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Abstract: Spatial language understanding (SLU) is an important task in the field of information
extraction, and it involves complex spatial analyses and reasoning processes. Unlike English SLU,
in the case of the Chinese language, there may be some language-specific challenges, such as the
phenomenon of polysemia and the substitution of synonyms. In this work, we explore Chinese SLU
by taking advantage of large language models. Inspired by recent chain-of-thought (CoT) strategies,
in this study, we propose the Spatial-CoT template to help improve LLMs’ reasoning abilities in
order to deal with the challenges of Chinese SLU. Spatial-CoT offers LLMs three steps of instructions
from different perspectives, namely, entity extraction, context analysis, and common knowledge
analysis. We evaluate our framework on the Chinese SLU dataset SpaCE, which contains three
subtasks: abnormal spatial semantics recognition, spatial role labeling, and spatial scene matching.
The experimental results show that our Spatial-CoT outperforms vanilla prompt learning on ChatGPT
and achieves competitive performance in comparison with traditional supervised models. Further
analysis revealed that our method could address the phenomenon of polysemia and the substitution
of synonyms in Chinese spatial language understanding.

Keywords: spatial language understanding; artificial intelligence; natural language processing; large
language model

1. Introduction

Spatial language understanding (SLU) involves recognizing and reasoning about spa-
tial semantics, e.g., spatial objects, relations, and transformations [1], in natural languages’
descriptions, and this has drawn much attention in recent years. Conventional SLU tasks
include spatial role labeling [2,3], spatial question answering [4], and spatial reasoning [5].
SLU is an essential function of natural language processing systems, and it is necessary for
many applications, such as robotics [6—8], navigation [9-11], traffic management [12,13],
and query answering systems [4].

In the realm of SLU, extant research exhibits a pronounced concentration on the context
of the English language, while there is a noticeable lack of investigations on non-English
settings. Extending in this direction, Zhan et al. [14] proposed Spatial Cognition Evaluation
(SpaCE) in order to benchmark Chinese spatial language understanding via abnormal
spatial semantics recognition, spatial role labeling, and spatial scene matching. Unlike in
the context of English, Chinese SLU has some specific challenges due to its ambiguous
characteristics and complex grammar. For example, Figure 1a shows the phenomenon of
polysemia among Chinese spatial prepositions. The word “ I-” in the sentence “F2¢ [TH
HCEF” (the books on the shelf) means “on”, while the “_I” in the sentence ‘528 | [
E B (the clock hanging above the shelf) means “above”. With the same word “ " or
phrase “ I[H]”, the sentences may express different spatial relationships, which is a common
phenomenon in Chinese. Meanwhile, some conflicting prepositions may express the same
meaning, which is also known as the substitution of synonyms. In Figure 1b, the “ [.”
(which usually denotes “on”) in “#, = —HM## M~ and the “~” (which usually denotes
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“under”) in “M N —HFE T describe the same thing, i.e., “there is a coin on the ground”.
The substitution of synonyms occurs in many languages but does so more frequently in
Chinese due to the lax usage of syntax. In these situations, traditional methods that extract
spatial information based on spatial prepositions impair performance. The solution to this
issue is to reason spatial relationships with the holistic semantics of a sentence and the
common linguistic knowledge of the Chinese language.

PDLHSCV\&LH phenomenon
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Figure 1. The cases of the phenomenon of polysemia (a) and the substitution of synonyms (b) in the
Chinese language.

Very recently, the integration of LLMs into the NLP task has garnered increasing
attention, which has facilitated the achievement of remarkable zero-/few-shot performance.
Researchers have devised mechanisms such as in-context learning (ICL) that enable LLMs
to directly generate results for an input question with just a few demonstrations. However,
the approach of straightforward prompts falls short of eliciting the profound language com-
prehension and knowledge manipulation capabilities of LLMs. Consequently, it struggles
to effectively address intricate and challenging spatial reasoning. In this study, we explore
the newly emerged chain-of-thought (CoT) mechanism in which LLMs not only produce
the most probable reasoning results, but also provide clues/the rationale underpinning
an inference. This involves incorporating the holistic spatial information of the input
descriptions, as well as the extensive common knowledge that LLMs have. The vanilla
CoT simply concatenates the target problem statement with “Let us think step by step” as
an input prompt for LLMs. It fails to explicitly focus on the key steps of spatial reasoning,
leading to unstable results. In this study, we propose the Spatial-CoT template, where we
manually decompose the problems of SLU into a three-step process to address the specific
issues in spatial reasoning.

Concretely, we investigate CoT reasoning for three Chinese spatial understanding
tasks: abnormal spatial semantics recognition (ASpSR), spatial role labeling (SpRL), and
spatial scene matching (SpSM). For each task, we design a CoT prompt template, namely,
Spatial-CoT, from a shallow entity to holistic semantics. Technically, our Spatial-CoT
reasoning comprises three pivotal steps, with each being a special analyzer: an entity
analyzer (EA), context analyzer (CA), and common knowledge analyzer (CKA). The overall
framework is shown in Figure 2. First, the EA should recognize all of the related entities in
the spatial scene of a given description, providing entity-level clues for deeper reasoning.
Subsequently, the CA employs the entity clues and makes a prediction based on the
provided context, making a preliminary decision about the task from its inclination. Finally,
the CKA refines the decision based on common knowledge and language conventions. At
its core, Spatial-CoT unfolds as a sequence of logical steps, with each building upon the
insights of the preceding step, leading to conclusive outcomes.
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Figure 2. The overall framework of our chain-of-thought spatial reasoning.

