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ABSTRACT
Recent advancements in Large LanguageModels (LLMs) have show-
cased their ability to effectively process various tasks, including
those in the domain of graph reasoning. However, most studies rely
on LLMs’ ability to process textual information, such as node and
graph features. The exploration of LLMs’ capability to incorporate
and utilize structural information in graph-related tasks is limited.

One of the important tasks in structure-aware graph learning is
to count substructures. Researchers use this capability to measure
the expressiveness of Graph Neural Networks (GNNs). Additionally,
it is essential in medical and social analysis applications, where
these substructures have specific functions. Thus, in this paper,
we delve into the expressive power of LLMs with a specific focus
on their ability to count substructures. We extensively experiment
with different prompting strategies to study the performance of
LLMs in substructure counting. Additionally, we compare LLMs’
performance with that of graph networks, aiming to elucidate their
respective advantages and limitations in utilizing structural data.
Furthermore, we investigate the out-of-distribution generalizability
of LLMs in substructure counting, specifically when test graphs
exceed the size of training graphs. Our research contributes to a
deeper understanding of the expressiveness and generalizability of
LLMs in handling diverse graph structures.
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1 INTRODUCTION
Traditionally, graph neural networks (GNNs) have been at the fore-
front of graph learning tasks. Expressiveness, a crucial property
of GNNs, refers to their ability to model and differentiate between
complex graph structures. This property is crucial for their effective-
ness in various graph learning tasks, which can be assessed by their
ability to count substructures. Despite the advancements in GNN
architectures, most traditional GNNs lack sufficient expressiveness.
Specifically, as shown by Chen et al. (2020) [3], certain GNNmodels
that use message passing between nodes cannot count induced
subgraphs for any connected pattern of 3 or more nodes. Although
multiple Higher-Order Graph Neural Networks [15] have been pro-
posed to improve the expressiveness regarding this problem, the
impossibility remains [15].

LLMs have demonstrated promising results in tasks such as node
classification and graph classification tasks [4]. However, most
of these works have focused on better utilization of textual in-
formation, such as node and graph features. Their ability to uti-
lize structural information, specifically for counting substructures,
a fundamental problem in graph analysis, remains understudied.
Moreover, the practical applications of this research extend sig-
nificantly into fields such as computational chemistry, materials
design, and pharmacy [12, 14], where the functions crucial for inno-
vation and discovery often demand the presence or count of specific
substructures, such as functional groups.

In this paper, we aim to explore the potential of LLMs to leverage
graph structural information for counting substructures, intending
to study how LLMs can complement or replace traditional graph
network approaches. We used three GNN models [10] [17] [15] as
a benchmark to evaluate the performance and capabilities of LLMs
in substructure counting tasks across various graph sizes to assess
generalizability and substructure complexities to assess expressive-
ness. Our main findings reveal that LLMs demonstrate potential in
counting substructures, particularly excelling in counting 3-stars
where they outperform all traditional GNNs and even higher-order
GNNs mentioned above. Advanced prompting techniques, espe-
cially the combination of few-shot and least-to-most prompting
with 1-hop neighbor information, significantly enhance LLMs’ per-
formance in these tasks. To elaborate, few-shot prompting provides
examples to guide the model [2], least-to-most prompting helps
break down complex problems into manageable steps for counting
substructures associated with each node [20], and including 1-hop
neighbor information enhances the model’s understanding of local
graph structure. This approach also achieves superior performance
compared to other prompting techniques. However, LLMs show lim-
itations in counting cycles (such as triangles and chordal 4-cycles).
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They fail to generalize effectively when tasked with counting sub-
structures in test graphs that are larger than the examples provided
in the prompts.

• Exploration of Graph Structure Impact For Generaliz-
ability and Expressiveness of LLMs:We are the first to
study LLMs’ ability to count substructures, which is crucial
to understand their expressiveness in structural learning. Ad-
ditionally, we investigate LLMs’ performance across varying
graph sizes and complexities to assess their generalizability
to varying graph input sizes.

• Benchmarking Against Previous Methods and Lever-
aging Substructure Identification: Acknowledging the
ability of graph neural networks in counting substructures
[15], we serve graph neural networks as a benchmark to
validate the performance of LLMs for the same tasks. We
also evaluate how precise the substructures LLMs identify.

• Experimental Findings: Regarding expressiveness, LLMs
particularly struggle with cycle-based substructures com-
pared to GNNs. Additionally, we demonstrate LLMs’ sensi-
tivity to graph sizes, with performance declining for larger
graphs.

