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Abstract—The goal of the spatial relation classification task
is to identify the type of spatial relations between entities
extracted from text. Although large language models (LLMs)
have demonstrated the potential to achieve excellent performance
across various tasks through In-Context Learning (ICL), there
remains a lack of exploration in the domain of spatial relation
classification. The gap between ICL and fully supervised training
models primarily stems from two aspects: current example
retrieval methods fall short in capturing the semantic relevance of
spatial elements and spatial relations; and the absence of explicit
explanations for the mapping between inputs and spatial relation
labels in examples hinders the model’s ability to effectively
leverage contextual information.To address these challenges, we
propose the Spatial-ICL method, which specifically optimizes the
application of ICL in spatial relation classification. Experimen-
tal results demonstrate that Spatial-ICL outperforms the ICL
baselines on GPT-4 in terms of performance.

Index Terms—Spatial relation classification, Large Language
Models, In-Context Learning

I. INTRODUCTION

Spatial relation classification concentrates on identifying
spatial semantic links expressed in text, laying the groundwork
for scene comprehension and spatial reasoning. For example,
by processing textual data, a system can recognize relations
between individuals and places or objects and environments,
such as “adjacent to,” “inside,” or “below.” Classifying these
relations is crucial for applications like knowledge graph
development [1], and question-answering systems [2].

Spatial relations generally involve spatial elements and
spatial relation triggers. Spatial elements are entities or events
with spatial characteristics, while spatial relation triggers are
linking words that signal spatial relations. Typically, a spatial
relation in text comprises three parts: the spatial relation
subject, the spatial trigger, and the spatial relation object. Both
the subject and object are subtypes of spatial elements. The
subject can be either a trajector or a mover, and the object
can be a landmark or a goal, depending on the type of spatial
relations. Figure 1 provides an example of spatial relations
within a sentence. In Figure 1, the text contains three spatial
relations: QSLINK represents a topological spatial relation,
OLINK denotes a directional spatial relation, and MOVELINK
indicates a dynamic spatial relation.

Prior studies [3] have attempted to apply ICL to relation
classification tasks in specific domains, but results indicate a
significant performance gap compared to fine-tuned models.
This suggests that current ICL strategies have yet to fully
unlock the potential of LLMs in spatial relation classification,

Sentence:
The ancient [ruins] are [hidden] by [vines], and you might be

wondering why [she] chose to [trek] to the [center] [of] [Mexico].

Relation:

{ QSLINK: { OLINK: { MOVELINK:
trajector = center trajector = vines mover = she
trigger = trigger = trigger =
landmark = } landmark = } goal = }

Fig. 1: An example of a spatial relation triplet.

with performance constrained by the effectiveness of example
selection and the model’s depth of contextual understanding.

When LLMs employ ICL in spatial relation classification
tasks, their suboptimal performance can be attributed to two
primary factors. First, example retrieval lacks sufficient rele-
vance to spatial elements and spatial relations [4]. ICL typi-
cally relies on random selection or k-nearest neighbor (kNN)
retrieval methods based on sentence embeddings [3], [5] to
obtain examples. However, such sentence embedding-based
retrieval focuses primarily on overall semantic similarity,
failing to adequately capture the features of spatial elements
and spatial relations within sentences. Second, examples lack
interpretability regarding the mapping process between inputs
and spatial relations [6]. Traditional ICL methods typically
present examples in the form of input-label pairs, without
further elaboration on the reasoning process behind spatial
relations. This can lead LLMs to over-rely on superficial
linguistic features for predictions, overlooking the diversity
and semantic complexity of spatial relation expressions.

To address these issues, we propose Spatial-ICL, a method
designed to optimize ICL for spatial relation classification. Our
approach introduces a task-oriented retrieval mechanism that
incorporates spatial element information and uses fine-tuned
representations to improve example relevance. Additionally,
we enhance examples with gold-label-guided reasoning to
support deeper semantic understanding. Experimental results
on the SpaceEval dataset show that Spatial-ICL outperforms
existing ICL baselines on GPT-4, demonstrating its effective-
ness in few-shot settings.

