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Abstract

Artificial intelligence (AI) has made remarkable progress
across various domains, with large language models like
ChatGPT gaining substantial attention for their human-like
text-generation capabilities. Despite these achievements, spa-
tial reasoning remains a significant challenge for these mod-
els. Benchmarks like StepGame evaluate Al spatial reason-
ing, where ChatGPT has shown unsatisfactory performance.
However, the presence of template errors in the benchmark
has an impact on the evaluation results. Thus there is po-
tential for ChatGPT to perform better if these template er-
rors are addressed, leading to more accurate assessments of
its spatial reasoning capabilities. In this study, we refine the
StepGame benchmark, providing a more accurate dataset for
model evaluation. We analyze GPT’s spatial reasoning per-
formance on the rectified benchmark, identifying proficiency
in mapping natural language text to spatial relations but limi-
tations in multi-hop reasoning. We provide a flawless solution
to the benchmark by combining template-to-relation mapping
with logic-based reasoning. This combination demonstrates
proficiency in performing qualitative reasoning on StepGame
without encountering any errors. We then address the limita-
tions of GPT models in spatial reasoning. We deploy Chain-
of-thought and Tree-of-thoughts prompting strategies, offer-
ing insights into GPT’s “cognitive process”, and achieving
remarkable improvements in accuracy. Our investigation not
only sheds light on model deficiencies but also proposes en-
hancements, contributing to the advancement of Al with more
robust spatial reasoning capabilities.

Introduction

Spatial reasoning, the ability to understand and navigate re-
lationships in physical space, is a fundamental aspect of hu-
man cognition that significantly influences interactions with
the environment. Enhancing spatial reasoning in Al mod-
els has the potential to enrich their comprehension of their
surroundings and response to user interactions, leading to
more advanced and immersive user experiences (Alomari
et al. 2022). In recent years, Al has revolutionized numer-
ous domains, from healthcare to finance to entertainment.
Notably, OpenAT’s large language models (LLMs), such as
ChatGPT and GPT-4 (OpenAl 2023), have gained signifi-
cant attention for their human-like text generation capabil-
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ities. However, despite their impressive abilities, LLMs en-
counter challenges in many logical reasoning aspects cru-
cial for human communication, particularly spatial reason-
ing (Bang et al. 2023; Cohn and Hernandez-Orallo 2023).

One approach to evaluating spatial reasoning in an Al sys-
tem is to use synthetic benchmarks such as StepGame (Shi,
Zhang, and Lipani 2022) and SpartQA (Mirzaee and Rajaby
2021). Unfortunately, models like ChatGPT have shown un-
satisfactory performance on these benchmarks. Improving
the spatial reasoning capabilities of LLMs remains a primary
focus to enhance their overall performance and understand-
ing of complex environments.

Whilst examining the StepGame benchmark we discov-
ered that it contains template errors that distort model per-
formance evaluations. These errors were previously over-
looked, leading to studies conducted on a flawed benchmark,
inaccurately assessing the capabilities of the LLMs (Bang
et al. 2023; Yang, Ishay, and Lee 2023). To rectify this is-
sue, we present a more accurate version of the StepGame
dataset for model evaluation, ensuring precise assessments
of the models’ true capabilities and limitations'.

We then conducted evaluation tests on the rectified bench-
mark across various test subsets, few-shot sets, and mod-
els. We observed that larger GPT models demonstrate profi-
ciency in mapping natural language text to spatial relations.
However, they struggle with multi-hop spatial reasoning.

Our goal is not merely to critique, but also to propose po-
tential improvements. To this end, we provide a flawless so-
lution to the benchmark, and explore different approaches to
enhance the spatial reasoning ability of LLMs.

The solution we propose for the benchmark entails com-
bining template-based sentence-to-relation mapping with
logic-based spatial reasoning. The logical reasoner used in
this approach comes from (Yang, Ishay, and Lee 2023),
where they integrated GPT-3 for the task. GPT-3 was em-
ployed to parse spatial descriptions into symbolic spatial re-
lation representations, which were then passed to the log-
ical program for spatial reasoning. This fusion resulted in
significant improvement in StepGame, achieving state-of-
the-art (SOTA) but not perfect results: around 90% accu-

'The data associated with this paper are openly available
from the University of Leeds Data Repository. https://doi.org/10.
5518/1468. All code is available at https://github.com/Fangjun-
Li/SpatialLM-StepGame.
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racy for lower hops and 88.3% accuracy for 10-hop reason-
ing. They attributed 10.7% faults to data-related issues. With
our aforementioned work on rectifying the benchmark, We
take a step further to delve into the two components, an-
alyzing the performance of each on our filtered version of
the dataset. Remarkably, we achieved 100% accuracy for al-
most all hops, with only 2 errors among 1000 test exam-
ples, which were due to GPT-3’s incorrect semantic pars-
ing. Building on this, we replaced the GPT-3 parser with
our sentence-to-relation mapping method and combined it
with the ASP reasoner, showcasing proficiency in perform-
ing qualitative reasoning without encountering any errors,
thus demonstrating a method to achieve a perfect score on
the corrected benchmark.

