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Abstract

Spatial reasoning plays a vital role in both hu-
man cognition and machine intelligence, prompt-
ing new research into language models’ (LMs) ca-
pabilities in this regard. However, existing bench-
marks reveal shortcomings in evaluating qualitative
spatial reasoning (QSR). These benchmarks typ-
ically present oversimplified scenarios or unclear
natural language descriptions, hindering effective
evaluation. We present a novel benchmark for as-
sessing QSR in LMs, which is grounded in realis-
tic 3D simulation data, offering a series of diverse
room layouts with various objects and their spatial
relationships. This approach provides a more de-
tailed and context-rich narrative for spatial reason-
ing evaluation, diverging from traditional, toy-task-
oriented scenarios. Our benchmark encompasses a
broad spectrum of qualitative spatial relationships,
including topological, directional, and distance re-
lations. These are presented with different view-
ing points, varied granularities, and density of rela-
tion constraints to mimic real-world complexities.
A key contribution is our logic-based consistency-
checking tool, which enables the assessment of
multiple plausible solutions, aligning with real-
world scenarios where spatial relationships are of-
ten open to interpretation. Our benchmark evalu-
ation of advanced LMs reveals their strengths and
limitations in spatial reasoning. They face difficul-
ties with multi-hop spatial reasoning and interpret-
ing a mix of different view descriptions, pointing to
areas for future improvement.

1 Introduction

In recent years, advancements in language models [OpenAl,
2023] [Touvron er al., 2023] have significantly improved their
capabilities in understanding and reasoning with textual in-
formation [Li et al., 2022]. However, promoting these mod-
els’ ability to process and reason about spatial relationships
remains a complex challenge [Bang ef al., 2023] [Cohn and
Hernandez-Orallo, 2023]. Spatial reasoning, a critical com-
ponent of human cognition, involves understanding and nav-
igating the relationships between objects in space [Cohn and
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Renz, 2008] [Alomari et al., 2022]. Existing benchmarks
like bADI [Weston er al., 20161, StepGame [Shi et al., 2022],
SpartQA[Mirzaee et al., 2021], and SpaRTUN [Mirzaee and
Kordjamshidi, 2022] have significantly contributed to the
field, yet they exhibit limitations in representing the complex-
ity and naturalness found in real-world spatial reasoning.

In this paper, we conduct an extensive analysis of task com-
plexity and limitations in four widely used datasets for tex-
tual spatial reasoning evaluation. bAbI and StepGame, orig-
inating from simplified, toy-like tasks, utilize grid-based en-
vironments with fixed distances and angles for spatial rela-
tions. This approach for constructing spatial reasoning data,
while ensuring unique solutions, oversimplifies the tasks, fail-
ing to capture the complexity of spatial relationships in the
real world. Moreover, the primary challenge in StepGame
lies in constructing a chain of objects from multiple shuffled
relations, overshadowing the spatial reasoning aspect. Our
previous research indicates that GPT-4 excels in the spatial
reasoning aspects of relation mapping and coordinate calcu-
lation needed for this task once the chain is established.

On the other hand, SpartQA and SpaRTUN, which cover
a wider range of spatial relationships, do not always contain
clear and fluent language descriptions. Common issues ob-
served include complex object descriptions and disordered re-
lational sequencing. Objects are described using a combina-
tion of color, size, and shape. This level of detail complicates
the narrative, shifting the focus away from spatial reasoning
and towards deciphering the object descriptions. The disor-
dered relational sequencing hinders the understanding of the
core spatial problem, adding unnecessary complexity.