II. RELATED WORK

Task 8 (SpaceEval) of SemEval 2015 [7], building on the
SpRL tasks from SemEval 2012 and SemEval 2013, was



further expanded into a comprehensive information extraction
and classification task. It adopts the ISO-Space standard [8],
enhancing the semantics of SpRL through finer granularity
and extending the data domains. SpaceEval aims to identify
and classify spatial information in text, encompassing spatial
elements such as place, spatial entity, path, and motion, as
well as spatial relations (e.g., QSLINK, OLINK, etc.).

Research methods for spatial relation classification can
primarily be divided into two categories: traditional machine
learning approaches and deep learning methods based on
neural networks. With the rapid advancement of deep learning,
neural network-based methods have gradually become the
mainstream in spatial relation classification research.

Nichols et al. [9] pioneered the use of a CRF model
integrated with distributed word representations and lexical-
syntactic features to identify spatial elements and signals,
followed by a separate multi-class classification model that
employs syntactic and semantic features to concurrently de-
termine relation types and assign spatial roles. D’Souza et
al. [10] developed a MOVELINK spatial relation extraction
approach using sieves and extended syntax trees, combining
multi-channel sieves and tree kernel methods to progressively
detect spatial elements and their roles in complex MOVELINK
relations, leveraging earlier sieve outputs to inform subsequent
decisions. Salaberri et al. [11] utilized a four-stage pipeline
approach based on WordNet and SVM, adhering to the ISO-
Space framework to automatically extract spatial elements,
signals, and relations from text.

Ramrakhiyani et al. [12] presented a simple two-step neural
network method for spatial role labeling, first training a
BiLSTM for sequence labeling to produce contextual word
embeddings, then using these embeddings alongside depen-
dency parsing to generate candidate relations, followed by
another neural network to classify static spatial relations
and their roles. Shin et al. [13] introduced a BERT-based
model for spatial information extraction, splitting the task into
two subtasks: spatial element extraction and spatial relation
classification. They applied BERT+CRF for joint extraction
of spatial elements and roles, generated triplets using a triplet
candidate generator, and used an enhanced R-BERT [14]
for triplet relation classification. Wang et al. [15] proposed
the HMCGR hybrid model, which combines the strengths
of classification and generation models and incorporates a
relation symmetry-based evaluation mechanism to improve
spatial relation extraction performance. Yang et al. [16] intro-
duced a spatial relation classification model enhanced by AMR
graphs, boosting semantic discrimination by adding special
markers and incorporating an AMR graph aggregation module
to capture semantic interactions and structural information
between sentences.

III. METHODOLOGY

In this section, we first elaborate on the prompt design
method in Spatial-ICL, formalizing the spatial relation classifi-
cation task as a language generation problem. In the candidate
triplet generation phase, we initially employ the BERT-CRF

model to identify spatial roles in the text, followed by per-
muting spatial elements to obtain a set of candidate triplets. In
the optimized retrieval phase, we leverage the identified spatial
role labels to refine the retrieval process, thereby enhancing the
sample selection quality for ICL. Next, we introduce two core
optimization modules to improve the effectiveness of ICL in
spatial relation classification: task-oriented example retrieval
and reasoning guided by gold labels. Figure 2 illustrates the
specific workflow for processing test inputs.

A. Prompt Construction

This method designs a prompt for each test sample and
feeds it into the GPT-4 model for processing. Each prompt
comprises the following core components:

1) Task Description: We begin with a concise overview of
the spatial relation classification task and the predefined set of
spatial relation types, @ ={QSLINK, OLINK, MOVELINK}.
The model is explicitly required to output a spatial relation
from this predefined set or return NULL if no clear relation
exists, where Z denotes the task description instruction.

2) ICL Example Set: We first obtain a K-shot example
set through a task-oriented example selector. Then, for each
example (c;,w;), we introduce reasoning guidance r; based on
the gold label, forming an enhanced example set (c;,w;,7;),
denoted as D.

