Enhancing Algorithms with LLMs: A Case Study

Yashar Talebirad?![0009-0002-5792-6464] * A yjrhossein
Nadiri2[0000-0003—4112-2138] 'Ogpar R, Zajane! [0000-0002—0060—598]

3[0000—0003—1059—4095]

, and
Christine Largeron

1 Alberta Machine Intelligence Institute, University of Alberta, Edmonton, Canada
2 York University, Toronto, Canada
3 Hubert Curien Laboratory, Université Jean Monnet, Saint-Etienne, France
talebira@ualberta.ca, anadiri@yorku.ca, zaianeQualberta.ca,
largeron@univ-st-etienne.fr

Abstract. This paper explores the potential of Large Language Mod-
els (LLMs) to enhance community detection algorithms, with a focus on
the SIWO (Strong In, Weak Out) algorithm. By integrating LLMs into
the algorithm development process, focusing on their multi-disciplinary
knowledge as a potential advantage over human expertise, we demon-
strate how LLMs (with the possible oversight of a human expert) can
generate innovative algorithm modifications that lead to enhanced per-
formance. Our study reveals substantial reductions in execution times
by more than 50% for SIWO when utilizing these modifications. Moti-
vated by these promising results within the domain of Social Networks
Analysis, we briefly introduce the Algorithmic Enhancement Framework
(AEF), designed to extend these methodologies for broader algorithm
enhancement. AEF employs the collaborative use of LLMs to generate
and refine solutions iteratively, offering a novel foundational approach for
incorporating LLM capabilities for the refinement of algorithms across a
broad range of computational domains.
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1 Introduction

Large Language Models (LLMs) like GPT |23|, Llama [24], and PaLM [26] have
transformed interactions with data and language through their ability to inter-
pret and generate human-like text. These models are applied in creative writing,
technical problem-solving, robot task planning, and more, marking significant
advancements in artificial intelligence [11}20}25]. AT’s role in algorithm enhance-
ment is expanding, as demonstrated by studies like AlphaDev [8], which show
AT can develop more efficient search algorithms. The creative problem-solving
abilities of LLMs |[3}/4,|18] have opened new avenues for algorithm improvement,
especially when combined with evolutionary strategies [51/7].

However, current applications of LLMs for algorithm optimization often focus
on small, predefined solution spaces or structured code generation, limiting their
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potential for cross-domain creativity. Complex algorithms, particularly in inter-
disciplinary fields, require solutions that integrate ideas from various domains.
Social Networks Analysis (SNA) is a promising area for leveraging LLMs’ inter-
disciplinary strengths, as algorithms for community detection and search algo-
rithms can utilize domain-specific heuristics to adapt to different network types.

In this paper, we explore enhancing community detection algorithms using
LLMs. Specifically, we demonstrate how ChatGPT can suggest innovative vari-
ations to the SIWO (Strong In, Weak Out) community mining algorithm [9].
Our results show that LLMs can improve algorithm performance by generating
creative enhancements, leading to faster execution times. Building on this suc-
cess, we propose the Algorithmic Enhancement Framework (AEF'), a generalized
approach for broader algorithm improvement. AEF leverages LLMs’ extensive
knowledge and interactive capabilities to iteratively develop and evaluate in-
novative solutions, supported by the Knowledge Storage Module (KSM), Idea
Synthesis Module (ISM), and Code Synthesis Module (CSM). KSM serves as a
dynamic knowledge base and version control system, enabling ISM to generate
and rank improvement ideas while CSM translates these ideas into executable
code for evaluation. AEF also utilizes multiple LLM agents in a collaborative set-
ting to enhance idea synthesis, a method demonstrated to improve performance
in areas such as code generation and problem-solving [1,(28}[29].

The rest of the paper is organized as follows. Section [2| reviews related work.
Section [3| provides background on SIWO and how ChatGPT can enhance it.
Section [] introduces our framework and its potential implementations. Finally,
Section [bl summarizes our work and discusses future directions.

2 Related Work

Large Language Models: Recent advancements in Large Language Models
(LLMs) have showcased their versatility and interpretive capabilities across var-
ious domains. For instance, GPT-4 [23]| excels in generating human-like text
and code, while LLaMA 2 |24] offers an efficient and scalable training approach,
which enables broader access within the research community. PaLM 2 [26] also
showcases strong multilingual, reasoning, and coding skills.

