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summary

The introduction of large language models (LLMs) has transformed the way software is written. With
the help of LLM powered code generation the productivity of software engineers has increased all over
the world. However, these models are also computationally expensive. The ubiquitous use of these
models has raised significant sustainability concerns.

LLM routing aims to reduce the usage of more complex models by routing easier tasks to smaller
models. However, existing research on routing primarily focuses on monetary savings and the potential
for routing from a sustainability perspective has yet to be explored.

In this thesis we propose an energy-aware LLM routing framework to measure, train and evaluate var-
ious routers. We implement our framework and conduct experiments to quantify the energy efficiency
of routing and to examine the trade-offs between accuracy and energy consumption. Furthermore, we
analyze the overhead introduced by the various routing components. Our results show that routing
can reduce energy consumption by up to 15.3% on the HumanEval and MBPP dataset with minimal
overhead when compared to a interpolated baseline. However, overall energy savings were found to
decrease significantly as we aim for accuracy targets near the stronger model. These findings show
that LLM routing is a viable strategy to reduce energy consumption of LLM code generation in scenarios
where achieving maximum performance is not crucial.
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Introduction

1.1. Introduction

Since the introduction of large language models (LLMs), they have become increasingly useful in many
fields including software development. As a result, the use of generative Al has increased significantly,
with OpenAl reporting over 900 million active weekly users for ChatGPT alone [27].

However, their massive size and frequent use have also led to a very high energy consumption. The es-
timated annual energy consumption for GPT4-o inference alone was approximately 391.5-463.3 GWh
[16]. To put this into perspective, the average energy consumption of a U.S. household was approxi-
mately 10,791 kWh in 2023 [41], which means that the amount of energy consumed by GPT-4-0 would
roughly correspond to the electricity use of more than 36,000 U.S. households. This raises serious
sustainability concerns.

Although these models boast impressive performance on challenging tasks, not every task will require
a state-of-the-art model. The current uniform deployment of large models means that even for simple
tasks, the most powerful model is used. This is energy-inefficient when a smaller and more efficient
model could have performed the same task as well. This highlights the need for dynamic model selec-
tion strategies that balance accuracy and energy costs.

LLM model routing is a relatively recent approach that addresses the problem of inefficient inference by
dynamically selecting the most suitable model among a pool of pretrained candidate models of varying
sizes. The objective is to minimize overall cost without compromising accuracy by directing simpler
inputs to smaller models while reserving larger models for more complex cases.

This thesis explores the viability of LLM routing for energy-efficient code generation. To do this, we
present two different router designs and propose a framework for the evaluation and training of various
energy-aware routers. We apply this framework and quantify the potential energy savings of this ap-
proach by conducting experiments using open-source and locally hosted models for code generation
tasks.

1.2. Problem Statement

Although recent advances in model routing have successfully improved efficiency by dynamically rout-
ing queries to models of different sizes, current approaches primarily focus on monetary cost and ac-
curacy. For example, MixLLM [43] and MetalLLM [26] reduce inference costs by routing simpler inputs
to smaller models, but their research objectives are tied to the financial cost rather than energy us-
age. Few studies mention energy consumption as a routing metric, and even fewer incorporate energy
measurements into routing decisions. One of the potential reasons for this gap is the lack of avail-
able datasets with energy consumption data, which limits the ability to train and evaluate energy-aware
routing strategies effectively.
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1.3. Research Questions

The goal of this thesis is to investigate how routing strategies can be leveraged to improve the energy
efficiency of large language models (LLMs) in the context of Python code generation. To achieve this,
we focus on three key research questions.

(RQ.1) Research Question 1

How effective is predictive routing in improving the energy efficiency of LLM code generation?

Ouir first question focuses on understanding whether predictive routing models can meaningfully reduce
the energy consumed by large language models when generating code. To do this, we will implement
several routers and compare their performance and energy consumption with a single model baseline.

(RQ.2) Research Question 2
What is the trade-off between energy consumption and accuracy?

Our second question looks at how routing balances energy consumption and overall accuracy. We
investigate for which performance targets routing is efficient to identify in which scenarios routing could
be desired. We aim to answer this question by creating routers at various levels of accuracy.

(RQ.3) Research Question 3
What is the energy overhead of the different router components?

Finally, we determine the overhead that is introduced from the various router components to determine
whether the benefits of routing outweigh the costs and to identify the components that can be scaled
and those that require caution. To investigate this, we individually measure the energy consumption of
each different router component.

Through these research questions, we aim to learn more about the potential benefits and weaknesses
of energy-aware LLM routing for code generation tasks.

1.4. Scope

This thesis focuses on evaluating routing strategies for large language models. We limit our domain
specifically code generation given a natural language input prompt or code snippet. The experiments
are restricted to Python programming tasks. Furthermore, the candidate model pool for our router is
restricted to a binary setting, where our router selects between a weaker and a stronger model. While
it is common to consider larger pools of models, limiting the problem to a binary setting reduces the
computational and hardware requirements for this thesis.

Our primary evaluation metrics are accuracy, determined by functional correctness, and energy con-
sumption during inference. We do not consider training, networking or evaluation costs. Furthermore,
our scope is limited to single GPU systems.

1.5. Contributions
This thesis investigates the effectiveness of two routing strategies in the context of code generation.
The main contributions of this work are as follows:
» We propose two different routing strategies to reduce energy consumption for LLM code genera-
tion.
» We provide insight into the trade-offs between router accuracy and energy consumption.

» We provide an experimental framework and dataset that enables the training and evaluation of
routing strategies for energy-efficient code generation by adapting the RouterBench [14] frame-
work to energy consumption.
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» We analyze the overhead costs of routing systems and determine the scalability of the router.

1.6. Document Outline

This thesis is divided into 8 Chapters. Chapter 1, the current Chapter, provides the motivation behind
this work and our research questions. Chapter 2 explains the background upon which this thesis is built.
In Chapter 3 we discuss prior related work on model routing. Chapter 4 covers the methodology and
presents the base framework of our research. Chapter 5 presents our implementation details of the
framework and our experiment. The results of the experiment can be found in Chapter 6. In Chapter 7
we discuss the implications of the results, the potential shortcomings of our research, and future work.
Finally, we conclude our thesis in Chapter 8.



Background

In this Chapter we cover the background of some of the tools used for our thesis. We first briefly
explain large language models and the process of code generation using them, we then cover the
primary datasets used for code generation as well as some of their drawbacks and finally we explain
the various ways of measuring energy consumption.

2.1. Transformers and LLMs

Since the reveal of the transformer architecture in 2017 by Vaswani et al. [42], natural language pro-
cessing has forever changed. This new architecture differed from all previous neural networks with the
introduction of self-attention layers. This has allowed for each token in a sequence to be influenced
by all other tokens previously found in the sequence. By computing the attention weights, the model
determines how important each token is compared to the others in the sentence.

Large language models implement the transformer architecture to learn next token prediction [31].
Given a sequence of tokens, LLMs predict the probabilities for the next token given the combined
output of all previous tokens in the sequence. To generate entire sentences autoregression is used.
Starting from the initial input prompt, the next token predicted and the new result is appended to the
prompt to then be used as input for the next iteration. This is repeated until a stop token is generated or
the token limit is reached. This autoregression process is can be computationally expensive. To avoid
some recomputation, key-value (KV) caching is employed to store some intermediate representations
from the computation of previous tokens.

2.2. Embedding

Embedding is the process of representing text as a feature vector. Unlike traditional tabulated data with
clear numerical and categorical features, representing raw text as a sensible list of numbers of fixed
length is challenging, especially given that text may vary in length considerably. Since the input data
for large language models are natural language prompts, our router will operate on the same data. As
such, embedding is a crucial step for our router to enable informed routing decisions.

Early implementations of embeddings includes Bag of Words and One-Hot vectors. This involved
creating a vocabulary and simply assigning a vector corresponding to each word in the list. However,
these implementations did not take into account the semantics of each word which resulted in very
sparse vectors.

In 2013, Mikolov et al. introduced Word2Vec [25] as a new way of representing natural language as a
vector. Rather than naively assigning a vector to each word, Word2Vec trains a model to predict words
given the other words located nearby. As a result, words that appear frequently in the same context
and are semantically similar are given similar vectors. However Word2Vec does not take into account
that word semantics may change depending on the context.

With the released BERT [10] in 2018, contextual embeddings were now possible. By leveraging the
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attention layers of the transformer architecture introduced a year earlier, words are now given embed-
dings based on the semantics of the word within the full surrounding context. As a result the embed-
dings now capture the actual meaning of the word as was intended. However, the training of such
embedding models requires a significant amount of text to accurately capture the semantics of each
word in context. BERT was trained on over 3 billion words sourced from Wikipedia and BooksCorpus.

While the cost of training transformer based embedding models is high, there exist many pre-trained
models. In this thesis we leverage such pre-trained embedding models. They form the basis for our
router’s ability to comprehend code related prompts.

2.3. Code Generation with LLMs

With the release of the first large language models it was also possible to generate code. After all,
source code itself is just readable text instructions structured in a way such that it can be easily com-
piled into a program. However, since they were not specifically trained on code the results were mixed.
Codex [6] improved upon this by finetuning a GPT language model on public GitHub code. A pro-
duction version of this model was subsequently used to power GitHub Copilot, a widely adopted code
autocompletion tool.

2.3.1. Datasets
To train and evaluate a router we require data. In this section we will cover some of the datasets
commonly used to evaluate LLMs code generation and discuss some of the benefits and drawbacks
of those datasets.

