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Kurzfassung

Große Sprachmodelle (LLMs) bieten beispiellose Fähigkeiten, doch ihre breite Anwendung
wird durch den erheblichen Bedarf an Rechenressourcen während der Inferenz, insbesonde-
re den Energieverbrauch, eingeschränkt. Statische One-Model-Fits-All-Inferenzstrategien
sind oft ineffizient, da sie das vielfältige Spektrum verfügbarer Modelle nicht nutzen und
variierende Anforderungen von Anfragen nicht berücksichtigen. Diese Arbeit adressiert
diese Herausforderung durch den Vorschlag und die Evaluierung eines dynamischen, kon-
textsensitiven Routing-Frameworks, das darauf ausgelegt ist, den Kompromiss zwischen
Inferenzgenauigkeit und Energieeffizienz zu optimieren.

Das vorgeschlagene Middleware-Framework verwendet kontextuelle Multi-Armed-Bandit
(MAB) Algorithmen, um eine adaptive Routing-Policy online zu lernen. Es verarbeitet
eingehende Anfragen durch die Extraktion einfacher Merkmale und leitet jede Anfrage
an das am besten geeignete Modell aus einem heterogenen Pool weiter, basierend auf der
gelernten Leistung hinsichtlich Genauigkeit und gemessenem Energieverbrauch. Dieser
Online-Lernansatz operiert unter partiellem Feedback, vermeidet die Notwendigkeit
umfangreicher Offline-Kalibrierung und vereinfacht die Integration neuer Modelle.

Wir haben das Framework implementiert und evaluiert, indem wir etablierte kontextuelle
MAB-Strategien auf einem vielfältigen Datensatz von fünf Benchmark-Aufgaben und
einem Pool von 16 aktuellen, frei zugänglichen LLMs angewendet haben. Experimentelle
Ergebnisse zeigen, dass die dynamischen Routing-Strategien statische (Einzelmodell-)
und zufällige Baselines (Referenzstrategien) durchweg übertreffen, indem sie überlegene
Genauigkeits-Energie-Betriebspunkte erreichen, die oft über die statische Pareto-Front
hinausgehen. Im Vergleich zum zufälligen Routing erzielten die kontextuellen Bandi-
ten Genauigkeitssteigerungen von 22% bei gleichzeitiger Reduzierung des kumulativen
Energieverbrauchs um 31%. Das Framework ermöglichte ein effektives Navigieren des
Genauigkeits-Energie-Kompromisses basierend auf einem konfigurierbaren Präferenzpara-
meter (λ) und zeigte Adaptivität durch erfolgreiche Integration eines neuen Modells zur
Laufzeit ohne Policy-Retraining.

Die Ergebnisse unterstützen die Umsetzbarkeit und Effektivität des Einsatzes kontex-
tueller Bandit-Algorithmen für echtzeitfähiges, energieeffizientes LLM-Inferenz-Routing.
Dieser Ansatz bietet eine praktikable und skalierbare Lösung zur Optimierung der
Ressourcennutzung in dynamischen LLM-Bereitstellungsszenarien.
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Abstract

Large language models (LLMs) offer unprecedented capabilities but their widespread
deployment is constrained by significant computational resource demands during inference,
especially energy consumption. Static, one-model-fits-all inference strategies are often
inefficient as they fail to leverage the diverse spectrum of available models and do not
account for varying query requirements. This thesis addresses this challenge by proposing
and evaluating a dynamic, context-aware routing framework designed to optimize the
trade-off between inference accuracy and energy efficiency.

The proposed middleware framework utilizes contextual multi-armed bandit (MAB)
algorithms to learn an adaptive routing policy online. It processes incoming queries by
extracting lightweight contextual features (task type, semantic cluster, text complexity)
and routes each query to the most suitable model from a heterogeneous pool based
on observed performance with respect to accuracy and measured energy consumption.
This online learning approach operates under partial feedback, eliminates the need for
extensive offline calibration, and simplifies the integration of new models.

We implemented and evaluated our framework using established MAB strategies on
a diverse set of 5 benchmark tasks and a pool of 16 contemporary open-access LLMs.
Experimental results demonstrate that the dynamic routing strategies consistently out-
perform static (single-model) and random baselines by achieving superior accuracy-energy
operating points often beyond the static Pareto front. Compared to random routing,
the contextual bandits achieved accuracy gains of 22% while reducing cumulative energy
consumption by 31%. The framework allows effective maneuvering of the accuracy-energy
trade-off based on a configurable preference parameter (λ) and demonstrated adaptability
by successful incorporation of a new model added at runtime without policy retraining.

The findings support the feasibility and effectiveness of using contextual bandit algorithms
for real-time, energy-efficient LLM inference routing. This approach offers a practical
and scalable solution for optimizing resource utilization in dynamic LLM deployment
scenarios.
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CHAPTER 1
Introduction

1.1 Motivation
Large language models (LLMs) such as GPT-4 and Claude 3.7 Sonnet represent major
advancements in artificial intelligence (AI) capabilities [AAA+23a]. These models show
high proficiency in generating human-like text and are able to handle a wide spectrum
of natural language tasks. Consequently, organizations across industries are adopting
them in various applications and workflows, which accelerates automation in areas such
as customer service and market research [Com25]. However, the deployment of these
powerful models requires substantial computational resources, mainly attributed to their
vast scale, leading to substantial energy consumption and operational costs [AAA+23a].

While the resources required for training LLMs receive much attention, large-scale
inference deserves equal focus. Cumulative energy consumed by millions of inference
calls in operational settings can surpass the energy used for initial training [WRG+22].
A single ChatGPT query is estimated to consume approximately 2.9 Wh [dV23], which,
extrapolated to millions or even billions of queries, translates into a remarkable resource
footprint. Furthermore, data centers that host both training and inference already draw an
appreciable share of global electricity, and their demand continues to grow [Int25]. Thus,
developing strategies to lower inference resource consumption without disproportionately
harming model performance arises as a critical area of current AI research.

Even in well-resourced data centers with flexible infrastructures designed for high-capacity
operations, cost and scalability remain concerns directly tied to the resource demands
of models [HYW+24]. A common practice is the reliance on a static one-model-fits-all
inference strategy. Every query is routed to the same large model, regardless of complexity
or required quality [CZZ23]. This uniformity wastes resources because many queries,
such as non-critical translation tasks, could be sufficiently handled by smaller, cheaper
models. Studies suggest that accepting minor reductions in quality can yield significant
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1. Introduction

energy savings, yet, the static single-model paradigm dominates and neglects exploitable
trade-offs [FAHA23, SRR+22].

Efforts to mitigate these inefficiencies have motivated the exploration of routing strate-
gies for inference optimization. System designs such as RouteLLM [OAW+25] and
MixLLM [WLC+25] optimize model selection, while cascading approaches like Frugal-
GPT [CZZ23] iteratively escalate model capabilities based on input characteristics. While
promising, these approaches often show limitations, as they typically target only a small,
predefined set of models and rely on extensive offline calibration to establish routing rules
or configurations. This reliance critically limits their ability to react quickly to newly
available models or shifting workloads, posing a significant barrier in the rapidly evolving
LLM landscape. Consequently, the broad variety of models available on platforms such
as HuggingFace remains underutilized, preventing systems from fully leveraging potential
efficiency gains.

In response to these open challenges, moving beyond static or rigidly calibrated sys-
tems is crucial for realizing truly efficient LLM deployment. Static, context-agnostic
approaches are inherently inefficient because LLM performance varies significantly with
query characteristics (see Section 2.3.4). Moreover, the practical limitations inherent
in existing dynamic routing approaches, specifically their calibration overhead and slow
adaptation, limit their effectiveness in balancing the conflicting objectives of accuracy
and resource efficiency under uncertainty online. Addressing this requires a system
capable of operating in real-time under uncertainty while adapting its policy online
to incorporate newly available models and react to performance feedback, all without
demanding extensive offline retraining. Collectively, these requirements point towards an
online learning approach capable of handling the accuracy-efficiency trade-off based on
partial feedback.

To address these needs, this work frames the dynamic, context-aware routing problem as
a multi-objective optimization problem (MOOP). We propose approximating its solution
via multi-armed bandit (MAB) algorithms. The proposed framework acts as middleware
that learns an adaptive policy online to assign queries to the most suitable model from
a diverse pool based on measured accuracy and efficiency (e.g., energy consumption)
in specific contexts. Our approach inherently handles partial feedback and allows for
continuous adaptation.

1.2 Research Problem & Objectives

1.2.1 Problem Statement

The computational cost of LLM inference remains a critical challenge for large-scale AI
deployment. Static, one-model-fits-all pipelines waste resources because many queries
do not require frontier-model capabilities. The rapid commoditization of LLMs and
the frequent release of new models further complicate static approaches which demand

2
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systems that can effectively learn the capabilities of previously unseen models. The key
limitations of existing inference routing strategies can be summarized as:

• Limited Adaptability: Current dynamic approaches often rely on a fixed set of
models and require extensive offline calibration, and thus, are lacking flexibility to
adapt to new models or shifting workloads.

• Underutilization of Model Diversity: Repositories of models with a diverse
range of capabilities remain underexplored due to the calibration overhead associated
with incorporating them.

• Lack of Real-Time Optimization: Many routing strategies optimize model
selection based on precomputed rules rather than facing the challenges of uncertainty
in real-time optimization.

These issues motivate an adaptive, scalable, energy-efficient routing framework driven
by real-time requirements. Consequently, this thesis aims to develop a middleware
framework that routes queries while balancing contextual accuracy and energy efficiency.
We articulate this goal into the following three sub-objectives:

O1: Identify factors affecting the accuracy-efficiency trade-off in LLM inference.

O2: Develop a routing mechanism that assigns queries to models dynamically based
on context and learned performance.

O3: Evaluate trade-offs between accuracy and energy consumption across diverse
workloads using the developed mechanism.

To achieve these objectives, we investigate the following research questions:

RQ1 What key factors influence the accuracy-efficiency trade-off in large
language model inference?
This research question investigates factors that affect the balance between contextual
accuracy and resource efficiency such as model characteristics and query properties.
We explore how these factors can be represented quantitatively and identify the
underlying multi-objective optimization problem (MOOP).

RQ2 How can a dynamic routing system effectively manage the accuracy-
efficiency trade-off online?
Addressing the MOOP and its properties like partial feedback and online learning
identified in RQ1, this question explores how a dynamic routing system can learn
and adapt its model selection policy accordingly. The goal is to approximate
Pareto-optimal solutions for the accuracy-energy trade-off by leveraging contextual
information during model selection.

3
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RQ3 How can the effectiveness of the proposed dynamic routing system be
validated under simulated operational conditions?
In this final research question, we explore how our online, adaptive routing system
performs against baselines under simulated operational conditions and what insights
can be gained regarding the factors influencing its optimization achievements and
adaptability.

1.3 Methodological Approach

The thesis follows a multi-stage experimental design that integrates a literature review,
prototype development, controlled experimentation, and extensive evaluation to assess
the feasibility and efficacy of dynamic routing strategies for LLM inference.

1.3.1 Literature Review

The study conducts a comprehensive literature review to examine existing research on
LLM inference optimization, dynamic routing, and multi-objective optimization. Relevant
publications are primarily sourced from IEEE Xplore, Google Scholar, and the ACM
Digital Library to identify state-of-the-art methods and their limitations. The review
focuses on multi-model routing strategies and adaptive online learning techniques for
multi-objective optimization. Insights gained from this survey shapes the framework
design and evaluation setup.

1.3.2 Proposed Solution: A Middleware Framework

The key contribution of this thesis is the development and evaluation of a middleware
prototype that is designed for dynamic, context-aware, and energy-efficient LLM inference
routing. This framework implements MAB approaches outlined earlier, which enable the
system to refine its routing decision-making from observed responses in real-time. The
specific architecture, algorithms, and implementation details are presented in Chapters 5
and 6.

1.3.3 Experimental Setup

The empirical evaluation is conducted in a controlled environment on an NVIDIA A100
Tensor Core GPU (80GB VRAM), provisioned by the HPC research group at TU Wien.
The model pool consists of publicly available open-weight models of varying capabilities
and parameter sizes to create a representative sample. For simulating diverse workloads,
we source queries from five widely established benchmark datasets. Measurements used at
runtime are used to evaluate and analyze system effectiveness and the efficiency–accuracy
trade-off.
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1.3.4 Evaluation
The framework’s effectiveness is determined via comparison with random routing and
a static single-model baselines. We vary query mix, model availability, and energy
constraints, and apply statistical significance tests including repeated simulated runs to
account for stochastic MAB behaviour.

1.4 Outline
The work is structured to progress from foundational concepts to the design, implementa-
tion, and evaluation of the proposed dynamic inference routing framework. Each chapter
builds on its predecessor and contributes to a coherent narrative that addresses the
research questions through theoretical grounding, problem identification, methodological
development, and empirical validation.

Chapter 2 establishes the theoretical groundwork. It first explains the core Transformer
architecture, the basis of LLMs. Next, the chapter explores scaling laws which connect
model size, training data, computing power, and performance. We discuss how these
laws changed over time, examine inference-aware scaling considerations, and detail the
practical development of model families. Lastly, the chapter treats the large sustainability
problems and ethical issues that large-scale LLM deployment creates. The discussion
covers environmental effects like energy use and carbon output.

Chapter 3 reviews prior work on inference routing strategies. After providing a concise
overview of existing inference optimization research, we categorize relevant systems
across seven shared dimensions that constitute key characteristics of inference routing
systems. These dimensions facilitate a more meaningful comparison and analysis than
pure qualitative discussion. The chapter concludes with elaborating on the limitations of
existing methods to address the challenges outlined in Section 1.1.

Chapter 4 formalizes the problem of energy-efficient LLM inference by defining key
concepts, and frames it as multi-objective optimization between accuracy and efficiency
to establish the theoretical basis that underpins the proposed solution. Chapter 5 presents
how the middleware aims to solve the dynamic inference routing problem. It provides
details on the system architecture, discusses how the middleware interacts with models,
and explains how MAB-based decision-making is integrated.

Chapter 6 covers the actual implementation of the routing framework including details on
the hardware setup and the measurement tools used for efficiency evaluation. Finally, it
discusses key engineering challenges. Chapter 7 presents the evaluation plan and results.
It outlines experiments, shows the experimental findings and discusses their implications
and limitations.
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CHAPTER 2
Background: LLM Fundamentals

and Sustainability Challenges

This chapter provides the essential foundation for understanding the proposed dynamic
routing framework. We begin by discussing the fundamental Transformer architecture
that LLMs are based on. Building on this, the next part of the chapter gives insights
into the evolution from early Transformer models to the current large-scale models and
the decisive role of scaling laws in driving model development. Finally, we examine
sustainability challenges connected to the adoption of LLMs such as environmental impact
and resource accessibility, which motivate the need for efficiency optimizations like the
one explored in this thesis.

2.1 The Transformer Architecture
Over the past several years, Transformer models have fundamentally changed the field of
natural language processing and largely replaced the previously dominant RNN and LSTM
architectures. In their foundational publication Attention Is All You Need, Vaswani
et al. [VSP+17] introduced the Transformer architecture. A key innovation was the
model’s ability to process all tokens of an input sequence in parallel, unlike sequential
models. This parallel processing capability significantly improved computational efficiency
while enhancing the model’s ability to capture complex semantic relationships between
words. The following section provides an overview of the motivation and functionality of
Transformer components, and leads towards how we arrived at today’s LLMs.

2.1.1 Core Components
The fundamental Transformer architecture combines several core components. Although
individual components were not entirely novel, their effective combination, especially
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surrounding the self-attention mechanism, enabled substantial advances in processing
complex language structures and achieving unprecedented scalability that led to ma-
jor performance breakthroughs. The following is a detailed breakdown of these core
components:

Self-attention
Self-attention is a central mechanism within the Transformer architecture. It allows the
model to identify and quantitatively encode how words are associated with each other,
and, unlike RNN approaches, to gain a more holistic understanding of the sequence.
Transformer models proved particularly effective for tasks that involve long sequences or
complex linguistic structures[VSP+17, DCLT19]. To briefly summarize the shortcomings
of previous architectures:

• Sequential processing: RNN-based models compute the hidden state at position
t based on the input at t and the hidden state from position t − 1, therefore
processing tokens sequentially. Due to this dependency, this procedure has to be
repeated for each token, and complicates effective parallelization, slowing down
both training and inference. Transformers, in contrast, mitigate this limitation
because the self-attention mechanism computes scores between all token pairs
simultaneously.

• Long-range dependencies: RNN-based models struggle with long sequence
lengths caused by the sequential passing of information, often running into gra-
dients to diminish or explode [BSF94]. However, various language tasks, such
as summarization and question-answering, require the capability to handle long
sequences. Again, Transformer models address this limitation as self-attention
enables direct connections between any two tokens, which facilitates capturing
long-range dependencies.

In practice, self-attention is calculated based on three distinct vector representations
derived from each input token’s embedding: the query (Q), the key (K), and the value
(V ). The system computes the attention score between two tokens via a scaled dot
product of their respective Q and K vectors. It then scales the result by 1/

√
dk (where

dk is the key vector’s dimension) to prevent the dot product from exploding, before a
softmax function generates the final attention weights [VSP+17].

Attention(Q, K, V ) = softmax
(︄

QKT

√
dk

)︄
V

The resulting attention weights quantify the relevance of tokens when the model computes
the representation for a specific token. The model then uses these weights to compute a
weighted sum of the V (value) vectors from all tokens in the sequence. This weighted
sum forms the token’s output representation and encodes sequence information weighted

8



2.1. The Transformer Architecture

by relevance. By utilizing not just one but multiple attention heads, multi-head attention
(MHA) extends this procedure and uses multiple different vector representations for each
Q, K, and V of a token via independently learned projection weights. MHA enhances this
process by performing the self-attention calculation multiple times in parallel, where each
head uses different learned linear projections for the Q, K, and V vectors. Eventually,
the system concatenates the outputs from all heads and then projects this combined
output back to the original embedding dimension through a final linear layer [VSP+17].

Positional Embeddings
Since the self-attention mechanism itself does not inherently process tokens in order,
Transformers require a way to encode information about the position of tokens within
the sequence [VSP+17, SUV18]. To allow this kind of parallel processing of inherently
sequential data like natural language, a positional element is added to the initial token
embedding. The architecture adds positional embeddings to the initial token embeddings,
visualized at the bottom of Figure 2.1. The combined vector serves as the input embedding
and contains information about both the token’s meaning and its absolute or relative
position.

Feedforward Network
After the attention mechanism, a feedforward neural network (FFN) independently
processes each position in the sequence. This network applies further non-linear trans-
formations to the attention output which allows the model to capture more complex
relationships within the data.

Residual Connections and Layer Normalization
Besides MHA and FFN, Transformer models implement residual connections, a type
of skip connection, and layer normalization. Residual connections add the input of
the layer directly to the output to preserve more original information and reduce the
risk of vanishing or exploding gradients [HZRS16]. Layer normalization scales and
centers the layer’s activation values which avoids one part of the model overpowering
another [BKH16]. Together, they are essential regularization mechanisms that keep
weight updates stable and propagation well-scaled.

