Overview of CCL25-Eval Task 1:
The Fifth Spatial Cognition Evaluation (SpaCE2(25)

Yuhang Qin! Liming Xiao! Nan Hu' Sirui Deng! Jingyuan Ma? Hyang Cui'

Zihan Zhang! Chihsu Tsai! Jingkun Ding! Sumin Kang' Zhifang Sui>® Weidong Zhan'>*"
"Department of Chinese Language and Literature, Peking University
2School of Computer Science, Peking University
3National Key Laboratory for Multimedia Information Processing, Peking University
*Center for Chinese Linguistics, Peking University
hezonglianheng@stu.pku.edu.cn

Abstract

The Fifth Spatial Cognition Evaluation (SpaCE2025) presents a benchmark aimed at evaluat-
ing the spatial semantic understanding and reasoning capabilities of Large Language Models
(LLMs), primarily in Chinese. It consists of five subtasks: (1) Retrieving Spatial Referents
(RSR), (2) Detecting Spatial Semantic Anomalies (DSA), (3) Recognizing Synonymous Spatial
Expression (RSE), (4) Spatial Position Reasoning (SPR) in Chinese, and (5) SPR in English. The
fourth and fifth subtask share the same content and structure, differing only in language, and are
designed to assess the cross-linguistic spatial reasoning capability of LLMs. A total of 12 teams
submitted their final results, and the best-performing team achieved an accuracy of 0.7931. The
results suggest that while LLMs are capable of handling basic spatial semantic understanding
tasks such as RSR, their performance on more complex tasks, such as DSA and RSE, still re-
quires improvement. Additionally, finetuning methods that effectively activate LLMs’ reasoning
ability are essential to improve their performance.

Keywords: evaluation benchmark , Large Language Models , spatial semantic understanding ,
spatial reasoning , synthetic data

1 Introduction

Spatial expressions are not only common phenomena in natural languages, but also reflect how humans
conceptualize the world (Talmy, 1983). Thus, understanding spatial semantics, an important topic in cog-
nitive linguistics, is an essential component of language ability. To evaluate machines’ spatial semantic
understanding capability, several tasks and benchmarks have been proposed, including tasks on spatial
role labeling (Pustejovsky et al., 2015; Kordjamshidi et al., 2017) and spatial reasoning (Weston et al.,
2015; Mirzaee et al., 2021; Mirzaee and Kordjamshidi, 2022; Shi et al., 2022; Li et al., 2024). In Chi-
nese, Spatial Cognition Evaluation (SpaCE), which has been held for 4 years, offers a series of datasets
designed to comprehensively evaluate models’ performance in multiple NLU and reasoning tasks (/& T\
ZRet al., 2022; Xiao et al., 2023a; Xiao et al., 2023b; Xiao et al., 2024). According to recent studies,
machine performance on spatial semantic understanding capability lags significantly behind humans ca-
pabilities. Thus, spatial semantic understanding continues to be challenging for NLP systems, including
large language models (LLMs).

In this work, we introduce a multitask benchmark to assess spatial understanding ability of LLMs. This
benchmark consists of five subtasks: (1) Retrieving Spatial Referents (RSR), (2) Detecting Spatial se-
mantic Anomalies (DSA), (3) Recognizing Synonymous spatial Expression with different forms (RSE),
(4) Spatial Position Reasoning (SPR) in Chinese, and (5) Spatial Position Reasoning in English. Subtasks
(1), (2) and (3) mainly focus on LLMs’ spatial language ability, and (4) and (5) primarily concerntrate
on their spatial reasoning ability of LLMs. Our dataset contains 18,423 questions, which are available at
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Subtask Demo set Trainset Devset Testset Total
DSA 20 0 0 3,500 3,520
RSR 20 0 0 1,763 1,783
RSE 20 0 0 1,100 1,120

SPR(Chinese) 0 2,000 500 3,500 6,000
SPR(English) 0 2,000 500 3,500 6,000
Total 60 4,000 1,000 13,363 18,423

Table 1: Scale of Dataset of each subtask. Demo set is a set that provides some examples of the subtask,
and is used to help participants understand the subtask.

https://github.com/PKU-SpaCE/SpaCE2025/tree/main/data. The scale and distribu-
tion of data across subtasks is presented in Table 1, and more detailed statistics are presented in Appendix
A. In addition to maintaining the features of SpaCE2024 (Xiao et al., 2024), some novel characteristics
are introduced in this benchmark.

* The reasoning benchmark is bilingual. Compared to existing reasoning benchmarks, Chinese as
well as English questions are provided, which can assess the spatial reasoning ability of models in
different languages.

* The benchmark focuses on high-difficulty tasks. Previous research demonstrated that LLM per-
formance on tasks relying heavily on textual patterns, such as spatial role labeling, is relatively close
to the human level. However, their performance on tasks requiring higher cognitive ability is still
below the human level. Thus, this benchmark mainly focuses on complicated tasks that go beyond
forms on surface, including referent resolution, scene construction, scene comparison, and spatial
reasoning.

