SAT: Spatial Aptitude Training for Multimodal Language Models
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Static Spatial Reasoning

Depth Egocentric movement
Q: Which object is closer to camera,
countertop or garbage can?

shooting the video?

Answer: garbage can Allocentric Perspective

Spatial Relationship

Q: Is wine bottle (mark A) to the left or
right of dresser (mark C)?

to their left or right?

Answer: right Answer: right

Q: How did the camera likely rotate when

Answer: rotated right

Q: For someone at “X" facing left by
90 deg, will the armchair (mark 4) be

Dynamic Spatial Reasoning

Object movement
Q: How did the objects move from the first frame to the second
frame? Chair moved left or right?

Answer: chair moved left

Goal Aiming
Q: | need to go to the countertop

Action Consequence
Q: If | rotate right and move forward, would

(marked 11). Which direction should | the ultrathin led television with integrated

turn to face the object? soundbar (marked 5) move further from me?

2l |

Answer: |left (by ~20 degrees) Answer: no

Figure 1. We propose Spatial Aptitude Training (SAT), an approach to improving spatial reasoning capabilities in Multimodal Language
Models (MLMs). SAT generates both static spatial questions covered by existing benchmarks, and, inspired by cognitive science, the more
challenging dynamic spatial questions involving egocentric actions, object movement, and perspective-taking. Training with SAT data
improves both MLMs’ static spatial reasoning on existing benchmarks and dynamic reasoning on our new benchmark.

Abstract

Spatial perception is a fundamental component of intelli-
gence. While many studies highlight that large multimodal
language models (MLMs) struggle to reason about space,
they only test for static spatial reasoning, such as categoriz-
ing the relative positions of objects. Meanwhile, real-world
deployment requires dynamic capabilities like perspective-
taking and egocentric action recognition. As a roadmap to
improving spatial intelligence, we introduce SAT, Spatial
Aptitude Training, which goes beyond static relative object
position questions to the more dynamic tasks. SAT contains
218K question-answer pairs for 22K synthetic scenes across
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a training and testing set. Generated using a photo-realistic
physics engine, our dataset can be arbitrarily scaled and eas-
ily extended to new actions, scenes, and 3D assets. We find
that even MLMs that perform relatively well on static ques-
tions struggle to accurately answer dynamic spatial ques-
tions. Further, we show that SAT instruction-tuning data im-
proves not only dynamic spatial reasoning on SAT, but also
zero-shot performance on existing real-image spatial bench-
marks: 23% on CVBench, 8% on the harder BLINK bench-
mark, and 18% on VSR. When instruction-tuned on SAT,
LLaVA-13B matches larger proprietary MLMs like GPT4-V
and Gemini-3-1.0 in spatial reasoning. Our data/code is
available here.


https://arijitray1993.github.io/SAT/

1. Introduction

Cognitive scientists posit that spatial reasoning is not merely
a subset of human cognitive abilities but rather the funda-
mental underpinnings of most intellectual processes [84];
spatial reasoning in school children improves their aptitude
in geometry, physics, and even linguistic reasoning [63, 80].
Hence, it is perhaps not surprising that many idioms utilize
space to explain concepts: “hitting a wall,” “a step in the
right direction,” and “thinking outside the box.”

Despite their widespread adoption and promise as
human-level intelligent agents, multimodal language models
(MLMs) [2, 21, 60, 102] still struggle to reason spatially
[14, 19, 38, 82]. Most of these studies focus on simple
spatial questions in static scenarios, such as the relative po-
sitions of static objects in a fixed scene. Meanwhile, many
downstream applications, such as smart glasses and embod-
ied Al, could benefit from dynamic capabilities involving
movement, like perspective-taking and egocentric action
recognition [32, 58, 96]. Such dynamic capabilities are well-
studied in human developmental cognition [9, 85] and argued
to be fundamental to intelligence; children understand the
consequences of their movement (the moving room test [6]),
understand how entities in the scene move [6], and take the
perspectives of other humans when planning [12].

To promote progress towards dynamic spatial understand-
ing for MLMs, we propose Spatial Aptitude Training (SAT),
an approach for generating spatial question-answer (QA)
data without any human supervision to train and evaluate
MLMs. Annotating scenes with 3D information is expen-
sive; instead, SAT leverages 22K ProcTHOR [24] scenes
composed of 1K assets to generate 218K QA pairs. With
perfect 3D information and control of the assets, SAT goes
beyond static object relationships to questions that require
reasoning based on objects moving and egocentric actions in
the scene. Since our data is generated procedurally by com-
posing assets, it can be scaled up without human annotation.
Hence, SAT is more flexible than 3D datasets [7, 10], which
are not composable and have fewer object classes (~98) [10].

With SAT, we analyze what kinds of training data im-
prove spatial reasoning in MLMs. We focus on two kinds of
spatial reasoning data. First, spatial-QA about simpler object
relations in static scenes, shown in Fig. 1-left, to impart rea-
soning about the relative locations of objects in the scene (e.g.
where is object X with respect to object Y? behind, above,
left, or right?) as well as counting. Next, we evaluate the
effect of dynamic spatial tasks, Fig. |-right. This includes
egocentric movement, object movement, allocentric perspec-
tive, goal aiming, and action consequences. These complex
spatial tasks go beyond static object relationships, assessing
the MLM’s capability to reason about spatial movements,
perspective changes, and certain degrees of spatial causality.

We use LLaVA-1.5-13B [60], a widely adopted open-
source MLM, as our base model for evaluations. To test

static spatial reasoning, we use three contemporary real im-
age benchmarks: CV-Bench [82], BLINK [38], and Visual
Spatial Relations (VSR) dataset [59]. Since no real dataset
exists for dynamic spatial reasoning, we use SAT test set.