HumanEval

HumanEval is a benchmark introduced by OpenAl in July 2021 to evaluate large language models
trained on code [6]. It consists of 164 hand-written Python programming problems with verified unit
tests used for automatic function evaluation. Each task includes a function signature with docstring
that describes the required behavior of the function. It also includes the library imports that the model
may use. The model is tasked to complete the function and is then tested against the hidden test cases.

MBPP

Mostly Basic Programming Problems (MBPP) was released one month after HumanEval in August 2021
by Google [2]. However, their approach was to crowd-source a large set of programming questions
while only a smaller set of questions were edited and verified by hand by the authors. As such MBPP
contains a total of 974 Python problems of which 500 are dedicated to the test set. The remaining
474 questions are used for training and verification. MBPP tasks contain a short plain text instruction
for the model, followed by the actual test case assert statements that the model has to pass. Unlike
HumanEval where the test cases are hidden, MBPP requires the model to infer information from the
test case to determine the function signature and exact behavior.

Limitations

While MBPP and HumanEval are widely used for evaluating code generation models, several studies
have highlighted their limitations and potential shortcomings, which should be considered when using
these benchmarks.

A known limitation of the original benchmarks is the relative simplicity of the coding tasks. HumanEval
Pro and MBPP Pro were introduced in 2025 by Yu et al [47]. which feature more complex code genera-
tion problems that require models to reason and reuse previously generated code. o1-mini for example
scored over 96% on the original HumanEval benchmark, but saw performance drop to around 76% on
HumanEval Pro, showing that simple function completion tests may not generalize to more complex
tasks.

A second concern was the robustness of the unit tests. Analysis of execution traces on these bench-
marks reveal that the provided test suites often have high statement coverage but low branch and
mutation coverage [21], meaning they may fail to catch many logical errors and edge cases in the gen-
erated code. As a result the model may pass all provided tests without truly fully capturing the intended
behavior of the function, leading to inflated performance metrics. EvalPlus [20] introduced MBPP+ and
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HumanEval+, a smaller subset of the original MBPP and HumanEval benchmarks with significantly
increased test coverage.

However, these derivations of HumanEval and MBPP contain significantly fewer samples and are not
commonly used in prior work, which affects comparability.

2.4. Energy Consumption of LLMs

Prior work has shown that the energy consumption of large language models (LLMs) is highly task-
dependent [1], with model size and output token length being a primary indicator for energy usage.
However, several other factors were also found to influence energy efficiency [3]. These factors include
input token length, batch size, and the size of the KV cache. Furthermore, the availability of sufficient
GPU memory for the model itself is of utmost importance. When GPU memory is insufficient, parts
may be offloaded to the CPU, leading to significant reductions in efficiency and substantial increases
in energy consumption.

Given that output token length is a primary indicator for energy consumption, limiting the number of
output tokens for downstream tasks is an efficient way of improving energy efficiency. Solovyena et
al. [35] identify that "babbling” behavior occurs in several large language models on code generation
tasks. This leads to excessive token generation and energy consumption after the downstream task
has already been completed. To solve this they devise an algorithm that continually attempts to run
the provided test cases after each generated line, such that the generation may immediately be halted
when passing the downstream task. However, this approach has several downsides. First, in real
deployment settings, test cases will rarely be available to stop the token generation early, and second,
when the generated code is incorrect, it will not stop the model from "babbling”.

2.5. Measuring Energy

The process of measuring and identifying the energy consumption of software and LLM’s has gained
increasing attention as energy efficiency becomes more of a concern. However, the process of mea-
suring energy can vary significantly between researchers. This section addresses the main metrics
and methods.

2.5.1. Energy and Power Metrics

In this thesis, we will primarily be encountering the metrics Power and Energy, in watts (W) and joules (J)
respectively. Watts are the number of joules per second. For the cost of model inference given a task,
we are interested in the total amount of energy consumed in joules as inference is not a continuous
process. However, many tools only sample the power draw at certain points in time. To obtain the
energy consumed we can calculate the average power measured during the task interval and multiply by
the amount of time the task took. However, this relies on the power draw to remain relatively consistent
to be accurate [23]. A more suitable approach is to approximate the integral using the trapezoidal rule.
A visualization can be found in Figure 2.1.

Given power measurement samples P at fixed intervals At, we can compute the energy by taking the
sum of all measurement points in the interval and substract half of the first and last measurements. We
then multiply by the sampling interval.

n 1 1
H|E ~ At P|—-—=-P— =P, 2.1
[H] K;@ ) 5P =5 (2.1)
However, the start and end points of the interval of interest may not align exactly with measurement
points. In such cases we can linearly interpolate the edges using the first measurement sample right
before and after the interval.
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Figure 2.1: Trapezoidal rule integral approximation, image source: Cruz et al. [23]

2.5.2. FLOPS as proxy

Floating point operations (FLOPS) form the backbone of machine learning models. As a result, the
number of FLOPS required to perform a task is a common metric for measuring the computational costs
of a given model. As such, it could potentially be used as a proxy for energy when direct measurements
are not feasible. However, while computational cost and energy consumption may be related, prior
research has found that this relationship is not always clear [28, 19].

2.5.3. Energy Profilers

One way of measuring energy is through actual power meters. While they are the most accurate
[9], they are not always practical. One of the challenges of using such power meters is aligning your
experiment. Instead we can use software based energy profilers that approximate energy usage of
the system. These profilers rely on internal hardware telemetry and is therefore highly hardware and
operating system dependent, with various hardware manufacturers implementing their own software
libraries such as RAPL (Intel), MSR (AMD) and NVML (Nvidia). This makes finding the right energy
measurement tool not always a straightforward process.

EnergiBridge

EnergiBridge [32] is a program that provides a unified interface for the measuring and tracking of en-
ergy consumption within a system across different hardware platforms. Energibridge provides various
energy related metrics for both CPU and GPU as well as general system information such as RAM and
VRAM usage. It is designed to make energy measurement more accessible by providing a single API
that abstracts away the different platform-specific underlying libraries such as RAPL for Intel, MSR for
AMD, and NVML for NVIDIA. EnergiBridge is especially well suited for experimental studies as it allows
researchers to collect accurate energy data with a single interface. The exact metrics provided by En-
ergiBridge depends on the system configuration as the different underlying libraries provide different
metrics.



Related Work

This chapter introduces some of the existing routing models used to reduce the monetary costs of rout-
ing. We first introduce the 2 different types of routers commonly found in prior work. Afterwards, we
touch upon some techniques used to improve routing such as finetuning. Finally, we cover a bench-
marking framework that forms the basis for our work.

3.1. Routers

Recent work has explored routing mechanisms that leverage multiple large language models in order to
optimize trade-offs between various metrics such as cost, latency, and performance. However, energy
consumption trade-offs remain largely unexplored. Prior work on LLM routing typically falls into two
categories: predictive and non-predictive (cascading) routers.

3.1.1. Cascading Router

Cascading routers improve efficiency by querying models sequentially, starting from smaller or less
expensive models and moving up to larger models until the response is satisfactory. This early stop-
ping mechanism can reduce the average computational cost by avoiding unnecessary use of the large
models for simpler inputs. However, the sequential querying process introduces overhead for each
previously inferred model in the chain. When larger models are ultimately needed, the total energy
consumption may increase due to the cumulative cost of running multiple models in order. The chal-
lenge for cascading routers is how to determine whether a response was satisfactory.

FrugalGPT

FrugalGPT [5] is a monetary cost-aware routing framework designed for various natural language tasks.
The paper identifies that popular models have heterogeneous pricing structures that can differ by two
orders of magnitude. To mitigate this, the authors propose various cost saving strategies such as
prompt adaptation, LLM approximation and LLM cascade. LLM cascade sequentially prompts a list of
LLM API’s until the generation is considered sufficiently reliable or the list is exhausted. To do this LLM
cascade uses a generation scoring function. This function generates a reliability score given a prompt
and response pair. If the score passes a threshold 7;, the response of that model is selected. This
scoring function was trained using a simple regression model that learns the correctness of a response
given an input response pair. The model is trained in a supervised setting using correctness labels.
However, the authors do not go into detail regarding how these were sourced.

The study shows that FrugalGPT can achieve up to a 98% cost reduction compared to always using
the most expensive model and is able to improve performance by 4% over the largest model at equal
cost. However, such significant improvements are likely only possible due to the vastly different pricing
structures. Such pricing structures do not directly translate to significant gaps in energy consumption.
Furthermore, ML as a Service (MLaaS) providers usually do not report energy metrics.
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3.1.2. Predictive Routers

Predictive routing methods address the inefficiencies of ranking and cascading by learning to directly
select the most appropriate model for each input before inference. Rather than running multiple models
or querying sequentially, these systems train a router or policy network to predict which model will
provide a satisfactory response at minimal cost, based on features of the input or preliminary model
outputs.

OptiRoute

OptiRoute [29] is a dynamic model routing engine designed to balance multiple performance indica-
tors, such as cost, accuracy, and latency, alongside non-functional requirements including helpfulness,
honesty, and harmlessness, according to user-defined preferences. The system employs a hybrid
approach that combines explicit user preference settings with a task analyzer and a routing engine.

The task analyzer consists of a finetuned small transformer model. Given an input query, the task
analyzer classifies three implicit features: task type, complexity level, and domain. This smaller model
was finetuned using query logs from a production LLM cloud service provider, leveraging a combination
of human annotations and semi-supervised learning.

The extracted implicit features, together with the user-specified preferences, form a feature vector that is
passed to a kNN based routing engine. The router then selects the model whose stored characteristics
most closely match the constructed feature vector.

However, the paper provides limited detail on how the model-specific characteristics stored in the model
database are obtained or quantified, leaving some ambiguity regarding the derivation and validation of
these model feature representations.

