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ABSTRACT 
 

Large Language Models (LLMs) represent a significant innovation within the field of 

Generative AI (GenAI), yet their practical deployment is hampered by a critical trade-

off between the high performance of large models and the cost-efficiency of smaller 

ones. This research addresses this challenge by designing and evaluating an intelligent 

LLM routing system to optimize both cost and performance. Four distinct routing 

methods, including standalone classifiers like XGBoost and a hybrid KNN+XGBoost 

model, were evaluated on their ability to dynamically select the most suitable LLM for 

queries across diverse benchmarks: conversational (MT-Bench), mathematical 

reasoning (GSM8K), and multi-domain (MMLU). The results demonstrate that the 

proposed routing framework achieves significant cost savings, reducing expenses by 

up to 2.76× on MT-Bench with minimal impact on response quality. The hybrid 

KNN+XGBoost model proved most robust, particularly on the challenging MMLU 

benchmark where other models failed, simpler classifiers struggled in specialized 

domains. Ultimately, this project validates LLM routing as a powerful strategy for cost 

optimization. 

 

Area of Study: Generative Artificial Intelligence 

 

Keywords: Large Language Models, Generative Artificial Intelligence, LLM Routing, 

Machine Learning, Similarity Based Index Routing 
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CHAPTER 1 - Project Background 
 

1.1 Introduction  

 

In recent years, Generative Artificial Intelligence (Gen AI) has gained 

significant traction across various domains, including natural language processing, text-

to-image generation, and text-to-video content creation. Gen AI models, such as 

Generative Adversarial Networks (GANs), diffusion models, and Transformer-based 

models, have demonstrated impressive capabilities in generating high-quality data, 

from images and text to more complex multi-modal outputs. The creation of these 

models has opened many possibilities for the future of AI advancement.  

At the same time, Large Language Models (LLMs) have rapidly advanced in 

recent years, delivering state-of-the-art performance across tasks such as conversation, 

summarization, code generation, and reasoning. While larger models achieve superior 

accuracy and reasoning ability, their deployment is costly in terms of computation and 

latency. Conversely, smaller models are more affordable but often underperform on 

complex tasks.  This is because larger LLMs contain billions of parameters, requiring 

powerful GPUs, large memory, and complex inference pipelines that generate tokens 

sequentially, leading to slower responses and greater operational expenses. In contrast, 

smaller LLMs are faster, cheaper to deploy and better suited for high-volume or 

domain-specific tasks, making them more practical for enterprises and real time 

applications. 

This trade-off between capability and efficiency has motivated LLM routing, 

the process of directing each query to the most suitable model. By routing simpler tasks 

to lightweight models and reserving more complex tasks for powerful ones, routing 

frameworks promise to optimize both cost and performance. A notable recent 

development is the automatic model selection mechanism in GPT-5, where a built-in 

router dynamically chooses the most appropriate model variant per query [1].This 

demonstrates how routing can operate at scale in real-world applications, inspiring 

research into more generalizable routing solutions. 
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1.2 Research Objectives 

 
The main objective of this project is to effectively route user task prompts to LLMs 

to minimize cost. The project shall achieve the following sub-objectives: 

• To design and evaluate four routing methods capable of efficiently selecting the 

most suitable large language model (LLM) for each query across diverse 

domains. 

• To analyse the trade-offs between accuracy, and cost in LLM routing, and to 

demonstrate that the proposed approach achieves significant cost savings on 

popular benchmarks with minimal impact on response quality. 

 

1.3 Problem Statement and Motivation  

  

The diversity in LLM capabilities and resource demands poses a deployment 

dilemma: using a high-capacity model for all queries ensures quality but is inefficient 

and expensive; using smaller models lowers cost and latency but risks poor responses 

for complex tasks. Current approaches rarely provide unified, flexible solutions that 

generalize across domains and model families. 

The introduction of automatic model selection in GPT-5 has demonstrated the 

potential of routing mechanisms to balance computational efficiency and task 

performance. Nonetheless, this feature is tightly coupled to the OpenAI ecosystem and 

remains largely opaque in its operation. Moreover, the rollout of GPT-5’s automatic 

routing has been met with notable public criticism. Users expressed dissatisfaction with 

the removal of manual model selection, citing reduced transparency, diminished 

control, and workflow disruptions as key concerns[2], [3] .In response to sustained user 

backlash, OpenAI reintroduced access to legacy models (e.g., GPT-4o) and 

implemented optional routing modes (“Auto,” “Fast,” and “Thinking”) [4], reflecting 

the tension between automation and user agency in LLM deployment .These 

developments highlight the limitations of ecosystem-specific and opaque routing 

strategies, revealing the importance of designing more transparent, flexible, and 

generalizable frameworks. Recent studies [5], [6], [7], [8], [9] have begun exploring 

cross-model routing approaches that operate across heterogeneous LLMs, suggesting a 
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research direction toward scalable, model-agnostic routing systems capable of adapting 

to evolving model landscapes and diverse application demands. Hence, this research on 

similarity index-based task routing for LLMs is conducted to explore different routing 

methods to reduce cost. 

 

1.4 Project Scope and Directions  

 

This project's scope is centered on the design, implementation, and empirical 

evaluation of a task router for Large Language Models (LLMs). The primary goal is to 

create a task router that can intelligently and automatically allocate computational 

resources by selecting from a strong and weak LLM to optimize the trade-off between 

performance and cost.  

Design and Implementation of Routers: To thoroughly investigate the routing 

problem, the project implements and compares four distinct methods. These include 

direct supervised classifiers (XGBoost and Logistic Regression) trained on prompt 

embeddings, a non-parametric similarity model (KNN) that relies on a majority vote 

from similar prompts, and an advanced hybrid model that combines both approaches 

by enriching embeddings with similarity-based features before classification. 

Evaluation Methodology: The project adheres to a rigorous evaluation framework 

consistent with the RouteLLM paper so that a comparison can be made with the result 

of the paper. This involves benchmarking all implemented models on diverse, unseen 

test datasets (MT-Bench, GSM8K, MMLU) and using a standardized set of efficiency 

metrics (CPT(50%)/CPT(80%) and APGR). 

1.5 Contributions  

1. Provide the implementation of four routing methods that select the LLM for 

each query efficiently. 

2. Provide methodology to analyse routing efficiency and conduct experiments 

across domains to evaluate accuracy, and cost trade off.  
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3. Demonstrated  routing approaches that can achieve cost savings up to 2.76 

saving on multiple popular benchmarks with minimal trade-off on the response 

quality. 

The primary contribution of this work is the design of a routing framework that enables 

efficient selection of LLMs for each query. In addition, a systematic analysis of routing 

efficiency is conducted through experiments across multiple domains, evaluating 

performance trade-offs in terms of accuracy and cost. The results demonstrate that the 

proposed routing approach achieves substantial cost savings on widely used 

benchmarks, while maintaining competitive response quality. Collectively, these 

contributions establish a foundation for scalable and reliable deployment of different 

LLMs in practice. 

1.6 Project Organization  

 

The project report includes five chapters. Chapter 1 introduces the problem statement, 

motivation, research objectives, and contributions this project will bring. Chapter 2 will 

show literature reviews of relevant generative AI models, related works and 

benchmarks. Chapter 3 details the proposed solution and approach while describing the 

high-level architecture overview of the solution. Chapter 4 will describe the 

experimental work. Chapter 5 will show the evaluation of the results of the experiments. 

Chapter 6 will describe the conclusion from this project. 

 

 

 

 

 

 

 

 

 

 



CHAPTER 2 - Literature Review 

5 

Bachelor of Computer Science (Honours)  

Faculty of Information and Communication Technology (Kampar Campus), UTAR 
 

CHAPTER 2 - Literature Review 
 

2.1 Existing Generative AI Models 

 

 

Figure 2.1.1.1 Gemini 1.0 model family 

Gemini Flash models leverage the Transformer architecture, often incorporating 

Mixture-of-Experts for efficient processing [10].These Mixture-of-Experts models 

divide the network into smaller, specialized expert pathways, selectively activated 

based on the input to improve efficiency. Gemini Flash is also a multimodal model, 

accepting diverse inputs like text, code, images, audio, and video. Key features the 

ability to utilize native tools such as structured output mode which let it always output 

text in JSON format. 
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Figure 2.1.1.2 shows the comparison of LLM on price, quality and speed 

In the current landscape, there are many closed source and open source generative AI 

models available on the internet. Notably, Gemini Flash and Pro model offer largest 

context window (1 million for Flash models and 2 million for Pro model) at a very low 

price.  