First, our results find that both open and closed MLMs
struggle to reason spatially, performing near random chance
on our dynamic spatial QAs, including MLMs that per-
form well on static QAs. We find that instruction tuning
data in our SAT dataset improves spatial performance on
both our dynamic SAT test set as well as real image spa-
tial benchmarks- notably, by 23% on CVBench [82], 8%
on harder relationships on BLINK [38], and 18% on Visual
Spatial Relations (VSR) [59], without using any training
data from these sources. Interestingly, the synergy of dy-
namic tasks added to static spatial reasoning tasks improves
performance over tuning with static QAs alone, especially
on test sets requiring 3D estimation. Notably, our instruc-
tion tuning makes a 13B parameter LLaVA model match
or outperform some large closed-source models [2, 81] on
zero-shot performance on CVBench [82] and BLINK [38].

Adjacent to concurrent work that finds spatial cognition
to not emerge in frontier models [71] trained on disembod-
ied web data, our work shows promise that training with
data generated using embodied movements and interactions
in photo-realistic simulators can indeed help instill spatial
intelligence in MLMs.

2. Related work

Our work draws inspiration from fundamental schools of
thought in neuroscience that suggest spatial intelligence is a
core foundation for most cognitive abilities [31, 63, 84].

3D Spatial Understanding Benchmarks 3D and spatial un-
derstanding in vision have been extensively studied. Holistic
3D scene understanding [22, 41, 64, 73] mostly focuses
on estimating the layout of an indoor scene as opposed to
grounding the 3D nature of the objects of the scene with
spatial language words. This is also true for models for
localization with coordinates for both 3D and 2D, such as
predicting segmentation maps [42, 47, 51, 53, 67, 87], object
localization [49, 68, 74], and tracking [4, 54, 56]. Various
works in the joint 3D and language understanding space like
fine-grained scene captioning [18, 78], open-vocabulary clas-
sification and localization [3, 15, 42, 75], question answering
[7,57,94], and language models [43] deal with full 3D scans.
In contrast, our framework emphasizes understanding the
3D spatial configuration of the objects from 2D images since
most open MLMs operate on RGB images and 3D scans are
expensive to compute, especially in dynamically changing
environments. While there are works that deal with the 3D
structure of a 2D scene [8, 77, 101], most of them do not
have high-resolution images (since they are rendered from
point clouds) and diverse object annotations since they are
expensive to annotate and collect. In contrast, SAT does



Table 1. Comparison of existing datasets to ours. Unlike ours, most benchmarks do not have pipelines to generate captions and question-
answer pairs on new scenes. Our dataset is synthetic and interactive, allowing us to collect large-scale 3D spatial reasoning data for free. We
focus on 3D spatial reasoning on 2D images since most open MLMs are tuned to accept 2D images, as opposed to taking a 3D scan input.

SAT 2D Vision-Language 3D Vision-Langauge Spatial Rel Spatial QA
(Ours) GQA, VG, Obj365 Omni3D, ScanQA VSR, 2.5VRD  CVBench, BLINK, Sp VLM, Sp RGPT
2D Annotations v v v v v
3D Annotations v X v /(2.5D) X
Static Spatial QA v v v X v
Dynamic Spatial QA v X X X X
New Scene/Task Gen v X X X X
Object Interaction v X X X X

not require any human annotations and can be arbitrarily
scaled up to include more assets and tasks. Further, being
built on the AI2Thor engine enables the ability to move ob-
jects and alignment with multiple interactive applications
[23, 25, 90]. In light of potential applications in embodied
Al [31], we align our dataset to be compatible with physics
simulators, unlike existing 3D understanding datasets with
object-attribute annotations [13]. We differ from recent ex-
isting works [14, 29, 30, 38, 39, 50, 59, 78, 91], which only
address basic spatial reasoning like the relationships between
objects in a static scene since we include more complex tasks
that require reasoning over dynamic frames with egocentric
movement and allocentric perspectives. We also differ from
3D reasoning in MLMs [20, 43, 57], which require pre-
training using 3D inputs, by focusing on low-resource adap-
tations using only 2D images without changing encoders.
Adjacent to a concurrent work that finds spatial cognition to
not emerge in frontier models [71] by testing on cognitive
science-based graphical tests, we formulate similar tests in
realistic environments aligned with embodied applications
[34]. Tab. 1 overviews the comparison between SAT and
existing benchmarks.

Synthetic-to-Real Data Training An age-old question in
computer vision has been whether perfect synthetic infor-
mation can boost reasoning in real environments. Works in
this domain have studied the effect of synthetic images in
classification [16], semantic understanding [66], correcting
biases [69], and recently embodied Al [34, 76]. Closing
the syn-to-real gap is a well studied problem with various
domain adaptation works [17, 34] proposing techniques to
close the gap to generalize to real domains, especially in em-
bodied Al Inspired by this, our work explores if synthetic
data with perfect 2D/3D information can improve spatial
reasoning in MLMs.

Vision and Language Models. Our task is heavily influ-
enced by the emergence of multimodal foundation models
[37, 48, 70, 86, 88, 93, 95]. To leverage the real world
knowledge in LLMs and create unified model for real worlds
applications, recent approaches have proposed to adapt
pretrained visual encoders with LLMs for a wide range
of downstream image [5, 21, 28, 56, 83, 102] and video

[55, 61, 62,79, 89, 99] understanding tasks along with tak-
ing actions that require spatial understanding of the scene
[11, 100]. While these MLMS have demonstrated impres-
sive zero-shot results, recent work [20, 36, 42] has noted
their weakness in 3D pose and location estimation. Adjacent
to works like [44, 72] that point to deficiencies in understand-
ing compositions of spatial relationships with objects and
attributes, we explore if perfect 3D information in synthetic
images can improve spatial understanding.

3. SAT: Spatial Aptitude Training

Our goal is to improve the 3D spatial reasoning capabilities
of MLMs in situations involving both static and dynamic
scenes. Existing 3D datasets have few object annotations
and are not controllable/interactive [7, 10]. Since obtaining
varied 3D annotations with interactive movements of the
camera and objects on real images is expensive and tedious,
we propose to teach the model such spatial reasoning using
data from procedurally generated photo-realistic environ-
ments. The resulting data generation pipeline, SAT, serves
as both instruction-tuning data for MLMs and as a bench-
mark to test the dynamic spatial reasoning capabilities not
present in existing benchmarks. While it may be possible to
pseudo-annotate 3D spatial information on real images, we
show later that this might require extensive cleaning.