MetalLLM

MetalLLM [26] formulates routing as a multi-armed contextual bandit problem. It dynamically learns a
routing policy through online feedback, gradually improving its allocation of inputs to models based on
observed reward signals that trade off accuracy and cost. MetaLLM does this by embedding the input
using an out-of-the-box Sentence-BERT transformer.

MixLLM

MixLLM [43] similarly formulates the routing problem as a multi-armed contextual bandit problem. How-
ever, rather than embedding input vectors using a out-of-the-box Sentence-BERT model, MixLLM ob-
tains their embeddings from a finetuned BERT encoder based on tag data. Furthermore, rather than
using a single bandit model like MetaLLM, MixLLM utilizes LLM-specific predictors. This ensures on the
fly scalability, as the addition of new models does not require retraining of the other arms. While ban-
dit based methods are effective in online settings, we have full offline supervision. As such, standard
supervised learning methods are more suitable.

3.1.3. Embedding & Finetuning

Several works leverage LLM query embeddings to enable input-aware routing of LLMs. These ap-
proaches try to capture semantic properties of the input prompt through the domain knowledge of
medium-sized pre-trained transformers such as BERT [10] and use them to predict which model is
most suitable for a given query [43, 7, 29, 26]. White such embeddings can be used out-of-the-box,
some approaches also opt to finetune the transformer to cluster similar prompts.

MixLLM [43] finetuned a BERT model with InsTag [22] generated tags. InsTag is a model based on
Llama2-13B [40] designed to generate instruction tags for natural language queries. These tags cap-
ture the semantic intent and complexity of the query. While the underlying Llama model is of significant
size, the model is only used during the finetuning process of BERT. Therefore at inference time, the
router does not provide significant overhead.

AdaptiveLLM [7] has a different approach. They reason that the complexity of the task may be cor-
related with the chain-of-thought length of the LLM solving the task. By prompting various LLM’s on
various tasks, the authors obtain pairs of queries and chain of thought lengths. This data was then
used to cluster the queries based on their chain-of-thought length in different clusters representing task
complexity. Triplet finetuning was then performed on BERT. However, we do suspect that some data
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leakage may have occurred during the evaluation process. Tasks used for the finetuning process of
BERT were also present in the evaluation test set. Nevertheless, AdaptiveLLM provides an interesting
approach to difficulty estimation.

Finetuning embedding models for routing is an interesting approach to leverage larger transformer
models without incurring additional overhead costs during inference. However, the finetuning process
often requires a substantial amount of data.

3.1.4. RouterBench

RouterBench [14] introduces a benchmark for the evaluation LLM routing strategies across various
tasks and models. It proposes a framework to compare routing methods based on quality and cost
metrics. Routerbench combines several datasets from several different domains such as math, coding
and writing with a candidate model pool of various sizes and API costs.

RouterBench deals with various different routing strategies. Directly querying the candidate models for
the same prompt repeatedly to train and evaluate different routing strategies can become prohibitively
expensive. Both in terms of financial cost and time. To address this, RouterBench proposes precom-
putation of all model-query pairs and storing all model responses and cost. While the upfront cost is
high, these precomputed response and cost data can be reused for the training and evaluation process
of different routing strategies, as the model responses are independent from router behavior. The de-
coupling of model inference from routing provides an efficient and fast way to evaluate different routing
strategies.

This work is closely inspired by RouterBench. However, RouterBench provides a fixed candidate model
pool and dataset, with emphasis on monetary costs. As such, the dataset cannot be used directly for
energy-aware routing.

RouterBench also introduces an effective baseline routing strategy called the Zero Router, which is
based on the non-decreasing convex hull. This approach selects models along the optimal quality-cost
frontier such that each chosen model represents an efficient trade-off between quality and cost. As a
result, the Zero Router provides a consistent and interpretable baseline that any routing strategy can
be compared against and scales to any candidate model pool size.

One concern with routers trained on mixed-domain datasets such as RouterBench is that they may rely
on category-based heuristics. Prior research [14] has shown that many routers exhibit this behavior, of-
ten directing most coding and math-related queries to the stronger model by default. Such behavior can
interfere with routing for our specific downstream task, which focuses exclusively on code generation.
This potentially limits the router’s ability to make meaningful decisions in this domain.



Methodology

In this Chapter we go over our proposed framework. We first cover the data collection process which
will be used in the training and evaluation of our routers. We then introduce our 2 different router
designs and finally we discuss the evaluation metric to determine the capabilities of our router.

4.1. Proposed Framework

Our framework consists of two main steps. First. we have the data construction process in which we
measure the energy consumption and evaluate the correctness of the generations. This is used to form
a new augmented dataset with energy and correctness data. In the second step we train and evaluate
routers using the augmented data.

4.2. Data Construction

Precomputed Dataset Construction

/ Controlled Measurement Experiment \ Sandboxed Evaluation Environment
w % Evaluation
Code-Generation Precompute & Energy Augmented A E
Dataset Measure Energy & Dataset
Text
Features
Candidate Model Pool Moce]
Task Prompt
* Correctness
* Energy Consumed |
\ J * Target Variable Energy & Correctness

Dataset

Figure 4.1: Data construction process for supervised energy-aware router training and evaluation. Each task prompt output is
precomputed for every candidate model and then appended with functional correctness and energy consumption metrics.

To train and evaluate our routers for code generation efficiency, we require a dataset that includes
code generation problems with model specific energy measurements. To construct this dataset, we
follow a similar approach as RouterBench [14]. However, rather than introducing monetary API costs,
we introduce energy consumption costs instead. In this approach, we augment existing code genera-
tion datasets with precomputed energy consumption and model responses. All candidate models are

11
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evaluated on all tasks in the existing dataset, and for each task-model pair we record both the model
response and the corresponding energy consumption. We can then evaluate model responses on
correctness by directly executing the model response code in a sandbox environment against the pro-
vided test cases. A comprehensive overview of the router dataset construction process can be found
in Figure 4.1.

This new dataset can then be used for supervised training and evaluation of the routers. Since all model
output is precomputed and is independent of the actual router, the dataset can be efficiently used to
train and evaluate various different routers without requiring additional inferences or energy measure-
ments given that no new large language model is introduced to the pool. However, this approach does
introduce the constraint that model generation stays consistent across multiple routers. For this reason
the use of greedy decoding does not impose additional limitations. We can use greedy decoding for
deterministic output, reducing the variance in energy consumption measurements.

Another advantage of this framework is that the overall evaluation process is separated from the model
inference and energy measurement pipeline. This design allows us to measure model correctness in
isolation within a sandbox environment, avoiding interference or overhead that could affect energy mea-
surements. Sandbox environments are necessary because we automatically execute LLM-generated
code without any human oversight, which is cause for significant security concerns. Especially when
a standard Docker container alone may not provide sufficient isolation to mitigate all potential hazards
[17, 30].

4.3. Candidate Model Pool

The selection of candidate models requires careful consideration, as the characteristics of the model
pool directly influence the routing problem. Therefore, we consider various aspects of the candidate
models to finally decide on the most suitable models for our router.

4.4. Router

The first step for our router is to represent the input prompts as a vector. For this we use a contextual
embedding model. Each input prompt p is encoded into a vector of dimension d:

z = f(p) e R?

where f is the embedding function and d is the output dimension of the embedding model.

The binary routing problem can then be formalized as a binary classification problem. Given the input
embedding » € R?, let M = {m;, m»} represent the set of available models. The classifier learns the
mapping function:

f : Rd — {ml,mg}.
For each prompt z, both model responses were evaluated offline, producing the following initial target
variables
* a correctness indicator ¢; € {0, 1} for model m;
* an energy consumption value e¢; in Joules

where ¢; = 1 indicates that model m; produces a correct response and ¢; = 0 otherwise.

4.4.1. Router Design 1: Binary Classifier

The first routing strategy tackles the model selection problem directly as a supervised binary classifi-
cation task. Given an input vector z, the router predicts which candidate model should be selected to
generate the final response. To do this, we require labels for supervision.
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Label Construction Using the observed outcomes of both models, a new target variable is derived.
The routing label y € {m1,m4} is constructed that specifies which model should be selected for a given
prompt. The labels are derived according to the following decision rule:

mq ifci=1Aca=0
mo if01=0/\02:1
argmin;ergye; ifep=1Aca=1

argmin;eqygye; ifep =0Aca =0

If both models produce correct responses, the model with the lower energy consumption is preferred.
If only one of the models produces a correct response, that model is preferred. This rule ensures that
correctness is prioritized when selecting the model while energy is minimized when both models are
sufficient.

In the case where both models fail to generate a correct answer, the router also selects the model with
the lower energy consumption. This scenario represents a special case, however. One could argue
that when both models are unable to produce a correct answer, selecting the lower-energy model may
not be the most preferred strategy as this is typically the smaller and less capable model with a lower
probability of solving the task. Nevertheless, since this formulation does not explicitly estimate the
probability that a model can successfully solve a given task, we select the model with the lower energy
cost in this case.

These labels are used exclusively to train our Classifier and are not used for evaluation.

Model Architecture The router itself is implemented as a classifier trained on prompt embeddings
generated by our embedding model. Given a prompt embedding vector x, the classifier produces a
probability distribution over the candidate models:

P(m; | x), i€{l,2}

The router selects the model with the highest predicted probability:

Mselected = aT'g max P(m; | x)
m;E{mi,ma}

One advantage of this approach is that the router can be trained using fully supervised labels. These
were constructed in such a way that the exact energy measurements played a minor role. For fu-
ture dataset expansions, a simpler heuristic of assuming that smaller models generally consume less
energy could be used to assign labels instead, thereby reducing the dependence on direct energy
measurements during data collection.