* The data are diverse and statistically balanced. Our benchmark contains spatial expressions that
have not appeared in previous SpaCE benchmarks, with the aim of evaluating the spatial cognitive
ability of models comprehensively and precisely. In addition, to ensure that the result is statistically
significant, the scale of our dataset is increased, and the number of each kind of question is balanced.

2 SpaCE2025 Task Overview
2.1 Retrieving Spatial Referents (RSR)

In Modern Chinese, spatial expressions typically anchor an entity’s location using a localizer relative to
a referent, such as B [ (the area under the tree) and JBI5% B 1H (the area inside the theater). However,
the referent noun can be omitted if it is contextually evident. Consider Figure 1a, where the localizer
B (inside) appears without an explicit referent. The context makes it clear that the wooden partition
serves as the referent, dividing the floor into an “inside” and an “outside”. Resolving such cases requires
LLMs to engage in contextual understanding, commonsense knowledge, and spatial cognition. This
makes the RSR task effective for evaluating the spatial semantic understanding of LLMs.

In each RSR question, LLMs are given a text containing an omitted referent and a proposed interpre-
tation that specifies a potential referent. LLMs must then judge the correctness of this interpretation. For
example, based on our analysis above, Interpretation 1 in Figure 1a is correct, while Interpretation 2 is
incorrect, even though the spatial relationship “the teacher’s dormitory is inside the Tujia building” is
factually true.

2.2 Detecting Spatial Semantic Anomalies (DSA)

The ability to detect semantic anomalies within a text, especially those involving spatial concepts such as
up, down, left, right, come, and go, is a critical indicator of deep language comprehension. To evaluate
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Text: —HRIY Mz K b5 IR, % L ASEN20°7 75 K ¥ TR bl — T AR B 7
A s AR R

Text: A Tujia building with open ventilation on all sides, where the less than 20-square-
meter upper floor is divided by a wooden partition, has the teacher's dormitory on the
inside and the student classroom on the outside.

i

Interpretation 1: * FELII AL & T 1A 42 327 ARy Bk e, o« LTI e i 1) A4 7

i

Interpretation 1: The localizer "inside" refers to the direction relative to “wooden partition"”,

which serves as the referent for determining the location of the teacher's dormitory.
Answer: IEffj correct

Text: 5w LATDUAERLTET L, XU A8 Sk W5 0] e 7 ~F 47
fE.

Text: Please lie face up in a prone position with your arms
extended forward, parallel to each other on either side of your
head.

Answer: #51% incorrect

Interpretation 2: “ FL{ & 2 Ui (1) 458 52 DA b 5 IR g kv, ff e LI TR 1K)
HART AL

Interpretation 2: The localizer "inside" refers to the direction relative to "Tujia building",
which serves as the referent for determining the location of the teacher's dormitory.

Answer: 1% incorrect

(a) example of RSR

Example 1

textl: K7 E#44 N There are few people on the train.

text2: KZEHL A4 N . There are few people in the train.

question: 3 WtextL Fltext2 iR (1) 25 [A] 7 S BARR . 15 RII% “AMHE” 80 “ANF” o
question: Judge whether text1 and text2 can describe same spatial scene. Please answer
“same” or “different” only.

answer: i [i] same

Text: AR T PSR b, XU L SR 0 10 5147
E.

Text: Please lie face down in a prone position with your arms
extended forward, parallel to each other on either side of your
head.

Answer: 1Effi correct

(b) example of DSA

7] F iR REWNRBNKBIEZ K, & T WA RBST. RESS)
—iKKITTE P, AEHER R AR o T T4
[RYSIRN S S WAL, ATERR A TIAMRETF -

R ) IEX T B SE R A AR .
AZTF BikRE CHAF DU LIEHHA &

Example 2

textl: dh7E— FUNGEFH, RILT - HhIEE. She found a necklace in a small box.
text2: e — H/hEF b, KRBT —HTEE . She found a necklace on a small box.
question: J itextL Fltext24iik i1 43 (A1 5 A AR TR o 15 U2 “AMIR” B “ARFE” o
question: Judge whether text1 and text2 can describe same spatial scene. Please answer
“same” or “different” only.

answer: /7] different

(c) example of RSE

Robert, James, Jason, Mary, - Four people went to a tea restaurant to eat and chose a four-person
booth. The booth is arranged along the long sides of a rectangular table, with two people sitting on
each side, facing each other.

It is known that:

Mary is on Robert's right on the same side; Jason is the one sitting on the right-hand side of James.
Question:___is across from the right neighbor of Robert.

A. Jason B. Mary C. James D. None of the above

Answer: C

(d) example of SPR

Figure 1: Illustrative examples of the RSR, DSA, RSE, and SPR subtasks. For RSR, DSA, and RSE,
tasks are presented to the models exclusively in Chinese; the accompanying English translations are
included solely for readability. The SPR task is bilingual, with questions formulated in both Chinese and
English. To ensure linguistic fluency, entity names are idiomatic to each language and are therefore not
literal translations of one another.

the spatial semantic understanding of LLMs, we introduce the DSA task. In this diagnostic task, LLMs
are given a sentence and must determine if its spatial expressions are semantically coherent. Consider the
example in Figure 1b, the sentence Please lie face up in a prone position contains a semantic anomaly,
because the phrase face up contradicts the physical requirement of a prone position. A coherent phrasing
would be lie face down in a prone position.