In total, our dataset contains 218K questions across 22K
procedurally generated scenes from ProcTHOR-10K dataset
of indoor apartment buildings. We generate template-based
static as well as dynamic spatial questions-answer pairs
(QAs) that go beyond the kinds of questions in existing
benchmarks. We first collect attribute descriptions (e.g.,
brown wooden chair) for assets with multiple variations (e.g.
chairs) by instructing humans to describe the asset in a few
words. We then use GPT4-o [2] refine the descriptions into
compact phrases. Only some object/asset descriptions re-
quired human annotation as a one-time cost. As scenes can
be composed arbitrarily from these assets, we can scale up
the scenes and QA generation without any human annotation.
Next, we outline the generation process for the two kinds of
spatial questions- static and dynamic.
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Countertop: loc: a, b, ¢
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Objects:
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Figure 2. Method of generating our SAT dynamic data: we take actions in a 3D simulator and check the 3D locations of assets. We generate
natural language descriptions of the assets and make QA pairs based on how the 3D nature of the scene changes with actions taken.

3.1. Generating Static Spatial QAs.

Aligning with existing contemporary benchmarks for spatial
reasoning, we first generate instruction-tuning data for static

spatial reasoning that deal with relative relations of objects.

Opverall, we generate 127K static spatial QA pairs across 8K
images across the following types:

Relative spatial relations. We generate questions about the
relative location of one object in the scene to other objects.
We form two kinds of questions - (1) judging if object X is
to the left, right, above, or below object Y. For example, Is
the wine bottle to the left or right of the plate? (2) judging
if object A or B is closer to another object C. For example,
Which object is closer to the wine bottle- the cup, or the
plate? Given the camera parameters, we first project the
objects’ poses into the camera coordinate system and then
generate the corresponding answers. More details about the
camera coordinate normalization are in the appendix.

Relative Depth. We generate questions about judging
whether object X is closer to the camera than object Y. For
example, Is the wine bottle closer to the camera than the
plate? In our simulator, we calculate the distance between
each object and the camera to generate the answer.

Count. Since it is known [40] that many MLMs struggle
with counting, we include counting questions. For example,
How many cups are visible in the image? Since the metadata
from our simulator provides the number of object instances
with their attributes in a scene, we can automatically obtain
answers to this type of question for free.

3.2. Generating Dynamic Spatial QA

Grounded in spatial cognitive tests [0, 12, 85], we outline
five different complex tasks that require reasoning about
egocentric actions taken, object movements, and allocentric
perspectives. We generate 86K QAs on 13K images. The
high-level idea behind generating such QAs is illustrated in
Figure 2. Given a frame in a simulated environment, we
take an action and formulate QAs based on how the 3D
orientation of objects changes based on the action taken.
Below, we outline the specific approach for each of the
question types.

Egocentric Movement. This is based on the “moving room
test” [6], a fundamental test designed to assess and improve
spatial cognitive development in children. This test aims
to measure if an agent can judge how they moved given
two frames. This is useful beyond just measuring spatial
cognition since high accuracy on this task can help pseudo-
annotating navigation data from just egocentric videos. We
take a random action from the choices of rotating left or right
by an angle sampled randomly. We also randomly choose to
move forward by a random distance. We take the first frame
and the frame after taking this movement action. Based on
the actions taken, we formulate a question of the type: How
did the camera taking the video likely move? with the answer
being the action sequence taken. We only take at most two
steps (rotating and moving forward) since we want to ensure
only one correct answer of what movement happened from
the first frame to the end frame. We have 6.9K training
image-QA pairs of this type. The test performance on this
task is denoted as EgoM in the tables.

Object Movement. Similar to above, we randomly choose



an object and move it by a randomly chosen distance and
direction ensuring that the object is still in the frame of view.
Next, we compare the updated 3D position of the object with
the original position normalized by the camera coordinates
to decide if the object got closer, further, more left or more
right from the original position. Based on that, we form QA
pairs of the type: Did any of the objects move from the first
frame to the second frame? with the answer being the way
the object moved. Note that sometimes objects may move in
conjunction with camera movement. To answer the questions
accurately, the agent needs to learn to distinguish between
egocentric movement and objects moving. We have 6.9K
training image-QA pairs of this type. The test performance
is denoted as ObjM in the tables.

Allocentric Perspective. Inspired by a spatial cognitive test
for humans and animals [12], this test checks if the agent is
able to take the perspective of another viewer and judge the
relative locations of objects according to the other viewer.
To make such reasoning QAs, we first choose a 2D point in
the scene and mark it as “X". Next, we teleport that agent
to the 3D location corresponding to “X" (determined by ray
tracing). We check the relative positions of objects according
to the camera view from “X” (similarly as described in 3.1-
specifically if something is to the left or right of the viewer,
and if something got closer or further. We make questions
of the type: For someone at the mark ‘X’ facing left/right
by 90 degrees, would the <object> be to their left or right?
We have 50K training image-QA pairs of this type. The test
performance is denoted as Pers in the tables.

Goal Aiming. Aiming is a prerequisite for efficient naviga-
tion to objects [35], a fundamental spatial cognitive capa-
bility. Hence, we design QAs that check how well agents
can aim to the desired object. We pick a random object and
calculate the angle of the object to the camera using the 3D
location of the object and camera assuming looking forward
is 0 degrees (exact equations in the supplementary). Based
on the angle, we formulate questions of the type: I need to
go to the countertop. Which direction should I turn to face
it?. Since precise angles are hard to judge from a single
image, we give the agent choices of rough angles to turn
towards the left or right. We have 6.8K training image-QA
pairs of this type. The test performance is denoted as Aim in
the tables.