Neither our solution or the SOTA utilize LLMs for the
actual spatial reasoning functionality. Thus, we proceed to
enhance GPT’s capabilities as a native spatial reasoner. To
achieve this, we employ Chain-of-Thoughts (CoT) and Tree-
of-Thoughts (ToT) prompting strategies.

CoT (Wei et al. 2022) incorporates a sequence of inter-
mediate reasoning steps to facilitate problem-solving. How-
ever, when applied to StepGame, previous studies (Yang,
Ishay, and Lee 2023) have shown that CoT does not con-
sistently improve performance and may even reduce accu-
racy in complex k-hop reasoning tasks. This observation is
attributed to the higher probability of errors occurring in
lengthy CoT processes. On the other hand, research on other
tasks (Zhou et al. 2022; Creswell, Shanahan, and Higgins
2022) has demonstrated that breaking down complex prob-
lems into simpler subproblems and solving them sequen-
tially can be beneficial. Given the ambiguity in the decom-
position of “thoughts™? within CoT, we propose refining the
CoT prompt to empower language models to perform better
in spatial reasoning tasks.

On the other hand, (Yao et al. 2023) introduced ToT, a
framework enabling LLMs to explore multiple reasoning
paths, and they demonstrated its effectiveness in improving
problem-solving capabilities across tasks like the game of
24, creative writing, and mini crosswords. In our work, we
customize the ToT approach for object-linking chain build-
ing, a crucial subproblem in addressing spatial reasoning
benchmarks.

Our customized CoT method showcases its advantages
more prominently in larger models such as GPT-4 and
Davinci, maintaining accuracy even as the tasks become
more complex. Our ToT approach demonstrates its strengths
on the three GPT models: on the largest model, GPT-4, we
are able to maintain an accuracy of around 90% even as the
tasks become more complex. On Davinci, the accuracy is
maintained at around 50%, while Turbo achieves a lower
level of accuracy at around 30%.

By identifying current deficiencies and proposing en-
hancements, we aim to contribute to the ongoing discourse

*In this paper we use the word ‘thoughts’ in the same way as
is now being used in the literature on CoT and ToT, whilst noting
that these are not thoughts in the human sense but rather generated
coherent units of text , serving as intermediate steps in a problem
solving setting, and without wishing to ascribe an anthropomorphic
meaning to the word.
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in Al development, pushing the boundaries of what LLMs
can achieve. Ultimately, our investigation can pave the way
for the development of advanced, intuitive, and user-friendly
Al systems with robust spatial reasoning capabilities.

Related Work

The field of spatial reasoning in language with artificial in-
telligence has evolved through sustained efforts over time,
with significant advancements achieved through both tradi-
tional methods and modern LLMs.

Early strides in spatial reasoning in language were marked
by the development of formal structures to represent spatial
relationships. (Kordjamshidi, Moens, and van Otterlo 2010)
proposed a spatial ontology to formalize the representation
of spatial relations. This work laid the groundwork for the
subsequent introduction of text-based spatial role labeling
(Kordjamshidi, Van Otterlo, and Moens 2011), which aims
to convert text into formal spatial representations.

Then comes synthetic tasks designed to evaluate the text
understanding and spatial reasoning capabilities of learning
algorithms. The positional reasoning task (Task 17) in the
bAbI dataset (Weston et al. 2015) is for spatial reasoning and
requires models to reason using one or two sentences, which
makes this task comparatively simple. (Shi, Zhang, and Li-
pani 2022) advanced this field by creating the StepGame
benchmark to evaluate multi-hop spatial reasoning in text,
with richer variety in spatial relation descriptions. Both of
these datasets emphasize directional spatial relations (Cohn
and Hazarika 2001; Skiadopoulos and Koubarakis 2001;
Cohn and Renz 2008; Chen et al. 2015). Three spatial QA
datasets: SpartQA(Mirzaee and Rajaby 2021), SPARTUN,
and RESQ (Mirzaee and Kordjamshidi 2022) expanded the
resource landscape by encompassing wider-ranging spatial
language expressions, posing challenges for traditional log-
ical programming, and are important benchmarks for evalu-
ating LLMs’ spatial reasoning capabilities.