2.3 Recognizing Synonymous Spatial Expression (RSE)

In Modern Chinese, different localizers typically represent distinct meanings, as seen in {5 M L (He
stands on the bridge) versus MG 7EWT N (He stands under the bridge). However, specific contexts can
render expressions with different localizers spatially synonymous, which means that they describe the
same spatial scene (/& ! %Ret al., 2024). For example, with the verb f&f(lean), the localizers _t(on) and
“N(under) can cease to be antonymous, with fflfZF 7ER £ and & 7EH T both meaning He leans
against the tree, and the spatial scenes depicted are considered equivalent.

Discerning this synonymy requires nuanced comprehension and comparison of the underlying spatial
scenes, drawing upon both commonsense and spatial knowledge. To test this advanced cognitive abil-
ity, we introduce RSE, a natural language understanding task where LLMs must determine if a pair of
sentences represents the same spatial scene. For instance, in Example 1 of Figure 1c, both sentences
describe people inside a train, so the answer is “same”. In contrast, in Example 2, the necklaces are in
different locations (inside vs. on the box), so the judgement is “different”.

2.4 Spatial Position Reasoning (SPR)

Spatial reasoning is a cognitive process that involves the construction of mental representations of spa-
tial entities, relations, and transformations, which is fundamental to spatial semantic understanding
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(Clements and Battista, 1992). Our SPR task evaluates this skill using automatically generated texts
based on preset spatial scenarios. Appendix B shows four types of predefined spatial scenario schema,
each containing a certain number of entities and the spatial relations between them. In each SPR ques-
tion, some of the spatial relations are provided by the text, leaving the others to be inferred through
deduction. These scenarios allow for a robust evaluation of LLMs’ ability to comprehend diverse spatial
relations, including synonymous expressions for the same relation, within a unified structure.

The example in Figure 1d instantiates the Four-people Booth scenario. After deducing the complete
seating arrangement of the four people based on provided clues, the people opposite to the one to the
right of i (Robert), (C) #5325 (James), can be found.

3 Dataset Construction

Due to the disparate characteristics of subtasks, the datasets were constructed using different strategies.
Datasets for evaluating spatial language ability relies mainly on human annotation given the high cog-
nitive demands. However, manually generating evaluation questions for spatial reasoning ability poses
significant challenges. To ensure both the quantity and quality of these questions, an automatic method
was proposed in the generation procedure. The detailed data construction pipelines for each type of
subtask are outlined below.

3.1 Crowdsourced Spatial Language Datasets with Lexical Variation

Each item of the spatial language ability evaluation data was formulated as a binary judgment question.
DSA questions includes 4 fields: id, instruction, text, and answer. In RSR questions, another field,
interpretation, is included. In RSE, where comparison of meanings requires sentence pairs, the text field
is divided into text1 and text2. The instruction for each subtask is fixed (see Appendix C). The contents
of other fields are discribed in the following sections on question construction.

3.1.1 Lexical Replacement for Variant Generation

Data for DSA and RSE were generated by placing one or more words in the original sentence. In Chinese,
spatial information is usually conveyed by localizers or directional verbs. Thus, we first constructed
a spatial vocabulary comprising words expressing spatial relations. Words sharing similar syntactic
functions and syllable counts were grouped together, and spatial terms in the texts were systematically
replaced with alternatives from the same group to generate candidate sentences.

Then, human annotators verified whether the new sentences were grammatically and semantically
correct. Only data that received consistent annotations from at least two annotators were considered
valid. The sentence was used as the text field of DSA if it contains any errors or conflicts. Otherwise, we
regarded the original and the modified sentence were treated as an RSE data, and assigned to the textl
and text2 field respectively.

In addition, to expand the RSE dataset, annotators were asked to construct new sentence pairs based
on given word pairs.

3.1.2 Multi-Rater Annotation and Consensus Filtering

Since 2022, about 30 students majoring in linguistics have been recruited each year to annotate the
data. These annotators were instructed not only to check grammatical and semantical correctness when
replacing the words or creating new RSE materials, but also to annotate additional labels. Only data that
received consistent annotations from at least two annotators were considered valid.

In RSR, an interpretation comprises three elements: a specific spatial expression extracted from the
text, an entity from the context, and a localizer within the expression. For example, in the Interpretation
1 shown in Figure la, “BH 2 EIMAIIEZE" is the spatial expression, “/RKH(wooden partition) is the
entity, and “H [ (inside) is the localizer. Annotators were asked to judge whether an interpretation
accurately describes the spatial information in the text. If so, the answer is marked as IEfffi(correct);
otherwise, it is /~1Efifi(incorrect). Annotators could also propose alternative entities from the context
that they considered more appropriate as the correct or incorrect referents for the given spatial expression.
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For RSE questions, annotators were asked to judge whether a sentence pair has the same meaning in
terms of spatial expressions by their intuition. Then, FH[F](same) or /4~[F](different) was recorded as the
answer to the questions depending ot the annotators’ judgement.

