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Abstract

The widespread application of Large Language Models
(LLMs) has motivated a growing interest in their capacity
for processing dynamic graphs. Temporal motifs, as an ele-
mentary unit and important local property of dynamic graphs
which can directly reflect anomalies and unique phenomena,
are essential for understanding their evolutionary dynamics
and structural features. However, leveraging LLMs for tem-
poral motif analysis on dynamic graphs remains relatively un-
explored. In this paper, we systematically study LLM per-
formance on temporal motif-related tasks. Specifically, we
propose a comprehensive benchmark, LLMTM (Large Lan-
guage Models in Temporal Motifs), which includes six tai-
lored tasks across nine temporal motif types. We then con-
duct extensive experiments to analyze the impacts of differ-
ent prompting techniques and LLMs (including nine mod-
els: openPangu-7B, the DeepSeek-R1-Distill-Qwen series,
Qwen?2.5-32B-Instruct, GPT-40-mini, DeepSeek-R1, and 03)
on model performance. Informed by our benchmark findings,
we develop a tool-augmented LLM agent that leverages pre-
cisely engineered prompts to solve these tasks with high ac-
curacy. Nevertheless, the high accuracy of the agent incurs
a substantial cost. To address this trade-off, we propose a
simple yet effective structure-aware dispatcher that considers
both the dynamic graph’s structural properties and the LLM’s
cognitive load to intelligently dispatch queries between the
standard LLM prompting and the more powerful agent. Our
experiments demonstrate that the structure-aware dispatcher
effectively maintains high accuracy while reducing cost.

Benchmark, Code and Extended version —
https://github.com/Wjerry5/LLMTM

1 Introduction

The success of Large Language Models (LLMs) has moti-
vated exploration into their capabilities on complex struc-
tured data, such as web data (Mao et al. 2024). A key fron-
tier is the application of LLMs to dynamic graphs, aiming
at capturing evolution patterns of temporal graphs. Recent
works study the LLMs’ spatial-temporal understanding abil-
ities on dynamic graphs, highlighting the immense potential
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of LLMs as a new paradigm for dynamic graph analysis.
(Zhang et al. 2024; Huang et al. 2025)

Temporal motifs, as elementary units reflecting important
local properties of dynamic graphs (Paranjape et al. 2017;
Liu et al. 2021), are typically defined as a set of nodes that
interact in a specific temporal sequence within a short period
of time. Therefore, temporal motifs play a critical role in re-
vealing the functionality and characterizing the key features
of dynamic graphs (Seshadhri et al. 2013; Jha et al. 2014;
Pinar et al. 2016; Bressan et al. 2017; Jain and Seshadhri
2018). Thus, mining temporal motifs is essential for numer-
ous real-world applications, such as fraud detection (Zhang
et al. 2025), friendship prediction (Qiu et al. 2023), ven-
dor identification (Liu et al. 2025), knowledge graph rea-
soning (Wang et al. 2024b, 2023, 2022; Liu 2025; Liu and
Shu 2025; Liu, Wang, and Tong 2025), among others.

Traditional temporal motif detection methods are typi-
cally designed for specific motifs and cannot handle diverse
motifs in a unified manner (Cai et al. 2024). Deep learning-
based approaches, which often require supervised training,
perform poorly on this task (experiments in Appendix C.4).
However, the capability of LLMs to solve temporal motif-
related problems in dynamic graphs remains underexplored.
Different from other existing benchmarks (Table 1), this pa-
per starts by exploring the following research question:
RQI: Can Large Language Models Solve Temporal Motif
Problems on Dynamic Graphs?

Addressing this question is non-trivial and presents three
key challenges:

* How to design a benchmark that can rigorously assess an
LLM’s understanding and reasoning on temporal motifs?

* How to generate dynamic graph datasets with a balanced
distribution of positive and negative motif instances for
fair evaluation?

* How to formulate prompting scheme that can precisely
instruct LLMs to understand and process the complex
spatio-temporal characteristics of temporal motifs?

The Benchmark. To address these challenges, we intro-
duce LLMTM, a comprehensive benchmark for evaluating
LLMs on temporal motif problems (Table 1). Unlike prior
work that only considers incremental graph changes (Zhang
et al. 2024), our benchmark uses a quadruplet representation,
(u,v,t,0p), to fully capture both edge appearance (add) and
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Figure 1: An overview of our LLMTM Benchmark, which includes six tasks (the question is a shortened version due to space)
and nine temporal motifs. The tasks (left) are organized into two levels of increasing complexity: (1) single-temporal motif
recognition and (2) multi-temporal motif identification. The nine motifs are illustrated on the right.