Action Consequence. This can be thought of as a corollary
of the egocentric movement test. Here, the agent needs to
reason about how the scene changes when it takes a certain
action, inspired by how humans can reason about the conse-
quence of the actions in an environment [35]. Here, we show
the first frame and ask the agent to judge if we would move
closer/further, or look towards or away from an object if it
took that action. e.g. If I rotate left and move forward, would
I be move further from the sofa?. Note that in most cases

moving forward would get us closer to an object. To make
the distribution of answers even, we rephrase the question
sometimes as to whether we would be facing the object or
not. We have 15K training image-QA pairs of this type. The
test performance is denoted as EgoAct in the tables.

Precise 3D QAs. Finally, using the perfect 3D information
in the simulator, we generate question-answer pairs about
the precise 3D locations and poses of the objects in the 2D
scene. The questions simply ask to estimate the 3D location
of an object: Imagine you are at origin looking at positive z-
axis. Given the camera parameters, K, what is the estimated
3D location of the bottle? We have 98K object descriptions
and corresponding 3D annotations on 5K images. While not
the main focus of the paper, this can also help drive further
research in semantic-based 3D grounding.

4. Experiments

Using our SAT data generation pipeline, we investigate the
effects of kinds of instruction-tuning data on the spatial
performance of MLMs. Specifically, we wish to compare
our synthetic SAT over pseudo-annotated questions on real
images using off-the-shelf depth models and ablate the effect
of static and dynamic spatial QAs.

4.1. Experimental setup

Evaluation benchmarks. We use 4 spatial benchmarks for
our evaluation. CVBench [82], BLINK [38], and Visual
Spatial Relations (VSR) [59] measure static spatial under-
standing on real images. These constitute contain 7K image-
QA pairs (around 2.6K for CV Bench, 400 for BLINK, and
a 4K set for VSR). We use three spatial splits of BLINK -
Multiview reasoning (MV), Relative Depth (RelDep), and
Spatial Relations (SpRel). Finally, our SAT test set measures
dynamic spatial understanding on 4K QAs on 805 images.
Since perspective is overrepresented in our data, we subsam-
ple to keep all tasks roughly balanced. Hence, we have 647
object movement, 647 egocentric movement, 592 goal aim,
1336 action consequence, and 778 perspective questions on
805 images.

Instruction-tuning training datasets. Next, we outline
the various instruction-tuning sources we use for imparting
spatial reasoning:

SAT Static: Using SAT, we first analyze the effect of tuning
with only static spatial questions. These tasks are most
aligned with the types of questions in existing benchmarks.
This set contains 8K images and 127K QAs. This is denoted
in row (d) in Table 5.

SAT Dynamic: This set contains dynamic spatial questions.
We note that we have proportionally more perspective ques-
tions than other tasks and we empirically find perspective
easier to overfit to. Hence, we subsample only 2.6K perspec-
tive image-QAs and keep other splits the same as described



Table 2. Both closed and open-source models struggle on our
dynamic SAT spatial tasks. Table showing the effect of various
kinds of spatial data on our SAT Complex Spatial QA test set.

SAT Dynamic Test
EgoM ObjM  EgoAct Aim Pers Avg
Random 479 50.6 49.1 50.6  49.8 498

Closed source
GPT4-0 61.5 33.2 53.3 67.5 34.0 49.7
Gemini-1.5-pro 57.6 29.8 55.5 569 494 514

Open source, zero-shot on SAT
RoboPoint-13B 50.2 69.4 48.8 72.6 255 514
LLaVA-1.5-13B 46.6 73.8 49.7 456 399 50.6

Open source, fine-tuned on other spatial data
+ GQA/VG 51.3 50.1 46.6 572 821 420
+ VSR/2.5V 46.1 64.6 48.9 385 262 45.0

Open source, fine-tuned on SAT
+ SAT-13B Static 45.7 71.5 47.2 721 352 522
+Dynamic 61.7 90.2 91.4 96.8 98.5 88.6

in Section 3.2 during training. Hence, we use 7.5K images
with 40K QAs. We mix both SAT Static and Dynamic when
tuning in this case. This is denoted in row (e) in Table 5.

Real GQA/VG + Depth: In contrast to our synthetic scenes,
this set is a strong baseline containing real images. Ideally,
we would use the instruction tuning data used in recent work
on spatial understanding; however, their datasets have not
been made public [14, 19]. Hence, we reproduce similar
instruction-tuning sets. Specifically, we first infer the depth
on real images from GQA [46] and VisualGenome [52] using
the DepthAnything [92] model. We also use the 2D bound-
ing box annotations in these datasets to create 2D spatial
relationships. Since the annotations tend to be noisy, we filter
out potential incorrect relationships using simple heuristics
(more details in the appendix). Using the 2D relationships
and the 3D depth estimates, we formulate questions simi-
lar to SAT static QAs. Generating dynamic QAs with real
images is difficult since we cannot take actions on real im-
ages. We create 225K static spatial image-QA tuples. This
is denoted in row (b) in Table 5.

Real VSR/VRD: We also use available data in spatial rela-
tionship datasets like VSR [59] and 2.5VRD [78] to produce
more real spatial data. These datasets contain relationships
such as “touching”, or “behind”, allowing us to formulate
QAs such as “Is the cat touching the sofa?” Due to human
annotation, the diversity of relationship words used here are
higher than SAT. Since each of the datasets here are small,
we combine VSR and 2.5VRD to create 107K image-QA
tuples. This is denoted in row (c) in Table 5.

Spatially-tuned models: Robopoint [96] is an existing work
that contains instruction tuning data for finetuning MLMs
for robotics applications. We use their fine-tuned model as a

Table 3. Performance with other state-of-the-art closed source or
spatially tuned models on CVBench [82].

2D Avg 3D Avg

GPT4-V 64.3 73.8
Cambrian-13B 72.5 71.8
RoboPoint-13B 65.2 73.0

SAT-13B Static+Dynamic 73.2 74.1

Table 4. Performance with other state-of-the-art closed-source or
spatially tuned models on BLINK [38].