3.2 Knowledge-Driven Generation of Spatial Reasoning Questions

Each item of data from subtasks of spatial reasoning ability evaluation datasets is a four-choice question,
consisting of following fields: id, instruction, text, question, and options. The instruction for each subtask
is fixed (see Appendix C). The datasets are generated using an automated framework that leverages a
structured knowledge base, and consists of three core modules. This pipeline is used to generate synthetic
data for the SPR task. Details of the pipeline are discussed in Appendix D.

4 Evaluation Metrics and Overall Results

In our benchmark, accuracy is adopted as the primary metric for evaluation and ranking. The spatial
language ability evaluation score Sjunguage and the spatial reasoning ability evaluation score Sycasoning
are computed independently, and the overall score .S is obtained by averaging the two. The score of each
part is the mean accuracy of each subtask. The scoring fomulae are shown below.

S — Slanguage + Sreasoning (1)
2
1 3
Slcmguage = g Z Acc; (2)
=1
1 2
Sreasoning = 5 Z Acc; )
=1
#correct
Ace = TEorrect 4
« F#total @)

38 teams participated in the evaluation, among which 12 teams submitted their final results. In our
evaluation, participants were required to either use or finetune LLMs with fewer than 7B parameters
for the spatial language ability evaluation. For the spatial reasoning ability evaluation they were only
required to finetune DeepSeek-R1-Distill-Qwen-7B (DeepSeek-Al, 2025). In addition, we developed
a baseline using DeepSeek-R1-Distill-Qwen-7B in zero-shot mode across all subtasks. The scores are
presented in Table 2. Moreover, for each subtask, a subset of test set was extracted to assess human
performance. Appoximately 10 human participants completed the test for each subtask. Table 3 reports
the average human accuracy alongside the performance of the top six teams on the human-evaluated
subset.

5 Analysis

5.1 Performance Overview and LLM-Human Comparison

From the overall results illustrated in Table 2, All 12 teams exceed our baseline in total score. Further-
more,

* Without finetuning, LLLM performance on basic spatial language tasks surpasses that on spatial
reasoning tasks, which represents a more advanced capability requiring improvement.

* Complexity of the language task significantly impacts LLM performance. The subtasks from the
spatial language ability evaluation are on different difficulty levels (see 5.2.3). LLMs handle the
simplest task (RSR) effectively, but encounter difficulties with the more complicated ones (DSA
and RSE).
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Team Language ability task Reasoning ability task Total
DSA RSR RSE Total SPR(Chinese) SPR(English) Total

UPC 0.7089 0.8491 0.6600 0.7393 0.8686 0.8251 0.8469 0.7931
SHU 0.6454 0.7720 0.7082 0.7085 0.6254 0.5997 0.6126  0.6606
HYQ 0.6911 0.8259 0.6827 0.7332 0.6914 0.3766 0.5340 0.6336
PAIC 0.6766  0.7992 0.6527 0.7095 0.5106 0.5263 0.5184 0.6140
Z7U1  0.6889 0.7856 0.7200 0.7315 0.4694 0.4609 0.4651 0.5983
7Z7ZU2  0.6626 0.8100 0.6973 0.7233 0.4446 0.4503 0.4474 0.5854
PKU 0.6637 0.8332 0.6355 0.7108 0.4431 0.4703 0.4567 0.5838
CPIC 0.6994 0.8168 0.6636 0.7266 0.4349 0.4283 0.4316 0.5791
DJT 0.6829 0.8168 0.6336 0.7111 0.4329 0.4374 0.4351 0.5731
BIT 0.6017 0.7079 0.6173 0.6423 0.3151 0.2714 0.2933 0.4678
SAU 0.5177 0.5394 0.5309 0.5293 0.3734 0.3986 0.3860 0.4577
CCNU  0.6003 0.7317 0.6336 0.6552 0.2426 0.2034 0.2230 0.4391
Baseline 0.6274 0.6375 0.5809 0.6153 0.2266 0.2977 0.2622 0.4388

Table 2: Scores of 12 teams who submitted the final results and our baseline. The highest scores of each
evaluation part and each subtask are bolded.

e In SPR, due to the difference in prompts and strategies, performance varies significantly across
different teams. This suggests that LLM performance in SPR is heavily influenced by techniques
or prompts capable of activating the reasoning ability of LLMs, which is detailed in Section 6.
Additionally, no significant difference is in performance between Chinese and English SPR tasks,
indicating that LL.Ms can handle spatial reasoning tasks in both languages.

Compared to human performance, none of the team exceeds the average human accuracy. While LLM
performance is close to human level in RSR, noticeable gaps remains in other subtasks, suggesting that
LLMs’ cognitive capacity of spatial understanding still require improvement. In addition, high level of
human accuracy confirms the high quality of our dataset. Interestingly, human accuracy in the spatial
language ability evaluation is lower than that in the spatial reasoning ability evaluation. This is likely
due to the greater vagueness in semantic understanding task, making it harder for human participants to
be consistent.