Studies suggest LLMs contribute to early artificial general intelligence through
creative problem-solving and adaptive learning [25,27]. Chen and Ding [3] in-
vestigate LLMs’ creative thinking through the divergent association task, and
Franceschelli |4] analyzes their creativity in writing. Guo et al. [18] evaluate
LLMs’ optimization capabilities, introducing performance metrics and highlight-
ing the benefits of specific prompting. Yang et al. |16] develop Optimization by
Prompting (OPRO), demonstrating LLMs’ adaptability and efficiency in solving
various optimization tasks.

Automatic Algorithm Design: Automatic algorithm design aims to auto-
mate the creation of algorithms with minimal human intervention. This field
primarily utilizes meta-heuristics, a high-level problem-independent algorithmic
framework, to guide the search process for finding efficient and effective solutions
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to complex optimization problems. Even though they do not guarantee an opti-
mal solution, they are effective for a wide range of problems [6]. Burke et al. [14]
explore hyper-heuristics for selecting and generating heuristics, while Meng and
Qu [12] introduce AutoGCOP for automating local search algorithm design.
Zhao et al. |13] conduct a survey on meta-heuristic algorithm creation, and Mei
et al. [21] discuss genetic programming for enhancing model interpretability.

The integration of LLMs into algorithm design has led to innovative evolu-
tionary methods. Lehman et al. [17] combine genetic programming with LLMs
to evolve programs using natural language prompts. Meyerson et al. [19] in-
troduce LMX, leveraging LLMs’ in-context learning for evolutionary algorithms
across different domains. Bradley et al. [22| present OpenELM, a Python library
that uses LLMs for generating variations and evaluating fitness in evolutionary
algorithms. Liu et al. |5,/15] propose the AEL framework, which outperforms
hand-crafted algorithms for the traveling salesman problem. Romera et al. [7]
introduce FunSearch, merging LLMs with evolutionary algorithms to find solu-
tions for complex problems. Compared to the current approaches, our approach
differs by focusing on cross-domain knowledge transfer, multi-agent collabora-
tion, and explainability, as detailed in Section [£.1}

3 Case Study: Enhancing the SIWO Algorithm

Community detection identifies all communities in a network, while community
search finds dense subgraphs around specific nodes. We use SIWO (9], a state-of-
the-art algorithm for both tasks, as a case study to demonstrate improvements
with ChatGPTﬂ Although other language models could be used, we chose GPT
for its availability and proven collaboration capabilities |32].

SIWO (Strong In, Weak Out) was introduced by Gharaghooshi et al. [10]
for global community detection and has since evolved into a capable local search
method for weighted, unweighted, and uncertain graphs [9,/31]. Global commu-
nity detection (SIWO+) is achieved by running the local STWO multiple times
iteratively, with different starting nodes in the unexplored regions. In this sec-
tion, we explain SIWO and its enhancement using LLM assistance.

3.1 Preliminaries

We use the concept of “Edge Strength” from Gharaghooshi et al. |[10], where each
edge has a strength between —1 and 1, with higher values indicating stronger
connections. The strength is based on the support value, which counts the num-
ber of shared neighbors (triangles) between two nodes:

Support: For a graph G = (V, E)), the support of edge e, , is the number of
mutual neighbors of u and v:

sup(u,v) = [{w € V | eyw,€pw € E}| (1)

4 |https://chat.openai.com/|  Version: GPT-40, Apr 10, 2024
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Here, sup(u,v) is the size of the set of nodes that are adjacent to both u and v.
Link Strength: The strength s, , of the link between v and v is:

suﬂ,:sup(u,v)( L1 )-1 @)

SUPy, max SUPy, max

where supy max = MaXy,ecvy (u){5up(u, w)} and Vi (u) are the neighbors of u. The
SIWO algorithm [9] is based on these definitions, which we will now outline.