MV RelDep SpRel

GPT4-V 55.6 59.7 72.7
GPT4-0 59.4 74.2 69.2
Gemini-3-1.0 44.4 40.3 74.8
Claude3 Opus 56.4 47.6 58.0

RoboPoint-13B  48.1 51.6 75.5
SAT-13B Static  55.6 66.9 66.4
+Dynamic 55.6 74.2 65.7

strong baseline for a spatially-tuned model. For CVBench
[82], we use their spatially-tuned model, Cambrian-13B, as
another strong baseline.

Metrics. We report the standard accuracy metric used for
question-answering evaluations, by checking if the predicted
answer matches the GT answer. We find that off-the-shelf
MLMs are sensitive to prompt formats. For instance, we
notice better performance when we provide the options in
text (e.g. Choose between right or left) as opposed to option
numbers (e.g. Choose between option A or B). Hence, we
sometimes report higher performances for the baselines than
those reported by the original papers.

Real-data mixed tuning details. We base our experiments
on a widely used open-source MLM, LLaVA-1.5-13B [60]
for fine-tuning experiments. We LoRA-tune [45] with rank
128 and alpha 256. We also find adding precise 3D QAs to
not help performance, and hence, we exclude it during tun-
ing. To prevent catastrophic forgetting, we randomly sample
examples from the LLaVA Instruct Tuning dataset [60] with
40% probability while tuning with our synthetic QA pairs.
We train until the model has converged based on training loss
(full details in supplementary). Due to memory constraints,
we use a batch size of 8 (using gradient accumulation). We
set a small learning rate of 5e~° (due to our small batch size)
with cosine annealing with 1K warm-up steps and a weight
decay of 0. Training requires two 48GB NVIDIA GPUs,
while inference is possible with one GPU. We provide a
prompt (with the same format as LLaVA [60] instruction
tuning) that includes a question, the 2D image, and the pos-
sible answer choices following the standard convention of
existing MLM benchmarks. Please find our exact prompts



Table 5. Table showing the effect of instruction-tuning with various kinds of spatial data on the zero-shot accuracy on existing benchmarks.
We see that synthetic dynamic spatial reasoning data improves over static spatial data in improving the spatial reasoning of LLaVA.

CV-Bench [82] BLINK [38] VSR [59]
Count 2DRel 3DDep 3DDist Avg MV RelDep SpRel Avg Avg
a. LLaVA-1.5-13B 58.2 46.6 53.0 47.8 514 451 56.4 699 57.0 48.6
b. + GQA/VG + Depth  61.9 69.4 355 51.8 54.6 549 484 559 53.0 56.3
c.+ VSR/2.5V 47.1 67.2 315 31.2 442 331 52.4 4477 434 65.8
d. + SAT Static 59.5 81.7 72.5 54.2 66.9 55.6 66.9 664  63.0 61.1
e. +Dynamic 62.9 85.8 76.6 71.6 743 55.6 74.2 65.7  65.2 66.5

Table 6. Performance on other VQA benchmarks. Our spatial
tuning performs at par with the baseline LLaVA, suggesting that it
remembers pre-training commonsense after our instruction tuning.

GQA [46] OK-VQA [65] VQA-v2 [40]
LLaVA-13B 78.6 30.7 60.5
+ SAT Dynamic 79.8 36.6 63.0

in the supplementary.

5. Results

Stronger closed-source and spatially-tuned models strug-
gle on SAT dynamic QAs despite performing well on
static. We note that closed-source models (GPT4-o [2],
Gemini-1.5-pro [81]) and spatially-tuned Robopoint [97]
struggle on complex QAs (in Table 2. For GPT4-o [2] and
Robopoint [96], they perform well on static QAs (in Tables
3, 4), but not on SAT. We see that perspective is challenging
when tested zero-shot since whether something is to the left
or right often flips when taking the perspective of another
viewer. Aiming to goal is easier for spatially stronger models
like RoboPoint and GPT4-o.

Tuning on SAT improves performance across both dy-
namic and static spatial QAs. Tuning on SAT QAs im-
proves performance on the test set for dynamic spatial reason-
ing on SAT as shown in Table 2. While this is not surprising,
this also improves performance on static spatial questions
on BLINK [38] (by 8%), CV-Bench [82] (by 23%) and VSR
[59] (by 18%) benchmarks as shown in Table 5 compared
to off-the-shelf LLaVA (rows a vs d, €). BLINK is harder -
for instance, spatial relations that have abstract relationships
(especially with people) not present in our synthetic data (e.g.
“looking away”). An example is shown in Figure 3 (bottom
row, 3" image). Multiview Reasoning gains are also modest,
and the same issue is observed on the related Egocentric
Movement split on SAT data.

Our 13B tuned model matches/outperforms some larger
proprietary or spatially-tuned models We compare our
performance with that of closed-source models reported by

the official benchmark papers. In Table 3 and Table 4, we
observe that instruction tuning with synthetic data on SAT
can make a LLaVA1.5-13B model match closed-source mod-
els on zero-shot performance for real images on CVBench
and BLINK. Compared to spatially-tuned baselines, we out-
perform RoboPoint [97] on multiview reasoning and rela-
tive depth on BLINK in Table 4, and overall for CVBench
in Table 3. We also outperform Cambrian-1 [82], another
strong model on CVBench. This shows promise that SAT
instruction-tuning may push performance further for the
some for these stronger models.

Our SAT-tuned model remembers pre-training
commonsense- we slightly improve on other VQA
benchmarks. We run an evaluation on some standard VQA
benchmarks- namely, GQA [46], VQAV2 [40] and OK-VQA
[65] (9K image-QA pairs, 3K from each). We slightly
improve performance on them compared to the off-the-shelf
LLaVA [60] as shown in Table 6. This suggests that we
remember pre-trained vision-language commonsense while
adding stronger spatial capabilities.