3) Test Input: Similar to the examples, we provide the test
input 4.5 and expect the LLM to generate the corresponding
spatial relation wy.s; based on the context. In summary, the
spatial relation model based on few-shot in-context learning
can be expressed as:

p(wtest S QU{NULL}|I,D, ‘rtest) (l)

This expression describes the probability that the model pre-
dicts wyes; as belonging to the predefined set 2 or NULL,
given the task description Z, example set D, and test input

Ltest-
B. Task-Oriented Example Retrieval

The examples more similar to the test sample in ICL can
lead to more consistent and robust performance [5]. Recent
studies often adopt the kNN method to retrieve examples from
the training set that are semantically similar to the test input,
serving as contextual support for few-shot learning. However,
the effectiveness of kNN retrieval heavily depends on the qual-
ity of the embedding space representation, typically achieved
by encoding test inputs and training examples using pre-
trained language models or improved sentence embeddings.
The core of spatial relation classification lies in identifying
specific spatial connections between triplets of spatial ele-
ments, whereas sentence embeddings primarily reflect overall
semantic similarity, diverging from the task’s focus.

To address this issue, we propose a task-oriented example
selection optimization method to enhance the relevance and
quality of example retrieval, ensuring that the selected exam-
ples are highly pertinent to the spatial relation classification
task. This method incorporates the following two optimization
strategies:
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Fig. 2: Overview of our model.

1) Spatial Elements-Enhanced Sentence Representation:
Traditional sentence embedding methods typically focus on
overall semantics while overlooking key elements specific to
a given task. Considering the central role of spatial element
triplets in spatial relation identification, this section proposes
improving embedding effectiveness by explicitly incorporat-
ing spatial element triplet information into sentences. This
approach enhances the model’s focus on spatial elements and
their contexts, thereby improving retrieval performance.

For instance, given the original sentence “He drive again
into the hardwood forest,” the reconstructed one after spatial
element prompting becomes: “The relation between ‘He’,
‘drive’, and ‘forest’ in the context: He drive again into the
hardwood forest.” This method not only preserves the overall
semantics of the sentence during retrieval but also empha-
sizes spatial information centered on spatial elements, thus
increasing the relevance and precision of examples to the task
objectives. We adopt the high-performing SimCSE model [17]
to compute similarity based on sentence embeddings, ensuring
the effectiveness and stability of the representation approach.

2) Spatial Relation-Optimized Representation: Compared
to the strategy of incorporating spatial element triplet infor-
mation into contextual sentences, a more direct and effective
optimization approach involves extracting relation representa-
tions from a model fine-tuned for spatial relation tasks. By
leveraging a representation model fine-tuned specifically for
spatial relations, the ability to capture spatial relation features
can be further strengthened, thereby enhancing the specificity
and quality of example retrieval.

Current BERT-based relation classification methods high-
light entities and their types by inserting markers into sen-
tences [18], [19]. In spatial relation classification, adding typed
textual markers before and after triplets [16] reinforces spatial
role information and enhances semantic differentiation, effec-
tively integrating contextual information with spatial element

characteristics. Specifically, for the example sentence “He
drive again into the hardwood forest,” the input format for
the model is adjusted to: ”[CLS] (S : trajector) He (FE :
trajector) (S : trigger) drive (E : trigger) again into the
hardwood (S : landmark) forest (E : landmark). [SEP]”
Here, (S : trajector), (S : trigger), and (S : landmark)
denote markers for spatial elements, explicitly labeling the
distinct roles within the spatial relation.

Let the hidden representation of the nth layer of the BERT
encoder be h,, where 7, j, and k correspond to the posi-
tional indices of the spatial role markers (S : trajector),
(S : trigger), and (S : landmark), respectively. The method
we propose defines the spatial relation representation as:

Spatial-Rel = h; @ h; & hy, )

where @ denotes vector concatenation along the primary
dimension. Subsequently, this spatial relation representation is
fed into a feedforward neural network to predict the probability
distribution of spatial relations:

p(wrcr € QU {NULL}|Spatial-Rel) 3)

Through this approach, the model explicitly encodes the
different spatial roles within the triplet of a spatial relation,
and the resulting relation representation naturally encapsulates
rich spatial element information and spatial semantic features,
significantly improving representation precision. Moreover,
this method effectively compensates for GPT-4’s shortcom-
ings in spatial relation classification tasks. Since the spatial
relation representation is customized and fine-tuned for the
extraction task, the relevance and quality of example retrieval
are substantially enhanced.