An overview of the router can be found in Figure 4.2.



4.4, Router 14

X1

Xz

’ Embeddi ’
e _> Classifier —> Selected Model

Prompt

X768

Figure 4.2: Classifier Router design

4.4.2. Router Design 2: Utility-Based Regressor

The second routing strategy formulates the model selection problem as a utility-based regression prob-
lem [39]. Utility-based regression models predict the expected utility of each candidate model. Instead
of directly classifying which model to choose, the router estimates a utility score that captures the
trade-off between correctness and energy consumption for each model, and then selects the model
with the highest expected score. However, since energy can vary quite significantly between tasks
while correctness is bound to true or false. We first compute the normalized energy defined as

~ € — UE
€ = ———
OE

where u g and oy are the mean and standard deviation of the energy values computed over the training
dataset.

We then define a utility score that balances accuracy and normalized energy, closely inspired by Router-
Bench [14]:

where the energy factor ) is a hyperparameter that controls the importance of energy consumption.

For each candidate model, we then train a regressor to predict its utility given the prompt embedding.
Let » € R? be the embedding of a prompt. Then, for M candidate models, we define a set of regressors

gm R =R, me{l,...,M}

where g, predicts the utility of model m. In our setup with two candidate models, we have the two
regressors g; and g,. Given a prompt embedding z, the predicted utility for model m is

Utilitym, = gm/(z)

At inference time, the router evaluates the predicted utility for each candidate model and selects the
one with the highest score:
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f(z) = arg max g; ()

This formulation allows the router to consider both predicted performance and energy cost when select-
ing the most appropriate model for a given prompt. Introducing an energy factor A\ enables fine-grained
control over the router’s behavior regarding energy-performance trade-offs, with a higher A value re-
sulting in a lower energy consumption at the cost of performance. Unlike the classification approach,
this method can be easily extended to additional candidate models without retraining previously trained
regressors, making it simple to scale. However, each new candidate model introduces an additional
regressor that must be evaluated at runtime, increasing computational overhead during inference. The
overall architecture closely resembles the LLM-specific contextual bandit design of MixLLM [43, 18],
but operates in an offline setting without exploration.

An overview of the router can be found in Figure 4.3.
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Model A \% //,(-(

Regressor \ 0/& <+
X2 '
Embedding
_> Model - > \ Argmax —’ Selected Model

Prompt
Model B /‘ '

Regressor R
\)’“\\ &
o
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Figure 4.3: Regressor Router design

4.5. Evaluation Criteria

For our router evaluation we perform 5-fold group cross-validation, repeated 10 times with different
random seeds to account for variation in train-test splits. For each fold, we train the router models as
described in Section 4.4. Performance metrics (accuracy, energy) are averaged across all folds and
repetitions weighted by fold size. Samples are grouped by unique task id such that all equivalent tasks
end up in the same split. This is necessary because task entries are duplicated, with one entry for each
candidate model. By ensuring equivalent tasks are in the same split, we avoid data leakage. Since not
all tasks are equal in difficulty and length, cross-validation with repetitions helps to ensure unbiased
and reproducible results.

To evaluate the effectiveness of our proposed routing strategies, we compare our routers with a base-
line. However, since we have a trade-off between accuracy and energy consumption, this is not trivial,
especially in non-binary settings. The construction of the baseline follows a similar methodology to
RouterBench [14].

Let A, and E, correspond to the average accuracy and energy consumption of a routing strategy r
over all folds and repetitions. Additionally, let (A4, E;) and (A2, E») represent the accuracy and energy
consumption of the two candidate models m; and ms on the same evaluation set.
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Since our setup only includes two models, the baseline accuracy—energy trade-off line can be repre-
sented by a linear interpolation between the two endpoints. For a parameter « € [0, 1], the interpolated
baseline performance is defined as

Aa = aAl + (1 - CK)AQ,

Ea = OtEl + (]. - Q)EQ.

This interpolation represents the expected performance to a hypothetical baseline router that randomly
selects between the two models with probability a. This approach is equivalent to the non-decreasing
convex hull baseline proposed in RouterBench applied to a binary setting.

To quantify the benefit of our router, we compare the energy consumption of the router to the interpolated
baseline at the same level of accuracy. We solve for a:

o A, — Ay
A — Ay
Finally, the energy reduction is calculated:
E, - E.
EnergyReduction = —————,

Eq

where FE,, is the interpolated energy corresponding to the router’s accuracy A, = A,.



Evaluation

In order to evaluate our framework we devise an experiment and implement our designs using real
models and data. This chapter covers all of the implementation details for our experiment including the
models and datasets used, energy measurement configurations, and various parameter settings.

5.1. Datasets Chosen

To train and evaluate the effectiveness of our routing strategy, we conduct experiments on two widely
used code generation datasets: HumanEval [6] and MBPP [2]. The reason these datasets were se-
lected was because they are commonly used in prior work and provide a sufficient number of samples to
facilitate both training and evaluation. The two datasets combined provide us with 1138 python coding
tasks. Another significant advantage of these benchmarks is the fact that they provide automatic unit
tests for each task. This allows for more objective and interpretable evaluation of the LLM-generated
code. This avoids relying on approximations or similarity metrics that can be difficult to interpret.

While these datasets have known limitations as discussed in Section 2.3.1, we choose to use the full
MBPP and HumanEval dataset over the alternatives to maximize sample size and maintain compara-
bility with prior work. Furthermore, since these datasets are widely used for benchmarking LLM’s, they
are more likely to be excluded and filtered from the training data of such models [15, 13]. This simplifies
the process of finding models compatible with the dataset and lowers risks of data leakage.

5.2. Candidate Model Pool Selection

In this section we cover the two large language models used for the code generation process. We first
cover the selection criteria and then select our models.

5.2.1. Model Selection Criteria
For our candidate models we consider the following aspects for inclusion.

Performance gap: Prior work [11] has shown that the benefits of routing depends on the performance
gap between the candidate models. When models have a small performance gap, routers can achieve
cost savings with minimal quality loss. Larger performance gaps can offer greater potential cost gains if
the router is capable of accurately distinguishing easy from hard queries, but are more likely to degrade
in performance compared to a single large router. However, the models are selected such that the
smaller model has a lower cost with usually lower performance to facilitate cost-quality trade-off.

Instruction-following capability: Since our evaluation focuses on code generation under instruction-
based prompts, candidate models must reliably follow prompt instructions. In our setting, not following
the prompt instruction could result in a runaway or excessively verbose generation. This leads to
inflated token counts and consequently higher measured energy consumption. Ensuring that models
follow instructions is therefore particularly important.

17
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Open-source availability: Models must be openly available to allow for local deployment in a con-
trolled setting to facilitate precise energy measurement. Closed API-based models would prevent direct
hardware based energy measurements and reproducible experiment conditions.

Hardware feasibility: The models must fit comfortably within the memory constraints of a single RTX
4090 (24GB VRAM). As suggested in prior work [3], high memory utilization can negatively impact
performance and efficiency. To avoid such factors from effecting our measurements, we ensure that
the selected models operate with sufficient memory headroom during inference.

5.2.2. Chosen Models

Based on the criteria outlined above in section 5.2.1, we select the following two models:

» DeepSeek-Coder-1.3B-Instruct
* Qwen2.5-Coder-3B-Instruct

DeepSeek-Coder-1.3B-Instruct is a 1.3 billion parameter large language model developed by DeepSeek
Al and released in 2023 [13]. It is derived from DeepSeek-Coder-1.3B-Base and subsequently fine-
tuned on approximately 2 billion tokens of instruction data. The underlying base model was trained
from scratch on a 2 trillion token corpus, composed of 87% source code and 13% natural language
data. The code training data was sourced from public GitHub repositories consisting of 87 different
programming languages. In benchmark evaluations, DeepSeek-Coder-1.3B-Instruct achieves compet-
itive results among open-source code models, including a reported pass@1 accuracy of 49.4% on the
MBPP benchmark and 65.2% on the HumanEval benchmark.

Qwen2.5-Coder-3B-Instruct on the other hand was developed by Alibaba Cloud and was released
in 2024 [15]. It inherits the base model (Qwen2.5) transformer design and tokenizer, and was then
specialized for code through code-centric pretraining. Afterwards it was further specialized through
instruction tuning. Similarly to DeepSeek-Coder, the code was sourced from public GitHub repositories.
The final training data consisted of 5.2 trillion tokens, of which 70% code, 20% text and 10% math.
Qwen2.5-Coder-3B-Instruct was able to outperform DeepSeek-Coder-1.3B-Instruct on both MBPP and
HumanEval, achieving an accuracy of 73.6% and 84.1% respectively.

These models exhibit a meaningful difference in parameter count (1.3B vs. 3.0B parameters), which is
expected to result in differences in energy consumption. Additionally Qwen2.5-Coder-3B-Instruct was
shown to have a moderate performance gap over DeepSeek-Coder-1.3B-Instruct. This creates the
potential for a non-trivial routing trade-off.

Since both models were evaluated on the MBPP and HumanEval benchmarks, their training data was
decontaminated to remove any overlaps with these datasets. This was achieved by applying 10-gram
filtering rules to ensure that no training examples from MBPP or HumanEval were included. As aresult,
both models are well-suited for our evaluation dataset.

Furthermore, both models are openly available and comfortably fit within the 24GB memory constraint
of the RTX 4090 to be deployed locally. Memory utilization remains well below critical thresholds
even while deployed simultaneously, avoiding potential performance degradation associated with near-
capacity operation.