Dyn. Temp. #Ev.

Bench. LLM G raph Motif LLMs
LLMGP (Dai et al. 2025) v x  x 7
LLM4DyG (Zhang et al. 2024) v v X 5
TNM (Liu et al. 2021) x v v 0
LLMTM (Ours) v v v 9

Table 1: A comparison of related benchmarks by their
core research areas. Prior work has focused on LLMs for
static graphs (LLMGP), general dynamic graph problems
(LLM4DyG), or temporal motifs without considering LLMs
(TNM). In contrast, our LLMTM benchmark is the first to
specifically evaluate the capabilities of LLMs on temporal
motifs, thereby filling a critical research gap.

disappearance (delete). It comprises six tailored tasks orga-
nized into two levels of increasing complexity: (1) single-
temporal motif recognition, and (2) multi-temporal motif
identification (Figure 1).

Furthermore, by analyzing the relationship between tem-
poral motifs frequency, time window size, and dynamic
graph scale, we determined random dynamic graph gener-
ation settings that ensure our datasets are balanced. To com-
prehensively assess the capabilities of LLMs, we designed
a well-defined prompting scheme (Appendix A.1) and con-
ducted extensive experiments, evaluating four prompting
techniques (including zero/one-shot prompting, zero/one-
shot chain-of-thought prompting (Wei et al. 2023)) and nine
LLMs (including closed-source 03, DeepSeek-R1, GPT-
40-mini and open-source openPangu-7B (Shi et al. 2025),
DeepSeek-R1-Distill-Qwen-7B, 14B, 32B (DeepSeek-Al
et al. 2025), Qwen2.5-32B-Instruct (Yang et al. 2024),
QwQ-32B (Qwen et al. 2025)).

Our extensive experiments reveal a key limitation of
LLMs. We observe that LLMs perform poorly on complex
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tasks such as "Motif Detection” and all Level 2 multi-motif
tasks, primarily due to excessive cognitive load (The long-
context reasoning capability required for LLMs to extract
dynamic graph and temporal motif from natural language)
(Observations 3 & 5). This suggests that the reasoning depth
of current LLMs remains shallow, and they are likely to fail
on problems that require complex, multi-step reasoning.
Tool learning with large language models (LLMs) has
emerged as a promising paradigm for augmenting the ca-
pabilities of LLMs to tackle highly complex problems (Qu
et al. 2025). We further consider:
RQ2: How can agentic capability help to solve temporal
motif problems on dynamic graphs?
A Tool-Augmented LLLM Agent. Motivated by this, we de-
sign a tool-augmented LLM agent, which leverages five al-
gorithms and precisely engineered prompts to solve all six
tasks in our benchmark with high accuracy (Table 7). Our
experiments show that the proposed agent achieves excep-
tional performance across all tasks. However, despite high
accuracy, the agent incurs greater costs (longer token length
and slower response time). This trade-off makes it critical to
determine when the agent’s intervention is truly necessary,
where some simple query can be processed by direct LLM
prompt without tool usage. This leads to a key question:
RQ3: How to automatically determine agentic tool usage
and direct LLM prompting to balance the trade-off between
accuracy and cost?
Trade-off Between Accuracy and Cost. To this goal, we
propose the structure-aware dispatcher (Figure 2), an
agent that strategically routes a given problem to either a
standard LLM or a tool-augmented agent. The core of this
dispatcher is to predict a problem’s intrinsic difficulty using
five novel features extracted based on dynamic graph prop-
erties and LLM cognition capability: cyclomatic complex-
ity, number of edges, edge locality score, and the proportion
of nodes with specific degrees. Empirically, we demonstrate




that the structure-aware dispatcher accurately predicts prob-
lem difficulty, determines the optimal path to balance accu-
racy and cost, and exhibits strong generalization to unseen
motif-related tasks (Table 6).

In summary, our key findings are threefold:

¢ LLMs have a performance bottleneck. While they per-
form well on simple temporal motif tasks, their perfor-
mance is bottlenecked by cognitive load on more com-
plex ones. Among mainstream LLMs, DeepSeek-R1 es-
sentially achieves the best performance.