We evaluated our method on the SpaCE dataset, which includes an abnormal spatial
semantics recognition task, spatial role labeling task, and spatial scene matching task. The
results underscore the efficacy of our proposed Spatial-CoT reasoning framework in LLM-
based Chinese SLU. The Spatial-CoT method outperformed vanilla prompts and surpassed
the current state-of-the-art supervised baseline.

The rest of this study is organized as follows. Section 2 describes the related work.
Section 3 introduces the details of the designs of the CoT three subtasks. Section 4 compares
the performance of the current approach with that of other models. Section 5 summarizes
the conclusions.

2. Related Work

Spatial language understanding is a fundamental task in natural language under-
standing. One of the essential functions of natural language is the expression of spatial
relationships between objects. An early method of spatial information extraction was
introduced in the form of spatial role labeling (SpRL) by Kordjamshidi et al. [2]. Fur-
thermore, SemEval2012 introduced the SRL task while mainly focusing on static spatial
relations, and SemEval-2013 expanded static spatial relations to capture fine-grained se-
mantics. SemEval-2015 [15] first proposed the evaluation of implementation systems for the
SpaceEval annotation scheme, which is the current spatial information annotation scheme,
and many spatial information extraction systems have been developed based on it [16-18].
Multimodal approaches to spatial understanding have also been recently proposed. In
CLEF 2017, Kordjamshidi et al. [19] proposed multimodal spatial role labeling (mSpRL).
The authors of Zhao et al. [20,21] proposed the task of visual spatial description, thus
extending the line of spatial language understanding. Differing from most efforts that
focused on the English context, CCL2021 (http://ccl.pku.edu.cn:8084/SpaCE2021 /task,
accessed on 1 September 2023) was the first proposal of the SpaCE task, which used a
non-English language for spatial language understanding. In this study, we follow this
work and propose an LLM-based framework for better spatial reasoning.

Prior research on spatial language understanding heavily relied on supervised learn-
ing and fine-tuned pre-trained models while using specific datasets with extensive labeled
data [2,22,23], thus achieving remarkable performance. While traditional supervised frame-
works face challenges such as the need for extensive labeled data and weak generalizabil-
ity, recent LLMs have emerged as a solution to these issues. LLMs (e.g., ChatGPT [24],
LLaMA [25], and Vacuna [26]) have garnered unprecedented attention and exhibit human-
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level language understanding, thus amassing rich linguistic and commonsense knowledge.
LLMs equipped with the prompt learning and ICL paradigm [27-32] have demonstrated
robust performance in scenarios with little or even no supervision, which is a remarkable
trait. In the context of LLM-based methods, the initial research involved constructing
prompts to inquire targets directly. To address the need for in-depth reasoning, researchers
have turned to the recent CoT strategy [33-36] to enhance LLMs’ inference capabilities. CoT
empowers LLMs to engage in human-like reasoning processes, thus not only providing
answers, but also furnishing the underlying thought process behind those answers.

However, conventional CoT simply employs a single prompt template such as “let us
think step by step” to inspire the LLM [37-39]. These methods improve reasoning perfor-
mance on larger LLMs but fail to indicate the explicit reasoning steps for the provided task.
Beyond single prompt CoT, Wei et al. [40] encourage internal dialogue by forcing the LLM
to generate a sequence of intermediate steps for reasoning problems. Zhou et al. [41] go a
step further; they (automatically) break a complex problem into simpler sub-problems and
then solve them in sequence. Previous multi-step CoT methods primarily focus on arith-
metic problems or logical problems, which are relatively easily symbolized and generalized.
However, these strategies may struggle to maintain control over intermediate reasoning
steps when confronted with diverse tasks, making them less applicable to our spatial
understanding problem. Thus, in this study, we focused on the spatial understanding
problem and designed the Spatial-CoT framework, aiming to solve the challenges of the
phenomenon of polysemia and the substitution of synonyms in the Chinese language that
previous methods have failed to address.

3. Methodology

In this section, we first provide the definitions of the three Chinese SLU tasks that
we studied in this work. Then, we will introduce the existing LLM-based methods of
solving these SLU problems for comparison. Finally, we illustrate our CoT framework for
each subtask.

3.1. Task Definition

We explored three types of tasks in Chinese SLU: abnormal spatial semantics recogni-
tion (ASpSR), spatial role labeling (SpRL), and spatial scene matching (SpSM). Given the
input textual description, X, the ASpSR task aims to output whether X has unreasonable
expressions, such as self-contradictions and counterintuitive expressions. SpRL is similar
to semantic role labeling (SRL) but replaces the semantic role labels with a set of spatial role
labels, such as “Spatial Entity”, “Event”, and “Time”. The pre-defined spatial role labels in
SpaCeE are listed in Table 1. Finally, the SpSM task takes two different descriptions, X; and
X5, and determines whether X; and X, describe the same scene.