Concurrently, the advent of LLMs such as OpenAl’s
ChatGPT has opened up fresh pathways for spatial rea-
soning. These models, leveraging transformer architectures,
can generate human-like text and handle complex linguis-
tic structures. However, while these models are indeed im-
pressive, their capabilities in spatial reasoning are yet to be
fully explored and exploited. One recent approach to assess
these capabilities was taken by (Bang et al. 2023), who put
ChatGPT to the test using SpartQA and StepGame. Despite
the generally advanced capabilities of ChatGPT, the model
showed shortcomings in these tasks, signaling a need for fur-
ther enhancements in the realm of spatial reasoning.

A promising technique known as ‘prompt engineering’
(Bommasani et al. 2021) has been making its mark recently.
This approach involves crafting specific prompts to guide
the responses of the models, leading to outputs that are
more contextually apt and insightful. This method demon-
strates significant potential in enhancing the capabilities of
LLMs like ChatGPT in various domains (Li, Hogg, and
Cohn 2022), including the challenging area of logical rea-
soning (Wang et al. 2023). For instance, when faced with
multi-step reasoning tasks, a method called ‘few-shot chain-
of-thought’ (CoT) prompting (Zhang et al. 2022) comes into
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Story: J is diagonally above B to the right at a 45 degree.

Clock-position: If B is the center of a clock face, J is located between 2 and 3.

J,)

Compass-position: J is north cast of B.

Relation extraction 1-hop reasoning

Question: What is the relation
of the agent J to the agent B?
Answer: upper-right

J is on the upper right of B./
B is is on the lower left of J.

Question: What is the relation

Semantic of the agent B to the agent J?

Parsing

top_right(*J”, “B”)
down_left(“B”, “J”)

Answer: lower-left

Figure 1: An illustrative example for demonstrating relation
extraction and 1-hop spatial reasoning.

play. These demonstrations enable LLMs to explicitly gen-
erate reasoning steps, thereby improving their accuracy in
reasoning tasks. This technique involves a handful of manu-
ally curated step-by-step reasoning demonstrations.

As we review these developments, it is clear that while
significant progress has been made, challenges remain in
both traditional and LLM approaches to spatial reasoning.
The limitations of models like ChatGPT indicate the need
for continued research and enhancement strategies. This pa-
per aims to contribute to this by examining these limitations
more closely and proposing potential avenues for improve-
ment. We aim to explore the limit of GPT as a general prob-
lem solver that explores its own thoughts and guides its own
exploration with deliberate reasoning as heuristics.

The StepGame Benchmark for Evaluating
Spatial Reasoning

In this paper, we focus on StepGame, in line with other stud-
ies that evaluate ChatGPT’s spatial reasoning proficiency
using StepGame and SpartQA. StepGame comprises story-
question pairs in natural language, The objective is to answer
questions regarding the spatial relations between two speci-
fied entities. The StepGame benchmark contains two sets of
data: a clean set where there are precisely k facts given for
any given k-hop instance, and a noise set where there are
more than k facts given, and the extra facts are distracting.

Spatial Reasoning Types

* 1-Hop Spatial Reasoning. In 1-hop reasoning, we are
given a relation description between two entities and are
asked about the spatial relation from one entity to the
other. 1-hop relation reasoning and relation extraction can
be considered similar processes. As exemplified in Fig-
ure 1, consider the story where J is diagonally above B
to the right at a 45-degree angle. The question is What is
the spatial relation of agent J to agent B?. This is similar
to relation extraction. However, if we change the question
to What is the spatial relation of agent B to agent J?, it
needs a reverse reasoning process top_right(“J”, “B”) —
down_left(“B”,“J”). Both expressions are correct repre-
sentations for relation extraction.

Multi-Hop Spatial Reasoning. Figure 2 provides one ex-
ample of 10-hop reasoning, which is from the ‘clean’ set.
The questions ask about the relation between two objects,
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10- hop story:

1. f is slightly off center to the top left and fiis
slightly off center to the bottom right.

2. is at the bottom of I{.

3.7 presents right to ﬁ

4. . is lower right of ||.

5. §is positioned above [ and to the right.

6. Fis above fi at 10 o'clock.

7. Rs to the upper left of [{j.

8. B is at the bottom of §.

9. . is sitting in the right direction of _r]

10. | is placed at the lower right of .

What is the relation of the agent I to the agent [§?

Q
N
7]

¥

Figure 2: Example of 10-hop reasoning, featuring a question
regarding two entities that are not directly connected in the
stories. The diagrams on the right do not form part of the
input to the Al system but are for illustrative purposes only.

\pe

either directly or indirectly connected. Multi-hop reason-
ing adds more complexity to the problem, as it involves a
greater number of provided relations. To solve the prob-
lem, one needs to identify useful relations and then pro-
ceed with relation inference step by step.

