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Abstract

Current state-of-the-art spatial reasoning-enhanced VLMs are trained to excel at
spatial visual question answering (VQA). However, we believe that higher-level
3D-aware tasks, such as articulating dynamic scene changes and motion planning,
require a fundamental and explicit 3D understanding beyond current spatial VQA
datasets. In this work, we present SpatialPIN, a framework designed to enhance
the spatial reasoning capabilities of VLMs through prompting and interacting
with priors from multiple 3D foundation models in a zero-shot, training-free
manner. Extensive experiments demonstrate that our spatial reasoning-imbued
VLM performs well on various forms of spatial VQA and can extend to help in
various downstream robotics tasks such as pick and stack and trajectory planning.

1 Introduction

Equipping vision-language models (VLMs) the capacities of spatial reasoning unlocks exciting
applications, such as general-purpose reward annotation [52], robotic data generation [61], and
grounding 3D object affordances [26, 38]. However, the spatial reasoning capabilities of VLMs
on fine-grained spatial understanding tasks are somewhat limited. Current state-of-the-art (SOTA)
spatial reasoning-enhanced VLM [12] is mostly tested on spatial visual question answering (VQA),
such as determining objects’ relative positions and orientations; experiments on higher-level tasks,
such as scene comparisons and trajectory planning, which require more nuanced comprehension, are
underexplored.

Many works enhance the spatial reasoning capabilities of VLMs by training/fine-tuning them on
standard spatial VQA datasets [12]. As a result, VLMs primarily learn surface-level associations
between image-text-data triplets. Given the scarcity and difficulty of obtaining spatially rich embodied
data or high-quality human annotations for 3D-aware queries, we hypothesize that these VLMs may
not generalize to questions outside their dataset distribution or adapt to more challenging tasks that
require an advanced level of spatial understanding.

Recent studies [73, 7, 65, 69] in image space understanding show that VLMs, equipped with internet-
scale language knowledge, and multimodal foundation models capture complementary knowledge
that can be combined to conduct new tasks spanning both modalities without additional training.
Given the recent advancements in 3D foundation models [4, 41, 29], this work explores whether there
exists an alternative approach to enhance VLMs with higher-level spatial-awareness by incorporating
3D priors from these models.

To this end, we propose SpatialPIN, a framework that utilizes progressive prompting and interactions
between VLMs and 2D/3D foundation models as “free lunch” to enhance spatial reasoning capabilities
in a zero-shot, training-free manner. By using these foundation models to decompose, comprehend,
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and reconstruct an explicit 3D representation, SpatialPIN grasps the core understanding of the 3D
space presented by the 2D image. This allows generalizations to various 3D-aware tasks, from VQAs
to 3D trajectory planning.

1 2 3 4

The task is to pick up 
the plastic bottle and 
place it inside the 
trash can. Plan for it. 

User

SpatialPIN
First, align the plastic bottle with the trash can by rotating the bottle approximately 23.1 
degrees around its local z-axis. This adjustment aligns the bottle's x-axis (0.9254, -
0.3781, 0.0246) with the trash can's x-axis (0.9982, 0.0398, -0.0447). Next, move the 
bottle by [0, 0, 5] cm relative to the trash can's 3D center to place it securely inside the 
trash can. Using RRT*, the planned 3D trajectory is ...”

You are a robotic grasper. The 
task is to grasp the carrot. 
Determine your goal location and 
closing distance in centimeters to 
ensure a firm grip on the carrot.

To ensure a firm grip, the grasper should target the center of the carrot at coordinates 
(0.7399, 0.5185, 0.1503). This midpoint takes into account the carrot's width of 5.44 cm. 
The grasper should close to approximately 5.3 cm, just less than the carrot's width, for an 
optimal grasp.

User

SpatialPIN

Figure 1: We present SpatialPIN, a framework to
enhance the spatial reasoning capabilities of VLMs
through prompting and interacting with 3D priors in
a zero-shot, training-free manner.

We provide an extensive empirical study com-
bining multiple off-the-shelf and handcrafted
datasets, ranging from fundamental spatial ques-
tions regarding relative positions and orienta-
tions to providing fine-grained 3D information
on objects’ locations, sizes, inclinations, and
dynamic changes, and plan for robotics tasks
with full 3D trajectories. Results show that this
straightforward approach significantly outper-
forms SOTA VLMs trained from extensive spa-
tial VQAs (see SpatialPIN examples in Figure
1), consolidating our belief that a truly 3D-aware
VLM can actually be imbued by simply inject-
ing explicit, fundamental knowledge of the 3D
scene. With the entire framework being fully
modularized, each component can be easily re-
placed with the latest improvements within its
specific domain.