Table 1. Spatial role labels in SpaCE.

Role Label Type Description Role Label Type Description

Spatial Entity Text Span The entity described in the scene Direction Text Span The direction of a dynamic entity

Reference Entity Text Span The entity used as the reference object ~ Orientation  Text Span The orientation of an entity

Event Text Span The event related to the spatial entity Component Text Span The location of part of an entity with
Location respect to the whole

Facticity Extra Label =~ Whether the description is true Part Text Span The part of an entity

Time Text Span ;l;gle St;;:: that the entity is in some spa- Shape Text Span The shape of an entity

Location Text Span eDnetsitc;lptlon of the location of a static Route Text Span The route of a moving entity

Starting Point Text Span Descnptlp n of.the starting location of Distance Text Span The distance between entities

a dynamic entity
Destination Point  Text Span Description of the ending location of

a dynamic entity
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3.2. Preliminary on In-Context Learning

Vanilla Prompt. The vanilla prompt directly asks the LLM to generate a judgment of the
input description. The template of a vanilla prompt can be described as follows:

ASpSR: Given the context, please answer whether it has any abnormal expressions.
SpRL: Given the context, please label each word with one of the following role labels.

Options: [...]
SpSM: Given the two descriptions, please answer whether they describe the same spatial
scene.

The vanilla prompt is concise, but it is hard for it to explore the reasoning potential of
the LLM.
In-Context Learning. An LLM based on the ICL paradigm can show remarkable perfor-
mance in many NLP tasks by offering a few demonstrations in the prompt. To better take
advantage of the reasoning abilities of LLMs, some studies incorporated reasoning into ICL
demonstrations. Wan et al., 2023 [27] let an LLM induce the reasoning for demonstrations
by using gold labels, which can be described as follows:

Given the context, please do the task xxx. Here is an example: Input [...] Output [...].
Input: [...]

However, this reasoning design makes the LLM incapable of complex reasoning tasks
and greatly depends on the quality of the demonstrations. Finally, it has difficulty dealing
with zero-shot scenarios.

3.3. Spatial Chain-of-Thought Framework

The prompt in the vanilla ICL only contains input—-output pairs for the target task.
This demands that the model learns the task in one go, which becomes more challenging as
the task grows more complex. Existing studies on chain-of-thought methods reveal that
prompts containing step-by-step instructions assist the model in decomposing the task and
making better predictions. Now, we present our CoT prompt design. However, vanilla
CoT simply appends the “Let us think step by step” instruction to the target problems
fed to LLMs [37], which may cause missing-step errors and misunderstanding errors. For
Chinese SLU tasks, the holistic context and external language usage must be taken into
consideration, and missing steps or semantic misunderstandings may lead to suboptimal
outputs. Thus, we propose the Spatial Chain-of-Thought (Spatial-CoT) framework, which
explicitly prompts by using instructions for each reasoning step. Inspired by one’s own
thought process when solving a spatial reasoning task, we introduced a three-step prompt
in order to decompose complex spatial reasoning problems into simpler sub-problems.

Then, we introduced the prompts of the three tasks as follows.
Step-1: Entity Analyzer. The entity analyzer (EA) template is used to extract entities.
Generally, to solve SLU problems while avoiding errors resulting from missing attention
on key entities, this step aims to construct templates to extract all of the related entities in
the scenes in input descriptions. Thus, the prompt would be as follows:

ASpSR: You are acting as an entity analyzer. Based on the description, please list all of
the entities in this scene. Description: [input description]

SpRL: You are acting as an entity analyzer. Based on the description, please list all of the
entities in this scene. Description: [input description]

SpSM: You are acting as an entity analyzer. Based on the two pieces of description, list
all of the entities in the two scenes. Description 1: [input description] Description 2:
[input description]

Step-2: Context Analyzer. The step of the context analyzer (CA) is used to generate the
preliminary decision of a task based on the holistic perspective of the described scene by
leveraging the entity clues generated by the EA. In this step, “pay attention to the whole
scene” is added to the trigger sentence to request the LLMs to perform holistic spatial
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reasoning as accurately as possible. In the SpRL task, we also include the candidate role
labels. The templates of CA are designed as follows:

ASpSR: You are acting as a context analyzer. Based on the description and the entity
clues generated previously, please tell whether there are any abnormal expressions in the
given description. Pay attention to the whole scene. Description: [input description]
SpRL: You are acting as a context analyzer. Based on the description and the entity clues
generated previously, please label the related roles in the description. Pay attention to the
whole scene. The role labels should be chosen from [R]. Description: [input description]
SpSM: You are acting as a context analyzer. Based on the descriptions and the entity
clues generated previously, please tell whether the two pieces of text describe the same
scene. Pay attention to the whole scene. Description 1: [input description], Description
2: [input description]

Step-3: Common Knowledge Analyzer. The entities and context-based preliminary deci-
sions generated in the first two steps are used to refine and generate cogitative results while
considering common sense and language knowledge. In this step, the three tasks adopt the
same instruction, as “pay attention to the Chinese-language characters” is added to help
LLMs focus on Chinese language usage. The templates of the CKA are designed as follows:

ASpSR/SpRL/SpSM: You are acting as a common knowledge analyzer. Based on
the description, the generated entity clues, and the preliminary decision, please check
whether the preliminary decision makes more sense depending on common sense and the
language usage. In addition, generate rationales for the final decision. Pay attention to
the Chinese-language characters.