The two models are optimized for code generation tasks and have shown adequate performance on
the MBPP and HumanEval benchmarks. Additionally, they have been instruction tuned. Instruction
tuning improves prompt adherence by training models on structured instruction and response pairs,
thereby reducing variability caused by failures to follow task specifications [46]. These factors increase
the probability of the models adhering to the prompt instructions.

Instruction-tuned models have also been shown to perform effectively in zero-shot settings [45], which
aligns with our evaluation protocol. However, prior work has also demonstrated that instruction-tuned
models may exhibit substantial performance variance across semantically equivalent prompts [37].
This sensitivity shows the importance of maintaining a consistent prompting format throughout our
experiments to ensure replicable results and stable energy measurements.
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5.3. Generation

5.3.1. Prompting Strategy

The performance of large language models is highly sensitive to prompt design. As such, a structured
prompting strategy was used to ensure consistent and reproducible model behavior across all tasks
and models.

Code 5.1: Prompt template

"Please only respond with a codeblock and do not explain anything. Complete the following
task:
T “python
{prompt}
n

We employ a zero-shot prompting strategy. The task prompt is embedded as shown in Code 5.1. The
prompt explicitly instructs the models to respond only with the completed code block and to omit any
explanations. We impose this constraint to minimize unnecessary token generation and reduce output
variability. Furthermore, the prompt contains a structured response format for more consistent and
reliable code extraction for both evaluation and practical use.

For the Qwen model, we further apply the official chat-based prompt template recommended by the
developers [15]. This template separates system prompts from user prompts. In our case, we include
the following system message: "You are Qwen, created by Alibaba Cloud. You are a code generator
and only respond with code without explanations.” This system level instruction further reinforces the
output constraints already present in the user prompt.

5.3.2. Generation Parameters

For all tasks, code generation was performed using greedy decoding with no sampling. This results in
deterministic generation which is a necessary constraint for our RouterBench inspired precomputation
approach. Furthermore, the maximum token length for generated outputs was set to 1024 tokens. This
limit was set to prevent runaway generations from consuming an excessive amount of tokens while still
allowing sufficient length for typical function completions required for our use case. Finally, we employ
several stopping criteria to stop generations early.

5.3.3. Early Stopping

We enforce early stopping rules to reduce the probability of runaway generations and to reduce post
function generated code explanations. While post-processing approaches can also mitigate these prob-
lems, stopping generation early decreases the number of discarded tokens, reducing unnecessary
energy costs. A key limitation, however, is that generation may only be stopped after the generated
function is completed. As such, any conversational preambles (e.g. the model acknowledging our
request), cannot be filtered out through such methods. The early stopping strategy consists of three
main components:

Repeated Line Detection: The system monitors the most recent lines of generated code, and if any
line appears three times within the last five lines, generation is halted. This prevents the model from
endlessly repeating or alternating lines, which are common forms of runaway generation. However, this
approach does not capture all cases of runaway generation, such as when a counter or other variable
causes each line to be slightly different.

Code Block Completion Detection: Generation is stopped as soon as the model closes the code
block. This ensures that each output contains only a complete code snippet without trailing tokens such
as an explanation of the generated code.

Assertion and Test Case Filtering: We detect certain patterns commonly associated with post-
function test case generations. Such generations are common in the MBPP dataset where assert
statements are provided in the task prompt. This commonly results in the model repeating the asser-
tions and generate new ones. This not only results in unnecessary token generation but also adds
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additional code that could interfere with evaluation. This may happen when the model generates its
own failing test cases, these would be counted as a failed code generation by the evaluation wrapper.
Patterns detected include lines starting with "assert” and "# Test cases” When these patterns appear
in the output, they are replaced with a code block closure and generation is stopped early.

5.4. Response Extraction & Evaluation

To evaluate the LLM-generated code completions, we first extract Python code blocks from the model
completions. Since the prompts were designed to elicit responses in Python code blocks enclosed in
triple backticks, extraction is performed using a simple regular expression that identifies these code
blocks and isolates the Python code. In certain cases, the model output may not strictly follow the
expected formatting. For example, Qwen sometimes places the "python” keyword on the next line
within the triple backticks rather than immediately adjacent to the opening backticks. In such situations
the actual generated code may still be correct and for this reason the extractor is designed to handle
such variations to improve robustness. However, we cannot guarantee correct extraction in all cases.

After extraction, we implement two dataset specific evaluation pipelines corresponding to MBPP and
HumanEval tasks. In both cases, the extracted code is concatenated with the associated test cases
from the dataset. The combined code is then executed in a controlled local environment. A completion
is considered correct if the code executes without errors and passes all unit tests provided in the dataset.

As discussed in section 4.2, it is strongly recommended to perform the evaluation process in a safe
environment in case of destructive code generation by the candidate models. For our experiments,
code correctness evaluations were performed bare-metal on a separate disposable machine. However,
they can also be evaluated on a virtual machine or other sandbox environment if a disposable machine
is not available.

5.5. Router Models

In this Section we cover the embedding and prediction models selected for our router and discuss their
parameter settings.

5.5.1. Embedding Model

For our contextual embedding model, we decided to use the CodeBERT model [12], a pre-trained
transformer developed by Microsoft. CodeBERT is particularly well-suited for our task because it has
been trained on both code and natural language datasets. This allows it to capture the semantics of
both code and natural language present in prompts. Furthermore, CodeBERT with 125M parameters
is relatively lightweight, reducing the computational overhead during embedding compared to larger
language models, while still being large enough to produce high-quality embeddings. We chose to use
CodeBERT out-of-the-box rather than finetuning it, given our limited dataset.

5.5.2. Prediction Models
The final component of our router is the prediction model. For our routers, we will cover 2 regression
models and 2 classification models.

The first router is implemented as a logistic regression classifier trained on prompt embeddings gen-
erated using CodeBERT. Logistic regression is selected as it is lightweight and has shown strong
performance in high-dimensional embedding spaces. Prior work has shown that logistic regression
applied to various transformer embeddings can outperform both neural and non-neural classifiers on
the LIARS dataset [24]. In our setup, each prompt is represented as a 768-dimensional CodeBERT
embedding.

Our second router uses an XGBoost regressor. XGBoost is selected over linear regression as it is
able to model non-linear relations and performed well in prior work when used on high dimensional
embeddings [7].

For our third and fourth routers we use a KNN classifier and regressor. These were selected for their rel-
ative simplicity while also being suitable for embedding representations as semantically similar prompts
should be geographically close in the embedding space.
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5.5.3. Router Parameters

Model Parameter Value
n_estimators 200
max_depth 4
learning_rate 0.05
XGBoost Regressor subsample 08
colsample_bytree 0.8
random_state 42
Logistic Regression  max_iter 2000
KNN Classifier n_neighbours 3
KNN Regressor n_neighbours 3

Table 5.1: Router model hyperparameters

Hyperparameters can play an important role in controlling the complexity, accuracy, and generalization
performance of machine learning models. While hyperparameter tuning is often preferred, in this work
we prioritized performing more repetitions and cross-validation to obtain tighter confidence bounds on
model performance. Table 5.1 summarizes the specific settings used for the routers. For the XGBoost
router, the maximum tree depth is limited to four, which is intended to help reduce overfitting on the 768-
dimensional CodeBERT embeddings. To compensate for the shallower tree depth, 200 estimators are
used over the default 100. Row and feature subsampling is used to further reduce the risk of overfitting.
We set a random_state variable for reproducibility.

All other hyperparameters for both models remain at their default values in their respective library im-
plementations.

For the energy factor A\ used in our regressors, we evaluate all values between 0 and 1 in increments
of 0.1 to explore how different energy and accuracy trade-off settings affect overall router efficiency.

5.6. Measurement setup

We use EnergiBridge [32] to measure the energy consumption of the models. As discussed in Section
2.5.3, EnergiBridge provides a unified interface for energy measurement across different hardware
platforms and abstracts low-level libraries such as RAPL, MSR, and NVML. Its straightforward interface
makes it easy to integrate into experimental workflows while still leveraging real energy measurements
rather than relying on metrics such as the number of floating point operations (FLOPS) as theoretical
proxies. EnergiBridge provides a 200 millisecond measurement interval (5Hz) which should provide
sufficient resolution to accurately capture energy usage during model inference in our setup.

All energy measurements were conducted on the Green Server, a dedicated workstation for energy
measurements at the TU Delft. The server has the following hardware configuration:

+ CPU: AMD Ryzen 9 7900X

* GPU: NVIDIA GeForce RTX 4090 (24GB VRAM GDDR6X)

* Memory: 64GB RAM DDR5
The system runs Ubuntu 22.04.3 LTS with Linux kernel version 6.2.0.
We collect the following metrics of interest:

* GPU Power Usage (mWatts)

* GPU Memory Usage (MiB)

» CPU Energy (Joules)

We will be relying on GPU Power for the majority of our research as the embedding and code generation
models will be running on GPU using CUDA Version 12.2. We measure GPU Memory usage to verify
that our models fit within the provided 24GB’s of VRAM. We capture CPU Energy for our router models
that may not have GPU implementations.
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The experiments were conducted in a Docker container using Docker 24.0.5 to ensure reproducibility.
Although the use of Docker containers is known to increase energy consumption compared to running
on bare-metal Linux [33, 38, 44], we argue that in practical real-world deployments, containerization
and orchestration are common and generally necessary. Therefore, it is reasonable to include the
energy overhead of Docker in our measurements.