In summary, our main contributions are threefold:

� We investigate the problem of equipping VLMs with 3D reasoning capabilities without
fine-tuning on large spatial VQA datasets.

� We propose SpatialPIN, a modular plug-and-play framework that progressively enhances
VLM’s 3D reasoning capabilities by prompting and interacting with 3D foundational models.

� We show that SpatialPIN unlocks 3D-aware applications including spatial VQA and both
classic and novel robotics tasks, supported by extensive experiments.

2 Related Work

VLM Grounding With the recent birth of powerful LLMs and VLMs [8, 40, 2], the task of VLM
grounding, or combining generative language models with real-world data to adapt to specific cases,
has gained significant popularity. Several recent works focused on fine-tuning these LLMs for a wide
range of downstream applications, such as interactive decision making [34], multi-task agents [62],
or even tasks in interactive environments [67, 11]. A close work to ours is Socratic Model [73], a
framework of combining multiple foundation models to unleash LLMs in downstream tasks. However,
this work still focuses on tasks in 2D pixel space understanding of images. There remains many
challenges in the 3D world to combine information for full scene understanding, which we hope to
tackle in our paper.

VLM Spatial Understanding Many VLMs encompass the ability of image-space reasoning and
understanding [13, 33, 40]. There are even efforts in incorporating these understandings into image
space manipulations and editting [7, 65]. However, the current ability of VLMs to fully understand a
3D scene and the potential interactions within this scene is still rather limited. Several works build
from this foundation and establish datasets to help with spatial reasoning/understanding [30, 39, 45].
Recently, SpatialVLM [12] proposed fine-tuning a VLM on 3D-VQA datasets to enhance the precision
of VLMs on 3D understanding tasks. Nevertheless, using a 3D-VQA dataset only provides a partial
picture to the complete 3D understanding of an image, and could lead to suboptimal performances
under out-of-distribution tasks. In this work, we hope to introduce holistic 3D information from
multiple 3D foundation models via prompting and interactions as a way to enhance VLMs with a
comprehensive 3D understanding given RGB inputs.

3 Method
Given an RGB image I 2 RH×W×3 of a scene withK unknown objects and a spatial taskQ, our goal
is to inspire VLMs with spatial reasoning capabilities and solveQ with fine-grained 3D understanding.
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Figure 2:SpatialPIN. Our plug-and-play framework is fully modularized and designed for zero-shot deployment.
Each module can be easily replaced with the latest updates. Exact prompts for VLMs are in Appendix.

To prevent the models from over�tting to the standard problems from spatial VQA datasets [12], we
hope to derive a method that utilizes fundamental 3D foundation models to provide explicit scene
understandings, then leverage the generalization capabilities of VLMs to tackle unforeseen tasks—all
within a zero-shot, training-free manner.

Our modular pipeline, SpatialPIN, enhances VLMs' spatial understanding of an image through
progressive interactions with the scene decomposition, comprehension, and reconstruction processes
with prompting. For image scene understanding (Sec. 3.1), we use VLM to describe objects by
appearance and 2D location, complemented by language-guided segmentation and repainting models
to obtain occlusion-free object masks. Elevating 2D understanding to coarse 3D (Sec. 3.2), we use
metric depth estimation and perspective �elds to estimate the 3D scene size and conduct perspective
canonicalization with VLM. For �ne-grained 3D understanding (Sec. 3.3), we partially reconstruct
the 3D scene, with the full 3D representation of foreground objects and the background as a plane.
With the reconstructed 3D scene, we summarize spatial information and prompt it to the VLM for
various downstream tasks.

3.1 2D Image Scene Understanding

Prompting: Objects Understanding by Constraining We start with querying VLM to identify and
understand objects givenI . We explicitly ask VLM to describe the objects by precise color, texture,
and 2D spatial locations. This step is vital for two reasons: 1) enhance VLM's understanding of the
objects, 2) differentiate between items of similar or identical categories and appearances.

As a concrete example, given the left image of Fig. 2, VLM outputs:�

object 0: laptop of color rose gold, texture metallic at location left-center.

object 1: camera of color black, texture smooth at location center-right. ...�

2D Representations Re�nement The concise descriptions of identi�ed objects are used as input
text prompts for a language-guided segmentation model, enabling the acquisition ofK segmentation
masksf M occ

k gK
k=1 , with each mask corresponding to a unique object.