Adding dynamic QAs further improves static QA perfor-
mance over just static QAs. We notice improvements on all
splits of CVBench when we add complex spatial data in the
training as noted in Table 5 (row d vs e). For BLINK [38],
we see an improvement in relative depth. Interestingly, MV
remains challenging to improve on since we observe our
model is heavily biased to “rotated right.” The accuracy
on the related EgoM split on SAT also remains low despite
fine-tuning (Table 2)

SAT synthetic data is competitive over using pseudo-
annotated spatial QAs on real images In Table 5, we can
also improve over using spatial questions generated using
GQA and VSR/2.5VRD annotations as described in Sec-
tion 4.1. We see that while real data performs well in the
2D splits like Count and 2DRel on CVBench, it lacks 3D
reasoning. We observe that grounding annotations may be
noisy in these real datasets, with bounding boxes often not
accounting for the entire object, leading to errors in judging
relations. Depth estimation further adds noise, resulting in
errors in 3D perception. However, following more careful



Which point is closer to the How many persons are in the
camera? Aor B? image?

LLavA: 2
LLaVA: B is closer

SAT Static: There is only one
SAT Static: A is closerQ person in the image, and he is
standing next to the elephant.

Where is the bowl located with
respect to the truck? Choose ...
above or below.

Is the dining table touching the
cat?

LLaVA: above
SAT Dynamic: The bowl is
located below the truck 0 touching the cat as it sits on the table

Which object is closer to the car Where is the river water located

with respect to the stone?

(..red box), the bicycle (.blue box) or
the motorcycle (.green box)?

GT: above

LLaVA: Bicycle

. LLaVA: ab
SAT Dynamic: Motorcycle () above

SAT Static: below €

How did the camera likely move when
shooting the video?

SAT Static: rotated right
SAT Dynamic: rotated left

Need to go to HousePlant (mark 6).
Which direction should | turn to
face .? Left .. or right by 30 degrees"

SAT Static: right by 30 degrees
SAT Dynamic: left by 30 degrees 0

Is the person facing away
from the horse?

LLaVA: yes
SAT Static: No. The person is facing 0
the horse while sitting on the fence.

Were any objects ... moved from their original
positions?

SAT Static: no
SAT Dynamic: Chair was moved right and
towards the camera o

How did the camera move from the first frame to the
second frame?

SAT Static: rotated right
SAT Dynamic: rotated left )

If I turn 40 degrees left, will | For someone at 'X' facing right 90
look away from the doorway deg, will the Window (marked 5) be
to their left or right?

(mark 4)?
AN

SAT Static: right
SAT Dynamic: left O

SAT Static: no
SAT Dynamic: yes o

Figure 3. Some qualitative results of spatial question answering comparing baseline LLaVA on real benchmarks and difference between
static and dynamic tuning on SAT. While our evaluation is with multiple choices, we show some longer conversational examples as well.

curation similar to [19] may improve this performance fur-
ther, which we leave to future work since their data is not
yet easily available.

Human annotated static spatial relations tend to perform
well only in-domain Human-annotated spatial relations (us-
ing datasets like VSR/2.5VRD as described in 4.1) on real
images only tend to perform well in-domain in Table 5 -
VSR/2.5V train performs well on VSR test. This is because
such datasets are static with a finite amount of relations anno-
tated. We cannot easily generate varied instruction data with
other kinds of 3D spatial reasoning using such annotations.

Despite perfect counting data in synthetic images, models
continue to struggle with counting. We see minor gains in
counting accuracy from the zero-shot models for LLaVA in
Table 5. We observe real data (GQA/VG) tends to perform
better on counting along with our SAT Dynamic model. We
observe that failure cases are due to focusing only on salient,
visible objects while often neglecting background objects.
We include examples in the supplementary.

6. Conclusion

Limitations. We instruction-tune an MLM for spatial rea-
soning, LLaVA [60]. While we do remember pretraining
commonsense as noted in Table 6, we haven’t explored im-
proving other capabilities like math and science reasoning
[98]. The scope of the paper, however, is to analyze what
kinds of data improve spatial performance, and not a large-
scale training of a new MLM. Additionally, further analysis
is necessary on more recent MLMs [26, 33].

Future work. Although our study focuses on evaluating
the spatial reasoning capabilities of MLMs, it can be ex-
tended in various avenues. For instance, to determine the
kinds of embodied applications that benefit from improved
complex spatial reasoning. As a preliminary study, we
checked the action prediction accuracy (from a choice of
going left/right/forward) for a given frame on the SPOC
EasyObjectNav benchmark [34]. Our model (SAT Dynamic)
scores an accuracy of 51% compared to 40% for a model
trained only on basic spatial questions. This suggests that



embodied navigation might benefit from improved dynamic
spatial reasoning. We leave a more thorough evaluation in
this direction as a future work. Further, leveraging the in-
teractive nature of our scenes could facilitate explorations
in dynamic and causal reasoning. Another exciting avenue
would be to explore how to make a more realistic dynamic
spatial set instead of synthetic images.

Conclusion. We propose a dataset of dynamic spatial tasks
that go beyond simpler static reasoning on existing datasets.
This improves spatial reasoning of MLMs on various bench-
marks, while maintaining pre-trained commonsense. We
hope that SAT paves the way for developing strategies to
improve the spatial reasoning of MLMs, making them more
suitable for deployment in real-life applications.
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Supplementary Material

In this supplementary, we provide more details on the
dataset, training, experiments, and some more qualitative
examples highlighting failure cases. We also include an
HTML data viewer in the zip file. We will be releasing all
code and data.

7. Dataset Details

Human Performance on our SAT We conduct a human
study with experts to measure the quality of our dataset.
We observe that spatial awareness demands more mental
power since one has to pay more attention and reason about
how the orientation of the scene changed or would change
based on an action. We conduct an expert human study,
where we ask anonymized graduate students to answer 200
randomly sampled questions from our test set using the
interface showed in Figure 4 We see that humans are 92.8%
accurate on our SAT dataset. This is still a significant gap
compared to the performance of best existing MLM (around
51%). We will release the dataset on Huggingface.