2 RELATEDWORK
Recent advancements in LLMs have sparked significant interest in
their ability to reason over graph-structured data. Several studies
have explored the intersection of LLMs and graph reasoning tasks,
highlighting the importance of incorporating structural information
into prompts to enhance performance.

LLMs Can Assist with Graph Learning Tasks. Zhang pro-
posed Graph-Toolformer, a framework that utilizes LLMs as an
interface to bridge natural language commands and GNNs [19].
Since there have been comprehensive studies on encoding graph-
structured data as text for consumption by LLMs [7], researchers
have followed to propose a testbed for evaluating the graph reason-
ing abilities of LLMs, revealing their potential capabilities in tasks
such as connectivity, cycle detection, and shortest path finding
[16]. Regarding node classification problems, Guo et al. explored
two pipelines: LLMs-as-Enhancers, where LLMs are used to en-
hance text attributes before being processed by GNNs, and LLMs-
as-Predictors, where LLMs directly generate predictions based on
graph information provided through prompts [9]. Most of these
studies focus on textual information and the integration of LLMs
with GNNs for various graph reasoning tasks. However, none have
utilized LLMs specifically to count substructures. Our work shifts
the focus to structural information, investigating how LLMs can
effectively count substructures and leverage graph structure in
problem-solving.

Counting Substructures with Graph Networks. GNNs have
shown limitations in counting substructures, particularly for pat-
terns involving three or more nodes [3]. Specifically, low-order
GNNs struggle to learn structural graph parameters such as clique
information, diameter, conjoint cycles, or shortest cycles [8]. To ad-
dress these limitations, researchers have developed more expressive
GNN architectures. Tahmasebi et al. [15] introduced a recursive
pooling technique called Recursive Neighborhood Pooling (RNP)

can count subgraphs of size k, overcoming the limitations of low-
order GNNs in Chen at al. [3]. Bouritsas et al. [1] proposed the
Graph Neural Networks with Subgraph Isomorphism Counting
approach, which incorporates subgraph isomorphism counting into
the message passing framework, further enhancing GNNs’ ability
to capture structural information. You et al. [18] introduced the
Identity-Aware Graph Neural Networks (ID-GNNs), which use node
identifiers to break symmetries in the graph, allowing for more pre-
cise substructure counting. However, GNNs still face challenges in
capturing long-range dependencies in graphs [5], which can affect
their ability to accurately count substructures involving nodes that
are far apart in the graph.

The novelty of our work lies in the specific focus on substruc-
ture counting using LLMs, an aspect that has not been extensively
explored in previous studies. Moreover, we utilize the structural
information instead of most textual information tasks performed
with LLMs. We also draw comparisons between the performance of
LLMs and graph network approaches in the context of substructure
counting to assess expressiveness and generalizability which has
been studied extensively for graph networks methods but not for
LLMs.We have demonstrated that LLMs can outperformGNNswith
the right tasks, prompt engineering, and graph encoding strategies,
we highlight the potential strengths and weaknesses of LLMs in
substructure counting and open up new avenues for future research
in this area.

3 MODELS AND DESIGN
3.1 Models and Settings
We use GPT-3.5-TURBO as our primary LLM for these experiments.
To achieve these goals, we designed the following experiments:

• By examining LLMs’ ability to count substructures of differ-
ent nature and node counts including triangles, 3-stars, and
chordal 4-cycles, we can evaluate their expressiveness.

• To assess generalizability, we test LLMs on graphs of vary-
ing sizes from 10, 15, and 20, to 30 nodes, allowing us to
understand how well they adapt to larger and more complex
graphs.

• We employ different prompting techniques including those
that incorporate local structural information (1-hop neigh-
bors information) and step-by-step reasoning as the control
factors, to understand how LLMs process and utilize graph
structural data.

3.2 Prompting techniques
To establish a comprehensive evaluation framework, we use a di-
verse set of prompting techniques as baselines. These are the details
regarding how the prompting techniques are designed to adapt to
how we assess the impact of structural information:

(1) Zero-Shot: Provide only the definition of the substructure.
(2) 0-COT (Zero-Shot Chain-of-Thoughts): Provide the def-

inition of the substructure. Instead of giving the specific
reasoning steps as in Chain-of-Thoughts (COT), we only
input the prompt “Let’s think step by step.” in the instruction
[11].
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Figure 1: Prompting techniques and graph input representation.