However, an objecti 2 [1; K ] may be occluded by other object(s), leading to an incomplete mask
M occ

i , which may be burdensome when we elevate the image to a 3D representation in the later stage.
To resolve this, we create an inpainting mask,M inp

i , for each object, in which all objects except
the one itself are removed and replaced with white pixels. The inpainted masks are again fed to the
language-guided segmentation model along with input text prompts such that occlusion-free object
masks,f M of

k gK
k=1 , are obtained. This two-step segmentation process for objecti is formulated as:

M occ
i = seg(I; � i ); M of

i = seg(inpaint(M inp
i ); � i ); (1)

wheresegdenotes the language-guided segmentation and� i denotes the description of objecti . In
practice, to cleanly remove objects without residual fragments for inpainting, we apply dilation to
and expand the white areas. Inpainted backgroundI bg is acquired by removing and replacing all
objects with dilated white pixels.

3



3.2 Coarse 3D Scene Understanding

Scene Size Estimation Using the estimated metric depth [29] and estimated camera intrinsic matrix
by �nding �eld of view (FOV) through perspective �elds [29], we backproject to determine the
dimensions of the 3D spatial scene.

Prompting: Perspective Canonicalization 3D information without any knowledge regarding the
camera perspectives lead to ambiguities [12]. Consider a question “What is the orientation of the
bowl relative to the laptop?” with the input scene in Fig. 2, but taken from a top-down perspective.
VLMs may output�downward to the left� , but the correct answer should be "front-left" because
humans perceive orientation from a horizontal angle. To address this, we provide the VLM withI ,
estimated scene size, and maximum and minimum dimensions, allowing it to reason about the camera
shot angle (horizontal/top-down/bottom-up). Scene size information helps differentiate shot angles
by providing clues about spatial layout and object proportions. For instance, if the depth variation is
small, the VLM can infer a top-down or bottom-up angle along with visual cues.

As a concrete example, given the left image of Fig. 2, VLM outputs:
�Visual cues reasoning: Objects are viewed from the side, indicating the camera is positioned horizontally

with a slight elevation.

Spatial data reasoning: The depth varies significantly from 57.50 cm to 115.00 cm, indicating the camera

captures the scene across different distances, supporting a horizontal perspective.

Conclusion: horizontal.�

3.3 Fine-Grained 3D Scene Understanding

Figure 3: Our method ofpartial 3D scene reconstruc-
tion (a). The reconstructed scene (b) and the input image
(c) show high alignment.

We partially reconstruct the 3D scene with full
representation of foreground objects while sim-
plifying the inpainted background as a plane,
as shown in Fig. 3(a). We summarize spatial
information from the reconstructed scene and
prompt it to the VLM. Please see our Appendix
for implementation details about reconstruction.

Scene Initialization Given the occlusion-free
object masks,f M of

k gK
k=1 , we use single-view 3D reconstruction model [41] to acquire object 3D

models,f Ok gK
k=1 , with canonical poses determined during reconstruction. Pinhole camera is set

at the origin, looking at positive depth-axis. With the estimated background plane size (Sec. 3.2),
we move the background plane,Obg (visually identical toI bg), along the depth-axis to �t precisely
within the camera.

Scene Reconstruction To resolve the imprecision of backprojection, our goal is to position object
3D models into the reconstructed 3D scene without visual discrepancies and ensure accurate depth.
Instead of using naive backprojection, for an objecti 2 [1; K ], we perform raycasting from object
3D centertc

i on the camera plane to object 3D centertbg
i on the background plane with metric depth

di . The 3D coordinatet i of objecti is:

di =
�
�
�I dep(center(M of

i )
�
�
� ; t i = tc +

di�
�
� tbg

i � tc
i

�
�
�

� (tbg
i � tc): (2)

The rotationRi of the 6D pose of objecti , Pi = [ Ri j t i ] is explained previously. After integrating
all 3D object models into the 3D scene, we re�ne each object's scale to accurately re�ect depth
variations by rendering binary masks and evaluate the length of their contour lines relative to their
occlusion-free masks, through the lens of the pinhole camera,tc.

We determine the principal axes (x-axis, y-axis, and z-axis) of each object using the minimal oriented
bounding box (OBB), which is essential for unlock novel applications.

Prompting: Objects and Spatial Context Understanding The reconstructed 3D scene fromI
with accurate object poses and scales is denoted asV0. As the �nal step of progressive prompting,
we feed VLM the �ne-grained 3D information derived fromV0, grounding on the canonicalized
perspective (Sec. 3.2). For example, with the input image in Fig. 2 and a horizontal camera shot
angle, depth corresponds to the positive y-axis (similarly, in a top-down/bottom-up view, depth is
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Figure 4:Qualitative examples of spatial VQA.SpatialPIN outputs answers with �ne-grained 3D reasoning.
Zoom in for better view.

the negative/positive z-axis) in a right-handed coordinate system. The width and height axes can be
determined accordingly, aligning each axis's orientation with human perception.