2.2 Related Works 

 

Figure 2.2.1  shows data augmentation improves performance of RouteLLM’s router 

RouteLLM, represents a significant advancement in the field by introducing a 

principled framework specifically designed for binary routing between strong and weak 

LLMs. The methodology centers on training router models using human preference 
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data from Chatbot Arena, combined with sophisticated data augmentation 

techniques which enhance performance across diverse scenarios as shown in Figure 

2.2.1. 

RouteLLM evaluates four distinct router architectures: matrix 

factorisation, similarity-weighted ranking, BERT-based classification, and causal 

LLM-based routing. Experimental results [11] show cost reductions of over 85% on 

MT-Bench, 45% on MMLU, and 35% on GSM8K while achieving 95% of GPT-4's 

performance. Particularly noteworthy is the framework's superior performance 

compared to commercial routing solutions, achieving comparable results while being 

over 40% cheaper. 

TensorOpera Router (TO-Router), proposed by [7], presents a production-

oriented solution to the multi-LLM routing trilemma balancing query execution time, 

monetary cost, and model performance. The framework integrates multiple LLM 

experts into a unified pipeline through a three-phase methodology like in Figure 2.2.2. 

 

Figure 2.2.2 Overview of TensorOpera Router’s three phase methodology 

In the data preparation phase, expert models are used to generate training 

datasets with key metrics such as negative log-likelihood, BERT similarity scores, 

inference time, and token counts. A novel contribution is the use of temperature-scaled 

softmax functions on BERT similarity scores to generate soft labels, enabling the router 

to learn expert ranking rather than rely on hard classifications. 
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During router training, four approaches are evaluated: Random-Router, k-

Nearest Neighbors Router, MLP-Router, and BERT-Router. Among these, BERT-

Router consistently achieves superior results across evaluation dimensions. 

In the deployment phase, the router functions as a standalone endpoint for query 

processing, including tokenization, encoding, classification, and expert selection. 

Reported improvements include up to 40% higher query efficiency, 30% cost reduction, 

and 10% performance gains compared to using standalone expert models. 

 

Figure 2.2.3 TensorOpera Router’s proposed edge-to-cloud collaborative routing 

 

Evaluation across four benchmarks: Ai2-ARC, GSM8K, MBPP, and 

PubMedQA using seven expert models demonstrates that BERT-Router achieves near-

optimal routing performance, significantly outperforming naive baselines. 

Furthermore, TO-Router proposes the idea of edge-to-cloud collaborative routing, 

dynamically deciding whether queries are processed locally by small models or routed 

to more powerful cloud-based experts. 
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Figure 2.2.4 Eagle’s ELO ranking based LLM router  

 

Eagle, proposed by [6], introduces a training-free routing framework designed 

for scalability and real-time adaptation in high-volume online environments as shown 

in figure 2.2.4. Unlike training-intensive methods, Eagle enables immediate 

deployment by leveraging a dual global–local ELO ranking system. The global module 

assesses general LLM capabilities across diverse tasks, while the local module 

evaluates specialized expertise for specific query types, allowing for balanced and 

adaptive routing decisions. 

Borrowing from competitive gaming, the ELO ranking mechanism dynamically 

updates model performance based on user feedback and query outcomes, ensuring 

continuous adaptation to evolving conditions. Experimental results highlight Eagle’s 

effectiveness, showing up to 23.52% improvements in AUC, 1/20 initialization time, 

and 100–200× faster incremental updates compared to baseline methods. 

By eliminating the need for extensive training data and heavy preparation, Eagle 

offers a lightweight yet adaptive routing solution well-suited for real-world, large-scale 

online serving scenarios where efficiency and rapid responsiveness are essential. 
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Figure 2.2.5 shows how MetaLLM serves queries to LLM Provider 

MetaLLM, introduced by [9],frames LLM routing as a multi-armed bandit 

problem, offering a principled alternative to heuristic-based approaches by balancing 

prediction accuracy with cost efficiency under uncertainty. Instead of relying on query 

difficulty estimation, the framework leverages Sentence-BERT embeddings and a 

linear reward model to guide routing decisions. 

Experimental results across commercial APIs demonstrate its effectiveness: on 

OpenAI models, MetaLLM improves accuracy by around 1% over the best single 

model while reducing costs by up to 60%, and on Amazon Bedrock APIs it achieves 

up to 40% cost reduction without compromising performance. By dynamically 

exploiting the heterogeneous strengths of different LLMs, MetaLLM successfully 

routes simpler queries to cheaper models and reserves more powerful models for 

complex tasks, ensuring a robust balance between quality and efficiency. 
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Figure 2.2.5 EmbedLLM proposed pipeline 

EmbedLLM, proposed by [8], introduces a framework for representing entire 

large language models (LLMs) as compact vector embeddings, enabling efficient 

support for downstream tasks such as routing, correctness prediction, and benchmark 

evaluation. This approach addresses the inefficiencies of task-specific training by 

providing a unified, low-dimensional representation that captures salient model 

characteristics. 

Through an encoder–decoder design, EmbedLLM learns embeddings that 

preserve key performance-related features, allowing simple linear classifiers to be 

applied for tasks like routing and performance forecasting. Empirical results show that 

EmbedLLM outperforms prior methods in routing accuracy and latency, while its 

learned embeddings naturally cluster models with similar capabilities, such as coding-

specialized models, even without explicit supervision. Probing experiments further 

confirm its adaptability, as embeddings dynamically reflect the inclusion of new 

benchmark tasks. 

By enabling accurate performance forecasting across benchmarks without 

additional inference costs, EmbedLLM provides a scalable and cost-effective solution 

for managing the rapidly growing ecosystem of LLMs. 
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Routers Routing 

Formulation 

Training Signal Training Objective 

TensorOpera  Classification BERTsim score Cross Entropy 

MetaLLM  Multi-armed Bandit Online utility score Linear reward 

model 

RouteLLM  Ranking Pairwise preference Contrastive loss 

Eagle  Ranking Pairwise preference ELO calculation 

EmbedLLM Embedding Similarity Model 

representation 

Contrastive learning 

Table 2.2.1 Summary and comparison of related works 

A review of the current literature on LLM routing reveals a strong inclination towards 

complex training objectives, particularly those based on ranking and relative 

preference. Prominent works such as RouteLLM and Eagle employ pairwise 

preference learning with contrastive loss or ELO-based calculations, framing the 

routing decision as a ranking problem. Similarly, methods like EmbedLLM utilize 

contrastive learning on model representations, while MetaLLM opts for an online 

multi-armed bandit approach. 

While these sophisticated methods have shown promise, a discernible research gap 

exists in the application of more direct supervised learning paradigms for this task. 

The literature has not extensively explored framing the routing challenge as a standard 

classification problem, where the goal is to assign a prompt to a discrete class based 

on its embedding. Although TensorOpera uses a classification objective, it relies on a 

specific BERTsim score as its training signal rather than a direct quality label. 

This observation inspired the experimental design of this research project. It seeks to 

investigate whether the performance achieved by complex ranking-based objectives 

can be effectively met or approximated by well-established supervised classification 

algorithms. By implementing and rigorously evaluating models like XGBoost, 

Logistic Regression, and KNN within the standardized evaluation framework 

established by the RouteLLM paper, this project directly addresses this gap. The core 
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objective is to determine if a simpler, more direct classification-based approach can 

serve as a viable and potentially more straightforward alternative to the prevailing 

ranking and preference-based methods for effective LLM routing. 