4. Experiment

4.1. Experimental Setting

Dataset. We evaluated our proposed method on the SpaCE [14] dataset, a Chinese spatial
language understanding corpus that comprises more than 10,000 examples. SpaCE encom-
passes a wide range of domains, such as news, literature, textbooks, sports corpuses, and
encyclopedias. The dataset comprises annotations of abnormal spatial semantics recogni-
tion, spatial role labeling, and spatial scene matching. The detailed dataset statistics are
listed in Table 2.

Table 2. The statistics of the SpaCE dataset. “#SENT” means the number of sentences. “#SPAN"
means the number of SRL spans. “#ROLE” means the number of role types.

ASpSR SpRL SpSM
Split #SENT #SENT #SPAN #ROLE #SENT
Train 10,993 1529 25,108 15 -
Test 1602 700 3815 15 10

In this work, we adopted the official dev split for the test set and processed zero-

shot/1-shot CoT. We also reproduced some supervised models for comparison, and we
split the official training set into 7:1 for training and validation. For the SpSM task, there
was no training set, but 10 examples were used for evaluation (https://2030nlp.github.io/
SpaCE2023/index.html, accessed on 1 September 2023), and we only reported its results
with the LLM-based methods.
Baselines.We provide a comparison of our proposed method with extensive baseline
methods. We first report results on conventional supervised methods, such as BERT-
like language models. We adopted a state-of-the-art framework, MRC-SRL [42] for the
SpSRL task. The MRC-SRL treat the SRL task as an multiple-choice machine reading
comprehension (MRC) problem [43]. For ASpSR, we used a conventional BERT-based
text classification framework [44], where the pooled outputs of the BERT backbone are
used to predict whether the given sentence has abnormal expressions through a binary
classification layer.


https://2030nlp.github.io/SpaCE2023/index.html
https://2030nlp.github.io/SpaCE2023/index.html

Appl. Sci. 2023,13,11712

7 of 15

We also include the results of a prompt-learning paradigm for the LLM. We report
three types of prompting baselines: (1) Vanilla Prompt (zero-shot). We include vanilla
prompt learning [45], where only the description of the task’s target is fed to the LLM as an
input. (2) In-Context Learning (ICL). In-context learning [27] adds demonstrations to the
prompt template, thus strongly guiding the generation of output answers for desired tasks.
(3) Vanilla CoT (zero-shot). Following reference [37], vanilla CoT appends “Let us think
step by step” to the prompt with or without any demonstration examples, guiding the LLM
to decompose a problem into steps. (4) Vanilla CoT-ICL. Based on zero-shot CoT, CoT-ICL
add demonstrations to further guide the generation in an ICL paradigm. Technically, we
list the input template of the three methods in Table 3.

Implementation Details. For supervised ASpSR, we use a BERT-base backbone and a
binary linear classifier. For supervised SpRL, we follow reference [42] to use a BERT-
base model as the base encoder and use two special symbols <p> and </p> to mark the
predicate of the input sentence. We adopt Adam as optimizer, and the warmup rate is
0.05, the initial learning rate is 1 x 1072, For LLM-based methods, we select ChatGPT3.5
(https://openai.com/blog/chatgpt, accessed on 1 September 2023), which is the top-
performing open-source large language model. The temperature value of ChatGPT is set to
0.2. The detailed parameters are presented in Appendix B.

Evaluation. For the ASpSR and SpSM tasks, we use the accuracy as the evaluation metric.
For the SpRL task, we use the F1 score to evaluate the sequence labeling performance; this
is denoted as RL-F1, and the extra label classification is denoted as Ext-F1. We also follow
the human evaluation of SpaCE on CCL2023 to evaluate the rationales of the SpSM task.
Concretely, we involved two evaluators to score the generated explanation for each SpSM
question. A higher score indicates a clearer explanation of the reasoning behind identifying
similarities and differences in spatial scenes. The scores are categorized into six levels
ranging from 0 to 5:

*  5: Using external knowledge and worldly understanding to restate spatial scenes.

*  4: Rewrite the differences between the two descriptions and restate spatial scenes.

*  3: When determining that two descriptions are identical, the differing string is directly
used as the reason without rewriting it, without restating the spatial scene.

*  2: (a) The explanations provided are related to spatial meaning but not specific to
the spatial scene where the differing string is located; (b) When determining that
two descriptions are NOT identical, the differing string is directly used as the reason
without rewriting it, without restating the spatial scene.

e 1: The explanations provided are NOT related to spatial meaning.

*  0: (a) No explanations or the explanations are not related to the questions; (b) Wrong
differing string.

We report the average value of the two evaluators as the final score.

Table 3. Three templates of prompting baselines for SpaCE.