We feed VLM a paragraph describing the objects' poses, sizes, and principal axes in physical units,
alongside their spatial relationships. To augment VLM's understanding, we also feedV0 with
visualized object axes (see Fig. 2B). Visualizing 3D spatial information is pivotal in improving VLMs'
understanding of 3D spatial contexts derived from 2D images, validated by 3DAxiesPrompts [37].
Yet, we want toemphasizethat we do not feed hardcoded information, such as objects' relative
distances and inclinations, to VLMs. Instead, we aim for the summarized 3D information to enhance
VLMs' general spatial understanding.

As a concrete example for the left image on Fig. 2:
�Obj 1 spatial context: 3D center: [7.0, 100.0, 9.0] cm; X-axis (right): [0.9529, -0.2456, 0.1779];

Y-axis (back): [-0.3528, 0.8746, 0.3327]; Z-axis (up): [-0.1761, -0.3285, 0.9279]

Obj 1 size: 13.54 cm x 9.37 cm x 9.50 cm (WxDxH)

Obj 1 closest per direction: left: Obj 0; right: Obj 2 ...�

3.4 Combining External Tools for Downstream Tasks

By partially reconstructing the 3D scene with visual alignments, our framework enables VLMs to use
tools like rapidly-exploring random tree star (RRT*) [31] to generate accurate, collision-free paths
based on task speci�cations (more details in Appendix). This capability unlocks novel and interesting
applications when combined with task-speci�c prompting techniques, shown in Experiments (Sec.4).

4 Experiments

We conduct experiments to answer the following questions: 1) Does our framework enhance the
general spatial reasoning capabilities of VLMs, and how well does it perform? 2) What novel
applications does our framework unlock for VLMs, and how well do we perform in these applications?
3) How effective is each module in our framework?

Since we evaluate our approach on a wide range of tasks to test VLMs' higher-level spatial awareness,
some tasks are novel and lack existing/open source datasets. Therefore, for all our experiments, we
use a combination of 4 existing datasets and 2 hand-crafted datasets.

Implementations The language-guided segmentation model is Language Segment-Anything [44]
and the repainting model is LaMa [55]. We use One-2-3-45++ [41] for single-view 3D reconstruction,
perspective �elds [29] for camera intrinsic estimation, and ZoeDepth [4] for depth estimation. For
partial 3D scene reconstruction, we use Blender [17] as the 3D software. All inference is run on 1
NVIDIA A10 GPU with 24GB RAM.

4.1 Spatial Visual Question Answering

We experiment on the basic form of spatial VQA introduced by SpatialVLM (IaOR-VQA), and two
new forms introducted by us (IaAD-& IrSD-VQA). For IaOR-VQA, please check SpatialVLM [12]
for details. For IaAD-& IrSD-VQA, please see our Appendix.
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Intra-Image Object Relations VQA (IaOR-VQA) As the basic form of spatial VQA, it involves
spatial reasoning about object relative orientations and sizes. This is divided into qualitative (e.g., “is
[A] in front of [B]”, “is [A] smaller than [B]”) and quantitative (e.g., “how far apart are [A] and [B]”,
“measure the width of [A]”) questions.

We follow the evaluation method of SpatialVLM [12]. Since SpatialVLM did not release their
evaluation dataset, we reproduce one using RGBD images from NOCS [57] (object dataset), RT-1 [6],
and BridgeData V2 [56] (robotics manipulation datasets). We sample 13, 20, and 20 distinct scenes
from each. We generate QA pairs using the SpatialVLM data generation pipeline [51], followed
by manual re�nement. We check correctness for qualitative questions and calculate distances
for quantitative questions. We annotate 300 qualitative and 200 quantitative spatial VQA pairs
(SpatialVLM has 331 and 215 for each).

Intra-Image Angular Discrepancies VQA (IaAD-VQA ) We propose a new form of Spatial VQA
that needs spatial reasoning about objects' inclinations. It includes qualitative (e.g., “is [A] tilted”, “is
[A] more tilted than [B]”) and quantitative questions (e.g., “how many degrees is [A] tilted vertically”,
“measure the angle between [A] and [B]”).

Since this form of Spatial VQA involves out-of-plane rotations, YCBInEOAT [64] (object tracking
dataset) is a suitable choice. We sample 30 scenes from it and annotate 50 questions each for
qualitative and quantitative spatial VQA pairs.