Agents are accurate but costly. The tool-augmented
agent solves all temporal motif tasks with high accuracy,
but at a significant computational cost.

The Structure-Aware Dispatcher effectively balances
this trade-off. Our structure-aware dispatcher strategy
works by first predicting a problem’s intrinsic difficulty
and then intelligently routing it to either the standard
LLM or the tool-augmented agent, thereby optimizing
the accuracy-cost balance.

2 Formulations and Background
2.1 Notations

Dynamic Graph. Prior representations of dynamic graphs
often use triplet, (u,v,t), that overlooks edge deletions,
a common event in real-world networks. To address
this limitation, we introduce a quadruplet representation,
(u, v,t,0p), to fully capture both edge appearance and dis-
appearance. Here, u, v are nodes, t is the timestamp, and the
operator op € {a, d} denotes an "add” or "delete” operation.
Temporal Motif. A temporal motif is a sequence of inter-
connected edge events that form a specific structural pat-
tern within a constrained time duration. Formally, a (k, [, )-
temporal motif is a time-ordered sequence of [ distinct edge
events, M = {(u1,v1,t1,a),...,(u,v,t;,a)}, involving
k unique nodes that satisfies the following four constraints:

 Structural Constraint: The set of static edges corre-
sponding to the events must form a predefined pattern
(e.g., a star or a triangle).

Temporal Constraint: The event timestamps must be
strictly increasing, i.e., t1 < to < --- < 1;.

Duration Constraint: The entire sequence must occur
within a time window of duration ¢, meaning ¢; —t; < 4.

Connectivity Constraint: Consecutive events must be
connected, meaning each event e;; shares at least one
node with the set of nodes involved in the preceding
events {e1,...,e;}.

3 The LLMTM Benchmark
3.1 Dataset Construction

Aiming to create robust benchmarks with balanced positive
and negative temporal motif instances, we first analyzed how
graph scale (V), time span (7'), and window size (W) col-
lectively influence motif distribution to inform our data gen-
eration. (Appendix B.1)

Generation Process. We first generate a static graph using
the Erd6s—Rényi (ER) model, Gy = ER(NV,p), assigning
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each edge a random timestamp uniformly distributed over
the total time span 7T'. To model edge dynamics, all edges are
initially designated as “add” operations (a), with “delete”
operations (d) subsequently introduced for a random subset.
A fixed random seed ensures full reproducibility.
Task-Specific Settings. For Level 1 tasks, we generate 20
instances per motif type, with two tasks being further re-
fined: "Motif Classification” matches the graph scale to the
query motif’s size, while "Motif Detection” uses settings
that ensure an approximate 50% presence rate. For Level 2
multi-motif tasks, we generate 100 instances with settings
(N 20,p = 03,T 15) chosen to ensure a non-
zero probability for all motif types. Detailed settings in Ap-
pendix B.2.

Real-world dataset. We randomly sample ego-graphs from
real graphs for evaluation. Experiments in Appendix C.3.

3.2 Task Definitions

Temporal Motifs. We investigate nine distinct types of
temporal motifs: the 3-star, triangle, 4-path, 4-cycle, 4-
chordalcycle, 4-tailedtriangle, 4-clique, bitriangle, and but-
terfly. Figure 1 illustrates the structural patterns and valid
temporal orderings for each of these motifs.

Benchmark Tasks. Building on these nine motifs, we de-
sign six tailored tasks to systematically evaluate the capa-
bilities of LLMs on temporal motif problems. As illustrated
in Figure 1, these tasks are organized into two levels of in-
creasing complexity: (1) single-temporal motif recognition
and (2) multi-temporal motif identification.

Level 1: Single-Temporal Motif Recognition. This level
assesses the ability of LLMs to recognize and reason about
individual temporal motif instances within a dynamic graph.

* Motif Classification. Requires the model to classify if a
given dynamic graph, as a whole, is an exact instance of a
temporal motif. The balanced input data includes positive
cases and negative cases derived by individually violat-
ing the structural, temporal, or duration constraints.

Motif Detection. Tasks the model with detecting if a
dynamic graph contains a specific temporal motif as a
subgraph. A positive instance is true if any subset of the
graph’s events satisfies all four motif constraints.

Motif Construction. Requires the model to complete a
nearly-formed temporal motif by adding the single miss-
ing edge. The input graph is constructed to contain a pat-
tern missing only its final (I-th) edge; the model must
identify and output the complete quadruplet for this edge.