2.1.2 Architectural Variants
The foundational Transformer architecture described above serves as a blueprint for
modern LLMs. Since its introduction [VSP+17], researchers have developed many variants
by adapting or focusing on specific parts of the original encoder-decoder structure. These
adaptations often intend to optimize performance for particular categories of natural
language tasks and are commonly grouped into three main architectural families:

Encoder-Only
Encoder-only models process the entire input sequence bidirectionally, a method allowing

9



2. Background: LLM Fundamentals and Sustainability Challenges

Figure 2.1: The original Transformer architecture as proposed by Vaswani et
al. [VSP+17]. The diagram shows the encoder (left) and decoder (right) stacks with the
core components multi-head attention, feed-forward networks, and residual connections
with layer normalization.

them to capture a word’s context from both preceding and succeeding words with the
primary goal being text comprehension. Training typically involves randomly masking
(hiding) a portion of the input tokens. The model must then predict these missing
tokens based on the surrounding context. In practice, developers often extend the
resulting base model with additional linear layers or fine-tune it to perform specific
language tasks such as sentiment analysis or Named Entity Recognition (NER). However,
a key limitation of the standard encoder-only design is its non-generative nature, which
prevents its application to a wide range of tasks unless modified. Well-known examples
of this architecture include BERT [DCLT19] and its derivatives, ALBERT [LCG+20]
and RoBERTa [LOG+19].
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Decoder-Only
In contrast, decoder-only models primarily target sequence generation. They operate
unidirectionally, predicting one token at a time strictly from left to right by attending
only to the current and preceding tokens via masked self-attention. This iterative
prediction process mimics the natural flow of language and makes it suitable for open-
ended tasks such as creative writing and code generation. When trained on massive
datasets at sufficient scale, decoder-only models have demonstrated strong generalization
capabilities [BMR+20, RWC+19]. Nevertheless, this unidirectional processing introduces
drawbacks. Compared to encoder-only models of similar parameter sizes, decoder-
only models often struggle with tasks that require deep text understanding, such as
classification or extractive question-answering (QA) [BSMC24, FLY+23].

Encoder-decoder
Encoder-decoder architectures, often called sequence-to-sequence (seq2seq) models, try to
combine the strengths of the previous two types. Their designs are tailored for tasks where
an input sequence needs transformation into an output sequence. The process involves an
encoder component reading the input and encoding it into a dense representation. This
representation is subsequently passed to a decoder component, which proceeds to generate
the output autoregressively. This mixed approach has proven particularly effective in
tasks like machine translation, paraphrasing, and text summarization. Notable encoder-
decoder models include T5 (Text-to-Text Transfer Transformer) [RSR+20] and BART
(Bidirectional and Auto-Regressive Transformer) [LLG+20]. However, a trade-off exists, as
encoder-decoder models tend to be less efficient than encoder-only architectures, while not
yet demonstrating the generative scalability achieved by decoder-only models [RSR+20,
KMH+20]. Historically, this limitation has hindered their large-scale adoption for highly
specialized tasks and, as a result, has led researchers to often prioritize the more focused
encoder-only and decoder-only architectures.

The Transformer architecture provides the essential foundation for modern language
models. Key features like parallel processing and inherent scalability, especially evident in
decoder designs, made new training approaches feasible. These approaches moved away
from training separate models for each task and instead focused on creating large, general-
purpose models. This section details how innovative training methods and significant
scaling built upon this foundation to produce today’s powerful LLMs.

2.2 Evolution to Large Language Models

This section discusses the central developments and paradigm shifts that resulted in
today’s powerful language models by building upon this architecture. Progress accelerated
not only through architectural adjustments, but substantially through innovative training
methods and a dramatic increase in scale.
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2.2.1 The Era of Pre-training and Transfer Learning
Enabled by the scalability of Transformer architectures (Section 2.1.2), a common
methodology for language model training emerged. First, the model is pre-trained on
vast text corpora to build an understanding of language and acquire general knowledge,
followed by fine-tuning on smaller, task- or domain-specific data to adapt the model
for its intended applications [RNSS18, DCLT19]. Once the foundation is built via pre-
training, the model allows comparably efficient adaptation to specific downstream tasks
as it only needs a relatively small amount of task-specific labeled data during fine-tuning
to achieve strong performance.

Early influential models soon showed the effectiveness of the pre-training paradigm. Built
on the encoder-only architecture’s strength in text understanding, BERT [DCLT19] set
new performance records on natural language understanding (NLU) benchmarks like
text classification and open-book question answering. Its success validated large-scale
pre-training for comprehension tasks. Meanwhile, the GPT series pushed forward the
decoder-only path. GPT-2 [RWC+19], notably larger with 1.5 B parameters compared
to BERT-Large’s 340 M, particularly excelled at generating coherent text. It also showed
surprising skill on a variety of tasks without specific fine-tuning (zero-shot learning). The
success of these models confirmed the value of large-scale pre-training and gave insights
into the different strengths of encoder versus decoder designs.

2.2.2 Investigating the Impact of Scale
The demonstrated success of the pre-training paradigm with models like BERT and
GPT-2 raised questions about the actual limits of this approach for achieving more
general capabilities. Researchers started exploring whether further pushing parameter
sizes could unlock fundamentally different model behaviors rather than only refining
performance on existing benchmarks. This led to hypotheses around emergent abilities
which suggest that sufficiently scaled models might develop complex cognitive skills that
are not present in smaller models [WTB+22]. Initial scaling experiments by Kaplan et
al. [KMH+20] offered a promising outlook on performance improvements and provided
the empirical framework for model scaling. This further motivated the pursuit of the
ambitious yet speculative goal of discovering these emergent capabilities.

GPT-3 [BMR+20] serves as a pivotal example from this phase of investigations. With
175 B parameters and training on extensive web data corpora, it achieved a considerable
increase in scale compared to its predecessors. A notable observation was its capabilities
in few-shot learning scenarios, where a model has to demonstrate the ability to perform
a novel task based on minimal examples provided within the input query. Furthermore,
novel capabilities appeared to manifest. GPT-3 expressed competence in areas such as
elementary mathematics, translation, and basic common-sense reasoning and surpassed
the performance of smaller, task-specific models without explicit fine-tuning.

The development of GPT-3 occurred within the broader context of ongoing research.
Projects such as Google’s encoder-decoder family T5, which included models up to 11

12



2.3. Scaling Laws for Parameter Count, Data, and Inference Cost

B parameters, showed strong task generalization capabilities [RSR+20]. The research
community was further driven by other large-scale, well-performing models at that time
such as Megatron-Turing NLG model at 530 B parameters [SPN+22].

Table 2.1: Illustrative Examples of Language Model Scaling (2018-2022). Rele-
vant language models released between 2018 and 2022, showing the trend towards larger
parameter counts, especially for decoder-only architectures.

Model Year Approximate Parameters Architecture
BERT-Base [DCLT19] 2018 110 M Encoder-only
BERT-Large [DCLT19] 2018 340 M Encoder-only
GPT-2 (Large) [RWC+19] 2019 774 M Decoder-only
RoBERTa-Large [LOG+19] 2019 355 M Encoder-only
GPT-2 (XL) [RWC+19] 2019 1.5 B Decoder-only
T5-Large [RSR+20] 2020 770 M Encoder-Decoder
T5-3B [RSR+20] 2020 3 B Encoder-Decoder
T5-11B [RSR+20] 2020 11 B Encoder-Decoder
GPT-3 [BMR+20] 2020 175 B Decoder-only
Gopher [RBC+21] 2021 280 B Decoder-only
Megatron-Turing NLG [SPN+22] 2022 530 B Decoder-only
PaLM [CND+23] 2022 540 B Decoder-only

2.3 Scaling Laws for Parameter Count, Data, and
Inference Cost

The following section provides an overview of the scaling laws of LLMs – a set of
empirical observations that describe the relationship between model size, training data,
and performance.

2.3.1 Parameter Scaling Laws
The remarkable capabilities of modern LLMs mainly stem from their sheer size, a
phenomenon first systematically documented by Kaplan et al. [KMH+20]. Their research
identified two principal scaling relationships: one concerning model parameters and
another related to computational resources. The parameter scaling law revealed a
power-law relationship: performance consistently improves as the parameter count
increases. This improvement follows a predictable pattern of loss reduction with model
growth. Concurrently, they showed that performance also scales predictably with the
computational effort invested during training. The foreseeable link between compute,
parameters, and performance across different architectures offered crucial insights into
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the learning dynamics of Transformers. It provided a framework to quantify the benefits
of scaling and estimate a model’s potential capability for a given compute budget.

The finding shifted research away from new architecture innovations and towards brute-
force inspired scaling as the primary driver of performance improvements [BMR+20].
Major industry labs reacted by dedicating substantial resources to constructing increas-
ingly larger models, with parameter counts now routinely reaching hundreds of billions
and training datasets incorporating trillions of tokens from varied sources like web
text, books, and code repositories [BMR+20, CND+23, TDFH+22]. Later, Hoffmann et
al. [HBM+22] refined these initial findings with what became known as the Chinchilla
scaling laws. Their work demonstrated that achieving optimal performance under a fixed
compute budget requires balancing model size with the volume of training data. This
insight led to a practical guideline suggesting models should train on approximately 20
tokens per parameter for maximum efficiency. Therefore, relying solely on these large
models for all queries could be inefficient, which provides a strong motivation for adaptive
strategies such as routing less demanding queries to smaller, more compute-efficient
models while reserving the capacity of larger models for complex tasks.

2.3.2 Inference-aware Scaling Considerations
While the scaling laws described focused primarily on optimizing training loss within a
fixed compute budget, recent research has broadened their scope to incorporate inference
costs into the optimization calculus. For instance, Sardana et al. [SPDF24] explored
scaling laws specifically concerning inference efficiency. Their findings suggest that when
considering the total lifecycle costs including both training and deployment, optimal
strategies often involve training smaller models for significantly longer durations than
the Chinchilla guidelines recommend. This finding rationalizes the industry practice of
overtraining – continuing training well beyond the point where standard metrics like
perplexity stop showing substantial improvement.

Further supporting this idea, Gadre et al. [GSS+24] provided evidence that LLMs continue
to gain capability on downstream tasks even when trained far past perplexity convergence.
Their work confirms that such extensive training can yield practical benefits, even if
it appears suboptimal from a purely training-centric perspective. One hypothesis is
that this prolonged training allows models to internalize rarer data patterns or develop
more nuanced capabilities that perplexity alone does not fully capture, which ultimately
leads to better generalization in specific real-world applications. Models such as Llama
3 8B exemplify this approach, having been trained on approximately 2,000 tokens per
parameter [GDJ+24] – surpassing the Chinchilla-optimal ratio by almost two orders of
magnitude. This strong divergence between theoretical training optimality and practical
deployment strategies hints at challenges in model development for real-world applications.

Adding yet another layer to scaling considerations, Kumar et al. [KAS+25] investigated
the role of parameter precision alongside training data volume and parameter count.
Through a comprehensive analysis of pre-training 465 language models across various
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precision settings (ranging from 3 to 16 bits), they evaluated how both training-time
precision and post-training quantization impact model quality. The key discovery was
that lower-precision training acts as a predictable way to effectively reduce a model’s
parameter count. Their findings suggest that a precision of 7–8 bits might represent
an optimal range across different model scales and compute budgets. Interestingly,
they noted that overtrained models exhibit increased sensitivity to the performance
degradation potentially caused by post-training quantization.

2.3.3 Model Families and Parameter Size Differentiation

Practical considerations derived from scaling laws insights have led to the development
of model families that cover different parameter scales, usually built on top of the same
architecture design and training methodology. For instance, the Falcon model family
includes models with parameter counts ranging from 1.3B to 180B [AAA+23b]. Similarly,
the BLOOM [LSFA+22] and OPT [ZRG+22] model families offer models ranging from
560M to 176B and 125M to 66B, respectively, based on consistent training methodologies.

Quantization efforts further extend this ecosystem. Methods like OPTQ [FAHA23] and
AWQ [LTT+24] create even more efficiency-optimized alternatives by reducing precision
post-training. The resulting quantized models often dramatically reduce memory and
computational requirements by sacrificing performance only marginally. Altogether, this
growth of model variants creates a spectrum of options with different efficiency and
performance characteristics. The availability of this wide spectrum of models, ranging
from large, high-capability versions to smaller, more efficient alternatives, provides the
opportunity for systems to optimize inference through dynamic routing to select the most
appropriate model for a given query and its requirements.

The variation in parameters serves practical purposes beyond academic interest. Or-
ganizations deploying and using LLMs must navigate resource and latency constraints
while managing accuracy expectations, both heavily depending on the use case. A model
suitable for cloud-based customer service might be entirely impractical for mobile devices
or edge deployments with stringent response time requirements. Real-world inference
systems balance multiple efficiency metrics against accuracy requirements:

• Latency & Throughput: User-facing applications often face tight latency expec-
tations, and internal batch processing pipelines process high-volume text data such
as company-wide knowledge bases or historic collections of documents.

• Memory footprint: VRAM limitations often dictate model deployment options.

• Energy consumption: Efficiency requirements create operational costs in local
or cloud deployments, which also affect environmental impact of AI-based products
throughout their deployment lifetime.
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2.3.4 Query-Dependent Performance Variations
While model scaling laws describe average model capabilities across benchmarks, per-
formance variations across different query types reveal opportunities for deployment
optimization. Research has demonstrated that performance degradation from model size
reduction or quantization is not uniform across tasks or queries. Certain benchmark
categories show minimal performance degradation on smaller or quantized models while
others require larger model capacities to maintain acceptable accuracy.

Researchers at OpenAI [AAA+23a] observed that GPT-4 significantly outperforms smaller
models on complex reasoning tasks, but the performance gap decreases considerably for
simple classification or factual retrieval. Touvron et al. [TLI+23] demonstrated similar
patterns and find that well-trained smaller models can match larger ones on narrower
domains when optimized appropriately. The benchmarking analysis by Srivastava et
al. [SRR+22] across diverse LLM tasks consistently showed task-dependent performance
patterns. Reasoning-intensive problems, for example, displayed steeper performance drops
when model capacity decreased compared to simpler tasks. Such variations across query
types indicate significant inefficiency inherent in static, one-model-fits-all deployment
strategies. This observed heterogeneity, combined with the availability of a wide range
of models resulting from scaling efforts (Section 2.3.3), presents a clear motivation for
adaptive approaches, like the dynamic routing framework proposed in this thesis, to
optimize resource utilization by sensibly matching query characteristics to the most
suitable model capabilities.

2.4 Sustainability Challenges
2.4.1 Environmental Impact of Large Language Models
The rapid rise of LLMs has ignited serious concerns regarding their resource consumption
and its climate impact. Although countless applications already integrate these powerful
models, clear, standardized methods for comprehensively measuring their ecological
footprint are still emerging. While carbon dioxide equivalents (CO2e) often serve as the
default metric, a full accounting must consider broader implications, including water
usage, complex supply-chain emissions, and the generation of electronic waste [WARH24].

To better structure this analysis, some researchers propose distinguishing between op-
erational and embodied carbon footprints. The operational carbon footprint (OCF)
encompasses emissions generated during the active phases of a model’s life: training,
inference execution, and the associated data-center overhead such as power delivery
infrastructure and cooling systems. Calculating this typically involves adjusting energy
consumption figures by local grid carbon intensity and a facility’s Power Usage Effective-
ness (PUE) score. The embodied carbon footprint (ECF), conversely, aims to capture
the environmental costs embedded in the hardware lifecycle, including upstream factors
like GPU manufacturing and transportation, as well as downstream impacts related to
disposal and recycling. Methodologies like Life Cycle Analysis (LCA) strive for an even
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broader perspective by segmenting total emissions across four key stages: manufacturing,
transport, operational usage, and end-of-life processing [WARH24, WRG+22].

Recent research compellingly indicates that generative AI models, particularly those
optimized for high-dimensional tasks, consume significantly more electricity compared
to traditional data-processing applications [Int25], placing escalating demands on global
power grids already strained by increasing digitalization. The International Energy Agency
(IEA) provides drastic figures: data centers consumed an estimated 415 TWh globally in
2024, representing approximately 1.5% of worldwide electricity usage. Alarmingly, this
figure is projected to more than double by 2030, possibly reaching 945 TWh or nearly
3% of anticipated global electricity demand [Int25]. The IEA further highlights that
the accelerated servers predominantly used for AI workloads are a main driver of this
growth. Their energy consumption alone is expected to surge by 30% annually, which
would account for almost half the net increase in total data center energy demand by
2030 [Int25]. In technologically advanced regions like the United States, data center
consumption could surpass 1,200 kWh per capita by 2030 — an amount equivalent to
roughly 10% of an average American household’s yearly electricity use [Int25].

Both the initial training phase and the ongoing inference stage contribute extensively to
these escalating energy trends. Some researchers estimate that training GPT-3 (175 B
parameters) alone resulted in approximately 550 tCO2e, an amount comparable to the
annual electricity-related emissions of about 75 average U.S. households [UE25, PGL+21].
More recent flagship models, like the LLaMA-3.1-405B parameter variant, are estimated
to have generated nearly 8,930 tCO2e during their training processes [Met24]. Crucially,
beyond these substantial one-time training emissions, the cumulative operational cost
of performing inference over a model’s lifetime represents a massive, and potentially
even larger, long-term energy burden [PGL+21]. This potential dominance of cumulative
inference costs reinforces the critical importance of optimizing the inference phase for
sustainable AI deployment. Enhancing the efficiency of this stage is essential to mitigate
the growing energy demands associated with widely deployed LLMs. Strategies such as
developing model families with diverse sizes and employing techniques like quantization
represent vital approaches for reducing this ongoing inference cost and its corresponding
environmental impact.

Summary
In this chapter, we reviewed LLM fundamentals, scaling laws, and sustainability challenges.
The key insights include the observation of query-dependent performance variations across
the growing spectrum of models and the serious sustainability costs associated with
inference, which together motivate optimization of inference for better efficiency. The
next chapter explores related work on inference optimization in general and routing
solutions in particular.
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CHAPTER 3
Related Work

Building on the foundational concepts and sustainability concerns discussed in the previous
chapter, this chapter investigates related work on efficient inference with LLMs. Inference
can be described as the process of utilizing a pre-trained model to generate responses or
predictions without the intent of tuning the model parameters like during model training.
Given the significant resources this process requires (see Chapter 2), considerable research
has focused on its optimization to improve efficiency without compromising output
accuracy. While this chapter focuses specifically on inference optimization, it is part
of the wider research effort towards sustainable AI and encompasses areas like efficient
training algorithms and hardware development [WRG+22, SDSE20].

Optimizing LLM inference involves strategies across multiple abstraction levels. Un-
derstanding these diverse optimization strategies across data, model, and system levels
provides essential context for inference routing, which aims to intelligently select among
models potentially employing such optimizations, rather than optimizing a single model
instance. Zhou et al. [ZNH+24] propose a taxonomy of optimization techniques that
hierarchically group techniques into data-, model-, and system-level optimization. In the
following sections, we will explore each of these categories, starting with general inference
optimization techniques before focusing specifically on inference routing systems.

3.1 Overview of Inference Optimization Techniques

3.1.1 Data-level Optimization

The focus of data-level optimization is on reducing the computational load by modifying
the data processed during inference. Techniques typically alter the input prompts or the
data representation during inference.
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Input Compression

The main goal of input compression is to shorten the effective input sequence length pro-
cessed by the model, which directly reduces the computational cost. Common strategies
include prompt pruning, which identifies and removes less relevant tokens or sections
from the input prompt [JWL+23]. Another approach is prompt summarization, which
uses a separate, more efficient model to condense the original prompt into a shorter
summary which still captures the core intent and is then subsequently passed to the main
LLM [XSC24]. Additionally, soft prompt-based compression utilizes embeddings
trained to represent longer contexts or specific instructions in a much shorter input,
which effectively compresses the semantic content of the input [MLG23]. Retrieval-
Augmented Generation (RAG) retrieves relevant data snippets from an external
knowledge base depending on the input query instead of relying solely on the LLM’s
internal parameters. The retrieved context is then added to the original prompt which
helps with generating more factual, relevant, and up-to-date responses beyond the training
cut-off date. RAG can indirectly improve efficiency as it enables smaller models, paired
with retrieved knowledge, to accomplish tasks that might otherwise require much larger
models [LPP+20]. Although not strictly shortening the input, it is sometimes categorized
here as it selectively includes relevant external information instead of potentially much
longer context [ZNH+24].