Inter-Image Spatial Dynamics VQA (IrSD-VQA) We further propose a more challenging form of
Spatial VQA. Given two images with multiple objects, the objects in the second image may move,
rotate, incline, or the image may have a change in camera angle. The VLM needs to reason about
these changes. Example qualitative questions include “does [A] move, rotate, or incline”, “does [A]
incline along the y-axis” while quantitative questions include “how far does [A] move”, “how many
degrees does [A] rotate horizontally”.

As it is dif�cult to �nd a dataset that meets these requirements, we craft our own. We capture 20
image pairs using an iPhone 12 Pro Max, with each image containing1 � 5 objects, and annotate 50
questions each for qualitative and quantitative spatial VQA pairs.

Results The results in Tables 1 and 2 on qualitative and quantitative IaOR-VQA demonstrate that
providing various VLMs �ne-grained 3D information enhances their spatial reasoning capacities by
a large margin. Surprisingly, VLMs with math and geometry reasoning capacities (e.g., GPT-4V,
GPT-4o) show substantial improvements with this information.

Table 1:Qualitative IaOR-VQA. We exclude comparisons to PaLI [14], PaLM-E [20], and PaLM 2-E [3] as
they are not open source, and include experiments with GPT-4o [1] in addition to GPT-4V [47], LLaVA-1.5 [40],
and InstructBLIP [18]. We use the HF version of SpatialVLM [51].

GPT-4V GPT-4o LLaVA-1.5 InstructBLIP SpatialVLM
w/o ours w ours w/o ours w ours w/o ours w ours w/o ours w ours

Accuracy% 70.7 86.3 69.0 87.3 70.0 83.0 62.3 79.3 76.7

Table 2:Quantitative IaOR-VQA. SpatialVLM measures the accuracy by the percentage of answers that fall
within 0.5x to 2.0x of the ground truth value. We also evaluate within narrower ranges of 0.75x to 1.33x and
0.9x to 1.11x. “Output number” means VLMs produce number in the response instead of vague descriptions.

GPT-4V GPT-4o LLaVA-1.5 InstructBLIP SpatialVLM
w/o ours w ours w/o ours w ours w/o ours w ours w/o ours w ours

Output numbers% 0.8 98.5 31.5 99.5 23.5 97.0 28.5 98.5 91.0

In range [50, 200]% 0.0 73.5 14.0 74.5 16.5 43.0 8.0 31.5 33.5

In range [75, 133]% 0.0 69.5 8.5 70.5 6.0 29.0 2.5 22.0 20.5

In range [90, 111]% 0.0 54.5 3.0 55.0 2.0 14.5 0.0 11.5 7.5

The results in Tables 3 and 4 demonstrate the effectiveness of our approach on both qualitative and
quantitative IaOR-VQA and IrSD-VQA tasks. Notably, the performance on quantitative IaOR-VQA
is suboptimal compared to quantitative IrSD-VQA, despite the latter being more challenging. We
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Table 3: Qualitative IaAD-VQA & IrSD-VQA. Since we test SpatialPIN on one VLM backbone for our
proposed spatial VQA, for fair comparison, we should use SpatialVLM backbone (PaLM 2-E [3]). However,
since it is not open source, we use GPT-4o as our backbone, as it shows the most improvement with our
framework.

IaAD-VQA IrSD-VQA

GPT-4o GPT-4o + ours SpatialVLM GPT-4o GPT-4o + ours SpatialVLM

Accuracy% 68 84 62 64 82 54

Table 4:Quantitative IaAD-VQA & IrSD-VQA.

IaAD-VQA IrSD-VQA

GPT-4o GPT-4o + ours SpatialVLM GPT-4o GPT-4o + ours SpatialVLM

Output numbers% 38 100 66 30 100 78

In range [50, 200]% 8 64 12 10 68 26

In range [75, 133]% 2 42 6 4 54 12

In range [90, 111]% 0 30 2 2 38 4

believe this is because, for quantitative IrSD-VQA, the VLM sometimes confuses the camera and
world coordinate frames, comparing the object's principal axes with the world axes to reason about
changes in angles.

Fig. 4 presents qualitative examples on all forms of spatial VLM.