In response to the limitations of current benchmarks in
qualitative spatial reasoning, this paper introduces a new,
more comprehensive benchmark to evaluate LMs’ abilities
in this domain. Our benchmark seeks to present more nat-
urally described stories, employing language that is easily
understandable and processable by both humans and LMs.
We aim to move away from overly logical expressions and
toward narratives that mirror everyday communication. To
achieve this goal, the scenarios for our benchmark are sourced
from 3D simulation data rather than toy tasks, encompassing
a variety of room layouts with diverse objects, each annotated
with specific attributes. This approach allows each scenario to
showcase a distinct arrangement of everyday objects. During
data creation, the placement of objects, their layout, and their
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» Top-down view

» North-facing view

Story: Imagine a square-shaped kitchen, bordered by four walls. This room contains a
collection of furniture, including a fridge placed in the north-east, a counter top placed in the
north-west, a dining table placed in the center, a shelving unit placed in the south-west.
Imagine yourself at the southern wall's door, looking inwards. From this perspective, the
fridge is in front of and to the right of the counter top. The counter top is in front of and to
the left of the dining table. The dining table is in front of and to the right of the shelving unit.
Find Relation Question: Where is the fridge positioned in relation to the shelving unit?
Answer: front-right

Yes/No Question: Could the fridge be positioned behind of the shelving unit?

Answer: No

Figure 1: One test instance in our benchmark, consisting only of text
for evaluating LMs. The accompanying images are for visualization
but could be used to test multi-modal LLMs.

spatial relationships with other objects are determined. This
information forms the basis for generating stories, questions,
and answers for each instance.

Recognizing that spatial reasoning often yields multiple
plausible solutions, we focus on assessing the consistency of
LMs’ answers within the given constraints rather than seek-
ing a single ‘correct’ answer. This approach aligns with the
real-world nature of spatial reasoning, where multiple inter-
pretations are often valid.

Finally, we evaluate some LLMs’ performance on our
benchmark, to offer a more nuanced and comprehensive eval-
vation of LLMs’ qualitative spatial reasoning ability. Accord-
ing to our results, GPT-4 shows superior capability in spatial
reasoning tasks across various settings. All models face chal-
lenges in reasoning about spatial relations between objects
as multi-hop spatial reasoning complexity increases. How-
ever, there is a clear trend toward improved performance as
the story’s constraint graph becomes more complete.

This paper presents several contributions to the field of
QSR evaluation, particularly in the context of LM perfor-
mance. These contributions are as follows:

» Comprehensive analysis of existing benchmarks. We pro-
vide an in-depth analysis of the complexity and limitations
inherent in current spatial reasoning benchmarks.

* Constructing a more natural and realistic benchmark by de-
veloping scenarios derived from 3D simulation data, offer-
ing a diverse series of data, each varying in the granularity
of relationships and the selection of relational constraints.

* Introduction of a logic-based consistency checking tool for
evaluation, which evaluates whether spatial relations pre-
dicted by LMs are feasible, given the set constraints.

* Detailed evaluation of LLMs’ spatial reasoning abilities.
By applying our benchmark to test various LMs, we pro-
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vide a refined assessment of their capabilities in QSR.

Overall, these contributions advance LM evaluation for
spatial reasoning, aligning more closely with real-world sce-
narios and human cognitive processes.

2 Analysis of Existing Datasets and
Benchmarks for QSR in Text

Representative benchmarks like bAbI, StepGame, SpartQA,
and SpaRTUN focus on spatial reasoning. They involve tasks
where models are required to infer new spatial relations from
provided facts or check the consistency of relations.

2.1 DbAbI

The bAbI benchmark [Weston er al., 2016], featuring a col-
lection of synthetic tasks, was crafted to evaluate learning al-
gorithms in terms of their text understanding and reasoning
abilities. Among its 20 tasks, Tasks 17 and 19 are specifically
designed for spatial reasoning evaluation.

Task 17 tests LMs’ ability to understand and reason about
relative spatial relations ‘left’, ‘right’, ‘above’, and ‘below’.
The task operates within a 5x5 grid environment. In this
structured setting, three entities are sequentially positioned at
specific nodes. The placement of each entity is determined by
its spatial relation to the adjacent nodes. The narratives dis-
tinguish three entities based on their color and shape. Each
example can include up to 10 sentences - 2 describing spa-
tial relations between two pairs of objects and 8 for gener-
ating questions about a different pair, as illustrated in Figure
2. These questions are structured in a yes/no format, with
answers based on the entities’ actual positions on the grid.