All measurements were performed under controlled conditions, with no other computationally inten-
sive workloads running concurrently. Various energy consumption metrics were recorded every 200
milliseconds during the entire experiment with all models loaded into GPU memory beforehand. We
isolated the energy consumed for model inference from other instructions by recording a timestamp
immediately before the inference started and immediately after it finished. This defines our interval of
interest. To convert GPU power to energy we use the trapezoidal rule as explained in Section 2.5.1
and apply linear interpolation for the start and end points.

The experiments were performed in two separate batches. The first batch consisted of the 500 test
problems from MBPP, while the second batch included the remaining 474 training problems from MBPP
together with all 164 tasks from HumanEval.

Each task inference was measured 10 times for each model. Within each batch, tasks were randomly
shuffled prior to execution to minimize potential ordering effects as was recommended by some re-
searchers [8]. Inference runs were executed one at a time, and a 15-second idle period was inserted
between each run to allow the system to return to a stable baseline state. While 10 measurements per
task may seem relatively few, we deem it to be sufficient for the evaluation of aggregated metrics across
multiple tasks, since our hypothesis concerns overall router capabilities rather than the performance
for any singular task. A 15-second wait time between experiments may also appear short. However,
given that an average experiment lasts only 2 seconds, we expect it to be sufficient for the GPU to
stabilize.

5.6.1. Overhead Measurements

While predictive routers do not incur multiple model inference costs the way that cascading routers do,
they do still introduce additional overhead. In our case, the CodeBERT embedding model is particu-
larly, as CodeBERT is still a 125 million parameter transformer model. While an order of magnitude
smaller, these extra computations may still outweigh the benefits of routing. A second concern are the
prediction models themselves, in particular XGBoost. XGBoost is a relatively computationally expen-
sive model relative to other traditional machine learning models as many trees need to be evaluated.
Furthermore, our router design requires an XGBoost prediction for each candidate model in our pool.
The XGBoost overhead is therefore directly related to the scalability of our design. Finally, we also
measure the energy consumption of our logistic regressor for completeness. Since logistic regression
inference consists of only a single linear function followed by a sigmoid evaluation, we expect its energy
consumption to be negligible. We collect 30 samples for each model and measure the energy required
to embed and predict the entire HumanEval and MBPP dataset, totaling 1138 prompts. We measure
GPU energy consumption for codeBERT embedding and CPU energy for our prediction models, as
these models do not natively support GPU execution.

5.7. Reproduction Package

The implementation and reproduction package of our experiment is publicly available on GitHub [4].
Further instructions can be found in the repository README.



Results

This Chapter covers the results of the experiments described in Chapter 5 with the goal of being able
to answer our initial research questions. We will first go over the results of our energy measurements
and the obtained dataset. Afterwards, we present the results of our routers on that dataset and answer
our three research questions.

6.1. Energy Measurement Results
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Figure 6.1: Average energy consumption of task and relative error for 10 measurements per task

After conducting our energy measurements as explained in Section 5, we examine the data for rela-
tionships between output token length and energy consumption. Figure 6.1 shows the average energy
consumption for each task, sorted by the number of output tokens produced. A clear linear trend can
be observed, indicating that tasks requiring longer generations tend to consume more energy. This
increase in energy consumption with output length appears more pronounced for Qwen-coder, which
has a much steeper trend line than Deepseek-coder. This indicates a higher energy cost per generated
token for Qwen-coder.

We also find two notable outliers from the overall linear trends. First, we observe that one instance of
deepseek has reached the maximum output token limit of 1024 and was truncated due to a runaway
generation, resulting in a much higher than expected energy measurement for the given task. Second,
two data points deviate from the linear pattern, one for each model. We suspect the cause to be
the same input prompt. Upon closer investigation, both points indeed correspond to the same MBPP
task to "Write a function to calculate a grid of hexagon coordinates where function returns a list of
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lists containing 6 tuples of x, y point coordinates.”. However, this is not the full input prompt that is
given to the model. MBPP prompts are appended with the 3 unit test cases that the generated code
is required to pass. We found that these test cases were associated with an unusually large input
prompt when measured in tokens. The included test cases consisted of long hardcoded floating-point
numbers of high precision, which substantially increased the input token count and consequently the
energy consumption despite a modest output length. This is likely due to random floating point numbers
being unlikely to share large sections of tokens and therefore having to be split into smaller tokens.

To compare the overall efficiency of both models we compute the amount of energy consumed per out-
put token. A violin boxplot can be found in Figure 6.2. Qwen-coder has a median energy consumption
of 1.896J per generated output token, with an average of 2.084J. Deepseek-coder on the other hand
has an median and average energy consumption of 0.807J and 0.876J respectively. This shows that
deepseek-coder is over twice as efficient compared to the larger qwen-coder model on a per token
basis. However, this may not directly translate to the real efficiency gains when accounting for model
behavior and tokenizer differences. In table 6.1 we find that the overall energy consumption per task is
160.79 Joules and 82.11 Joules for Qwen-coder and Deepseek-coder respectively. The actual energy
consumption difference is smaller than expected when looking at per token efficiency metrics. This is
likely due to the difference in tokens consumed per task. We observe that deepseek is slightly more
verbose in their responses, generating 5.0% more characters on average. However, the model con-
sumes 27.3% more tokens, suggesting that Deepseek-coder has less efficient tokenization compared
to Qwen-oder.

Energy per Token Distribution by Model

Joules per Token

Qwen/Qwen2.5-Coder-3B-Instruct deepseek-ai/deepseek-coder-1.3b-instruct

Figure 6.2: A violin boxplot of the energy consumption of a task per token by model. Qwen-coder has a median energy
consumption of 1.896J per generated output token, with an average of 2.084J. Deepseek-coder on the other hand has an
median and average energy consumption of 0.807J and 0.876J respectively.

Model Avg. Energy (J) Avg. Tokens Avg. Characters
deepseek-ai/deepseek-coder-1.3b-instruct 82.10 81.65 237.82
Qwen/Qwen2.5-Coder-3B-Instruct 160.84 64.12 226.52

Table 6.1: Average energy consumption and token count per task for different models and their average completion length in
number of characters.

Finally, we examine the highest amount of GPU Memory used at any point in time. We find that our
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models utilize at most 22426 MiB of VRAM out of 24564 available. This ensures us that all of our
models indeed fully fit on our GPU and that there was no CPU offloading.

6.1.1. Measurement Variance

To determine the accuracy of our measurements, we compute the variance of the measurements given
the same task and model. We find that the relative standard deviation becomes lower as the task
consumes more energy as found in Figure 6.1b. This is likely due to the measurements lasting longer
and therefore providing more stable readings. We do not observe a significant difference between the
two models with regards to measured variance. The measurement reliability significantly increases as
measurements exceed 250 Joules with a relative standard deviation between 1% and 6%. Experiments
under 250 Joules have a relative standard deviation varying between 2% all the way up to 14%.

We apply the Shapiro-Wilk test [34] to test for normality of our data points. We find that for 93.2% of
our tasks normality may be assumed. While the remaining 6.8% does not pass the test, we consider it
reasonable to assume normality given the large number of tests. We establish 95% confidence intervals
based on one-sample Student’s t-test [36] and 10 measurements. We find that the true average task
energy consumption is likely within 10% for low energy measurements and within 4% for high energy
measurements. While this is still quite high, it is sufficient for aggregated metrics across all tasks,
especially given that tasks that consume more energy have higher precision are paired with higher
weight in the calculation of aggregated energy metrics.

6.2. Model Evaluation & Dataset Results

Deepseek-1.3B Incorrect Deepseek-1.3B Correct
Qwen-3B Incorrect 308 (27.1%) 56 (4.9%)
Qwen-3B Correct 224 (19.7%) 550 (48.3%)

Table 6.2: Confusion matrix comparing correctness labels between Qwen/Qwen2.5-Coder-3B-Instruct and
deepseek-ai/deepseek-coder-1.3b-instruct.

After evaluating the model generated code as described in Section 5.4, we obtain the confusion matrix
shown in Table 6.2. The matrix shows that the two models are both correct or wrong in 858 of 1138
tasks (75.4%), of which 308 tasks (27.1%) are failed by both models. This leaves us with 550 tasks
(48.3%) that are correctly solved by both models and can thus be optimized for energy-efficiency.

Furthermore. Qwen manages to correctly solve 224 tasks that DeepSeek fails as we would expect from
the more powerful model. However, Deepseek manages to solve 56 tasks that Qwen does not. This
indicates that while Qwen is the stronger model overall in terms of accuracy, it is not always superior.
As such, the models may be able to complement each other for improved performance on these code
generation tasks.

6.3. Labels & Oracle

We append the dataset with labels to train our Logistic Regression Classifier by applying our decision
rule from Section 4.4.1. We find that the optimal routing directs 728 tasks (64.0%) to the smaller
Deepseek model and routes 410 (36.0%) tasks to the larger Qwen model. This is surprising, given
the confusion matrix results found in Section 6.2 Table 6.2 we would naively expect only 224 tasks to
be routed to the larger Qwen model with our decision rules. However, it appears that in at least 186
cases the larger Qwen model manages to consume less energy than the Deepseek model, despite
their difference in model size.

Furthermore, we can utilize these labels to define the Oracle router [14]. The Oracle router is a hypo-
thetical router which selects the optimal model for each task as defined by these labels. By design,
this router provides the theoretical upper bound achievable for this dataset prioritizing accuracy given
the set of models. In essence, the Oracle router demonstrates how we can leverage complementing
models to improve overall performance beyond what is possible with a single model.
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6.4. Baseline Evaluation

Model Accuracy (%) Energy (J)
DeepSeek 1.3B 53.25 82.09
Qwen 3B 68.01 160.84
Oracle 72.93 94.01

Table 6.3: Accuracy and energy consumption of baseline models.

