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ABSTRACT

The prominent large language models (LLMs) of today differ from past language
models not only in size, but also in the fact that they are trained on a combination
of natural language and code. As a medium between humans and computers, code
translates high-level goals into executable steps, featuring standard syntax, logical
consistency, abstraction, and modularity. In this survey, we present an overview of
the various benefits of integrating code into LLMs’ training data. In addition, we
trace how these profound capabilities of LLMs, brought by code, have led to their
emergence as intelligent agents (IAs). Finally, we present several key challenges
and future directions of empowering code-LLMs to serve as IAs.

1 INTRODUCTION

Code has become an integral component in the training data of large language models (LLMs), not
only because the acquired programming skills facilitate commercial applications, such as Github
Copilot[ﬂ but also because it improves the models’ previously lacking reasoning abilities (Liang et al.,
2023b)), enabling the models to handle a wider range of more complex tasks. Consequently, LL.Ms
rapidly emerge as a primary decision-making hub for intelligent agents (IAs) dealing with tasks that
involve more intricate steps (Zhao et al.,[2023). As depicted in Figure[l] this survey aims to explain
the widespread adoption of code-specific training in the general LLM training paradigm and how
code enhances LLMs to act as IAs, based on the taxonomy of relevant papers (see Figure2).

Organization of This Survey We define code as formal language that is both machine-executable
and human-interpretable (see our detailed definition of code and typical methods for LLM code train-
ing in Appendix[A). With insights from characteristics of code (see our case studies in Appendix [B.T),
our literature review reveals that integrating code into LLM training i) enhances their programming
and reasoning capabilities (§2)); ii) enables the models to directly generate executable, fine-grained
steps during decision-making, thereby facilitating their scalability in incorporating various tool
modules through function calls (§E]); and iii) situates the LLMs within a code execution environment,
allowing them to receive automated feedback from integrated evaluation modules and self-improve
(§4). In addition, as LLMs are becoming key decision-makers for IAs in complex real-world tasks,
our survey also explores how these advantages facilitate their functioning as IAs (§5). We discuss
several open challenges and promising future directions in Appendix

2 CODE PRE-TRAINING BOOSTS LLMS’ PERFORMANCE

Pre-training LLMs on code, exemplified by OpenAI’s GPT Codex (Chen et al., [2021)), expands their
task scope beyond natural language. Code’s requirement for logically coherent, ordered sequences of
executable steps enhances LLMs’ chain-of-thought (CoT) performance, improving complex reasoning
skills (Lyu et al., 2023} [Zhou et al., 2023a; |Fu & Khot, [2022). By implicitly learning from code’s
structured format, code LLMs excel in commonsense structured reasoning tasks (Furuta et al., 2023}
Liu et al., [2023a).

"https://github.com/features/copilot.
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Figure 1: An illustration of how code empowers large language models (LLMs) and enhances their
downstream applications as intelligent agents (IAs). While traditional LLMs excel in conventional
natural language tasks like document classification and question answering, further pre-training or
fine-tuning LLMs with human-interpretable and machine-executable code serves as an additional
power-up — akin to equipping wizards with mana-boosting wands. This significantly boosts their
performance as IAs through intricately woven operational steps.

In the following sections, we outline three key areas where code pre-training benefits LLMs: i)
improving programming proficiency in ii) enhancing complex reasoning capabilities in
and iii) facilitating the capture of structured commonsense knowledge in as depicted in Figure

2.1 STRENGTHEN LLMS’ PROGRAMMING SKILLS

LLM as a strong coder. Earlier language models only generate domain-specific programs (Ellis
et al.l 2019) or restrict to one of the generic programming languages, such as Java or C# (Alon
et al.| 2020). Empowered by the increasing number of parameters and computing resources, recent
LLM-based code generation models (such as AlphaCode (L1 et al., 2022), CodeGen (Nijkamp et al.,
2022), SantaCoder (Allal et al., [2023), PolyCoder (Xu et al., [2022)) could master more than 10
languages within the same model and show unprecedented success. A well-known work is CodeX
(Chen et al., [2021)), with 12 billion parameters that reads the entire GitHub database and is able to
solve 72.31% of challenging Python programming problems created by humans. Recent studies (Zan
et al.| 2023} Xu et al.| 2022} Du et al.| 2023} |Vaithilingam et al., [2022; Wong et al.| 2023} |Fan et al.|
2023)) have provided systematic surveys and evaluations of existing code-LLMs.

With its strong code generation ability, LLMs benefit various applications that rely on code, such
as database administration (Zhou et al.l 2023b), embedded control (Liang et al.| 2023a), game
design (Roberts et al.), spreadsheet data analysis (Liu et al., 2023c), and website generation (Calo &
De Russis| 2023)).

LLM as a state-of-the-art code evaluator. Interestingly, LLMs themselves could also serve as
state-of-the-art evaluators (i.e., analyze and score) for human or machine-generated codes. Kang et al.
(2023a)) leverage LLM-based models for code fault localization, while Zhuo| (2023)) uses GPT-3.5 to
evaluate the functional correctness and human preferences of code generation. In addition, |[Deng et al.
(2023a)) design a LLM-based penetration testing tool and find that LLMs demonstrate proficiency in
using testing tools, interpreting outputs, and proposing subsequent actions. Two recent efforts (Li
et al.,2023a; Mohajer et al.| |2023)) also utilize LLM for examining and analyzing source code without
executing it. Furthermore, LLMs are used for automatic bug reproduction in |Kang et al.[(2023b) and
vulnerable software evaluation in Noever] (2023)).

Multi-LLM collaboration solves complex coding problems. Collaborative coding among several
role-specific LLM agents exhibits more accurate and robust performance towards complex tasks.
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Figure 3: How code pre-training boosts LLMs’ performance.