(3) 0-COT + 1-hop: Provide the definition of the substructure
and the prompt “Let’s think step by step.” Note that we also
list the neighbors information of each node.

(4) FS (Few-shot) + Least-to-Most (LTM) + 1-hop: Provide
the definition of the substructures, list the neighbors of each
node, give an example [2] where we break down the counting
tasks into sub-problems, give a detailed example of solving
these sub-problems [20]. Note that we give one example of
a graph with 10 nodes.

(5) COT (Chain-of-Thoughts): Provide the definition of the
substructures, without listing the neighbors of each node.
Then provide a series of intermediate reasoning steps.

(6) COT + BAG (Build-a-Graph): Provide the definition of the
substructures without listing the neighbors of each node but
include the prompt “Let’s build a graph.” The rest is the same
with COT.

We use Mean Absolute Error (MAE), Mean Squared Error (MSE)
divided by the variance of the true counts, and accuracy (ACC) as
the criteria for performance metrics in terms of the count number.

3.3 Baselines
To compare the performance of LLMs with traditional graph neural
network architectures, we include Graph Isomorphism Network
(GIN) [17] and Graph Convolutional Network (GCN) [10] as repre-
sentative models. Furthermore, we also include a higher-oder GNN
(RNP-GNN) [15] as a representative base model, which has been
an advancement compared to 2 above mentioned models.

4 EXPERIMENTAL DETAILS
4.1 Datasets
In our study, we employ two datasets as set up in Chen et al. [3] to
evaluate the performance of LLMs on substructure counting tasks:
the Erdős-Renyi dataset and the Noisy Random Regular dataset.
Both datasets also include labels of ground-truth counts for sub-
structures considered in the experiments: (a) 3-star (b) triangle (c)
chordal cycle.

4.1.1 Erdős-Renyi Dataset. The Erdős-Renyi dataset consists of
5,000 randomly generated graphs following the Erdős-Renyi model
[6]. In this model, a graph is constructed by connecting nodes ran-
domly with a fixed probability. Each graph in the dataset contains
10 nodes, and the edges are randomly distributed among these
nodes. The results obtained from the Erdős-Renyi dataset serve as a
benchmark for LLMs’ ability to count substructures in graphs with
varying connectivity.

4.1.2 Noisy Random Regular Dataset. The Noisy Random Regu-
lar dataset consists of 5,000 graphs generated using the random
regular graph model [13] with added noise. In a random regular
graph, each node has the same degree, meaning that all nodes have
the same number of connections. The graphs in this dataset have
varying sizes, with either 10, 15, 20, or 30 nodes. The maximum
number of edges is 90. To introduce noise and make the graphs
more challenging, we randomly delete n edges from each graph,
where n is equal to the number of nodes in the graph.

4.2 Expressiveness Assessment

v1

v2

v3

(a) Triangle

v0

v1 v2

v3

(b) 3-Star

v0

v1 v2

v3

(c) Chordal 4-Cycle

Figure 2: Substructures considered in the experiments: (a)
triangle (b) 3-star (c) chordal 4-cycle.

These tasks are formulated as graph regression problems, where
the input is a graph representation (including node and edge infor-
mation), and the output is the count of specific substructures and
the list of specific substructures.

• Task 1: Counting Triangles Given an undirected graph
𝐺 = (𝑉 , 𝐸), count the number of triangles in 𝐺 . A triangle
is defined as a set of three nodes (𝑣1, 𝑣2, 𝑣3) ∈ 𝑉 such that
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(𝑣1, 𝑣2), (𝑣2, 𝑣3), and (𝑣3, 𝑣1) ∈ 𝐸. The task is to compute
𝐶𝐼 (𝐺 ;𝑇 ), the induced-subgraph-count of a triangle pattern
𝑇 in 𝐺 , where each triangle contributes to the count only if
all three edges that form the triangle are present in 𝐸.

• Task 2: Counting 3-Stars Count the number of 3-star sub-
structures in an undirected graph 𝐺 = (𝑉 , 𝐸). A 3-star is
a central node 𝑣0 connected to three distinct nodes 𝑣1, 𝑣2,
and 𝑣3 (i.e., 𝑣0 is the central hub). This task aims to calculate
𝐶𝑆 (𝐺 ; 𝑆3), the subgraph-count of the 3-star pattern 𝑆3 in 𝐺 ,
which counts each occurrence of 𝑆3 regardless of additional
edges among the leaves 𝑣1, 𝑣2, and 𝑣3.