C. Gold Label-Guided Reasoning

Recent studies on Chain-of-Thought [20], [21] demonstrate
that generating reasoning steps can significantly enhance



model performance in commonsense reasoning and numerical
reasoning tasks. However, in spatial relation classification
tasks, multiple spatial relations may exist between triplets.
For example, “library” and “park” could exhibit a relation
of proximity or being north of one another. If the reasoning
process lacks a clear connection to the gold label, the gener-
ated explanations may deviate from the task objectives, leading
to reduced classification performance. Therefore, to improve
the accuracy of spatial relation classification, we introduce a
reasoning guidance strategy based on gold labels. This ap-
proach incorporates a reasoning process after example retrieval
to provide richer semantic grounding, thereby enhancing the
semantic expressiveness of each example.

This section proposes leveraging GPT-4 to generate reason-
ing processes corresponding to the gold spatial relation labels
for each example, thereby enhancing the semantic expressive-
ness of the examples. First, a query prompt is constructed
based on the example: “What clues indicate that the spatial re-
lation between [space elementl], [space element2], and [space
element3] is [spatial relation] in the sentence [context]?” This
prompt is then fed into GPT-4, which is tasked with generating
a reasonable reasoning process based on the sentence context
and the annotated spatial relation of the triplet. The output
format is: "The reasoning is: ...” The generated reasoning evi-
dence focuses primarily on clues related to the spatial element
pairs and their annotated relations, ensuring consistency with
the objectives of the spatial relation classification task. Finally,
the reasoning evidence produced by GPT-4 is combined with
the original example to form an enhanced example set.

1V. EXPERIMENTS
A. Experimental Settings

We evaluate our model on the SpaceEval dataset [7], which
is the most popular dataset for spatial relation extraction.
Following previous work [15], the training set includes 55
documents annotated with 1872 spatial relations, and the
test set consists of 14 documents annotated with 394 spatial
relations. For evaluation, we report Precision (P), Recall (R),
and Micro-F1 score.

Since there is currently no research specifically targeting
few-shot learning for spatial relation classification tasks, we
select ICL-Random and ICL-kNN as two baseline systems
in this study. Given that our focus is on spatial relation
classification, we adopt the AMR-Enhanced model [16] for
candidate triplet extraction, enumerating all possible triplets
as candidates. We use a dataset of 100 samples to fine-tune
previous baseline models. Additionally, we select “gpt-40”
as the model for the Spatial-ICL method and GPT-4-related
baselines, setting the maximum input length to 4,097 tokens
and employing the same prompt construction approach via the
OpenAl APL.

B. Results

The implementation details of the two GPT-4 baseline
methods are as follows:

ICL-Random: Unlike traditional methods that randomly
sample few-shot examples from training data, we introduce
a constraint to ensure a balanced label distribution, making
the spatial relation category distribution of the selected exam-
ples more uniform. This approach outperforms conventional
random sampling in terms of performance, making it a more
competitive baseline.

ICL-kNN: Existing studies often utilize various sentence
embedding techniques for example retrieval. This method
employs the SimCSE model, chosen for its superior perfor-
mance in sentence semantic similarity tasks, as the embedding
generation tool in the retrieval phase to select examples from
the training set that are semantically similar to the test input.

Fine-Tuned Spatial Relation Classification Model: In
the experiments, we adopt AMR-Enhanced model to gen-
erate spatial relation representations for supporting example
retrieval. This AMR graph-enhanced spatial relation classifica-
tion model captures spatial semantic features by adding special
textual markers for boundaries and spatial roles, making it
well-suited for spatial relation classification tasks.

Our Spatial-ICL is compared with existing methods in Table
I. Here, Spatial-ICL-SimCSE refers to example retrieval using
sentence representations enhanced with spatial elements, while
Spatial-ICL-FT denotes retrieval using fine-tuned representa-
tions optimized for spatial relations. The results in the table
indicate that both Spatial-ICL-SimCSE and Spatial-ICL-FT
outperform the sentence embedding-based ICL-kNN by 5.3
and 6.6 points, respectively. This demonstrates that optimizing
example selection by incorporating task-relevant semantic in-
formation can significantly enhance the performance of spatial
relation classification. In a few-shot setting, Spatial-ICL-FT
surpasses the fine-tuned baseline models HMCGR and AMR-
Enhanced, improving Micro-F1 scores by 14.6 and 104,
respectively. This suggests that when the retrieval mechanism
is equipped with prior knowledge of the spatial relation task,
GPT-4’s classification capabilities have the potential to exceed
those of traditional fine-tuned models.