Hong et al.[(2023) incorporates human programming workflows as guides to coordinate different
agents. [Dong et al.| (2023b) assigned three roles: analyst, coder, and tester to three distinct “GPT-3.57s,
which surpasses GPT-4 in code generation. Meanwhile,|Qian et al.| (20234) designs a chat-powered
software development process, assigning more than three roles to separate LLM agents. Other

similar methods (Liu et al.,[2023g}; [Talebirad & Nadiri, 2023}, [Wu et al.,[2023b}, [Jiang et al., [2023)

all employ multiple code-LLM agents or different phases of the same agent for code generation,
software developments, or leveraging generated intermediate codes for other general purpose tasks.
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2.2 EMPOWER LLMS’ COMPLEX REASONING

Code pre-training improves chain-of-thought performance. CoT prompting, where prompt
inputs are designed with chains of reasoning, allows the LLM to condition its generation with further
steps of reasoning (Wei et al., [2023). CoT has seen successful in the task decomposition of many
problem settings, including planning (Huang et al., 2022b)) and evidence-based question answering
(Dua et al.} |2022; |Ye et al., [2023).

While LLM CoT ability was originally mainly attributed to dramatically increased model sizes
(Wei et al., |2022b), recent evidence compiled by |[Fu & Khot (2022) suggests that much of the
performance improvements from CoT stems from its pre-training on code. In support of this
hypothesis, Ma et al.|(2023a) show that pre-training on code in small-sized LLMs (2.6B) (Zeng et al.|
202 1)) enhances performance when using CoT, and even more remarkably that smaller code-pretrained
LLMs outperform their larger non-code counterparts across many different tasks. Furthermore, their
study indicates that incorporating a greater volume of code during the initial phases of LLM training
significantly enhances its efficacy in reasoning tasks. Notably, both |Fu & Khot| (2022)) and Ma
et al.|(2023a) show that pre-training on code improves LLM performance in both standard and CoT
prompting scenarios across downstream tasks.

Program-of-thought outperforms chain-of-thought. Furthermore, in comparison to vanilla CoT
methods, LLMs that first translate and decompose a natural language task into code (Chen et al.|
2023b;|Gao et al., [2023)), typically termed program-of-thought (PoT) prompting or program-aided
language model, see sizable gains in tasks that require disambiguation in both language and explicit
longitudinal structure. This approach is especially effective in complex areas such as theoretical
mathematics (Polu & Sutskever, |2020), undergraduate mathematics (Drori et al., 2022), and question
answering with data retrieval (Sun et al.,|2023b; (Cheng et al.| 2023).

PoT enhances performance due to the precision and verifiability inherent in code as a machine-
executable language. PoT implementations from Chen et al.[|(2023b)),|Gao et al.|(2023)), and |Ye et al.
(2023) show that by directly executing code and verifying outcomes post translation by LLMs, one
can effectively mitigate the effects of incorrect reasoning in CoT (Ji et al.l 2023)). Such improvements
are not limited to purely executable coding languages such as Python or SQL, nor are they limited
to tasks that are specifically rigid in structure such as mathematics (Drori et al.| [2022) and data
retrieval (Rajkumar et al2022)). Enhancements also extend to the realm where even translating into
pseudo-code to decompose a task can improve zero-shot performance (Lei & Deng, [2023)) in word
problems containing numbers, and general reasoning tasks such as StrategyQA (Geva et al.| 2021).

2.3 ENABLE LLMS TO CAPTURE STRUCTURED KNOWLEDGE

Code generation unveils superior structural commonsense reasoning. Given that code possesses
the graph structure of symbolic representations, translating textual graphs, tables, or charts into code
empowers a code-driven LLM to logically process such information according to code reasoning and
generation principles. Previous work (Madaan et al.l 2022; Wang et al.| 2023e)) shows that LLMs
undergoing code pre-training may rival, or even exceed, their fine-tuned natural language counterparts
in tasks involving structural commonsense reasoning, even with limited or no training data.

COCOGEN (Madaan et al.,|2022) first reframed the commonsense reasoning graph completion task
as a code generation task and demonstrated improved few-shot performance in reasoning graphs, table
entity state tracking, and explanation graph generation. Building on this perspective, CODE4STRUCT
(Wang et al., 2023e)) applied code-LLMs to semantic structures, focusing on the event argument
extraction task. By leveraging code’s features such as comments and type annotation, it achieved
competitive performance with minimal training instances. ViStruct (Chen et al.l 2023d) extended this
approach further to multimodal tasks, leveraging programming language for representing visually
structural knowledge.

Markup code mastery evolves visually situated natural language understanding. An additional
research stream involves using markup code (e.g., HTML and CSS) to delineate and derender struc-
tured graphical information in graphical user interfaces (GUIs) or visualizations in documents, aiding
large vision-language models (LVLMs) in capturing visually situated natural language (VSNL). For
LVLMs’ markup code understanding, WebGUM (Furuta et al., [2023)) exemplified autonomous web
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navigation. It employed a pre-training approach using webpage screenshots and the corresponding
HTML as input, and navigation action as output, showcasing the effectiveness of pre-training model
with markup code augmentation in webpage understanding. For markup code generation, Pix2Struct
(Lee et al.l 2023) achieved SOTA in VSNL understanding by pre-training an image-to-text model
on masked website screenshots, and further training with OCR, language modeling, and image
captioning objectives.

3 CODE CONNECTS LLMsS TO OTHER FUNCTION ENDS

Recent studies reveal that connecting LLMs to diverse functional ends enhances their task performance
(Mialon et al.| 2023} [Parisi et al., [2022a} |Peng et al.| |2023;|Gou et al., 2023)). These functional ends
enable LLMs to access external knowledge, engage with different modalities, and interact effectively
with various environments. As shown in Table|[I]in the appendix, a prevalent trend is observed where
LLMs generate programming languages or use pre-defined functions to connect with other functional
ends—a phenomenon we termed the code-centric paradigm, which provides a simple and clear
interaction method for LLMs, boosting flexibility and scalability. Notably, as illustrated in Figure
it allows LLMs to interact with functional ends across diverse modalities and domains, expanding
their capacity to handle complex tasks.