Problems with the Dataset

Eight spatial relations (fop, down, left, right, top-left, top-
right, down-left, and down-right) are utilized for the story
generation of StepGame. These relations are expressed
through sentences in natural language. All sentences/state-
ments are based on a crowd-sourced template base®. Each
“story” is accompanied by a question that seeks to identify
the relations between two objects, and it is labeled according
to the intended relations at the time of story creation, rather
than the actual sentences used. A template is considered to
contain an error if the meaning conveyed by the sentence
does not align with the relationship that was intended to be
expressed during the creation of stories and labels.

Table 1 presents a detailed enumeration of errors in the
relation-to-sentence mappings identified in StepGame. Out
of the 214 templates examined, 14 were found to contain er-
rors. Of the eight different relationship mappings available,
only o0;-above_os and o7 _left_o, are devoid of mistakes.
The question arises as to why there are so many errors in
the crowd-sourced expressions; presumably this is down to
insufficient quality control over the crowdworker reponses.

For each k value, the StepGame dataset includes 10,000
test samples. Table 2 displays the percentage of exam-
ples containing sentences derived from incorrect templates,
which hints at a rising trend in inaccuracies as k increases,
suggesting a potential cumulative impact.

Among these 14 incorrect templates, four cannot be reme-
died in existing StepGame benchmark examples.

o1 -upperright_oa: Object A is above object 0;.

o1-upperleft_os : 01 is diagonally left and above o .

o1 lowerright_os | 01 _upperle ft_os | 01 upperright_os:
o1 is to the right and above oy at an angle of about 45
degrees.

3https://github.com/ZhengxiangShi/StepGame/blob/main/
Code/template.py
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Relation | Original Incorrect Template
02 and o, are parallel, and 02 on the right of 0.
right 02 and o; are parallel, and o2 is to the right of 0.
02 and o0; are horizontal and o> is to the right of 0.
02 and o7 are both there with the object o2 is to the
right of object o1.
02 is placed at the bottom of 0;.
below 02 is at the bottom of o1 and is on the same vertical
plane.
02 presents below 0.
lowerleft 02 is there and o1 is at the 10 position of a clock face.
02 is positioned below o0; and to the left.
upperrieht Object A is above object o1 and to the right of it, too.
ppermignt| s diagonally to the upper right of 0.
lowerright | 01 is to the right and above o2 at an angle of about 45
degrees.
upperlefi 31 is to the right and above o2 at an angle of about 45
egrees.
01 is diagonally left and above o;.

Table 1: Incorrect sentence templates in StepGame. The Re-
lation column signifies relation for oy _relation_os.

k=1|k=2 | k=3 | k=4 | k=5 | k=06 | k=7 | k=8 | k=9 |k=10

54.29
74.21

Clean|
Noise

7.64
20.43

15.03
30.19

20.87
34.59

26.39
48.18

32.54
57.13

37.66
61.14

41.71
63.60,

47.20
69.45

51.50,
72.84

Table 2: Percentage of incorrect instances out of all instances
over k=1-10 test sets.

* 01 lowerleft_og | 01-upperleft_os: 0y is there and oy is
at the 10 position of a clock face.

The first and second templates are irreparable because
it is impossible to identify what oo is when sentences
are formed using them. The third and fourth templates
cannot be corrected since they were applied to multiple
spatial relations, although each accurately represents just
one. For example, for the sentence ‘Q is to the right and
above P at an angle of about 45 degrees’, three map-
ping relations exist: Q_upperright_P, Q_lowerright_P,
and Q_upperleft_P. Although this sentence expresses the
meaning Q)_upperright_P, it is uncertain which candidate
was used for the label. For such templates, a unique correc-
tion could not be chosen, necessitating the removal of the
sentences that use these template from the dataset.

Methods
Solution for the Corrected Benchmark

Our error-free approach is entirely logic-based, without
the use of LLMs. We begin by performing template-based
sentence-to-relation mapping, akin to semantic parsing.
Then, we employ ASP for logical reasoning, utilizing the
ASP reasoner introduced by (Yang, Ishay, and Lee 2023).
These two components operate independently:

* Sentence-to-Relation Mapping. When presented with a
natural language relation description r, we first identify
the template used in r through a comparison with the tem-
plate base. This template is symbolized as og_v_o;. Then,
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Sentences Template ASP Facts
Y and I are parallel, and Y is on top of I. —» Y _above I — above("Y","I").
F is on the left side of and below Q. —»  F_lowerleft Q ~ — down_left("F", "Q")
Jis at O's 6 o'clock. — J_below_O > below("J", "O").
A is directly north east of B. —  A_upperright B — up_right("A", "B").
What is the relation of the agent B to the agent J? query B_J query(“B”, “J”).

