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ABSTRACT

Retrieval Augmented Generation (RAG) has emerged as an effective approach for improving
the factual grounding and contextual relevance of Large Language Models (LLMs) by combin-
ing neural generation with external knowledge retrieval. While most existing RAG systems
are designed for server or cloud environments, executing complete pipelines directly on mo-
bile devices introduces significant challenges due to limited computational resources, memory
constraints, hardware heterogeneity, and immature software stacks and optimizations. Despite
growing interest in on-device intelligence, there remains limited systematic understanding of how
individual RAG components behave and contribute to the overall performance under realistic
mobile conditions.

This thesis presents MoRAGBench, a modular benchmarking framework for evaluating RAG
pipelines on Android smartphones. The framework enables configurable experimentation across
all stages of the pipeline, including document chunking, embedding generation, indexing and
retrieval, augmentation, and LLM inference. To provide comprehensive analysis, MoRAGBench
introduces two complementary evaluation modes: an approximate nearest neighbor benchmark
that isolates retrieval performance, and an end-to-end task benchmark that measures down-
stream question answering quality and overall system efficiency.

Extensive experiments conducted on a modern smartphone reveal fundamental trade-offs be-
tween retrieval accuracy, latency, throughput, and memory consumption. The results show
that efficient on-device RAG deployment is primarily a systems-level challenge in which perfor-
mance improvement emerges from the interaction between pipeline components and hardware
execution backends rather than from individual model improvements alone. The study further
highlights limitations of current mobile inference-acceleration frameworks and demonstrates the
importance of balanced RAG pipeline configurations and approximate similarity search methods
for achieving practical performance.

By enabling systematic, reproducible evaluation of RAG systems under mobile constraints,
MoRAGBench provides practical insights and a foundation for future research toward efficient,
privacy-preserving, fully on-device intelligent assistants. MoRAGBench is fully open-sourced at
https://github.com/upb-cn/MoRAGBench.
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INTRODUCTION

Large Language Models (LLMs) have rapidly become a foundational technology for modern
intelligent systems, enabling advanced capabilities in natural language understanding, reasoning,
and generation [8, 2, 6, 30]. These models are trained on massive corpora of data [24] and require
significant computational resources for both training and periodic re-training. However, the
knowledge embedded within an LLM is inherently static and bounded by the time at which the
training data was collected [4, 51]. Updating this knowledge through re-training or fine-tuning
is prohibitively expensive in terms of data, computation, and time [18]. Retrieval-Augmented
Generation (RAG) [26] has emerged as an effective solution to this limitation by combining
LLMs with external knowledge retrieval mechanisms [19, 17]. Instead of relying solely on
parametric memory, RAG enables models to dynamically retrieve relevant information from
external data sources at inference time, thereby providing up-to-date, context-specific, and
personalized responses without requiring model re-training.

At the same time, modern smartphones have evolved into highly capable computing platforms
equipped with powerful CPUs, GPUs, NPUs, and large local storage capacities [48, 9]. These
devices continuously accumulate vast amounts of user-specific data such as photos, documents,
messages, browsing history, and application data. This creates an opportunity for highly per-
sonalized, on-device intelligent assistants that can answer queries such as “Show me pictures
from my last visit to Japan” or “Summarize the notes I took during last week’s meetings”. Tra-
ditional approaches for such tasks rely heavily on keyword-based search and manually crafted
indexing, which often fail to capture semantic relationships within the data. RAG, through
similarity search over vector embeddings [22, 29, 21], offers a principled way to perform seman-
tic retrieval over personal data, enabling natural, conversational interaction with information
stored locally on the device.

However, deploying RAG pipelines on mobile devices presents significant challenges. Unlike
server-class environments, mobile platforms operate under strict constraints on memory, com-
putation, power consumption, and thermal limits. Additionally, support for vector databases
and efficient execution of modern machine learning components, such as embedding models and
LLM inference, is still fragmented across mobile hardware and software ecosystems, with limited
availability of optimized GPU/NPU kernels and heterogeneous acceleration frameworks [48, 55,
20]. These constraints make it non-trivial to directly transfer RAG system designs and opti-
mizations from cloud or desktop environments to mobile platforms.

Despite the growing interest in on-device intelligence, there is currently limited systematic
understanding of how individual components of a RAG pipeline behave under mobile con-
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straints [36]. It is unclear which parts of the pipeline (e.g., embedding generation, vector index-
ing, similarity search, LLM inference) become dominant bottlenecks under different hardware
configurations and software stacks. Furthermore, design choices such as model size, embedding
dimensionality, indexing strategy, and hardware acceleration backend can interact in complex
ways, making performance highly sensitive to configuration. Existing evaluations of RAG sys-
tems largely focus on server-scale deployments [14, 7], leaving a gap in knowledge about their
behavior in resource-constrained mobile environments.

These limitations motivate the following research question: How do RAG pipeline components
interact with each other under mobile constraints, and what bottlenecks and trade-offs emerge?
Answering this question requires a systematic investigation of the behavior of individual RAG
pipeline components under realistic mobile deployment conditions, as well as an understanding
of how different design choices and hardware acceleration strategies influence overall system

performance.

In this thesis, we present MoRAGBench, a modular benchmarking framework designed to sys-
tematically evaluate RAG pipelines on mobile devices. The framework enables configurable
experimentation across all major pipeline components, including text chunking, embedding
generation, indexing and retrieval, augmentation, and LLM inference, while executing entirely
on-device. By supporting both component-level benchmarking of approximate nearest neighbor
retrieval and end-to-end evaluation of downstream question answering tasks, MoRAGBench
provides a comprehensive view of performance trade-offs under realistic mobile constraints.
Through extensive experiments on a modern smartphone, this work analyzes how design choices,
model configurations, and hardware backends influence latency, throughput, memory usage, and
task accuracy. The insights obtained contribute to a deeper understanding of efficient on-device
RAG deployment and highlight the importance of holistic system-level optimization.

The remainder of this thesis is structured as follows. Chapter 2 introduces the background con-
cepts underlying similarity search and RAG pipelines. Chapter 3 reviews related work on mobile
RAG and existing benchmarking approaches. Chapter 4 presents the design and implementa-
tion of MoRAGBench. Chapter 5 validates the framework through extensive benchmarking
experiments on mobile hardware. Chapter 6 discusses the broader implications of the findings
and outlines future research directions. Finally, Chapter 7 concludes the thesis.
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BACKGROUND

This chapter provides the conceptual background necessary for the remainder of this thesis.
First, in Section 2.1, we introduce RAG pipelines and describe their main components, includ-
ing indexing, retrieval, augmentation, and generation. Understanding the structure of these
pipelines is essential for analyzing how individual components contribute to overall system per-
formance. Second, we present the fundamentals of similarity search in high-dimensional vector
spaces in Section 2.2, which forms the core mechanism underlying the retrieval stage of RAG.
Since similarity search algorithms and indexing strategies strongly influence latency, memory
usage, and scalability, they play a central role in evaluating RAG systems under the resource
constraints of mobile devices.

2.1 RAG Pipelines

RAG pipelines combine neural retrieval mechanisms with LLMs to incorporate external knowl-
edge during inference time [26, 19, 17]. Instead of relying solely on the parametric memory
of a language model, RAG systems retrieve relevant information from a knowledge source and
use it to augment the model’s input, enabling more accurate, up-to-date, and context-aware
responses.

As illustrated in Figure 2.1, a typical RAG pipeline consists of two main stages: an offline
indexing stage (steps A-C) and an online query stage (steps 1-5).

2.1.1 Offline Indexing Stage

The pipeline begins with raw data sources such as documents, images, audio recordings, or
videos. Since these data sources are often large and unstructured, they are first processed
through a chunking step (step A), where content is divided into smaller, manageable segments.
Chunking improves retrieval granularity and ensures that retrieved context is relevant and
concise [27].