Task 19 is centered around identifying paths between spec-
ified objects, utilizing the four cardinal directions: north,
south, east, and west. These objects are described as vari-
ous locations, such as bedrooms and bathrooms. In the ‘en-
valid-10k” version of bAbI', each story typically includes 5
sentences related to spatial relations: 2 effectively describing
the path and 3 serving as decoys, as shown in Figure 2. The
task’s challenge lies in mapping out a sequential path from the
start entity to the end entity. The inclusion of decoy sentences
adds a layer of complexity to the task.

Task 17: Positional Reasoning
The red square is below the blue square.
The red square is to the left of the pink rectangle.

Is the blue square below the pink rectangle? A:no
Is the pink rectangle to the left of the blue square? A: no
Is the Elue square to the left of the pink rectangle? A: yes
Is the pink rectangle to the left of the blue square? A: no

Task 19: Path Finding

The garden is west of the bathroom.
The bedroom is north of the hallway.
The office is south of the hallway.

The bathroom is north of the bedroom.
The kitchen is east of the bedroom.

Is the pink rectangle above the blue square? A:no | How do you go from the bathroom to
Is the pink rectangle to the left of the blue square? A:no | the hallway?

Is the Eink rectangle above the blue square? A:no

Is the blue square above the pink rectangle? A:yes | A:south,south

Figure 2: Examples of Task 17 and Task 19 from the bAbI’s envalid-
10k dataset version.

The bADI tasks, designed as simplified ‘toy tasks’, have
limitations in testing spatial reasoning. They restrict spatial
relations to basic cardinal directions north, south, west, and
east (also referred to as above, below, left, and right in task

"https://www.kaggle.com/datasets/roblexnana/the-babi-tasks-
for-nlp-qa-system
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Figure 3: Illustration of directional spatial relationships and test in-
stance constraint chain building process in StepGame.

17) with set distances and angles, lacking the complexity and
ambiguity of real-world spatial scenarios. Additionally, us-
ing a single template for each relation may not adequately
challenge a model’s understanding and reasoning in more nu-
anced, context-rich environments. Consequently, while use-
ful for basic training, bAbI tasks may not fully test or equip
models for the intricacies of real-world spatial reasoning.

2.2 StepGame

Building upon bAbI, the StepGame benchmark [Shi et al.,
2022] utilizes a grid-based system and introduces higher
complexity in three key aspects:

* An expanded set of directional spatial relations is in-
cluded, encompassing eight relations: top (north), down
(south), left (west), right (east), top-left (north-west), top-
right (north-east), down-left (south-west), and down-right
(south-east). Each is defined by a unique angle and dis-
tance. These relations can be visually illustrated on a grid,
as shown in the left diagram of Figure 3, with the inclusion
of an ‘overlap’ relation for overlapping object locations.

* Enhanced multi-hop reasoning challenges: Moving beyond
the 4-hop reasoning in bAbI, StepGame increases the com-
plexity to span 1-hop to 10-hop sequences. The right dia-
gram of Figure 3 illustrates the sequential building of rela-
tional constraints, based on k, the number of relationships.
This produces a chain of constraints linking objects in a
direct path from o, to oy, continuing through to 0,1 1.

* Employing richer, crowdsourced narratives describing
eight possible spatial relations between two entities, which
serve as the basis for generating story-question pairs.

The spatial configuration used in StepGame introduces
limitations that may affect the evaluation of LMs’ spatial rea-
soning abilities. Commonsense human understanding does
not confine directional relationships to strict distance or an-
gular constraints. For example, when we say ‘A is east of
B’ in a two-dimensional framework, it simply means that the
x-coordinate of A, denoted as x 4, is larger than that of B,
zp. This does not necessarily dictate that x4 should exceed
xp by an exact value or align with a specific angle, such as a
1-unit difference or a 90° angle.

StepGame’s design yields unique solutions for all in-
stances, but with limited complexity (as depicted in the Ap-
pendix). Prior research [Li er al., 2024] indicates that the
most challenging aspect for LLMs in this task is constructing
the object-linking chain from shuffled relations, rather than
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Story: Two boxes, named one and two exist in the image. Box one covers a
medium yellow apple. In box two there is this box. Box two has a medium orange
apple which is to the south of a medium yellow apple and touches another
medium orange apple. Box two has the medium yellow apple. Medium orange
apple number two is covered by this box. South of medium orange apple number
one there is medium orange apple number two.