Figure 3: Sentence-to-Relation Mapping Examples.

we convert this template form into a structured represen-
tation v(0g, 01), where oy and o7 correspond to the two
objects mentioned in r, and v signifies the spatial relation
between og and o;. Specifically, for questions inquiring
about relations from the start object og to the target ob-
ject o, the template is query_og-oy, and the correspond-
ing ASP fact is represented as query(og, o¢). Illustrative
examples of this process can be found in Figure 3.

Logical Reasoning with ASP. The logical facts v(og, 01),
generated through semantic parsing for all relations in the
story R, are used as input to the ASP module for spa-
tial reasoning. The ASP module was implemented us-
ing Clingo and includes rules specifically tailored for
StepGame. These rules transform StepGame into a qual-
itative spatial reasoning problem in a 2D grid space.
These rules incorporate offsets for 9 spatial relations,
such as offset(right) = (0,1) and offset(lower-left) =
(=1, —1). The main rule in the ASP module calculates the
location of og to 01 by adding the offsets v(0g, 01).

While this approach offers a solution to the StepGame
benchmark challenge, it does require prior familiarity with
the templates and mandates updates to the template base
when confronted with new stories employing novel tem-
plates. In contrast, an LLM approach holds the potential
to flexibly adjust to unfamiliar templates. Additionally, the
method’s dependence on customized rules within the logical
program constitutes another aspect to be mindful of.

Chain-of-Thought (CoT) Prompting

We devised a customized CoT for the spatial reasoning task.
The core idea of CoT is to introduce a chain of thoughts
C1,...,Ci,...,Cn to bridge input x and output y, where ¢
represents i-th step. In our customized CoT for StepGame, x
consists of the task description, few-shot examples, relation
story, and question, while y represents the answer regarding
the relations between the queried objects (from the start ob-
ject o; to the target object o). Each thought ¢; is to identify
direct spatial connections between objects (0; and 0;1). We
take CoT a step further by decomposing each step of thought
¢; to explore the potential advantages of incorporating a co-
herent and detailed reasoning process.

Thought Categorisation. We categorise the thought into
three types: link establishment thoughts c¢!*"**, relation map-
ping thoughts ¢, and coordinate calculation thoughts
cealet | At each reasoning step, these three types of thought
are sequentially sampled as a continuous language sequence
c; = [chink P cealeu] uging the LLM.

s & s &g

1. cl"*: Guide the LLM to examine all relations in the story

(R=1[r",...,77,...,7%]) and select 7 for the i-th step
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for k-hop reasoning, ensuring it directly describes the re-
lation with o; and has not been used in any previous step.
For the start object (¢ = 0), we use the prompt “Start with
0p. According to” and for the middle objects (¢ > 1), we
use the prompt “Then search for o;. According to”. Full
details of the prompts can be found in the Appendix*.

c:"P: Map r7 to a simple relation description such as “o;
is to the v of 0;41,” where v represents the key spatial
relation from o; to 0;41. The prompt “This means” helps
the LLM perform this mapping.

cf“lC“: Use 77 to calculate the coordinates of 0;+1. We set
0, at (0,0), and each spatial relation is assigned an off-
set to determine the positions of the objects. The prompt
“oi41 = 0; + offset(r?) (ToisYo,) + (Twryp) =
(%o,,1+Yo,,,)” instructs the LLM on the calculation pro-
cess. It computes the coordinates of 0;,1 and generates
the output like “Therefore, B is at (o, ,, Yo, ,).”

Tree-of-Thoughts (ToT) Prompting

Algorithm 1 is designed to enhance the reasoning chain-
building process, allowing LLMs to consider different path-
ways. This is useful because during the search for relations
with an object, distracting connections may arise, as shown
in Figure 2. However, it is essential to follow a correct se-
quence to successfully reach the target object. If an LLM
mistakenly tracks an incorrect sequence, it could get stuck in
a dead end leading to incorrect reasoning conclusions such
as “The story does not provide direct spatial information.”
The algorithm initiates by prompting the LLM to set up
the initial tree state, denoted as Sy, using the input x, which
comprises a story and a question. Sy is in the form “chain:
op —>, target: o, unused: R”. R represents all connections
between objects in the story, in the form of object1-object2.
Then it proceeds to construct a linking chain from oq to o;
in iterative steps, wherein for the i-th step (1 < ¢ < 10),
the LLM considers the tree state .S;_1 built up to that step.
If no state s in S;_; reaches o, the LLM is prompted to
generate j candidate thoughts for each s in the current set
of states, S; (j = 2 in this paper). G prompts the LLM
to search for a potential object o; connected to the current
object 0;_1 from the unused relations R}‘f%sed. A check is
made (Check Extn(c))) to see if the proposal made is a real
candidate extension. For all candidate thoughts, V' prompts
the LLM to evaluate the state to determine if the chain can

proceed with o; and the updated R¥"**? to reach o;. The

top-rated b tree states in S; are selected as S;. When there is
a state sy which reaches oy, the L will be prompted with the
linking chain construction prompt (Appendix D.4) to form
the final links /.