Output Organization

Strategies for output organization aim to accelerate generation by parallelizing parts of
the process, rather than generating tokens purely sequentially. Techniques like Skeleton-of-
Thought (SoT) [NLZ+24] first generate a high-level structure or skeleton of the response,
then expand different parts concurrently to reduce end-to-end latency [ZNH+24].

3.1.2 Model-Level Optimization
Model-level optimization intends to optimize inference efficiency by influencing the
underlying model structure. Specifically, it focuses on changing the model architecture
or its parameters before deployment. Techniques are broadly categorized into efficient
architecture design and model compression strategies.

Efficient Structure Design

Efficient architecture design focuses on developing more efficient model structures, usually
in terms of computational complexity. Key innovations include the attention mechanism
discussed in Section 2.1.1. Other notable approaches include improvements in calculating
attention efficiently like Multi-Query Attention [Sha19] and Grouped-Query Attention
[ALTdJ+23]. Both reduce memory requirements by sharing key K and value V projections
across attention heads. Other techniques, such as sparse attention [CGRS19] and linear-
complexity attention [KVPF20], intend to reduce the quadratic computational complexity
of attention. Mixture-of-Experts (MoE) represents another important architectural
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Figure 3.1: Taxonomy of LLM Inference Optimization Techniques [ZNH+24].
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innovation, which reduces computational costs by activating only subsets of model
parameters (experts) based on input tokens [SMM+17]. While similar, MoE differentiates
itself from inference routing by focusing on the structure within a single model, thus,
is inherently static. Furthermore, recent progress in non-Transformer architectures like
State Space models such as Mamba [GGR22, GD24] reach performance comparable to
Transformers with improved efficiency. However, as of now, non-Transformer models are
not yet widely adopted outside of model-level research.

Model Compression

Model compression strategies reduce computational load and memory usage by converting
pre-trained models into more efficient versions. Quantization is one of the most adopted
techniques as it has established itself as a reliable method to reduce memory usage. At
its core, it revolves around shifting high-precision weights and activations (typically 16-
or even 32-bit) to lower precision (e.g., 8-bit, 4-bit) [FAHA23, XLS+23]. Sparsification
increases zero-value elements, usually through weight pruning, that identifies and removes
less important weights based on criteria such as magnitude or sensitivity [FA23]. Structure
Optimization alters the model architecture itself, e.g., through low-rank factorization
(LRF) [LYZ+23] which approximates weight matrices with smaller ones, or automated
Neural Architecture Search (NAS) methods that try to identify more efficient model
structures [ZL17]. Knowledge Distillation (KD) trains a more efficient model (student)
to mimic the outputs of a superior, usually larger model (teacher) [SDCW19, HVD15].
Dynamic Inference techniques position themselves adjacent to inference routing as they
also adapt the computation performed based on the input, however, they usually do not
consider a pool of models with the task of selecting the most appropriate model before
inference but rather focus on adapting during the execution of inference, e.g. through
early-exiting or iteratively escalating model capabilities (cascading) [CZZ23].

3.1.3 System-Level Optimization
System-level optimization increases efficiency by improving how models are handled at
runtime and managed within their deployment environment. It includes the development
of serving systems, inference engines, and optimization of infrastructure components.

Inference Engine

Inference engines focus on the core computation during inference passes. At the operator
level, we find methods improving typical operations executed during computations in
neural networks (e.g., matrix multiplication, attention). In this regard, FlashAtten-
tion [DFE+22] represents a breakthrough by reducing memory overhead required for
calculating attention through sophisticated tensor tiling and kernel design. Similarly,
FlashDecoding [DHMS23] and FlashDecoding++ [HDX+23] optimize the decoding part
with the latter implementing reducing dimensions through specialized linear operations.
Inference engines such as TensorRT-LLM [NVI24], DeepSpeed [ARA+22], and vLLM

22



3.2. Inference Routing

[KLZ+23] apply comprehensive graph-level optimizations that greatly reduce inference
time via techniques. Speculative decoding [LKM23] represents another promising direc-
tion. It effectively allocates computational costs for multiple token generations by using
smaller models to predict multiple tokens which are subsequently only verified by the
superior model.

Serving System

Serving system optimizations improve the handling of multiple concurrent inference
requests and coordinate inference across (distributed) infrastructure. Advanced memory
management techniques like paged attention [KLZ+23] have been shown to improve
GPU utilization, while batching methods increase throughput [YJK+22]. For large
scale deployments, optimization for distributed systems [PCZ+24] and split computing
patterns for cloud or edge environments [MSD+24, TYL+23] are used to manage resources
effectively.

3.1.4 Limitations of Existing Methods
The optimization techniques discussed in Sections 3.1.1, 3.1.2, and 3.1.3 have proven to
be effective in reducing inference cost and latency in various aspects. However, despite
their individual strengths, they often operate under a static model paradigm that applies
the same efficiency strategy (e.g., quantization level, batching method) to all queries,
usually still bound to a single, pre-selected model. This means these techniques improve
efficiency within a given model or system setup, but they generally do not address the
problem of selecting the most appropriate model from an evolving heterogeneous pool
based on individual query requirements. As discussed in 2.3.4, different query types
do not uniformly profit from a single, globally optimized setup. Some tasks demand
complex reasoning or domain-specific knowledge, which might require the full capacity of
a state-of-the-art LLM while more efficient models could handle simpler tasks effectively.
This inherent limitation of static, single-model optimization strategies motivates the
exploration of dynamic inference routing, which aims to select the most appropriate
model from a heterogeneous pool on a per-query basis. To explore existing solutions to
this problem, the next section discusses routing approaches.

3.2 Inference Routing
Inference routing solves a key problem in LLM deployment through selective model
assignment for each query. It revolves around mapping input requests to specific models
from a heterogeneous pool that consists of various parameter sizes, architectures, or
optimization levels. This results in allocating computational resources according to each
query’s necessity.

In current research, routing systems show great variation in decision-making logic and
performance targets. Resource-aware routers put emphasis on hardware metrics and
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queue optimization to achieve maximum throughput. In contrast, accuracy-focused
methods monitor benchmark scores across different task types to maintain strict quality
standards. Many publications discuss frameworks that detect specific task categories
and then direct these tasks to models with domain specialization. Recent advancements
also explore probabilistic selection schemes that account for uncertainties in both query
characteristics and model performance prediction. Overall, the research area shows
an evolution from basic static policies towards more sophisticated frameworks, e.g. by
incorporating both infrastructure status and request properties.

3.2.1 Dimensions of Routing Systems
For systematic analysis of routing approaches, we define seven key dimensions that
describe their core design aspects and capabilities. These dimensions, consolidated from
recurring themes and differentiators in the literature (summarized in Tables 3.1 and 3.1),
represent characteristics that allow a structured comparison of routing systems. The
classification is based on how methods were evaluated and discussed in their original
research context, but many could arguably be extended with minor modifications.

Decision Timing (DT) specifies when route selection happens during inference. Pre-
inference routing chooses a model before any computation starts, relying solely on query
features to predict the most appropriate model. It usually aims for minimal overhead but
cannot access actual model performance on the specific query. Mid-inference routing first
processes inputs through one candidate model, then decides to continue or switch to a
larger model based on intermediate results or confidence values, e.g., FrugalGPT [CZZ23].
This approach allows for more precise decisions by considering preliminary processing
results but creates redundant computation. To maintain focus on lightweight routing
mechanisms without the computational overhead of multiple inference operations per
query, this review primarily analyzes pre-inference systems.

Router Calibration Time (RCT) describes when the decision logic of the actual router
gets optimized. Pre-deployment (PD) approaches set routing parameters before system
activation using past data. They work immediately at runtime but do not adapt well to
new patterns. Runtime (RT) calibration keeps updating during operation using feedback
from actual inference results. Many practical systems use a hybrid (HY) approach. They
start with some degree of offline profiling but make selective adjustments online. The
RCT dimension determines how systems balance immediate performance with long-term
adaptation ability. We observe that pre-deployment calibration gives consistent initial
behavior but often struggles with distribution shifts and adaptiveness while runtime
approaches improve over time but may perform worse initially due to uncertainty and
cost of exploration.

Adaptation Capability (AC) reflects how routing systems evolve with new information.
Fixed Policy (FP) approaches keep the same decision rules after training, which makes
behavior predictable but limits flexibility. Parameter Updates (PU) systems allow
adjustments to specific components while keeping their core framework. Policy Evolution
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(PE) methods continuously update their entire selection strategy through online learning
algorithms. This capability determines how systems improve through experience and
adapt to changing query patterns. We find this dimension especially important for
deployments with diverse or evolving workloads, where initial assumptions about query
distribution might become invalid over time.

Model Integration (MI) describes how easily routing systems handle changes to the
model pool. Locked (LK) architectures need complete recalibration when adding or
removing models. This creates significant operational overhead. Extensible (EX) frame-
works support new models through partial calibration. Dynamic (DY) approaches use
mechanisms that work with unseen models with marginal or no recalibration. MI grows
more important as LLM ecosystems develop rapidly. New, more capable models appear
constantly while others become outdated. A system’s integration capabilities directly
impact its practical usefulness in real-world applications as model availability changes
frequently and staying current with state-of-the-art models is important.

Input Representation (IR) defines how routing systems convert raw queries into structured
formats. The existence of diverse input representation techniques reflects the need to
address the query-dependent performance variations observed in LLMs (see Section
2.3.4) to effectively capture relevant input characteristics. Attribute-based (AB) methods
extract key metadata features (e.g., query length, keyword presence) that help characterize
the query and provide a compact representation for the router to work with. Embedding-
based (EB) approaches transform queries into dense semantic vectors that maintain
relationships between words and concepts. In our analysis, we notice many systems now
implement hybrid (HY) strategies. They combine feature extraction with embeddings
to get benefits from both. This choice affects computational requirements and how
accurately the router can match queries to models. Different approaches make different
trade-offs – richer representations often need more computational resources and lack
interpretability but enable more granular routing decisions.

Model Representation (MR) covers how routers encode information about available LLMs.
Attribute-based (AB) approaches use simple model properties like size and architecture
type. AB offers simplicity and interpretability but may miss subtle performance nuances
between models. Embedding-based (EB) methods build vectors based on a learned
embedding model that, for instance, captures how models perform on certain inputs.
The vectors allow for the externalization of latent patterns that basic attributes cannot
show, but often require more complex calibration and are usually less interpretable. The
representation approach affects a router’s ability to adapt to new models without extensive
recalibration, with EB approaches usually requiring more elaborate pre-deployment
processing for better training (or fine-tuning) of the embedding model.

Optimization Objective (OO) defines what metrics the router tries to maximize. Quality-
Cost (QC) approaches balance response accuracy and secondary objectives like resource
usage and latency simultaneously. Budget-Constrained (BC) systems work within strict
resource or latency limits while trying to maximize quality. Hybrid (HY) objectives
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combine QC, but treat certain metrics as budget constraints. The choice here mainly
reflects the deployment considerations.

3.2.2 Trends in LLM Routing Systems
Analysis of the routing systems presented in Tables 3.1 and 3.1 reveals several noteworthy
patterns that characterize the current state of routing research for LLM inference.
When examining existing systems through our dimensional framework, we observe clear
developments that show both limitations and opportunities in this rapidly evolving field.

Router Calibration, Adaptation Patterns & Model Integration

Most existing routing systems use pre-deployment calibration with fixed policies. This
indicates a preference for stable, predictable behavior over runtime adaptability. This
approach gives immediate performance benefits but sacrifices long-term adaptability to
shifting workload pattern and assume prior knowledge of model performance. From 14 sys-
tems we analyzed, 13 implement pre-deployment calibration, with only LLMBandit [Li25]
and MixLLM [WLC+25] adopting a runtime approach.

This pattern reveals an important limitation: once deployed, most routers cannot respond
to distribution shifts in query patterns or an evolving model landscape. Stable policies
provide predictability but create weaknesses to changes in real-world deployments. As
LLM applications expand and settings become more dynamic with evolving user needs,
this limitation may become more and more significant.

Adjacent to these observations, we see a clear trend in model integration capabilities
from early locked architectures toward more flexible approaches. Early systems (2023-
early 2024) predominantly used locked configurations that require extensive recalibration
when the available candidates in the model pool change, although some extensible
systems like Tabi [WCTG23] and RouteLLM [OAW+25] emerged during this period.
Newer approaches like EmbedLLM [ZWW+25], GraphRouter [FSY25], LLMBandit [Li25],
and MixLLM [WLC+25] increasingly implement extensible frameworks that support
partial recalibration. Universal Model Routing [JNR+25] stands out by introducing a
dynamic approach that can handle unseen models with minimal adjustment, though their
learned model representation will likely need complete recalibration once the new model
characteristics drift further from existing ones.

In general, this evolution shows growing recognition that the LLM ecosystem constantly
evolves. New models with improved capabilities are released, and older models become
effectively outdated. Fixed routing architectures create significant operational overhead
as they require frequent retraining to maintain alignment with available models.

Input and Model Representation

Input representation approaches show a strong preference for embedding-based (11) or
hybrid (1) approaches over purely attribute-based ones (3). This preference comes from
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embedding models’ ability to capture semantic relationships between words compared
to attribute-based systems. However, some systems like TABI [WCTG23] effectively
use attribute-based methods that extract specific features from queries, especially for
specialized deployment scenarios.

For model representation, we find a relatively balanced distribution between attribute-
based (7) and embedding-based (8) approaches. Early systems mainly use attribute-based
representations. Used components are size, architecture type, and quantization level.
This approach offers simplicity but may fail to capture subtle performance differences.
Recent systems increasingly adopt embedding-based model representations. They usually
characterize models through their performance on representative query sets.

The transition to embedding-based model representations offers routing systems a po-
tential advancement, though potentially with trade-offs. It allows routing systems to
distinguish between performance patterns more granularly, rather than relying solely
on predefined attributes. Systems like EmbedLLM [ZWW+25], Universal Model Rout-
ing [JNR+25], and LLMBandit [Li25] demonstrate certain benefits of embedding-based
representations for generalization to new models. However, these approaches often require
more complex processing pipelines and larger calibration datasets than attribute-based
methods. Attribute-based representations remain valuable when computational efficiency
or interpretability are prioritized.

Optimization Objectives

Quality-cost tradeoff optimization dominates with 13 of 15 systems targeting simultaneous
optimization (QC). Only TABI [WCTG23] and OrchestraLLM [LCO24] implement
strictly budget-constrained (BC) approaches. Clearly, the chosen optimization objective
is mainly a question of research design and can potentially be interchangeable. Nonetheless,
it shows that research is actively favoring flexible resource allocation that adapts to
quality requirements rather than strict constraints.

Collectively, these observed trends indicate a heavy reliance on pre-deployment calibration
and fixed policies (RCT=PD, AC=FP). This causes significant challenges for effectively
addressing the core practical LLM routing that motivates this work. Static approaches
struggle to optimally adapt to the complex, query-dependent trade-offs between accuracy
and efficiency (RQ1) in real-time. Furthermore, evaluating efficacy under realistic
operational conditions (RQ3) becomes difficult if the system cannot adapt online, as it
would require frequent retraining and redeployment. The observed limited extensibility
of many model pools further lessens the practical benefit derived from the diverse
LLM ecosystem. These persistent gaps emphasize the need for routing frameworks
capable of online learning, effectively handling the uncertainty stemming from limited
real-time information, and explicitly balancing the exploration of model capabilities with
the exploitation of incrementally gathered knowledge. Multi-armed bandit algorithms,
explored in detail later in this work (see Section 4.5), offer a robust theoretical foundation
and practical algorithms for addressing precisely these requirements.
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3.2.3 Analysis of Dynamic Routing Systems

Our broad analysis reveals that especially earlier systems often rely on offline calibration
and are limited in their adaptability. However, more recent approaches recognized these
shortcomings and propose more sophisticated mechanisms. In the following section, we
examine the three most dynamic routing systems in detail, and conclude with persistent
gaps still present in these improved systems.

Universal Model Routing

Universal Model Routing [JNR+25] presents a cluster-based approach for handling
unseen LLMs at test time (MI=DY) without retraining the router itself. The system
first represents each available LLM (both training and unseen test models) by a feature
vector derived from its prediction correctness on a small, shared set of validation prompts
(correctness vector). To reduce overfitting and improve generalization, it then proposes
grouping prompts into clusters (using a large unlabeled training set) and representing each
LLM by its average error rate within each cluster. Routing for a new query identifies its
cluster and selects the LLM with the lowest expected cost-adjusted error for that cluster.
However, a critical limitation is its reliance on pre-deployment calibration (RCT=PD,
AC=FP). The clustering and related error rates are determined offline and are not
updated based on online performance, which limits adaptiveness to potential shifts over
time.

LLMBandit

LLMBandit [Li25] introduces a dynamic routing system that focuses on user preferences
for the accuracy-cost trade-off. Its offline preparation involves two main stages. First, an
Item Response Theory (IRT) based model is trained to generate model identity vectors that
capture model capabilities and characteristics from evaluation data. Second, a contextual
routing policy via reinforcement learning (RL) using Proximal Policy Optimization (PPO),
which uses these identity vectors, query information, and a user-provided preference
parameter ω as input to determine routing decisions. This offline training allows the
policy to learn complex routing strategies (PE). At runtime, the system adapts based on
the user’s specified preference parameter ω and conditions the behavior of the pre-trained
policy. A key feature is its ability to incorporate new models (MI=EX) by computing
their identity vectors through a quizzing process (evaluating on a small subset of prompts),
without retraining the core routing policy. Despite the bandit framing for the selection
problem, the presented work relies on offline RL training to determine the reward and
continuous online learning using live feedback is mentioned as future work [Li25]. The
routing policy parameters remain fixed after the offline phase. Runtime adaptation is
achieved through the reusable representations and preference conditioning.
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MixLLM

MixLLM [WLC+25] uses a dynamic contextual bandit approach with hybrid learning capa-
bilities (RCT=HY, AC=PE). Initial offline training establishes independent, LLM-specific
predictors for quality and response length (cost), which are subsequently refined through
online updates using performance signals. The system introduces tag-enhanced query
embeddings (IR=HY) for improved context understanding and explicitly incorporates
mechanisms to penalize predicted latency and account for prediction uncertainty within
its quality-cost optimization objective (OO=QC). A main distinction from energy-focused
methods lies in its cost component, which relies on external pricing structures such as
API costs rather than direct physical measurements like energy consumption. While this
design with independent predictors allows for extending the model pool by training only
new predictors (MI=EX) and supports continual learning, its cost optimization remains
tied to potentially fluctuating external metrics, which do not guarantee to reflect actual
resource usage [WLC+25].

3.2.4 Research Gaps in Existing LLM Routing Systems
Early work treated routing as a static optimization problem. After collecting a calibration
set and fitting a classifier that predicts the optimal model for each prompt, freeze the
policy before deployment and re-use it for all incoming requests. Fixed-policy routers
of this type, e.g. Tryage [HT23], RouteLLM [OAW+25], Hybrid LLM [DMW+24] and
the original RouterBench [HBL+24] baselines, established the usefulness of selective
execution but share three structural weaknesses that remain only partially resolved by
recent dynamic systems.