4.2 Robotics Pick and Stack

Pick and stack is a classic robotics task. Given a robot's egocentric observation of a scene with
multiple objects and a task description, our pipeline uses traditional planning to solve the problem.
This task demands advanced spatial reasoning, as the model must comprehend 3D locations, sizes,
and physical properties of the objects (i.e., how much to grasp and how high to drop? Is the object
deformable or articulated so the robotic grasper needs to grasp more �rmly?). For instance, grasping
and stacking a soft toy bear on a cube is signi�cantly different from stacking a solid apple on a mug.
The model reasons about grasping and stacking policies, directly outputting 3D trajectories for the
robot's end effector using traditional path planning algorithm as external tool.

Set-Up We set up the pick-and-stack problem in the ManiSkill [22] simulator, applying real-world
physics properties. Rigid and articulated objects are chosen from the YCB dataset [10] and are
randomly allocated on the table within the robotic arm's reach, with observations from different
perspectives. We create 50 scenes. Since robot observations from simulated scenes suffer from
sim2real gap and consider that most real-world robots have depth sensors, we use ground truth camera
matrix and depth.

We compare our method to the following baselines: 1) direct 3D information output from our
framework without GPT-4o [1] reasoning about physics and object properties and 2) SpatialVLM
with our RRT* trajectory generation module.

Results Table 5 shows the results, with a qualitative example demonstrated in Fig. 5. The results
indicate that using precise 3D information from our framework signi�cantly improves the success
rate, and incorporating VLM reasoning further enhances performance.

4.3 Discovering and Planning for Robotics Tasks from a Single Image

We present a novel task that requires advanced spatial reasoning capacities of VLMs. Given a single
RGB image of any scene comprising unknown environments and objects, the VLM discovers potential
tasks and plans their execution with full 3D trajectories, with themotivation that it can be used for
robot learning in future research. To solve this complex task and visualize the execution using our
framework, we introduce: 1) a task proposal approach using VLM, 2) a novel axes-constrained 3D
planning approach that enables spatial reasoning-imbued VLM to plan the object motion based on
the proposed tasks by specifying waypoints. Please see Appendix for the pipeline and details.

Dataset We create a diverse evaluation dataset by combining self-captured photos (38) using an
iPhone 12 Pro Max and scenes (13) from NOCS [57]. Our dataset covers diverse scenes (e.g., of�ce,
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Figure 5:Qualitative examples of pick and stack (top) and task trajectory planning (bottom).SpatialPIN
successfully outputs picking and stacking policies using spatial reasoning and plans 3D trajectories with
geometric awareness to align with task descriptions.

Table 5:Pick and stack.We classify the success rates into: 1) successfully picked, 2) successfully picked and
contacted the target object but slipped/collided, and 3) successfully picked and stacked.

GPT-4o + ours Our Direct 3D Info SpatialVLM + RRT*

Picked% 44 28 16

Picked& contacted% 8 12 6

Picked& stacked% 36 16 10

kitchen, bathroom), and features a rich diversity of object categories (116) and quantities (185), with
each image containing1 � 7 objects and1 � 3 tasks proposed for each object (278 tasks/planned
trajectories in total). The dataset's diversity is further enhanced by the variety of perspectives (e.g.,
frontal, top-down, side views). This deliberate choice of diverse angles, both in our own image
capturing process and through the random extraction of frames from NOCS, aims to simulate a
realistic and challenging array of scenes for evaluation. See Appendix for statistics and visuals.

Qualitative Demonstration We present a qualitative example in Fig. 5. Additional examples in
Appendix shows our framework's capability to produce diverse and accurate task trajectories spanning
various scenes and tasks.

Table 6: User study.
Ratings (scale1� 5) are
averaged.

Rating "

Rotation 4.58
Translation 4.43
Manipulation 4.29

Human Evaluation: User Study We rely on human preference evaluation
as one of our quantitative metrics. We ask 25 users to rate 5 translation and
5 rotation task executions in terms of task description alignment. For these
complex context-dependent manipulation tasks, we instead ask users to judge
10 executions relative to human action, and to encapsulate their perception of
the action in our with a single sentence. These sentence description will be
used to test human understanding of our planned trajectories (please see Ap-
pendix). Note that our user study size is similar to those representative works
such as ControlNet [74] and Prompt-to-Prompt [24]. Results in Table. 6.

Machine Understanding We assess the interpretability of our generated task executions from a
machine's perspective using SOTA video understanding model, Video-LLaVA-7B [35]. We use two
approaches: binary classi�cation and descriptive generation. For classi�cation, we feed the model
with the task descriptions generated by VLM and ask question (is the video doing: : :?). In generation,
we prompt Video-LLaVA-7B to articulate its interpretation of our task executions. To quantify the
correspondence between the model's perception and the tasks, we use OpenCLIP cosine similarity
score [15].
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Table 8:Ablation study. For quantitative IaOR-VQA, the accuracy is measured by the answers that fall within
0.75x to 1.33x of the ground truth value.