Level 2: Multi-Temporal Motif Identification. This level
challenges the LLM’s ability to comprehend and resolve
problems involving multiple, co-occurring temporal motifs
in a dynamic graph.

* Multi-Motif Detection. Requires the model to deter-
mine, for each of the nine predefined motif types,
whether it is contained as a subgraph in a given dynamic
graph. The evaluation uses a fine-grained scoring rule
that awards partial credit but penalizes false positives.

* Motif Occurrence Prediction. Asks the model to de-
tect all present motif types and report the first occurrence
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Figure 2: An overview of our framework for balancing the accuracy-cost trade-off. A ”’Structure-Aware Dispatcher” first extracts
the dynamic graph from natural language, predicts the query’s difficulty, and then strategically routes simple queries to a
standard LLM (for low cost); complex ones to our tool-augmented agent. The agent follows a workflow of task planning, tool
selection, tool calling, and response generation to achieve high accuracy, albeit at a greater computational cost.

time for each. The time is defined as the timestamp of the
final edge completing the motif’s first instance. Partial
credit is awarded for incomplete but correct responses.

Multi-Motif Count. Tasks the model with detecting and
counting the total number of occurrences for each of
the nine predefined motif types. For evaluation, the final
score is calculated by summing the ratio of the predicted
count to the ground-truth count for each motif type.

We also conduct a broader evaluation covering four fun-
damental dynamic graph tasks in the Appendix E.

3.3 Prompt and Key Findings

Prompt Structure. Our prompts comprise six sequential
components: dynamic graph, temporal motif, task-specific
, and answer format instructions, exemplars, and the final
question. To prevent ambiguity, we use a distinct notation for
motifs (e.g., (10, ul, t0, a)), although both dynamic graphs
and motifs are represented by quadruplets. (Appendix A.1)
Prompting Strategies. We investigate the effect of four
prompting strategies on model performance: zero-shot, few-
shot (Brown et al. 2020), chain-of-thought (CoT) (Wei et al.
2023), and a combination of few-shot with CoT. For CoT-
based methods, we use custom-designed prompts with rea-
soning steps carefully tailored to each task.

Bottleneck. LLMs perform poorly on “Motif Detection”
and all Level 2 multi-motif tasks, due to excessive cogni-
tive load (Observations 3 & 5). Strikingly, some LLMs self-
diagnose this limitation, responding that the problems ex-
ceed their text-based capabilities and require specialized al-
gorithmic tools. This finding directly motivates our work on
the tool-augmented agent presented in the next section.

4 Exploring Agentic Capability on Temporal
Motif-Related Tasks

Our methodology addresses the limitations of standard
LLMs in two stages. We first introduce a tool-augmented
agent that, while highly accurate, reveals a significant
accuracy-cost trade-off. To resolve this, we then present

14805

our primary contribution: the Structure-aware Dispatcher.
This predictive framework assesses a problem’s intrinsic dif-
ficulty using a novel set of metrics that quantify graph struc-
ture and LLM cognitive load. It then strategically routes
each query to either a standard LLM or the powerful agent,
creating a hybrid system that optimally balances accuracy
and computational cost with strong generalization.

4.1 Tool-Augmented LLLM Agent

To overcome the limitations of standard LLMs, we introduce
a tool-augmented agent designed to solve the tasks in our
benchmark. It is equipped with a specialized suite of algo-
rithmic tools and guided by a precisely engineered prompt.
Tools. The agent utilizes a suite of five algorithmic tools
for motif reasoning (e.g., Motif_Detection). The core im-
plementation identifies valid motifs via a two-step process:
(1) we use the classic GraphMatcher algorithm (Cordella
et al. 2004) to find all subgraph isomorphisms satisfying the
Structural and Connectivity constraints. (2) Each resulting
topological mapping is then verified against the Temporal
and Duration constraints. Detailed in Appendix B.3.
Agent Workflow and Prompting. Our agent adapts the
classical Reason-Act (ReAct) paradigm in a four-stage
workflow (Figure 2): Task Planning (interpreting the query
and system prompt), Tool Selection (choosing a tool and
parameters), Tool Calling (executing the tool), Response
Generation (synthesizing the output). A key challenge is
designing a single, universal prompt that can reliably steer
this process. Through iterative refinement, we developed a
unified prompt that compels the model to follow: (1) a struc-
tured reasoning framework and (2) precise formatting for ro-
bust tool calls, as detailed in Appendix A.3.