From our model evaluation results found in Section 6.2 and energy measurements in Section 6.1 we can
derive the accuracy and energy consumption of our base models. The result can be found in Table 6.3.
Deepseek-1.3B achieves an average accuracy of 53.25% with an average energy consumption of 82.09
Joules per task. Qwen-3B on the other hand has a higher accuracy of 68.01% but consumes 160.84
Joules per task. We can use these values to construct a linear function relating energy consumption
to model accuracy trade-off. We compute that the baseline energy consumption increases by 5.33
Joules for each additional percentage point of accuracy. We derive the following linear equation as our
baseline:

E(A) ~ 533.48 x A — 202.00J, A € [0.5325, 0.6801] (6.1)

Furthermore, we find that the Oracle router achieves an accuracy of 72.93% and consumes an average
of 94.01 Joules per task. We observe that the oracle far outperforms the strong model with an accuracy
of 72.93% while still consuming 42% less energy.

6.5. RQl. Router Results

Router performance vs Baseline
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Figure 6.3: 10 Repetition average 5-fold router performance on the combined MBPP and HumanEval dataset. Our routers
(yellow) consume less energy than the interpolated baseline (blue). The Oracle router (red) significantly outperforms all models,
achieving an accuracy higher than any individual model with a slight increase in energy consumption over the small model
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Model Accuracy (%) Energy (J) Interp. Baseline (J) Reduction (%)
Logistic Regression Classifier 59.81 107.34 177.08 8.32
KNN Classifier 57.85 99.75 106.62 6.44
XGBoost Regressor 59.30 96.86 114.36 15.30
KNN Regressor 59.53 102.35 115.58 11.45

Table 6.4: Performance comparison of routing models.

Figure 6.3 shows an overview of the performance of our routers compared to the interpolated base-
line. After performing 10 repetitions our Logistic Regression Classifier Router achieves an accuracy of
59.81% while consuming 107.34 Joules per task. The interpolated baseline consumes 116.86 Joules
for equivalent performance, resulting in a modest 8.32% reduction in energy consumption over the
baseline. However, our XGBoost Regressor Router with energy factor parameter A\ = 0.5 achieves a
similar accuracy of 59.30% while only consuming 96.86 Joules per task. Resulting in a 15.3% energy
reduction over the interpolated baseline of 114.36 Joules. This is however, still far from the theoretical
upper-bound presented by the Oracle router. The KNN models perform worse relative to the alternative
models using the same approach. The KNN Classifier achieves the lowest energy savings out of the 4
models, with a reduction of only 6.44%. The KNN Regressor on the other hand outperformed both of
the classifier based models with a relative reduction of 11.45% at A = 0.5. With these results we can
answer our first research question:

RQ.1: How effective is predictive routing in improving the energy efficiency of LLM code gener-
ation?

Answer to RQ1

We implemented two predictive routers and compared them to an interpolated baseline. The results
on MBPP and HumanEval show that predictive routing outperforms the interpolated baseline and re-
duce energy consumption by 15.3% and 8.32% for our XGBoost regressor and Logistic Regression
classifier respectively. The KNN classifier and regressor achieved an energy reduction of 6.44%
and 11.45% respectively. With these results we can conclude that predictive is quite effective in
improving the overall energy efficiency of LLM code generation, with the regression based design
being particularly promising.
(&
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6.6. RQ2. Energy Trade-offs
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Figure 6.4: XGB Regression Router at various energy factor A values

XGBoost KNN
A | Avg. Acc (%) Energy (J) Energy Red. (%) | Avg. Acc (%) Energy (J) Energy Red. (%)
0.0 65.70 145.18 2.24 66.85 152.07 1.64
0.1 63.92 132.27 4.84 61.16 118.76 4.44
0.2 62.42 119.02 9.13 60.74 11417 6.44
0.3 61.16 108.45 12.74 60.43 109.05 9.42
0.4 59.81 101.33 13.44 59.96 105.69 10.36
0.5 59.30 96.86 15.29 59.53 102.35 11.43
0.6 58.38 93.20 14.86 59.14 99.80 12.07
0.7 57.92 90.86 15.07 59.06 98.20 13.15
0.8 57.53 89.82 14.39 58.95 96.21 14.49
0.9 57.27 88.18 14.81 58.80 95.11 14.83
1.0 56.82 88.02 12.95 58.60 93.83 15.19

Table 6.5: Average 5-fold regression router performance for different \ values.

While Section 6.5 covers the performance of the KNN and XGBoost regression routers at a fixed A value
of 0.5, this hyperparameter can be adjusted to suit different performance requirements. We evaluate
our router for X\ values ranging from 0 to 1, in 0.1 increments. The results can be found in Figure 6.4

and Table 6.5.

We find that our routers successfully adapt to a wide range of performance requirements as we alter the
A parameter, with the XGBoost router providing a wider and more consistent interval while generally
outperforming the KNN router. Our second observation is that the trade-off is not linear. Instead, we
find that routing seems to perform better at accuracies below the midpoint between the two routers.




6.7. Overhead 29

The most energy-efficient configurations for both correspond to a performance of around 58% accu-
racy at which both routers are able to achieve energy reductions of roughly 15%. In the case of both
models, efficiency gains drop significantly as performance approaches that of the larger Qwen model,
this indicates that the most efficient settings heavily rely on the smaller Deepseek model. With that we
can answer our second research question:

RQ.2: What is the trade-off between energy consumption and accuracy?

Answer to RQ2

We introduced a hyperparameter A to our regression models and evaluated the models on A settings
from 0 to 1 in 0.1 increments. We found that the trade-off is not linear and that the efficiency of the
models were significantly higher A values and routing performed best when targeting an accuracy
lower than the halfway point between the strong and weak model. The results show that routing is
more suitable in cases where lower accuracy is acceptable and that efficiency drops significantly
L as we approach the larger model.

6.7. Overhead

Component Total Energy (J) Per Prompt Energy (J) % of DeepSeek 1.3B
CodeBERT Embedding 405.15 £ 13.84 0.356 £0.01 0.43
Single XGBoost Prediction 5.65 + 1.51 0.00496 + 0.00132 0.01
Logistic Regression Prediction 0.79 £0.07 0.00069 % 0.00006 0.00

Table 6.6: Energy overhead of different router components in Joules +1¢. The total energy consumption is measured for 1138
prompts. We find that the overhead is less than 0.5% of a DeepSeek generation per prompt

We measured the overhead of various router components as described in Section 5.6.1. The results
can be found in table 6.6. As expected, the energy consumption of these components differs by orders
of magnitude. CodeBERT embeddings dominate the routing overhead, followed by XGBoost, with LR
being minimal. However, all these overheads combined are still multiple orders of magnitude smaller
than the energy cost of actual code generation by the inference models, indicating that our routing
design overhead is negligible. As such, extending our XGBoost regressor router to multiple models
should not significantly increase energy consumption. With this information we can now answer our
final research question:

RQ.3: What is the energy overhead of the different router components?

Answer to RQ3

We measured the overhead of the embedding and router models and found that CodeBERT con-
sumed around 405.15 Joules to embed the entire dataset while the XGBoost and Logistic Regres-
sion models consumed 5.65 and 0.79 Joules respectively for all the predictions. This shows us that
the overhead for prediction is negligible and the embedding process constitutes for nearly all of the
overhead. However, this is still insignificant relative to the cost of the code generation process. The
total constitutes for less than 0.5% of the total energy consumption.
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Discussion

In this Chapter we discuss the implications of the results and the overall generalizability of our work.
Furthermore, we cover the various limitations and the potential avenues for future research.

7.1. Implications

Our results show that small reductions in energy consumption can be achieved through model routing
for code generation on the HumanEval and MBPP dataset. Specifically, we have found that routing can
result in energy savings of 8.32% for our classifier based approach and 15.3% using the regression
method. The difference in the performance of these routers may be attributed to the fact that during
the process of creating the labels for classification a significant amount of information was lost about
the amount of energy consumed by the models. During the labeling process, only a binary comparison
was used to determine which model consumed more or less energy, without considering the size of
the difference. In contrast, the regression based method preserves more information about the actual
energy cost differences. However, this likely also makes the former approach more robust to slight
changes in energy measurement data and could potentially remain effective using simple heuristics
rather than fine-grained energy measurements. Using such heuristics would result in a significantly
simpler data acquisition process.

Although the overall energy saved was fairly limited, especially on a per task basis, these reductions
can become increasingly more significant when handling larger volumes of inference requests. When
applied on a larger scale, even modest percentage reductions can turn into substantial energy savings.
Additionally, the ability of our router to reduce energy consumption for the specific downstream task of
code generation is particularly relevant as LLM usage becomes increasingly more prevalent in the pro-
cess of software development. However, the specificity of the task may also contribute to the relatively
limited gains observed, as it would prevent the routers from being able to rely on simple category-based
heuristics and instead require a deeper understanding of the prompt and underlying coding concepts.
This makes routing within specific downstream tasks particularly challenging.

We have also demonstrated that our regression based routers are able to efficiently trade-off energy
consumption and accuracy. This trade-off was shown to be the most effective at accuracy targets
slightly below the midpoint between the smaller and larger models, while offering diminishing as perfor-
mance approaches that of the stronger model. This implies that the proposed router design is particu-
larly suitable for scenarios where always achieving the absolute highest accuracy is not critical, such
as in coding assistants, but where energy efficiency may be a concern. In such settings, the router
design allows for some control of this trade-off through the parameter \ during training. However, it is
limited to the training phase only and does not support control of this parameter during the production
phase of the model.

