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A complex system is composed of numerous interacting fundamental units, whose collective behavior cannot be straightforwardly
inferred from the properties of individual components [1]. Instead, such behavior emerges through nonlinear dynamics, feedback
mechanisms, and self-organization processes. Representative examples of complex systems include neuronal networks in the brain,
ecological systems, financial markets, transportation networks, and social interaction structures [2]. The study of complex systems has
revealed a set of universal principles, such as power-law distributions, self-organized criticality, emergent phenomena, and phase
transitions. A deeper understanding of these principles contributes to the prediction and regulation of complex system dynamics,
thereby enhancing system controllability and resilience against external perturbations and risks [3].

In recent years, the emergence and advancement of artificial intelligence, particularly Large Language Models (LLMs) such as GPT-
4 and ChatGPT, have catalyzed significant progress in both natural and social sciences, introducing a novel paradigm for the analysis of
complex systems [4]. LLMs possess powerful data processing and pattern recognition capabilities, enabling them to extract latent
structures from large-scale datasets and facilitate the modeling and optimization of intricate systems [5]. Notably, Generative
Agent-Based Models (GABMs), which integrate LLMs to simulate human behavior, have garnered increasing attention for their po-
tential to capture complex interactions within diverse artificial environments. The application of GABMs enhances the fidelity of
individual behavior representation and group dynamics modeling in complex systems, thereby offering innovative methodologies for
social system analysis, policy evaluation, market simulation, and other domains.

This extensive literature review encompasses various study domains, including network science, evolutionary game theory, social
dynamics, and epidemic modeling, offering a thorough and systematic analysis [target paper]. Lu et al. elaborated on how LLMs can
augment the functionalities of agent-based modeling, which is highly progressive. The findings indicated that LLMs can emulate
human-like behaviors, including fairness, cooperation, and adherence to social norms, while also possessing distinct advantages such
as efficiency, scalability, and ethical simplification. The research elucidated the benefits of LLMs while also identifying the obstacles
they encounter, including hallucination, prompt sensitivity, and unanticipated biases.
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A critical challenge faced by Large Language Models in the implementation of complex systems is the issue of hallucination.
Specifically, when the generated text diverges from the original intent (faithfulness) or contradicts factual information (factualness), it
signifies the presence of hallucination-related errors [6]. As noted by Zhou et al. [7], the knowledge embedded within LLMs is pri-
marily acquired during the pre-training phase. The presence of noisy data, including misinformation within the pre-training corpus,
can undermine the parametric knowledge of LLMs, thereby exacerbating hallucination issues [8]. These phenomena pose a substantial
obstacle to the reliability and trustworthiness of LLMs in real-world applications.

Existing research has extensively explored the identification, explanation, and mitigation of hallucinations [9-11]. A direct and
effective approach involves integrating external information or tool-generated feedback with user queries before feeding them into
LLMs for processing [12,13]. This method, often referred to as contextual knowledge integration, is not only straightforward to
implement but also demonstrates significant efficacy in reducing hallucinations [14]. Studies indicate that LLMs exhibit strong
in-context learning capabilities, enabling them to extract critical insights from contextual knowledge and rectify previously generated
inaccuracies [15].

The second primary issue encountered by LLMs in the context of complex systems is prompt sensitivity, whereby minor alterations
in the input can result in markedly divergent outcomes [16]. He et al. investigated the influence of various prompt formats on the
efficacy of large language models [17]. Formatting the same context into various templates, including plain text, Markdown, JSON,
and YAML, and assessing it with OpenAI’s GPT model in tasks such as natural language inference, code generation, and translation
revealed that the performance of GPT-3.5-turbo in code translation tasks fluctuates by as much as 40 % based on the prompt template
used. Larger models, such as GPT-4, exhibited greater resilience to these alterations. The findings indicated that various prompt
formats can substantially influence model performance, necessitating the selection of the suitable prompt format for distinct tasks. This
could result in an absence of standardized specifications for the prompts utilized in various investigations, complicating the repro-
duction of experimental outcomes. Future research may utilize open datasets and benchmarks or develop standardized rapid engi-
neering methodologies to mitigate experimental bias resulting from input variations and to maintain study uniformity.

A third critical challenge associated with Large Language Models is the presence of unintended biases. Bias in LLMs refers to the
unjust or preferential perspectives embedded in the generated text, which may lead to skewed or discriminatory outputs [18]. Such
biases typically originate from the training data, which encompass historical records, literary works, social media content, and various
other textual sources. Given that these corpora often reflect prevailing societal norms and prejudices, LLMs may inadvertently
perpetuate gender stereotypes, social discrimination, and inequitable beliefs [19]. To mitigate these biases, future research can explore
strategies such as the development of debiased datasets and the implementation of fairness-aware model tuning. These approaches aim
to enhance the neutrality and ethical robustness of LLMs, thereby ensuring their fair and responsible deployment in practical
applications.

In summary, although LLMs have brought great convenience to complex systems research, they also present a range of challenges
and limitations. Issues such as hallucinations, prompt sensitivity, and inherent biases can impact the reliability and fairness of their
applications in complex systems. Therefore, future research should focus on developing methods to mitigate these drawbacks, such as
enhancing contextual understanding, standardizing prompt engineering, and implementing fairness optimization techniques. By
addressing these limitations, researchers can ensure that LLMs-driven complex system studies are conducted with greater scientific
rigor, accuracy, and reliability, ultimately improving their practical applicability and trustworthiness.
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