Trade-Off. While our tool-augmented agent consistently
outperforms direct LLM inference, it is costly, consuming,
on average, at least three times more tokens, as shown in Ta-
ble 7 and Figure 3. This clear trade-off between the agent’s
high accuracy and its significant computational cost moti-
vates our subsequent investigation into how to automatically
determine agentic tool usage and direct LLM prompting to



Motif Classification 3-star triangle 4-path 4-cycle 4-chordalcycle 4-tailedtriangle 4-clique bitriangle butterfly
openPangu-7B 55% 60% 70%  70% 55% 75% 65% 70% 60%
DeepSeek-Qwen-7B 50% 50% 65% 50% 65% 60% 65% 65% 50%
DeepSeek-R1-Distill-Qwen-14B 100% 90% 95% 100% 90% 100% 100% 100% 90%
DeepSeek-R1-Distill-Qwen-32B 95% 95% 95%  90% 95% 100% 100% 100% 85%
Qwen?2.5-32B-Instruct 100% 80% 90%  90% 95% 90% 75% 70% 90%
QwQ-32B 100% 95% 95% 90% 100 % 90% 95% 90% 85%
GPT-40-mini 100% 90% 100% 90% 95% 90% 90% 85% 85%
DeepSeek-R1 100% 95% 100% 95% 90% 100% 100% 100% 100%
o3 100% 100% 100% 100% 95% 90% 90% 100% 100%
DeepSeek-Qwen-7B-One-shot 60% S0% 65% 50% 65% 60% 35% 50% 55%
DeepSeek-Qwen-7B-Zero-shot+CoT 50%  50%  65%  50% 65% 60% 65% 65% 50%
DeepSeek-Qwen-7B-One-shot+CoT  90% 95% 95% 65% 65% 90% 45% 80% 90%

Table 2: Performance comparison on the ”Motif Classification™ task against the random baseline. 5-run average results are
reported. The best and second-best performance in each column are marked in bold and underlined, respectively.

balance the trade-off between accuracy and cost.

4.2 Structure-Aware Dispatcher

To address the inherent accuracy-cost trade-off in using tool-
augmented agents, we introduce our primary contribution:
the Structure-Aware Dispatcher (Figure 2), an agent de-
signed to strategically route a given problem to either a stan-
dard LLM prompting or a tool-augmented agent by first pre-
dicting the problem’s intrinsic difficulty.

Informed by our LLMTM findings (Observation 3) that
an LLM’s reasoning is primarily affected by graph struc-
ture and cognitive load, we focused on the "Motif Detec-
tion” task and designed five novel metrics to form the core
of our structure-aware dispatcher. We group these into three
conceptual levels: (1) Structural Scale, measured by the
number of edges; (2) Structural Complexity, measured
by cyclomatic complexity and node degree proportions (ra-
tio_nodes_eq_2 / ratio_nodes_ge_3); and (3) LLM Cognitive
Load is the long-context reasoning capability required for
LLMs to extract dynamic graph and temporal motif from
natural language, measured by a new metric, the edge local-
ity score, which calculates the dispersion of edges in their
sequential representation. Detailed formulas in Appendix D.

Based on the metrics described above, We train a
lightweight XGBoost classifier, encapsulated within the
Structure-Aware Dispatcher. The classifier is trained on a
dataset with varying graph scales and difficulties across five
motif types: 3-star, 4-cycle, 4-clique, 4-chordalcycle, and bi-
triangle. As shown in Table 6, our approach is highly effec-
tive: the structure-aware dispatcher accurately predicts prob-
lem difficulty, determines the optimal path to balance accu-
racy and cost, and exhibits strong generalization.

S Experiments
5.1 LLMTM Benchmark (RQ1)

We conduct extensive experiments to evaluate the capabili-
ties of LLMs (Large Language Models) on temporal motif
problems. Beyond quantitative performance, we also ana-
lyze the LLMSs’ reasoning processes, finding that while they
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perform well on simple tasks, their performance is bottle-
necked by cognitive load on more complex ones.