Each chunk is then passed through an embedding model (step B), which converts the chunk
into a dense vector representation in a high dimensional space, capturing its semantic meaning.
These embeddings are then stored in a knowledge source (step C), typically a vector database
or index that supports efficient similarity search techniques [22].
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Figure 2.1: General workflow of a RAG pipeline.

2.1.2 Online Query Stage

When a user submits a query, the query is first transformed into an embedding vector using
the same embedding model used in the offline stage (step 1). This query embedding is passed
to a retriever (step 2), which performs similarity search over the indexed embeddings (step 3)
and returns the top-k most relevant chunks. The parameter k determines how many retrieved
chunks are returned and provided to the downstream pipeline; in practice, it is treated as
a hyperparameter that is chosen based on empirical performance trade-offs between retrieval
recall, prompt length, and computational cost. Later in Chapter 5, we analyze the trade-offs of
this parameter.

The retrieved chunks are then passed to an augmenter (step 4). In its simplest form, the
augmenter may directly append the retrieved chunks to the original user query to form an
extended prompt [1]. In more advanced systems [43], this component may perform additional
processing such as filtering irrelevant results, re-ranking retrieved chunks, de-duplication, or
prompt templating to optimize the context provided to the language model.

Finally, the processed prompt is fed into the generator (step 5), typically an LLM, which
produces the final response conditioned on both the query and the retrieved information [27,
19]. This modular pipeline allows RAG systems to dynamically incorporate external knowledge
at inference time without requiring model re-training, while leveraging efficient similarity search
techniques to scale retrieval to large knowledge sources.

2.2 Similarity Search in Vector Spaces

Similarity search is one of the core components of RAG pipelines (in particular, the retriever).
The main task of similarity search is to retrieve data points from a collection that are most
similar to a given query according to a defined distance metric, typically in a high-dimensional
vector space. In modern machine learning systems, data such as text, images, audio, and docu-
ments are transformed into dense vector representations (embeddings) using neural models [10,
39], where semantic similarity between items corresponds to geometric proximity in the embed-
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ding space. The resulting embedding vectors are typically stored in a data structure known
as a vector index, which is designed to support efficient nearest neighbor retrieval over large
collections of high-dimensional vectors. Given a query vector, similarity search algorithms tra-
verse this index to retrieve the nearest vectors according to a chosen distance metric, such as
cosine similarity or Euclidean distance.This paradigm enables semantic retrieval beyond tradi-
tional keyword-based approaches by operating directly on learned representations rather than
symbolic tokens [41, 22].

Fundamentally, similarity search methods can be categorized into Exact Nearest Neighbor
(ENN) search and Approximate Nearest Neighbor (ANN) search. ENN methods, often re-
ferred to as Flat search, compute the distance between the query vector and every vector in
the database. While this approach guarantees perfect accuracy, it becomes computationally
infeasible as the dataset grows due to its linear time complexity [22].

To address this limitation, ANN techniques trade a small amount of accuracy for significant
improvements in speed and memory efficiency. Modern similarity search systems and vector
databases predominantly rely on ANN methods due to their favorable trade-offs between ac-
curacy, computation, and memory usage, making them especially suitable for deployment in
resource-constrained environments such as mobile devices [36, 5, 49, 46]. Among the most pop-
ular ANN techniques used in practice are Inverted File Index (IVF) [42], Hierarchical Navigable
Small World graphs (HNSW) [29], and Product Quantization (PQ) [21].
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RELATED WORK

While RAG has been widely studied in server and cloud environments, where abundant compu-
tational resources enable large-scale retrieval and model inference [14, 7], relatively little work
has explored the deployment of RAG systems on resource-constrained mobile devices. Only
recently have a small number of studies begun to investigate how retrieval mechanisms and
language model inference can be adapted to edge and mobile platforms. This section reviews
four representative efforts, LEANN [49], MLLM [52], MobileRAG [36], and RAGPerf [28], that
form the foundation and motivation for this research.

3.1 LEANN

LEANN [49] presents one of the first systematic studies on performing low-latency, high-
accuracy similarity search over personal data with minimal storage overhead on edge devices.
The proposed system introduces a compact graph-based ANN index that prunes redundant
metadata by prioritizing the preservation of high-degree nodes and avoids storing embeddings
by recomputing them on the fly. To mitigate the additional cost of recomputation, LEANN
employs a two-level search mechanism with dynamic batching to balance latency and memory
usage. While this approach effectively reduces storage requirements and improves retrieval ef-
ficiency, the work primarily focuses on optimizing the similarity search component in isolation
rather than evaluating the behavior of a complete RAG pipeline that also includes embedding
generation, augmentation, and language model inference. Furthermore, its evaluation primarily
targets devices such as NVIDIA A10 GPUs and M1-based Mac laptops. Consequently, it does
not fully capture the computational and energy constraints of modern smartphones, leaving an
open question regarding its applicability to true mobile platforms.

3.2 MLLM

The MLLM framework [52] addresses the challenge of accelerating LLM inference on mobile
hardware by leveraging efficient NPU offloading. The system introduces several key innova-
tions, including a chunk-sharing graph for reuse of common computation paths, shadow outlier
execution to minimize irregular workload stalls, and out-of-order subgraph execution for en-
hanced parallelism. These optimizations enable impressive inference speeds, exceeding 1000
tokens per second on mobile NPUs. However, the scope of MLLM is limited to optimizing
the inference stage of LLMs. It does not address the broader RAG pipeline, which involves
retrieval, augmentation, and generation components. As such, it offers only a partial solution
to the challenges of deploying complete RAG systems on mobile devices.
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3.3 MobileRAG

MobileRAG [36] represents a more direct attempt to enable full RAG pipelines on smartphones.
The system introduces two core techniques: FEco Vector, a memory- and energy-efficient vector
search mechanism that partitions large-scale data into smaller, load-on-demand graph struc-
tures, and Selective Content Reduction, which dynamically re-chunks retrieved documents, re-
calculates similarity scores, and reconstructs the augmented prompt using only the most relevant
content. These optimizations significantly reduce both inference latency and energy consump-
tion, demonstrating the potential for efficient RAG execution on mobile platforms. Despite these
contributions, MobileRAG remains a closed-source system and does not provide comprehensive
benchmarking or component-level analysis. In particular, it lacks transparency regarding which
pipeline stages contribute most to overall latency and power consumption, limiting its usefulness
for systematic performance evaluation.

3.4 RAGPerf

RAGPerf [28] introduces a comprehensive benchmarking suite for evaluating the performance
characteristics of RAG pipelines. The framework decomposes RAG systems into modular com-
ponents, including embedding generation, vector indexing, similarity search, and LLM inference.
It measures their latency, throughput, and resource utilization under different configurations.
By varying parameters such as embedding models, index structures, and generator backends,
RAGPerf provides valuable insights into how design choices affect end-to-end RAG performance.
However, RAGPerf is designed and evaluated primarily in server-class environments equipped
with high-performance CPUs and GPUs. The framework assumes abundant memory, stable
power supply, and mature acceleration libraries, conditions that differ substantially from those
of mobile devices. As a result, while RAGPerf provides an excellent foundation for understand-
ing RAG behavior at scale, it does not capture the constraints, hardware heterogeneity, and
energy limitations inherent to smartphones.

3.5 Summary and Motivation

Collectively, these studies highlight the growing interest in bringing intelligent retrieval and gen-
eration systems to mobile devices. However, none of these works provide a modular, extensible
benchmarking framework that systematically evaluates the performance of RAG components
under real mobile constraints. This paper aims to fill that gap by developing an open, config-
urable platform for profiling and comparing RAG pipelines directly on smartphones, thereby
extending the applicability of on-device Al beyond the current state of the art.
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SYSTEM DESIGN

This chapter presents the design and implementation of MoRAGBench. We first discuss the
key challenges associated with deploying RAG systems under mobile constraints and explain
how these challenges influence the architectural design of the framework (Section 4.1). We then
provide an overview of the system architecture (Section 4.2) and describe the main components
of the pipeline (Section 4.3), including the text chunker, embedding module, indexing and
retrieval system, augmenter, and language model. Finally, we introduce the benchmarking
methodology implemented in the framework (Section 4.4), which includes both component-level
ANN benchmarking and end-to-end task evaluation.