2.3 Generative AI Benchmarks 

 

Evaluating the capabilities of Large Language Models (LLMs) is necessary to track 

progress, select the appropriate models for a specific application, and understand their 

strengths and weaknesses. This section will highlight some of the benchmarks. For 

measuring model’s understanding across subjects in diverse academic disciplines, the 

Massive Multitask Language Understanding (MMLU) [12] benchmark contains a large 

dataset of multiple-choice questions across 57 subjects. The scoring of the benchmark 

is through the percentage of questions answered correctly.  Grade School Math 8K 

(GSM8K) benchmark is a dataset designed to evaluate the multi-step mathematical 

reasoning ability of the LLMs. The datasets contain questions and answers, and the 

accuracy of the models are evaluated based on the final answer. Beyond knowledge and 

reasoning, assessing conversational and instruction-following abilities is crucial. 

The MT-Bench[13] benchmark is designed for this purpose, testing an LLM's 

capabilities in multi-turn conversations which better reflect real-world human 

interactions. MT-Bench consists of 80 multi-turn questions across eight common 

categories such as writing, reasoning, and coding. Evaluation is automated through an 

"LLM-as-a-judge" approach, where a powerful model like GPT-4 scores responses on 

a scale of 1 to 10. This method, which shows high correlation with human preferences, 

allows for a scalable way to assess crucial attributes like coherence, nuanced reasoning, 

and alignment with user intent. 
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CHAPTER 3 – System Model  

3.1 Problem Formulation 

 

 

Figure 3.1.1: Overview of the objective of LLM routing 

Objective: To design and implement a routing system that intelligently directs user 

prompts to one of two Large Language Models (LLMs): a highly capable but expensive 

"strong" model (e.g., GPT-4) or a less capable but cost-effective "weak" model (e.g., 

Mixtral-8x7B) as shown in figure 3.1.1.  

Problem as Classification: The task as a binary classification problem. Given a user 

prompt, the system must predict a routing label: 1 for the strong model or 0 for the weak 

model. The prediction should be probabilistic, providing a confidence score used to 

prioritize which prompts are most likely to benefit from the strong model. Crucially, 

this prediction is probabilistic. The router outputs a continuous confidence score (from 

0.0 to 1.0) representing the likelihood that a prompt requires the strong model. This 

score is fundamental to our evaluation framework, as it allows us to create a prioritized 

queue of prompts, enabling a nuanced analysis of performance across various budget 

constraints. Additionally, the router is train for binary classification to align closely 

with RouteLLM [5] experimental methodology so the same performance metrics can 

be used for benchmarking. 

Result Evaluation by benchmarking: To ensure the validity and comparability of our 

results, our experimental methodology is designed to align closely with the framework 

established in the RouteLLM [5] paper. This alignment is maintained in two critical 

areas: 
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1. Evaluation Datasets: We utilize the same test datasets, including MT-

Bench, GSM8K and the MMLU dataset. This allows for a direct comparison of 

our router's performance on tasks with diverse characteristics and demonstrates 

its generalization capabilities. 

2. Performance Metrics: Our evaluation employs the same core metrics used to 

measure router efficiency. These include the Cost-Performance Trade-off 

(CPT) analysis, and Average Performance Gap Recovered (APGR). By 

adopting these standardized metrics, we can benchmark our system's 

effectiveness against established results and provide a consistent, meaningful 

measure of its ability to intelligently manage LLM resources. 

3.2 Routing Framework Overview 

 

Figure 3.2.1 Overview of Routing Framework 

The primary goal is to create routing framework like in Figure 3.2.1 that introduces a 

dedicated abstraction layer (routing layer) between the user prompt and the pool of 

available large language models (LLMs). Instead of sending every prompt to a single 

model (which may be expensive, underpowered, or inconsistent), the routing layer 

powered by a trained LLM router (e.g., Logistic Regression, XGBoost, Hybrid 

approaches) analyzes the prompt and predicts which LLM is the most efficient choice. 

The decision is made based on multiple criteria such as prompt complexity, accuracy 

requirements, and inference cost. By doing so, the framework ensures that simple 

prompts can be routed to cheaper, lightweight models, while complex prompts are 

directed to more capable but expensive models. This abstraction makes the system 

scalable, cost-efficient, and adaptive, enabling automatic selection of the best LLM 

without requiring users to manually choose, ultimately improving both performance 
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efficiency and resource optimization in real-world deployments Although for this 

research, the problem is framed as binary classification problem for the purpose of 

adhering the benchmarking standards by RouteLLM paper [5], the models in the router 

layer can be modified for multi-class classification for automatically selecting from 

more than two LLMs in the LLM selection layer. 

 

 
Figure 3.2.2 Training methodology of LLM Routers 

 

As mentioned in the overall framework, the LLM routers needed to be trained and 

evaluated before deployment. The figure above shows the high-level description of 

the training methodology for the four different routing model. The process is divided 

into two distinct stages: a Training Phase and an Evaluation Phase. This separation 

ensures that the router is trained on a dedicated dataset and then tested on entirely 

unseen data, providing unbiased assessment of its performance. 

3.2.1 The Training Phase 

The objective of the Training Phase is to build and save an intelligent routing model 

capable of distinguishing between prompts that require a strong LLM and those that 

can be handled by a weak one. The workflow proceeds as follows: 

Training Dataset: The process begins with the routellm/gpt4_dataset. This dataset 

contains a large number of prompts, each associated with a quality score between 1 to 

5 that serves as the basis for generating our ground-truth labels. 
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Sentence Transformer: The raw text prompts are fed into a pre-trained Sentence 

Transformer model. This critical component acts as a feature extractor, converting 

each text-based prompt into a high-dimensional numerical vector, or "embedding." 

These embeddings capture the semantic meaning of the prompts, allowing the 

subsequent model to make decisions based on intent rather than just keywords. 

Train Router: The generated embeddings, along with their corresponding binary 

routing labels (the "Input Parameters"), are used to train the router model. This is the 

core machine learning step where the model learns the complex patterns that correlate 

a prompt's semantic fingerprint with its probable need for the strong LLM. 

Router's Model Parameters: The final output of this phase is the set of 

learned router's model parameters. This is the tangible artifact such as a saved model 

file containing the weights and bias or a FAISS index that encapsulates all the 

similarity index the router has gained. This saved state is then passed to the next 

phase. 

3.2.2 The Evaluation Phase 

The purpose of the Evaluation Phase is to assess the performance of the trained router 

on new, unseen data, simulating its real-world application. This phase is done offline 

with the prepared dataset. 

Test Dataset: This phase utilizes distinct test datasets, including MTBench, GSM8k, 

and MMLU. These datasets cover a range of tasks, from general conversational quality 

to specialised mathematical and multi-domain reasoning, allowing us to test the router's 

generalisation capabilities. 

Sentence Transformer: Like the training phase, the prompts from the Test Dataset are 

first converted into semantic embeddings using the same Sentence Transformer. This 

ensures consistency in the data representation between training and evaluation. 

Evaluate Router: In this step, the saved router's model parameters from the Training 

Phase are loaded. The router then uses this learned knowledge to generate a probability 

score for each embedding from the test set. It is here that the router makes its predictions 

on data it has never seen before. 
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Performance Metrics: The predictions generated by the router are compared against 

the true labels of the test set. This comparison is used to calculate a suite of Performance 

Metrics, including the Cost-Performance Threshold (CPT), and Average Performance 

Gap Recovered (APGR). These metrics provide a quantitative and comprehensive 

measure of the router's efficiency and effectiveness. 

 

3.3 Routing Methods 

3.3.1 Sentence Transformer 

 

Figure 3.3.1 Architecture of DistilRoBERTa [14] 

The model “all-distilroberta-v1” [15] is a sentence embedding model based on 

DistilRoBERTa-base as shown in figure 3.3.1, fine-tuned with a contrastive learning 

objective on over 1 billion sentence pairs drawn from many datasets to produce 768-

dimensional dense vectors for sentences or short paragraphs. After tokenizing input up 

to 128 tokens, it uses mean pooling over token embeddings (masking out padded 

tokens), followed by L2 normalization, so that similar sentences have high cosine 

similarity. 