Models. We evaluate a diverse set of LLMs, including
closed-source models (GPT-40-mini, DeepSeek-R1, 03) and
several open-source models. These include openPangu-
7B-DeepDiver  (Shi et al. 2025), the DeepSeek-R1-
Distill-Qwen series at 7B, 14B, and 32B parameter sizes
(DeepSeek-Al et al. 2025), Qwen2.5-32B-Instruct (Yang
et al. 2024), and QwQ-32B (Qwen et al. 2025). Across all
experiments, we set the decoding temperature to 7 = 0 for
reproducibility and use accuracy as evaluation metric.
Abbreviations. For presentation, in certain locations, we
use “"Multi Detect”, ”Motif Occur”, and “Multi Count” as
shorthand for the Multi-Motif Detection, Motif Occurrence
Prediction, and Multi-Motif Count tasks; and the DeepSeek-
R1-Distill-Qwen-7B, 14B, and 32B and Qwen2.5-32B-
Instruct models are hereafter referred to as the DeepSeek-
Qwen-7B, 14B, 32B, and Qwen2.5-32B models, respec-
tively.

Observation 1: LLMs identify motifs via textual pattern
matching and are challenged by multiple constraints.
LLM’s primary mechanism is textual matching. For mo-
tifs with intuitive names (e.g., “4-cycle” or “3-star”), the
LLM also leverages its semantic understanding to guide the
matching process, leading to higher accuracy on these types.
(Table 2). Nevertheless, the requirement to concurrently sat-
isfy four constraints remains the core challenge. Without ex-
plicit guidance, the LLM tends to overlook some constraints,
leading to errors.

Observation 2: Chain-of-Thought (CoT) improves per-
formance by providing semantic guidance and enforc-
ing step-by-step reasoning. We designed CoT prompts that
guide the LLM to first describe a motif’s structural charac-
teristics in words (activating semantic understanding), and
then sequentially check each constraint (pattern, temporal
order, and so on). As shown in Table 2, this strategy is highly
effective because it leverages the model’s semantic strengths
to aid its weaker structural reasoning, while task decomposi-
tion mitigates the difficulty of handling multiple constraints
simultaneously. Detailed examples in Appendix A.2.
Observation 3: Cognitive Load is the key bottleneck for



Motif Detection 3-star triangle 4-path 4-cycle 4-chordalcycle 4-tailedtriangle 4-clique bitriangle butterfly
openPangu-7B 25% 35% 15%  20% 20% 20% 35% 30% 10%
DeepSeek-R1-Distill-Qwen-7B 50% 20%  35%  30% 15% 20% 30% 5% 0%
DeepSeek-R1-Distill-Qwen-14B 90% 80%  75%  30% 30% 35% 25% 35% 40%
DeepSeek-R1-Distill-Qwen-32B 90% 85% 80% 45% 10% 55% 40% 35% 35%
Qwen2.5-32B-Instruct 75% 70%  75%  50% 55% 45% 20% 45% 35%
QwQ-32B 8% 8% 70%  50% 5% 25% 5% 10% 15%
GPT-40-mini 60% 45% 45%  30% 55% 30% 45% 55% 40%
DeepSeek-R1 0% 95% 90% 5% 65% 85% 55% 55% 80%
03 0% 95% 80% 65% 20% 55% 50% 50% 55%

Table 3: Performance comparison on the "Motif Detection’ task against the random baseline. 5-run average results are reported.

motif detection in complex graphs. The performance drop
from the simple “Motif Classification” task (Table 2) to the
more complex “Motif Detection” task (Table 3) highlights
this limitation. The latter task’s core challenge stems from
numerous irrelevant “distractor” edges, notably increasing
its cognitive load, thereby degrading detection accuracy.
Observation 4: Generative tasks are far more challeng-
ing than discriminative ones. The "Motif Construction”
task highlights this gap. Despite demonstrating a concep-
tual understanding, models perform poorly because their in-
ability to perform direct, algorithmic construction forces a
highly inefficient trial-and-error strategy that fails in larger
search spaces, as shown in Table 4.

4-tailed
triangle

4-chordal
cycle

openPangu-7B 60% 45%  50%  50% 45%
DeepSeek-Qwen-7B 5% 15% 10% 5% 25%
DeepSeek-Qwen-14B  40% 65% 70% 35% 80%
DeepSeek-Qwen-32B  55% 65% 80% 60% 50%

Motif Construction 4-clique 4-cycle bitriangle

Qwen2.5-32B 65% 20% 30% 60% 55%
QwQ-32B 45% 45%  10%  40% 30%
GPT-40-mini 90 % 0% 80% 75% 80%

90 % 95% 95% 100% 85%
100% 95%  90%

DeepSeek-R1
03 85% 95%

Table 4: Performance comparison on "Motif Construction”
task across various temporal motifs.