3.2 Algorithm Overview

SIWO uses a greedy approach to expand communities from a query node. It
starts by calculating support and strength for connections between the com-
munity and its shell set (neighbors of C' not in the community). The strongest
connected node from the shell is then added, and the shell is updated with new
neighbors of the added node (excluding current community members). The al-
gorithm stops when no new nodes can be added (i.e. the best addition does
not increase the community’s overall strength). We will now explore how we en-
hance SIWO, by using ChatGPT to propose algorithmic improvements, aiming
for better performance and faster execution.

3.3 Enhancements

The enhancement of STIWO was performed using a custom GPT instanc named
SIWO-GPT, which we connected to a custom knowledge base containing the STWO
paper |9] and its implementationﬂ We instructed SIWO-GPT to identify optimiza-
tion and innovation areas and propose novel enhancements by providing a de-
tailed algorithm outline in its system prompt, in addition to descriptions of the
added background material. This Retrieval-Augmented Generation (RAG) [30]-
like setup enabled SIWO-GPT to generate informed, context-aware improvement
suggestions without the costs and time associated with manual model fine-
tuning. Subsequently, SIWO-GPT proposed several potential enhancements. The
input prompts and summarized outputs are shown in Figure [I} The complete
chat history, including all prompts and responses, can be found hereﬂ

Based on expert evaluation, we pursued the “Parallel Processing for Scala-
bility” avenue, which after a discussion with SIWO-GPT, was turned into a tan-
gible, refined idea ready for implementation, which focused on using a matrix
multiplication technique to optimize SIWO’s support and strength calculations
(see Figure [2| for Iteration 1). Even though several innovative ideas inspired
by cross-domain knowledge were suggested (e.g. quantum computing techniques
and methods from statistical physics), these ideas were not explored further in
our current work due to time constraints and the scope of this paper. However,

® lhttps:/ /openai.com/blog/introducing-gpts
5 |https://github.com /talebirad /STWO
7 https://gist.github.com /talebirad /700d80e6627389665a3f52a59f040ea8
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Initial Prompt and Instructions

LLM Response:
Expert Prompt:

1. Graph Embedding Integration

Your goal is to produce a diverse set of 5 2. Parallel Processing for
improvement ideas with enough details that Scalability

push the boundaries of what’s currently 3. Dynamic Threshold Adjustment
possible with the SIWO algorithm, each 4. Adaptive Memory Management
accompanied by a description. The required 5. Hybrid Community Discovery
material about SIWO is uploaded in your Approach

Knowledge folder.

Instructions:

Using the uploaded background knowledge on the algorithm SIWO, in each

step, generate innovative enhancement ideas for SIWO that could address

its limitations, extend its capabilities, or introduce new optimizatioms.
Think broadly and creatively, drawing inspiration from cross-domain topics or
entirely new methodologies.

Fig. 1. Initial Prompts and Instructions for Idea Generation. The responses
are summarized to include only the idea titles.

they represent promising avenues for future research (Refer to Section. Below,
we present SIWO-GPT’s detailed explanation of optimizing SIWQO’s calculations
using the matrix multiplication technique.

“Using matrix multiplication to compute support and strength values involves
leveraging the adjacency matrix A. The process can be outlined as follows:
Adjacency Matrix: For a graph G, the adjacency matrix A is a square matrix
where A;; = 1 if there is an edge between nodes ¢ and j, and 0 otherwise.
Matrix Multiplication for Support Calculation: The support sup(u, v) for
an edge (u,v) can be calculated by identifying the number of mutual neighbors
between nodes u and v. This can be achieved by computing the square of the
adjacency matrix A2. The element (i,7) in the resultant matrix A2 represents
the number of paths of length 2 between nodes ¢ and j, which corresponds to
the number of mutual neighbors (or the support values).

Computing Strength Values: Once the support values are obtained, the
strength s, , can be computed using the provided formula. The maximum sup-
port value supy maz and sup, maee for each node can also be determined by
examining the support values involving node u and v, respectively.’ﬂ

The matrix techniques for support and strength calculations were validated
for mathematical accuracy and feasibility through consultations with another
GPT instance and a human expert. After implementing the suggested technique
with the help of a custom GPT with coding capabilities, we generated random

8 This description is generated by SIWO-GPT.
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Prompts for Idea Refinement

Expert Prompt:

Let’s proceed with the second idea. What
are the stages in SIWO that might benefit
from parallel processing?