In §3.1] we explore textual and multimodal (digital) tools connected to LLMs, while §3.2|focuses
on physical-world functional ends, including robots and autonomous driving. This showcases the
versatility of LLMs in addressing challenges across various modalities and domains.

3.1 RELATE LLMS TO DIGITAL ENDS

Text-Based Tools. The code-centric framework initially drive progress in text-based tools. Prior to
the popularity of this framework, research on augmenting LMs with single tools like information
retrivers (Guu et al., [2020; [Lewis et al.l 2020 [zacard et al.||2022)) required a hardcoded-in-inference-
mechanism (e.g. always calling a retriever before the generation starts), limiting flexibility and
scalability. TALM (Parisi et al., | 2022b) first incorporates multiple text-based tools by invoking API
calls with a pre-defined delimiter, enabling unambiguous calls to any text-based tools at any position
of generation. Following their work, Toolformer (Schick et al.,|2023)) marks API calls with <API>
</API>along with their enclosed contents. Later, diverse tool-learning approaches were introduced
to facilitate the integration of numerous text-based tools across various foundational models (Song
et al., [2023; Hao et al.|[2023; Tang et al.,2023)). The code-centric framework facilitates the invocation
of a diverse range of external text modules. These include calculators, calendars, machine translation
systems, web navigation tools, as well as APIs from HuggingFace and TorchHub (Thoppilan et al.,
20225 |Yao et al., 2022c; Shuster et al., 2022; Jin et al., 2023} | Yao et al., |2022a; |Liu et al., 2023¢; Jin
et al., 2023}, [Patil et al., [2023)).

Multimodal Tools. The high scalability of the code-centric LLM paradigm extends tool-learning to
other modalities. Early work (Gupta & Kembhavi, 2023} |Suris et al., [2023; |Subramanian et al.| [2023)
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utilizes this paradigm for visual question answering. For instance, VISPROG (Gupta & Kembhavi,
2023) compiles pretrained computer vision models and functions into APIs, creating programs for
question-targeted image understanding via in-context learning with LLMs. Similar work, including
ViperGPT (Suris et al., [2023)) and CodeVQA (Subramanian et al., 2023)), directly generates more
flexible Python code with Codex, allowing for potentially complex control flows using LLMs’ pre-
trained knowledge. Beyond visual reasoning, code connects LLMs with multi-modal generative tools
in image generation tasks (Cho et al., |2023; Feng et al.| [2023; [Wu et al.| 2023a)), leveraging code’s
unambiguous nature in generating images matching text prompts.

Across modalities, recent collaborative efforts (Shen et al., [2023; [Yang et al., 2023 Liang et al.,
2023d) consider diverse tools. For example, MM-REACT (Yang et al., 2023) integrates video
recognition models, Chameleon (Lu et al., 2023)) includes tools like visual text detectors or web
search, and HuggingGPT (Shen et al., 2023 connects LLMs to various Hugging Face models.
TaskMatrix.Al (Liang et al.,|2023d) expands API diversity, including visual, figure, music, and game
APIs. The flexibility of code enables LL.Ms to jointly use diverse multimodal tools, enhancing their
versatility as general-purpose multimodal problem solvers.

3.2 RELATE LLMS TO PHYSICAL ENDS

The code-centric paradigm has liberated the connection between LLMs and the physical world,
enabling adaptable calls to tools and execution modules in real-world scenarios. This sparked a wave
of research integrating LLMs with robotics and autonomous driving.

PalLM-SayCan (Ahn et al., 2022) stands out as a successful approach, employing LL.Ms to generate
policy codes for robotic tasks. Following this, recent developments showcase LLMs serving as the
brain for robotics planning and control. ProgPrompt (Singh et al., [2022) introduced program-like
specifications for robot task planning, while others extended this approach to human-robot interaction
and drone control (Huang et al.| 2023a; |Liang et al., [2023a} [Vemprala et al.| [2023)).

LLMs trained with code exhibit potential in complex tasks like human-vehicle interactions and
autonomous driving (Cui et al., 2023b; |Huang et al., 2023b; |Li et al., 2023d). Wayve’s LINGO-
1 (Wayve, 2023) serves as an industry example, using an open-loop vision, language, and action
LLM to enhance the explainability of driving models. LLMs can understand intricate commands,
generate actionable codes (Ma et al.,|2023b), and execute them by calling low-level vehicle planning
and control APIs (Cui et al. [2023a}|Sha et al., [2023; [Mao et al.| [2023)).

Despite challenges, including latency and accuracy issues, as well as the lack of adequate simulation
environments, datasets, and benchmarks (Kannan et al., 2023} |(Chen & Huang| [2023;; |Cu1 et al.,
2023b)), LLMs exhibit promise in understanding high-level instructions and executing code-related
APIs in complex domains like robotics and autonomous driving.

4 CODE PROVIDES LLM WITH AN EXECUTABLE ENVIRONMENT FOR
AUTOMATED FEEDBACK

LLMs showcase enhanced performance beyond their training parameters, leveraging feedback in
dynamic real-world applications (Liu et al.}2023f; Wang et al.||2023d). However, careful feedback
selection is crucial, as noisy prompts can hinder downstream task performance (Zheng & Saparov),
2023)). In real-world scenarios, automating feedback collection while maintaining fidelity is essential.
Integrating LLMs into a code execution environment, illustrated in Figure 4] allows for automated,
deterministic feedback intake from executed code results (Chen et al., 2023a; [Fernandes et al., 2023}
Scheurer et al.,[2022). Code interpreters provide an automatic pathway for LLMs to query internal
feedback, eliminating the need for costly human annotations in tasks like debugging or optimizing
faulty code (Chen et al., [2023a; [Fernandes et al., 2023 [Scheurer et al., [2022). Additionally, code
environments enable LLMs to incorporate diverse external feedback forms, such as binary correctness
critiques (Wang et al., 2023f)), natural language explanations (Chen et al., [2023c), and ranking
with reward values (Inala et al., 2022}, offering highly customizable methods for performance
enhancement.