7.1. More details on dataset creation

We first take an apartment from ProcTHOR-10K and place
the camera at a position where many objects are visible. We
do this by randomly choosing 20 points to place the camera
and then choosing the point with max objects visible.

Normalizing the camera coordinates In ProcTHOR [24],
in the camera view, the y coordinate is the height coordinate,
which means the y increases pointing upwards (e.g. the ceil-
ing has a greater y than the floor). Hence, from the bird’s eye
view, the coordinates are x and z. The rotation of the camera
is such that it is always parallel to the z-z plane. Hence the
rotation is described as angle clockwise around the y-axis
with the camera pointing to the positive z-axis as a 0-degree
rotation.

Given a camera rotation, we normalize the view by trans-
lating to (0, 0) for  and z by subtracting the camera x( and
yo. Further, we rotate the x-z plane such that the camera
points to the positive z-axis.

For rotation, we use the formula:

- sin(a)}

cos(a)

_ |cos(a)

= [sin(a)

Hence, the normalized 2/, 2’ for any object is computed
using:

Instructions

d will reject your HIT f we find evidence for rapid clcking.

Answer the question to the best of your ability for the image(s) shown.
Select the correct answer from the choices.

First/Initial/Original Image

Second Image

Question: The first image is from the beginning of the video and the second image is from the end. How did the camera likely move when shooting the video?
rotated left and moved forward

rotated right and rotated right

Figure 4. Interface to compute human accuracy for SAT.

The y value remains unchanged since it is the height,
which is not affected since we do not change the camera
height.

Hence, finally, 2’ goes negative to the left and positive
to the right, 2’ goes positive towards the depth and y goes
positive upwards from the floor level. We use the values
of 2’ and 2’ to calculate relative relationships (left, right, in
front of, and behind) as described below.

7.2. SAT Static Spatial QAs

Relative spatial relations. For instance, if the value of 2’ for
“chair” is lower than that of “table”, the chair is to the left of
the table. We can also compute the distance between objects.
We randomly choose 3 objects. We compute the pairwise
distances using their (x,y, z) 3D coordinates. Based on
whether object 1 is closer or further to object 2, we make
QAs like "Is the couch closer to the lamp or the table?"

]

Relative Depth. Similarly, if the value of 2’ for, say, “lamp’
is greater than that of “couch”, we say the “lamp” is further
away from the camera than the couch.

7.3. SAT Dynamic Spatial QAs

Egocentric Movement.  We first choose an image
frame. Next, we first choose to rotate left or right from
angles 20, 30, 40, 50, 60 chosen randomly. We use the
controller.step (action=’RotateRight’,
degrees=angle) function in the AI2THOR [I]
platform.  Next, we move forward with probability
0.5 by a random distance from 20 to 40 centimeters
(controller.step (action='"MoveAhead’,



shaped counter t(p

@ andle modern 51de511\,er basehanl Dot
e
: ; d open b ]_

Wooden desk fabrlc

mlnlmallst
d rawer de“modﬁh&@

N modern chalr o
N 2 o dres e u er_i
() -
‘o dark DLUE;
w Oy -
5 (UE coffee table q_) 'Eg
@ ot = Zwindle bac H " Y.
B metal Frao:‘“ W o ;‘”Dﬁﬁ%ﬁ é,::
2 e . tall floor 12 >
floor lamp ISlmp el
stool r‘ed bluvﬂWlelwk whlfth; WO O J-h
© 1aund mper
Al chalmm
S B (ra;mejrlgeratorg rectangular
wn — dispenser % green
o e i
_g_ ‘g 2 metallicers
3 chair
black modern

Figure 5. Word cloud of the annotated attributes for the assets.

moveMagnitude=dist).
from this final position.

We capture the next frame

Object Movement. We first choose an object visible in the
scene with at least a certain bounding box area to make sure
the object is not too small or non-salient. Next we decide to
move the object by a random distance sampled from 0.25
to 0.5 meters in a random direction if possible. We use the
PlaceObjectAtPoint function in the AI2THOR [1]
platform.

Allocentric Perspective. We choose a point on the 2D
image that is not too close to the margsns (in between 0.2-
0.8 normalized width and height of the image). We use
GetCoordinateFromRaycast action in AI2Thor [1]
to get the 3D location of the point. We try a few points since
some points may not possible to navigate to and pick one
possible point. We randomly turn left or right by 90 degrees.
Next, we check whether an object is left/right based on the
method described in Section 7.2.

Goal Aiming. We compute the angle between a randomly
chosen object with the camera assuming looking straight
is 0 degrees. If the angle of an object is —a, we say we
have to “turn left by « degrees” and “right by « degrees”
otherwise. When |a — 0] < €, we say we have to look
“roughly straight”. We define e = 10. Note it is very hard for
a human or machine to judge the exact degrees to turn from
one single image, hence, we give multiple choices where
the difference in choices are between left/right and hence,
the machine really only has to decide between them and not
the exact angles to turn. We use the following equation to

Figure 6. The histogram of object classes in the rooms in our
dataset. Best viewed when zoomed.

calculate the angle of an object with the camera. First we
normalize the object coordinates to the camera coordinates,
(0, Yyo), and then calculate the angle, «.

/ —
z Z = %Yo
117/
« = arctan —
z

Action Consequence. Here, we just compute at the objects
we got close to or further away while taking the action for the
action sequence task or the perspective task. We formulate
questions based on that. Note that most of the time we get
close to objects in the scene and hence we random subsample
such cases.

Precise 3D QAs. Here we just formulate a question where
the machine has to estimate the camera-normalized 3D co-
ordinates of an object from the camera parameters and the
image. e.g., what is the estimated location of cup if the scene
was taken by a camera with focal length f;, f, and principle
center point c;, ¢, and the image resolution is w, h?

7.4. Dataset statistics

We also compute some salient dataset statistics like the dis-
tribution of attributes for the assets annotated in Figure 5, the
object classes (in Figure 0), and the distribution of answers
for SAT Static (in Figure 7) and for SAT dynamic (in Figure
8).
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Figure 7. Histogram of the answers for SAT Static.