Methods Task Template
ASpSR [input description] Given the context, please answer whether it has any abnormal expressions.
Vanilla Prompt SpRL [input description] Given the context, please label each word with one of the following role labels. Options:
(zero-shot) [
SpSM [input description 1] [input description 2] Given the two descriptions, please answer whether they describe
P the same spatial scene.
ASHSR Given the context, please answer whether it has any abnormal expressions. For example, Q: [example
P description] A: [Yes/No.] Q: [input description] A:
ICL SoRL Given the context, please label each word with one of the following role labels. Options: [label set] For
P example, Q: [example description] A: [SpRL labeling results]. Q: [input description] A:
SpSM Given the two descriptions, please answer whether they describe the same spatial scene. For example, Q:

[example description 1] [example description 2] A: [Yes/No.] Q: [input description 1] [input description 2]
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Table 3. Cont.

Methods Task Template
ASHSR [input description] Given the context, please answer whether it has any abnormal expressions via a step by
P step reasoning.
Vanilla CoT SpRL [input description] Given the context, please label each word with one of the following role labels. Options:
(zero-shot) p [...] Please extract the roles via step by step reasoning.
SpSM [input description 1] [input description 2] Given the two descriptions, please answer whether they describe
P the same spatial scene via a step by step reasoning.
Given the context, please answer whether it has any abnormal expressions via a step by step reasoning. For
ASpSR example, Q: [example description] A: [Let us think step by step ...So, the description has/doesn’t has an
abnormal expression]. Q: [input description]
Given the context, please label each word with one of the following role labels. Options: [...] Please extract
Vanilla CoT-ICL SpRL the roles via step by step reasoning. For example, Q: [example description] A: [Let us think step by step
..So the labeling results are ...] Q: [input description]
Given the two descriptions, please answer whether they describe the same spatial scene via a step by step
SpSM reasoning. For example, Q: [example description 1] [example description 2] A: [Let us think step by step

..So, the two descriptions describe/does not describe the same scene.] Q: [input description 1] [input
description 2]

4.2. Main Results

Table 4 details the performance of the baselines and our CoT method. We observed
that the vanilla prompts for LLMs were inferior to existing supervised methods, but the ICL
and CoT knowledge significantly boosted it, especially when at least one demonstration
was used. Our Spatial-CoT method further outperformed the others on all three spatial
language understanding tasks. Overall, SpRL was more difficult than ASpSR and SpSM.

Table 4. Results of three tasks on seven SpaCE datasets. BERT/MRC-SRL lines mean that we use
BERT classifier for ASpSR task and use MRC-SRL for SpRL task. We report the standard deviation in
the brackets. Bold: best result.

ASpSR SpRL SpSM

Rationale Score

RL-F1 (Human)

Acc Ext-F1 F1

o Fine-tuning baselines
BERT/MRC-SRL (1-shot) [42]
BERT/MRC-SRL (Full) [42]

50.33 £ 5.25 (46.85)
78.26 = 1.89 (58.99)

9.72 £ 2.17 (54.27)
46.49 £ 0.13 (39.94)

6.19 + 2.03 (49.82)
49.10 £ 0.81 (36.04)

o Prompt-based methods

Vanilla Prompt (zero-shot) 71.19 £ 0.07 (37.05)  43.01 4 0.36 (44.54)  46.20 £ 0.25 (46.85)  35.10 £ 0.21 (39.32) 1.79
Vanilla CoT (zero-shot) 7329 +0.02 (38.10)  44.13 +0.48 (46.31)  47.12 £0.25(39.94)  35.66 £ 0.32 (48.03) 2.64
ICL (1-shot) 7713 + 0.48 (49.38) 4529 +1.02 (58.33)  49.15 + 2.21 (52.66)  39.29 =+ 1.86 (52.45) 2.77
Vanilla CoT-ICL (1-shot) 80.30 + 0.70 (46.08)  46.04 +1.52(59.95)  51.28 +1.89 (58.63)  43.40 £ 0.18 (57.62) 2.80
e Ours

Spatial-CoT (zero-shot) 80.03 + 0.02 (35.40)  46.19 & 0.03 (39.72)  52.91 + 0.07 (28.79)  45.12 =+ 0.02 (40.02) 3.01
Spatial-CoT-ICL (1-shot) 81.41 + 0.12 (28.71)  48.61 £ 0.08 (48.10) 55.33 + 0.15 (43.22)  47.76 £ 0.03 (49.36) 3.72

Under the one-shot setting, the vanilla prompt and vanilla CoT methods were trans-
formed into ICL-based methods, and these are denoted as ICL and vanilla CoT-ICL. The
demonstration is randomly selected from the training set. We can see that the ICL could
enhance the LLM significantly when one demonstration was provided.

Specifically, with the zero-shot setting, the LLM-based methods were comparable to the
full-setting supervised method and even outperformed it on the SpRL task, demonstrating
the generation capabilities of LLMs. Moreover, our Spatial-CoT showed the following
scores: 8.84 ASpSR ACC, 2.96 RL-F1, 3.01 Ext-F1, and 8.02 SpSM F1. These were absolute
improvements on the SpaCE dataset in comparison with the vanilla prompt methods. The
ICL method was able to enhance the prompt-based and CoT methods by providing a
demonstration to guide the LLM, earning 9.11 ASpSR Acc, 0.06 RL-F1, and 2.19 SpSM F1
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for the vanilla prompt, and 1.39 ASpSR Acc, 2.42 RL-F1, 2.42 Ext-F1, and 2.64 SpSM F1 for
Spatial CoT.