We introduce various types of feedback from code execution in §4.T]and discuss common methods
for utilizing this feedback to enhance LLMs in



Under review as a conference paper at ICLR 2024

4.1 VARIOUS FEEDBACK FROM CODE EXECUTION

Code execution enables more comprehensive assessment of LLM-generated content, utilizing de-
terministic execution results instead of relying solely on often ambiguous sequence-based metrics
like BLEU (Papineni et al., 2002; Ren et al., [2020) and Rouge (Lin, [2004). Evaluation methods
include creating unit tests (Chen et al., [2021; | Hendrycks et al., 2021} |Austin et al., 2021} L1 et al.,
2022} Huang et al., 2022a; [Lai et al.|[2023)) and employing exact result matching techniques (Dong &
Lapata, 2016} |Zhong et al.,|2017; Huang et al.| 2022a). Feedback takes two primary forms: simple
correctness feedback, indicating whether a program is correct or not, generated through critic models
or rule-based methods (Wang et al.l 20231} [Chen et al., |2023c), and textual feedback, provided
by language models offering explanations about the program (Chen et al., 2023c)) or summarizing
comments on the program and its execution (Wang et al., [20231; |Chen et al., 2023c; |[Zhang et al.|
2023a)). Execution results can be translated into reward functions suitable for reinforcement learning
approaches (Le et al., 2022). Additional feedback can be extracted through static analysis using
software engineering tools, such as obtaining information from execution traces (Wang et al., 2017}
Gupta et al.l 2017)) or using surface-form constraints on function calls (Lai et al., 2023)).

4.2 METHODS FOR ENHANCING LLM’S PERFORMANCE WITH FEEDBACK

Feedback from code execution and external evaluation modules enhances LLMs through three major
approaches.

Selection-Based Method. Proven effective in tasks like code generation, selection-based methods
leverage code execution outcomes to choose the best-performing code snippet. Majority voting (Chen
et al.;|2018; |Li et al., {2022} [Shi et al.| {2022} |Chen et al.,[2022)) and re-ranking schemes (Zhang et al.,
2023b; |Yin & Neubigl [2019; |Zeng et al., 2023; Ni et al., 2023} |Inala et al.| [2022} To et al.| |2023)) have
demonstrated efficacy in tasks and interactive environments, although they introduce inefficiencies
requiring multiple rounds of generation and additional re-ranking models.

Prompting-Based Method. Modern LLMs integrate feedback into prompts, improving self-
debugging with in-context learning (Wang et al.|[2023g; |Chen et al., 2023c). This approach, favored
by LLM-based agents, relies on natural language explanations or error messages for better compre-
hension. However, its effectiveness depends on the LLM’s in-context learning capabilities.

Finetuning-Based Method. Finetuning fundamentally improves LLMs by updating their parame-
terized knowledge. [Wang et al.|(2023f)) exemplifies a direct optimization approach where the LLM is
fine-tuned with a feedback-conditioned objective. Other methods include finetuning with synthetic
unit tests data (Haluptzok et al., 2022} |Dong et al., 2023a)), training external modules like editors
(Zhang et al.| [2023a) or “refine models” (Chen et al.| 2023a)) to aid fine-tuning. Reinforcement
learning is applied in CodeRL (Le et al.,[2022) and Wang et al.| (2022), with the former using fixed
reward values based on unit tests and the latter employing compiler feedback. Despite effective
refinement, finetuning involves resource-intensive data collection, and assessing predefined reward
values, as in CodeRL, presents challenges (Le et al.| 2022).

5 APPLICATION: CODE-EMPOWERED LLMS FACILITATE INTELLIGENT
AGENTS

In the preceding sections, our discussion highlighted the various ways in which code integration
enhances LLMs. Going beyond, we discern that the benefits of code-empowered LLMs are especially
pronounced in one key area: the development of IAs (Wang et al.l [2023d; Xi et al.l |2023; Zhao et al.|
2023). Figure[5]helps to illustrate a standard operational pipeline of an IA, specifically serving as an
embodied general daily assistant. We observe that the improvements brought about by code training
in LLMs are firmly rooted in their practical operational steps when serving as IAs. These steps include
(i) enhancing the IA’s decision-making in terms of environment perception and planning (§5.1)), (ii)
streamlining execution by grounding actions in modular and explicit action primitives and efficiently
organizing memory (§5.2), and (iii) optimizing performance through feedback automatically derived
from the code execution environment (§5.3).
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Figure 5: This figure illustrates the complete working pipeline of a LLM-based intelligent agent,
mapping code-LLM abilities to specific phases: code-based planning in step (2), modular action
parsing and tool creation in step (3), and automated feedback collection for enhanced agent self-
improvement in step (5). Collectively, steps 0-10 in the entire loop benefit from code-LLMs’ improved
structured information understanding and perception.

5.1 DECISION MAKING

Environment Perception As depicted in Figure 5 at step (0-10), the IA continuously perceives
the world, engaging in interactions with humans and the environment, responding to relevant stimuli
(e.g., human instructions for meal preparation), and planning and executing actions based on the
observed environmental conditions (e.g., the kitchen layout). Utilizing LLMs as decision centers
for IAs requires translating environmental observations into text, such as tasks based in the virtual
household or Minecraft (Shridhar et al., [2020; (Coté et al., 2018} Wang et al., |2023b; [Zhu et al., [2023)).
Through pre-training on code, LLMs acquire the ability to better comprehend and generate structured
representations .