5.2 Systematic Errors and Cross-Task Correlation
5.2.1 Bias towards Typical Situations

LLMs exhibit systematic bias when predicting answers. In the spatial language ability evaluation, they
tend to give specific answers compared to human participants. Table 4 shows the average accuracy of the
top 6 teams on questions with different answers in DSA, RSR, and RSE. The results show that LLMs
tend to consider that no error is in the sentence in DSA. And in RSR, LLMs tend to assume that the
interpretations provided in the questions are correct. However, in RSE, they tend to assume that the
meanings of the sentences are different.

These performance asymmetries are likely relevant to the training of LLMs. Most LLMs are trained
using next-token prediction on large-scale natural language corpora, where sentences containing se-
mantic errors or synonymous are uncommon. Consequently, the LLMs tend to develop a bias toward
assuming correctness. In addition, instruction tuning and alignment phases rarely contain task-related
examples, especially those involving errors or similar meanings, which may further limit their sensitivity
to such distinctions. These findings suggests that although LLMs achieve surface-level linguistic flu-
ency, they are still struggled with deeper spatial-semantic understanding. Addressing these limitations
will be crucial for deploying LLMs in applications that requires physical reasoning and commonsense
validation.
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Language ability task Reasoning ability task

Team
DSA RSR RSE SPR(Chinese) SPR(English)

UPC 0.62 0.85 0.70 0.87 0.93
SHU 0.51 0.72 0.72 0.63 0.53
HYQ 0.63 0.83 0.75 0.73 0.43
PAIC 0.59 0.80 0.71 0.47 0.43
Z7zU1 0.64 0.81 0.74 0.43 0.43
Z7U2  0.60 0.79 0.73 0.47 0.43
Average 0.60 0.80 0.73 0.60 0.53
Human 0.82 0.85 0.89 0.97 0.93

Table 3: Accuracy of the top 6 teams and human participants in human-evaluated subset. Average refers
to average performance of LLMs, and Human to the average performance of humans. For subtasks, the
highest results are bolded.

Label DSA RSR RSE

correct/same 0.88 090 0.55
incorrect/different 0.33 0.79 0.82
total 0.68 0.81 0.69

Table 4: Average accuracy of the top 6 teams on questions with different answers in DSA, RSR, and
RSE. The results show that LLMs tend to consider that no error is in the sentence in DSA. And in RSR,
LLMs tend to assume that the interpretations provided in the questions are correct. However, in RSE,
they tend to assume that the meanings of the sentences are different.

In SPR, each question in the datasets is a four-choice question and between one and four of them
is correct. LLM performance is influenced by numbers of answers, as shown in Table 5. Noteably,
questions with three or more answers is challenging for LLMs. It implies that the structural design of the
questions plays an significant role on the LLM performance.

5.2.2 Low Cross-Task and Cross-Language Correlation

To comprehensively evaluate LLMs’ capability to understand spatial semantics, texts of some questions
are designed to be related questions. In the spatial language ability evaluation, some texts were shared
across subtasks. And in SPR, Chinese and English questions are paired since their texts describe the
same scenario, sharing the same relations.

The distribution of questions sharing the same texts in the subtasks of spatial language ability eval-
uation are shown in Table 6. These questions are grouped by the texts they share. We calculated the
Spearman correlation between the accuracy of these questions in different subtasks, shown in Table 7.
The results show that the accuracy of questions sharing the same texts in different subtasks is appoxi-
mately not correlated. This suggests that the abilities used by LLMs to solve these questions are different,
and there may not be a holistic spatial language ability of LLMs.

The Spearman correlation of questions describing the same spatial scenario in SPR is shown in Table 7.
Similar to the results in spatial language ability evaluation, the accuracy of Chinese and English questions
with the same spatial scenario is weakly correlated. This suggests that though LLMs performed well in
SPR, the ability to understand spatial semantics in Chinese and English is not the same, and the ability
in a certain language can not be transplanted to another simply. However, due to the method adopted
by ZZU1 team which is more focused on activating the reasoning ability of LLM, the accuracy has a
relatively strong correlation.
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SPR(Chinese) SPR(English)
1 2 3 4 1 2 3 4

upC 0.87 091 0.67 0.17 081 0.88 0.70 0.12
SHU 0.62 0.67 042 044 059 0.65 035 0.27
HYQ 070 0.71 0.56 0.02 0.68 0.00 0.00 0.00
PAIC 0.54 0.54 0.10 0.00 056 054 0.27 0.05
ZzzUl 049 051 0.09 0.17 049 049 0.02 0.39
2702 045 048 0.10 056 047 047 0.10 0.66

Team

Table 5: Performances of the top 6 team on SPR questions with different number of answers. The result
suggests that it is hard for LLMs to deal with questions with multiple answers.

Related Subtasks DSA RSR RSE

DSA-RSE 1779 - 973
RSR-RSE - 452 112

Table 6: Numbers of questions sharing the same texts in the subtasks of spatial language ability evalua-
tion. DSA-RSE means that the texts of DSA questions also appeared in RSE, and RSR-RSE means that
the texts of RSR questions also appeared in RSE.