Before training any classifier, each prompt is encoded into a dense vector representation 

𝑥 ∈ 𝑅𝑑 using a sentence transformer (all-distilroberta-v1) as input to the four routing 

methods: 

𝑥 = 𝑓𝑒𝑚𝑏𝑒𝑑(𝑝𝑟𝑜𝑚𝑝𝑡) 

where 𝑓𝑒𝑚𝑏𝑒𝑑 is the pre-trained sentence transformer (all-distilroberta-v1) and d = 768 

where every sentence is mapped into a 768-dimensional embedding. 
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3.3.2 Logistic Regression Classifier 

 

Figure 3.3.2.1 Overview of how Logistic Regression router perform inference 

Logistic Regression learns a linear decision boundary in embedding space: 

𝑧 = 𝐰⊤𝐱 + 𝑏 

where:  

𝑤 ∈ 𝑅𝑑 = weight vector, 

𝑏 ∈ 𝑅= bias, 

The probability that the input should be routed to the strong model is given by the 

sigmoid function: 
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𝑃(𝑦 = 1|𝐱) = 𝜎(𝑧) =
1

1 + 𝑒−𝑧
 

The prediction threshold is as follows: 

𝑦
^
= {1 if 𝑝

^
= 𝑃(𝑦 = 1|𝑥) > 0.5

0 otherwise
 

This mean when the model predicts high probability (>0.5), the model outputs 1 which 

means route to “strong” LLM model. Otherwise, route to “weak” LLM model. 

The model is trained by minimizing the loss using binary cross-entropy: 

ℒ(𝑤, 𝑏) = −
1

𝑁
∑[𝑦𝑖log⁡ 𝑃(𝑦𝑖|𝐱𝑖) + (1 − 𝑦𝑖)log⁡(1 − 𝑃(𝑦𝑖|𝐱𝑖))]

𝑁

𝑖=1

 

Logistic Regression serves as a simple yet effective baseline for the routing task 

because of its inherently binary nature (weak vs. strong model). The intuition for this 

method is that the classifier should learn a linear decision boundary in the embedding 

space, where prompts are represented as vectors, and applies a sigmoid function to 

estimate the probability of routing to the strong model. Its simplicity and interpretability 

make it a natural starting point: if embeddings are well-structured, even this basic model 

can separate the two classes; otherwise, it highlights the need for more advanced 

approaches. 
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3.3.3 XGBoost Classifier  

 

 

Figure 3.3.3.1 Overview of how XGBoost router perform inference 

XGBoost is a gradient boosting algorithm that builds an ensemble of decision trees. 

Each tree partitions embedding space into regions and outputs a weight with the final 

logit: 

𝑦
^
= 𝜎(∑𝑓𝑘(𝑥)

𝐾

𝑘=1

) 

where: 
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𝑓𝑘 is the k-th decision tree, 

K is the number of trees,  

The logistic function is 𝜎(𝑧) =
1

1+𝑒−𝑧
 

The prediction threshold is similar across or routing methods: 

𝑦
^
= {1 if 𝑝

^
= 𝑃(𝑦 = 1|𝑥) > 0.5

0 otherwise
 

This mean when the model predicts high probability (>0.5), the model outputs 1 which 

means route to “strong” LLM model. Otherwise, route to “weak” LLM model. 

The loss is calculated using binary cross-entropy: 

ℒ = −∑(𝑦𝑖log⁡(𝑝
^

𝑖) + (1 − 𝑦𝑖)log⁡(1 − 𝑝
^

𝑖))

𝑁

𝑖=1

 

XGBoost optimizes this with second-order Taylor expansion (gradient+hessian)[16] at 

each split. 

The intuition for this routing method is that the embeddings should capture some 

semantic difficulty of the prompt which lets XGBoost learns the decision boundaries in 

the embedding space such that it can separate easy prompts vs hard prompts for routing. 
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3.3.4 kNN Router 

 

Figure 3.3.4.1 Overview of how kNN router perform inference 

FAISS (Facebook AI Similarity Search) is an open-source library developed by Meta 

(Facebook AI Research) for efficient similarity search and clustering of dense vectors. 

In this scenario it is used to build an index from the embeddings generated by the 

sentence transformer. 

FAISS works with inner product after normalization to approximate cosine similarity: 

||𝑥||2 = 1,sim(𝐱𝑖, 𝐱𝑗) = 𝐱𝑖
⊤𝐱𝑗 

Since embeddings are L2-normalized, the dot product = cosine similarity. 

FAISS build an index of training embeddings as such: 

ℐ = {𝐱1, … , 𝐱𝑁} 

where each vector 𝐱𝑖 is associated with a routing label: 𝑦𝑖 ∈ {0,1} 
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For a query embedding 𝐱𝑞, FAISS finds the k nearest neighbors: 

𝒩𝑘(𝐱𝑞) = arg⁡ top-𝑘{sim(𝐱𝑞, 𝐱𝑖) ∣ 𝑖 = 1…𝑁} 

The predicted label is by majority vote: 

𝑦
^

𝑞 = arg⁡ 𝑚𝑎𝑥
𝑐∈{0,1}

∑ 1[𝑦𝑖 = 𝑐]

𝑖∈𝒩𝑘(𝐱𝑞)

 

If the predicted label 𝑦
^

𝑞 = 1, route to strong model, otherwise route to weak model. 

The intuition behind this routing approach is that the embeddings should cluster similar 

prompts. Prompts that were judged “hard” (low Mixtral score → strong model needed) 

will be near each other in embedding space. The assumption is that a query prompt is 

likely to need the same routing decision as its neighbors which is why kNN is used to 

classify the routing decision here. This method requires no training as it simply stores 

the embeddings and perform similarity search which can be beneficial in some use 

cases. 
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3.3.5 Hybrid Approach (kNN + XGBoost Classifier) 

 

Figure 3.3.5.1 Overview of how (kNN+XGBoost) router perform inference 

 

For this approach, a combination of both kNN and XGBoost methods is used to see if 

more complex embedding features can be extracted and trained to improve 

performance. In this scenario, the kNN is used as feature extraction to train the 

XGBoost binary classifier. 

The method differs from the other methods in its training set where the training data is 

split into: 

1. Reference set (x𝑟 , 𝑦𝑟) used for similarity search. 

2. Meta-training set (x𝑚, 𝑦𝑚) used to train the classifier. 

 

In this case the FAISS index is built using the reference set: 

ℐ = (𝐱1, 𝑦1), … , (𝐱𝑅 , 𝑦𝑅) 

For each query embedding 𝐱𝑞 from the meta-training set or test set: 
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Get the k nearest neighbours: 

𝒩𝑘(𝐱𝑞) = arg⁡ top-𝑘{𝐱𝑖
⊤𝐱𝑞 ∣ 𝑖 = 1,… , 𝑅} 

Then extract the following features: 

1. Proportion of “strong” label neighbours: 

𝑓1(𝐱𝑞) =
1

𝑘
∑ 1[𝑦𝑖 = 1]

𝑖∈𝒩𝑘(𝐱𝑞)

 

2. Average similarity to neighbours: 

𝑓2(𝐱𝑞) =
1

𝑘
∑ sim(𝐱𝑞 , 𝐱𝑖)

𝑖∈𝒩𝑘(𝐱𝑞)

 

3. Closest neighbour similarity: 

𝑓3(𝐱𝑞) = 𝑚𝑎𝑥
𝑖∈𝒩𝑘(𝐱𝑞)

sim(𝐱𝑞 , 𝐱𝑖) 

Afterwards, the features are concatenated with the embeddings: 

𝐱
~

𝑞 = [𝐱𝑞 , 𝑓1(𝐱𝑞), 𝑓2(𝐱𝑞), 𝑓3(𝐱𝑞)] 

Then, the XGBoost classifier learns from these hybrid features: 

𝑦
^
= 𝜎(∑𝑓𝑘(𝐱

~

𝑞)

𝐾

𝑘=1

) 

And generates the prediction with the following threshold: 

𝑦
^
= {1 if 𝑝

^
= 𝑃(𝑦 = 1|𝑥) > 0.5

0 otherwise
 

The intuition behind this routing method is to use kNN to extract more contextual 

difficulty cues from prompts such that XGBoost can learn from these features. 