• Task 3: Counting Chordal 4-Cycles Given an undirected
graph 𝐺 = (𝑉 , 𝐸), count the number of chordal 4-cycles
present in 𝐺 . A chordal 4-cycle is defined as a set of four
nodes (𝑣1, 𝑣2, 𝑣3, 𝑣4) ∈ 𝑉 that form a cycle, such that (𝑣1, 𝑣2),
(𝑣2, 𝑣3), (𝑣3, 𝑣4) and (𝑣4, 𝑣1) ∈ 𝐸, with at least one additional
internal edge (chord) that connects a pair of non-consecutive
vertices within the cycle, making the cycle chordal. This task
requires the count of 𝐶𝐼 (𝐺 ;𝐶), the induced-subgraph-count
of a chordal 4-cycle pattern 𝐶 in 𝐺 , where each chordal 4-
cycle contributes to the count only if all four edges that
form the cycle and at least one chordal edge are present in
𝐸. Including chordal 4-cycles further enhances our ability to
assess the expressive power of the LLM approach in handling
complex graph structures, involving both cyclic connectiv-
ity and internal chords together with increasing number
of nodes and edge features, as they occur as subgraphs or
induced subgraphs within the graph.

• Task 4: Validate node sets of triangles, 3-stars, and
chordal 4-cycles output. For each graph in the datasets,
we task the LLM model with listing out the unique sets of
nodes that form triangular, 3-star, and chordal 4-cycle sub-
structures. This step allows us to evaluate the LLM’s ability
to correctly identify and enumerate the specific instances
of these substructures within the graph. Due to the lack of
ground truth exact nodes associated with the substructures
present in the graph, we calculate the precision by check-
ing all the substructures listed by the LLMs and come up
with the proportion of correctly identified substructures. By
doing this, we identify areas where LLMs excel, either in
correctly identifying substructures or accurately counting
their occurrences.

4.3 Generalizability Assessment
To evaluate the generalizability of LLMs in counting substructures,
we instruct LLMswith a graph example of 10 nodes and then test the
models on graphs of increasing sizes categorized as easy, medium,
and hard. The graphs in these categories contain 10, 15-20, and 30
nodes, respectively.

Table 1: Task Specifics for Counting Triangles, 3-Star Structures,
and Chordal 4-Cycle

Task Few-shot Example Easy Medium Hard

# Nodes 10 10 15-20 30
Total / 1,228 2,507 1,265

5 RESULTS
In assessing LLM’s ability to count substructure, We discuss and
establish three key observations focusing on its expressiveness and
generalizability:

(1) Of all prompting techniques tailored to count substructures,
FS+LTM+1-hop has the best results across 3-stars, triangles,
and chordal 4-cycles.

(2) LLMs show signs of sensitivity to the size of the input graphs.
(3) LLMs show signs of sensitivity to the substructure.

5.1 Step-by-step reasoning instruction is critical
for optimizing LLMs.

Observation 1: FS+LTM+1-hop is the most effective prompt-
ing technique for enhancing LLMs’ ability to count substruc-
tures.

In counting 3-stars across different levels (Table 4), FS+LTM+1-
hop achieves precision levels of 93.19%, 96.78%, and 98.16% for
easy, medium, and hard graphs, respectively. Similarly, for counting
triangles, FS+LTM+1-hop improves precision to 52.02%, 29.01%, and
11.34% for easy, medium, and hard difficulty levels, respectively.
Other prompting methods stay behind. Tables 3 and 4 show that
0-COT+1-hop prompting barely increases counting accuracy and
precision of substructure identification compared to zero-shot and 0-
COT. Table 5 and Table 6 present performance metrics for counting
3-stars and counting triangles across different graph sizes. Table 5
and Table 6 show that zero-shot or 0-COT yield surprisingly low
accuracy for counting 3-stars (0.00% for both in this experiment
and the lowest in most other cases).
Table 2: Precisions Across Optimal Methods for Counting Substruc-
tures Tasks.

Methods Easy Medium Hard Avg.

Counting 3-Stars

FS+LTM+1-hop 93.19 96.78 98.16 96.25
COT+BAG 63.15 59.63 56.22 59.63
COT 69.65 66.82 64.90 67.03

Counting Triangles

FS+LTM+1-hop 52.02 29.01 11.34 30.19
COT+BAG 39.97 17.78 6.70 20.43
COT 41.77 18.48 6.97 22.41

5.2 LLMs struggle with counting cycles while
outperforming GNNs in counting 3-stars.

In general, LLMs have shown potential to outperform GNNs in
certain substructure counting tasks, particularly for 3-stars. They
demonstrate a unique ability to identify substructures with high
precision. However, LLMs face challenges with cyclic structures
such as triangles and chordal 4-cycles, sharing similar difficulties
with traditional GNNs in these areas.