In the few-shot setting, Spatial-ICL-FT achieves substan-
tial improvements over AMR-Enhanced in F1 scores for
the QSLINK and OLINK relations, with gains of 7.5 and
17.2, respectively. These significant enhancements indicate
that LLMs offer a stronger advantage in distinguishing these
two relations compared to previous methods. The performance
improvements for these relations also suggest that our model
is not influenced by the number of spatial relations in the
training samples. Across smaller subcategories of relations,
both Spatial-ICL-SimCSE and Spatial-ICL-FT maintain rela-
tively balanced results, further evidencing that the methods we
propose are not dependent on the quantity of training samples
but rather on the internal knowledge of the LLM and the
quality of retrieved examples.

Additionally, this section compares the few-shot activation
method with results from prior fully supervised models trained
on full datasets, as shown in Table II. The data reveal that
Spatial-ICL-FT improves the F1 score by 9.6 points over the
R-BERT model, indicating that even in a few-shot scenario,



TABLE I: Experimental results comparing different methods in few-shot settings with various models

Model QSLINK OLINK MOVELINK Overall
P R F1 P R F1 P R F1 P R F1
Supervised Learning (100 samples)
R-BERT 352 38.5 36.8 61.0 55.2 60.0 51.7 53.2 52.4 50.8 60.9 554
HMCGR 432 56.1 48.8 52.0 62.2 56.6 50.8 65.2 57.1 50.0 64.1 56.2
AMR-Enhanced 61.7 66.2 63.9 50.6 55.7 53.0 66.3 62.9 64.6 59.2 61.6 60.4
In-Context Learning (12-Shot)
ICL-Random 65.3 59.4 62.2 57.7 53.1 55.3 69.8 67.2 68.5 64.3 59.9 62.0
ICL-kNN 67.8 62.1 64.8 58.1 55.0 56.5 73.3 69.5 71.3 66.4 62.2 64.2
Spatial-ICL-SimCSE 72.1 67.3 69.6 68.5 69.2 68.8 71.8 68.3 70.0 70.8 68.3 69.5
Spatial-ICL-FT 74.0 68.9 71.4 69.8 70.7 70.2 72.4 69.1 70.7 72.0 69.6 70.8
TABLE H.: Comparison results table with fully supervised —ICLRsndom —ICLANN —SpasiabICL-SinCSE Spatisl ICLFT
models trained on full datasets s
70 69:59 2333
Model P R F1 67.93
65 65.26
Spatial-ICL-FT 72.0 69.6 70.8 60 60.12
—_ 57.39
R-BERT 62.7 59.8 61.2 =
HMCGR 64.3 79.2 70.9 =%
AMR-Enhanced 75.0 76.9 76.0 ®

TABLE III: Comparison of Reasoning Enhancement Module

Methods K=3 K=6 K=9 K=12
Spatial-ICL-SimCSE 57.3 59.8 65.9 69.5
w/o Reasoning 424 523 59.8 66.7
Spatial-ICL-FT 61.4 65.2 69.6 70.8
w/o Reasoning 44.2 53.8 60.5 67.8

our proposed model can outperform fully fine-tuned models
trained on complete datasets. However, its F1 score is 5.2
points lower than that of the AMR-Enhanced model, suggest-
ing that LLMs still lack the task-specific knowledge required
for this domain and have not yet fully realized their potential
in this task. Although large language models have achieved
groundbreaking potential through ICL, their performance in
spatial relation classification still lags behind state-of-the-art
fully supervised models.

C. Ablation Analysis of Task-Oriented Module

This subsection first conducts an ablation analysis of the
example retrieval module, evaluating its performance impact
by incrementally increasing the number of K-shot examples,
as shown in Figure 3.