One such intuitive example is web-page-based environments which are highly structured around
HTML code. In agent tasks like web shopping (Yao et al.|[2022b), web browsing (Deng et al.| | 2023b)),
and web-based QA (Nakano et al., 2021} |Liu et al., [2023d), it is preferred to translate the web-based
environment into HTML code rather than natural language, directly encompassing its structural
information and thereby improving the LLM agent’s overall perception. Moreover, in robotics
research by Singh et al.|(2022)) and [Liang et al.| (2023al), the IAs are prompted with program-like
specifications for objects in the environment, enabling the LLM to generate situated task plans based
on the virtual objects they perceived.

Planning As illustrated in Figure [5 at step (2), IAs must break down intricate tasks into finer,
manageable steps. As discussed in §2.2, when code-LLMs are employed for planning agent tasks,
they exhibit enhanced reasoning capabilities. In addition, they generate the sub-tasks as executable
programs when necessary, yielding more robust intermediate results, which the IA conditions on and
refines its planning with greater precision. Furthermore, the IA seamlessly integrates performant tool
APIs into planning, addressing the limitations such as poor mathematical reasoning and outdated
information updates faced by vanilla LLMs during planning.

Typical examples that utilize code for planning are in two main categories. Progprompt (Singh
et al., 2022) and Code as Policies (Liang et al., [2023a) represent the work utilizing code for better
robot control. Both work highlight the benefits brought by code-based planning as they not only
enable direct expressions of feedback loops, functions, and primitive APIs, but also facilitate direct
access to third-party libraries. Another stream of work is concerned with the scenario when the
agents’ programming and mathematical reasoning abilities are crucial, like solving maths-related
problems (Gao et al., 2023; |Wang et al., 2023g)) or doing experiments in the scientific domain (Boiko
et al.l 2023} |[Liffiton et al.,|2023)).
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5.2 EXECUTION

Action Grounding As depicted in Figure[5]at step (3), when the IA interfaces with external function
ends according to the planning, it must invoke action primitives from a pre-defined set of actions (i.e.,
functions). Connecting the IA with other function ends requires grounding actions into formalized
function-like primitives. For instance, in a benchmark evaluating LLMs as agents in real-world
scenarios (Liu et al. 2023f), seven out of eight scenarios involve code as the action space. Previous
work generating agent plans with pure natural language necessitate an additional step-to-primitive
module to ground those planning steps into code (Wang et al.,|2023c; |Yin et al.,[2023)). In contrast,
IAs that plan with code-LLMs generate atomic action programs (Yao et al., 2022d; Wang et al.|
2023g} [Liang et al.| [2023a; |Singh et al., 2022), and can have their generation quickly parsed for
execution.

Memory Organization As depicted in Figure[3]at step (3) and the component labeled “Function
Ends for Updating State”, the IA typically necessitates an external memory organization module
to manage exposed information (Wang et al.| [2023d), including original planning, task progress,
execution history, available tool set, acquired skills, and users’ early feedback. In this context,
Code-LLM aids the IA’s memory organization by employing highly abstract and modular code to
record, organize, and access memory, especially for expanding the available tool set and manage
acquired skills.

Typically, agent-written code snippets can serve as parts of the toolset, integrated into the memory
organization of agents. This stream of research is known as tool creation approaches. TALM (Cai
et al.,[2023) proposes to use stronger agents (e.g. GPT-4 based agents) to write code as part of memory
for weaker agents (e.g. GPT-3.5 based agents). In Creator (Qian et al.,[2023b), agents themselves are
highlighted as not only users of the tools but also their creators. Going further, Craft (Yuan et al.,
2023)) focuses on ensuring the created tools are indeed executable, making the framework more robust.
Another work sharing this idea is Voyager (Wang et al. [2023b), in which the agent store learned
skills in code format and execute them in the future when faced with similar tasks.

5.3 SELF-IMPROVEMENT

As illustrated in FigureE] at step (5), when the IA’s decision center, i.e., the LLM, operates within
a code execution environment, the environment can integrate various evaluation modules to offer
automated feedback (e.g., correctness, ranking, detailed comments). This significantly enhances the
IA’s early error correction and facilitates self-improvement. Voyager (Wang et al.,[2023b) is a good
example for agents that use feedback from the simulated environment. The agent learns from failure
task cases and further horn its skills in Minecraft. Chameleon (Lu et al., [2023) receives feedback
from a program verifier to decide whether it should regenerate an appropriate program. Mint (Wang
et al.,2023g) can receive feedback from proxies, and the agent can thus self-improve in a multi-turn
interactive setting. Importantly, this ability to self-improve from execution feedback is fundamental
for agents’ success at solving scientific problems (Bran et al.l [2023; |Swan et al., |2023; Wu et al.|
2023b).

6 CONCLUSION

In this survey, we compile literature that elucidates how code empowers LLMs, as well as where code
assists LLMs to serve as intelligent agents (IAs). To begin with, code possesses natural language’s
sequential readability while also embodying the abstraction and graph structure of symbolic repre-
sentations, rendering it a conduit for knowledge perception and reasoning as an integral part of the
LLMs’ training corpus based on the mere language modeling objective. Through a comprehensive
literature review, we observe that after code training, LLMs i) improve their programming skills and
reasoning, ii) could generate highly formalized functions, enabling flexible connections to diverse
functional ends across modalities and domains, and iii) engage in interaction with evaluation modules
integrated in the code execution environment for automated self-improvement. Moreover, we find that
the LLMs’ capability enhancement brought by code training benefits their downstream application as
IAs, manifesting in the specific operational steps of the IAs” workflow regarding decision-making,
execution, and self-improvement. Beyond reviewing prior research, we put forth several challenges
in this field to serve as guiding factors for potential future directions.
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A PRELIMINARIES

A.1 OUR DEFINITION OF CODE

We consider code as any formal language that is both machine-executable and human-interpretable.
For instance, human-readable programming languages fall within the scope of our discussion, whereas
low-level languages, such as machine language based on binary instructions, are excluded due to
their lack of human interpretability. Additionally, pre-defined formal languages, such as function sets
employed in WebGPT (Nakano et al.,2021)), are included as they can be parsed and executed in a
rule-based manner.