Observation 2: LLMs can outperform all graph networks
models, including even Higher-Order GNNs (RNPGNN) for
counting 3-stars.
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Table 3: Performance metrics for the task for counting triangles.
ACC is calculated for the count, while Precision is calculated for
the validated substructures. Gray denotes the best result. Slash (/)
denotes no available results.

Method MAE (↓) MSE/𝜎2 (↓) ACC (↑) PRE (↑)
Zero-shot 5.58 23.59 6.68 36.36
0-COT 4.40 6.66 8.35 36.61
0-COT+1-hop 3.17 2.62 10.65 39.76
FS+LTM+1-hop 2.28 1.29 15.05 44.97
COT 4.03 4.59 9.74 35.48
COT+BAG 4.26 5.17 9.09 34.48

GCN 2.07 0.98 15.48 /
GIN 0.63 0.10 50.04 /
RNPGNN 0.26 0.02 85.56 /

Table 4: Performance metrics for the task for counting 3-stars. ACC
is calculated for the count, while Precision is calculated for the
validated substructures. Gray denotes the best result. Slash (/) denotes
no available results.

Method MAE (↓) MSE/𝜎2 (↓) ACC (↑) PRE (%) (↑)
Zero-shot 18.08 1.97 3.07 72.91
0-COT 16.53 1.73 3.51 71.08
0-COT+1-hop 16.99 1.79 3.33 74.64
FS+LTM+1-hop 0.35 0.02 94.44 93.24
COT 7.82 0.97 27.78 80.72
COT+BAG 6.82 0.67 25.79 71.44

GCN 0.98 13.28 19.20 /
GIN 0.36 7.1E-4 79.76 /
RNPGNN 1.10 0.01 35.96 /

As shown in Table 3, ourmost effective LLM approach (FS+LTM+1-
hop) surpasses the performance of all GNN models including GCN,
GIN, and RNPGNN in counting 3-stars. Notably, LLMs even out-
perform the Recursive Neighborhood Pooling GNN (RNPGNN), a
higher-order GNN designed to enhance expressiveness in substruc-
ture counting tasks [15]. With the FS+LTM+1-hop approach, LLMs
achieve 94.44% accuracy in counting 3-stars, compared to 79.76%
for GIN and 35.96% for RNPGNN.

Observation 3:LLMs exhibit limited expressive power com-
pared to GNNs when it comes to cycles. Chen et al. [3] demon-
strated thatMessage PassingNeural Networks (MPNNs) and second-
order Invariant Graph Networks (2-IGNs) cannot perform induced-
subgraph-count for any connected substructure consisting of 3
or more nodes, except for star-shaped patterns. Our results show
that LLMs face similar challenges with cyclic structures. In count-
ing triangle tasks, we observe that LLMs’ accuracy is around 15%,
while the higher-order GNN (RNPGNN) achieves 85.56%. The re-
sults in Table 7 further demonstrate that LLMs face significant
challenges in accurately counting chordal 4-cycles, a more complex
cyclic substructure. Even with explicit instructions to first count
the induced sub-graph of a 4-cycle and then check for a chord,
the best-performing LLM approach (FS+LTM+1-hop) achieves only

19.79% accuracy and 16.61% precision. This limit can be partially
explained by Observation 4.

Observation 4: LLMs’ brittleness leads to incorrect count-
ing and identification. LLMs are indeed surprisingly vulnerable to
spurious correlations in structured reasoning, leading to incorrect
counts, particularly for cycles, and identification of substructures.

Consider the following response for a graph where Node 0 is
connected to nodes 2, 4, 5, 7; Node 2 is connected to nodes 0, 4, 7;
Node 4 is connected to nodes 0, 1, 2, 6, 9.

Figure 3: Graph visualization of the case where LLMs make a fun-
damental mistake in detecting edges in cycles.

The ground truth shows that there is no direct connection be-
tween Node 2 and Node 6.

5.3 LLMs are sensitive to the size of the input
graphs.

We track LLM’s accuracy in the count number and its precision in
validating substructures across different graph sizes.