Thought Generation G(s, j). Given a tree state s, we let
the LLM propose j thoughts using the thought generation
prompt “Use relations listed in unused relations to enu-
merate all potential expansions of the chain by considering
unused relations that exhibit a direct link to the last object

“The ArXiv version of this paper includes the Appendix con-
taining prompting examples.
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Algorithm 1: Our ToT Approach
Require: LLM, input
1: S < Init(x)

2: 141

3: while no sy € S;_; has arrived at o, do

4 8, « {s-clce G(s,j)AChainExtn(c)As € S;_1}
5. if S; = () then return failure

6:  S; < select(b,{(s,y)|s € SNy =2XTc(V(s))})
7. =i+l

8: end while

9

: return Link(sy)

within the chain.” In our experiment, we set 7 = 2, mean-
ing that we instruct the LLM to generate content twice for
each state s € S;_1.

State Evaluation V'(s). Our approach involves a classi-
fication methodology, using the designed value prompt
“Evaluate whether the chain can reach the target (sure/-
likely/impossible). If the chain has already reached the tar-
get, it’s ‘sure’. If the unused relations include the current
object, it’s ‘likely’. If there are no unused relations that
include the current object, it’s ‘impossible’.” This prompt
guides the LLM to sequentially examine all newly gen-
erated states s € S;- n times — using the stochasticity of
the LLM with a non zero temperature to increase the reli-
ability of the scoring. The three types of outputs - ‘sure’,
‘likely’, and ‘impossible’ - are converted into numerical
scores using a function o() to facilitate the selection pro-
cess among all newly generated states.

Search Algorithm The choice between utilizing breadth-
first search (BFS) or depth-first search (DFS) depends on
the tree structure. In the StepGame benchmark, the tree
depth is limited (depth < 10), and the number of thought
candidates k for each step is also limited (width < 3 in
most cases). However, a deeper search does not necessar-
ily guarantee better results. In certain scenarios, oy and
o, may be directly connected in one relation statement,
allowing for shorter linking chains between them, which
is preferable. Therefore, we opt for BFS to maintain all
promising states. We set the breadth width b = 3, main-
taining the three most promising linking-chain states per
step. The criterion for stopping searching is set when the
linking chain arrives at the target object.

Our ToT approach is used to construct the reasoning
chain from o( to o;. Subsequently, the spatial relation be-
tween these objects is computed following the previous CoT
prompting method, with the use of ¢™?? and @/,

Experimental Design
Model Settings

We use the Azure OpenAl Service for ChatGPT (3.5-Turbo)
and GPT-3 (Davinci), and GPT-4 API access. To yield more
concentrated and deterministic results, we set the tempera-
ture to 0 in CoT experiments. In ToT experiments, we follow
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(Yao et al. 2023), setting the temperature to 0.7 for gener-
ating varied thought proposals. The remaining parameters
were left at the standard configurations for these models.

Different Test Subsets It is common practice in the stud-
ies cited (Bang et al. 2023), (Yang, Ishay, and Lee 2023) to
use a subset of 30 or 100 test examples from the full set of
10,000 for each k value. While this method helps in con-
serving token usage, it could potentially introduce biases or
inaccurate estimations of the model performance.

We examine the effect of the number of test examples.
Specifically, we wanted to determine whether evaluating on
a limited number of test examples could introduce inaccura-
cies. To achieve this, we conducted tests on a clean, filtered
test set for k-hop reasoning (k € [1, 10]), thereby covering
a range of task complexities. Tests were carried out on 30,
100, and 1000 test examples to assess the impact of the num-
ber of test examples on the evaluation.

Different Few-Shot Sets We created three different few-
shot prompting sets to evaluate the influence of input exam-
ples in prompts.

clean 5shot(1,3,5,7,10): Create a prompt consisting of five
examples, with one example each from tasks requiring 1-
hop, 3-hop, 5-hop, 7-hop, and 10-hop reasoning.

clean 10shot: Formulate a prompt using ten examples,
each one derived from a distinct k-hop task in clean set.

clean 5shot separate: Construct a prompt for each k-hop
reasoning task, utilizing five examples from the corre-
sponding k-hop training set as few-shot examples.