4.1 Challenges of Mobile RAG Benchmarking

Deploying and evaluating RAG pipelines on mobile devices introduces several challenges that
differ significantly from traditional server-based environments. These challenges directly influ-
ence the architectural decisions made in the design of MoRAGBench.

Resource Constraints. Mobile devices provide substantially fewer computational resources
than server-class hardware. Components of a RAG pipeline, such as embedding generation,
similarity search, and language model inference, are computationally intensive and can become
bottlenecks when executed on-device. These limitations make it difficult to directly apply ar-
chitectures and evaluation methodologies designed for powerful desktop or cloud environments.

Memory Limitations. RAG systems typically rely on large collections of embeddings, vector
indices, intermediate data structures, and model weights. Storing and processing these repre-
sentations can require significant memory, which may exceed the available capacity on mobile
devices. As a result, system configurations that are practical in server environments may become
infeasible in mobile settings, making memory efficiency a key consideration.

Hardware Heterogeneity. Modern smartphones integrate multiple specialized processing
units, including CPUs, GPUs, and NPUs. However, the availability and maturity of software
frameworks that efficiently utilize these hardware accelerators vary significantly across devices.
This heterogeneity complicates both the implementation and evaluation, as performance char-
acteristics can depend heavily on the underlying hardware and execution backend.

Complex Interactions Between Pipeline Components. A RAG pipeline consists of mul-
tiple interconnected stages, including chunking, embedding generation, indexing and retrieval,
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Figure 4.1: High-level architecture of MoRAGBench.

augmentation, and language model inference. The performance of the overall system does not
depend solely on the efficiency of individual components, but also on how these components in-
teract. For example, choices such as chunk size, embedding dimensionality, or indexing strategy
can influence retrieval accuracy, memory consumption, and end-to-end latency in non-trivial
ways.

Lack of Systematic Evaluation Tools. Despite growing interest in on-device intelligence,
there is currently limited tooling for systematically evaluating RAG pipelines under realistic mo-
bile constraints. Existing benchmarks are often designed for server environments and therefore
fail to capture the unique limitations and trade-offs present on smartphones.

These challenges highlight the need for a structured approach to analyzing RAG pipelines
in mobile environments. In the following section, we present the design of MoRAGBench, a
framework developed to enable systematic benchmarking of RAG systems directly on mobile
devices.

4.2 OQverview

This work presents MoRAGBench, a modular benchmarking framework for evaluating RAG
pipelines on Android devices. The framework is designed to systematically assess both the
quality of ANN retrieval and the end-to-end performance of RAG-based question answering
tasks under different pipeline configurations. It enables controlled experimentation by allowing
users to define a complete configuration of the RAG pipeline and then evaluate it through two
complementary types of benchmarks.

Figure 4.1 illustrates the overall architecture of the system. A user interacts with the framework
through either a command-line interface or a mobile application. A configuration file specifies
the parameters of the entire RAG pipeline, including document chunking strategy, embedding
settings, indexing method, retrieval parameters, and LLM behavior. This configuration drives
the execution of the selected benchmark, after which the system reports the evaluation results.

The framework supports two types of benchmarks:

o« ANN Benchmark: This benchmark is based on this paper [3]. It isolates the retrieval
component. Given a set of queries and a pre-built index, the system retrieves the top-k
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nearest neighbors for each query. The retrieved results are then compared against ground
truth neighbors, and metrics such as Recall@k are computed. This benchmark focuses
solely on the effectiveness and efficiency of the indexing and retrieval mechanisms.

o Downstream Task Benchmark: This benchmark evaluates the complete RAG pipeline
in an end-to-end setting. A corpus is constructed from the documents of a certain dataset.
For each item in the dataset, the system goes through the whole RAG pipeline (see Fig-
ure 2.1), which performs query embedding, retrieves the top-k relevant document chunks,
and feeds them to an LLM to generate an answer. The generated answers are then eval-
uated against ground truth answers using task-level metrics such as Exact Match, F1
score, and BLEU. This benchmark captures the combined effect of chunking, embedding,
retrieval, and generation on downstream task performance.

The RAG pipeline in the framework is composed of the following modular components:

e Text Chunker: Responsible for splitting input documents into chunks of configurable
token sizes.

« Embedding: Generates vector representations for document chunks and queries.

e Indexing and Retrieval: Builds and queries an index over the embeddings and manages
the association between chunks and their source text.

e Augmenter: Augments the retrieved document with the input query before passing it to
the LLM.

o LLM: Generates final answers based on the retrieved context and the input query.

Each component is independently configurable, enabling flexible experimentation with different
RAG design choices. The overall architecture follows a highly modular design that facilitates
straightforward extensibility. Moreover, every component is implemented as a stand-alone mod-
ule that exposes high-level APIs for seamless integration and reuse.

4.3 Components

This section is going to describe each component in detail, including the design choices, tech-
nology used, configuration options, and role within the overall benchmarking framework.

4.3.1 Text Chunker

The Text Chunker is the first component in the RAG pipeline and plays a foundational role in
determining the effectiveness of the subsequent retrieval and generation stages. In a typical RAG
setting, the corpus consists of large, unstructured documents such as articles, manuals, reports,
or web pages. Directly embedding and indexing entire documents is impractical and often
ineffective, as relevant information is usually localized to small portions of the text. Therefore,
a typical solution is to divide documents into smaller, semantically meaningful units called
chunks, which serve as the atomic units for embedding, indexing, and retrieval [26].

The Text Chunker transforms raw documents into fixed-size chunks that can individually be
embedded and stored in the vector index. During query time, retrieval operates over these
chunks rather than whole documents, allowing us to return fine-grained and contextually rele-
vant passages to the LLM. To ensure that chunks remain meaningful when retrieved in isolation,
some systems [50] (including ours) introduce an overlap between consecutive chunks. This de-
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Table 4.1: Text Chunker Configuration Options

Parameter Type Description

method String Chunking strategy: word, character, or token.

size Integer  Number of words, characters, or tokens per
chunk.

overlap_enabled Boolean Indicates whether consecutive chunks share
overlapping content.

overlap_size Integer  Number of words, characters, or tokens shared
between adjacent chunks when overlap is en-

abled.

sign balances retrieval granularity with semantic coherence and aligns chunk boundaries with
the token-based constraints of modern embedding models and LLMs.

Design and Implementation

We design the Text Chunker as a lightweight and fully configurable component that supports
three chunking strategies: word-based, character-based and token-based chunking. In practice,
token-based chunking is the most commonly used method because it directly corresponds to
how embedding models and LLMs process input text.

Due to the simplicity and performance requirements of this component on mobile devices,
we implement the chunking logic entirely in Kotlin. However, token-based chunking requires
accurate tokenization compatible with transformer models. To support this, we cross-compile
the Hugging Face tokenizer [32] to run on Android devices.

Cross-compilation refers to compiling a software library into a binary format that is compatible
with a different target platform than the one used for development. In our case, this produces
a native binary that executes efficiently within the Android environment.

Configurable Options

We expose all chunking parameters through the pipeline configuration file, allowing the Text
Chunker to act as a controllable experimental variable in the benchmarking framework. Users
can select the chunking method, define the chunk size, and enable or disable overlap between
consecutive chunks. Table 4.1 summarizes the available configuration options.

This flexible design allows us to systematically study how different chunking strategies influence
retrieval quality and end-to-end RAG performance.

4.3.2 Embedding

The Embedding component is responsible for converting text into numerical vector representa-
tions in a high-dimensional space. In a RAG pipeline, it’s used to encode both the document
chunks produced by the Text Chunker and the user query. These vector representations enable
similarity search in the vector index, allowing the retrieval component to identify the most
relevant chunks for a given query.
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Table 4.2: Embedding Component Configuration Options

Parameter Type Description

model_name String Name  of the  embedding  model (e.g.,
all—MiniLM—L6—V2) .

dtype String Numerical precision of the model weights (e.g., £p32,
int8).

backend String Execution backend used for inference: CPU, XNNPACK,
or NNAPT.