Observation 5: There are generalization limits for LLMs.
As depicted in Table 3, there is a noticeable downtrend in both

accuracy and precision metrics as the graph sizes expand from 10,
15, and 20, to 30 nodes. The LLMs’ performance clearly declines with
increasing graph sizes for counting triangles while in the previous
task of counting 3-stars, the performance remains fairly consistent
across all graph sizes. This decline suggests LLMs’ performance
diminishes with larger or more complex graph structures. To get
a sense of how sensitive it is to graph sizes, the Hard collection
consists graphs with 30 nodes while the Easy consists graph with
10 nodes. Still, the LLMs performance remain consistent across all
difficulties in counting 3-stars.

6 CONCLUSION
Our experiments show that LLMs can count substructures and even
outperform Higher-Order GNNs in counting 3-stars. Advanced
prompting techniques, such as least-to-most, significantly improve
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Table 5: Performance Metrics Across Different Methods for Counting 3-Stars in 3 Levels of Difficulty. Gray denotes the best result.

Difficulty Metric Zero-shot 0-COT 0-COT+1-hop FS+LTM+1-hop COT COT+BAG

Easy

MAE (↓) 49.76 48.44 47.96 1.81 18.54 15.83
MSE/𝜎2 (↓) 60.23 57.35 56.23 0.80 17.79 12.13
Accuracy (↑) (%) 0.00 0.00 0.00 76.65 4.18 4.80
Precision (%) 89.27 85.64 88.14 93.19 69.65 63.15

Medium

MAE (↓) 56.05 48.48 53.50 4.69 34.16 26.27
MSE/𝜎2 (↓) 6.69 42.33 6.23 0.12 34.38 21.75
Accuracy (↑) (%) 0.00 0.00 0.00 24.17 1.02 1.53
Precision (%) 81.44 81.24 80.81 96.78 66.82 59.63

Hard

MAE (↓) 140.71 48.48 49.28 8.19 97.26 173.83
MSE/𝜎2 (↓) 165046.18 42.33 44.07 11.94 7251.30 95789.06
Accuracy (↑) (%) 0.08 0.00 0.00 2.63 0.56 1.29
Precision (%) 69.50 74.18 75.10 98.16 64.90 56.22

Table 6: Performance Metrics Across Different Methods for Counting Triangles in 3 Levels of Difficulty. Gray denotes the best result.

Difficulty Metric Zero-shot 0-COT 0-COT+1-hop FS+LTM+1-hop COT COT+BAG

Easy

MAE (↓) 6.05 5.94 5.26 4.07 5.36 6.07
MSE/𝜎2 (↓) 32.43 36.58 28.62 10.15 24.82 31.70
Accuracy (↑) (%) 8.07 7.84 7.38 7.96 5.97 7.53
Precision (%) 47.99 46.88 49.03 52.02 41.77 39.97

Medium

MAE (↓) 12.65 12.32 12.21 5.06 11.73 15.91
MSE/𝜎2 (↓) 94.24 64.58 44.73 7.45 42.09 118.00
Accuracy (↑) (%) 2.84 3.45 3.71 7.51 3.50 3.29
Precision (%) 21.95 21.67 22.13 29.01 18.48 17.78

Hard

MAE (↓) 27.15 53.68 112.97 16.30 32.22 85.66
MSE/𝜎2 (↓) 778.79 72149.39 272265.99 627.03 3021.48 140615.24
Accuracy (↑) (%) 0.58 0.38 0.96 7.21 2.40 1.33
Precision (%) 8.20 8.03 7.84 11.34 6.97 6.70

Table 7: Performance metrics for the task for counting Chordal 4-
Cycles. ACC is calculated for the count, while Precision is calculated
for the validated substructures. Gray denotes the best result. Slash
(/) denotes no available results.

Method MAE (↓) MSE/𝜎2 (↓) ACC (↑) PRE (%) (↑)
Zero-shot 8.31 13.48 2.53 /
0-COT 10.54 197.50 2.70 15.79
0-COT+1-hop 15.19 19264.46 2.97 6.78
FS+LTM+1-hop 2.32 1.53 19.79 11.11
COT 4.98 7.95 17.59 16.61
COT+BAG 5.15 8.24 15.13 16.53

GCN 0.65 0.11 57.76 /
GIN 2.16 0.98 12.16 /
RNPGNN 0.71 0.15 59.80 /

their performance. LLMs also show preliminary ability to identify
substructures with precision.

However, LLMs struggle with larger and more complex graphs
and particularly counting cycles. They are prone to errors due to

spurious correlations. These findings highlight the need for further
research to improve LLMs’ expressiveness and generalizability in
adapting LLMs to counting substructure applications.
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