LLM Response:

1. Initialization and Strength
Calculation
2. Community Detection and Expansion

3. Convergence Checking

Expert Prompt: LLM Response:
Please provide several ways on how the
strength calculation can be parallelized.

I have provided the formulas for the
strength and support values. How do

you think they can be implemented
efficiently? Try to think out of the

box, and explore interdisciplinary methods
or the application of techniques from other
fields.

1. Distributed Graph Processing
Frameworks

2. Matrix Multiplication

3. MapReduce Paradigm

4. Quantum Computing

5. Network Science and Statistical
Physics Methods

Expert Prompt: LLM Response:
Please provide details on how matrix
multiplication can be utilized for
computing the support and strength values.

*#The details of this method are given
in Section [33.

Fig. 2. Prompts for Idea Refinement and Parallelization. The responses are
summarized to include only the idea titles.

Erdés-Rényi graphs to ensure that the calculated values and the identified com-
munities matched those of the original SIWO implementation.

In the original paper ﬂgﬂ, SIWO’s community detection quality was thor-
oughly evaluated using real and synthetic datasets with ground-truth commu-
nities, which demonstrated superior memory management in larger graphs. In
medium-sized graphs, memory usage was not a significant concern compared
to execution time. Therefore, in this study, we focused on improving execution
time and computational efficiency without re-evaluating metrics like modularity
and Normalized Mutual Information (NMI). This led us to choose Erdgs-Rényi
graphs to evaluate runtime across different sizes and densities, because of their
randomness and controllable density via the parameter p. Large dense graphs
were excluded due to memory errors encountered during creation. For each con-
figuration, we sampled 5000 edges, except for the small sparse graph, which had
fewer edges, resulting in a sample size of 1000 edges. The graph specifications
were as follows:

Small, sparse: 1000 nodes, Erdés-Rényi p = 0.01.
Small, dense: 1000 nodes, Erdés-Rényi p = 0.5.

— Medium, sparse: 10000 nodes, Erdés-Rényi p = 0.01.
— Medium, dense: 10000 nodes, Erdés-Rényi p = 0.5.
Large, sparse: 25000 nodes, Erdés-Rényi p = 0.01.
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We evaluated the generated code on these graph configurations to assess cor-
rectness and performance improvements over the original SIWO method. Eval-
uation and graph generation were conducted in Google Colaboratoryﬂ due to
memory and time limitations of ChatGPT’s Code Interpreter. Both implemen-
tations used a caching mechanism as suggested by Zafarmand et al. E[I to ensure
a fair comparison. The evaluation results are shown in the second row (Iteration
1) of Table |1} with experiments exceeding 20 minutes or encountering memory
issues being labeled as TLE and MLE, respectively. Results indicate that the
matrix-based approach outperforms the original method on dense graphs but
falls short in sparse graphs. Furthermore, the original SIWO algorithm hit a
time limit in the medium-dense graph despite sufficient memory, as it needed to
calculate support and strength values for many edges. Dense matrix multiplica-
tion likely caused excessive memory usage in the large-sparse graph, leading to
termination.

Motivated by these findings, we included the evaluation results in the prompt
for the second iteration to encourage the generation of ideas that further optimize
the existing matrix approach or entirely new ideas. SIWO-GPT then generated
several ideas, including graph simplification, incremental updates, and notably,
sparse matrix optimization techniques to enhance computational performance
in low-density graphs. The input prompt and summarized outputs are shown in
Figure [3] We then generated error-free code for sparse matrix operations with
LLM assistance, followed by validation and performance evaluation. The results
are presented in the third row (Iteration 2) of Table

Second Iteration Prompts for Idea Generation and Optimization

Expert Prompt: LLM Response:

Here are the results after evaluating the 1. Optimization for Sparse Graphs
performance of the matrix-based approach 2. Hybrid Approach
on several graphs: 3. Decomposition and Recombination
"Results are given here” 4. Graph Simplification
5. Incremental Updates
And these are the specifications of
the graphs:
"Graph specs are given here”

Drawing inspiration from these results
in each category, how do you think

we can improve the performance of the
implementation of the new matrix-based
approach?

