS [38]], and our
NaviAfford dataset for object affordance, alongside Region
Reference [16] for free space affordance learning. Notably, the
removal of any single component leads to significant perfor-
mance degradation, with reductions in spatial awareness and
functional awareness accuracy, underscoring the critical role
of each dataset. For instance, excluding NaviAfford results in
an average accuracy drop to 57.9, highlighting its importance.
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TABLE III: Ablation on the data composition in ESA dataset.

. Object Affordance
Data Configuration Spatial-Awareness] _ Functional-Awareness| Free Space Affordancef | Average?
EspA (Ours) | 70.5 63.1 | 55.8 | 634
wlo LVIS 68.5 62.1 52.3 61.4
w/o Pixmo-Points 69.0 53.6 57.0 59.8
w/o Object Reference [16] 65.3 62.4 51.7 60.2
w/o Region Reference [16 69.0 60.3 20.1 514
wlo PACO-LVIS [38] 71.0 423 50.8 54.5
w/o NaviAfford 66.1 54.3 57.9 59.3
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Fig. 4: Results of deploying EspA model to downstream robotic navigation tasks.

TABLE IV: Real-world navigation comparison of different methods.

Models | Trash Can  Potted Plant  Air Purifier ~ Fruit Coffee Machine  Refrigerator  Free Space | Avg. SRt
GPT-4o0 [36] 3/10 2/10 1/10 4/10 3/10 2/10 1/10 22.9%
Qwen2. 5 -7B 1/10 0/10 0/10 2/10 1/10 0/10 0/10 5.7%
RoboPoint | 4/10 3/10 2/10 6/10 4/10 3/10 2/10 34.3%
EspA (Ours) 7/10 6/10 6/10 9/10 8/10 7/10 6/10 | 70.0% (+35.7%71)

Overall, the study confirms that a diverse dataset composition
is essential for enhancing the model’s capability in embodied
spatial affordance understanding.

D. EspA for Downstream Embodied Tasks

Embodied Navigation We evaluate the performance of
the EspA model in downstream embodied navigation tasks
through four targeted scenarios, as shown in Fig. ] These tasks
assess EspA’s ability to integrate affordance learning with path

planning for goal-oriented navigation. In Task 1, the model
successfully localizes a trash can and plans an obstacle-free
path using object affordance predictions and real-time depth
perception. Task 2 showcases EspA’s capability to resolve
semantic ambiguities by navigating to the leftmost clothes
hanger among multiple candidates. Tasks 3 and 4 highlight
robust spatial reasoning, with the model identifying navigable
regions next to a table and locating fruit on the right side.
Quantitative results in Tab. [[V] demonstrate EspA’s sig-
nificant advantages over state-of-the-art models, achieving a
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Fig. 5: Results of deploying EspA model to downstream robotic manipulation tasks.

TABLE V: Real-world manipulation comparison of different methods.

Model \ Apple Mug Drawer in Bowl on Plate in Cabinet (top) in Cabinet (bottom) \ Avg. SRT
GPT-4o 2/10  1/10 0/10 2/10 2/10 1/10 0/10 11.4%
Qwen2.5-VL-7B 1/10 0/10 0/10 2/10 1/10 0/10 0/10 5.7%
RoboPoint 5/10 2/10 1/10 6/10 6/10 2/10 3/10 35.7%
EspA (Ours) | 7710 5/10 4/10 8/10 8/10 6/10 5/10 | 61.4% (+25.7%1)

70.0% average success rate (SR), markedly higher than GPT-
40 (22.9%) and RoboPoint (34.3%). EspA excels
in fruit localization (9/10 success rate) and maintains strong
performance on complex targets like refrigerators (7/10) and
free space navigation (6/10). The model’s 35.7% improvement
over the best baseline underscores its strengths in object
affordance understanding and free space reasoning, validating
the effectiveness of the ESA dataset for training models in
real-world navigation challenges.