 

3.4 Timeline  

 

Week/ 

Tasks 

1 2 3 4 5 6 7 8 9 10 11 12 13 
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Write up 

Chapter 1 - 

Introduction 

             

Write up 

Chapter 2 – 

Literature 

Review 

             

Propose and 

Design 

Solution 

             

Develop 

proposed 

solution 

             

Write up 

Chapter 3 – 

Proposed 

Solution 

             

Write up 

Chapter 4- 

Preliminary 

work 

             

Demo and 

submit draft 

to 

supervisor 

             

Final Check 

and 

submission 

of report. 

             

Presentation              

Table 3.4.1 Timeline of FYP1 
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Week/ 

Tasks 

1 2 3 4 5 6 7 8 9 10 11 12 13 14 

Title 

Refinement 

              

Conduct 

Experiment 

              

Benchmark 

results 

              

Data analysis               

Write up 

report 2  

              

Final Check 

and 

submission 

of report. 

              

Presentation               

Table 3.4.2 Timeline of FYP2 

For FYP2, title refinement was discussed with supervisor and done in the first two 

weeks of the June 2024 Trimester. The project scope has been narrowed down and 

shifted its focus to a single core component that was mentioned in FYP1 which is the 

LLM selection algorithm now framed as a research into LLM routing within the Gen 

AI area of study. This required revisiting the literature to adopt established evaluation 

frameworks, which subsequently drove significant redesigns of the proposed system 

architecture to ensure the results could be rigorously benchmarked. 
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CHAPTER 4 – Experiment 
 

4.1 Hardware Setup 

 

Description Specifications 

Processor 13th Gen Intel(R) Core (TM) i5-13420H   2.10 GHz 

Operating System Windows 11 

Graphic Intel® UHD Graphic 

Memory 16.0 GB DDR4 RAM 

Storage 1TB SDD 

Table 4.1.1 Specification of Computer 

 

Description Specifications 

Graphic NVIDIA Tesla P100 

GPU Memory 16GB 

Usage  Utilised for training phase 

Table 4.1.2 GPU Specifications used for Training Phase 

The training and evaluation of the experiment were conducted on the Kaggle platform 

to leverage its free GPU resources. The system was equipped with an NVIDIA Tesla 

P100 GPU with 16 GB memory, as summarized in table 4.1.2, which was primarily 

utilized during the training phase. 

4.2 Software Setup 

 

To implement and evaluate the proposed models, the experiment was conducted using 

Kaggle Notebooks, which provide a cloud-based environment with free access to 

GPU resources. A range of Python libraries and frameworks were imported within the 

notebook to support various tasks, including data preprocessing, model training, 

experiment tracking, visualization, and system interaction. The key components and 

their purposes are summarized in Table 4.2.1. 
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Description Component/Library Purpose 

Platform Kaggle Notebooks  A cloud-based computational 

environment for executing code 

GPU NVIDIA Tesla P100 A powerful GPU provided by Kaggle for 

accelerating machine learning tasks. 

Experiment 

Logging 

 

Data 

Processing 

Weights & Biases 

(wandb) 

For logging metrics, visualizing model 

performance, and tracking experiments. 

datasets To efficiently load and process datasets. 

pandas For data manipulation and analysis, 

particularly with tabular data. 

numpy For fundamental numerical 

computations. 

Machine 

Learning 

Models  

xgboost A gradient boosting library for building 

high-performance models. 

sentence-

transformers 

For creating embeddings from sentences 

and text. 

faiss For efficient similarity search and 

clustering of dense vectors 

scikit-learn Used here for splitting data 

(train_test_split) and evaluating model 

performance (accuracy_score). 

Data 

Visualisation 

matplotlib.pyplot For creating static, animated, and 

interactive visualizations. 

System 

Interaction 

os To interact with the operating system, 

such as managing file paths. 

Table 4.2.1: Libraries and Components Used in the Experimental Setup 

4.3 Setting and Configuration 

 

To ensure fair evaluation and reproducibility across experiments, each machine 

learning model was configured with carefully selected hyperparameters. These 

configurations control the training dynamics, optimization process, and model 

complexity. The following tables summarize the key hyperparameters for the models 
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used in this study: Logistic Regression (Table 4.3.1), XGBoost (Table 4.3.2), and k-

Nearest Neighbors (k-NN) (Table 4.3.3). 

Model 

Hyperparameters 

Value Purpose 

random_state 42 Ensures reproducibility of results by fixing the 

randomness in data shuffling and weight 

initialization. 

max_iter 1000 Sets the maximum number of iterations the solver 

will run, allowing convergence when the dataset or 

optimization problem is complex. 

Table 4.3.1: Hyperparameters of Logistic Regression Model 

Model 

Hyperparameters 

Value  Purpose 

objective binary:logistic Defines the task as a binary classification 

problem with a probabilistic output. 

eval_metric logloss The metric used on the validation set to 

monitor for early stopping. 

n_estimators 1000 The maximum number of decision trees 

to build in the ensemble. 

max_depth 6 The maximum depth of any individual 

tree, controlling model complexity. 

learning_rate 0.05 A small step size (eta) that reduces the 

influence of each tree, preventing 

overfitting. 

subsample 0.8 The fraction of the training data 

randomly sampled for growing each tree. 

colsample_bytree 0.8 The fraction of features (embedding 

dimensions) randomly sampled for each 

tree. 

early_stopping_rounds 50 The training process will halt if 

the logloss on the validation set does not 
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improve for 50 consecutive rounds, 

ensuring the optimal number of trees is 

used. 

Table 4.3.1: Hyperparameters of XGBoost Model 

 

Model 

Hyperparameters 

Value  Purpose 

n_neighbors (k) 10 The number of nearest neighbors to 

retrieve from the reference set for the 

majority vote. 

metric cosine 

similarity 

The distance metric used to measure 

similarity between prompt embeddings. 

Cosine similarity is well-suited for high-

dimensional semantic vectors. 

Table 4.3.1: Hyperparameters of KNN 

 

4.4 Experimental Setup 

4.4.1 Datasets 

Training data: routellm/gpt4_dataset [17], a publicly available dataset hosted on the 

Hugging Face Hub is used for training our machine learning model. The dataset 

contains 109,101 rows of user’s input query. Data augmentation was already 

performed on this dataset to generate the label for each query using LLM as a Judge 

technique by the provider. Hence, there is no need of spending additional API cost 

from GPT-4 to label the dataset. This dataset is specifically designed for tasks related 

to language model evaluation and is chosen to save the cost of labelling the data.  

It consists of two primary columns relevant to our task: 

• prompt: The raw text of the user's input query. 

• mixtral_score: A numerical score, judged by GPT-4, that rates the quality of 

the response generated by the "weak" model (Mixtral-8x7B) for the 

corresponding prompt on a scale of (1-5). 
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As recommended by [18], the prompt with mixtral_score above 4 shows that Mixtral-

8x7B produces strong answer and should be labelled “0” to route to “weak” model. 

Otherwise, label other prompts with mixtral_score below 4 to route to “strong” model 

with the label “1”. The training dataset is split 80% for training and 20% for 

validation. The purpose of the validation set is to provide an unbiased evaluation of 

the model’s performance on unseen data to monitor for overfitting and understand 

how well the model is generalising. Additionally, the random seed is set to 42 to 

ensure the split is deterministic. 

Evaluation Benchmarks: The effectiveness of the developed routing system is 

benchmarked against three diverse and widely-recognized evaluation datasets similar 

to the RouteLLM [5] paper as mentioned in section 3.1 . This selection provides a 

comprehensive assessment of the router's ability to generalize across conversational, 

knowledge-based, and reasoning-intensive tasks. The specific benchmarks are: 

• MMLU [12]: A large-scale, multi-task benchmark designed to measure 

knowledge across 57 academic subjects, comprising 14,042 questions. 

• MT-Bench [13]: A multi-turn conversational benchmark with 160 qualitative 

prompts, where an LLM-as-a-judge methodology is used for scoring. 