Embeddings play a central role in the effectiveness of RAG. The quality of the vector repre-
sentation directly influences how well semantically related pieces of text are positioned near
each other in the embedding space [31]. If the embedding model captures semantic meaning
accurately, queries and relevant chunks will be close in this space, which leads to higher retrieval
recall and, consequently, better downstream answer generation by the LLM [25].

Design and Implementation

We design the Embedding component as a thin wrapper around pre-trained embedding models
that can be executed efficiently on Android devices. To achieve this, we adopt the ONNX
Runtime framework [35], an open-source inference engine developed by Microsoft. We choose
ONNX Runtime for three main reasons.

First, it is well-documented, easy to integrate, and actively maintained, which simplifies de-
velopment and deployment on Android. Second, ONNX Runtime supports both embedding
models and LLM inference within the same framework. Although we could theoretically use
separate frameworks for embeddings and generation, using a single runtime significantly sim-
plifies the implementation and reduces system complexity. Third, ONNX Runtime natively
supports delegating parts of the computation to hardware-accelerated backends beyond the
CPU.

In particular, in MoRAGBench, we support three different backends: CPU only, XNNPACK [16]
and NNAPI [15]. XNNPACK is a high-performance neural network inference library optimized
for ARM CPUs and mobile devices, providing faster execution for quantized and floating-point
models. NNAPI (Neural Networks API) is a hardware abstraction layer provided by Android
that enables neural network workloads to be accelerated using available on-device hardware
such as GPUs, DSPs, and NPUs through vendor drivers. By delegating execution to specialized
accelerators when present, NNAPI can significantly reduce latency and power consumption
compared to CPU-only inference. This flexibility allows us to benchmark how different hardware
backends affect embedding performance on mobile devices.

Currently, MoRAGBench supports two embedding models: all-MiniLM-L6-v2 [45] and all-
MiniLM-L12-v2 [44]. However, the system is easily extensible to other models, as long as
they can be converted to the ONNX format. This design allows us to keep the framework
model-agnostic while maintaining compatibility with efficient mobile inference.
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Configurable Options

We expose the embedding configuration through the pipeline configuration file, allowing users
to control which model and hardware backend are used during benchmarking. This makes the
Embedding component another important experimental variable in the framework. Table 4.2
summarizes the available configuration options.

This modular and hardware-aware design allows us to systematically evaluate how embedding
models, numerical precision, and hardware acceleration influence retrieval quality and end-to-
end RAG performance on Android devices.

4.3.3 Indexing and Retrieval

The Indexing and Retrieval component forms the core of the RAG pipeline. After the knowl-
edge source has been converted into vector representations by the Embedding component (see
Section 4.3.2), we need a fast and effective mechanism to retrieve the most semantically similar
chunks for a given user query. The role of this component is to take the embedded user query
and perform similarity search over the indexed document vectors, returning the closest matches.
These retrieved chunks are then passed to the LLM to generate the final answer.

In practice, a knowledge source may contain thousands or even millions of chunks. Performing
similarity comparisons against every vector in the database can be prohibitively expensive on
resource-constrained mobile devices. Therefore, we first add all chunk embeddings to an index
structure that is optimized for fast similarity search. At query time, this index allows us to
retrieve the top-k most relevant chunks efficiently.

As discussed in Section 2.2, indexing methods generally fall into two main categories: Fzact
Nearest Neighbor (ENN) search and Approzimate Nearest Neighbor (ANN) search. In ENN,
sometimes referred to as a Flat index, the system computes the similarity metric (such as
cosine similarity or Euclidean distance) between the query and every vector in the database.
This approach produces the most accurate results, but it becomes computationally expensive
as the database grows [22].

ANN methods address this issue by sacrificing a small amount of accuracy in exchange for
significantly faster retrieval. Common ANN techniques include:

o IVF (Inverted File Index) [42]: Partitions the vector space into clusters and restricts
the search to a subset of the most relevant clusters, reducing the number of comparisons.

« HNSW (Hierarchical Navigable Small World) [29]: Organizes vectors in a multi-
layer graph structure that enables fast approximate search by navigating through nearest
neighbors.

o« PQ (Product Quantization) [21]: Compresses vectors into compact codes, allowing
faster distance computations and reduced memory usage.

Design and Implementation

To support these indexing methods on Android, we evaluated available libraries for similarity
search. To the best of our knowledge, there are very few ready-to-use Android libraries that
support multiple ANN methods. However, existing solutions usually only support a single
indexing method, such as Spotify’s Voyager library [47], which only supports HNSW.
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Figure 4.2: High-level workflow of FAISS execution.

On the other hand, one of the most widely used libraries for similarity search is FAISS [12].
It is an efficient library that supports a wide range of indexing methods, provides extensive
configuration options, and is easy to use. However, FAISS is primarily designed for desktop and
server environments, and there is no official Android version.

To overcome this limitation, we cross-compile FAISS into Android-compatible binary files.
These binaries contain the optimized FAISS routines for vector indexing and similarity search,
allowing us to reuse its mature and highly optimized implementation. The main limitation of
this approach is that the current cross-compiled version only supports CPU execution, since
the official library does not provide native GPU or NPU kernels for Android. We leave the
integration of such kernels as future work.

Since the Android application is written in Kotlin and FAISS is implemented in C++, we
introduce an interface layer using the Java Native Interface (JNI). JNI provides a standard
mechanism for Android applications to call native C or C++ code. In our design, the JNI layer
acts as a bridge between the Kotlin code and the native FAISS library. On the native side, a
small wrapper exposes selected FAISS functions through JNI. On the Android side, a Kotlin
class declares the corresponding native methods and invokes them as needed. The JNI layer
forwards these calls to the FAISS library and returns the results back to the Kotlin code.

Through this structure, the Android application interacts with FAISS using simple Kotlin
method calls, while the complexity of the native C++ implementation remains hidden behind
the JNI interface. Figure 4.2 summarizes this procedure.

Configurable Options

Currently, MoRAGBench supports three index types: Flat, IVF, and HNSW. Later in Chap-
ter 5, we compare these methods in terms of retrieval speed and accuracy.

We also expose several indexing and retrieval parameters to the user, allowing fine-grained
control over the search behavior and performance characteristics. These include the index type,
similarity metric, number of retrieved chunks, and additional hyperparameters specific to each
indexing method. Table 4.3 summarizes the available configuration options.

This flexible and hardware-aware design allows us to systematically evaluate how different in-
dexing methods and hyperparameters affect retrieval speed, memory usage, and overall RAG
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Table 4.3: Indexing and Retrieval Configuration Options

Parameter Type Description

method String Indexing method: flat, ivf, or hnsw.

metric String Distance metric used for similarity search: L2
(Euclidean distance) or inner_product.

top_k Integer =~ Number of nearest chunks retrieved for each
query.

batch_size Integer  Number of vectors processed per batch during
indexing or search.

backend String Execution backend (currently CPU only).

use_cache Boolean Enables caching of index data to avoid rebuild-
ing the index.

ivf.nlist Integer  Number of clusters in the IVF index.

ivf.nprobe Integer  Number of clusters searched during query time
in IVF.

ivf.num_training vectors Integer  Number of vectors used to train the IVF clus-
ters.

hnsw.m Integer =~ Number of connections per node in the HNSW
graph.

hnsw.ef_construction Integer  Controls graph quality during index construc-
tion.

hnsw.ef_search Integer  Controls search accuracy and speed at query
time.

performance on mobile devices.
4.3.4 Augmenter

The Augmenter is the component responsible for transforming the retrieved external knowledge
into a form that can be effectively consumed by the LLM. It operates between the retriever,
which selects the most relevant document chunks, and the generator, which produces the final
response (see Figure 2.1). While the retriever focuses on identifying relevant information, the
augmenter determines how that information is organized, filtered, and presented to the model.