Embodied Manipulation We rigorously evaluate the EspA
model’s manipulation capabilities through four hierarchical
tasks in both tabletop and cabinet environments, as shown in
Fig. 5] We mainly investigate the effectiveness of EspA in
facilitating feasible pick-and-place manipulations. Tasks 1-2
assess basic object affordance understanding by distinguishing
plate sizes and spatial distances for retrieving the nearest
plate relative to the camera view. Task 3 showcases object
affordance with function-awareness through mug grasping,
and spatial awareness to find the nearest plate to the rabbit.
Task 4 involves placing the specified apple within the cabinet,
requiring understanding of the complex 3D structure with
multiple layers. By identifying the optimal location on the top
layer for apple placement, this case demonstrates the model’s
adaptability in complex spatial arrangements. These results
collectively highlight EspA’s advanced ability to combine

object affordance prediction with spatial reasoning in real-
world manipulation.

The quantitative comparison in Tab. [V] shows that EspA
outperforms other models in real-world manipulation tasks,
achieving an average success rate (SR) of 61.4%, signifi-
cantly surpassing GPT-4o [36] (11.4%), Qwen2.5-VL-7B [41]]
(5.1%), and RoboPoint [16] (35.7%). EspA excels in both
object affordance tasks (grasping an apple, mug, and opening
a drawer) and free space tasks (placement in a bowl, on a
plate, and in the cabinet). Specifically, it achieves high success
rates in grasping an apple (7/10), a mug (8/10), and opening a
drawer (4/10), demonstrating a robust understanding of object
interactions. In free space tasks, EspA consistently performs
well, placing objects in a bowl (8/10), on a plate (8/10), and in
cabinet areas (6/10 for the top layer and 5/10 for the bottom),
highlighting its advanced spatial reasoning capabilities. The
25.7% improvement over the best baseline, RoboPoint [@],
emphasizes EspA’s strengths in precise object manipulation
and accurate spatial reasoning, validating its effectiveness for
real-world robotic applications.

E. Visualization Results

Fig. |6] illustrates the qualitative results of the EspA model
on the ESA-Eval benchmark, demonstrating its strong per-
formance across various real-world manipulation tasks. The
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Fig. 6: Qualitative results of EspA model, where cyan points indicate the object and free space affordances.

model effectively identifies object affordances, such as grip-
ping a mug’s handle, turning a faucet knob, and unscrewing
a bottle cap, while also localizing free space affordances
through contextual spatial reasoning. Notably, EspA adeptly
manages complex spatial relationships, such as “bowl between
the two mugs”, “bread out of the plate”, and “plate in the right
sink”, as shown in the first row of Fig. [ This highlights its
ability to generalize in complex scenarios with multiple objects
and occlusions. The affordance points in the figure visually
validate EspA’s strengths in understanding object affordance
with spatial and functional awareness, as well as free space
prediction with spatial reasoning. These results underscore
EspA’s practical capabilities in real-world applications, merg-
ing accurate affordance understanding with spatial awareness.

VI. CONCLUSION

In this paper, we propose EspA, a unified vision-language
model that jointly reasons about object and free space affor-
dances, generating actionable keypoints that effectively bridge
high-level instructions with executable actions. To support
this advancement, we introduce the ESA dataset, a large-
scale resource comprising 2 million question-answer pairs with
fine-grained 2D point annotations. ESA enhances VLMs by
improving their reasoning about object affordances with spatial
and functional awareness, while enabling better free space
localization in various contexts. Experimental results confirm
EspA’s superior performance over state-of-the-art VLMs in
the ESA-Eval benchmark and real-world tasks, demonstrating
significant improvements in affordance prediction accuracy
and task success rates. This work advances affordance-aware
learning for robotic navigation and manipulation, effectively
connecting high-level reasoning with low-level interactions.

Future efforts will focus on extending EspA to dynamic
environments and multi-agent collaboration, paving the way
for next-generation embodied intelligence that adapts to ever-
changing real-world conditions.
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