For the SpSM task, there was no training set; thus, we only report the few-shot/zero-
shot performance of the LLM-based methods. We also report the human evaluations of
the generated rationales. Scores from 0 to 5 were chosen, where 5 was the highest. We
recruited two students to score the generated rationales and report the average values.
Compared with the vanilla prompt or CoT methods, our proposed Spatial-CoT was also
able to generate more explicit rationales.

4.3. Analysis
4.3.1. Few-Shot Analysis

To explore the impact of the scale of the training set and demonstrations, we com-
pare the few-shot performance of each method. In few-shot supervised methods, i.e.,
BERT/MRC-SRL, we randomly select 1, 2, 4, 8, and 16 samples from the original train-
ing set for fine-tuning. In few-shot LLM-ICL methods, the selected samples with their
ground-truth are used as demonstrations.

The results are shown in Figure 3. For the BERT-based methods, the x-axis denotes
the number of training samples, while for the ICL-based methods, it denotes the number
of demonstrations. We found that, with the few-shot setting, the LLM-based methods
outperformed the supervised method, although the gap gradually decreased with an
increasing number of training samples. In settings with a small number of samples, the
supervised model may not have been well trained, while the LLM-based ICL was able
to leverage rich common knowledge to process the reasoning. The CoT method further
outperformed the others due to the rational design of the fine-grained reasoning steps.
The curve of the supervised method was steeper than those of the LLM-based methods,
especially on the 0 point. This demonstrated that the supervised model was sensitive to the
scale of the training sample. In contrast, the ICL-based methods were almost unaffected by
the number of demonstrations, as long as at least one was provided.

- - BERT/MRC-SRL Vanilla Prompt/ICL - - Spatial-CoT/ICL —=— Vanilla CoT/ICL

60 60 -

. _ _ e 50 |- 0 _o___ _ e 50 l'_://Ifffr——-_]‘_——_I—l
R e | - - - - ~
= == - S — = A= Pt

BPY il 2 40 e 40 e
e — o - .
” - o 30 | e o 30 | e
‘ . P
! 20 L’ 20 R

2 10 [ __-e--"% 10 _--*
] -
| | | | | 0 | | | | | | 0 , | | | | |
0 1 2 8 16 0 1 2 4 8 16 0 1 2 4 8 16

shot shot shot
(a) ASpSR (b) SpRL RL-F1 (c) SpRL Ext-F1

Figure 3. Few-shot performance on the SApSR and SpRL tasks. The x-axis denotes the number of
samples. The y-axis denotes the task performance.

4.3.2. Step Ablation

To illustrate the necessity of each reasoning step, a step ablation study was conducted.
We display the quantified contributions of each reasoning step of Spatial-CoT in Table 5. The
results reveal that the entity analyzer, context analyzer, and common knowledge analyzer
steps all contributed to the tasks. The entity analyzer contributed the most because it
provided the most important entity clues for spatial reasoning. Additionally, we found
that the CA and CKA contributed to the reasoning, but their order did not affect the final
performance much.
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Moreover, the order of each step also matters. We experimented on a sampled subset
of SpaCE and explored the performance when using different chain orders. We found that
the EA-CA-CKA reasoning sequence performed better than any other chain order.

Table 5. Ablation study of the reasoning steps.

EA CA CKA ASpSR Acc SpRL RL-F1 SpRL Ext-F1
v v v 81.41 48.61 55.33
v v X 81.16 47.42 54.13
v X v 81.22 47.29 53.70
v X X 80.81 46.80 52.40
X X X 80.30 45.29 49.15

4.3.3. Prompt Analysis

We also explored the performance with different prompt templates. We tested some
prompts that contained different keywords for instructions. The results are shown in
Figure 4. The label “w /o Role Instructions” denotes that the prompt does not contain
role instructions such as “You are acting as an entity analyzer”, and the label “w /o Step
Instructions” denotes that the prompt does not contain instructions such as “based on
the previous results...”. We found that it is useful to use suitable instructions in the CoT
prompt, which can guide the LLM with a presupposed role and force it to reason with
clues generated from reasoning chains. These instructions could improve each task by at
least 1-2 points based on our investigation in Figure 4. We also explored whether different
expressions of the same instruction would affect the final results; we tried many phrases,
such as “You are trying to extract entities from...” and “You are now an entity analyzer.”, to
replace the instruction “You are acting as an entity analyzer”. We found that the expressions
of these instructions hardly affected the results, while their existence mattered.

20 70
Full Spatial-CoT law /0o Role Instructions ' w /o Step Instructions
8 55.33 o0
81.41 013 > 5217 53.83
75 40
70 30

ASpPSR Acc SpRL RL-F1 SpRL Ext F1
Figure 4. Comparison among the prompt templates that we explored.

