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Abstract 

In recent years, large language models have developed rapidly and are now widely used in many everyday 

tasks, such as conversation, information retrieval, and code generation. Although these models can produce 

fluent and coherent text, their ability to perform reliable reasoning is still limited, especially in tasks that require 

multiple steps or logical consistency. This paper reviews several methods aimed at improving reasoning in 

LLMs. It first introduces prompt-based approaches, including Chain-of-Thought, self-consistency, and Auto-

CoT, which try to guide models to generate intermediate reasoning steps. It then discusses search-based 

methods, such as Tree-of-Thought, in which reasoning is treated as a process of exploring multiple paths. In 

addition, the paper examines the hallucination problem and the use of retrieval-based techniques to improve 

factual accuracy. Benchmark datasets for evaluating reasoning ability are also briefly discussed. Furthermore, 

the paper examines recent developments in agent-based reasoning and tool use, in which models can interact 

with external systems and perform more complex tasks. While these methods show some improvements, 

several open challenges remain, including issues of reasoning reliability, error accumulation, and evaluation. 
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1. Introduction 

In recent years, large language models (LLMs) have developed very rapidly in the field of artificial 

intelligence. Models such as GPT, DeepSeek, Qwen, and Gemini have been introduced one after another, and 

their applications have gradually entered everyday life. People now use these models in many different 

situations, for example, having daily conversations, searching for information, analyzing documents, and even 

writing or debugging code. 

From a technical perspective, LLMs generate text primarily through token prediction. That is, given the 

previous context, the model predicts the most likely next token step by step. Because of this mechanism, the 

generated text is often very fluent and coherent. However, fluency does not necessarily mean correctness. 

Especially when the task involves reasoning, such as solving multi-step mathematical problems or making 

logical deductions, the model may still produce incorrect answers. In many cases, the model's explanation 
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looks reasonable, but the conclusion is wrong. This mismatch between fluent generation and actual reasoning 

ability has become a major issue in current research. 

2. Overview of Reasoning Methods 

2.1 Prompt-Based Reasoning (Cot, Zero-Shot Cot, Auto-CoT) 

To address the limitations of direct input-output generation, researchers proposed the Chain-of-Thought 

(CoT) approach. The key idea of CoT is to encourage the model to generate intermediate reasoning steps before 

producing the final answer. Compared with directly outputting an answer, this approach helps the model break 

complex problems into smaller steps, often leading to better results. One important feature of CoT is that it 

does not require additional training; instead, it only modifies the prompting strategy. Even so, it can 

significantly improve performance on many reasoning tasks, especially those requiring multiple steps [1]. 

Further analysis shows an interesting phenomenon. When the model produces a correct answer, the 

reasoning process is usually correct. When the answer is incorrect, the reasoning steps are often partially 

correct rather than completely meaningless. This suggests that the model is not simply guessing, but is actually 

performing some form of reasoning process[1]. Similar observations have also been reported in later studies 

on strong LLMs, where reasoning-like behavior appears even without explicit supervision [2]. 

However, traditional CoT relies on greedy decoding, which selects only one reasoning path based on 

probability. In practice, many problems can be solved in different ways, and different reasoning paths may 

lead to different conclusions [3]. To address this, the self-consistency strategy was proposed. Instead of 

generating a single reasoning path, the model samples multiple paths and aggregates their results. The final 

answer is usually determined by majority voting. This method improves robustness and reduces the risk of 

errors caused by a single incorrect reasoning path [4]. 

In terms of implementation, CoT can be divided into two main forms. The first is Zero-Shot-CoT, which 

uses simple prompts such as “let’s think step by step” to guide the model to generate reasoning without 

providing examples [5]. The second is Few-Shot-CoT, which uses manually designed examples that include 

both reasoning steps and answers. Few-shot methods can achieve better performance when examples are well-

constructed, but they require more effort and are often task-specific. 

To reduce the dependence on manually designed examples, Auto-CoT was proposed. In this approach, the 

model automatically generates reasoning examples rather than relying on human-written ones [2]. The method 

typically involves clustering the input questions, selecting representative samples from each cluster, generating 

reasoning chains, and then filtering them using simple heuristics. Experimental results show that Auto-CoT 

can achieve performance comparable to, and in some cases better than, manually constructed CoT. 

At the same time, it should be noted that for more advanced models like ChatGPT, adding explicit “step-

by-step” instructions does not always improve performance and, in some cases, may even have negative effects. 

One possible explanation is that these models have already learned similar reasoning patterns during 

instruction tuning, so additional prompts may become redundant or interfere with the generation process [6]. 

2.2 Search-Based Reasoning (Tree-of-Thought) 

Building on CoT, researchers further proposed Tree-of-Thought (ToT), which extends the idea of reasoning 

from a single path to multiple paths. Instead of following a single reasoning trajectory, ToT allows the model 

to explore several possible reasoning paths simultaneously. 