The design of the augmenter has a direct impact on the quality of the generated answers [26].
Even if the retriever returns relevant chunks, poorly structured or redundant context can reduce
the effectiveness of the LLM [33]. Therefore, the augmenter controls how much context is used,
in what order it appears, and how it is formatted within the final prompt.

Several augmentation strategies have been proposed in the literature:

e Simple concatenation: The retrieved chunks are directly concatenated and inserted into
the prompt along with the user query. This is the most common and lightweight approach,
requiring no additional computation.

+ Reranking-based augmentation [34]: The retrieved passages are rescored using a more
precise model, such as a cross-encoder, and then reordered according to their estimated
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relevance to the query. This often improves retrieval quality but introduces additional
computational overhead.

o Multi-step or iterative augmentation [13, 54]: Instead of a single retrieval-augmentation

step, the system performs multiple rounds of retrieval and context construction. The LLM
may generate intermediate queries or refine the context iteratively, which can improve rea-
soning but significantly increases latency and resource usage.

In MoRAGBench, we adopt the simple concatenation strategy. This choice is motivated by the
constrained computational and memory resources available on mobile devices. More advanced
augmentation techniques, such as reranking or iterative retrieval, require additional models or
multiple inference steps, which would substantially increase latency and energy consumption.
Since the goal of this work is to benchmark RAG pipelines on mobile hardware, we prioritize a
lightweight and efficient augmentation strategy.

As aresult, the Augmenter component in the current system does not expose any user-configurable
parameters. It simply concatenates the retrieved chunks with the query to form the final prompt
that is passed to the LLM.

435 LLM

After the Retriever selects the most relevant document chunks and the Augmenter organizes
them together with the user query, the resulting prompt is passed to the LLM. The LLM is
responsible for generating the final answer based on the provided context. In a RAG pipeline,
the quality, latency, and resource consumption of the LLM have a direct impact on the overall
system performance, especially on mobile devices with limited computational resources.

As discussed in Section 4.3.2, we use the same inference framework for both the embedding
model and the LLM, namely ONNX Runtime [35]. This decision reduces operational complexity,
simplifies integration, and minimizes the number of external dependencies. Although different
frameworks could be used for embedding and generation, relying on a single runtime makes the
system easier to maintain and deploy on Android devices.

Design and Implementation

We design the LLM module to be modular and easy to integrate within the benchmarking
framework. The module exposes a small set of high-level interfaces, such as 11m.initialize
and 11lm.generate, which abstract away the underlying inference details. This design allows
us to easily swap models or adjust generation parameters without affecting other components
of the pipeline.

The LLM runs through ONNX Runtime and supports different execution backends, including
CPU, XNNPACK, and NNAPI (see Section 4.3.2 for more details about each backend). Simi-
lar to the Embedding component, this enables hardware-aware benchmarking by allowing the
system to offload parts of the computation to optimized mobile backends when available.

Currently, MoRAGBench supports lightweight language models that are suitable for on-device
inference. The framework is designed to remain model-agnostic, and any model that can be
converted to the ONNX format can be integrated into the system.
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Configurable Options

We expose a set of generation and runtime parameters through the configuration file, allowing

users to control model selection, decoding behavior, and memory-related settings. These options

enable systematic evaluation of how different model configurations affect latency, memory usage,

and answer quality. Table 4.4 summarizes the available configuration options.

Table 4.4: LLM Configuration Options

Parameter Type Description

model_name String Name of the language model used for generation.

aug_method String Augmentation strategy used to construct the prompt
(currently concatenation only).

backend String Execution backend: CPU, XNNPACK, or NNAPI.

dtype String Numerical precision of the model weights (e.g., £p32,
int8).

use_sampling Boolean Enables stochastic decoding instead of deterministic
generation.

repetition_penalty Float Penalty applied to repeated tokens to reduce repeti-
tion in generated text.

temp Float Sampling temperature controlling the randomness of
the output.

top_p Float Nucleus sampling parameter that limits token selec-
tion to a cumulative probability mass.

top_k Integer Limits token selection to the top-k most probable to-
kens during sampling.

max_tokens Integer Maximum number of tokens generated for each re-
sponse.

ignore_eos Boolean Indicates whether the model should ignore end-of-

generate_until

kv_window

prefill_chunk_size

system_prompt

List of Strings
Integer
Integer

String

sequence tokens during generation.

Stops generation when one of the specified sequences
is produced.

Size of the KV cache window used to reduce memory
usage.

Number of tokens processed per iteration during the
prefill phase.

Instructional prompt that defines the model’s behav-

ior during generation.

This configurable and modular design allows us to benchmark different language models, back-

ends, and decoding strategies, and to study their impact on end-to-end RAG performance on

mobile devices.
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4.4 Benchmarking Methodology

In MoRAGBench, we provide two complementary benchmarks that target different aspects
of a RAG pipeline. The first benchmark focuses exclusively on vector indexing and retrieval
performance, while the second benchmark evaluates the complete end-to-end behavior of the
system on downstream question answering tasks. Together, these benchmarks allow us to
decouple retrieval quality from generation quality and to analyze system performance under
realistic mobile constraints.

4.4.1 ANN Benchmark

The ANN Benchmark evaluates the performance of approximate nearest neighbor search meth-
ods in isolation. This benchmark follows a well-established evaluation protocol and uses stan-
dard ANN datasets [3], each of which is characterized by a fixed embedding dimension, a set of
training vectors, and a set of test vectors. For every test vector, the dataset provides the 100
nearest neighbors computed using exact search, which serve as the ground truth.

To run the benchmark, we first build an index using the training vectors. Then, for each
test vector, we retrieve the top-k nearest neighbors from the index using the selected indexing
method. The retrieved neighbors are compared against the ground truth neighbors provided by
the dataset. This benchmark exercises only the indexing and retrieval component of the RAG
pipeline, allowing us to study retrieval accuracy and efficiency independently of embedding
quality or language model behavior.

One of the most commonly reported metrics in ANN evaluation is Recall@k. It measures the
probability that the true nearest neighbor appears within the top-k retrieved results. In our
implementation, this metric is computed per query and then averaged over all queries. It’s
defined as follows: Let N be the total number of queries. For a given query 4, let R; denote
the set of the top-k retrieved neighbors, and let g; denote the closest ground-truth neighbor for
that query. Recall@k is defined as:

1 N
Recall@k = — ; 1(g; € Riy) (4.1)

where 1(-) is the indicator function that returns 1 if the condition is true and 0 otherwise.

In addition, we report several performance-related measurements, including total benchmark
runtime, index construction time, average retrieval latency, query embedding time, and queries
per second (QPS). We also report both average and peak memory usage during the benchmark
execution. A detailed analysis of these metrics is presented in Chapter 5.

4.4.2 Task Benchmark

The Task Benchmark evaluates the full RAG pipeline in an end-to-end setting. Unlike the ANN
benchmark, this benchmark includes all components of the system: text chunking, embedding,
indexing and retrieval, augmentation, and generation with an LLM.

This benchmark operates on question answering datasets that are formulated as information
extraction tasks. Each item consists of a set of documents, a question, and one or more ground
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truth answers that can be found within the documents. Currently, MoRAGBench supports
three datasets: SQuAD [37, 38], TriviaQA [23], and HotpotQA [53], but the framework is easily
extensible to additional datasets.

When running the benchmark, we first collect all documents from the dataset and construct a
shared knowledge source. The documents are chunked, embedded, and indexed according to the
selected configuration. For each question, we embed the query, retrieve the top-k most relevant
chunks, and pass them, together with the question, to the LLM to generate an answer. The
generated answer is then compared against the ground truth provided by the dataset.

To evaluate answer quality, we report several widely used task-level metrics:

o Exact Match (EM): Measures whether the generated answer exactly matches the ground
truth answer.

e F1 Score: Computes the harmonic mean of precision and recall at the token level between
the generated answer and the ground truth.