DSA-RSE RSR-RSE SPR(Chinese)-SPR(English)

Team
p p P p p p
UPC 0.046 0.193 -0.009 0.922 0.467 *
SHU 0.037 0.291 -0.077 0423 0.505 *
HYQ 0.045 0.203 -0.029 0.760 0.257 *
PAIC 0.013 0.716 0.180 0.058 0.301 *
ZZUl 0.009 0.804 0.143 0.133 0.641 *
Z7ZU2  0.127 * 0.089 0.352 0.577 *
Average 0.090 0.011 0.132 0.164 0.480 *

Table 7: Spearman correlation between the accuracy of the related questions. p is the Spearman correla-
tion coefficient, and p is the p-value. * means that the absolute value is between 0.001 and -0.001 for the
Spearman correlation, and the p-value is less than 0.001.

5.2.3 A Difficulty Gradient of Subtasks

According to the data illustrated in Table 2, the accuracy scores of the subtasks reveal the following
trend: RSR>RSE>DSA>SPR. This difficulty trend is distinct with the trend shown in SpaCE2024.

Difficulties of the subtasks are influenced by the length of contexts that need to be concerntrated on.
In SpaCE2024, RSE is thought harder than DSA due to the more advanced cognitive capability related
to the task. However, in RSR, LLMs only need to focus on a certain spatial expression of the sentences.
In RSE, the expression along with related contexts need to be considered. And in DSA, multiple spatial
expressions in the sentence need to be compared, for which DSA is the most difficult.

5.3 Subtask-Specific Analysis
5.3.1 DSA - Lexical Errors Easy and Discourse Confilct Hard

To better understand the performance of the LLMs on spatial descriptions which is labeled as incor-
rect. To further investigate model behavior, we divided the incorrect-labeled samples into two semantic
categories:
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1. Spatial Language Expression Errors: These include incorrect or awkward spatial terms that are
semantically inappropriate or physically implausible in context, such as H 7% B AJ#f £ (a village
inside the moon). The model performed relatively well on this category, achieving an accuracy of
0.71.

2. Spatial Logical Reasoning Errors: These involve inconsistencies or contradictions in spatial pro-
gression or transitions, requiring higher-level discourse reasoning. The model performed poorly in
this category, with an accuracy of only 0.29.

We speculate that the stark contrast in accuracy between these categories stems from the model’s
limited capacity for discourse reasoning. While it may recognize abnormal spatial word usage based on
learned patterns (e.g., “vomit along the stomach” being implausible), it struggles to infer inconsistencies
that span across sentences and involve narrative coherence or event sequencing.

5.3.2 RSR - Textual Structures and Frames of Reference Influence

LLMs exhibit relatively strong performance in the RSR subtask, with the top-performing team approach-
ing human-level accuracy. However, several limitations remain evident. First, LLMs are sensitive to tex-
tual structures, such as syntactic patterns and lexical distributions. This leads LLMs to prioritize referents
with closer textual proximity and higher semantic similarity to the localizer rather than accurately inter-
preting the entire context. Performance drops notably on tasks demanding full-text comprehension and
spatial scene construction. For example, in RSE texts describing a three-tiered scene, “_LJAI. .. H ). .. F
T...” (upper... middle. . . further below...) and “ L[ ... ... f¥ §...” (upper...lower. . . further be-
low...) depict identical layouts, but most models misinterpret the latter, probably confused by the local
adjacent localizers. Second, LLMs show uneven accuracy across Frames of Reference (FoR). Their per-
formance tends to be better on Intrinsic FoR, where direction is anchored to inherently oriented entities.
In contrast, accuracy declines on Relative FoR, which requires viewpoint-based interpretation, especially
concerning front/back/left/right terms.

5.3.3 RSE - Referent Divergence and Reasoning Challenges

Drawing on a previous study (& ! %Ret al., 2024) and the data collected this year, four main reasons why
two sentences have equivalent meaning is identified:

(1) The schemas of the localizers in the two sentences are similar;

(2) The schemas of the directional verbs in the two sentences are similar;

(3) The omitted referents are different in the two sentences;

(4) The sentences describe the spatial relations of an entity and its projection respectively.

The average accuracy of the top six teams across the four categories were 0.7044, 0.7355, 0.4123, and
0.7292, respectively. These result suggest that though LLMs can realize some spatial meaning equiva-
lence, they still face challenges in integrating different spatial cognitive capabilities, such as identifying
referents and reasoning to comprehensively understand spatial scenes.

5.3.4 SPR - Scenario Complexity and Absolute-Direction Effects

Different spatial scenarios preset in SPR contain various spatial relations. In addition, to evaluate LLMs’
capability of connecting spatial relations with the absolute directions, entities in some questions are
set in a certain cardinal direction, such as east, west, north, or south. We compare LLM performance
on different scenarios with entities in different cardinal directions. The results are shown in Appendix
E. The results show the following trend of the difficulty of the scenarios: Hexagon>Three-level Two-
column>Four-person Booth. This trend suggests that the complexity of scenarios increases when the
entity increases and spatial relations become irregular. LLMs can handle simple scenarios but struggle
with the more complicated ones. Additionally, when the scenarios combine with absolute directions, a
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LLM performance drop can be seen. This suggests that it is difficult for LLMs to link absolute directions
with relative spatial relations.