Observation 5: LLMs exhibit a ”’Capability Collapse’ on
multi-motif identification tasks. On Level 2 tasks, we ob-
serve a sharp performance decline. While LLMs understand
the high-level procedure—sequentially checking each motif
type, they fail due to a compounding cognitive load. This
requires simultaneously tracking multiple, independent con-
straints for all nine motif types, which causes a severe com-
binatorial explosion and a diffusion of attention. Strikingly,
the Qwen2.5-32B-Instruct model self-diagnosed the limita-
tion, stating the ”Multi-Motif Count” task required a “’spe-
cialized algorithm”. This metacognitive observation, where
the model recognizes that the task exceeds its text-based lim-
itations, directly explains the poor accuracies in Table 5.
Observation 6: DeepSeek-R1 achieves the best perfor-
mance. Across all tasks, DeepSeek-R1 essentially performs
best, indicating superior long-range logical reasoning.
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Multi Detect Motif Occur Multi Count

openPangu-7B 10.71% 0.75% 0.19%
DeepSeek-Qwen-7B 11.19% 0.99% 2.00%
DeepSeek-Qwen-14B  23.67% 10.20% 6.08%
DeepSeek-Qwen-32B  24.91% 8.73% 5.40%
Qwen2.5-32B 23.88% 11.48% 19.69 %
QwQ-32B 23.19% 4.02% 0.40%
GPT-40-mini 18.80% 8.44% 13.07%
DeepSeek-R1 32.14% 17.43% 13.41%
03 39.64% 25.92% 1.94%

Table 5: Performance comparison on Level 2 tasks.

4-clique -clique
butterfl1ygg?’ triangle butterﬂ1800% triangle
bitriangle 0‘,/° 4-cycle bitriangle y 4-cycle
4-chord|" " 4-tailed  4-chord 4-tailed
alcycle triangle  alcycle triangle
3-star 4-path 3-star 4-path
Agent 1 Gpt-40-mini Agent pt-4o0-mini

(a) accuracy (b) average token consumption

Figure 3: Performance of the tool-augmented Agent ver-
sus GPT-40-mini on the "Motif Detection” task, comparing
(a) accuracy and (b) average token consumption. See Ap-
pendix C.2 for results on all other tasks.

Observation 7: openPangu-7B and DeepSeek-R1-Distill-
Qwen-7B perform comparably. The performance of
openPangu-7B and DeepSeek-R1-Distill-Qwen-7B tends to
be consistent, except on Motif Construction. Interestingly,
on this task, openPangu-7B “smartly” outputs a complete
motif, artificially inflating its performance.

Notes that we present selected experimental results in this
section. The full results are available in Appendix C.1.

5.2 Tool-Augmented LLLM Agent (RQ2)

We compare our tool-augmented LLM agent against the
baseline GPT-40-mini on the six LLMTM tasks in Table 7
and Figure 3, which shows that while the agent solves tem-
poral motif tasks with high accuracy, it incurs a significant
computational cost.



Backbone GPT-40-mini openPangu-7B
Task GPT-40-mini Random Single Ours Agent Ours
Acc Tokens Acc Tokens Acc Tokens Acc Tokens Acc Tokens ‘ Acc  Tokens

3-star 68.5% 1685 80.0% 4430 84.5% 3788 88.0% 4165 100.0% 6689 | 78.0% 5906
4-cycle 57.5% 1669 755% 3893 88.5% 3807 92.5% 4002 100.0% 5651 | 77.0% 7042
4-clique 50.0% 1580 71.0% 3746 93.0% 3653 97.5% 4141 100.0% 5551 86.5% 7248
bitriangle 53.0% 1630 71.0% 3900 93.0% 3776 95.0% 4105 100.0% 5685 | 80.5% 7117
4-chordalcycle 51.0% 1647 72.5% 3970 90.5% 3832 96.0% 4309 100.0% 5835 | 86.0% 7452
4-tailedtriangle 53.0% 1642 75.0% 3843 855% 3978 88.6% 3705 99.8% 5883 | 84.0% 6713
triangle 60.0% 1652 77.8% 3864 86.5% 3715 84.8% 3405 100.0% 5932 |79.80% 6206

Table 6: Performance comparison of the Structure-Aware Dispatcher against several baselines. "Random” refers to randomly
assigning instances, ”Single” refers to training and applying on the same temporal motif. Detailed results of the Structure-
Aware Dispatcher using openPangu-7B as the LLM in the Appendix C.5. This highlights how our methods consistently achieve
the second-best accuracy while being significantly more cost-effective than the top-performing ”Agent”. We held out the 74-
tailedtriangle” and “triangle” motifs from the training set to specifically evaluate generalization.