• GSM8K [19]: A dataset of 1,319 rows of  elementary-level mathematical 

reasoning problems designed to test quantitative and logical skills. 

MT-Bench contains judge score of (1-10) for Mixtral-8x7B, which is labelled “0” to 

route to “weak” model if score is above 8 and route to “strong” model if below. The 

MMLU and GSM8K datasets contains (true/false) labels for the strong and weak 

models’ responses. 

4.4.2 Performance Metrics 

 

To analyze the effectiveness of the router model, a series of evaluation metrics are 

employed which are obtained from the RouteLLM paper [5]. These metrics are 

designed to capture the inherent trade-off between the computational cost of routing 

decisions and the resulting performance. The evaluation begins by assessing cost and 

performance independently, followed by two composite metrics that provide a holistic 

view of the router's efficiency. 
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First, we defined some key variables for the evaluation metrics: 

• Weak Model (𝑀𝑤): A faster, cheaper, but less capable language model. 

• Strong Model (𝑀𝑠): A slower, more expensive, but more powerful and accurate 

language model. 

• Router Model (𝑀𝑅𝛼 ): An intelligent system that decides for each incoming 

query whether to send it to the weak model (to save money) or the strong model 

(for better quality). The α represents a setting or threshold within the router that 

adjusts its sensitivity for sending queries to the strong model. 

To calculate the cost efficiency, the formula below is defined: 

 

𝑐(𝑀𝑅𝛼) =
1

|𝑄|
∑ 𝕀

𝑞∈𝑄

{𝑅𝛼(𝑞) = 𝑀s} 

This formula calculates the percentage of queries that were sent to the strong model by 

going through every query (q) in a test set (Q). For each query, an indicator function 

(𝕀) checks if the router (Rα) sent it to the strong model (𝑀s). If it did, the function 

outputs a 1; otherwise, it outputs a 0. It sums up all these 1s and 0s and then divides by 

the total number of queries (|Q|). To summarise, if this value is 0.25, it means the router 

sent 25% of all queries to the expensive strong model, resulting in significant cost 

savings compared to using the strong model 100% of the time. 

𝑟(𝑀𝑅𝛼) =
1

|𝑄|
∑ 𝑠(𝑀𝑅𝛼(𝑞))

𝑞∈𝑄

 

The formula above calculates the average quality score across all answers. For each 

query (q), the system gets a quality score (s(...)). This score could be a correctness rating 

from an automated test (like MMLU), a quality rating from a human evaluator (e.g., on 

a scale of 1 to 10) or rated through LLM-as-a-Judge rating. The formula adds up these 

scores for all queries and divides by the total number of queries (|Q|). 

PGR(𝑀𝑅𝛼) =
𝑟(𝑀𝑅𝛼) − 𝑟(𝑀𝑤)

𝑟(𝑀𝑠) − 𝑟(𝑀𝑤)
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The formula above calculates the Performance Gap Recovered (PGR) of the router. It 

measures how effectively the router closes the performance gap between the weak and 

strong models. It contextualizes the router's performance, showing how much of 

the potential quality improvement it achieved. For example, a PGR of 0.8 means the 

router has successfully closed 80% of the performance gap, giving you 80% of the 

benefit of the strong model but at a potentially much lower cost. A PGR of 1.0 (or 

100%) means the router performs just as well as using the strong model exclusively. 

 

Conceptual Equation:  

APGR(𝑀𝑅𝛼) = ∫ PGR(𝑀𝑅𝛼)𝑑(𝑐(𝑀𝑅𝛼))
1

0

 

Practical Equation: 

APGR(𝑀𝑅𝛼) ≈
1

10
∑PGR(𝑀𝑅𝛼𝑖)

10

𝑖=1

 

A good router should not only perform well at high costs but also provide significant 

improvements at low costs. The formulas above (APGR), measures this overall 

capability. 

Conceptually, it's the "area under the curve" of a graph that plots performance (PGR) 

against cost (c(𝑀𝑅𝛼)). A larger area means the router is more efficient across all budget 

levels. In practice, it is calculated by testing the router at 10 different cost points (e.g., 

sending 10%, 20%, 30%... up to 100% of queries to the strong model). The PGR is 

measured at each of these 10 points and then simply take the average. 

Additionally, another important metric is Call-Performance Threshold (CPT). It 

answers the question of “To achieve a certain quality target, what is the minimum cost 

we must pay?”. A CPT(x%) represents the minimum percentage of calls that must be 

routed to the strong model to achieve a Performance Gap Recovered (PGR) of at 

least x%. For example, CPT(50%) ≈ 40% means that to close at least 50% of the 

performance gap between the weak and strong models, you absolutely must send a 

minimum of 40% of your queries to the strong model. Any lower percentage will not 

meet the desired quality bar. 
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4.5 Implementation Issues and Challenges 

 

During the development of this project, several significant challenges were 

encountered. These ranged from initial data acquisition and labelling to the 

establishment of an evaluation framework. 

1. Data Labeling and Associated Costs 

A primary challenge was the acquisition of a suitably labeled training dataset. The 

initial plan was to manually label a dataset by processing user prompts through both a 

"weak" and a "strong" Large Language Model (LLM). Subsequently, a powerful 

judge model, such as GPT-4, would be used to score the responses and assign routing 

labels. This approach, known as "LLM-as-a-judge," would have provided a high 

degree of control over the data quality. 

However, a preliminary cost analysis revealed that this undertaking would be 

financially prohibitive. Labelling a large dataset, such as one with over 100,000 

entries, would require a substantial number of API calls to the OpenAI platform. The 

associated costs for generating responses and then using a sophisticated model like 

GPT-4 for evaluation would quickly escalate, making this approach impractical 

within the project's budget. 

This led to a significant effort to find a suitable, publicly available dataset that was 

already labeled for a similar routing task. The discovery of the routellm/gpt4_dataset 

[17] on the Hugging Face Hub was a crucial turning point. This dataset, which had 

been augmented and labeled using the very LLM-as-a-judge technique we had 

initially considered, allowed us to bypass the costly labeling phase and proceed with 

model training. 

2. Establishing Standardized Performance Metrics 

A second major challenge was the lack of standardized performance metrics for LLM 

routing systems. As a relatively new and niche area of study, there is no broad 

consensus on a definitive set of metrics to evaluate the effectiveness of a model that 

routes prompt between different LLMs. This made it difficult to benchmark our 

model's performance against other existing or future systems in a standardized way. 
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Our research for a suitable evaluation framework led us to the RouteLLM paper. This 

work provided a structured and appropriate evaluation methodology, which we 

adopted for our project. The paper's framework offered a clear path to assessing the 

performance of our router, allowing for a more rigorous and replicable evaluation. 

3. Reverse Engineering Evaluation Metrics 

While the RouteLLM paper provided a valuable framework, a further challenge arose 

in the practical implementation of its evaluation metrics. The process of reverse-

engineering the exact code and methodology for computing these metrics from the 

paper was a complex and time-consuming task. It required a deep understanding of 

the benchmarks used, such as MMLU, MT-Bench, and GSM8K, and careful 

implementation to ensure our results would be comparable. This analysis of the 

paper's descriptions, the author’s open-sourced repositories and, in some cases, 

making reasoned assumptions to replicate their reported evaluation techniques 

accurately. 
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CHAPTER 5 – Experiment Evaluation and Discussion 

5.1 Results 

 

The graphs in Figures 5.1.1, 5.1.2, and 5.1.3 visually represent the trade-off between 

accuracy and cost for each benchmark. To interpret the graph, each figure plots the 

resulting accuracy (y-axis) against the percentage of queries routed to the strong 

model (x-axis), which represents the operational cost. The gray dashed line indicates 

the performance of a random a baseline and any effective router must have a curve 

that sits above this line. An ideal router is one that achieves the highest accuracy with 

the fewest calls to the strong model, meaning its curve should be positioned as far to 

the top-left of the graph as possible. 

The accompanying Tables 5.1.1, 5.1.2, and 5.1.3 provide a quantitative summary of 

each router's performance using two key metrics: Average Performance Gap 

Recovered (APGR) and Call-Performance Threshold (CPT). 