« BLEU: Measures n-gram overlap between the generated answer and the reference answer,
commonly used in text generation tasks.

e ROUGE: Evaluates recall-oriented n-gram overlap, emphasizing coverage of the reference
answer.

o Contains: Indicates whether the ground truth answer appears as a substring within the
generated answer.

In addition to these accuracy metrics, we report the same performance-related measurements as
in the ANN benchmark, including total runtime, latency breakdowns, QPS, and both average
and peak memory usage. This allows us to analyze the trade-offs between retrieval accuracy,
generation quality, and system efficiency when deploying RAG pipelines on mobile devices.
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In this chapter, we evaluate the proposed benchmarking framework and analyze the performance
of different RAG pipeline configurations on a modern mobile device. As described in Section 4.4,
the framework provides two complementary types of benchmarks: the ANN Benchmark, which
focuses on the indexing and retrieval component, and the Task Benchmark, which evaluates the
complete end-to-end RAG pipeline.

The goal of this chapter is to investigate how different hardware backends, indexing methods,
model configurations, and different other parameters affect both retrieval quality and down-
stream task performance. We report a variety of metrics, including task accuracy, Recall@k,
memory usage, latency, and throughput. Through these experiments, we aim to identify the
main performance bottlenecks when running RAG pipelines on mobile devices and to under-
stand the trade-offs between accuracy, latency, throughput and efficiency.

This chapter is structured as follows. First, we describe the experimental setup, including
the hardware platform and general evaluation methodology. We then present the results of
the ANN benchmarks, focusing on the retrieval component across different indexing methods
and configurations. Finally, we evaluate the full RAG pipeline using the task benchmarks and
analyze how different system components influence end-to-end performance.

5.1 Experimental Setup

All experiments are conducted on a OnePlus 13 Android smartphone. The device is equipped
with the following hardware specifications:

 Platform: Snapdragon® 8 Elite Mobile Platform (with integrated NPU)
« CPU: Qualcomm® Oryon™ CPU @ 4.32 GHz

o« GPU: Adreno™ 830

« RAM: 16 GB LPDDR5X

e Storage: 512GB UFS 4.0

In order to run the benchmarks, we deploy a lightweight HT'TP server directly on the mobile
device. This server exposes a set of routes that allow external clients to control and monitor
benchmark execution. To interact with the server, we provide a Python-based client script.

The client script is responsible for preparing the experimental environment. This includes
downloading the required datasets, embedding models, and LLMs, and transferring them to
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Table 5.1: Selected ANN Benchmark Datasets

Dataset Dimensions Train Size Test Size Neighbors Distance
Fashion-MNIST 784 60,000 10,000 100 Euclidean
GloVe-100 100 1,183,514 10,000 100 Angular
NYTimes 256 290,000 10,000 100 Angular
LastFM 65 292,385 50,000 100 Angular
SIFT 128 1,000,000 10,000 100 Fuclidean

the mobile device using adb commands. The user only needs to provide a RAG configuration
file, and the script automatically handles all setup steps, including model preparation and data
transfer.

Once the environment is ready, the client triggers the benchmark by sending a request to the
HTTP server, for example through an endpoint such as /start_benchmark. This setup allows
experiments to be launched, monitored, and repeated in a controlled and automated manner,
while keeping all computation on the mobile device.

5.2 ANN Benchmark Evaluation

In this section, we evaluate the performance of the indexing and retrieval component using the
ANN benchmark described in Section 4.4.1. The objective of these experiments is to analyze
how different index structures and configurations affect retrieval accuracy, latency, throughput,
and memory usage on a mobile device.

Although the full ANN benchmark suite [3] provides 15 different datasets, we select a represen-
tative subset of five datasets for this study due to space and time constraints. These datasets
vary in dimensionality, data distribution, and scale, allowing us to evaluate the behavior of
different indexing methods under diverse conditions. Table 5.1 summarizes the characteristics
of the selected datasets.

Across these datasets, we compare three indexing methods supported by MoRAGBench: Flat
(exact search), IVF, and HNSW. For each method, we evaluate both retrieval accuracy and
system-level performance metrics.

In the following subsections, we present the results of each experiment and discuss the observed
trade-offs between accuracy, latency, throughput, and memory usage.

5.2.1 Recall@k Across Index Types

In this experiment, we analyze how Recall@k changes with different values of k for each indexing
method (Flat, IVF, and HNSW) across the selected datasets. For each index type, we fix a
single configuration and vary the value of k from one to five. The results are summarized in
Figure 5.1

Flat Index. The Flat index performs exact nearest neighbor search (ENN). In theory, this
should result in a Recall@k of 1.0 for all values of k, since the exact distances are computed
against all vectors in the database. This behavior is almost observed in Figure 5.1(a).
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Figure 5.1: Recall@k for different index types across the selected ANN datasets.

For most datasets, such as Fashion-MNIST and LastFM, the recall reaches 1.0 even for k = 1.
However, minor deviations appear in certain cases. For example, in the SIFT dataset, Recall@1
is approximately 0.99 before reaching 1.0 for larger values of k. Similarly, in the NYTimes
dataset, Recall@1 is around 0.91 and gradually increases to approximately 0.99 at k = 5.

These small discrepancies may be caused by several factors, such as metric mismatches between
the benchmark and the index configuration, differences in floating-point precision, or ties and
near-ties in distances between neighboring vectors.

IVF Index. For the IVF index, we select a configuration for each dataset based on its size
and dimensionality, following common heuristics used in prior work [40, 11]. We then vary only
the value of k.

As shown in Figure 5.1(b), the IVF index exhibits a very similar trend to the Flat index. Most
datasets achieve recall values close to 1.0 even for small values of k. For example, Fashion-
MNIST and SIFT reach nearly perfect recall at kK = 2. The LastFM dataset maintains a recall
of approximately 0.99 across all values of k.

The NYTimes dataset shows lower recall compared to the other datasets, starting at roughly
0.91 for k = 1 and increasing to about 0.94 at k = 5. The GloVe-100 dataset remains stable at
approximately 0.97 across all values of k. Overall, IVF maintains high recall while benefiting
from approximate search efficiency.

HNSW Index. We perform the same experiment using the HNSW index with a fixed con-
figuration for each dataset. As illustrated in Figure 5.1(c), HNSW follows a trend similar to
both Flat and IVF indices.

For example, the SIFT dataset achieves a recall of about 0.99 at £k = 1 and reaches nearly
1.0 at larger values of k. The LastFM dataset maintains a recall of approximately 0.98 across
all values of k, while Fashion-MNIST and GloVe-100 remain stable at around 0.96 and 0.94
respectively.

The NYTimes dataset again shows the lowest recall among the datasets, starting at approxi-
mately 0.84 for kK = 1 and increasing to around 0.92 at k£ = 5. Despite these differences, HNSW
consistently improves recall as k increases and demonstrates behavior comparable to IVF.

37



5. EVALUATION
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Figure 5.2: Throughput (QPS) vs. Recall@5 for IVF and HNSW indices across three repre-
sentative datasets.

Summary. Across all index types, Recall@k increases with larger values of k, as expected.
The Flat index achieves near-perfect recall due to exact search, while IVF and HNSW provide
similar recall levels with approximate search. The results indicate that both ANN methods can
closely match the accuracy of exact search under appropriate configurations.

5.2.2 Throughput vs. Recall Trade-off

In this experiment, we analyze the trade-off between retrieval throughput, measured in queries
per second (QPS), and retrieval accuracy, represented by Recall@5. Since the value of k is fixed
in this experiment, the Flat index is not included, as it does not provide tunable parameters
that allow a meaningful accuracy—throughput trade-off.

We therefore focus on the two approximate indexing methods: IVF and HNSW. For each
dataset, we vary one key hyperparameter that directly affects the search effort and observe how
this impacts both recall and throughput.

IVF Index. For the IVF index, we fix the number of clusters (nlist) and the number of
training vectors, and vary the nprobe parameter. The nprobe parameter controls how many
clusters are searched per query. A larger nprobe means that more clusters are examined, which
typically improves recall but increases query latency, resulting in lower QPS.