4.3.4. Case Study

We qualitatively assessed the effectiveness of our CoT methods for the Chinese phe-
nomenon of polysemia and the substitution of synonyms through some case studies. As
shown in Figure 5, we chose some typical cases from the SpaCE dataset. We can see in
the case “fit N H @RI, WARERE . WTREES 7, —#—%, @BHATY LE
%o —BORBEKERTHISIEAT EAER R, MR ATREEL X AEE T, BEAdE,
R e @ i TR ERIEAT, E#H T /7% - 7 (“She couldn’t crawl forward, nor could
she run quickly. She simply stood upright, swaying gently, and slowly walked toward the
open field. A segment of iron railing, which had not yet been blown apart, blocked her in.
She had no intention of crossing it either. She was too old to do so. Therefore, she slowly
went around that section of iron railing and entered the open field.”), there is an abnormal
expression, “— Bl i H KEWT VBRI AT AR 1t R T, where “ B H” (in her) should be “Fil
[fl” (on her way). The vanilla prompt could not recognize this mistake, as shown in the
top-left panel of Figure 5. Spatial CoT still failed to recognize the mistake based only on the
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entity and context clues. When prompted with “the common sense” and “language usage”
instructions, the LLMs finally refined the decision and gave the abnormal words.

Given the context, please answer whether it has any abnormal expressions.
Context:

CUBARSHMTILE, BARERI. ITIREA ST, —E 1, g k. —BORBAE
WA BRAL AT AR A BT, B AT SRS 25, MbRREE T, BRI S, RULt b seid T ARB B AL AT

Given the two descriptions, please answer whether they describe the same
spatial scene.

Context 1: “SEREIRERNETILT, BEMAEREIME. 7,

Context 2: “IREERSEENER TILN, HAENGHIRFESMF. ”

ERT I
There is no abnormal expressions The two descriptions do not describe the same spatial scene.
___________________________________________________________________________ 7/
. xu N
Spatial CoT '
1
You are acting as an entity analyzer. Based on the description, please You are acting as an entity analyzer. Based on the two pieces of description, list all the entities in I
list all the entities in this scene: the two scenes respectively. 1
U mmETE, WM. MTREAS T, B, WM bk k. —BORERAIE Context 1: “ERMERIEHRTILT, BEMNAEREIMLE, 7, 1
W B a0 L, AR T SRS 2. bR T, BEAES:, Ukt i seid 7R BREL AT, Context 2: “SERERSGANEF TILT, BATMNAMRERT. ” 1
e T I, 1
1
The entities are: “W”, “Jj3”, “Gii=it” The entities in context 1 are: “REEH”, “AH”, “Hi”. !
The entities in context 2 are: “IEEK”, “&HiE”, “Hh” :
You are acting as a context analyzer. Based on the description and the :
generated ent1ty_clue§ pr‘evlogsly, plea§e Fell whether there is any You are acting as a context analyzer. Based on the description and the I
abnormal expressions in the given description. generated entity clues previously, please tell whether the two pieces of text describe .
the same scene. |
There is no abnormal expressions in this sentence. 1
The two descriptions do not describe the same spatial scene. In context 1, 1
the ping pong ball rolls to the surface of the ground while in context 2 1
You are acting as a common knowledge analyzer. Based on the description, U OIS UREER iR EEnn !
the generated entity clues and the preliminary decision previously, please !
check whether the preliminary decision makes more sense, depending on the You are acting as a common knowledge analyzer. Based on the description, 1
common sense and language usage. Also generate rationales for the final the generated entity clues and the preliminary decision previously, please |
decision. . check whether the preliminary decision makes more sense, depending on the 1
common sense and language usage. Also generate rationales for the final 1
decision. . 1
There is a word should be adapted: “—BUf#A MEMTIEAAFTE(EM LT should be 1
BT T S R4 1 D B T ) . .
LB A K TR A AT 2 A AT T @ Based on Chinese language habits, the two sentences can be interpreted as 1
describing the same scene. While "ii I-" and "#i " have different meanings 1
in isolation, in the context of these sentences, they can both imply the 1
general idea that the ping pong ball fell from the table to a lower 1
surface, such as the floor. 1
4

Figure 5. The cases of the vanilla prompt and Spatial-CoT method for ASpSR (left) and SpRL (right).

For the case “SERBRICREIER T LT, BENSEIREEIM L7 and I RERIER ek
TILUT, BEENEEIREEH T, the two sentences have the same meaning: “The ping
pong ball first spun a few times, and then rolled off the table onto the ground”. Based on
Chinese language usage, the only difference in the two sentences, “V |1 I and “# F
H1 1", is actually an expression of the same action—"fall to the ground”. However, with
the vanilla prompt, the LLM output that the two descriptions did not describe the same
spatial scene, as shown in top-right panel of Figure 5. When feeding the instruction “based
on common sense and language usage”, our Spatial-CoT successfully guided the LLM to
give the right decision.