Yes/No Question: Is a medium yellow apple to the south of a fruit? Answer :No
Finding Relation Question: Where is the medium yellow apple in box two
regarding medium orange apple number two? Answer : above

Figure 4: A test example in SpaRTUN.

the spatial reasoning component itself. When provided with
a pre-constructed reasoning chain, GPT-4 demonstrates re-
markable proficiency in handling such reasoning tasks.

2.3 SpartQA and SpaRTUN

SpartQA [Mirzaee et al., 2021] and SpaRTUN [Mirzaee and
Kordjamshidi, 2022] start from 2D images featuring objects
(rectangle, triangle, square) distributed across distinct square
blocks (scenes). They extend beyond mere directional spa-
tial relationships to include Region Connection Calculus 8
(RCC-8) [Randell et al., 1992] and distance (near and far).
SpaRTUN is an updated version of SpartQA-Auto and con-
tains more relation types and rules.

Unlike the previous two grid-based benchmarks, SpartQA
and SpaRTUN’s define spatial relations using a square bound-
ary framework. Each spatial relation is determined by the
(z,y) coordinates of the lower-left points of the square
boundary boxes of two objects and the size of these boxes.

 For object-to-object relations, EC, NEAR, FAR, LEFT /
RIGHT, ABOVE / BELOW are considered;

* For object-to-scene relations, TPP / TPPi, and NTPP /
NTPPi are considered;

¢ For scene-to-scene relations, DC, EC, PO, TPP / TPPi, and
NTPP / NTPPi are considered.

The scene description was generated from the selected
story triplets using context-free grammar (CFG). They in-
crease the variety of spatial expressions by using a vocabulary
of various entity properties and relation expressions. They
map the relation types and the entity properties to the lexical
forms from a specifically collected vocabulary.

Although these two benchmarks include rich spatial re-
lationships, they struggle to provide effective descriptions.
They use simple syntax and word choice but lack logical flow
and content clarity, particularly in two aspects:

* The spatial relations are described as a sequence of ran-
domly selected story triplets, which deviates from the typ-
ical human approach to describing a scene. In the exam-
ple from Figure 4, a more natural human description would
typically start with outlining the relationships between two
boxes, followed by detailing the contents of each box, and
then explaining the relations between the objects. How-
ever, in their narrative structure, there is a lack of an initial
summary of the objects contained in each box, with ob-
jects being introduced individually and somewhat disjoint-
edly. Additionally, the narrative places the object-to-box
relationships prior to the box-to-box relationships, which
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further diverges from the typical human method of spatial
description, leading to potential confusion in understanding
the overall spatial layout.

» The excessive use of detailed and repetitive entity naming,
involving terms like ‘medium yellow apple’, ‘medium or-
ange apple number one’, and ‘medium orange apple num-
ber two’, results in overly lengthy text. This verbosity
transforms a simple description such as ‘South of A is B’
into a more convoluted one like ‘South of medium orange
apple number one is medium orange apple number two’.
Such complexity not only adds confusion but also shifts
the focus from understanding the spatial relationship to de-
ciphering which specific object is being referred to. This
can make it hard for readers to grasp the intended spatial
relationships and hinder smooth comprehension.

Consequently, the narrative’s lack of smooth flow in tex-
tual descriptions makes it difficult for both LMs and humans
to form a clear mental image of the entire scene and to grasp
information about specific objects in question. This complex-
ity hinders the LMs from engaging in spatial reasoning effec-
tively and drawing conclusive answers based on the limited
information presented.

3 Data Generation Framework
3.1 Problem Definition

We focus on constraint satisfaction problems (CSP), defined
by a set of variables V' defined over a domain D and a col-
lection of constraints 6. The goal is to find a specific instan-
tiation where all constraints in # are simultaneously satisfied.
We particularly emphasize binary constraints, which simulta-
neously restrict the domain of two variables. An example of
this is ‘“The desk is placed in front of the sofa.’