Experimental Results
Evaluation Results

Influence of Scale of Test Examples We employ the
clean 10shot prompting setting. The results are presented
in the left subplot of Figure 4. Upon evaluation of the ex-
panded test set comprising 1000 examples, the model shows
a uniform decrement in performance as k increases from 1
to 10. This trend indicates the increased complexity as the
number of hops increases. With smaller test sets of 100 or
30 examples, the trend is less consistent, and there are oc-
casional increases in performance at certain hop levels. The
variance in performance, particularly for the 30-example test
set, may indeed be larger. This could be due to the smaller
sample size providing less comprehensive coverage of the
potential range of tasks, leading to more fluctuations in per-
formance. This indicates larger test sets can provide a more
stable and reliable indicator of a model’s performance across
different complexity levels (i.e., number of hops).

Influence of Prompting Examples The middle subplot in
figure 4 indicates that the choice of prompting strategy can
impact the model’s ability to handle tasks of varying com-
plexity. Similar to the previous data, all prompting strategies
show a trend of decreasing accuracy as the number of hops
increases. This trend is consistent and suggests that the com-
plexity of the tasks grows with the number of hops.

The performances of the three methods are close. While
differences exist at specific hop levels, no single method
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left/ |above |lower_left/ |lower_right/

right |/below |upper_right |upper_left
total 44 |53 50 53
text-curie-001 11 |41 30 37
text-davinci-003 |0 0 0 2
gpt-3.5-turbo 2 2 3 1

Table 3: The relation extraction performance of GPT. The
numbers in rows 2-4 are incorrect predictions numbers.

consistently outperforms the others across all hop levels.
Interestingly, clean 5shot (1,3,5,7,10) performs better than
clean 10shot (1~10) at almost every hop level. This sug-
gests that selecting examples from a wider range of hop lev-
els (1,3,5,7,10) can be more beneficial than having an exam-
ple from each hop level from 1 to 10.

Influence of Models As indicated in a recent study (Ye
et al. 2023), Turbo demonstrates comparable performance
to Davinci across many tasks. However, it falls short in the
machine reading comprehension, part-of-speech, and rela-
tion extraction tasks, potentially owing to its smaller model
size. The StepGame spatial reasoning task requires the com-
prehension of sequential spatial connections and the ability
to draw deductions from them. According to the right sub-
plot of Figure 4, the Davinci model generally outperforms
the Turbo model across varying levels of task complexity
(number of hops). The differences in performance between
the two models are more significant at lower complexity lev-
els, but they appear to converge as the complexity increases.

Results of the Improved Methods

Resolution for the Benchmark The results of our resolu-
tion (sentence-to-relation mapping + ASP-based reasoning)
are displayed in the ‘Map+ASP’ row of Table 4. The num-
bers in the table indicate accuracy scores, with higher values
indicating better performance. This demonstrates the profi-
ciency achieved in spatial relation mapping and multi-hop
spatial reasoning, all without encountering any errors.

GPT for Relation Extraction + ASP for Reasoning We
analyze the performance of GPT in the relation extraction
subtask, as outlined in Table 3. Curie has the highest number
of wrong predictions across different relations, Davinci and
Turbo show better performance.

The state-of-the-art results achieved by (Yang, Ishay, and
Lee 2023) (using GPT-3 for semantic parsing and ASP for
reasoning) are presented in the “SOTA” row of Table 4. They
achieve approximately 90% accuracy for lower hops and
88.3% accuracy for 10-hop reasoning. They attribute 10.7%
of the inaccuracies to data-related concerns.

We provide an evaluation of their approach on-
the corrected dataset, with the results displayed in the
“Curie+ASP” and “Davinci+ASP” rows. Among the 1000
test examples (100 for each k), only 2 errors were encoun-
tered with Davinci. caused by semantic parsing: the sentence
“If E is the center of a clock face, H is located between
2 and 3. was parsed incorrectly as right(“H”, “E”), but
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Impact of Test Example Size

Few-shot Prompting Strategies

Davinci vs Turbo

90 90
807 — Random Choice 70 - clean 5shot (1,3,5,7,10) | 80 L ® Davinci
707 | % ® 100 Test Examples 60 ® clean 10shot (1~10) 70 {M B Turbo
200 x 30 Test Examples =+ clean 5shot separate a0
£ jg = O 1000 Test Examples | 30 50
o [ -
Z 30 x ?T & -8 x :g 40 a ®
RN i NI
10 | 20 20 A wg
—_ L p -
I 2 3 4 5 6 7 8 910 1 2 3 4 5 6 7 8 9 10 1 2 3 4 5 6 78 910
Number of Hops Number of Hops Number of Hops

Figure 4: Accuracy comparison for varying numbers of hops (1-10) on the clean test set.