1. No continual learning. Except MixLLM [WLC+25], virtually all routers are
strongly calibrated once and thereafter operate unchanged or only slightly nudged
by configuration parameters. This design commonly eliminates exploration overhead
but leaves the system blind to distributional drift in the incoming query stream or
to gradual degradation of relative model performance. While MixLLM [WLC+25]
shows some online adaptation, LLMBandit [Li25] presents a preference-conditioned
policy that learned via PPO whose weights are frozen at the inference stage,
only allowing a scalar user preference to be changed on-the-fly. Universal Model
Routing [JNR+25] is even more static as its cluster map is computed offline and
never updated. In environments where patterns evolve regularly, such rigidity might
be a significant limitation.

2. Reliance on proxy cost metrics. Most studies optimise a quality-cost objective,
yet the cost term is usually a proxy: public API price, a synthetic token budget, or
even parameter count. These proxies correlate inconsistently with the resources that
dominate production budgets such as GPU utilization, energy draw, and latency.
While MixLLM [WLC+25] takes a step further by adding a waiting-time penalty,
its actual cost signal is still derived from external price information rather than
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measured power or similar metrics. LLMBandit [Li25] relies on pre-calibrated cost
estimates as well. We argue that a router that cannot observe its actual resource
footprint cannot guarantee to comply with efficiency constraints in practice.

3. Calibration overhead for every new model The LLM landscape changes
rapidly, with new models of all sizes appearing on a regular basis. For instance,
the number of models specifically tagged for text generation on the Hugging Face
Hub grew from approximately 15,000 in July 2023 to over 220,000 by May 20251.
A truly practical router must integrate new models efficiently, ideally without
requiring a cumbersome per-model calibration or extensive profiling phase. Recent
solutions reduce this overhead compared to early fully static approaches, but often
do not eliminate it entirely. Even the most dynamic systems reviewed require some
model-specific onboarding: Universal Model Routing [JNR+25] requires prompt
quizzing to derive a model-identity vector, LLMBandit [Li25] uses a smaller set
of prompts but still demands labeled examples, and MixLLM [WLC+25] requires
training a dedicated prediction model for each new LLM. While the effort varies,
none of these dynamic approaches currently accept a completely unseen LLM
without at least some model-specific effort, which limits seamless adaptation and
capitalizing on the dynamic LLM ecosystem.

Consequently, integration of completely unseen models still requires a degree of model-
dependent profiling or retraining. These limitations point to a clear research gap that an
effective router must be able to handle unseen models without offline calibration, and
update its policy dynamically online with partial feedback based on measured, relevant
efficiency metrics (like energy consumption) that reflect actual inference costs. Chapter 4
formalizes different aspects of the routing problem. Chapter 5 then presents a routing
architecture that addresses these requirements using online learning multi-armed bandits.

Summary
The review of existing LLM inference optimization and routing techniques indicates
significant efforts and progress but also reveals persistent gaps, especially regarding
adaptability and practical deployment. Numerous methods improve efficiency, however,
many rely on static configurations or extensive offline calibration which limits their adapt-
ability. Even recent dynamic routing systems appear to not fully adhere to paradigms like
continual online learning, integration of direct resource metrics, and seamless integration
of entirely new models without per-model overhead.

This thesis aims to address these shortcomings and proposes an adaptive inference routing
framework with the following key characteristics:

1Approximate model counts retrieved from huggingface.co/models (filtered for text-generation) via
direct access (May 2025) and the Internet Archive’s Wayback Machine (May 2024, July 2023).
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• Online Learning and Adaptation: Utilize contextual multi-armed bandits
to continuously learn and adapt the routing policy based on real-time feedback
(accuracy and measured energy) to enable responsiveness to model performance
characteristics without offline retraining.

• Direct Energy Optimization: Incorporate actual energy consumption measure-
ments into the optimization objective to move beyond proxy metrics like API costs
or token counts and better align routing decisions with actual resource usage.

• Reduced Calibration Overhead: Design to eliminate the need for extensive
offline calibration or per-model profiling when integrating new, initially unknown
models into the candidate pool to draw benefits from the diverse and vast LLM
ecosystem.

By contextual multi-armed bandit algorithms, this thesis intends to provide a more
practical, scalable, and adaptive solution for context-aware, efficient LLM inference. The
following chapters detail the formal problem definition (see Chapter 4) and the applied
methodology (see Chapter 5) designed to achieve these goals.
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CHAPTER 4
Definitions and Problem

Formulation

This chapter formalizes the routing problem in which we aim to dynamically assign
incoming requests to a single model from a pool of heterogeneous LLMs while balancing
two primary objectives: accuracy and efficiency. Section 4.1 introduces the general
problem setting and fundamental notations. Section 4.2 explains how we can represent
a query as a feature vector. Section 4.3 and 4.4 define the core performance metrics
and how to balance them into a single multi-objective optimization problem (MOOP).
Section 4.5 shows how the elaborated routing problem based on input features, and
partial feedback structure leads to a contextual multi-armed bandit problem that will
serve as the basis for our solution approach.

4.1 Problem Overview and Notation
We consider an inference system that processes a sequential stream of user queries {qt}T

t=1.
Each query qt arrives at a discrete timestep t = 1, 2, . . . , T , where T is the total number
of queries.

Each query qt may vary in specific characteristics (e.g., task type, text complexity), and
thus, may require different levels of model capacity to be answered effectively. We assume
access to a pool of K heterogeneous candidate LLMs:

M = {m1, m2, . . . , mK}.

Each mk ∈ M is a model with distinct characteristics. Possible characteristics include (i)
architecture and parameter count, (ii) fine-tuning on domain (e.g., medical, legal), and
(iii) quantization level (e.g., 8-bit, 4-bit precision). When query qt arrives, the system’s
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routing policy π selects exactly one model mt for inference:

mt = π(qt).

The policy aims to balance two key objectives – accuracy and efficiency – based on
measured historical performance of each model in related contexts. The following sections
specify how we represent the query context, define and measure accuracy and efficiency,
and condense their trade-offs into a MOOP.

4.2 Feature Space and Query Representation
First, we focus on how to transform each query qt into a structured feature vector to
enable informed routing decisions. To convert the raw query text of qt and its metadata
into a structured, explicit context vector xt, we define a mapping:

xt = f(qt) ∈ X,

where X is the context space. Features in the context space can be:

• Task Type: Identifying whether the query is for summarization, question-answering
(QA), machine translation, code generation, commonsense and mathematical rea-
soning, creative writing, etc., can strongly influence which model in M is best for
qt (see Section 2.3.4).

• Domain: Certain models excel in specialized domains (e.g., legal, medical). Thus,
encoding the semantic domain of qt may help the system to select a better model.

• Linguistic Complexity: Features like readability metrics, average sentence
length, or perplexity can hint at whether a simpler or more powerful model might
be necessary.

• Input Sequence Length: Models vary in how efficiently they handle long inputs
(context window), so including input length is crucial to sort out unsuitable models.

• Additional User Constraints: A user might favor certain objectives (high
accuracy, fast response time) over others. Incorporating the possible inclusion of
preferences can improve practicality and impact of our optimization system.

The necessity for such differentiation between queries arises directly from the significant
heterogeneity observed in LLM performance across varying inputs (see Section 2.3.4).
Comprehensive studies involving benchmarks consistently demonstrate this as they show
that only state-of-the-art models may achieve high accuracy on certain complex tasks,
but the performance gap often narrows considerably for simpler tasks like summarization
or translation, where more efficient models can suffice. Consequently, context-agnostic
routing strategies that treat all queries identically appear fundamentally suboptimal and
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risk either the utilization of computationally expensive models for simple requests or the
failure to meet accuracy requirements for complex ones. The focus in prior inference
routing research (see Chapter 3) on extracting and representing query characteristics fur-
ther underscores the widely acknowledged importance of leveraging context for improved
decision-making.

Therefore, building upon these insights, we propose to represent each query qt as a
structured context vector xt. The features chosen for xt are selected based on existing
literature and empirical observations that indicate predictive value regarding LLM
inference outcomes. In principle, the feature extraction function f can range from simple
methods like token counting to more complex approaches like dedicated characteristic-
focused embedding models. Specifically, for the experiments in this thesis, we extract
task type, semantic domain, and text complexity to inform the routing decision. The set
of features, and thus the dimensionality of xt, could potentially be expanded over time if
new relevant query characteristics are identified.

4.3 Metrics
Having established the representation of query context xt, we now define the criteria
used to evaluate model accuracy and efficiency. Since the routing policy aims to balance
the accuracy of the model’s output against the energy consumed, we require metrics that
quantify both and are measurable in an online setting. The following subsections detail
these core metrics.

4.3.1 Accuracy

We denote Am(qt) as the accuracy of model m’s response to query qt. Defining a single ac-
curacy metric across all LLM tasks is challenging. For tasks with clear ground truth, objec-
tive metrics like Exact Match (EM) [RZLL16], ROUGE [Lin04], or BLEU [PRWZ02]
are applicable. However, evaluating open-ended generation often requires subjective
assessments (e.g., user feedback), which are difficult to automate and simulate reli-
ably [CWW+24]. Therefore, for deterministic evaluation within the scope of this thesis,
we focus exclusively on tasks where accuracy can be measured objectively against an
available ground truth using such unambiguous metrics. We assume Am(qt) is normalized
to the interval [0, 1], where higher values indicate a higher accuracy.

4.3.2 Energy Consumption

Efficiency in our setting refers to the effective utilization of computational resources to
generate responses. It can be assessed though different aspects such as processing speed,
memory footprint, or energy consumption (see Section 2.4). Among these factors, energy
consumption stands out as a traceable and broadly relevant indicator for evaluating
efficiency. Generally, the more efficient a system, the less energy consumption is required
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to produce responses of comparable quality, given the same hardware and software
configuration.

Thus, energy consumption will serve as our proxy metric to judge efficiency. It can be
formally defined by integrating the instantaneous power draw Pm(t) of model m over
inference duration Tproc(m, qt):

Cm(qt) =
∫︂ Tproc(m,qt)

0
Pm(τ) dτ

.

The integral captures the true energy consumption, however, practical measurement
limitations (detailed in Chapter 6) require approximations, which form the basis for
the experimental evaluation of Cm(qt). The shown general formulation captures the
fluctuations in energy usage across different phases of inference (e.g. data transfer,
computation, memory operations). However, in practice, accurately obtaining such fine-
grained measurements is impractical due to hardware monitoring limitations (e.g., costly
external energy meters), or workload execution on shared server resources, especially
in large-scale or real-time settings. Within our theoretical MOOP, Cm(qt) thus defines
a theoretical measure of efficiency that must be approximated to allow experimental
evaluation of our proposed solution.

4.4 Problem Formulation
This section extends our discussion of accuracy and energy consumption into a formal
multi-objective routing problem. Building on the introduced definitions, we formalize
the inherent conflicts between model quality and resource utilization. Additionally, we
discuss how latency differs from other efficiency aspects and how to effectively incorporate
it into the laid out MOOP. Furthermore, we introduce the concept of Pareto optimality,
and how multiple objectives can be reduced to a single scalar.

4.4.1 Latency Constraint - Feasibility
Total latency represents the time from query submission to response and generally,
captures any delays due to data transfer, optimization-related processes, actual inference
procedure, and queuing. To simplify system evaluation, we consider latency aspects for
inference optimization Lopt(qt) and inference processing time itself Lm(qt):

Ltotal(m, qt) = Lopt(qt) + Lm(qt).

In a real-world deployment, additional latency components such as client-server-communication
and queuing delay may introduce strong deviations through geographic proximity between
user and service provider, request concurrency, and dynamic infrastructure extension
through load-balancing mechanisms difficult to replicate given the scope and resources
available for our work (further discussed in Section 6). Like energy consumption, latency
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can be difficult to measure precisely and assign when resource usage fluctuates over time.
Nevertheless, it remains a fundamental metric in scenarios where users expect responses
within strict time bounds.

While both accuracy Am and energy consumption Cm contribute continuously and directly
to the trade-off optimization process. Latency Lm, however, is handled differently to
simplify the MOOP. Instead of treating it as a third optimization objective, we argue
latency has two key implications:

1. Increased Resource Utilization: Depending on the execution step in the
inference pipeline, prolonged latency may indicate higher resource utilization (e.g.,
extended GPU execution time). However, this notion is already accounted for
through direct energy consumption measurements and thus, makes optimizing for
low latency redundant.

2. User Dissatisfaction: Extensive latency may negatively impact user experience.
However, the relationship between latency and perceived quality degradation is
not linear. Users typically tolerate latency up to a certain threshold, beyond
which satisfaction declines sharply [Nah04]. To reflect this, we introduce maximum
acceptable latency Lmax which ensures that only models that are expected to meet
this constraint are considered for inference.

A consequence of treating latency as a hard constraint is that the system won’t actively
minimize it below the threshold Lmax; instead, it focuses on the accuracy-energy trade-off
among the feasible models. To formally incorporate this constraint, we define the set of
feasible models for query qt as:

M∗
t = {m ∈ M |Lm(qt) ≤ Lmax,t}.

Analogous to established techniques for handling time requirements in systems with
Quality-of-Service (QoS) constraints [ZBN+04], a model exceeding Lmax,t is considered
infeasible and is discarded in the candidate selection at time step t. By enforcing a hard
latency constraint instead of treating latency as a separate optimization objective, we
maintain practical usability constraints while also reducing problem complexity. This
leads to effective routing decisions without unnecessary trade-offs between latency and
other objectives.

4.4.2 Pareto Optimal Solutions

In multi-objective optimization, Pareto optimality [MA04] (also called Pareto efficiency)
helps formalize what it means to achieve optimal balance between competing objectives.
Generally speaking, it describes a state where no criterion can be improved without
making another worse. Crucial to Pareto optimality is the concept of dominance:
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A model m dominates another model m′ in qt if at least one of the following inequalities
is strict

Am(qt) ≥ Am′(qt)
Cm(qt) ≤ Cm′(qt).

Intuitively, m is at least as good as m′ in every dimension while being strictly better in
at least one. A model m is called Pareto Optimal or non-dominated if there is no other
m′ ∈ M that dominates it.
This leads us to the concept of the Pareto front, which is the subset of all non-dominated
models. Models on this front are all relevant to specific user groups, depending on whether
they value higher accuracy or lower energy consumption. From a theoretical standpoint,
if we had complete information of each model’s performance in our three key metrics,
we could simply choose from the Pareto to accommodate the user-specific priorities.
However, in a dynamic online setting with incomplete information, we require an adaptive
selection and learning mechanism that is able to approximate Pareto optimality.

4.4.3 Objective Scalarization
The introduced multi-objective optimization settings allows us to consider multiple goals
simultaneously, however, many learning-based decision-making systems still require a
single numerical value to compare and conclude choices. Scalarization, specifically the
Weighted Sum Method [MA04], presents itself as a well-established method that transforms
multiple objectives into a unified score. Additionally, it easily integrates the discussed
feasibility (latency) constraint. For our proposed routing problem, we apply scalarization
to combine accuracy and energy consumption into a single reward function. For a query
qt, we generally define reward as follows:

rt(m, qt) = αAm(qt) − βCm(qt), subject to m ∈ M∗
t .

We parameterise the weights as α = 1 − λ, β = λ with 0 ≤ λ ≤ 1, so λ = 0 results in an
accuracy-only policy and λ = 1 in an energy-only policy. This provides a straightforward
way to combine objectives but implicitly assumes a constant rate of mutual substitution
between accuracy and energy. In the experiments, we present a parameter sweep
evaluation for λ.

4.4.4 Partial Observability and Feedback
A central component of the discussed problem emerges because the system only observes
the performance of the chosen model mt on a given query qt. The outcomes of all
unselected models (i.e., what would have happened if we had chosen a different model)
remains unknown. In the literature, this problem aspect is referred to as partial feedback
or bandit feedback [LS20]. This setting fundamentally differs from full-setting scenarios
where the performance of all candidates for every query q ∈ Q is observed. Identifying
the problem of dynamically routing queries not as a full feedback but a partial feedback
one inherently motivates the use of MAB algorithms.
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4.5 Bandit Problem Formulation
The partial observability described in Section 4.4 strongly suggests a solution following
the multi-armed bandit framework. To summarize, in the presented routing problem,
each query qt corresponds to a distinct decision point in time, and each feasible model
mt ∈ M∗

t represents an arm (or action). After selecting a model mt to process a query
qt, the system observes the scalarized reward based on the models accuracy and energy
consumption during inference while the performance of other models at time step t
remains unknown.

4.5.1 Context-aware Bandits

One key extension of classical MAB algorithms is the inclusion of context features, as
described in Section 4.2. Instead of treating all queries identically, contextual bandits
leverage relationships between input characteristics and reward outcomes [LCLS10].
Utilizing the extracted feature vector of qt, we aim to learn a policy:

π : xt → mt

that selects a feasible model mt ∈ M∗
t . Since different queries may demand varying model

capacities, this approach is expected to outperform static or non-contextual strategies
given enough time to learn the policy.

4.5.2 Exploration and Exploitation

The problem of partial observability leads us to the challenge of balancing exploration
and exploitation [LS20]. Repeatedly choosing the same arm (exploitation) may yield
short-term gains if the policy learned that this arm performs well. However, this might
overlook other potentially superior arms (exploration) for certain features xt. There
exists a wide range of adaptions that allow MABs to contextualize their decisions, but
fundamentally, all MABs must address this dilemma. This involves balancing the following
considerations:

1. Exploitation: Choosing models that have historically reached high reward (strong
accuracy-efficiency trade-off) for similar query contexts.

2. Exploration: Periodically trying less-explored models to improve estimates and
learn their effectiveness for the given context.

Over time, the policy continuously gains information and refines its estimates to approxi-
mate the true reward functions for xt. This allows the system to adapt to new query
distributions and handle integration of new models gracefully.
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4.6 Regret-Based Evaluation
To evaluate the performance of a policy, we measure the performance gap using the
concept of regret [LS20]. It reflects an essential aspect of bandit problems that try to
learn selecting near-optimal actions over time based on partial feedback. Regret quantifies
the gap between the observed performance of the chosen action (selected model) and the
performance that could have been achieved by selecting the optimal action in hindsight.
The oracle policy with complete knowledge of model performances would have selected
the optimal model:

m∗
t = arg max

m∈M∗
t

rt(m, qt),

where rt(mt, qt) is the reward function introduced in Section 4.4.3) and M∗
t again defines

the set of feasible models at time step t. Following this, instantaneous regret is defined
as:

Δt = rt(m∗
t ) − rt(mt),

where mt is the model selected by the non-oracle routing policy. This quantifies the
missed out on reward due to selecting a sub-optimal model. If the optimal model was
chosen, meaning π(xt) = mt = m∗

t , regret is zero.

After T iterations, cumulative regret is defined as:

Regret(T ) =
T∑︂

t=1

(︁
rt(m∗

t ) − rt(mt)
)︁
.

The objective of a routing strategy is to minimize Regret(T ) as t grows and approximate
the oracle policy.

Since MAB is optimizing a multi-objective trade-off between accuracy and efficiency,
minimizing regret should line up with Pareto Optimality (see Section 4.4.2). Over time,
an effective policy aims to learn to select models that approximate the context-specific
Pareto fronts and, thus, discard models that are consistently dominated.