One instance of spatial reasoning problem can be concep-
tualized as a constraint network framework: consider a net-
work comprising n spatial variables V' = {01, ..., 0, } within
a domain D". In this network, each node is identified by
a variable o; or by the variable’s index ¢, and each directed
edge is marked with a binary relation constraint. We use the
notation 75 to denote the relation that constrains the pair of
variables (0;,0;). One relation constraint in 6 can thus be
denoted as Tij (01', Oj) or (Oi, Tij, Oj).

Given a set of k relations and a query (04, Tqp, 0), LMs
are tasked with predicting the relation r,5. If all constraints
present in the story, including the predicted relation constraint
(04, Tab, 0b), can be simultaneously satisfied, we consider the
prediction to be an effective solution.

3.2 Data Generation Process

Our benchmark data encompasses a range of configura-
tions, each aligning with specific elements of the constraint
network. These configurations are denoted by the tuple
(n,d, m, p), where:

* n is the number of objects used to form the story in the
scene, as is established through the process in Section 3.5.

* dis the number of square tiles in a width x length tessella-
tion whose centres define possible positions for the centres
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kitchen

living room bedroom bathroom

Figure 5: Sample scenes from our dataset showcasing four types of
rooms in a top-down view.

of objects on the floor plane. In the dataset, width and
lenghth are always equal, yielding square rooms.

* m is the number of binary constraints over n objects, set by
the method described in Section 3.5. The maximum possi-
ble number of constraints on n variables is @, under

which each variable is constrained by all other variables

and the graph is a complete graph, i.e., an n-clique.

* pis the constraint tightness. For unary constraints, p ranges
from O to d, and for binary constraints, from O to d X d.
Here, d is the domain size for one variable, d x d corre-
sponds to the total possible pairs of values between two
variables. For each binary constraint, the number of disal-
lowed value pairs is calculated as p x (d x d). p is related
to the types of constraints, as outlined in Section 3.4. We
analyse the constraint tightness in the Appendix.

All constructed constraint networks are transformed into
a textual format using the method outlined in Section 3.6,
specifically for the purpose of evaluating LMs. Our test sets
are available in varying sizes: RoomSpace-100 includes a
sample of 100 rooms. RoomSpace-1K consists of 1,000
rooms, and RoomSpace-10K comprises 10,000 rooms. The
initial 100 rooms in RoomSpace-1K (ID 0-99) are identical to
those in RoomSpace-100. Similarly, the first 1,000 rooms in
RoomSpace-10K (ID 0-999) match those in RoomSpace-1K.

3.3 Define House Scenes and Objects

We utilize the ProcTHOR [Deitke et al., 2022] framework
to create physics-enabled environments, which allow for the
generation of a variety of virtual house environments. The
initial ProcTHOR dataset includes simulated houses with
multiple rooms. For our indoor setup, we adapt this to gener-
ate scenes within a single-room configuration to simplify the
spatial reasoning challenges (see Figure 5 for examples).

Each room is uniformly square-shaped, enclosed by four
walls (north, south, east, and west) that incorporate elements
such as doors and windows. Despite this structural consis-
tency, each room type is distinguished by diverse configura-
tions of household objects.

3.4 Specify Spatial Relationships

We incorporate three types of spatial relations: topological,
directional, and distance relations. These are utilized to detail
the positioning of objects within rooms (C}) and to define the
relationships between objects (C,). The layout constraints,
C}, are expressed as (o;,7;, Room),i € [1,n], and the inter-
object constraints, C,, are formulated as (o;,7i;,0;),7 # j.
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TPP (sofa, room)
TPP (garbage can, room)
TPP (painting 1, room)

;1 TTII,J;.& TPP (painting 2, room)
NTPP (desk, room)
S NTPP (chairl, room)
m NTPP (chair2, room)

NTPP (chair3, room)
NTPP (chair4, room)

0, NTPP'S,
S, NTPPi o,

Figure 6: Illustration showcasing two topological spatial relations:
TPP (in red, denoting objects touching the room’s walls) and NTPP
(in green, representing objects positioned inside the room’s bound-
aries without touching the walls).

Object Layout within Room

We incorporate directional and topological spatial relation-
ships to detail how objects are positioned within rooms.