This trend is clearly visible in Figure 5.2. For example, in the GloVe-100 dataset (Figure 5.2a),
increasing recall from approximately 0.82 to 0.96 reduces throughput from about 4,000 QPS
to below 500 QPS. A similar pattern appears in the NYTimes dataset (Figure 5.2¢), where
throughput drops from around 5,000 QPS at recall 0.86 to roughly 600 QPS at recall 0.94. The
LastFM dataset (Figure 5.2b) exhibits the same trade-off, with throughput decreasing from
approximately 86,000 QPS at recall 0.88 to about 5,000 QPS at near-perfect recall. These
results demonstrate the expected behavior of IVF: higher search effort leads to better accuracy
at the cost of reduced throughput.

HNSW Index. For the HNSW index, we fix the graph construction parameters (M and
ef__construction) and vary the ef _search parameter. The ef search parameter controls the
size of the candidate list explored during search. Higher values allow the algorithm to explore
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Figure 5.3: Peak memory usage for different index types across the selected datasets. Error
bars represent the variation across different configurations.

more nodes in the graph, which typically improves recall but increases computation time per
query.

The same trade-off is observed across all datasets. In the GloVe-100 dataset (Figure 5.2a),
increasing recall from approximately 0.87 to 0.96 reduces throughput from about 11,800 QPS
to around 2,800 QPS. In the NYTimes dataset (Figure 5.2¢), throughput drops from roughly
8,600 QPS at recall 0.83 to about 1,800 QPS at recall 0.92. In the LastFM dataset (Figure 5.2b),
the throughput decreases from approximately 68,000 QPS at recall 0.89 to around 18,000 QPS
at recall 0.98. This confirms that increasing ef_search improves recall at the cost of lower
throughput.

Summary. Across all datasets, both IVF and HNSW exhibit a clear accuracy—throughput
trade-off. Higher recall levels require more extensive search, which increases per-query compu-
tation and reduces QPS.

5.2.3 Peak Memory usage

In this experiment, we analyze the peak memory usage of all three index types across the five
selected datasets. For each index type, we run the benchmark under multiple configurations
by tuning the available hyperparameters (see Table 4.3). We then average the peak memory
measurements across these configurations to obtain a representative value for each dataset and
index type.

The results are shown in Figure 5.3. Overall, memory usage is strongly correlated with the size
of the dataset, which is primarily determined by the product of the vector dimensionality and
the number of training vectors (see Table 5.1). Datasets with larger vector counts or higher
dimensionality, such as GloVe-100 and SIFT, consistently exhibit higher memory usage than
smaller datasets like LastFM.
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Across index types, the Flat index generally exhibits predictable memory usage, since it stores
the full set of vectors without additional data structures. For example, the GloVe-100 dataset
reaches peak memory usage of approximately 1.15GB, while the SIFT dataset uses around
0.95 GB. Smaller datasets such as LastFM and Fashion-MNIST remain below 400 MB.

The HNSW index shows greater variation in memory usage across configurations, as reflected by
the larger error bars. This is expected because the graph structure introduces additional memory
overhead that depends on parameters such as M and ef_ construction. For instance, GloVe-100
ranges roughly between 900 MB and 1.3 GB, while SIFT ranges between approximately 500 MB
and 1.1 GB.

The IVF index typically consumes slightly less memory than the Flat index for most datasets.
For example, GloVe-100 and SIFT both use around 800 MB under IVF, compared to higher
values in the Flat configuration. This reduction is due to the clustered structure of the index,
which can store vectors more compactly depending on the configuration.

Summary. Peak memory usage is primarily driven by dataset size, while the index structure
introduces secondary overhead. Flat indexing provides predictable memory usage, HNSW incurs
additional graph-related overhead, and IVF can offer modest memory savings depending on the
configuration.

5.2.4 Retrieval Latency vs. Recall Trade-off

In this experiment, we analyze how the average per-query retrieval latency changes as Recall@1
increases. We present results for two representative datasets: GloVe-100 and Fashion-MNIST.

For the Flat index, we vary the value of k between 1, 3, and 5. Since the Flat index performs
exact search, the primary factor affecting latency is the number of neighbors retrieved. For the
IVF index, we fix the number of clusters (nlist) and vary the nprobe parameter, which controls
the number of clusters searched per query. For the HNSW index, we fix ef construction
and vary the ef search parameter, which determines how many candidate nodes are explored
during the graph traversal. Larger values of these parameters generally improve recall at the
cost of higher latency.

GloVe-100 Dataset. As shown in Figure 5.4(a), the Flat index achieves perfect recall but
at a very high latency, exceeding 1.3 seconds per query for k¥ = 5 and more than 2 seconds
for kK = 1. This reflects the cost of exact search over a large dataset containing more than one
million vectors.

The IVF index shows a clear trade-off. At a lower nprobe value, it achieves recall around 0.82
with a latency of roughly 250 ms. As nprobe increases, recall improves to approximately 0.96,
but latency rises sharply to about 2.5 seconds. This demonstrates that higher search effort
in IVF can approach the accuracy of exact search, but with comparable latency at extreme
settings.

The HNSW index provides a more favorable trade-off. At recall around 0.88, the latency is ap-
proximately 100 ms. Increasing ef search improves recall to about 0.96, while latency increases
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Figure 5.4: Mean per-query retrieval latency vs. Recall@1 for different index types.

to roughly 400 ms. Compared to IVF at similar recall levels, HNSW achieves significantly lower
latency.

Fashion-MNIST Dataset. A similar pattern is observed in Figure 5.4(b). The Flat index
again achieves perfect recall, but with relatively high latency, around 460-500 ms per query.

The IVF index shows increasing latency as nprobe grows. At low recall (around 0.87), latency
is approximately 35 ms. As recall approaches 1.0, latency increases to over 300 ms.

The HNSW index provides the lowest latency across most recall levels. At recall around 0.95,
latency is approximately 25ms, and even at near-perfect recall, it remains below 70ms. This
indicates that HNSW is particularly effective at maintaining low latency while achieving high
recall on this dataset.

Summary. Across both datasets, the Flat index consistently achieves the highest recall but at
the cost of significantly higher latency. The IVF index provides a controllable trade-off between
recall and latency, but its latency increases rapidly at high recall levels. NSW generally offers
the best latency-recall trade-off, achieving high recall with substantially lower latency than
both Flat and IVF indices.

Additionally, overall latency is noticeably lower for the Fashion-MNIST dataset compared to
GloVe-100. This is primarily due to the smaller number of vectors in Fashion-MNIST (60K <
~1.2M), which reduces the search space and leads to faster retrieval across all index types.

5.2.5 Total Benchmark Time Breakdown

In this experiment, we analyze the total time spent in each stage of the ANN benchmark. The
benchmark consists of three main stages:

e Index construction: Adding all training vectors to the index.

e Index serialization: Saving the constructed index to disk for future use.

« Benchmark execution: Running queries for each test vector and retrieving the top-k
nearest neighbors.
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Figure 5.5: Total benchmark time breakdown for the Fashion-MNIST dataset under different
index types and configurations.

For the IVF index, there is an additional step before index construction:

¢ Index training: A clustering step that learns the centroids used to partition the vector
space. This is typically done using a subset of the training vectors and is required to build
the inverted lists before vectors can be added to the index.

The results for the Fashion-MNIST dataset are shown in Figure 5.5. Similar trends are observed
across the other datasets but are omitted for space.

Flat Index. For the Flat index, we vary the value of k£ between 1, 3, and 5 (Figure 5.5a).
Index construction and serialization are very fast, taking only around 0.2s in total. This is

expected because the Flat index simply stores the vectors without building any additional data
structures.

The dominant cost comes from the benchmark execution stage. The total runtime is approxi-
mately 5.7s for k = 1, and around 5s for £k = 3 and k = 5. The majority of this time is spent
computing distances between each query and all vectors in the index.
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Interestingly, the runtime for & = 1 is slightly higher than for ¥ = 3 or £ = 5. This may
be caused by implementation details such as heap or partial sorting optimizations, caching
effects, or vectorized distance computations that become more efficient when retrieving multiple
neighbors.