Agent GPT-40-mini
Tasks

Acc. Avg.Tokens Acc Avg. Tokens
Multi Detect 98%  12298.63 18.80%  2716.59
Motif Occur 100% 11778.15  8.44%  3023.36
Multi Count  99% 9190.19 13.07%  2790.10

Table 7: Performance comparison between our tool-
augmented agent and a baseline LLM. We report accuracy
(Acc.) and average token consumption (Avg. Tokens) as a
measure of cost. The best accuracy and lowest token count
in each row are marked in bold.

5.3 Structure-Aware Dispatcher(RQ3)

We train a lightweight XGBoost classifier using a dataset
of 1500 instances with varying scales and difficulties across
five motif types (e.g., 3-star, 4-cycle), which tools LLMs to
form an Agent acting as a ”’Structure-Aware Dispatcher”.
Evaluated on a test set of 200 instances per motif, structure-
aware dispatcher proves highly cost-effective, significantly
outperforming baselines. To further assess its generaliza-
tion, we created new test sets for two unseen motif types
("4-tailedtriangle” and “triangle”), each containing 500 in-
stances. As shown in Table 6, the structure-aware dispatcher
remains effective at balancing accuracy and cost even on
these novel motifs, underscoring its strong generalizability.

6 Related Work

LLMs on Dynamic Graphs. The application of Large Lan-
guage Models (LLMs) to dynamic graphs began with feasi-
bility studies: for instance, LLM4DyG (Zhang et al. 2024)
benchmarked the spatio-temporal understanding of LLMs
and GraphArena (Tang et al. 2025) benchmarked the graph
computation of LLMs. Subsequent work developed more
specialized frameworks: LLM-DA (Wang et al. 2024a) ex-
tracts adaptable temporal logic rules; TGL-LLM (Chang
et al. 2025) aligns graph and language representations; and
All'in One (Sun et al. 2023) leans towards machine learning.
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Temporal Motif Discovery. Temporal motifs, critical lo-
cal property of dynamic graphs, have a long history of
study in fields from biology (Chechik et al. 2008; Faisal
and Milenkovic 2013) to social science (Xuan et al. 2015;
Kosyfaki et al. 2018), and possess classical algorithms for
motif discovery and efficient counting (Sun et al. 2019a,b;
Liu et al. 2019). More recently, deep learning methods
have leveraged motifs for specific tasks, exemplified by a
GCN-based approach that fuses local motif information with
global properties for fraud detection (Li et al. 2023).

Tool Learning. Tool learning has emerged as a promising
paradigm to augment LL.Ms for complex problems (Qu et al.
2025). Studies show that LLMs can effectively use tools via
prompting without fine-tuning (Paranjape et al. 2023; Zhang
2023; Li et al. 2024). For example, HuggingGPT (Shen
et al. 2023) leverages a sophisticated prompt design, while
TPTU (Ruan et al. 2023) introduces a structured framework
with one-step and sequential agents.

7 Conclusion

In this paper, we introduced the LLMTM benchmark to
systematically evaluate the capabilities of Large Language
Models (LLMs) on temporal motif problems in dynamic
graphs, a previously unexplored domain. The benchmark
comprises six tasks across two levels of increasing complex-
ity: single-temporal motif recognition and multi-temporal
motif identification. Our extensive experiments yielded
seven fine-grained observations, illuminating the core rea-
soning mechanisms and performance bottlenecks of LLMs.

Building on these insights, we demonstrated that a tool-
augmented agent can achieve strong performance across
all benchmark tasks. To address the significant cost of this
approach, we then introduced our primary contribution: a
Structure-Aware Dispatcher. This framework uses a novel
set of metrics to predict a problem’s intrinsic difficulty, en-
abling the selective deployment of the powerful but expen-
sive agent. Our results show that this method successfully
balances the accuracy-cost trade-off and exhibits strong gen-
eralization.
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