Directional Relations. The representation of directional
relations between objects extended in 2D space, we just use
their central points. As depicted in the left part of Figure 7,
we divide the room into nine regions: North (N), West (W),
East (E), South (S), Center (C), North-West (NW), North-
East (NE), South-West (SW), and South-East (SE). The lo-
cation of an object in a room is determined by the region in
which the centre of its bounding box is situated.

Topological Relations. Two settings are considered:

* Uniform Inclusion. All objects are considered within the
room, with no specific topological distinctions made.

» Tangential Proper Part (TPP) and Non-Tangential Proper
Part (NTPP). Just record objects’ topological relations to
the wall, not the floor, as depicted in Figure 6.

Relations between Objects

We define the relationships between any two objects using
directional and distance-based spatial relations, determined
by comparing the « and y coordinates of their centre points.

Directional Relations. We use a projection-based method
to represent the nine different directional relations in cardi-
nal algebra [Ligozat, 1998], as illustrated in the middle part
of Figure 7. We use two reference frames: top-down view
and north-facing view, differing in the expression of binary-
directional relations. In the top-down view, these relations are
depicted using cardinal directions (north, south, east, west)
and their combinations. In the facing view, the cardinal di-
rections are adapted to localized terms (front, behind, right,
left) to provide a potentially more intuitive understanding of
spatial relations from the observer’s viewpoint.

Distance Relations. The distance between objects is
determined by calculating the Euclidean distance be-
tween the center points of their bounding boxes dis =

’It would not be intuitive in the aboriginal language Guugu
Yimithirr, which lacks words for ‘left’ or ‘right’, and spatial informa-
tion is mainly conveyed using cardinal directions [Haviland, 1998].
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behind

Figure 7: An overview of directional and distance spatial relation-
ships: The left image displays the room’s spatial divisions. The mid-
dle image displays both directional and distance-based relationships
among objects from a top-down view. The right image illustrates
directional relations as seen from a north-facing perspective.

V/(x1 — 22)2 + (21 — 22)2. The qualitative distance rela-

tions are defined based on the ratio %2 or -%5  where w is

“w V2w

the length and width of the square room, v/2w corresponds to
the diagonal length of the room. We have incorporated two
levels of distance relation settings in our benchmark:

* close, far (Threshold: 7). A binary classification where
close is within half the room’s width/length w, and far is
beyond it, providing a simple distance distinction.

* close, medium, far (Thresholds: @, M%). The medium
category is introduced for a more nuanced understanding,
with close up to @, medium between @ and 2\[%, far

2‘/351“, as depicted in the middle part of Figure 7.

beyond

3.5 CSP Example Generation

Building a Constraint Graph

Our benchmark offers a variety of stories with varying levels
of complexity, accomplished by adjusting two key parame-
ters: n for object selection and m for constraint determina-
tion. Our methodology is implemented as follows:

Node Selection. We focus on prominent, larger objects that
occupy more space in a room. For example, in the context of
‘an apple on a desk’, we would prioritize the desk over the
apple. Of the IV prominent objects in the scene, we randomly
select n to represent as nodes in the graph.

Constraint Selection. In a constraint graph with n objects,
there are C'2 potential pair connections. For example, a graph
with 5 objects yields CZ = 10 possible constraint pairs. For
all possible pairs of objects, we first select one pair to form the
question. Then, for the remaining C'2 — 1 pairs, the parameter
m is used to establish graph.

Answer - Consistency Checking
We include two types of questions: Find Relation (FR):
identify the directional spatial relationship between two spec-
ified objects. Yes/No (YN): ascertain the validity of a state-
ment concerning the spatial relationship between objects.
Generating ground-truth answers for spatial relations be-
tween objects 01 and o5 from the simulation system can be
automated through comparing their coordinates, represented
as (z1,y1) and (z2,y2). However, key considerations arise:
Given the stories formed with limited qualitative relations,
can we definitively deduce the answer? Is there a possibility
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Figure 8: The percentage of single, multiple, and no solution occurrences (Rows 1, 2) and the average CPU time (seconds) for solution
searches (Rows 3, 4) in RoomSpace-100 with different d. For Rows 1 and 3, n varies while m = n — 1; for Rows 3 and 4, m varies
with n constant at 5. Spatial relation settings include Layout: The basic setting with directional object layout relations. TPP: Enhanced
object layout with topological relations TPP and NTPP. O2: Pure inter-object directional relations. O2+D2: O2 expanded with two distance
relations; O2+D3: O2 expanded with three distance relations; O2+D2+Layout and O2+D3+Layout: Combining inter-objects relations with

object layout relations.