Summary
This chapter formally defined the dynamic LLM routing problem. We introduced
the core notation, further justified the need for query context representation, defined
accuracy and energy consumption as key metrics, and formulated the problem as a
multi-objective optimization problem (MOOP). Ultimately, we framed the setting as a
bandit problem evaluated via regret. The next chapter details the proposed methodology
and designed system architecture to solve this problem using contextual multi-armed
bandit algorithms.
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CHAPTER 5
Methodology and Solution

Approach

In this chapter, we present the specific methodology and system architecture designed
to implement the dynamic, context-aware LLM inference routing system. Section 5.1
presents the overall system architecture and its core modules. Section 5.2 describes the
brief offline training process necessary for the task classifier. The subsequent Section 5.3
elaborates on the online phase and covers the feature extraction pipeline (Section 5.3.1),
the routing module including feasibility checks and specific bandit algorithms (Section
5.3.2), and the inference engine (Section 5.3.3).

5.1 System Model
Our system architecture consists of four core modules that convert the theoretical
construct of query set Q, model set M , and reward rt (4.4.3) into a functional framework,
as shown in Figure 5.1:

1. Feature Extraction Module

2. Routing Module

3. Inference Engine

4. Model Pool

The main system diagram (Figure 5.1) focuses on the core components that are involved in
the online adaptive routing phase. The offline steps, revolve around providing configuration
and relevant metadata on model properties like maximum context size and are detailed
separately in Section 5.2.
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Figure 5.1: High-Level View of Our System Model for Dynamic LLM Inference
Routing. An End User sends a query qt, which is processed by the Feature Extraction
Module to generate context vector xt. The Routing Module uses these features and
information from the Model Pool to determine M∗

t to select an appropriate model. The
Inference Engine then performs inference with the chosen model, and produces a response
and performance metrics (accuracy, energy, latency). These metrics are fed back to the
Routing Module to adapt its routing policy online. The generated response is returned
to the End User. Before the online phase, setup of the system configuration includes
defining a set of models, configuring constraints and trade-off parameter λ, and providing
the weights for the light-weight task classifier component.

The general processing flow is as follows: For each incoming query qt, the feature
extraction pipeline extracts the defined context vector xt. Next, the Routing Module
determines the feasible set of models M∗

t and selects one model mt from this feasible
set based on its current policy πt and the trade-off parameter λ. Based on the chosen
model mt, the Inference Engine loads the model and returns the response to the user.
Crucially, in this carefully simplified view, the Inference Engine also sends the measured
performance metrics (accuracy, energy, latency) back to the Routing Module. Based
on this feedback, the router updates its policy πt online as soon as new information is
available. Over time, the system learns an adaptive policy that intends to approximate
Pareto-optimal solutions.
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Figure 5.2: Offline Phase Pipeline for Task Classification. This diagram provides
a high-level overview of the offline training phase. Labeled queries undergo instruction
extraction and embedding, followed by training a Logistic Regression classifier. The
trained model is then evaluated and stored for later deployment in the online phase. The
blue coloring indicates that these components are part of the Feature Extraction module
in the overall system.

5.2 Offline Phase
We rely on a lightweight text classification approach to identify high-level task types
(e.g., summarization, QA) using a Logistic Regression (LR) model on top of semantic
embeddings [BN06]. Specifically, we train the LR model as follows (illustrated in
Figure 5.2):

1. We extract the instruction text qinstr,t from qt. We assume that instructions are
located in the first few lines of the prompt. This assumption aligns with common
prompt structures in instruction-based tasks.

2. We compute the embedding of the extracted text using a pre-trained transformer-
based embedding model [RG19]:

einstr,t = embedding(qinstr,t),

where embedding generates dense vector representations which capture semantic
information.

3. The LR model is trained by optimizing the cross-entropy loss over a labeled
dataset [BN06]. Given training pairs (einstr,t, lt), where lt is the ground-truth task
label, we minimize:

L = −
∑︂

t

log p(lt | einstr,t)

where
p(l | einstr,t) = σ(Weinstr,t + b).

This process updates W and b, the learned parameters that actually define the
trained LR model by encapsulating the decision boundary for classification.

The resulting model is a simple classifier that extracts the discrete task label. Logistic
Regression was chosen specifically for its computational simplicity, speed and low resource
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Figure 5.3: Feature Extraction Overview. The pipeline processes an incoming query
through three parallel steps: Instruction-Based Task Classification, Semantic Clustering,
and Text Complexity Assessment. The resulting features (Task Type, Cluster, Complexity
Score) are then combined to form the context vector xt used by the router.

footprint to avoid excessive offline overhead for a component that provides only one of
multiple features for the routing decisions.

For training data, we sample a small portion from our evaluation dataset described in
7.1.1. Each query is annotated with a ground-truth task label based on its dataset of
origin. We split the data into training and validation subsets, train the LR model, and
evaluate its performance on the validation set using standard classification metrics such
as the F1 score [Pow11]. After training, we store the LR parameters and proceed to the
online phase.

More advanced classification methods (e.g., deep neural networks, support vector ma-
chines) could be integrated for potentially improved accuracy, but the emphasis here is
on computational efficiency and robust task identification.

5.3 Online Phase
5.3.1 Feature Extraction
To make informed routing decisions based on the query-dependent LLM performance
variations noted in Chapter 2, the feature extraction module constructs a context vector
xt from the input query qt. We focus on three features grounded in related work: (1) task
type, classified to capture broad query intent [HBL+24], (2) semantic context, derived
via clustering embeddings to group similar queries (reflecting common embedding-based
input representations such as EmbedLLM [ZWW+25]), and (3) text complexity, measured
using Flesch Reading Ease score [Fle48] as an attribute [WCTG23] hinting at processing
load (aligning with data-level optimization, Section 3.1.1). Figure 5.3 shows this pipeline.
While more features exist, these were chosen based on related work and for simplicity.

Instruction-Based Task Classification

Given input query qt, we extract the instruction text qinstr,t using the same procedure as
during training. We then compute its semantic embedding using a pre-trained embedding
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model [RG19]:
einstr,t = embedding(qinstr,t), einstr,t ∈ Rdemb .

The trained LR model classifies the embedding into one of the predefined task categories:

p(l | einstr,t) = σ(Weinstr,t + b),

and the predicted task label is derived as:

l̂ = arg max
l

p(l | einstr,t).

This predicted label l̂ serves as the task type feature for subsequent routing decisions.

Semantic Clustering

For grouping the queries into domain clusters, we begin with embedding the entire query
qt using a pre-trained transformer-based embedding model [RG19]:

efull,t = embedding(qt).

Utilizing these full embeddings, we perform an online K-Means clustering algorithm [BB94]
with a fixed number of clusters, K (specified in Section 7.1), to group queries based on
semantic similarity. The algorithm assigns a query to the cluster with the most similar
centroid by maximizing the cosine similarity between the query’s embedding and the
cluster centroids:

ct = arg max
c

efull,t · µc

∥efull,t∥∥µc∥ .

The centroids µc are updated online based on the number of points assigned to the cluster
so far (Nc) as new queries efull,t are observed:

µct ← µct + 1
Nct + 1(efull,t − µct),

where ct is the cluster assigned to the current query efull,t and Nct is the count of
previous points assigned to that cluster. This implements a standard incremental
update with a decaying learning rate. Online K-Means is chosen for its ability to adapt
centroids incrementally without storing all past embeddings or requiring pre-determined
clusters. The number of clusters K is fixed (value specified in Section 7.1) as a tunable
hyperparameter to balance granularity and stability. Initial centroids are chosen from
the first K distinct query embeddings. The online update allows for the cluster centroids
to incrementally adapt to shifts in the topics of incoming queries over time. Cluster label
ct represents the semantic domain (or potentially topic) of a query qt.
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Text Complexity Assessment

We calculate a single numeric score that represents the complexity of query qt based on
the Flesch Reading Ease formula [Fle48]:

p(qt) = 206.835 − 1.015 ·
(︃ Wordst

Sentencest

)︃
− 84.6 ·

(︃Syllablest

Wordst

)︃
.

For each q, this results in a value ∈ [0, 100] where a low score indicates high text
complexity. To convert this numerical score into a categorical feature suitable for the
context vector, we bin the scores into Nbins distinct categories using equal-width binning.
Again, the specific number of bins (Nbins) and the corresponding score ranges are detailed
in the evaluation setup (Section 7.1).

Context Vector

Collectively, these features create a vector that encodes relevant characteristics of a query:

xt = [lt, ct, pt]

The resulting vector is forwarded to the router which aims to leverage these features
to make more informed, query-dependent model choices. For the contextual bandit
algorithms introduced in the next section, categorical features lt, ct, and pt are converted
into a numerical feature vector using one-hot encoding [BN06]. Additionally, we add an
intercept term (bias) by appending a constant value of 1, thus, the resulting context
vector xt ∈ Rd has dimension d = Ntasks + K + Nbins + 1. The specific parameter values
used in our experiments were determined through non-exhaustive tuning described in
Section 6.2 and intend to balance feature granularity with dimensionality. The specific
number of task types (Ntasks) is determined by the evaluation datasets defined in Section
7.1.1.

5.3.2 Routing
The Routing Module enforces feasibility based on latency and context window constraints
and applies the MAB policy to pick a model from the feasible model set mt ∈ M∗

t . The
following subsections explain how both steps are implemented in practice and give insights
in the technical details of three bandit algorithms we deploy and compare: ϵ-Greedy,
LinUCB, and Thompson Sampling.

Model Feasibility Check

For each arriving query qt, the RM determines the set of feasible models M∗
t ⊆ M by

applying two checks. First, a model m is judged infeasible if the query’s input token
count Tokensin(qt) exceeds the model’s maximum context window MaxContext(m). The
check considers only the input length to align with standard practice. Second, the
model’s predicted latency L̂m(qt) must not exceed the maximum allowed latency Lmax.
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Parameter Lmax represents a configurable system or user constraint and can vary based
on application requirements or user preference respectively. Its specific implementation
during experimental evaluation is discussed in Chapter 7.

Since obtaining true latency Lm(qt) would require actually performing the inference,
the latency feasibility check (L̂m(qt) ≤ Lmax) requires an estimate of the inference time.
We compute this estimate L̂m(qt) based on a single, overall throughput metric Stotal(m)
(tokens/sec) maintained for each model as a simple cumulative average, updated after
each inference based on the total inference time and the total number of tokens processed
(input + output). We use the predefined maximum number of new tokens allowed for
the query’s task type (MaxNewTokens), as a conservative estimate for the output length
component. In real deployments, more adaptive methods like Simple Moving Averages
(SMA) or Exponential Moving Averages (EMA) for throughput might be beneficial.

The estimated latency is then calculated by dividing the total tokens (input + maximum
allowed output) by the average overall throughput:

L̂m(qt) = Tokensin(qt) + MaxNewTokens(l̂t)
Stotal(m) .

With both the context window and latency constraints, the final set of feasible models is
defined as:

M∗
t = {m ∈ M : Tokensin(qt) ≤ MaxContext(m) and L̂m(qt) ≤ Lmax}

Multi-Armed Bandit

The core routing decision relies on multi-armed bandit (MAB) algorithms, which were
chosen specifically for their ability to perform online learning and adaptation under
partial feedback. From the feasible set M∗

t , each model m ∈ M represents an arm. Based
on the extracted context vector xt, the MAB policy π must choose exactly one model mt

to process qt. The MAB algorithms aim to maximize the expected scalarized reward:

rt(m, qt, λ) = (1 − λ)Am(qt) − λCm(qt).

Here, the trade-off parameter λ balances accuracy and energy consumption, and can be
interpreted as a system-wide goal or user preferences. λ = 0 prioritizes accuracy, while
λ = 1 prioritizes energy efficiency. The performance of the MAB policy π is evaluated by
its cumulative regret over T time steps and is defined as the total difference between the
maximum reward possible by the optimal (often referred to as the oracle) and the actual
reward obtained by π:

R(T ) =
T∑︂

t=1
[rt(m∗

t , qt, λ) − rt(mt, qt, λ)],

where mt = π(xt) is the model chosen by the policy and m∗
t = arg maxm∈M∗

t
rt(m, qt, λ)

is the best possible choice at time step t given the context and feasibility constraints.
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The specific hyperparameters we applied for the MAB algorithms discussed below (ϵ-
Greedy, LinUCB, Contextual Thompson Sampling) are defined via preliminary tuning as
described in Section 6.2.

ϵ-Greedy

The ϵ-Greedy algorithm is one of the most fundamental exploration-exploitation algo-
rithms [SBe98]. With probability ϵ, the system selects a random model out of all feasible
options (exploration), and with complementary probability 1 − ϵ, the system chooses
the model with the highest expected reward. For the basic (non-contextual) ϵ-Greedy
algorithm, which we included as base bandit variation (see Algorithm 5.1), the highest
expected reward is simply the observed global average reward of a model, independent of
the current context xt.

When a query arrives and the feasible set M∗
t is determined, for ϵ-Greedy we process as

follows:

1. A value u is sampled from a uniform distribution U(0, 1). If u < ϵ, the router
explores the model pool by selecting a random model from M∗

t . Otherwise, it
follows greedy exploitation by choosing the model with the highest estimated average
reward avg_reward[m].

2. Once a model is selected, it performs inference on the current query qt. We observe
energy consumption and latency during inference, evaluate the outcome to obtain
accuracy, and store the resulting metrics.

3. The observed metrics are combined in the reward function rt and we perform an
incremental update of the average reward of mt.

4. Over time, as more data is gathered, ϵ decays until it reaches a minimum exploration
rate. This allows us to use the collected performance data to determine better
choices while still occasionally discovering better-performing models or adapt to
changes through exploration. Instead of the global average reward, contextual
ϵ-Greedy variants with a reward model similar to those described for LinUCB and
CTS can also be applied. However, the exploration step typically remains random.

ϵ-Greedy introduces minimal overhead and its internals are easy to interpret. However, its
non-contextual variant limits its ability to adjust decisions to specific query characteristics.

LinUCB

LinUCB is one of the three contextual MAB variants we applied [LCLS10]. It ap-
proximates each model’s expected reward as a linear function of the context vector xt.
It assumes the relationship between the context vector features xt and the expected
scalarized reward rt is approximately linear. This linearity assumption is common in
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Algorithm 5.1: Non-Contextual ϵ-Greedy Algorithm with Decay for Model
Selection

Input: Initial exploration probability ϵ0, decay factor δ, minimum exploration
probability ϵmin, time horizon T , model set M

Output: Model selection strategy balancing exploration and exploitation
1 for each model m ∈ M do
2 count[m] ← 0 avg_reward[m] ← 0.0
3 end
4 for t ← 1 to T do
5 Determine feasible set M∗

t based on constraints Sample u ∼ U(0, 1)
6 if u < ϵ then
7 chosen_model ← random model in M∗

t

8 else
9 chosen_model ← arg maxm∈M∗

t
avg_reward[m]

10 end
11 Observe reward rt(chosen_model)
12 count[chosen_model] ← count[chosen_model] + 1
13 avg_reward[chosen_model] ←

avg_reward[chosen_model] + rt(chosen_model)−avg_reward[chosen_model]
count[chosen_model]

14 ϵ ← max(ϵmin, ϵ · δ) ; // Apply epsilon decay

15 end

contextual bandit literature for its computational efficiency, ease of implementation, and
interpretability. However, it only presents an approximation of likely more complex,
non-linear relationships between context features and reward. Non-linear reward functions
could again improve results but would also add computational overhead. For stability
and to prevent singularity issues, LinUCB typically applies Ridge Regression princi-
ples [HK70]. For each internal reward model, LinUCB maintains a matrix Am ∈ Rd×d

and a vector bm ∈ Rd. At first, Am is set to λregId, where Id is the identity matrix and
λreg > 0 is a set regularization parameter, and bm is initialized as a zero vector. Am

accumulates xtx
T
t and bm accumulates rewards, both terms scaled by the context vector.

Once a query arrives, we process:

1. For each model m ∈ M∗
t , we begin by computing the estimated feature weight

vector θ with ridge regression:

θ̂m = A−1
m bm.

The expected reward for model m in the current context is computed as:

r̂m(xt) = θ̂
T
mxt.
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2. To favor models with high uncertainty, we compute an exploration bonus:

α
√︂

xT
t A−1

m xt,

where α ≥ 0 is a tunable parameter that balances exploration and exploitation.
The bonus quantifies the uncertainty of model m in the current context xt. A high
value indicates that the model has been observed rarely in this context region.

3. The UCB score is calculated by combining the estimated reward and the exploration
bonus:

UCBm(xt) = θ̂
T
mxt + α

√︂
xT

t A−1
m xt.

4. The score aims to balance exploiting known well-performing models and exploring
those with high uncertainty. We select the model with the highest UCB score:

mt = arg max
m∈M∗

t

UCBm(xt).

5. Once the chosen model mt completes inference and we observe reward rt(mt, qt),
LinUCB updates parameters:

Amt ← Amt + xtx
T
t ,

bmt ← bmt + rt(mt)xt.

6. Updating Amt and bmt refines the estimate for θ̂mt and thus, provides a more
accurate mapping from context to expected reward as more and more data is
collected.

Contextual Thompson Sampling

Contextual Thompson Sampling (CTS) is the second contextual MAB variant we ap-
plied [AG13]. Unlike LinUCB, which chooses the model with the highest upper confidence
bound of expected reward, CTS maintains a posterior distribution of the model perfor-
mance. This posterior represents the MABs quantified beliefs and uncertainty about
each model’s reward function given the observed (partial) feedback. After sampling from
these posteriors, CTS selects the model with the highest sampled reward. This process
inherently balances exploration without a deterministic optimism bonus and introduces
randomness via Bayesian inference.

Similar to LinUCB, CTS assumes a linear reward function. It maintains matrices
Am ∈ Rd×d and vectors bm ∈ Rd that are initialized similarly as in LinUCB (though
potentially including prior information, discussed in Chapter 6).

For each query, CTS performs the following steps:
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Algorithm 5.2: LinUCB Algorithm with Regularization for Model Selection
Input: Exploration parameter α, Regularization parameter λreg, time horizon T ,

model set M
Output: Model selection strategy balancing exploitation and exploration

1 for each model m ∈ M do
2 A[m] ← λregId ; // Initialize matrix with regularization
3 b[m] ← 0d ; // Initialize reward accumulation vector

4 end
5 for t ← 1 to T do
6 Determine feasible set M∗

t based on constraints
7 for each model m ∈ M∗

t do
8 θ̂[m] ← A[m]−1b[m] s[m] ←

√︂
xT

t A[m]−1xt ; // uncertainty term

9 UCB[m] ← θ̂[m]T xt + αs[m]
10 end
11 chosen_model ← arg maxm∈M∗

t
UCB[m]

12 Observe reward rt(chosen_model)
13 A[chosen_model] ← A[chosen_model] + xtx

T
t

b[chosen_model] ← b[chosen_model] + rt(chosen_model)xt

14 end

1. We assume a Gaussian posterior over θm, compute the mean θ̂m = A−1
m bm and

the posterior covariance matrix Σm = σ2A−1
m , where σ represents the standard

deviation of the observation noise. Next, we sample a weight vector from this
posterior:

θ̃m ∼ N (θ̂m, Σm).

2. Estimate the expected reward using the sampled weights:

r̃m(xt) = θ̃
T
mxt.

3. The model with the highest sampled reward is chosen:

mt = arg max
m∈M∗

t

r̃m(xt).