• Average Performance Gap Recovered (APGR): This metric measures the 

overall efficiency of a router across all cost levels with up to precision of 4 

significant figures. Conceptually, it represents the area under the performance 

curve shown in the figure, with a higher APGR value signifying a more 

effective router. 

• Call-Performance Threshold (CPT(x%)): This metric answers the question, 

"What is the minimum cost required to achieve a certain quality target?" A 

lower CPT is better, as it indicates the router can reach the desired 

performance with fewer calls to the expensive strong model. 

• Improvement: The final column quantifies the percentage gain in APGR over 

the random baseline, making it easy to compare the relative effectiveness of 

each routing strategy. 
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Figure 5.1.1: The routers trade-off between accuracy and cost for MT-Bench Benchmark 

 

Method  CPT(50%)  CPT(80%)  APGR Improvement 

Random (95%CI) 49.03(±4)% 78.08(±3)% 0.500(±0.02) (+0%) 

LogisticRegression  

 

18.75 53.75 0.699 +39.80% 

XGBoost 

 

21.88 40.00 0.695 +39.00% 

KNN 

 

21.25 52.50 0.650 +30.00% 

KNN+XGBoost 17.50 39.38 0.709 +41.80% 

Table 5.1.1: MT-Bench benchmark results 

The evaluation on the MT-Bench dataset reveals substantial efficiency gains from 

intelligent routing, with all implemented models significantly outperforming the 

Random baseline's APGR of 0.500 like in [17] . While the supervised classifiers like 
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XGBoost and Logistic Regression (APGR ≈ 0.69-0.70) proved more effective than the 

purely similarity-based KNN approach (APGR 0.650), the hybrid KNN+XGBoost 

method emerged as the definitive top performer. This model achieved the highest 

overall routing efficiency with an APGR of 0.709, representing a 41.80% improvement 

over the baseline. Critically, it was also the most cost-effective, requiring the fewest 

calls to the strong model to achieve both the 50% and 80% performance gain thresholds, 

with CPT scores of 17.50% and 39.38% respectively. This superior performance 

highlights the benefit of extracting engineered embeddings features derived from its 

local neighborhood similarity, which provides the final classifier with a more robust 

signal for making nuanced routing decisions. 

 

Figure 5.1.2: The routers trade-off between accuracy and cost for GSM8K Benchmark 

 

Method  CPT(50%)  CPT(80%)  APGR Improvement 

Random (95%CI) 50.00(±2)% 80.08(±1)% 0.497(±0.01) (+0%) 

LogisticRegression  

 

35.11 66.57 0.560 +12.68% 
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XGBoost 

 

34.12 62.40 0.579 +16.50% 

KNN 

 

42.01 76.27 0.505 +1.61% 

KNN+XGBoost 

 

42.76 69.38 0.573 +15.29% 

Table 5.1.2: GSM8K benchmark results 

 

 

Figure 5.1.2.1: The GSM8K Benchmark results from RouteLLM [5] 

 

The evaluation on the GSM8K benchmark, which focuses on mathematical reasoning, 

presented a significantly more challenging routing task compared to the conversational 

MT-Bench. As shown in the table, the overall performance gains were more modest, 

indicating that general-purpose semantic embeddings are less effective at 

distinguishing prompt difficulty in this specialized domain. The purely similarity-based 

KNN model showed a near-total failure, with an APGR of just 0.505, providing a 

marginal 1.61% improvement that is barely better than the random baseline. This 

suggests that raw semantic similarity does not correlate well with mathematical 

complexity. The supervised models, however, proved more capable, with the 

standalone XGBoost model emerging as the top performer with an APGR of 0.579, a 

16.50% improvement. Notably, the hybrid KNN+XGBoost model saw diminished 

returns, performing slightly worse than XGBoost alone, likely because the noisy signal 

from the ineffective KNN component hindered the classifier. A key achievement of this 

study is the performance of the XGBoost model on the CPT(80%) metric, where it 

achieved a score of 62.40%. This result is particularly noteworthy as it surpasses the 
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CPT(80%) performance reported for the best routing method in the RouteLLM paper 

as shown in the Figure 5.1.2.1 , demonstrating that the implemented model is 

exceptionally adept at identifying the most complex mathematical problems that 

necessitate the use of the strong LLM. 

 

Figure 5.1.3: The routers trade-off between accuracy and cost for MMLU Benchmark 

Method  CPT(50%)  CPT(80%)  APGR Improvement 

Random (95%CI) 50.07(±0)% 79.93(±0)% 0.500(±0) (+0%) 

LogisticRegression  

 

44.14 74.40 0.509 +1.80% 

XGBoost 

 

42.73 77.07 0.484 -3.20% 

KNN 

 

43.80 76.27 0.504 +0.80% 

KNN+XGBoost 

 

41.46 74.18 0.557 +11.4% 

Table 5.1.3: MMLU benchmark results 
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The MMLU benchmark, with its vast scope across 57 diverse academic subjects, 

proved to be the most formidable routing challenge, exposing the limitations of relying 

solely on general-purpose semantic embeddings. The results demonstrate a near-

complete failure of the standard models, with Logistic Regression and KNN achieving 

negligible improvements over the random baseline (1.80% and 0.80% respectively). 

Strikingly, the standalone XGBoost model performed worse than random, yielding a 

negative improvement of -3.20% (APGR 0.484). This suggests that the model likely 

overfitted to non-generalizable patterns in the training data, as the semantic embedding 

alone does not provide a reliable signal for difficulty across such a wide array of 

specialized topics. In this challenging context, the hybrid KNN+XGBoost model was 

the only architecture to achieve a meaningful performance gain, securing an 11.4% 

improvement with an APGR of 0.557. This surprising result indicates a powerful 

synergistic effect: while the individual KNN and XGBoost models failed, the similarity 

features generated by KNN provided a crucial, stabilizing signal for the XGBoost meta-

classifier. This "neighborhood information" appears to be a more robust indicator of 

prompt difficulty than the raw embedding features alone, allowing the hybrid model to 

succeed where the others failed and highlighting the necessity of advanced architectures 

for complex, multi-domain routing tasks. 

 

5.2 Cost Analysis 

 

Based on RouteLLM paper [5],  the evaluations are done with gpt-4-1106 API 

endpoint. For the calculation, they use the pricing for that endpoint [20] which is $10 

per 1 million input tokens and $30 per 1 million output tokens. To simplify the 

estimation, the evaluation assumes a single turn setting with short prompts, where the 

average input length is 95 tokens and the average output length is 264 tokens. This 

yields an input–output ratio of roughly 95:264. Based on this ratio, the average cost of 

using GPT-4 can be expressed as 

CostGPT-4 =
95 × 10 + 264 × 30

95 + 264
≈ 24.7 USD per million tokens. 
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In the paper, it is said that for Mixtral 8×7B, input and output tokens are priced 

equally, resulting in an average cost of $0.24 per million tokens. 