LLMs trained with expressions formulated within a defined set of symbols and rules (e.g., pre-defined
function sets, mathematical deduction formula, etc.), i.e., formal languages, exhibit advantages
akin to those trained with programming languages. Therefore, we expand our definition of code to
incorporate these homogeneous training corpora, enhancing the comprehensiveness of this survey to
align with current research needs.

A.2 LLM CODE TRAINING METHODS

LLMs undergo code training by following the standard language modeling objective, applied to code
corpora. Given that code possesses natural language-like sequential readability, this parallels the
approach to instruct LLMs in understanding and generating free-form natural language. Specifically,
for an LLM Mg with parameters © and a code corpus T = {t1, ..., t,, }, the language modeling loss
for optimization is:

L(T) = ZZOQP(ti|ti—ka e ti—1;0)

When employing programming language (e.g., Python, C, etc.) as the corpus (Chen et al., 2021}
L1 et al., [2022; [Nijkamp et al., [2022), training data is typically sourced from publicly accessible
code repositories, such as GitHub. This process yields a corpus with a volume comparable to that
of natural language pre-training, and thus we call training with such an abundance of code as code
pre-training. The training strategy entails either training code on a pre-trained natural language LLM,
as exemplified by Codex (Chen et al.|[2021), or training a LLM from scratch with a blend of natural
language and code corpora, as demonstrated by CodeLLM (Ma et al., 2023a)).

Conversely, when utilizing other pre-defined formal language for training, the objective shifts to
acquainting the model with the application of specific functions (Schick et al.||2023)), mathematical
proof formulas (Wu et al.}2022), SQL (Sun et al.,|2023b), and similar constructs. As the dataset for
this is smaller compared to the pre-trained natural language corpus, we refer to such training process
as code fine-tuning. Researchers apply the language modeling loss to optimize LLMs during this
process, similarly.
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1. Object-Oriented Programming
Adv: Structured

- 2. Functional Programming
Adv: Modular & Explicit

(1]

3. Procedural Programming
Adv: Step-by-Step

Figure 6: We generate pseudo-code for the “IntelligentAgent” class and employ ChatGPT to compile
its docstring. By contrasting the self-explanatory code with its natural language docstring, we observe
that code exhibits greater structure, expressiveness, and logical coherence, underscoring certain
advantages of code over natural language.

B DISCUSSIONS

B.1 INTRINSIC QUALITIES OF CODE THAT CONTRIBUTE TO LLM EMPOWERMENT

Reflecting on our definition of code in the introduction section (§I)) as formal languages that are both
human-interpretable and machine-executable, we highlight that while some features are shared by all
code, programming language, as the most well-known and most established type of code, enjoy some
unique advantages. In Figure[6] we provide a case study comparing code and natural language.

First, we talk about the core feature shared by all code within the range of our definition. The inherent
nature of code is that they are explicit and have clear definitions for every single line, while natural
language is generally in free form and can be very ambiguous. Consequently, code is significantly
better at expressing detailed commands, signifying a specific step, and transmitting control signals.
This generally led to the improvement in the improvement for more controlled planning (cf.
planning part in §5.1)), and also helped with action execution (§5.2).

Programming languages, a critical component of the code family, are specifically designed for
machine communication. Their advantages extend beyond mere explicitness and clarity. One
overwhelming feature of programming languages (though some formal languages also define logical
commands and loops) is that they contain structural definitions. Some well-known features are logical
operands (If & Else), loops (For & While), nesting (within Functions), and even class definition
and class inheritance (Object Oriented Programming). This feature makes them super suitable for
expressing nesting and complicated structures (cf. §2.3|and the perception part in §5.1). Another
feature is that programming languages are often paired with a very powerful execution environment.
This executable feature benefits much as it naturally delegates some harder tasks to lower level, like
arithmetic computing or interacting with a simulated environment when connecting to a Database,
Minecraft, and so on, also facilitating reasoning discussed in What’s more, the execution often
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includes feedback mechanisms, which can be valuable for further refining the generator (§4] and

s'

B.2 BREADTH BY CODE DELEGATION OR DEPTH BY MULTIMODALITY JOINT LEARNING

LLMs can swiftly and cost-effectively address tasks involving more data modalities by utilizing code
to invoke tools. Simultaneously, joint fine-tuning on multimodal data enhances the model’s precision
and robustness in perceiving each modality, resulting in superior task performance. For instance,
on the VQA dataset GQA (Hudson & Manning, |2019), ViperGPT (Suris et al., 2023)), a typical
code-centric paradigm, marginally surpasses the multimodal model BLIP-2 (L1 et al.,|2023b) in the
zero-shot scenario after learning visual model API usages. However, its accuracy remains significantly
lower than other supervised multimodal models. It is also still uncertain whether this approach will
surpass the state-of-the-art models on multi-modal procedural planning (Liu et al., |2023b). One
reason is that the code-centric paradigm’s effectiveness hinges on the central decision model and
individual task execution components. This makes code-delegation approaches susceptible to error
accumulation across steps and highly influenced by the worst-performing sub-modules or tools.
Nevertheless, code delegation remains essential, as certain tools’ advantages, such as the precision of
calculators and the flexibility of search engines, cannot be learned by training multimodality models
alone. The high extensibility of the code-centric paradigm to various tools and modalities also makes
it a perfect fit for domains where training data is hard to collect at scale. We anticipate that the central
decision model, utilizing code to invoke tools, will evolve from text-only LLMs to multimodality
models capable of comprehensively understanding and processing multimodal data.