of multiple valid solutions? For example, in the scenario ‘A
is to the left of B, and C is to the left of A, the position of
A relative to C is ambiguous based on the information pro-
vided. A could be to the right, left, or overlapping with C.
The stories in our benchmark offer a partial view of spatial
layouts. Given the limited qualitative descriptions, a singular,
definitive answer may not always be attainable.

Recognizing the potential for multiple valid solutions
within the constraints detailed in the story, we have developed
a consistency-checking tool using the python-constraint
package?, which employs a backtracking algorithm to deter-
mine whether a plausible configuration of object relationships
can exist to meet all specified constraints. Additional infor-
mation about this reasoner is available in the Appendix.

In Figure 8, we analyze the occurrence of single, multi-
ple, and no solution possibilities under various constraint set-
tings. With a smaller domain size of 9 x 9, the Layout and
02 relation settings consistently yield solutions; however, the
likelihood of no solution is significantly higher compared to
the larger domain size of 12 x 12 when incorporating dis-
tance constraints. Additionally, the search cost (CPU time)
required to find solutions with the larger domain size is con-
siderably higher than with the smaller one. We examine the
search costs associated with finding solutions for FR and YN
questions. FR questions generally involve multiple answers
and require evaluating all nine direction relations to identify
all potential solutions that meet the constraints. In contrast,
YN questions involve checking only one relational candidate,
resulting in lower search costs.

3https://github.com/python-constraint/python-constraint
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S; — This room contains a collection of furniture, includ-
ing (SP), (S1), ..., (SP). -
ST —y (§TONy (gT12y  (gTidy,

ot
SN — Imagine yourself at the southern wall’s door, look-
ing inwards. From this perspective, (SNO1). . . (SN,

Sy — (x;) placed in the (rbiry, (TiTPP> the wall
S()TZ?. — () is placed to the (rﬁ“") of (), <7=£15>
SNU — (ay) is (rP7N) (a;), (rD).

Table 1: Our designed grammar. S™ represents sentences describ-
ing north-facing view relations, and S for top-down views.

3.6 Generate Textual Descriptions

During this phase, we transform the spatial logical expres-
sions C; and C,, into natural language sentences S; and S, a
process known as logic-to-text generation.

We develop specific logic-to-string templates using
context-free grammar (CFG). When forming stories, the log-
ical components such as (x;),(x;), (rP™"),(r] "F), (rp),
(ri[;is) are replaced with corresponding textual expressions,
enabling the creation of varied descriptions of spatial rela-
tionships. Our CFG has two parts, as shown in Table 1.

4 Evaluation

4.1 Model Settings and Prompting

We access GPT-3 (Davinci) [Brown et al., 20201, GPT-3.5
(Turbo), and GPT-4 [OpenAl, 2023] via the Azure OpenAl
Service, using the API version “2023-09-15-preview” for all
three models. To yield more deterministic results, we set the
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temperature to O in all experiments. The remaining parame-
ters were left at the standard configurations for these models.

We conduct experiments with two sets of prompts [Bom-
masani ef al., 2021]: one set directly presents stories and
questions to LLMs, while the other incorporates task descrip-
tions and details about relationship definitions, as detailed in
the Appendix, to guide LLMs’ responses.

Experiment results (in Appendix) illustrates a slight im-
provement in the performance of gpt-35-turbo with the Lay-
out, 02+D2, and O2+D2+Layout settings. However, in-
corporating task description prompts results in a decrease in
accuracy within the TPP settings. Therefore, although the
added prompts about task description provide valuable in-
sights into the spatial reasoning problem, the minimal vari-
ation in performance suggests that for subsequent experi-
ments, we maintain a straightforward story and question for-
mat prompt.