Overall Design 2D Understanding 3D Understanding Ours
ShAPO SAM-6D + 3D models SpatialVLM w/o objects w/o coarse w/o �ne-grained w/o both

Qualitative 36.7 48.0 81.3 68.3 76.0 63.3 61.7 87.3

Quantitative 29.5 37.0 62.5 54.5 64.5 50.5 58.0 70.5

Table 7: Results for
machine understanding
(classi�cation and gen-
eration) on 278 task ex-
ecutions.

Machine

Raw Acc" 0.974
Fal-Pos Rate# 0.363
True Acc" 0.611

OpenCLIP" 0.636

However, we �nd that even SOTA video understanding model shows limited
performance. To assess false positive rate in classi�cation, we deliberately
misalign the sequence of generated task executions with their corresponding
task descriptions, expecting a theoretical accuracy of 0%. Contrary to expec-
tations, Video-LLaVA-7B reports a false positive rate of 36.3%. To adjust
for this anomaly, we subtract this rate from the model's raw accuracy for
correctly aligned video-task pairs. This method, while unconventional, pro-
vides a more fair and reasonable evaluation of machine video understanding,
underscoring the current challenges faced by video understanding models in
accurately interpreting complex video content. Results in Table. 7.

4.4 Ablation Study
We evaluate the effectiveness of each module in our framework on IaOR-VQA by 1) seeking
alternative designs of the overall pipeline and 2) removing each component in our ablations.

Overall Design To demonstrate our framework's generalization across a wide range of objects, We
replace our 2D + 3D pipeline with: 1) SOTA mesh-free single image object pose and size estimation
model, ShAPO [27], 2) SOTA mesh-based single image object pose and size estimation model,
SAM-6D [36], and feeds it with the object 3D model reconstructed by One-2-3-45++ [41], and 3)
the data generation backbone of SpatialVLM [12]. Since models 1) and 2) do not provide language
annotations for their outputs, we �rst summarize the numerical outputs using our approach in Sec. 3.3.
Then, GPT-4V identi�es QA pairs.

Removing 2D Understanding Module In this case, the VLM no longer examines the objects
through prompting, and only the object name is input into the language-guided segmentation model.

Removing 3D Understanding Modules This means there is no scene size estimation, and the VLM
does not conduct perspective canonicalization. During 3D scene reconstruction, we assume the image
plane width to be 1 meter.

To validate the �ne-grained 3D scene understanding module, we replace object mask raycasting with
backprojection using the object's 2D center and remove the object scale calibration.

To demonstrate the overall effectiveness of our 3D understanding modules, we simply backproject
the input image with the estimated metric depth.

Results Table 8 demonstrates the effectiveness of each module in our framework. The results also
highlight the limitations of using off-the-shelf SOTA mesh-free and mesh-based single-image object
pose and size estimation methods as our backbone. These methods are not language-driven and may
struggle to generalize to novel objects in diverse input scenes.

5 Discussion and Conclusion
We presentSpatialPIN, a framework designed to enhance thespatial reasoning capabilities of VLMs
throughprompting andinteracting with 3D priors in a zero-shot, training-free manner. We see
our work as a step towards equipping VLMs with more generalized spatial reasoning capacities,
demonstrated through applications in various forms of spatial VQA and both traditional and novel
robotics tasks.

Limitations Readers may be curious about the inference speed of our framework. The bottleneck
is the 3D object reconstruction process and the API call to closed-source VLMs (� 20seconds per
image). However, we want to highlight that this process runs only once per image, and the speed is
expected to improve with future versions of 3D foundation models.
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Appendix for SpatialPIN

A Overview

This Appendix includes: 1) more technical details about our partial 3D scene reconstruction, 2)
additional details, templates, and visualizations of our proposed two forms of SpatialVQA, 3)
implementation details on our proposed application: discovering and planning for robotics tasks from
a single image (task proposal, axes-constrained motion planning through waypoints, and trajectory
generation and smoothing), 4) more experiments on our proposed application (dataset statistics,
additional qualitative demonstrations, human understanding, and task diversity), and 5) prompt details
for VLMs.

B Partial 3D Scene Reconstruction Details

Metric Depth Estimation Because a signi�cant portion of depth estimation model [70, 50, 4, 5, 68]
is trained on depth datasets with depth data determined by sensors [21, 53] and stereo matching [71,
16, 58, 59, 66], we assume that the predicted normalized depth is the perpendicular distance to the
camera plane, instead of a straight line from the object to the camera lens [32].