B.3 THE POTENTIAL OF USING CODE-CENTRIC FRAMEWORK FOR INTELLIGENT AGENT
CONSTRUCTION

We observed a rising trend in leveraging code in the construction of LLM-based intelligent agents.
As shown in §5] we showed three major scenarios where agents can effectively benefit from code
usage. We also identified that this trend mainly originated from the increasing need to evaluate agents
in a real-world scenario, where executive environments and interactions are everywhere. A natural
question arises: Does code have the potential to substitute natural language and become the dominant
media in the construction of agents?

A lot of work has begun to adopt this approach, like Voyager (Wang et al.,|2023b) in a simulated
Minecraft environment. They used code for high-level planning, low-level control sequence, and
execution to interact with the environment. Acquired skills are also organized in the format of
code snippets. With the code-centric paradigm, the framework is highly automatic and efficient.
However, it’s also true that many framework today are still using natural language for planning,
probably because they provide more human-interpretable reasoning steps. Human feedback in natural
language is also widely used to harvest strong reward models that reflect real human preferences.
We hypothesize that the integration of code will continue gaining popularity on our path to AGI,
especially for facilitating interactions between agents and the real world. Nevertheless, natural
language could hardly be replaced regarding the interaction between agents and humans.(Drori et al.}
2022; |Chen et al., 2023b} [Lei & Dengl [2023). Leveraging this understanding, we aim to explore
novel research avenues in LLM reasoning inspired by the utilization of “code”.

C CHALLENGES

In our survey, we identify several intriguing and promising avenues for future research.

C.1 THE CAUSALITY BETWEEN CODE PRE-TRAINING AND LLMS’ REASONING
ENHANCEMENT

Although we have categorized the most pertinent work in §2.2] a noticeable gap persists in providing
explicit experimental evidence that directly indicates the enhancement of LLMs’ reasoning abilities
through the acquisition of specific code properties. While we intuitively acknowledge that certain
code properties likely contribute to LLMs’ reasoning capabilities, the precise extent of their influence
on enhancing reasoning skills remains ambiguous. In the future research endeavors, it is important to
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investigate whether reinforcing these code properties within training data could indeed augment the
reasoning capabilities of trained LLMs. If it is indeed the case, that pre-training on specific properties
of code directly improves LLMs’ reasoning abilities, understanding this phenomenon will be key to
further improving the complex reasoning capabilities of current models.

C.2 ACQUISITION OF REASONING BEYOND CODE

Despite the enhancement in reasoning achieved by pre-training on code, foundational models still lack
the human-like reasoning abilities expected from a truly generalized artificial intelligence. Importantly,
beyond code, a wealth of other textual data sources holds the potential to bolster LLM reasoning
abilities, where the intrinsic characteristics of code, such as its lack of ambiguity, executability, and
logical sequential structure, offer guiding principles for the collection or creation of these datasets.
However, if we stick to the paradigm of training language models on large corpora with the language
modeling objective, it’s hard to envision a sequentially readable language that is more abstract, highly
structured, and closely aligned with symbolic language than formal languages, exemplified by code,
which are prevalent in a substantial digital context. We envision that exploring alternative data
modalities, diverse training objectives, and novel architectures would present additional opportunities
to further enhance the reasoning capabilities of these models.

C.3 CHALLENGES OF APPLYING CODE-CENTRIC PARADIGM

The primary challenge in LLMs using code to connect to different function ends is learning the
correct invocation of numerous functions, including selecting the right function end and passing
the correct parameters at an appropriate time. Even for simple tasks like simplified web navigation
with a limited set of action primitives like mouse movements, clicks, and page scrolls, few shot
examples together with a strong underlying LLM are often required for the LLM to precisely grasp
the usage of these primitives (Sridhar et al., 2023)). For more complex tasks in data-intensive fields
like chemistry (Bran et al.| 2023), biology, and astronomy, which involve domain-specific Python
libraries with diverse functions and intricate calls, enhancing LLMs’ capability of learning the correct
invocation of these functions is a prospective direction, empowering LLMs to act as [As performing
expert-level tasks in fine-grained domains.

C.4 LEARNING FROM MULTI-TURN INTERACTIONS AND FEEDBACK

LLMs often require multiple interactions with the user and the environment, continuously correcting
themselves to improve intricate task completion (Li et al.l 2023c). While code execution offers
reliable and customizable feedback, a perfect method to fully leverage this feedback has yet to be
established. As discussed in § we observed that selection-based methods, though useful, do not
guarantee improved performance and can be inefficient. Prompting-based methods heavily depend
on the in-context learning abilities of the LLM, which might limit their applicability. Fine-tuning
methods show consistent improvement, but data collection and fine-tuning are resource-intensive and
thus prohibitive. We hypothesize that reinforcement learning could be a more effective approach
for utilizing feedback and improving LLMs. This method can potentially address the limitations of
current techniques by providing a dynamic way to adapt to feedback through well-designed reward
functions. However, significant research is still needed to understand how reward functions should be
designed and how reinforcement learning can be optimally integrated with LLMs for complex task
completion.