4.2 Results

Figure 9 and Figure 10 present the comparative results across
models, relation settings, parameters n and m, highlighting
several key observations:

Model Comparison. GPT-4 consistently surpasses both
Turbo and Davinci in nearly all categories and from various
viewpoints. Turbo shows comparatively lower accuracy than
the other two models, with its accuracy falling to zero under
the condition where n = 6 and m = 5.

Viewing Perspective Influence. The north-facing view de-
scriptions do not significantly impact the results when the
narrative already includes descriptions from that view, as in
the O2 setting and its combinations with distance or lay-
out, where accuracy remains comparable to the top-down
view. However, under the Layout setting, which includes di-
rectional descriptions from the top-down view, introducing
north-facing view descriptions in the questions complicates
comprehension for LLMs, leading to a decline in accuracy.

Impact of Spatial Reasoning Settings. Layout vs. O2: In
the Layout setting, the introduction of TPP does not markedly
affect accuracy. Even with n = 5, GPT consistently performs
well, efficiently extracting and analyzing information. How-
ever, when dealing with only the relationships between ob-
jects in multi-object scenes, the task becomes challenging for
GPT, highlighting the model’s limitations in multi-hop spatial
reasoning.

Distance Settings (D2, D3): Interestingly, Turbo’s perfor-
mance slightly improves with the introduction of distance
constraints. This may suggest GPT-4’s better handling of
more complex spatial relations.

Combination of Layout, O2 and Distance: The combined
settings typically yield performance that is on par with the
best-performing individual setting, in this instance, aligning
with the results observed in the layout setting.

Variation with Parameters (n and m). There is a decline
in accuracy as n increases from 3 to 7, suggesting that larger
n values create more complex and challenging scenarios (see
Figure 10, left). This trend aligns with the observations in
Figure 8 - the time taken by the CPU to find solutions in-
creases with higher n values. In terms of m, an increase in
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Figure 9: Performance of gpt-35-turbo on the RoomSpace-100 test
sets with n = 5 and m = 4 using top-down view and north-facing
view on YN questions.

0.7 0.7
0.6 —— gpt-35-turbo 0.6
05 —*— text-davinci-003 0.5
T —— gpt-4 -
&L 04 " 0.4
Zzo3 =03
< 0.2 0.2
0.1 0.1
0.0 0.0
3 4 5 6 4 5 6 7 8 9
n m

Figure 10: Performance of GPT models with top-down view O2
setting across variations in parameters n and m on RoomSpace-100.

this parameter generally leads to improved accuracy (see Fig-
ure 10, right). It appears that larger m values, with more
densely interlinked spatial relationships, though adding text
length, tend to enhance LMs’ performance.

Conclusion

Our study identifies gaps in current QSR datasets and presents
a new benchmark to better evaluate LMs’ capabilities in
spatial reasoning. We enhance QSR dataset creation with
a benchmark that addresses multiple complexities, includ-
ing topological, directional, and distance relationships. Our
benchmark uniquely incorporates different viewing perspec-
tives in spatial reasoning, moving towards more accurate LM
evaluations. Our results underscore the necessity for en-
hancements in current state-of-the-art LLMs, opening new
avenues for enhancing spatial reasoning in Al models.

Future directions include incorporating object size and
shape, as our current focus is on object centers for spatial rela-
tionships. Additionally, exploring more topological relations
beyond TPP and NTPP can deepen the benchmark’s scope.
We also aim to include more complex perspectives, such as
an agent’s viewpoint within a room, introducing natural front-
facing scenarios for more challenging reasoning tasks.

This paper provides a preliminary evaluation of OpenAlI’s
GPT series models on our new dataset RoomSpace-100. Ex-
panding this research to assess and compare the spatial rea-
soning abilities of other LLMs would be beneficial. Addition-
ally, although our benchmark covers both FR and YN ques-
tions, our evaluation is limited to the YN questions. FR ques-
tions, which typically require multiple-choice answers, repre-
sent a more significant challenge. Future research could delve
into these more intricate scenarios. Moreover, while our eval-
uations utilize RoomSpace-100, exploring larger sets, such as
the 1K and 10K versions, could provide more comprehensive
insights.
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