During this process, the model can evaluate different intermediate states and decide which path to continue. 

In addition, ToT introduces mechanisms such as lookahead and backtracking. This means the model can 

reconsider earlier steps and revise its reasoning if necessary. Compared with CoT, this makes the reasoning 

process more flexible and closer to how humans might approach complex problems. 

Experimental results show that ToT performs better than standard CoT in tasks that require planning, 

exploration, or non-trivial decision making [3]. However, it also introduces additional computational cost and 

complexity, which may limit its practical application in some cases. 
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3. Hallucination 

As LLMs become more powerful, they can handle a wider range of tasks, including writing, translation, 

and even multimodal processing. However, hallucination remains a significant challenge. 

A hallucination is a situation in which the model generates information that appears plausible but is actually 

incorrect. This issue arises because the model predicts the next token based on statistical patterns in the training 

data, rather than retrieving verified facts. As a result, the model may produce detailed but fabricated 

information. 

For example, when asked about the author of a specific paper, the model might generate a realistic name, 

publication year, and journal, even if the information is not true. Since the response is fluent and well-

structured, users may not notice the error. 

Several methods have been proposed to reduce hallucination. One approach is to improve prompting, for 

example, by asking the model to base its answer on the given information or to explicitly state uncertainty. 

Another more effective approach is Retrieval-Augmented Generation (RAG), which allows the model to 

access external knowledge sources such as databases or the internet, thereby improving the accuracy of the 

generated content [7]. 

In addition, some recent work attempts to reduce hallucination by introducing verification mechanisms. For 

example, in mathematical reasoning tasks, models can generate candidate answers and then use separate 

verification steps to check their correctness [8]. 

It is also important to note that simply increasing model size does not solve hallucination. A more effective 

approach is to use human feedback for fine-tuning. In this process, human annotators provide high-quality 

responses, and model outputs are ranked according to human preference. A reward model is trained, and 

reinforcement learning methods such as PPO are used to optimize it. This approach, known as RLHF, has been 

shown to improve alignment with human expectations significantly [9]. 

Overall, hallucination is not just a minor technical issue. It reflects a deeper limitation of current models, 

which generate text based on probability rather than factual correctness. 

4. Benchmark 

Because LLM performance varies across tasks, researchers have proposed numerous benchmarks to 

evaluate reasoning ability. These benchmarks are generally divided into three categories: symbolic reasoning, 

knowledge reasoning, and interactive or agent reasoning. This classification has been widely adopted in recent 

survey work [10]. 

For example, GSM8K and MATH are commonly used to evaluate mathematical reasoning ability, 

especially in multi-step problem-solving [11]. MMLU is widely used as a general benchmark for measuring 

knowledge and reasoning ability across multiple domains [12], while datasets such as StrategyQA focus on 

commonsense reasoning. In addition, benchmarks such as HotpotQA and ALFWorld are used to evaluate 

multi-step decision-making and interaction with environments. 

Although these benchmarks have played an important role in advancing research, they also have some 

limitations. Most benchmarks focus only on whether the final answer is correct, without evaluating the 

reasoning process itself. This makes it difficult to assess whether the model truly understands the problem or 

arrives at the correct answer by chance. 

Moreover, many benchmark tasks are static and simplified, which does not fully reflect real-world 

applications. In real-world scenarios, tasks often involve dynamic environments, long-term planning, and 

multiple stages of decision-making. 

In practice, benchmarks are used not only to compare models but also as a shared reference for the research 

community. Without such standards, it would be difficult to evaluate whether a new method truly improves 

performance. At the same time, benchmarks also influence research directions, since many methods are 

optimized specifically for commonly used evaluation tasks. 
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5. Current Challenges 

Although LLMs have demonstrated strong capabilities, several challenges remain. 

First, the reliability of reasoning is still an open issue. Even with methods such as CoT and self-consistency, 

models may make errors at intermediate reasoning steps, and these errors are often difficult to detect 

automatically [1,13]. 

Second, hallucination remains unresolved. Models may produce confident but incorrect answers, which is 

closely related to their probabilistic generation mechanism [14]. 

Third, the integration of external knowledge is not yet stable. While RAG can improve accuracy, issues 

such as retrieval quality, relevance filtering, and information integration still need further improvement [15]. 

Finally, long-term reasoning and planning abilities remain limited. Even methods like ToT do not always 

perform consistently on complex tasks [16]. 

6. Agent-Based Reasoning 

Recent research has shown increasing interest in extending LLMs from passive text generators to more 

active problem-solving systems. One important direction is agent-based reasoning, where models interact with 

environments and use tools. This direction has been widely discussed in recent work on LLM-based agents 

[17]. 