The experimental results reveal that, compared to ICL-
Random, all retrieval-based models exhibit higher F1 scores
and more pronounced performance growth trends. This sug-
gests that GPT-4 can more effectively learn classification
patterns from high-quality spatial relation examples. After in-
corporating entity information into SimCSE retrieval, Spatial-
ICL-SimCSE demonstrates superior performance across all
K-shot settings, indicating that task-oriented sentence repre-
sentations can more accurately capture the semantic features

40
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Fig. 3: Comparison of Task-Oriented Module Across Different
K Values

relevant to spatial relation classification, thereby providing
examples better aligned with task requirements. Spatial-ICL-
FT, which uses fine-tuned representations optimized for spatial
relations, outperforms other retrieval methods. Notably, even
at k = 3, Spatial-ICL-FT achieves an F1 score of 61.42,
surpassing the 59.84 of Spatial-ICL-SimCSE at & = 6. This
result underscores that, in few-shot settings, the quality of
examples has a greater impact on performance than their
quantity. The figure also shows that, to a certain extent,
increasing the number of examples improves spatial relation
classification performance; however, beyond a threshold, ad-
ditional examples introduce noise, leading to a decline in
classification effectiveness.

D. Ablation Analysis of Reasoning Enhancement Module

This subsection analyzes the impact of reasoning-enhanced
examples on model performance, with results presented in
Table III. We made trade-offs between adding reasoning
information and increasing the number of examples. The
experimental results reveal several insights: incorporating
reasoning-enhanced examples consistently improves GPT-4’s
performance over unenhanced examples, a trend observed in
both Spatial-ICL-SimCSE and Spatial-ICL-FT. This indicates
that reasoning guidance based on gold spatial relation labels
effectively enhances GPT-4’s semantic reasoning capabilities,



further optimizing the effectiveness of in-context learning by
deepening the understanding of examples. Additionally, after
removing reasoning information from Spatial-ICL-SimCSE,
its F1 score of 66.7 remains higher than ICL-kNN’s 64.2,
highlighting the effectiveness of the Spatial-ICL method in
introducing sentence representations enhanced with spatial
elements.

Moreover, for Spatial-ICL-FT, as the number of examples
increases, the performance gains from reasoning enhancement
gradually diminish. This phenomenon can be explained by
the fact that, with more high-quality examples, GPT-4 can
independently capture the spatial relation logic embedded in
the examples, reducing the additional contribution of reasoning
to a saturation point. The effect of reasoning enhancement
is particularly pronounced in few-shot scenarios, making this
method an effective strategy for low-resource spatial relation
classification. The goal in low-resource settings is to accurately
identify spatial relations with sparse or even unlabeled data, a
direction that will be a key focus of future exploration.

E. Case Study

This section presents specific examples of spatial relation
classification to illustrate the effectiveness of the Spatial-ICL
method we propose. For the sentence “I want to show that
there are people in the United States that care about this,”
which contains the triplet (people, in, United States), the
relation is QSLINK. In traditional ICL-kNN, the retrieved
example is “We elucidated how we reached the confluence
point on a court from a homestead,” with the triplet (point,
on, court) and a spatial relation of OLINK. Although kNN
retrieval based on sentence embeddings can retrieve examples
semantically similar to the test sentence as a whole, it primar-
ily reflects overall semantic relations, deviating from the focus
of the spatial relation task. In contrast, the Spatial-ICL method
improves retrieval specificity, retrieving the example “There
are many places in the city where they don’t connect,” which
contains the triplet (places, in, city) with a QSLINK spatial
relation. The Spatial-ICL method retrieves ICL examples more
closely aligned with the test sample, providing the LLM with
more directly relevant information and thereby enhancing the
stability of the model’s classification.

V. CONCLUSION

We propose a spatial relation classification method based on
few-shot in-context learning, which incorporates two strategies
to optimize performance: task-oriented example retrieval and
gold label guided reasoning, aiming to narrow the perfor-
mance gap with fine-tuned baseline models. Experimental
results demonstrate that our model outperforms the existing
GPT-4-based ICL baselines. Our future work will focus on
extending Spatial-ICL to more fine-grained spatial relation
typologies, dynamic retrieval strategies, and efficient reasoning
mechanisms to further enhance generalization and real-world
applicability.
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