Interestingly, Chinese accuracy is consistently higher than English, possibly due to better alignment
between model training data and Chinese spatial concepts or prompt design in Chinese.

6 Participant Strategies

The top six teams submitted their models and technical reports. While most teams adopted several
mainstream methods, some also uses unique strategies. The approaches applied in each part are briefly
introduced as follows.

For the spatial language ability evaluation, due to the limited scale of the dataset and the specific
requirement, prompt engineering is approached by almost all teams. The team from China University
of Petroleum (UPC) wrote step-by-step prompts for each subtask. The team from Shanghai University
(SHU) used Supervised Instruction Fine-tuning with In-Context Learning (ICL) to generate prompts and
finetuned Qwen2.5-7B-instruct. The team HYQ and the team from Ping An Insurance (Group) Company
of China (PAIC) used Qwen3-4B, and the team PAIC used Deepseek-Chat to obtain thinking rules for
dynamic prompts. The 15! team of Zhengzhou University (ZZU1) used Chain-of-Thought (CoT) prompts
to improve model’s performance. In addition, the 2"¢ team of Zhengzhou University (ZZU2) used the
spatial vocabulary and the demo set provided to generate additional data to finetune Qwen2.5-7B and
Qwen3-4B.

For the spatial reasoning ability evaluation, teams were required to finetune DeepSeek-R1-Distill-
Qwen-7B to participate in the evaluation. According to the proposed reports, Low-Rank Adaptation
(LoRA) was generally used in the finetuning procedure. The team UPC proposed a mathematical frame-
work to represent spatial relationships precisely, enabling LLMs to reason mathematically. The team
SHU extracted constraints from questions using GPT-03-mini-high, then finetuned the model by the
questions with their constraints. The team HYQ and the team PAIC generated Chain of Thought (CoT)
prompts for finetuning - the team HYQ using DeepSeek-R1, and the team PAIC using DeepSeek-Chat.
For team ZZU1, Chinese data and English data were merged together, and multi-task learning was
adopted. In addition, structured prompts were designed to guide model to reason step by step. The
team ZZU?2 considered the similarity of data in the spatial language ability evaluation and the spatial
reasoning ability evaluation, and therefore the data from the spatial language ability evaluation were also
used when finetuning LLM for the spatial reasoning ability evaluation.

In answer generation and extraction, voting is a widely used method, adopted by most teams to choose
answers from multiple responses. Details of approaches can be found in their respective technical reports.

7 Conclusion

In this paper, we introduce the The Fifth Spatial Cognition Evaluation (SpaCE2025) benchmark. This
benchmark consists of five subtasks to assess two core dimensions of spatial comprehension, seman-
tic understanding and reasoning. To ensure the correctness of the questions, different approaches were
adopted for different part. For SPR, an automatic pipeline was introduced to generate high-quality large-
scale synthesis data. And for the spatial language ability evaluation, the consistency of human-annotated
data was confirmed. In addition, we expand our reasoning dataset to English, enabling to evaluate mul-
tilingual spatial reasoning ability.

Based on fine-grained analysis, the following insights into spatial semantic understanding can be
drawn:

* LLMs’ ability of analyzing simple spatial semantics is comparable to human levels. However, in
more complex understanding tasks such as RSE and DSA, there remains a noticeable gap between
LLMs and humans. This indicates that LLMs’ capability in comprehending complex spatial seman-
tics still needs further improvement.

* Prompt-base methods only achieve limited improvement in LLMs’ ability in spatial semantic un-
derstanding. However, by finetuning, best-performing LL.M’s accuracy in spatial reasoning increase
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from 0.2622 to 0.8469, which is relatively high. This indicates that it is challenging to improve
LLMs’ spatial ability only by train-free methods, and finetuning is essential. Therefore, constructing
high-quality data in quantity is significant for improving LLMs’ language and reasoning capability.

In future works, we aim to further develop our benchmark. For the spatial language ability evaluation,
more data need to be collected for both testing and finetuning. We also plan to increase the proportion
of questions that shared texts. For the spatial reasoning ability evaluation, additional spatial relations
and scenarios will be introduced. In addition, integrating other modals is another significant aspect that
needs to be taken into consideration.
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Appendix A Text-Length Statistics

Table 8 shows the statistics of the length of the text in each subtask of the spatial language ability
evaluation. The length is measured by the number of Chinese characters in the text. The lengths of the
texts in all datasets are on the same level, and the text lengths varies from short to long.

Subtask Max length Min length Average length

RSR 251 25 104.8
DSA 429 24 133
RSE 264 9 88.9

Table 8: Statistics of the length of the text in each subtask of the spatial language ability evaluation. The
length is measured by the number of Chinese characters in the text.