Fig. 3. Second Iteration Prompts for Idea Generation and Optimization. The
responses are summarized to include only the idea titles.

9 lhttps://colab.research.google.com/
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‘Approach ‘ Small Sparse ‘ Medium Sparse

Original 0.031s 10.36s 96.82s 5.79s TLE

Large Sparsc‘Small Dcnsc‘Medium Dense

LLM Idea (Iteration 1)|0.085s 70.90s MLE 0.45s 180.58s
LLM Idea (Iteration 2)|0.08s 5.09s 55.91s 5.09s TLE
LLM Idea (Iteration 3)|0.08s 5.09s 55.91s 0.45s 180.58s

Table 1. Results for evaluation of LLM ideas until iteration 3

The results show that the modified approach is more effective for the sparse
graph, running within time and memory limits and halving the runtime of the
original method. However, it struggles with the dense graph by exceeding the
20-minute threshold and resulting in a TLE error, likely due to overhead in
managing non-sparse matrices and lower efficiency compared to dense matrix
operations in high-density graphs. Furthermore, in the small-sparse graph, the
runtime differences between the original and optimized methods were negligible.

We then initiated a third iteration, prompting SIWO-GPT to generate ideas for
further enhancing the algorithm by combining previous approaches. Among sev-
eral suggestions, we selected the “Adaptive Algorithm Selection Based on Graph
Density” and proceeded to integrate the codes from the previous two iterations
into a new algorithm that first calculates the input graph density, and then
selects the appropriate optimization technique (sparse or dense matrix multipli-
cation). The code then underwent another cycle of validation and evaluation,
with results presented in the last row of Table

After this last iteration, we concluded this enhancement cycle for STIWO, re-
sulting in a new variation that outperforms the original method in sparse and
dense graphs that are not very large. Note that during idea generation, SIWO-GPT
proposed several innovative enhancements inspired by cross-domain knowledge,
such as quantum computing techniques and methods from network science and
statistical physics. Although not explored further due to time constraints, these
ideas represent promising avenues for future research and demonstrate the po-
tential of LLMs to contribute creative solutions from diverse fields.

4 Towards a General Framework

Building on our initial exploration, we propose the Algorithmic Enhancement
Framework (AEF), a structured and iterative approach to improve computer sci-
ence algorithms using LLMs. We focus on a general implementation that lever-
ages RAG and LLM capabilities without being tied to a specific model.

AEF consists of three main modules: the Knowledge Storage Module (KSM),
the Idea Synthesis Module (ISM), and the Code Synthesis Module (CSM). KSM
is a dynamic knowledge base used for storing, retrieving, and updating all data
required in the enhancement process. Each cycle begins with ISM retrieving
data from KSM to generate and rank ideas for improving the algorithm based
on their potential impact on target metrics. These ideas, along with their scores,
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Store Evaluation Result:

— —_—
Self-Refinement Self-Refinement

—Prompt GeneratonL

tsmre Ideas—J
Store Implementation

Fig. 4. Workflow of the Algorithmic Enhancement Framework (AEF). Start-
ing with problem specifications and background resources, the framework iteratively
synthesizes ideas, implements them as code, evaluates the results, and updates the
knowledge base until the termination condition is met.

—Selected Ideas and Prompts: —Implemented Codes—p- —Term Condition Met:

Code Synthesis Module =
Evaluation & Metrics .,

Knowledge Storage Module i
Idea Synthesis Module _

are refined and stored in KSM. CSM then retrieves the selected ideas from KSM,
generates executable code, and stores the implementations back in KSM. The
generated code is evaluated, and the results, including updated impact scores,
are saved in KSM for use in the next iteration. An overview of the framework is
demonstrated in Figure 4] The iterations in our framework mirror methodologies
like the scientific metho% and Design Science Research [35], with their empha-
sis on iteratively improving hypotheses based on empirical evidence. Using the
empirical results to form more realistic ideas based on their impacts also draws
inspiration from a concept called in-context or few-shot learning |2]. We will now
go over each module in detail.

e Knowledge Storage Module (KSM): KSM is a dynamic knowledge
base and version control system that provides all modules access to external
knowledge not present in their training data. It functions as a RAG system,
which involves embedding documents or data into a vector space using embed-
ding models and storing them in a vector database for efficient retrieval. KSM
is represented as a structured database K = {Kaig, Kbg, Kideas} and contains:

1) Algorithm Specifications (ICaig): Includes detailed descriptions of the
algorithm, including pseudo-code, and mathematical formulations.