8. Tuning details

LLaVA All our numbers are reported after training until
the learning curve plateaus at around 200K iterations. We
use LORA [45] tuning with a rank of 128 and an alpha of
256. We found tuning the image encoder ViT [27] also with
LORA to be important for performance. We tune the query
and key projection layers for all the transformer layers with
LORA. We use learning rate of 5e — 6, a batch size of 1 and
gradient accumulation as 8 (effective batch size of 8), weight
decay of 0, with a cosine annealing scheduler and a warm
up of 1000 steps. We use standard next-token prediction
loss from LLaVA official implementation. We train using
two 48 GB NVIDIA A6000/RTX6000ada/L40 and we use
Huggingface accelerate for the multi-GPU training. Each
training takes around 48 hours. For each of the experiments
we tune until the training loss plateaus. We see this requires
around 200K steps for the static QAs and around 300K steps
for the dynamic QAs. We notice no further improvement
if we keep training for more iterations with the static QAs.
During inference, we use a greedy sampling with temper-
ature O following the standard hyperparameters as in the
huggingface codebase.

The inference is possible using a single 48GB GPU.

Following LLaVA [60] convention, we use <image>
tokens to represent images. This is the exact prefix we use.

A chat between a curious human
and an artificial intelligence

Figure 8. Histogram of the answers for SAT dynamic.

assistant. The assistant gives
helpful, detailed, and polite
answers to the human’s questions.

Next, we add the question prompt to the prefix:

###Human: <im_start><image><im_end>
Human: Answer in natural language.
Is the person facing the frisbee?
Choose between the following
options: yes, or no.###Assistant:



Table 7. Table showing the effect of instruction-tuning with various kinds of data on the zero-shot accuracy on existing benchmarks. Here
we make the extra ablation of training with precise 3D QAs mixed in. The * represents the model we presented in the main paper.

CV-Bench [82]

BLINK [38]

Count 2D Rel 3D Depth 3D Distance Avg MultiView RelDepth SpatialRel Avg
a.LLaVA ZS 58.25 46.61 53.00 47.83 51.42 45.11 56.45 69.93 57.16
b. + InstructTune ~ 53.55 50.46 47.33 51.00 50.59 01.50 48.38 48.95 32.94
c. + SAT Static 59.51 81.69 72.50 54.16 66.97 55.64 66.93 66.43 63.00
d. +dynamic* 62.9 85.8 76.6 71.6 74.3 55.64 74.2 65.7 65.2
e.  + precise 62.56 80.77 80.33 57.83 70.37 45.11 64.52 69.93 59.85

For questions with two images, we simply have
<im_start><image><image><im_end>

in the image part of the prompt.

The prefix with “A chat between a ...” is something we
found to be very important for LLaVA performance. Hence,
we append this prefix to the question both, when tuning and
testing. Further, we also found performance improvements
when we specify the answer choices in text like “choose
between ‘left’ or ‘right” than asking the model to choose an
answer option letter (like A or B) or number (like option 1 or
2). We randomize the answer choice order during evaluation.
We also note a higher variance in performance between
different training seeds on BLINK due to the small size of
the dataset. However, the trends remain the same. We will
release all checkpoints, the training script, and the best tips
and tricks in the training schedule.

9. Some extra ablations

Simply using more instruct tuning data instead of our
data We wish to answer if the gains trivially come from
just simply more training on data. Hence, we run a naive
baseline of training on more LLaVA instruct tuning data.
Unsurprisingly, this does not lead to any gains in spatial
performance. Results are shown in row b in Table 7.

Adding precise QAs to the dynamic mix does not help
performance Interestingly, we see no improvement when
we add precise QA mixed with our full dynamic SAT data
(row e). While some tasks improve slightly like depth on
CVBench and spatial relations on BLINK, overall perfor-
mance decreases slightly. This could be due to precise QAs
being somewhat ill-defined for a single image. However, this
requires further exploration and we leave this to future work.

10. More Qualitative Results

More examples and Failure cases We show more qualita-
tive results in Figure 9. We especially want to investigate
some failure cases and hence we display more cases here
where our model fails. First, we note that the kinds of cam-
era movements in SAT are sometimes different from those

in BLINK (for the multiview reasoning split). Our QAs
deal with camera rotation movement, while BLINK [38]
QAs deal with only camera movement. Note that these can
be conflicting since the camera can be rotating right while
moving left. Hence, we see most failure cases regarding our
model answering the direction of camera rotation instead of
movement. We also tried adding more proportion of camera
movement questions to SAT, however, we do not see any
significant performance improvement on that split. Hence,
further work is needed to see why egocentric movement is
challenging for MLMs. We also show some counting fail-
ures. Understandably, our model often cannot count very
non-salient objects (like a tiny bench in the background),
and has a heavy bias towards 1 since many objects had only
one instance in our randomly generated scenes.



Which point is closer to the Is the camera moving left or
camera? A or B?

How many bottles are in
the image?

Is the bicycle on the bus?

right when shooting the video?

SAT Dynamic: 1) SAT static: no ) SAT Dynamic: B is closer GT: left
The bicycle is not on the bus; it is O SAT Dynamic: right Q
placed on a bike rack in front..

Is the camera moving left or Is the camera moving left or Is the camera moving left or
right when shooting the video? right when shooting the video? right when shooting the video?

{ \

GT: right

SAT Dynamic: right (%) SAT Dynamic: left €) SAT Dynamic: right )
How many pictures are in How many benches are in Is the couch under the Is the person facing the
the image? the image? truck? book?

GT:3 GT: 4 SAT Dynamic: no @) SAT Dynamic: yes @)
SAT Dynamic: 1) SAT static: 3 )

Figure 9. More qualitative results showing some failure cases. Not how some of the camera movement questions focus on camera movement
instead of rotation. Our SAT QAs mostly focused on rotations, and hence performance improvements on this split are lower.
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