Building on these estimates, the cost-saving ratios at CPT(50%) and CPT(80%) are 

defined as the inverse of the ratio of GPT-4 calls made by router relative to the 

random baseline (50% call to GPT-4 for CPT(50%) and 80% call to GPT-4 for 

CPT(80%). Specifically: 

SavingRatio
50
=

50% ⋅ Mixtralcost + 50% ⋅ GPT4cost

CPT(50%) ⋅ GPT4cost + (100% − CPT(50%)) ⋅ Mixtralcost

 

  

SavingRatio
80
=

20% ⋅ Mixtralcost + 80% ⋅ GPT4cost

CPT(80%) ⋅ GPT4cost + (100% − CPT(80%)) ⋅ Mixtralcost

 

 

MTBench 

Method Saving Ratio at CPT(50%) Saving Ratio at CPT(50%) 

Logistic Regression 2.584 1.480 

XGBoost 2.230 1.976 

KNN 2.293 1.514 

KNN+XGBoost 2.759 2.006 

Table 5.2.1: Cost saving ratios on MTBench 

 

GSM8K 

Method Saving Ratio at CPT(50%) Saving Ratio at CPT(50%) 

Logistic Regression 1.413 1.199 

XGBoost 1.452 1.278 

KNN 1.186 1.048 

KNN+XGBoost 1.166 1.151 

Table 5.2.2: Cost saving ratios on GSM8K 
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MMLU 

Method Saving Ratio at CPT(50%)  Saving Ratio at CPT(80%)   

Logistic Regression 1.130 1.074 

XGBoost 1.166 1.038 

KNN 1.138 1.003 

KNN+XGBoost 1.201 1.077 

Table 5.2.3: Cost saving ratios on MMLU 

 

The results from Tables 5.2.1, 5.2.2 and 5.2.3 demonstrate that different routing 

methods can lead to notable cost reductions across multiple benchmarks while 

maintaining quality. On MT Bench, the best-performing method (KNN+XGBoost) 

achieves up to 2.76× savings at CPT(50%) and 2.01× at CPT(80%), highlighting its 

efficiency in balancing performance and cost. For MMLU, improvements are more 

modest, with KNN+XGBoost again performing best, reaching 1.20× at CPT(50%) and 

1.08× at CPT(80%). On GSM8K, XGBoost achieves the highest cost savings, with 

1.45× at CPT(50%) and 1.28× at CPT(80%). These findings indicate that while the 

extent of cost savings varies across datasets, hybrid and boosted methods consistently 

outperform standalone approaches, demonstrating the effectiveness of routing 

strategies for reducing costs without significantly compromising response quality. 

5.3 Objective Evaluation 

 

Objective 1:  

To design and evaluate four routing methods capable of efficiently selecting the most 

suitable large language model (LLM) for each query across diverse domains. 

The methods were highly successful on the conversational MT-Bench benchmark, 

where the hybrid KNN+XGBoost model achieved a significant 41.80% performance 

improvement over a random baseline. However, efficiency dropped on specialized 

domains. On the GSM8K mathematical reasoning benchmark, most methods 

struggled, with only the standalone XGBoost model providing a modest 16.50% gain, 

highlighting the inadequacy of semantic similarity for such tasks. This challenge was 

most evident on the highly diverse MMLU benchmark, where nearly all models failed 
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to provide any meaningful improvement. Strikingly, only the synergistic 

KNN+XGBoost model succeeded in this complex environment with an 11.4% 

improvement, proving that while the objective was technically met, practical 

effectiveness is limited and requires advanced architectures for broad, multi-domain 

applications. Therefore, objective 1 is considered partially met, while most routing 

methods provided some efficiency improvements, there were critical exceptions, most 

notably the standalone XGBoost model performing worse than random on MMLU 

and the near-total failure of the KNN router on the GSM8K benchmark. 

Objective 2:  

To analyse the trade-offs between accuracy, and cost in LLM routing, and to 

demonstrate that the proposed approach achieves significant cost savings on popular 

benchmarks with minimal impact on response quality. 

 

Domain 

(Benchmark) 

Best Performing 

Router for Cost 

Impact on 

Response Quality 

Evaluation Summary 

MT-Bench KNN+XGBoost 

Up to 2.76× 

savings at 

CPT(50%) and 

2.01× savings at 

CPT(80%). 

Minimal impact. The 

model achieved the 

highest overall 

routing efficiency 

(APGR 0.709), 

indicating high-

quality responses 

were maintained. 

Achieved. The router 

demonstrated a highly 

successful trade-off, 

delivering substantial 

cost reductions while 

simultaneously 

improving the quality 

of routing decisions 

over the baseline. 

GSM8K XGBoost 1.45× 

savings at 

CPT(50%) and 

1.28× savings at 

CPT(80%). 

Minimal impact. 

While overall APGR 

improvement was 

modest, the 

CPT(80%) score of 

62.40% surpassed 

the result from the 

Achieved. The 

objective was met, with 

the router providing 

clear cost savings. A 

key achievement was 

outperforming a 

benchmark paper on a 
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RouteLLM paper, 

showing it is highly 

adept at identifying 

the most difficult 

prompts needing the 

strong LLM. 

critical efficiency 

metric, confirming a 

positive accuracy-to-

cost trade-off. 

MMLU KNN+XGBoost 

1.20× savings at 

CPT(50%) and 

1.08× savings at 

CPT(80%). 

Minimal impact. 

Though cost savings 

were modest, this 

was the only router 

to achieve a 

meaningful 

performance gain 

(+11.4%), 

preventing the 

quality degradation 

seen in other models. 

Barely Achieved. 

While cost savings 

were the lowest across 

the benchmarks, the 

router successfully 

demonstrated a 

positive trade-off by 

being the only method 

to improve response 

quality, thus 

preventing the 

financial waste of 

using ineffective 

models. 

Table 5.3.1 Evaluation for objective 2 

Based on the evaluation on Table 5.3.1, the objective to analyze the trade-offs 

between accuracy and cost was successfully achieved. The designed routing methods 

demonstrated significant cost savings across all benchmarks while having a minimal, 

and often positive, impact on response quality. On the conversational MT-Bench, the 

KNN+XGBoost router exemplified a highly successful trade-off, delivering 

substantial cost reductions of up to 2.76× while simultaneously achieving the highest 

routing efficiency. Similarly, on the more specialized GSM8K benchmark, the 

XGBoost router provided clear cost savings of up to 1.45× and confirmed a positive 

accuracy and cost balance by outperforming a key metric from the RouteLLM paper. 

Even in the most challenging MMLU domain, where savings were more modest at 

1.20×, the KNN+XGBoost router proved its value by being the only method to 
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prevent quality degradation, thus successfully demonstrating a positive trade-off by 

avoiding the financial waste associated with ineffective models. 
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CHAPTER 6 – Conclusion and Recommendations 

6.1 Conclusion 

 

The research successfully demonstrated that introducing a routing layer is a highly 

effective strategy for achieving significant cost savings with minimal impact on 

response quality. The findings confirmed that across conversational, mathematical, 

and multi-domain benchmarks, the proposed methods could reduce operational 

expenses by up to 2.76 times. A key achievement was the XGBoost router on the 

GSM8K benchmark, which not only provided clear cost benefits but also surpassed a 

performance metric (CPT(80%) by 0.86%) of their best tested model in the 

RouteLLM paper on a critical efficiency metric, validating the positive accuracy to 

cost trade-off. This research serves as a successful proof-of-concept, validating the 

core premise that an intelligent routing layer can deliver substantial financial and 

computational efficiencies. It affirms that the trade-off between cost and quality can 

be effectively managed without significant performance degradation and evaluated 

using the methodology in this experiment.  

6.2 Limitations 

 

While this research demonstrated some positive results in experimental settings, 

several limitations must be acknowledged. While this research successfully 

demonstrates the viability and cost-saving potential of an LLM routing layer, several 

limitations must be acknowledged. A primary limitation stems from the training data, 

which was labeled using an "LLM-as-a-judge" methodology. While scalable and 

efficient, this approach may not perfectly capture the nuances of human satisfaction 

and could introduce biases from the judge model itself. A router trained on these 

labels might optimize for what a powerful LLM deems a good response, rather than 

what an end-user truly finds helpful and satisfactory. 

Furthermore, the positive results observed in this experimental setting, which relied 

on established benchmarks, may not directly translate to real-world applications. The 

distribution and nature of live user queries can differ substantially from the structured 
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tasks found in benchmarks. The performance of the routers could therefore be 

impacted by the lack of a large-scale, diverse training dataset that mirrors the 

complexity of a live production environment. 

 

6.3 Recommendations for Future Work 

 

The findings and limitations of this research project open up several promising 

avenues for future work. A crucial next step would be to retrain and evaluate the 

routing models using a larger dataset labeled by human evaluators. This would create 

a more robust system aligned with genuine user satisfaction and provide a clearer 

picture of the routers' practical effectiveness. 

Another significant direction is to extend the current two-model (strong vs. weak) 

framework to a more complex, multi-model environment. A system capable of 

routing queries across a wider spectrum of LLMs with varying capabilities, latencies, 

and costs would allow for even more granular and dynamic optimization. 
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