2) Background Resources (Kyg): Includes relevant literature, code reposi-
tories, datasets, and other external resources that provide context.

3) Ideas (Kigeas): Includes a collection of ideas for each iteration ¢, notated as
IM = {I{t), IQ(t), . ,I,g?}. Each idea IJ(»t) is associated with a description, scoring
vector s;, overall score S;, status (e.g., implemented, evaluated, discarded), and
a set of implementations (C; = {Cj1,Cja, ..., Cjmn}). Each implementation Cjj
includes version information, the code, and the evaluation results vector (E;i)
based on the metrics. The framework is initialized by assembling KSM, which
involved preparing K., and K.

10 https: //en.wikipedia.org/wiki/Scientific_method
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¢ Idea Synthesis Module (ISM): ISM generates and ranks improvement
ideas for the algorithm through an iterative process that combines generative
and evolutionary strategies, supported by the knowledge base K. Initially, ISM
defines a set of criteria C' = {¢y, ¢, . . . , ¢ } With associated weights w; indicating
their importance, which is used in the scoring mechanism. The criteria and their
weights remain consistent across iterations and may include feasibility, expected
performance impact, and the novelty of each suggestion.

At iteration ¢, ISM utilizes chain-of-thought prompts and data from KSM to
prompt LLMs to generate and refine a set of ideas I®) = {I; (&) I v (t)}

For each idea I , ISM may perform multiple internal refinement iterations [
(up to a maximum Imax) involving back-and-forth interactions between LLMs
(or between human and Al), using techniques like chain-of-thought prompting
and multi-agent collaboration, to ensure that the idea is tangible and ready to
implement. This process may include generating detailed prompts that will be
used by the LLMs in CSM. These ideas can be either:

1) Novel ideas that are unconventional and generated through the interdis-
ciplinary knowledge of LLMs, with the potential to enhance the target metrics.

2) Refined ideas created by improving existing concepts from prior itera-
tions based on their evaluations, similar to mutation in evolutionary algorithms.
Vision-enabled LLMs can be used to incorporate visual information of the eval-
uation results from previous iterations.

3) Combined ideas that come from merging successful strategies from prior
iterations into more robust solutions, akin to crossover in evolutionary algo-
rithms. This may include developing adaptive algorithms that select optimiza-
tion strategies based on input characteristics (e.g., graph density in the STWO).

In ISM, the number of ideas k; at iteration ¢ is kept small to manage com-
putational resources. ISM can also dynamically adjust the prompts based on
internal variables to initially focus on generating new ideas and gradually shift
to refining and combining existing ones as idea quality improves.

ISM then prompts the LLMs to rank the ideas I(*) for each criterion ¢; and
assigns heuristic scores based on those ranks. For instance, if there are k; ideas,
an idea ranked first can receive a score of k;, second a score of k; — 1, and so
on. Let s;; be the score for idea j on criterion 7. The overall score S; for idea

I ](-t) is calculated as: S; = Z?ll w;sj;. Finally, ideas are ranked by their overall
scores and the top candidates, along with their score vectors and overall scores,
are stored in Kjqeas marked as pending under iteration ¢ for implementation in
the next stage.

ISM can contain multiple “LLM agents” with different roles that collabo-
rate by validating mathematical concepts, providing multiple rankings for bet-
ter heuristic scores, updating KSM with additional material (e.g., searching the
web for recent developments), checking ideas on the web for novelty, and en-
gaging in discussions to simulate a group of experts from various domains. For
instance, one agent could act as a proposer, another as a validator for mathemat-
ical soundness, and a third as a critic assessing novelty against existing literature.