Compared with standard prompting methods such as CoT, agent-based approaches treat reasoning as a 

more dynamic process. Instead of generating a fixed sequence of reasoning steps, the model can decide what 

to do next based on the current state. For example, it may choose to search for information, perform a 

calculation, or call an external API before continuing the reasoning process. This shift from static generation 

to interactive reasoning has also been explored in recent agent-oriented frameworks [15]. 

A typical framework in this direction involves three main components: planning, acting, and observing. 

First, the model generates a plan or decides the next action. Then, it executes the action, such as querying a 

database or using a tool. Finally, it observes the result and updates its internal state. This cycle may repeat 

multiple times until a final answer is produced. In this sense, reasoning becomes a loop rather than a single 

forward generation process. This type of interaction loop is also reflected in frameworks such as ReAct, which 

combines reasoning and action in a unified process [15]. 

This paradigm is closely related to earlier methods such as Tree-of-Thought. In ToT, the model explores 

multiple reasoning paths and evaluates them. Similarly, in agent-based systems, the model may explore 

different actions and adjust its behavior based on feedback from the environment [3]. However, agent-based 

reasoning is often more flexible, since it allows interaction with external systems rather than relying only on 

internal text generation. 

Another important aspect is tool usage. Traditional LLMs are limited by the knowledge encoded in their 

parameters. Even with large-scale training, they may still lack up-to-date information or precise computational 

ability. By integrating external tools, these limitations can be partially addressed. 

For example, a model may use a calculator for arithmetic operations, a search engine to retrieve recent 

information, or a database to access structured data. This idea is explored in work such as Toolformer, where 

the model learns when and how to use tools through its own training process [14]. Instead of relying on 

manually designed rules, the model can decide whether calling a tool is helpful in a given context. Similar 

ideas have also been extended to more general tool-learning frameworks [16]. 

Tool usage is also closely connected to Retrieval-Augmented Generation. While RAG focuses on retrieving 

relevant documents, tool-augmented systems generalize this idea to a broader set of operations, including 

computation and interaction with external services [7]. In this sense, RAG can be seen as a specific case within 

a larger framework of tool use. 

However, agent-based reasoning also introduces new challenges. One issue is error accumulation. Since 

the reasoning process involves multiple steps and interactions, errors in earlier steps may propagate and affect 

later decisions. Unlike single-step generation, it is more difficult to ensure consistency across the entire process. 
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Another challenge is decision-making. The model needs to decide not only what to say, but also what action 

to take. This requires a different type of capability, closer to planning and control rather than pure language 

generation. In some cases, the model may choose suboptimal actions or fail to use available tools effectively. 

In addition, evaluating agent-based systems is more complicated. Traditional benchmarks focus on final 

answers, but in agent settings, the quality of intermediate actions and the efficiency of the overall process also 

matter. This makes evaluation more difficult and less standardized. 

Despite these challenges, agent-based reasoning is considered a promising direction, and recent survey 

work also highlights its potential for building more autonomous AI systems [17]. It provides a way to extend 

LLM capabilities beyond static text generation, making them more suitable for real-world tasks that require 

interaction, adaptation, and decision-making over time. 

7. Future Directions 

Looking forward, several directions appear worth further exploration. 

First, improving the interpretability of reasoning is important. Instead of focusing only on final answers, 

future work may pay more attention to intermediate reasoning steps, for example, through process supervision 

[4]. 

Second, evaluation methods may need improvement. Future benchmarks should better reflect real-world 

scenarios, including dynamic environments and multi-stage tasks. 

Third, combining LLMs with external tools and agent frameworks is becoming an important trend. By 

using tools such as search engines, calculators, or databases, models can extend their capabilities beyond text 

generation [3]. Recent work, such as Toolformer, also shows that models can learn to use external tools in a 

more autonomous way [14]. 

In addition, multimodal reasoning may further expand the range of applications, enabling models to process 

and combine diverse types of information, such as text and images. 

Finally, alignment remains a key issue. Although methods like RLHF have improved model behavior, 

ensuring safety, controllability, and consistency remains an ongoing challenge [8]. 

8. Conclusion 

Overall, LLMs have made significant progress in their reasoning abilities. Compared with earlier models, 

they are now capable of handling multi-step reasoning and even some level of planning. Methods such as CoT, 

self-consistency, and ToT have all contributed to these improvements. 

However, these methods mainly enhance existing capabilities, rather than solving fundamental problems. 

Issues such as hallucination and unreliable reasoning still exist. There is also still a gap between benchmark 

performance and real-world applications. 

At the current stage, LLM reasoning is still developing. Some problems have been partially addressed, but 

not fully solved. Future progress will depend not only on model improvements but also on better evaluation 

methods, integration with external tools, and more effective human-AI interaction. 
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