On the left, we show the performance

variation of the Turbo model with /0shot prompting over different test set sizes (30, 100, and 1000 examples). The middle
section illustrates the performance of the Turbo model under three distinct prompting settings: 5shot(1,3,5,7,10), 10shot, and
Sshot separate. The right portion showcases the performance of two models - Davinci and Turbo - using /0shot prompting.

k=1k=2k=3k=4k=5k=6 k=7 k=8 k=9 k=10
Map+ASP  |100(100(100/100/100(100(100{100|100| 100
Curie+ASP |46 |43 4259 |67 |67 |57 |56 |58 61
Davinci+ASP |100{100| 99 {100{100| 99 |100/100|100| 100
SOTA 92.6/89.9|89.1(93.8|92.9191.6/91.2/90.4/89.0| 88.3
base | 6243 |30(35]29|25|29 31|16 20
Turbo | CoT / |34]140|36|28|28|26|31|25]| 24
ToT_CoT| / | / |35|35|25|45|15|40 |40 | 35
base | 77|42 |21|26|25|30|23|23|22| 22
Davinci| CoT / |48 |53 |46|46|48 |40 45|41 | 32
ToT_CoT| / | / | 65|50 |45 |60 |50|50|55| 50
base |100| 70 | 55|45 |40 | 25|40 35|35 25
GPT-4| CoT / 180 |75]195|85(85[90|80 60| 65
ToT_CoT| / | / [85|85|90 (90|85 |90 (100 95

Table 4: Accuracy comparison of GPT models on revised
StepGame using different methods.

supposed to be up_right(“H”, “E").

CoT and ToT The experimental results in Table 4 involv-
ing GPT-4 and ToT are based on a test set comprising 20
instances considering token usage, while for Davinci and
Turbo, we used a larger test set of 100 samples. The re-
sults for the base and CoT methods were obtained using the
Sshot separate prompting on the clean set. All the ToT_CoT
results presented in the table involve the use of GPT-4 for
building the linking chain, followed by the application of
Turbo, Davinci, and GPT-4 for CoT reasoning with the con-
structed linking chain. The GPT-4 model exhibits superior
performance across nearly all settings. With the basic input-
output prompt, despite starting at 100% accuracy for k = 1,
its accuracy dips to 25% for k = 10, indicating that even the
most powerful GPT model struggles to maintain accuracy
as task complexity rises. Humans would probably find this
challenging too.

With the implementation of our CoT and ToT approach,
the GPT-4 model demonstrates significant performance en-
hancements for more complex tasks (ranging from k& = 2 to
k = 10). Our ToT and CoT method considerably enhances
the performance of the Davinci and GPT-4, particularly in
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larger hops. For the Turbo model, although our CoT method
brings improvements as k increases, the gains are not as pro-
found as those observed with the Davinci and GPT-4. This
could be attributed to the long length of our prompts, requir-
ing a nuanced understanding of coordinates and relations.

Conclusion

This paper has introduced a revised version of the StepGame
benchmark, correcting template errors that distort model
performance evaluations, leading to a more accurate eval-
uation of the spatial reasoning capabilities of Al systems at-
tempting the challenge. We highlight Davinci and Turbo’s
abilities in mapping texts to spatial relations and their lim-
itations in multi-hop spatial reasoning. Our solution com-
bines template-to-relation mapping with logic-based reason-
ing, effectively addressing challenges in this task. We also
enhance LLMs’ spatial reasoning ability through prompt en-
gineering, using CoT and ToT strategies.

This paper focuses on StepGame; future studies could ex-
tend our findings to other benchmarks. Our methods are suit-
able for adaptation to various 2D grid-based directional spa-
tial tasks, such as the bADI (task 17). This adaptation would
involve customizing the template for the ASP-based solution
and modifying task descriptions and few-shot examples for
CoT and ToT approaches. For tasks that require a combina-
tion of directional, topological, and distance reasoning, like
SpartQA, it would be necessary to integrate additional rules
and ontology into both the ASP program and the prompts to
LLMs for effective solution development.

The effective resolution of the StepGame benchmark
prompts a need for more challenging versions. While hav-
ing a well-defined set of spatial relations converted into nat-
ural language using a set of templates is appealing, it leads
to controlled natural language which is more amenable to
special purpose reasoning. Finding a way to generate more
naturalistic problem statements automatically would there-
fore be highly desirable. Additionally, the current indepen-
dent use of LLMs and logic programs suggests a potential
research direction towards integrating these tools for more
comprehensive and cohesive problem-solving strategies.
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