4. After observing the actual reward rt(mt, qt), we update Am and bm as follows:

Amt ← Amt + xtx
T
t ,

bmt ← bmt + rt(mt)xt.
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Algorithm 5.3: Contextual Thompson Sampling Algorithm for Model Selection
Input: Noise standard deviation σ, time horizon T , model set M
Output: Model selection strategy balancing exploitation and exploration

1 for each model m ∈ M do
2 A[m] ← Id b[m] ← 0d

3 end
4 for t ← 1 to T do
5 Determine feasible set M∗

t based on constraints
6 for each model m ∈ M∗

t do
7 θ̂[m] ← A[m]−1b[m] Σ[m] ← σ2A[m]−1 ; // use square of input

sigma

8 Sample θ̃[m] ∼ N (θ̂[m], Σ[m]) r̃[m] ← θ̃[m]T xt ; // sampled reward

9 end
10 chosen_model ← arg maxm∈M∗

t
r̃[m]

11 Observe reward rt(chosen_model)
12 A[chosen_model] ← A[chosen_model] + xtx

T
t

b[chosen_model] ← b[chosen_model] + rt(chosen_model)xt

13 end

5.3.3 Inference Engine
The Inference Engine processes the incoming query qt and records relevant metadata for
optimization. Specifically, it performs the following steps:

• If mt is not already in memory, it is loaded from disk into GPU memory. The
model then performs inference to generate a response for query qt.

• To track model efficiency, the system measures energy consumption and latency
from the start till the end of inference.

• Additionally, the system logs important metadata of the inference process, including
number of input tokens, number of generated output tokens, and generation
parameters such as max_new_tokens and temperature.

Summary
This chapter presented the concrete methodology we propose for realizing the dynamic
routing framework. The modular system design separates feature extraction, routing,
and inference. We discussed how task types, semantic clusters, and text complexity
assessments are condensed into feature vectors to characterize queries, and how we
use these features in established contextual bandit algorithms (LinUCB, CTS) inform
our routing decisions under partial feedback. These methodological choices prioritize
adaptability and efficiency for the routing process itself. Furthermore, the online learning
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nature and the exploration inherent in the MAB approach allow the system to adapt to
dynamic environments to integrate new models with minimal calibration overhead. The
next chapter describes the practical implementation of this methodology.
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CHAPTER 6
Implementation

This chapter describes aspects of how the system introduced in the previous chapter
was implemented. We begin by detailing our testbed and environment including hard-
ware characteristics. Next, we provide details on the implementation of the individual
components. Finally, we list the key software dependencies required to run the system.

6.1 Testbed and Environment
Our experiments run on a dedicated server provided by the TU Wien HPC Research Group.
The server is reserved during experiment runs to avoid any measurement interference
and to ensure consistent results. It operates on Ubuntu 22.04.5 LTS, is powered by an
AMD EPYC 9354P processor with 32 cores and has up to 503 GB of RAM available.
The system uses an NVIDIA A100 GPU with 80GB VRAM which allows us to evaluate
models of up to roughly 40B parameters at 16-bit precision. The GPU runs on CUDA
version 12.2 and supports compute optimized bfloat16 acceleration [KMM+19].

We use Python 3.10 within a dedicated virtual environment to keep our dependencies
consistent. Incoming requests are handled by a FastAPI1 endpoint and queued for
inference using an async connection to a Redis2 container. A PostgreSQL3 container
stores prompts, model identifiers, inference results, and metrics. We process each
request individually (batch_size = 1) to isolate and accurately measure latency, energy
consumption, and accuracy. This design decision was made for simplicity given the
many free-floating parameters already present in the system requiring analysis and to
properly isolate requests for per-instance measurements. Model weights are assumed to be
available on disk, not requiring any download during runtime. Datasets are loaded using

1https://fastapi.tiangolo.com/
2https://redis.io/
3https://www.postgresql.org/
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the datasets library provided by HuggingFace4, and random samples are extracted
with Python’s random package. Details on the specific dataset and the number of samples
will be provided in Section 7.1.

Measuring GPU energy for very brief inference tasks required a special approach. An
initial attempt through direct pynvml calls often failed and resulted in zero energy
measurements due to NVIDIA Management Library (NVML) sampling limitations. We
therefore utilized the zeus library5, which is specifically designed for robust energy
monitoring in machine learning workloads. zeus employs techniques, such as reading
the GPU’s cumulative energy counter, to provide reliable non-zero energy readings even
for short durations where simpler methods fail. We focus measurement efforts on the
GPU, as it constitutes the main energy draw during LLM inference tasks [HGSS24].

6.2 Prototype Implementation
For the implementation of feature extraction, we compute transformer-based embeddings
with sentence-transformers6, specifically using the popular ’all-MiniLM-L6-v2’
model. We classify the task using a simple Logistic Regression model [BN06] and group
similar queries using an online K-Means clustering algorithm [BB94], supported by
utilities from scikit-learn7. Initial K-means centroids were derived from the first
K queries encountered during the experiment runs. We assess text complexity using
the textstat library8, utilizing the Flesch Reading Ease score [Fle48]. The resulting
Flesch Reading Ease scores were discretized using equal-width binning based on the range
observed during preliminary profiling.

The multi-armed bandit strategies (ϵ-Greedy [SBe98], LinUCB [LCLS10], Contextual
Thompson Sampling [AG13]) are implemented as custom classes built upon NumPy9

arrays. Before calculating the reward, we normalize energy consumption (calculated as
energy consumption per token (input + output)) between [0,1] using min-max scaling.
We chose min-max normalization because the energy metric is combined directly with
accuracy (also between 0 and 1) and we assume a linear importance of the trade-off
metrics. While other methods like z-score or log-scaling were considered, min-max
normalization was selected as it maps energy consumption directly to the same bounded
[0,1] scale as the accuracy metric. Consistent scaling ensures the trade-off parameter λ
provides clear control over the relative weighting of the objectives. Initial energy bounds
for normalization were determined through minimal profiling of representative models
from the pool before the main experiment runs (see Section 7). While the system could
potentially update bounds dynamically, the bounds established during profiling proved
stable and were used consistently throughout the reported experiments.

4https://huggingface.co/docs/datasets/index
5https://github.com/ml-energy/zeus
6https://www.sbert.net/
7https://scikit-learn.org/stable/
8https://pypi.org/project/textstat/
9https://numpy.org/
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For model inference, we load models from our model pool. Each model is a HuggingFace-
compatible LLM loaded in bfloat16 [KMM+19] precision to optimize GPU mem-
ory usage and to align with standard industry practices for inference. We use the
transformers library10 with PyTorch11 for tokenization and response generation,
and keep default generation parameters to reflect the most typical user setup. As
mentioned in Section 6.1, we measure the GPU’s energy consumption using the zeus
library3. We process a single warm-up inference after loading a new model to account
for lazy initialization that would otherwise skew measurements. Latency is captured
with Python’s time module by sampling measurements immediately before and after the
response generation step, specifically excluding time spent on feature extraction, rout-
ing decisions, or model loading (models are assumed pre-loaded for this measurement).
Consequently, measured latency also excludes queue time, as requests are processed
sequentially in this setup. Finally, we evaluate the generated responses using exact match
scores for precise answers and ROUGE metrics [Lin04] for summarization tasks using
the evaluate library12.

Prior to the main experiments, we conduct experiment runs for preliminary tuning to
determine reasonable values for key hyperparameters. This involved adjusting parameters
for the MAB algorithms such as initial exploration rate ϵ0, and the feature extraction
process (number of semantic clusters Kcluster and Nbins) to evaluate the impact on
cumulative regret. The goal was to identify settings that provided a good balance across
parameters while leaning towards simpler configurations to mitigate sparsity in the
resulting MAB reward models. The final MAB hyperparameters selected through this
process are detailed in Table 6.1 and consistently used throughout the experiment unless
specifically mentioned otherwise.

We also incorporate basic error handling and logging mechanisms. Failing requests are
logged, retried, and requeued using our Redis-based queuing system. Although full error
handling is still under development, the system is designed to automatically reprocess
failed inferences to maintain robustness.

Summary
This chapter outlined how the methodology was translated into a concrete implementation.
The experimental environment will revolve around a NVIDIA A100 GPU whose energy
consumption is measured using the zeus library3. The chapter also documented essential
software dependencies and the tuned hyperparameters for the MAB algorithms necessary
for reproducibility of our results. The empirical evaluation of the implemented system is
presented in the next chapter.

10https://huggingface.co/docs/transformers/index
11https://pytorch.org/
12https://huggingface.co/docs/evaluate
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Table 6.1: MAB Algorithm Hyperparameters. Overview of key hyperparameters
for the MAB algorithms used in the system evaluation. Values shown represent the best
configurations identified during preliminary tuning and were used consistently across
experiments unless otherwise specified.

Algorithm Parameter Value Description
ϵ-Greedy Initial ϵ0 1.0 Starting exploration rate

Decay factor δ 0.98 Multiplicative decay rate for ϵ
per step

Minimum ϵmin 0.01 Lower bound for exploration
probability

LinUCB Exploration α 0.1 Exploration parameter for Lin-
UCB

Regularization λreg 0.05 Regularization parameter
Thompson Sampling Noise Std Dev σ 0.01 Standard deviation assump-

tion for reward noise

Table 6.2: Software Dependencies. Relevant Python packages and their versions that
were used in the implementation of the routing framework and evaluation environment.

Package Version Purpose
datasets 3.1.0 Accessing evaluation datasets
evaluate 0.4.3 Standardized evaluation of model generations
fastapi 0.115.4 Handling incoming requests
nltk 3.9.1 Text normalization
zeus-ml 0.11.0.post1 Measuring GPU energy consumption
protobuf 6.30.2 Serialization format used by transformers library
redis 5.2.0 Async request buffering and queueing
rouge_score 0.1.2 ROUGE metric calculation
scikit-learn 1.5.2 Classification, clustering
scipy 1.14.1 Mathematical utilities
seaborn 0.13.2 Data visualization
sentence-transformers 3.2.1 Generating BERT-based embeddings
sentencepiece 0.2.0 Tokenization
textstat 0.7.4 Computing text complexity metrics
torch 2.5.1 Model inference with PyTorch
transformers 4.46.2 Model loading, tokenization, and response generation
uvicorn 0.32.0 ASGI server for FastAPI
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CHAPTER 7
Evaluation

This chapter presents the experimental setup and plan, followed by results and analysis
of the implemented dynamic routing framework. Section 7.1 details the environment
and experiment components, including the selected datasets, model pool, and response
evaluation metrics utilized for the experiments. Section 7.2 outlines a series of experiments,
presented in 7.3, designed to assess the system outcomes against baselines, the impact of
contextual features, the effect of different settings for the trade-off parameter λ, and how
the system adapts its model selection policy to new models. We conclude our experiments
with an overhead analysis on the example of latency. Finally, Section 7.4 discusses the
key findings, their implications, and the limitations of the study.

7.1 Experimental Setup
7.1.1 Evaluation Datasets and Data Selection
To provide a robust and realistic evaluation of our proposed dynamic routing system, we
require a selection of representative datasets that include diverse query types, complexity
levels, and domains. This diversity is crucial not only for generalizability but also to
capture the types of query-dependent performance variations discussed in Section 2.3.4,
which present a core motivation for this work. The diversity of the query set is expected
to strongly impact the system’s ability to utilize the heterogeneous capabilities of different
models and, consequently, its potential to outperform static, single-model approaches.

We selected evaluation datasets based on their popularity in LLM benchmarking, repre-
sentation of different task types and whether model responses could be automatically
and accurately evaluated by the system against a ground truth. While human feedback
or LLM-as-a-judge [ZCS+23] would allow us to investigate a broader set of benchmark
datasets, they introduce significant costs and potential inconsistencies as the evaluators
themselves would need to be a representative group of the user population. Additionally,
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determining accuracy on open-ended tasks is challenging even with human or LLM
judges as interpretation is subjective and often lack clear criteria for evaluation. Thus,
we focused on tasks with unambiguous ground truth answers available or established
automatic metrics.

The Massive Multitask Language Understanding (MMLU) dataset [HBB+21] consists
of multiple-choice questions across 57 subjects such as mathematics and humanities. It
serves as an assessment of reasoning capabilities in domain knowledge. MMLU asks
questions directly without additional context but provides answer options with only
one being correct. It mimics standardized tests one would observe in school to assess
knowledge of the examinee across domains. The questions also vary in difficulty and
complexity from straightforward ones to others requiring analytical thinking.

HellaSwag [ZHB+19] tests commonsense inference abilities through sentence completion.
It requires the model to select the most plausible continuation for a given uncompleted
part of a text and measures situational reasoning capabilities. Winogrande [SBBC21]
focuses similarly on commonsense reasoning and extends the famous Winogrande Schema
Challenge (WSC) [LDM12] that was proposed in 2011 as an alternative to the over half
a century old Turing test. It presents sentences containing ambiguous pronouns. To give
an example, in the sentence "The trophy didn’t fit into the suitcase because it was too
big." the pronoun "it" could technically refer to either "the trophy" or "the suitcase". The
model has to derive which noun the pronoun actually refers to based on its real-world
knowledge and contextual reasoning abilities.

GSM8K [CKB+21] contains grade school math problems requiring multi-step reasoning
which tests a model’s structured analytical reasoning capabilities. Determining the correct
answer requires arithmetic, algebra, and logical reasoning. Including the dataset in our
system evaluation data allows us to assess how models handle mathematical tasks of
heterogeneous complexity. To cover long-context generation, we include the CNN/Daily
Mail benchmark [HKG+15] which requires synthesizing key information from provided
news articles.

Table 7.1 provides a comprehensive overview of the discussed datasets showing the number
of samples used from each test set, the evaluation metric we apply, and the task type label
we categorize it in for the task type classification of the context vector extraction. To
maintain a feasible experiment scope, we randomly sample 500 instances of each dataset
to include in our system evaluation dataset using a fixed random seed for reproducibility
of results.

We uniformly sample 500 items per dataset at a fixed seed to give the MAB algorithms
reasonable data to learn on while keeping experiment preparation time low.

7.1.2 Model Selection
For our experiments’ pool of models, we target publicly available LLMs that represent
the LLM landscape. We limit our selection to open-access models for several reasons:
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Table 7.1: Overview of Evaluation Datasets. 500 samples per dataset strike a balance
between enough instances for the MABs to learn on and compute budget.

Dataset Samples Used Task Type Evaluation Metric
MMLU 500 Question Answering Exact Match
HellaSwag 500 Situation Completion Exact Match
Winogrande 500 Commonsense Reasoning Exact Match
GSM8K 500 Mathematical Reasoning Exact Match
CNN / Daily Mail 500 Summarization ROUGE

(1) they allow direct measurement of energy consumption on our local GPU, which is
our chosen method to determine model efficiency; (2) they do not cause variable costs
associated with commercial API credits, which is beneficial for excessive prototyping,
development, and experiment runs; and (3) they represent a wider range of optimized
and specialized capabilities than typically found in commercial offerings, which better
reflects the heterogeneous use cases that real-world deployments might induce.

To demonstrate that our system is capable of incorporating a large number of diverse
models, we choose representatives from different parameter scales and model families.
Our selection criteria can be summarized as:

1. Diversity across parameter counts (from 0.5 B to 34 B), determined by the compat-
ibility with our available compute resources

2. Coverage of major model families by relevant vendors (Phi1, Gemma2, Mistral3,
Llama4, Qwen5)

3. Accessibility of model weights for local deployment

4. Recent publication date to reflect state-of-the-art

Based on these criteria, we were able to systematically define a representative pool
of models to be included in our system evaluation (see Table 7.2). The differences in
model characteristics are expected to allow us to observe notable trade-offs between
accuracy and efficiency in a dynamic routing setting. As discussed in Chapter 6, energy
consumption of inference using these models was measured under controlled conditions
using the zeus library.

1Microsoft Phi models, https://azure.microsoft.com/en-us/products/ai-studio/phi
2Google Gemma models, https://ai.google.dev/gemma
3Mistral AI models, https://mistral.ai/
4Meta Llama models, https://www.llama.com/models/llama-3/
5Alibaba Cloud Qwen models, https://qwenlm.github.io/
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Table 7.2: Overview of the Model Pool. The table lists the LLMs used in the
experiments, grouped by model family, along with their parameter counts and Hugging
Face identifiers (HF Handles).

Family Version # Parameters (B) HF Handle

Qwen

2.5 0.5 Qwen/Qwen2.5-0.5B-Instruct
2.5 1.5 Qwen/Qwen2.5-1.5B-Instruct
2.5 3 Qwen/Qwen2.5-3B-Instruct
2.5 7 Qwen/Qwen2.5-7B
2.5 14 Qwen/Qwen2.5-14B-Instruct

Mistral v0.3 7 mistralai/Mistral-7B-Instruct-v0.3

Gemma

3 1 google/gemma-3-1b-it
3 4 google/gemma-3-4b-it
3 12 google/gemma-3-12b-it
3 27 google/gemma-3-27b-it

Llama
3.1 1 meta-llama/Llama-3.1-1B-Instruct
3.2 3 meta-llama/Llama-3.2-3B-Instruct
3.1 8 meta-llama/Llama-3.1-8B-Instruct

Phi 4-mini 4 microsoft/Phi-4-mini-instruct
4 14 microsoft/Phi-4-14B

Yi - 34 01-ai/Yi-34B

7.1.3 Response Evaluation
Evaluating model responses requires consistent metrics for our diverse set of tasks. Our
evaluation framework targets extracting the final answer from the free-form model output.
We normalize both accuracy and energy consumption to allow for a consistent comparison
and to combine them in a scalarized reward function in the range [0-1].

Answer Extraction

As LLMs typically respond with freeform text, we implement task-specific constraints as
extraction techniques to obtain meaningful answers that can be evaluated against ground
truths (summarized in Table 7.3).

Metric Normalization

We implement a unified normalization approach for the different evaluation metrics to
harmonize different metric distributions and ranges. Each metric might produce scores
in varying ranges with different distributions which makes direct comparison without
normalization challenging. For example, a ROUGE-L score of 0.4 on a summarization
task might represent solid performance (close to human-level or best performing LLM),
while an accuracy of 0.4 on an easy multiple-choice task could indicate a poor score.
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Table 7.3: Answer Extraction Methods by Dataset. This table outlines the
specific technique used to extract the final answer from the modelś free-form output for
each evaluation dataset, along with custom generation stopping criteria to ensure fair
comparison.

Dataset Extraction Method Max Tokens Stop Criteria
MMLU Extract the chosen option

(A-D)
1 Linebreak (\n)

HellaSwag Extract the chosen option
(A-D)

1 Linebreak (\n)

Winogrande Extract the chosen option
(A-B)

1 Linebreak (\n)

GSM8K Extract the final numeric
answer (via regex)

256 Linebreak (\n)

CNN / Daily Mail Use the entire generated
text as the final summary

256 Hashtags (###)

Without proper normalization, comparing different metrics would be misleading as it
suggests equal performance across tasks. Thus, we apply min-max normalization to all
evaluation metrics, which converts observed accuracy values to a range of [0,1] to allow a
more consistent comparison across tasks:

Normalized Accuracy = A − Amin
Amax − Amin

,

where Amin and Amax are determined from baseline profiling runs of representative models
in our pool on the validation set for each specific task type. For establishing these bounds,
we strategically selected models that are likely to represent accuracy extremes, i.e., using
smaller, older models (e.g., Phi2-3B) to estimate minimal accuracy values and larger,
newer models (e.g., Qwen2.5-32B) to estimate maximum accuracy thresholds. This
approach avoids exhaustive evaluation seen in other frameworks (see Chapter 3), but
still creates applicable normalization boundaries. Bounds are fitted on validation splits
to avoid leaking accuracy data into the reward function. The derived values allow us to
put accuracy into perspective across tasks and do not represent exact theoretical limits.