D THE COMPREHENSIVE PAPER LIST

To complement the core paper list presented in Figure 2} we have included a comprehensive list
of papers in Figure ] It is important to note that this list excludes papers used for performance
comparisons between code and natural language. Instead, it focuses on papers that have utilized code
to augment the capabilities of Large Language Models and intelligent agents.
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Table 1: Representative work connecting LLMs to different function ends for performing non-trivial
tasks. Initial efforts embed tool calls rigidly within the LLMs’ inference mechanism (indicated by
“x”), resulting in diminished flexibility and constrained tool accessibility. More recently, the code-
centric paradigm establishes connections between LLMs and function ends through programming
languages or pre-defined functions (indicated by “{”). This approach enhances the scalability of

LLMs’ function end invocation across diverse tools and execution modules.

Major Type of Function Ends

Representative Work

Connecting Paradigm

Learning Method

Objectives or Problems to Solve

ey Retriever in REALM|Guu et al. |(2020]  Hardcoded in Inference Mechanism™ Example Fine-tuning o . .
Single Tool Verifier in GSM8K|Cobbe et al (2021| Hardcoded in Inference Mechani Example Fine-tuning Augment LLMs with Tools
Blenderbot3|Shuster et al. (2022 Hardcoded in T Mechanism* Example Fine-tuning

Limited Text-based Tools

LamDA [Thoppilan et al. (2022}

Generate Pre-defined Functions

Example Fine-tuning

Open-domain Conversation

Text-based Tools
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ToolFormer|Schick et al.|(2023]
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Multi-modal Modules
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Generate Python Functions’
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Figure 7: Paper statistics from Arxiv. We identified a significant and growing trend in recent research
focused on code-based large language models (LLMs) and LLM-based intelligent agents (IAs). Code
usage contributes much to the success of these cutting-edge models and systems.

2022 2023

E PAPER STATISTICS FROM ARXIV

We write a Python script that serves as a web scraper to extract paper details from the ArXiv preprint
server, specifically focusing on the field of computer science. The web scraper gathers information
about papers related to specific topics, including code, LLM, and IA. The script navigates through the
ArXiv website, fetching essential details such as paper title, abstract, authors, and subject categories.
We analyze and visualize data related to these papers in Figure[7] intending to provide insights into
the trends and relationships between LL.Ms, code-related topics, and IAs in the past few years.

F BENCHMARKS FOR EVALUATING COMPLEX REASONING WITH CODE:

While there exist many benchmarks used to evaluate the abilities of LLMs (Liang et al.,|2023c) across
many disciplines, the benchmarks that most directly evaluate LLMs pre-trained on code in complex
reasoning tasks are programming benchmarks such as CodeBLEU (Ren et al.,[2020), where metrics
that better match a human’s evaluation of what is good logical, interpretable, and syntactically concise
code was created, and CodeXGLUE (Lu et al.|2021) where multiple programming tasks such as
code repair and code defect detection were accumulated into one dataset. Other suitable benchmarks
include math datasets such as many of MIT’s undergraduate math courses such as calculus and linear
algebra, (Drori et al.l [2022)), LILA, a compilation of 23 tasks that test for mathematical abilities,
language format, language diversity, and external knowledge abilities of LLMs (Mishra et al.|[2023)),
and theorem proving from the metamath theorem code language (Polu & Sutskever, [2020). Others
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Figure 8: We hereby provide a complete list of the papers included in our survey.

include question-answering tasks that require complex abilities to perform data retrieval in SQL

databases (Ye et al.,[2023)), such as those seen by the Spider dataset (Yu et al} 2019; [Rajkumar et al.}
2022).

G MAPPINGS OF SECTIONS TO CORE CODE FEATURES

In each section, we identify key code features that contribute to the success of enhancing Large
Language Models and Intelligent Agents. The correlation between each section and its core features is

detailed in Table[2] We have classified code features into three main categories: Machine Executable,

Structured and Expressive, and Explicit and Unambiguous. Various aspects of these core features
play a pivotal role in the effective use of code. Detailed explanations of these aspects are provided in
the right column of the table. Additionally, further information can be found in the preamble of each

respective section.
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Major Functionalities Facilitated

Key Features of Code

Strengthen LLMs’ Programming Skills
Correspond to and Figure [3| (a)

Machine Executable: Pretraining with
Code, the LLM is able to write code,
evaluate code, and utilize collaborative
coding to solve complex tasks.

Empower LLMs’ Complex Reasoning
Correspond to and Figure 3| (b)

Structured and Expressive: The
step-by-step nature of code benefits CoT.
Machine Executable: LLMs can utilize
code to help with certain capabilities like

mathematical reasoning.

Enhance LLMs’ Structured Knowledge
Correspond to and Figure [3|(c)

Structured and Expressive: Code can be
used to express complex structures, some
programming language features like logical
expressions and class inheritance will be
especially useful.

Connect LLMs to Other Functional Ends
Correspond to §3|and Figure

Explicit and Unambiguous: Code is more
explicit and clear than natural language,
thus can better express clear instructions of
connecting to any other functional ends.

Provide LLMs w/ Environmental Feedback
Correspond to §4|and Figure

Machine Executable: Code execution
result can be treated as feedback to
finetune the LLMs further and make their
performance more desirable

Help with IAs’ Decision-Making
Correspond to and Figure

Structured and Expressive: Code
pretraining Enhances agents’ ability to
precept structural knowledge, step by step
feature improves CoT planning, logical
expressions and nesting help with better
control flow. Machine Executable: Help
with solving mathematical tasks.

Help with IAs’ Action Execution
Correspond to and Figure

Explicit and Unambiguous:
Unambiguous function calling help with
action grounding. Machine Executable:

Agents can write reusable code snippets as
its memory

Help with IAs’ Self-improving
Correspond to and Figure

Machine Executable: Agent code
execution results reflect potential
environment change and can be utilized for
self-improving

Table 2: We conclude the three major key features of code and correspond them to the major
functionalities of LLMs and IAs they facilitated. The three key features are namely Structured
and Expressive, Machine Executable and Explicit and Unambiguous. More details of how these
features assist LLMs and [As can be found in the preamble of each section.
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