Appendix B Scenarios Used in SPR

Figure 2 shows the four spatial scenarios preset in SPR. The scenarios are abstracted from everyday life
scenes, and each scenario contains several spatial entities with different orientations. The blue circles
with letters are spatial entities, with gaps indicating their orientation.

b 4
C &

(a) Four-people (b) Centripetal (c) Centricfugal (d) Three-level
Booth Hexagon Hexagon Two-column

Figure 2: Schema of 4 kinds of spatial scenario preset in SPR. Blue circles with letters are spatial entities,
with gaps indicating their orientation.
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Appendix C Instructions for All Subtask

Table 9 shows the instructions of each subtask in our benchmark. The instructions are fixed and provided
in each question.

Subtask Instruction

DSA JWtex 75 [H A 2 Bk 2 HIEM . 1% EZER 802" . (Determine
whether the spatial language expression in the text is correct. Please respond with
“Correct” or “Incorrect” only.)

RSR H|Wrinterpretationse 73 IEHf - 15 H [EIZEM 845 1%” - (Determine whether the
interpretation is correct. Please respond with “Correct” or “Incorrect” only.)
RSE Firtext 1 Fltex 2 A H =S (B3 SR AHE - % AR HHR A

[@]” . (Determine whether the spatial scenes described in textl and text2 are the
same. Please respond with “Same” or “Different” only.)
SPR(Chinese) L HZEZ %M, MW PEH ML EMIERESR . EFRETLIEMEE RS
E—HAREEy - HERPEE, FHERAH M ERE .
SPR(English) The question is multiple-choice with more than one correct answers. Answer
choices must exactly match the gold answer to be considered correct. Please think
step by step and finally output the answer choices.

Table 9: Instructions of subtasks in our benchmark. The instruction of each task is fixed. English trans-
lations are provided for DSA, RSR and RSE only for readability, and the instructions of SPR(Chinese)
and SPR(English) are aligned.

Appendix D Knowledge-Based Pipeline for SPR Question Generation

The dataset generation for SPR is based on an automated framework that leverages a structured knowl-
edge base, and consists of three core modules:

1. a commonsense-based spatial orientation relation reasoning knowledge base, which structurally
describes spatial schemas and their constraint rules;

2. an automatic natural language question generation algorithm based on the knowledge base, enabling
the automatic conversion from knowledge base to question bank using logical rules;

3. multidimensional evaluation metrics based on the knowledge labels of the questions, facilitating
dynamic and fine-grained evaluation of the spatial reasoning abilities of large language models.

The spatial orientation relation reasoning knowledge base includes spatial scenarios abstracted from
everyday life scenes, spatial reasoning templates (e.g., “X is to the right of Y”’), logical relationships and
reasoning rules between the templates (e.g., “X is to the right of Y is equivalent to Y is to the left of X”’),
and initial propositions that describe the overall layout of the scenario. The spatial reasoning knowledge
base covers four spatial schemas, ten specific spatial scenes, and thirty types of spatial relationships.

The automated generation program primarily consists of the inference module and the question gen-
eration module. The inference module functions by reading the knowledge base based on user configu-
rations, including initial facts, spatial reasoning templates, logical relationships between templates, and
reasoning rules. It then iteratively applies all the logical rules to deduce all spatial relations between
entities from the initial facts, generating a complete fact base.

The question generation module filters proposition sets that describe the overall spatial schema from
the fact base to form question stems. From these, one proposition is selected to generate the question
and options. Additionally, the abstract proposition in the question is transformed into a natural language
text description by adding scene descriptions and entity names, ultimately outputting reasoning questions
that are suitable for general readers. The workflows of the inference module is shown in Figure 3a, and
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the question generation module is shown in Figure 3b. Other details of the pipeline will be discussed in
future works.
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(a) Inference Module of SPR (b) Question Generation Module of SPR

Figure 3: Flowcharts of the inference module and the question generation module in the SPR pipeline.
The inference module generates a fact base from the knowledge base, and the question generation module
generates questions based on the fact base.

Appendix E  Scenario-Wise SPR Accuracy and Orientation Effects

Table 10 shows the average accuracy of the top six teams on SPR questions with different spatial sce-
narios and different entity orientations. The results show that LLMs can handle simple scenarios but
struggle with the more complicated ones. Additionally, when the scenarios combine with absolute direc-
tions, a LLM performance drop can be seen. This suggests that it is difficult for LLMs to link absolute
directions with relative spatial relations.

Scenario Orientation/Direction Accuracy (Chinese) Accuracy (English)
No cardinal directions 0.815 0.741
Four-person Booth East-West 0.797 0.716
North-South 0.835 0.709
No cardinal directions 0.625 0.571
Centrifugal Hexagon East-West 0.447 0.407
North-South 0.530 0.470
No cardinal directions 0.609 0.554
Centripetal Hexagon East-West 0.357 0.313
North-South 0.425 0.367
Three-level Two-column East-West 0.626 0.569

Table 10: Average accuracy of the top six teams on SPR questions with different spatial scenarios and
different entity orientations. East-West means that at least one entity in the scenario is set in the east or
west direction, and North-South means that at least one entity in the scenario is set in the north or south
direction. No cardinal directions means that no entity in the scenario is set in a certain cardinal direction.