For energy consumption, we normalize measurements using a similar min-max scaling
approach:

Normalized Energy = Emeasured − Emin
Emax − Emin

Boundaries are derived from the same profiling runs described above. While energy
consumption in itself would be comparable without normalization, normalization allows
us to combine it with accuracy scores on the same scale into a scalarized reward function.
Before normalization, energy measurements are converted to energy consumption per
token (input + output) for comparability of measurements across different query lengths.
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We consider both input and output token count as some tasks involve very short outputs
(e.g., single-character answers in multiple-choice tasks).

As discussed in Chapter 5, all applied MAB strategies rely on the same scalarizing reward
function to balance the normalized accuracy and energy consumption for each task:

Reward = (1 − λ) × Normalized Accuracy − λ × Normalized Energy,

where λ ∈ [0, 1] is the configurable trade-off parameter that controls the relative weight
of accuracy vs. energy efficiency. Notably, the latency feasibility constraint Lmax was
assumed to be set to a non-restrictive value to focus evaluation solely on the accuracy-
energy trade-off.

7.2 Experimental Plan
To investigate the effectiveness of our dynamic routing framework for LLM inference, we
propose the following experiments. They intend to answer five core aspects: First, we
need to understand how dynamic routing compares to conventional approaches, which
we define as baselines below. This will provide the most fundamental insights and justify
further analysis. Second, we explore the impact of different contextual features on routing
decisions, as feature extraction introduces overhead and not all features are expected
to contribute equally to potential accuracy and efficiency gains. Third, we show how
the system handles the trade-offs at different configurations by varying the λ parameter.
This parameter sweep will demonstrate the system’s ability to operate at different points
along the Pareto front. Fourth, we test if the system adapts effectively to changes in the
model pool to simulate the real-world scenario of new models being released regularly.
Fifth, we evaluate the overhead the routing mechanism itself introduces to determine
whether the benefits outweigh the costs.

We compare our MAB-based routing approach against multiple baselines. Random
selection serves as an estimate of how the whole model population achieves accuracy and
efficiency on average by randomly picking a model from the model pool for each query.

We implement four static model selection baselines that reflect different optimization
priorities by utilizing their assigned model for all queries:

1. Largest (Yi-34B). In many deployments, one finds the tendency to assume that
larger models yield better results. This approach disregards resource demands and
simulates real-world scenarios that place model accuracy above all else.

2. Smallest (Qwen2.5-0.5B) Some configurations follow strict resource constraints.
A baseline with the smallest model shows a scenario where energy use and hardware
requirements determine model choice. It indicates the accuracy loss associated
when minimizing resource consumption.
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3. Highest-Accuracy (Gemma-3-27B) This baseline selects the model that achieves
the best possible average accuracy on the benchmark tasks with no concern for
efficiency. We derive it through exhaustively profiling all models of the model pool.
It acts as an upper limit of achievable accuracy in a single-model setting.

To assess the value of different contextual features, we run experiments with different
feature configurations. Context-free routing uses no features and the router learns only
their global average reward. Single-feature routing only has information about one of the
three context dimensions (task type, semantic cluster, text complexity) during the whole
experiment run. Full-context routing leverages all features by using all derived query
characteristics.

We implement and evaluate three MAB algorithms. To briefly revisit: ϵ-Greedy explores
with probability ϵ and exploits with probability 1 − ϵ, LinUCB selects arms based on
an upper confidence bound derived from a learned linear reward model, and Contextual
Thompson Sampling represents uncertainty in model performance through posterior
sampling also based on a linear reward model. Additionally, we evaluate a contextual
variant of ϵ-Greedy which uses a similar linear reward model similar to that used in
LinUCB for its exploitation step. We investigate learning behavior based on cumulative
and moving-average regret, and evaluate the resulting regret, accuracy, and energy
consumption for each algorithm, with focus on cumulative and moving-average regret as
a key metric for comparing effectiveness.

For trade-off analysis, we vary the λ parameter from 0 (accuracy only) to 1 (efficiency only)
in increments of 0.1. For each value, we run the full system with the best performing
MAB algorithm and all contextual features. The result will be a Pareto front that
demonstrates achievable operating points and helps identify meaningful configurations
for different preference profiles.

To assess adaptability, we introduce a new model which has shown high reward scores in
previous experiment after 1000 queries and investigate if and how extensively the system
incorporates it. This experiment gives insights on the system’s ability to adapt on-the-fly
without requiring recalibration or retraining like most approaches discussed in Chapter 3.

For all experiments, we use our evaluation dataset consisting of 500 samples from each
of the 5 benchmarks which equates to a total sequence length of T = 2, 500 queries
per experiment run. For presenting MAB internals and regret, we report normalized
accuracy, total energy consumption, model selection frequency, and regret values (see
Chapter 5). To estimate system overhead, we report mean latency by component and
model selection time per MAB algorithm. Results include 95% confidence intervals,
where appropriate, to account for the inherent variance in LLM outputs and the MAB
learning processes. Unless otherwise specified, each experiment runs for the full sequence
length of T = 2, 500, which allows the MAB algorithms to learn and stabilize.

Unless specified differently, the feature extraction parameters were set to K = 3 semantic
clusters and Nbins = 3 text complexity bins. Following one-hot encoding and the addition
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of an intercept term as described in Chapter 5, this results in a context vector dimension
of d = 12 for the contextual bandit algorithms.

7.3 Results & Analysis

7.3.1 Baselines Comparison
Figure 7.1 presents the fundamental optimization space of our routing problem. We
compare the average accuracy-energy outcomes during a single simulation run and report
the mean normalized accuracy against the total cumulative energy consumption. The
Y-axis shows the mean accuracy across all tasks (higher is better), normalized with
min-max scaling. The X-axis shows the total energy consumed after processing the full
set of queries (lower is better), reported in Wh.

Blue dots represent the individual models, and the red dashed line indicates the Pareto
front (see Chapter 4). The positions of the static baselines reveal relevant insights. The
smallest included model (Qwen2.5-0.5B) achieves the lowest accuracy and is located near
the bottom-left of the frontier. The largest model (Yi-34B) consumes considerable energy
without notably higher accuracy compared to the smallest models in the pool. The
highest accuracy model (Gemma-3-27B) is situated on the right end of the frontier but
consumes considerably more energy compared to its smaller 12 B variant at almost the
same accuracy. Expectedly, the random baseline shows a worse accuracy-energy trade-off
than the Pareto-optimal static choices on the frontier and is centered in the middle.

This static analysis displays the inherent limitations of single-model deployment. The
existence of a clear Pareto front, combined with the availability of non-optimal choices
located below or to the right of the front, strongly motivates the investigation of dynamic
routing strategies to leverage the strengths of different models.

Table 7.5, presented below in 7.3.7, give detailed insights on the latency statistics and
variation in efficiency for each model within the pool.

7.3.2 Initial Bandit Performance: ϵ-Greedy vs. Random
In Figure 7.2, we compare the cumulative regret of a simple, non-contextual ϵ-Greedy
algorithm with the random baseline. The plot shows the mean cumulative regret over five
runs with a 95% confidence interval to ensure robustness despite the variance in MAB
learning. Both strategies begin with zero regret. For the random baseline, we can observe
regret increase steeply and linearly. The ϵ-Greedy algorithm initially shows identical
regret, in line with the expected high exploration behavior of the ϵ-Greedy algorithm.
After around 200 queries, however, we see the ϵ-Greedy algorithm beginning to diverge
from the baseline, over time widening the gap. This gap suggests that the algorithm is
indeed learning and is able to find more optimal model choices than the random selection.
At the end of the experiment, the ϵ-Greedy algorithm achieves an improvement of 20-25%
in cumulative regret on average.
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Figure 7.1: Accuracy vs. Energy Trade-off for Static Baselines. The plot shows
the mean normalized accuracy against the cumulative energy consumption for each model
in the pool (blue dots). Static baselines (largest, smallest, highest accuracy, random) are
highlighted with distinct markers. The red dashed line indicates the Pareto frontier and
represents the optimal trade-offs achievable with individual models.

Figure 7.2: Cumulative Regret: ϵ-Greedy vs. Random Routing. The plot
compares the cumulative regret of the ϵ-Greedy algorithm without context against a
random baseline without context features at λ = 0.4 across all runs (n=5). Shaded areas
represent the 95% confidence interval.
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Figure 7.3 provides further insights into the same experiment. We show the selection
frequency of each model within each run. While we do see great variability across
selections, we are still able to derive clear patterns. The algorithm concentrates selections
on a subset of generally well-performing models at or close to the Pareto front (Gemma-3-
12B, Llama-3.1-1B, Phi-4-mini-4B, Qwen-2.5-3B). Furthermore, we clearly see suboptimal
models (Gemma-3-27B, Yi-34B) being chosen at a very low frequency below 1%, which
indicates that the algorithm is able to effectively learn about the unknown model
characteristics and, at the given trade-off parameter λ, converge to one of the Pareto-
optimal models.

Figure 7.3: Non-Contextual ϵ-Greedy Model Selection Patterns. The heatmap
shows the frequency each model was selected by the non-contextual ϵ-Greedy algorithm
at λ = 0.4 in individual runs (n=5).

7.3.3 MAB Algorithm Comparison
We now compare the effectiveness of the different MAB algorithms proposed in Chapter 5.
Figure 7.4 provides a high-level comparison of the mean normalized accuracy against the
total energy consumption for each algorithm (λ = 0.4). The plot visualizes the accuracy-
efficiency trade-offs of the dynamic strategies relative to the static baselines and the Pareto
front. The plot supports the initial bandit insight from Section 7.3.2. Predominantly,
the three contextual MAB algorithms – Contextual ϵ-Greedy, LinUCB, and Contextual
Thompson Sampling – position themselves closely together in the more optimal top-left
region when using the full feature set available. All algorithms achieve high accuracy (0.63-
0.64) at comparably low energy consumption. More specifically, they out-perform the
non-contextual ϵ-Greedy by reaching higher accuracy (0.64-0.65 vs. 0.59) with reducing
energy consumption. Compared to the static baselines, improvements become even
more prevalent with the contextual strategies reducing energy consumption substantially
compared to the random, largest, and accuracy baseline, while simultaneously achieving
superior accuracy to the random (≈ 0.51), largest (≈ 0.39), and smallest (≈ 0.33) baseline.
The dynamic contextual strategies surpass the static Pareto front, which demonstrates
that using context for dynamic routing can allow superior accuracy-efficiency balance by
effectively combining the usage of multiple models.

Complementing this high-level perspective, Figure 7.5 shows the specific mean normalized
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Figure 7.4: Accuracy vs. Energy Trade-off: MAB Algorithms vs. Baselines.
The plot shows the mean normalized accuracy against the total energy consumption
achieved by each MAB algorithm and static baselines. The static Pareto frontier is shown
for reference.

accuracy and energy consumption of multiple experiment runs (n=50) and includes 95%
confidence intervals to provide a more robust comparison than the single-run snapshot
of Figure 7.4. The data supports the observation that the contextual MAB algorithms
consistently achieve higher accuracy at lower energy consumption than our defined
baselines. Critically, the confidence intervals for both accuracy and energy consumption
largely overlap across the three contextual MAB algorithms, which suggests that there
exists no significant difference in achieved accuracy or energy consumption between the
proposed contextual MAB algorithms in our system.

Moving on to learning dynamics, Figure 7.6 illustrates the cumulative regret of each
MAB algorithm over the query sequence. The plot confirms the expected linear regret
increase of the static baselines and the random selection. The non-contextual ϵ-Greedy
implementation demonstrates learning capacity. However, its regret grows visibly faster
than the contextual variants. Contextual strategies show more effective learning, indicated
by their flatter regret curves visually beginning to diverge after the initial 200-300 queries.
This, on the other hand, shows the impact of early policy optimization on overall
regret. Overall, Contextual ϵ-Greedy yields the lowest mean regret (≈ 398), around
15% reduction compared to its non-contextual version (≈ 466). LinUCB (≈ 412) and
Contextual Thompson Sampling (≈ 400) achieve similar regret reductions.

Finally, Figure 7.7 visualizes the moving average regret for a window size of 50 to
investigate learning stability and convergence patterns. An initial cold start period
is evident for the MAB algorithms. We can observe high and erratic average regret
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Figure 7.5: Mean Accuracy and Total Energy Consumption: MAB Algorithms
vs. Baselines. Comparison of mean normalized accuracy (higher is better) and total
energy consumption across different routing strategies. Contextual MAB algorithms use
all available features. Error bars represent 95% confidence intervals.

Figure 7.6: Cumulative Regret Comparison of MAB Algorithms. The plot shows
the cumulative regret over time for different MAB algorithms using the Full Features
context. Shaded areas represent 95% confidence intervals.
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during the first ≈ 50 steps of exploration. Following this phase, both non-contextual
and contextual algorithms stabilize relatively quickly. The non-contextual ϵ-Greedy
stabilizes at a higher average regret level (≈ 0.18 vs. ≈ 0.16). In contrast, the contextual
algorithms converge a bit slower to a slightly lower and more stable average regret range.

Figure 7.7: Moving Average Regret Comparison. The plot shows the moving
average (window=50) regret over time for different MAB algorithms using the Full
Features context, smoothing short-term fluctuations.

The frequently crossing lines of the contextual strategies visible in Figure 7.7 suggests
that learned policies may be similar yet not identical. Figure 7.8 illustrates these nuances
in model selection patterns across the four bandit algorithms. Similar to our initial bandit
experiment in Section 7.3.2, certain models (Llama-3.1-8B, Phi-4-Mini-4B) demonstrate
high selection frequency for multiple algorithms. The contextual algorithms (C) show
more distributed selection patterns compared to the non-contextual (NC) variant. This
indicates the ability to learn more fine-grained distinctions in model performance, which
is particularly evident in the middle-tier models, that are consistent with the high density
of options in this area. Collectively, such actions suggest the algorithms are identifying
niches where certain models excel despite them not being optimal for all queries.

7.3.4 Trade-off Analysis (λ Sweep)
To understand how our dynamic routing system behaves across different trade-off prefer-
ences, we systematically vary the λ parameter in the reward function (see Section 4.4.3)
from 0 (optimizing purely for accuracy) to 1 (optimizing purely for energy efficiency) in
increments of 0.1 as presented in Figure 7.9. We evaluate the effectiveness of the four
MAB strategies at each of these λ values.

Figure 7.9 presents the distribution of mean normalized accuracy and total energy
consumption across multiple runs (n=20) for each algorithm as λ changes. As intended,
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Figure 7.8: Model Selection Timeline. Visualizing the sequence of models chosen by
a specific algorithm during a single run (λ = 0.4).

increasing λ leads to a clear trend. Both accuracy and energy consumption decrease
as λ increases, which demonstrates the system’s ability to prioritize either objective
when instructed. The contextual MAB algorithms show similar trends, maintaining
slightly higher accuracy, lower energy consumption and greater robustness compared to
the non-contextual ϵ-Greedy across most λ values.

Figure 7.9: Impact of λ on Accuracy and Energy Distributions. Boxplots showing
the distribution of Mean Normalized Accuracy (left) and Total Energy Consumption
(right) for different MAB strategies across λ values (n=20).
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Figure 7.10 provides another perspective on the trade-off by showing the resulting strategy
aggregates on the accuracy-energy for different λ values (shown for increments of 0.2 for
clarity). Each point represents the average accuracy-energy outcome of a strategy at a
specific λ value. As λ increases, MAB results follow the Pareto front from the upper-right
towards the lower-left. Remarkably, the contextual strategies consistently operate close
to or beyond the static Pareto front (red dashed line).

Figure 7.10: Investigating the Accuracy-Energy Trade-off with λ. Mean Normal-
ized Accuracy vs. Total Energy Consumption (Wh) for different strategies at varying λ
values (0.0 to 1.0, increments of 0.2). The static Pareto front is shown for reference.

7.3.5 Impact of Contextual Features
Having compared the different MAB algorithms using the full feature set, we now
investigate the contribution of the different contextual signals. We evaluate different
combinations of the three extracted features (task type, semantic cluster, and text
complexity) with one of the contextual bandit algorithms (Contextual ϵ-Greedy). For
the case without features, we employ the standard non-contextual ϵ-Greedy algorithm.

Figure 7.11 presents the distribution of final cumulative regret across 50 independent
runs for each feature configuration. As earlier, lower values indicate lower regret. The
results in Figure 7.11 cover all feature combinations: the context-free baseline (None),
the three single features (Task, Cluster, Complexity), the three pairs (Task + Cluster,
Task + Complexity, Cluster + Complexity), and the full feature set (Full).

Our analysis shows varying contribution of features. Both Cluster and Complexity
result in regret slightly lower than the implementation without features. However, the
most substantial reduction in regret appears to be linked to the inclusion of the Task
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Figure 7.11: Cumulative Regret Distribution by Feature Set. Boxplots showing the
distribution of final cumulative regret across multiple runs (n=50) for different contextual
feature configurations at λ = 0.4.

feature, dropping median cumulative regret to ≈ 400. This identifies the task type as the
single most informative component of context for guiding model selection in our setup.
Combinations involving the Task feature (Task + Cluster, Task + Complexity) retain or
slightly improve this level of regret reduction. However, including all features appears
to raise regret levels notably. This might be attributed to the increased dimensionality
which potentially slows convergence for the MABs during learning or introduce noise
from less interactions informative feature compared to the strong signal provided by the
task type alone.

Figure 7.12 further presents how context influences model selection behavior by showing
the selection frequency of each model. The top heatmap displays patterns for the first half
of the experiment (1-1250), while the bottom shows model selections for the second half
(T=1251 to T=2500). Both are averaged over the last ten runs of the experiment. During
the half, we observe more distributed selections across models as the algorithm actively
explores the space. As more features are added to the configuration, exploration appears
to increase further distributing loads between models. In contrast, the second half shows
more concentrated selection patterns as policies stabilize. The baseline without features
consistently favors Qwen2.5-7B (≈ 0.6 frequency in the second half), while contextual
approaches develop more sophisticated strategies. When the task feature is included, the
Contextual MAB appears to prefer Llama-3.2-1B (≈ 0.17) and Phi-4-mini-4B (≈ 0.19)
amongst others. The full configuration demonstrates the most spread-out policies as it
tries to match query requirements precisely.

7.3.6 Adaptability: Model Addition

To evaluate the system’s ability to adapt to changes in the available model pool, we
present an experiment where a new, competitive model (Gemma-3-12b) was introduced
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Figure 7.12: Model Selection Frequency Heatmaps for Different Feature Sets.
The heatmaps show the selection frequency of each model for different feature configura-
tions across runs (n=10). The top heatmap shows selections during the first half of the
experiments (1-1250), while the bottom shows the second half (1251-2500). Darker blue
indicates higher selection frequency. Without contextual features (None), selections con-
centrate on fewer models, while adding features leads to more diverse selection patterns
that become increasingly focused as the algorithm learns.

only during mid-run after 1000 queries. We used the contextual Thompson Sampling
algorithm with full features and λ = 0.2 to clearly favor the new high-accuracy model.