Furthermore we have found that the energy costs incurred by the overhead is minimal and that the
benefits of predictive routing significantly outweigh the introduced overhead. We find that the models
directly responsible for the routing decision making is especially lightweight and that the embedding
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model is responsible for the vast majority of the overhead. However, even the embedding was at
least two orders of magnitude lower than the actual code generation process. The limited impact of
the routing decision making models on overall energy consumption is expected, as their complexity
and size is negligible compared to that of transformer-based embedding and code generation models.
In contrast, the embedding model consuming so much less energy despite being only one order of
magnitude smaller than the generation models may not have been as obvious. However, this can easily
be explained by the fact that the embedding process does not require autoregression and therefore
involves only a single forward pass through the model, whereas code generation requires repeated
next-token prediction until the code is complete. This implies that there is still potential for using larger
models for embedding process, which may lead to improved representation quality. These findings
also leave room for the routing decision making models to be larger and more complex. However, this
comes with the requirement of additional data to train the larger models effectively.

The current code generation models used have a parameter count of 1.3B and 3.0B. This is relatively
small compared to many of the current state-of-the-art models that would likely be used in most produc-
tion environments. It is therefore important that our design is able to generalize to such settings and
we expect that this approach can be scaled up to include larger sized models. That said, effectively
introducing larger and more capable models is not a straightforward process. One of the challenges
that arises when including large models into the routing framework in its current state, is that the dif-
ficulty of tasks in the training data is relative to model capability. As model performance increases,
previously challenging tasks may become trivial, potentially leading to a very imbalanced dataset in
which the vast majority of examples favor the smaller model and very few justify the use of the larger
model. This can result in significant difficulties in training the router. Furthermore, increasing task com-
plexity may also require larger embedding and routing models to adequately capture the more complex
tasks. However, given that the potential absolute energy gains increases as we scale up the size of
the generation models, the amount of overhead permitted for the router also increases. As such, we
are able to scale router complexity. This does come with the limitation of likely requiring more training
data to avoid overfitting. In short, our router designs are likely capable of generalizing to larger models
given the presence of a larger and more comprehensive training dataset.

This work provides a starting framework for future research on energy-aware routing of large language
models. The large performance gap between our proposed routers and the upper bound established by
the Oracle indicates that there is still a lot of room for improvements, both in terms of energy efficiency
and accuracy. Overall, the proposed framework is flexible and can be extended to serve as a basis for
further research and the exploration of new energy-aware routing strategies.

7.2. Limitations

While a lot of care was taken in conducting this research, several factors could not be accounted for.
In this section we cover the various limitations of our research.

7.2.1. Dataset limitations

The experiments in this work were conducted on the MBPP and HumanEval datasets. Both datasets
are relatively small in size and consist primarily of short and self-contained programming tasks. As a
result, they may not fully capture the complexity and diversity of tasks that are present in real-world
software development scenarios. This may limit the extent to which the observed results could be
generalized to a more complex code generation settings or other datasets.

Furthermore, as discussed in section 2.3.1, the utilization of MBPP and HumanEval comes with limita-
tions regarding correctness. Both MBPP and HumanEval rely on unit tests to assess whether generated
code satisfies the task requirements. Passing these tests can be considered a necessary test for cor-
rectness, as failing them indicates an incorrect solution. However, they are not a sufficient test, since
the provided test cases may not cover all edge cases or fully capture the intended behavior. As a result,
models may pass all tests while still producing incorrect or incomplete implementations. Our current
metrics do not differentiate between such partially correct solutions and fully correct solutions. As a
result partially correct solutions may be preferred by the router as they are also more likely to consume
less energy as the generated code may contain fewer tokens with less robust edge case handling.
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7.2.2. Prompt Sensitivity

Another limitation of the proposed routing framework is its sensitivity to the specific phrasing and struc-
ture of prompts. Large language models can produce significantly different outputs depending on subtle
variations in the prompt, such as wording, formatting, or inclusion of examples. As a result, not only
can the correctness of the output vary, the energy consumption is likely to be different as it is directly
related to the output length.

The router itself is of particular concern. Unlike the LLMs, it is trained on a limited dataset and does
not have extensive exposure to natural language. This makes it less capable of handling variations in
prompt wording or structure, which can lead to suboptimal routing decisions and inconsistent energy
savings and performance. While this sensitivity is especially pronounced for prompts that differ from
those seen during training, the use of BERT embeddings mitigates this concern to some extent, as
semantically similar prompts are likely to produce similar embeddings.

7.2.3. Hardware Differences

We conducted all measurements on the Green Server at TU Delft to ensure consistency. However,
these results may not generalize to other hardware setups. Different CPUs, GPUs, and system envi-
ronments can impact both the energy consumption and the inference speed of models. For instance,
energy readings may differ between high-end server GPUs and more common consumer-grade hard-
ware. Furthermore, different manufacturers use different telemetry and metrics which may not be con-
sistent with others. Finally, this thesis also did not explore the effects of multi-GPU setups and the
impact of parallelization on energy efficiency for model routing.

Although absolute energy values may differ on other hardware, the relative comparisons between rout-
ing strategies and the overall trends we observe are more robust to these differences. However, ex-
tending the dataset to include additional data or other models is not straightforward. Each new data
sample would require new energy measurements on the exact same hardware setup, or more realisti-
cally, all energy measurements would need to be repeated to maintain consistency across the dataset.
As such, we provide an adaptable framework to easily reproduce the results locally.

7.2.4. Code Quality and Efficiency

Our evaluation metrics do not account for code efficiency. LLM Generated functions can vary sig-
nificantly, with some implementations being considerably more computationally expensive than others
despite producing correct outputs. With our current metrics only the functional correctness is assessed.
This is especially relevant in the context of energy consumption, as inefficient code may increase energy
usage elsewhere in production. Therefore potentially negating any gains from more efficient inference.

Additionally, other aspects of code quality such as readability and maintainability are also not evalu-
ated in our metrics. In fact, many desirable practices, such as including comments, docstrings or more
descriptive variable and function names, may be implicitly penalized instead. These practices do not
change the underlying functionality of the code but do increase the amount of tokens consumed, and
therefore contribute to a higher measured energy consumption. As a result, the evaluation favors mod-
els that generate shorter and potentially harder to read code over a more maintainable implementation.

Furthermore we do not explore the consequences of incorrect code. In practice such errors may re-
sult in additional model inferences in an attempt to debug the code, leading to much higher energy
consumption over using a more powerful model with higher accuracy. In more severe cases, incor-
rect implementations may even result in problems in production or security vulnerabilities. As such, the
trade-off between accuracy and energy consumption can be significantly more complex and dependent
on the context.

7.3. Future Work

This work proposed two routing strategies to reduce energy consumption for code generation. However,
there still exist many other routing strategies that could be explored. Approaches such as fine-tuning
the embedding model as was done in some prior work for cost-effective routing may also be effective
for energy-aware routing. That said, the current lack of energy information makes it difficult to employ
such methods. Future work could include the creation of a large dataset with energy consumption to
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facilitate new research.

Besides new routing strategies, the applicability of routing in real world scenarios also still needs to be
further investigated. For instance, in a real world deployment models are unlikely to be ran on a single
GPU in an isolated setting. The introduction of a multi-GPU setting may complicate the routing process
and load balancing could play a crucial role in the overall efficiency of the system.

Furthermore the compatibility of various prompt engineering strategies with model routing is still to be
explored. During this research project we exclusively used a zero-shot setting. However, in practice
Chain-of-Thought (CoT) and other prompting strategies are commonly used to improve model per-
formance. Future work could look into methods for effectively applying such prompting strategies to
routers.

Finally, one of our findings was the need for early stopping for our smaller router to prevent excessive
token usage. However, our approach to solve this was dataset specific and would likely not gener-
alize well to other settings. As such, a lot of research could still be conducted to detect and prevent
unnecessarily verbose generations. An approach would be finetuning models for concise generations.
We expect that concise generations could result in significant reductions in energy consumption in the
future.



Conclusion

The usage of Al generated code for software development has been increasingly more common since
the rise of Large Language Models and that is unlikely to change anytime soon. Although this has
brought significant improvements in productivity, it has also brought many concerns. While many are
worried about the quality of the output of such models the sustainability of using such models has often
been overlooked.

This thesis investigated the possibilities of routing as a potential option to reduce the overall energy
footprint. We have proposed a framework for the creation of energy-aware routers ranging from the
data collection process all the way through to the training and evaluation of the models. This framework
can form the basis for the creation of new routing strategies. We have also shown the effectiveness by
applying the framework to the HumanEval and MBPP dataset. We used the capabilities of DeepSeek-
Coder-1.3B and Qwen-Coder-3B combined with CodeBERT embeddings and have achieved reduc-
tions in energy consumption of up to 15.3%.

We have also investigated the trade-off of model routing and found that in all cases routing resulted in
a lower accuracy than the strong model but consumed less energy. Our router was the most efficient
when it achieved an accuracy just below the halfway point between the strong and weak model. We
also observe a rapid decrease in efficiency as we aimed for accuracy targets near the strong router.
This suggests that routing is more effective when high accuracy is not as critical.

The overhead of the router was measured and it was determined that the small decision making models
introduced next to no overhead. The embedding process on the other hand did consume an average
0.356 Joules per task. However, this was still 2 orders of magnitude lower than the cost of generation.

While the overall results may not have been groundbreaking, the sustainability of large language mod-
els, or rather the lack thereof, is unlikely to be solved through a single solution. This thesis researched
one piece of the puzzle that could eventually be part of a greater solution towards Green Al.
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