Camera Intrinsic Estimation Given an RGB image, With the estimated vertical �eld of view
(FOV), � v , through perspective �elds [29], the camera focal lengthf can be found by:

f =
H

2 tan
� � v

2

� ; (3)

whereH is the image height in pixels.

Object 6D Pose Estimation Single-view 3D reconstruction model reconstructs meshOi of objecti
at the 3D origin, in the coordinate frame set by the input maskM of

i , and capturesOi by a pinhole
camera. This camera, with 6D posePc = [ Rc j torigin

c ], capturesOi 's canonical pose within the
image. Thus, we can restore all objects' canonical poses across all images by identifyingPc.

We use One-2-3-45++ [41], which provides the camera pose. For models without this information,
we develop an ef�cient method to determine the pose by comparing object masks with rendered 3D
model templates, inspired from matching-based 6D pose estimation works [36, 46, 9, 42].

We generate a set of object templates, denoted asf T i
j gJ

j =1 , each rendered from the object's 3D model
Oi . These templates are created by positioning the camera at various locations on an icosphere
surrounding the object inSE(3) space, which simulates a spherical coverage around the object to
capture its geometry from all angles uniformly. For each templateT i

j , we compute a matching score

against the occlusion-free object maskM of
i .

We propose a simple yet effective score matching method. We draw a bounding rectangle around
the segmented object insideM of

i and across allf T i
j gJ

j =1 , and crop the bounding rectangle. We then

calculate the shape similarity between the contour line of croppedM of
i and that of each cropped

T i
j using Hu moments [25]. Additionally, we crop and resize the bounding rectangle to the same

dimension, and evaluate the similarity based on the pixel area of the cropped and resized masks. Our
score matching method can be formulated as:

mA;h
i = Hu(�ndContour(crop(M of

i ))) ; paA
i = sum(resize(crop(M of

i ))) ;

mB;h
i;j = Hu(�ndContour(crop(T i

j ))) ; paB
i;j = sum(resize(crop(T i

j ))) ;

L (M of
i ; T i

j ) = �

�
�
�
�
�
1 �

min(paA
i ; paB

i;j )

max(paA
i ; paB

i;j )

�
�
�
�
�
+ �

7X

h=1

�
�
�
�
�

1

sgn(mA;h
i ) � log(mA;h

i )
�

1

sgn(mB;h
i;j ) � log(mB;h

i;j )

�
�
�
�
�
:

(4)

This dual approach allows for a comprehensive comparison that incorporates both the geometric
con�guration and the scale of the object representations. The best-matched template can be found by
arg minJ

j =1 L (M of
i ; T i

j ).
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Figure 6:Example input images of all forms of spatial VQA.

Object Scale Calibration After integrating all 3D object modelsf Ok gK
k=1 into the 3D scene,

each with a posef Pk = [ Rk j tk ]gK
k=1 and an initial scalef Sinit

k gK
k=1 set by the single-view 3D

reconstruction model, we re�ne their scales to accurately re�ect depth variations (e.g., moving an
apple from close to the camera to a distant corner reduces its apparent size). Through the lens of
the pinhole camera with posePc, we render binary masks for each object and evaluate the length of
their contour lines relative to their occlusion-free masks. The adjusted, �nal scale of objecti can be
expressed as:

Sadj
i = Sinit

i �
arcLength(�ndContour(M of

i ))
arcLength(�ndContour(M rend

i ))
; (5)

whereM rend
i is the rendered mask of objecti .

C Additional Experiments and Details

C.1 Spatial Visual Question Answering

Intra-Image Angular Discrepancies VQA (IaAD-VQA) For annotation, since YCBInEOAT [64]
offers ground truth object 6D poses, we �rst determine the table/ground plane using the principal
axes of objects resting on it (if present). Then, we calculate the angles between the principal axes of
different objects to annotate a list of qualitative and quantitative QA pairs. We provide a subset of the
question template below.

Qualitative questions:
Is [A] tilted?

Is [A] tilted to the left?

Is [A] inclined to the back?

Is [A] more tilted than [B]?

Is [A] more tilted than [B] to the back?

Is [A] more inclined than [B] to the right?

Is [A] leaning towards [B] vertically?

Is [A] straighter than [B]?

Along which axis (W, D, H) is [A] more tilted?

Which object(s) are not upright?

How many object(s) are not upright?

Quantitative questions:
What is the inclination angle of [A] along the vertical axis?

How many degrees is [A] tilted horizontally?

Calculate the angle of tilt for [A] towards back.
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