Figure 7.13 shows the mean selection frequency of each model over the course of the
experiment with a window size of 25. Before the adaptation point (black line), the newly
added model (Gemma-3-12b, dark blue) correctly shows zero selection frequency as it
was not yet part of the pool. Immediately after its introduction, the algorithm begins to
explore it, and its selection frequency rapidly increases. After a around 100 queries, the
selection frequency stabilizes at around 20%-25%. This shifted selection frequency visibly
comes at the cost of previously frequently selected models, which indicates successful
adaptation by the system to the new model pool by integrating the model into its routing
strategy.
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Figure 7.13: Model Selection Frequency during Model Pool Change. Mean
selection frequency (stacked area) over time using Contextual Thompson Sampling
(λ = 0.2) for a single run. Gemma-3-12b (dark blue) is added at Query Step 1000 (black
line).

7.3.7 Overhead Analysis

Table 7.4: Average Overhead per Query Component. The table shows the average
time taken (in milliseconds) for each step involved in the feature extraction and routing
decision process per query.

Component Avg. Time per Query (ms)
Task Type Classification 3.04
Semantic Cluster Identification 3.37
Text Complexity Calculation 0.15
ϵ-Greedy Routing Decision 0.02
LinUCB Routing Decision 0.86
Contextual Thompson Sampling Routing Decision 1.21
Total Pre-Inference Overhead 6.68-7.77

Our evaluation shows that dynamic routing offers potential benefits in optimizing accuracy
and energy efficiency. However, it introduces computational overhead prior to performing
model inference. This overhead comprises two main components: feature extraction and
the routing decision process. While feedback computation entails some overhead, it can
happen asynchronously to the model inference to not affect latency. Table 7.4 provides
information on the overhead per query component.
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Table 7.5: Model Inference Latency Statistics. Latency distribution metrics (ms
per query) for each model across the evaluation dataset. Final column shows the relative
overhead added by routing (assuming a 7.8 ms fixed overhead) compared to the median
latency.

Model Min P25 Median Average P75 Max Overhead (%)
Llama-3.2-1B 19.8 34.6 36.1 570.8 1,196.7 2,401.6 21.6
Qwen2.5-0.5B 14.0 43.2 44.3 686.1 1,402.9 3,350.8 17.6
Qwen2.5-1.5B 20.0 48.9 50.6 976.1 1,926.0 3,907.8 15.4
Llama-3.2-3B 16.4 47.1 51.6 977.9 1,955.6 3,936.4 15.1
Phi-4-mini-4B 18.3 47.6 52.7 982.6 1,605.1 4,557.5 14.8
Qwen2.5-3B 40.2 50.4 53.8 1,351.4 2,078.4 4,995.9 14.5
Qwen2.5-7B 38.4 48.0 56.4 1,880.2 3,525.7 10,523.9 13.8
Llama-3.1-8B 42.1 51.5 60.8 1,366.5 2,491.6 4,603.7 12.8
Mistral-7B 42.1 51.4 60.9 1,103.2 2,345.4 4,324.3 12.8
Gemma-3-1B 52.4 57.3 68.2 2,848.3 5,026.1 12,666.0 11.4
Phi-4-14B 33.9 62.7 76.8 1,553.8 2,420.8 6,790.7 10.2
Gemma-3-4B 72.6 75.8 81.1 2,225.8 3,595.8 9,039.5 9.6
Gemma-3-12B 48.2 61.3 83.0 3,104.4 5,771.0 14,296.9 9.4
Qwen2.5-14B 66.6 70.7 83.8 1,786.2 2,208.0 7,387.5 9.3
Yi-34B 71.5 113.8 163.4 2,195.5 3,924.0 14,571.3 4.8
Gemma-3-27B 158.4 167.1 199.7 5,088.3 6,639.8 37,972.6 3.9

Combined, the total average overhead per query added by our system is approximately
6.68-7.77 ms when processed sequentially. This overhead should be evaluated in perspec-
tive to the actual inference times, which varied significantly across our model pool, as
detailed in Table 7.5. Furthermore, as these overhead tasks are primarily CPU-bound,
they could potentially run during queue wait times in larger scale systems to reduce
the drawbacks on end-to-end latency. Whether this overhead is acceptable for the gains
achieved through our routing system depends on the specific latency requirements of an
application. For batch processing or non-critical use cases, the resulting overhead is likely
negligible compared to the overall inference cost. However, clearly, for latency-sensitive
applications, feature extraction and routing steps could benefit from further optimization.
This measured overhead has to be considered similarly to inference latency estimates as
the latency estimates used for feasibility checks in Section 5.3.2.

7.4 Discussion

7.4.1 Summary of Key Findings

Dynamic routing with contextual bandits and lightweight features consistently out-
performed all static and random baselines. At the default trade-off (λ = 0.4), our
proposed strategies consistently exceeded boundaries set by the Pareto front presenting
accuracy-energy operating points that were unreachable by single-model deployments
in our experiments. Compared to the most balanced baselines (random), we achieved
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accuracy gain of 22% while reducing energy consumption by 31%. Compared to the
Smallest baseline, we improved accuracy by 90-100%, however, at a drastically increased
energy consumption (+400%). In exchange for an accuracy degradation of 10-12%,
were able to reduce energy consumption by 75%. Among algorithms, Contextual ϵ-
Greedy, Contextual Thompson Sampling, and LinUCB converged to similar regret values,
suggesting that feature engineering, model pool selection, and reward function design
may matter more than the specific contextual bandit algorithm choice in this setup.

7.4.2 Implications for Dynamic LLM Routing
These results suggest that expensive reinforcement learning or offline-learned reward
models are not a prerequisite for more efficient real-time model selection. A bandit that
ingests three lightweight features can move the operating point of an inference system
along the accuracy-energy front during runtime. Because our policy is model-agnostic,
new model releases do not require retraining of the router policy which is critical in a field
where state-of-the-art is redefined monthly. Finally, normalizing energy on a per-token
basis yields a unified metric that allows comparing compute budgets across heterogeneous
workloads.

7.4.3 Research Questions
Based on the findings presented in Chapter 7, we can now revisit the research questions
posed in Chapter 1:

RQ1: What key factors influence the accuracy-efficiency trade-off in large
language model inference?
Our investigation confirmed that the accuracy-efficiency trade-off in LLM inference
is significantly influenced by both inherent model characteristics (parameter count,
architecture, training) and query-specific properties. As detailed in Section 2.3.4, empirical
evidence shows substantial query-dependent performance variation, meaning models
exhibit different accuracy and resource consumption levels based on the task type,
domain, and complexity of the input query. To represent these factors quantitatively, we
first defined measurable metrics: accuracy (using objective scores like Exact Match or
ROUGE) and efficiency (using measured energy consumption as a primary indicator).
We then formalized the problem as a Multi-Objective Optimization Problem (MOOP) in
Chapter 4, aiming to maximize accuracy while minimizing energy consumption. Query
context was explicitly incorporated by defining a feature extraction process (Section
4.2) yielding a context vector xt (including task type, semantic cluster, complexity),
and latency was handled as a practical feasibility constraint Lmax rather than a third
objective to maintain tractability (Section 4.4). This MOOP formulation, combining
context representation, objective metrics, and constraints, provides the quantitative basis
for the dynamic routing approach.

RQ2: How can a dynamic routing system effectively manage the accuracy-
efficiency trade-off online?
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This thesis investigated contextual Multi-Armed Bandit (MAB) algorithms as a class
of effective dynamic routing strategies suitable for managing the identified factors.
MABs inherently handle the exploration-exploitation trade-off under the partial feedback
conditions typical of this problem (Section 4.5). Their ability to incorporate contextual
information (query features) allows them to adapt routing decisions based on the varying
accuracy-efficiency performance of different models across diverse queries (a key factor
from RQ1). We specifically implemented and evaluated Contextual ϵ-Greedy, LinUCB,
and Contextual Thompson Sampling (Chapter 5). Our experiments demonstrated that
these strategies effectively learn online to approximate optimal solutions within the
MOOP framework, consistently outperforming static and non-contextual approaches and
navigating the accuracy-energy Pareto front (Section 7.3.3, 7.3.4). While other complex
strategies exist (e.g., Deep Reinforcement Learning), this work establishes contextual
MABs as a highly effective and computationally lighter approach for this dynamic routing
problem.

RQ3: How can the effectiveness of the proposed dynamic routing system be
validated under simulated operational conditions?
To evaluate the proposed MAB strategies, we designed an experimental methodology
based on controlled, real-time simulation (Chapter 7). This involved processing a
sequential stream of queries drawn from diverse benchmarks through the implemented
routing framework connected to a pool of 16 contemporary LLMs. Efficacy was measured
quantitatively using key metrics relevant to the MOOP and bandit setting: cumulative
regret (to assess learning efficiency), final average accuracy, and total energy consumption
(Sections 4.3, 4.6). We validated the strategies’ effectiveness by comparing these metrics
against several baselines (static single-model policies and random routing) under identical
simulated conditions (Sections 7.3.1, 7.3.3). This simulation-based evaluation allowed
us to gain crucial insights, confirming the positive impact of context (Section 7.3.5),
the system’s adaptability to new models (Section 7.3.6), and quantifying the associated
latency overhead (Section 7.3.7).

7.4.4 Limitations
Our study has several limitations that suggest opportunities for future work:

• Fixed Query Set and Benchmarks: The evaluation relies on a fixed set of
2,500 queries derived from five specific benchmarks. While diverse, this static query
pool implies the evaluation does not demonstrate the system’s adaptability to
shifting workloads or its robustness to the distribution shifts inherent in real-world
query streams. Consequently, the experiments do not validate effectiveness on
considerably broader query categories beyond those sampled.

• Hardware Specificity: Energy measurements and latency profiles were obtained
on a single server equipped with an NVIDIA A100 GPU. Measurements could

81



7. Evaluation

differ significantly on other hardware platforms like CPUs, TPUs, or different GPU
architectures.

• Metrics: The analysis focuses on mean accuracy, cumulative energy consumption
and regret metrics with confidence intervals. More granular insights into the
distribution of per-request outcomes could be beneficial.

• Experiment Duration and Scalability: Experiments were conducted over
T=2,500 queries which was sufficient to demonstrate learning convergence and the
benefits of a later exploration phase. However, due to scope of this work, we did
not explore variation in query stream, or system behavior under significantly larger
scales.

• Hyperparameter Sensitivity: The impact of contextual features was evaluated.
However, the sensitivity to specific feature engineering choices (number of clusters
K, complexity bins N) was not exhaustively explored and relied on preliminary
tuning.

• Overhead Impact: As detailed in Section 7.3.7, the feature extraction and routing
decisions introduce a noticeable overhead (6.68-7.77 ms). Table 7.5 shows that
relative to actual inference times, this overhead could render the system impractical
in highly latency-sensitive applications and represents a factual cost for the achieved
routing benefits.

• Simulated vs. Operational Conditions Discrepancy: We acknowledge
limitations of the simulated vs. real-world operational conditions. Our evaluation
lacks aspects like concurrency of requests and batch processing. While we include
the MABs’ initial exploration-heavy phase (cold start), the simulation neglects the
potentially substantial costs of true system cold starts (e.g., initial downloading
and storage of model weights). Additionally, crucial overheads like network latency,
queueing delays, and switching of models. We assumed models pre-loaded and that
they fit within available GPU memory. The results presented should be interpreted
accordingly.

• Lack of Latency Constraint Application: The latency feasibility constraint
(Lmax) to discard models excessively slow for a given query on the used hardware
was not enforced in our evaluation. Consequently, results do not allow insights into
the system’s effectiveness under strict latency requirements.

• Linear Reward Model Assumption: The contextual MAB algorithms rely
on a linear model to approximate the true reward function based on the context
features. Combined with the one-hot encoding of categorical features, this might
represent a potentially too restrictive approximation. If the true reward function
involves non-linearities like complex interactions between features (e.g., specific
task-complexity combinations), the system will not be able to reflect these.
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• Static Normalization Bounds: The min-max normalization for accuracy and
energy consumption is calculated on the basis of bounds established during initial
profiling. While the system adapts to new models (Section 7.3.6), a new model
significantly outside the previously observed performance range will skew the
normalized [0,1] scale which potentially impacts the reward calculation. Either
bounds are updated, requiring rescaling of previous observations, or the new model
will not be appropriately represented by the accuracy and energy consumption
values assigned.

• Assumption of Stationarity: The implemented MAB algorithms implicitly
assume stationary reward distributions. They rely on cumulative statistics (e.g.,
averages for ϵ-Greedy, cumulative matrices for LinUCB) which means once fitted,
they adapt slowly to potential drifts in model performance or query characteris-
tics over longer periods. Based on the fixed evaluation dataset applied, current
evaluation does not test robustness in non-stationary settings.

Summary
This chapter evaluated the dynamic routing framework, demonstrated its effectiveness
in surpassing static baselines and maneuvering the accuracy-energy trade-off along or
beyond the Pareto front. Key insights include the significant impact of contextual
features (especially task type) on regret, the system’s adaptability to new models, and
the quantifiable overhead introduced by the routing logic. Limitations clearly exist, but
the results validate the MAB-based approach for efficient, context-aware LLM inference
routing in an online setting under partial feedback. The final chapter synthesizes this
work and provides concluding remarks.
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CHAPTER 8
Conclusions

In this thesis, we investigated the challenge of optimizing Large Language Model (LLM)
inference for both accuracy and energy efficiency. To overcome existing shortcomings in
existing approaches in the literature, we designed, implemented, and evaluated a dynamic
routing framework that employs multi-armed bandits (MABs) to select the most suitable
LLM out of a pool of 16 available models for each incoming query based on the query’s
context.

8.1 Summary of Contributions
First, we addressed the factors influencing the accuracy-efficiency trade-off in LLM
inference (RQ1). We established a theoretical and formal basis by framing the dynamic
LLM routing task as a multi-objective optimization problem (MOOP) that explicitly
targets the trade-off between response accuracy and measured energy consumption and key
problem properties. We utilized direct energy consumption measurements (approximated
via GPU power draw) rather than common proxy metrics to better reflect actual resource
usage. Furthermore, we mapped the problem to a contextual bandit setting to account
for the partial feedback and uncertainty inherent in online decision-making, a facet yet
little explored in the routing literature.

Second, to effectively manage this trade-off (RQ2), we proposed and developed a dy-
namic, context-aware routing framework. Our core methodological contribution is an
online learning system that includes lightweight feature extraction (task type, semantic
cluster, text complexity) to inform subsequent model selection. For decision-making,
the framework utilizes contextual multi-armed bandit (MAB) algorithms (Contextual
ϵ-Greedy, LinUCB, Contextual Thompson Sampling) which continuously adapt their
routing policy based on observed (partial) performance, which crucially eliminates the
need for extensive offline calibration often seen in the literature.

85



8. Conclusions

Finally, we validated the effectiveness and adaptability of this approach through empirical
evaluation (RQ3). We used a diverse mix of benchmark queries and a pool of 16 LLMs of
various sizes and capabilities. Our experiments demonstrated that the dynamic routing
system consistently outperforms static baselines and the included non-contextual MAB
variant. It achieves superior operating points along the accuracy-energy Pareto front,
often exceeding it. In some settings, contextual strategies yielded accuracy gains of 22%
while reducing cumulative energy consumption by 31% compared to random routing.
The results also support the framework’s ability to effectively align system objectives to
specified preference (λ) and that it successfully adapts its policy to new models during
runtime without recalibration.

8.2 Limitations
While our results are promising, this study, as discussed in Section 7.4, has several
limitations that bound the generalizability of its findings:

• The evaluation used a fixed set of queries from specific benchmarks, which may not
capture the full diversity of real-world workloads or open-ended generation tasks.

• Energy and latency measurements were specific to the hardware used; results might
differ on other platforms.

• The analysis focused on aggregate metrics (mean accuracy, total energy, cumulative
regret); finer-grained per-query outcome distributions could offer more insights.

• The experiment duration, while sufficient for observing learning convergence, did
not explore long-term behavior or performance under drastic distribution shifts.

• Sensitivity to feature engineering hyperparameters (e.g., number of clusters, com-
plexity bins) was not exhaustively studied.

• Certain deployment factors, such as concurrent query handling, batching strategies,
and model loading/unloading overheads, were simplified or omitted.

• The pre-inference overhead (feature extraction, routing decision) introduces latency
(approx. 7-8 ms) that might be prohibitive for highly latency-sensitive applications.

8.3 Future Directions
The findings and limitations of this thesis open several avenues for future research aimed
at enhancing the framework’s capabilities and exploring new applications:
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Algorithmic and Objective Refinements

Future work could focus on improving the core decision-making intelligence of the routing
framework. This includes exploring richer contextual features (e.g., user history, session
context) and more sophisticated reward modeling techniques, such as non-linear reward
models or distributional reinforcement learning, to potentially improve routing decisions,
especially for complex or nuanced queries. Furthermore, investigating advanced MAB
algorithms specifically designed for non-stationary environments, incorporating safety
constraints, or leveraging meta-learning could allow faster adaptation to new tasks or
models. Refining the handling of multiple objectives, for instance by integrating latency
more directly as a penalized objective or exploring explicit Pareto optimization algorithms,
could also provide finer-grained control in diverse deployment scenarios. Additionally,
improving the robustness of metric normalization to mitigate performance drift could
involve the investigation of dynamic bound updates, e.g., through periodic recalibration,
moving windows, or statistics less prone to outliers.

System Implementation and Deployment Challenges

Addressing practical deployment challenges represents another key research direction.
Extending the framework to handle concurrent queries and incorporating dynamic batch-
ing strategies are crucial steps for compatibility with production systems; this requires
analyzing the impact on both system efficiency and MAB learning dynamics. Addi-
tionally, further investigation into methods for reducing the latency overhead of feature
extraction and routing is warranted. Potential approaches include model distillation for
the classifier, feature caching, asynchronous processing of non-critical path components,
or even hardware acceleration for feature computation.

Evaluation Scope and Robustness

Finally, enhancing the validation scope and assessing long-term robustness is critical to
ensure the system’s long-term viability. Evaluating the framework on a wider range of
tasks, including more open-ended generation benchmarks and out-of-domain queries, and
across different hardware platforms (CPUs, TPUs, other GPUs) would strengthen claims
of generalizability. Investigating performance over longer time horizons and explicitly
testing resilience against various types of distribution shifts (e.g., changes in query topics,
model performance degradation) are required to better understand the framework’s
robustness against concept drift in real-world conditions.

In summary, this thesis demonstrates that dynamic, context-aware routing using lightweight
online learning algorithms offers a practical and effective approach for optimizing LLM
inference. By strategically balancing accuracy and energy consumption based on query
context and real-time feedback, the proposed framework provides a significant step towards
more sustainable, efficient, and adaptable AI deployments, mitigating the limitations of
static strategies in the face of the diverse and evolving LLM landscape.
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Overview of Generative AI Tools
Used

I confirm that AI tools were used solely as supportive aids in writing this thesis. The
up-to-date version of GPT-4o via ChatGPT, Writefull via Overleaf, and Grammarly
were used exclusively for checking grammar and spelling, as well as improving wording
and sentence structure. No content was generated solely through prompts and included
without substantial original input and revision.
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Übersicht verwendeter Hilfsmittel

Ich bestätige, dass KI-Tools ausschließlich als unterstützende Hilfsmittel beim Verfassen
dieser Arbeit dienten. Die tagesaktuelle Version von GPT-4o über ChatGPT, Writefull
über Overleaf und Grammarly wurden ausschließlich zur Überprüfung von Grammatik und
Rechtschreibung sowie zur Verbesserung von Formulierungen und Satzstruktur verwendet.
Es wurde kein Inhalt ausschließlich durch Prompts generiert und ohne wesentliche eigene
inhaltliche Beiträge und Überarbeitung übernommen.
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