5. Conclusions and Future Work

In this study, we investigated Chinese spatial language understanding with LLMs.
We proposed the Spatial-CoT framework, which divides the reasoning process into three
steps, namely, entity extraction, context analysis, and common knowledge analysis, and
we designed a corresponding prompt template for Chinese SLU. First was a step for entity
extraction, which provided base-entity-level clues for spatial reasoning. Next, the context
analyzer employed the entity clues to make a preliminary prediction based on the input
context. Finally, common knowledge was checked, and the output was refined based on
common sense and Chinese language usage. With the proposed Spatial-CoT framework,
an LLM can reason from a holistic perspective, thus effectively addressing the phenomena
of polysemy and synonym substitution in Chinese spatial language understanding. On the
SpaCE dataset, our strategy demonstrated superiority over vanilla prompt-learning methods,
and it had competitive performance with respect to fully trained supervised models.
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Finally, we discuss the limitations. This work has the following major limitations.
First, our method needs a pre-trained large language model, which is expensive and time-
consuming in the pre-training stage. Accessing the API-based LLM, such as ChatGPT4.0,
also comes at a considerable cost. We will also continue studying how to use an open
source large language model to solve spatial language understanding problems. Second,
the generalization of our method remains to be tested. More experiments on other spatial
understanding tasks should be verified. We will leave these studies in the future. Further-
more, we also plan to explore the following directions. For an in-depth exploration of the
spatial language understanding in other languages, more high-quality multilingual data
should be built. In another direction, we could extend this task to multi-modal settings,
which could be applied to many real-life scenarios, such as vision and language navigation,
remote manipulation, and robotics.
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Abbreviations

Abbreviation and corresponding full names:

Abbreviation Full Name Abbreviation Full Name

SLU Spatial Language Understanding LLM Large Language Model

SpaCE Spatial Cognition Evaluation ICL In-Context Learning

ASpSR Abnormal Spatial Semantics Recognition CoT Chain-of-Thought

SpRL Spatial Role Labeling EA Entity Analyzer

SpSM Spatial Scene Matching CA Context Analyzer

CKA Common Knowledge Analyzer MRC Machine Reading Comprehension

Appendix A. Extensive Results

Table A1l. Extensive results of three tasks on seven SpaCE datasets. BERT/MRC-SRL lines mean
that we use BERT classifier for ASpSR task and use MRC-SRL for SpRL task. We report the standard
deviation in the brackets. Bold: best result.

ASpSR SpRL SpSM

Recall Acc RL-Recall RL-F1 Ext-Recall Ext-F1 Recall F1
® Fine-tuning baselines
BERT/MRC-SRL (1-shot) [42] ~ 49.29 + 3.25 (41.04) ~ 50.33 + 5.07 (46.85) 7.90 £2.13 (51.44) 9.72 +2.17 (54.27) 6.02 & 1.97 (54.29) 6.19 & 2.03 (49.82) - -
BERT/MRC-SRL (Full) [42] 7691 £1.10 (52.73)  78.26 £ 1.89 (58.99)  46.93 £ 0.10 (39.71)  46.49 £ 0.13 (39.94)  47.92 +£0.62 (37.11)  49.10 £ 0.81 (36.04) -
® Prompt-based methods
Vanilla Prompt (zero-shot) 71.04 £0.81(39.74)  71.19 £0.07 (37.05)  42.79 £ 0.41 (36.04)  43.01 £ 0.36 (44.54)  46.58 £ 0.40 (49.17)  46.20 £ 0.25 (46.85)  49.10 £ 0.81 (36.04) ~ 35.10 £ 0.21 (39.32)
Vanilla CoT (zero-shot) 7297 £ 0.66 (45.15)  73.29 +0.02 (38.10)  44.72 + 0.19 (45.90)  44.13 + 048 (46.31)  46.42 + 0.31 (41.04) 47.12+0.25(39.94)  36.13 + 0.40 (51.01)  35.66 + 0.32 (48.03)
ICL (1-shot) 76.58 £ 091 (45.84) 7713 £0.48 (49.38)  45.61 +1.41(55.74) 4529 £1.02(58.33) 48.60 + 0.81 (54.74)  49.15 £2.21(52.66) 40.03 £ 1.14 (54.10)  39.29 + 1.86 (52.45)

) ( ) ( )

Vanilla CoT-ICL (1-shot)

79.71 £ 0.65 (47.36)

80.30 £ 0.70 (46.08

45.57 £ 0.81 (56.44)

46.04 £ 1.52 (59.95)

50.83 £ 2.01 (58.04)

51.28 £ 1.89 (58.63

43.02 £0.31 (59.11

43.40 £ 0.18 (57.62)

o Ours
Spatial-CoT (zero-shot)
Spatial-CoT-ICL (1-shot)

79.66 = 0.01 (33.74)
80.89 + 0.08 (31.10)

80.03 % 0.02 (35.40)
81.41 + 0.12 (28.71)

4731+ 0.04 (38.24)
48.30 + 0.01 (47.74)

46.19 £ 0.03 (39.72)
48.61 + 0.08 (48.10)

5213 + 0.10 (32.31)
54.80 + 0.11 (44.34)

52.91 £ 0.07 (28.79)
55.33 + 0.15 (43.22)

44.30 £ 0.01 (41.14)
48.10 + 0.01 (48.66)

45.12 £ 0.02 (40.02)
47.76 + 0.03 (49.36)
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Appendix B. Detailed Parameters

Table A2. Model hyperparameters.

Hyper-Param. Value Hyper-Param. Value

Number of BERT layers 12 Batch size 256
Dimension of BERT embedding 768 Number of epochs 20
Learning rate 1x107° Optimizer AdamW
Warmup rate 0.05 ChatGPT temperature 0.2
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