Enhancing Algorithms with LLMs: A Case Study 11

Frameworks like LangChain [34] can be used to connect modules, define agent
roles, and manage the flow of information between the LLMs and KSM.

e Code Synthesis Module (CSM): CSM translates selected ideas from
ISM into executable code using LLMs specialized in coding, with self-refinement
loops for continuous improvement and debugging. It accesses Kiqeas to retrieve
the selected ideas in iteration ¢, and incorporates information from Ku, and Kyg

to guide the coding process. For each selected idea I j(-t), CSM may use the detailed
prompts generated by ISM to facilitate code generation. It then generates an
initial code C}1, and iteratively refines the code using error messages and test
results to improve functionality [27], with limits on the number of iterations or
runtime to prevent indefinite refinement. The code implementations from this
iteration C; = {C}1,Cja, ...} are stored in Kigeas under the corresponding idea

I ](-t), along with version information, timestamps, and implementation details.
Note that in CSM, multiple LLMs each responsible for an idea can be run in
parallel to generate the codes, speeding up the process.

e Evaluation and Iteration: The generated implementations C; are eval-
uated locally using predefined test cases and benchmarks to ensure correctness
and measure target metrics specified by the user, such as runtime, memory usage,
and scalability. Evaluation results £ for each implementation C;, are recorded

in Kjqeas under the corresponding idea I j(t)7 including vectors of the evaluation
metrics. Paths to plots or images generated during evaluation, along with their
descriptions, are also stored in KSM.

These results inform the next iteration, where ISM uses the updated K to
generate ideas using the three aforementioned avenues and rank them while
focusing on the most effective ones. This feedback loop allows the framework
to iteratively improve the algorithm based on empirical performance data and
guarantees the generation of more informed ideas that build upon previous suc-
cesses and address past shortcomings. This is based on the possibility that some
suggestions may not yield universal improvements, as seen in our case study
where different optimizations were needed for sparse versus dense graphs. The
framework treats such setbacks as learning opportunities that refine the solution
space.

e Termination: The iterations continue until a termination condition (e.g.,
reaching a maximum number of iterations T,.x or achieving target evaluation
metrics) is met. The framework then outputs the best ideas from Kigeas, accom-
panied by their implementations, version histories, and evaluation results.

4.1 Discussion

Our proposed framework distinguishes itself from previous works in three areas:
1) Cross-domain Knowledge Transfer: AEF utilizes the extensive knowl-
edge bases of LLMs coupled with a RAG to take different scientific domains into
account to generate innovative and interdisciplinary ideas to improve algorithms.
2) Multi-agent Collaboration: AEF utilizes multi-agent collaboration within
ISM. Multiple LLM agents with specialized roles can verify mathematical con-
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cepts, aggregate heuristic scores for better ranking, update KSM with new in-
formation, and engage in discussions.

3) Explainability: AEF emphasizes explainability by ensuring that each
proposed idea is accompanied by detailed, human-readable explanations. Unlike
models that focus solely on code generation, AEF uses LLMs to provide clear
and comprehensive descriptions of each enhancement. This transparency helps
users understand the reasoning behind each idea and the evaluation results,
making the framework’s processes more transparent and understandable. This
human-centric approach is also critical for validating the LLM’s outputs, guard-
ing against potential hallucinations, and ensuring that the final enhancements
are both sound and practical.

5 Conclusion & Future Works

In this paper, we demonstrated the potential of Large Language Models (LLMs)
to enhance algorithms through a case study on the community detection algo-
rithm SIWO, achieving over a 50% reduction in execution time for specific graph
configurations. We showcased how interdisciplinary knowledge can drive signifi-
cant performance improvements by integrating LLM-generated modifications.

Furthermore, we introduced the Algorithmic Enhancement Framework (AEF)
a structured approach designed to generalize the use of LLMs for algorithm op-
timization across various computational domains.

Despite these promising results, our study is limited by its focus on a single
algorithm and specific graph types, which may restrict the generalizability of the
findings. Additionally, the scope was confined by different constraints, preventing
the exploration of all proposed enhancement ideas.

Future work will aim to apply AEF to a broader range of algorithms from
diverse domains to validate its effectiveness and generalizability. We also plan to
implement an automated version of the framework to incorporate additional eval-
uation metrics, enhance multi-agent collaboration, and integrate user feedback
mechanisms to align algorithm improvements with specific application require-
ments.
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