IVF Index. For the IVF index, we fix nlist = 245 and k = 5, and vary nprobe (Figure 5.5b).
The index training, vector addition, and index serialization stages remain nearly constant across
at 1.8s all configurations, since these steps do not depend on nprobe.

For small values of nprobe (e.g., nprobe = 2), the training stage dominates the total runtime.
The total time is approximately 2.4s, with the testing stage taking around 0.5s. As nprobe
increases, the testing stage becomes more expensive. For example, at nprobe = 24, the total
runtime increases to about 5.3s, with the testing stage alone taking more than 3.4s. This
behavior is expected, since higher nprobe values cause more clusters to be searched per query,
increasing the computational cost of the retrieval stage.

HNSW Index (varying ef__search). Inthe first HNSW experiment, we fix ef__construction =
40 and k = 5, and vary ef_search (Figure 5.5¢). In all configurations, index construction is
the dominant stage, taking approximately 2.6 s.

As ef__search increases from 16 to 80, the testing time also increases, from about 0.45s to
nearly 0.85s. Consequently, the total runtime rises from roughly 3.2 s to 3.6s. This is expected,
since larger ef_search values require the algorithm to explore more candidate nodes during
the search.

HNSW Index (varying ef__construction). Inthe second HNSW experiment, we fix ef _search =
16 and k£ = 5, and vary ef__construction (Figure 5.5d). The ef__construction parameter con-

trols the size of the candidate list during index construction. Higher values lead to more
thorough graph connections, improving search quality but increasing construction time.

This effect is clearly visible in the results. When ef_ construction = 40, the total run-
time is approximately 3.2s. Increasing it to 80 raises the total time to around 5s, and at
ef__construction = 160, the total runtime reaches nearly 8s. In all cases, index construction
remains the dominant stage.

Summary. Across all index types, the dominant time component varies depending on the
index structure. For the Flat index, the retrieval stage dominates due to exhaustive distance
computations. For IVF, the dominant stage shifts from index training at low nprobe values
to retrieval at higher nprobe values. For HNSW, index construction is consistently the main
bottleneck, especially when using larger ef_construction values.

These results highlight that different index types exhibit different performance bottlenecks,
which should be considered when selecting an indexing strategy for mobile RAG systems.
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5.3 Task Benchmark Evaluation

In this section, we evaluate the complete RAG pipeline in an end-to-end setting using the Task
Benchmark described in Section 4.4.2. Unlike the ANN evaluation, which isolates the retrieval
component, this benchmark measures the interaction between all pipeline stages, including
chunking, embedding, indexing, augmentation, and answer generation with the LLM.

Our goal is to analyze system-level trade-offs between task accuracy, throughput, time-to-first-
token (TTFT), and memory consumption when running a full RAG pipeline on a mobile device.

Although MoRAGBench supports three downstream datasets (SQuAD, TriviaQA, and Hot-
potQA), we report results for the TriviaQA dataset in this section due to space and time
constraints. The remaining datasets exhibit similar trends. For computational feasibility on
mobile hardware, we sample the first 1000 questions from TriviaQA, resulting in a knowledge
corpus composed of 1457 documents.

5.3.1 Baseline Configuration

All experiments start from a baseline RAG configuration. We summarize the baseline parame-
ters in Tables 5.2-5.5.

Table 5.3: Embedding and Chunking Con-

fi ti Baseli
Table 5.2: Downstream Task Configuration guration (Baseline)

Component Configuration
Parameter Value
Embedding Model 11-MiniLM-L6-v2
Dataset TriviaQA Embe d dTng B © ke d ZPU i M
mbedding Backen
Sampling Method First- NV samples . & .
) Precision int8
Number of Questions 1000 .
Numb (D ts 1457 Chunking Method Token-based
Hmber o octments Churk Size 256 tokens
Overlap Enabled (50 tokens)

Table 5.5: LLM Configuration (Baseline)
Table 5.4: Indexing Configuration (Baseline)

Parameter Value
Parameter Value Model Qwen2.5-0.5B
Index Type Flat Backend CPU
Backend CPU Precision int8
Distance Metric Inner Product Augmentation Method Concatenation
Top-k Retrieved Chunks 3 Max Generated Tokens 50
Batch Size 2000 KV Cache Window 4096
Index Cache Disabled Prefill Chunk Size 1024
Decoding Strategy Deterministic

This configuration serves as the reference point against which all subsequent experiments are
compared.
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5.3.2 Alternative Pipeline Baselines

To understand how individual components affect end-to-end performance, we construct sev-
eral alternative baselines by modifying one parameter at a time while keeping the remaining
configuration unchanged.

Embedding Variants

» Replace embedding model with all-MiniLM-L12-v2 [44], which doubles the embedding
dimensionality.

o Execute embeddings using the XNNPACK backend.

o Execute embeddings using the NNAPI backend.

Indexing Variants

o IVF index with nlist = 109 and nprobe = 10.
e HNSW index with M = 12, ef_ construction = 80, and ef__search = 24.

LLM Variants

¢ Replace the model with Qwen2.5-1.5B.

o Use an int4-quantized version of the language model.
o Execute the LLM using XNNPACK backend.

o Execute the LLM using NNAPI backend.

Each configuration isolates a specific design decision, enabling us to measure how hardware ac-
celeration, model size, quantization, and indexing strategies influence overall RAG performance.

In the following subsections, we present experimental results and analyze the trade-offs between
task accuracy, latency, throughput, TTFT, and memory usage.

5.3.3 Throughput (Decoding Speed)

In this experiment, we evaluate decoding throughput, measured as the number of generated
tokens per second. Unlike retrieval metrics, decoding throughput is measured after query
embedding and document retrieval have completed. Consequently, embedding and indexing
configurations do not influence this metric. The only relevant factors affecting decoding speed
are modifications to the LLM itself. Figure 5.6 presents the decoding throughput for all LLM-
related baseline configurations.

Baseline Performance. The baseline configuration using the Qwen2.5-0.5B model running
on the CPU backend achieves a decoding throughput of 10.7 tokens/s. This serves as the
reference point for comparing all other configurations.
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Figure 5.6: Decoding throughput (tokens/sec) for different LLM configurations.

Effect of Model Size. Increasing the model size to Qwen2.5-1.5B significantly reduces de-
coding performance, lowering throughput to approximately 4.8 tokens/s. This decrease is ex-
pected, as larger transformer models require substantially more matrix multiplications and
memory bandwidth per generated token. The result highlights one of the primary challenges of
deploying LLMs on mobile devices: model scaling directly translates into slower user response
times.

Effect of Quantization. Quantization provides the largest performance improvement among
all evaluated configurations. Using the int4 (Q4) quantized model increases throughput to
approximately 15.8 tokens/s, representing nearly a 50% improvement over the baseline.

This improvement stems from reduced memory bandwidth requirements and faster arithmetic
operations, both of which are critical bottlenecks in mobile inference workloads. These results
demonstrate that aggressive quantization is one of the most effective optimizations for on-device
RAG systems.

Effect of Execution Backend. We also evaluate alternative execution backends for the LLM.
Running the model using XNNPACK achieves approximately 9.2 tokens/s, which remains close
to CPU performance. XNNPACK provides optimized CPU kernels for mobile processors, but
in this setup it does not significantly outperform the default execution path. In contrast, the
NNAPI backend performs substantially worse, achieving only 4.2 tokens/s. This degradation
is likely caused by additional communication overhead between the application and the Android
neural network abstraction layer, combined with limited acceleration benefits for autoregressive
decoding workloads. These results suggest that LLM workload is not very well optimized in
XNNPACK and NNAPI backend.
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Figure 5.7: TTFT breakdown across different RAG configurations.

Summary. Overall, decoding throughput is determined almost entirely by LLM character-
istics rather than earlier RAG pipeline components. Model size and quantization dominate
performance, while backend selection plays a secondary role. Among all evaluated configura-
tions, low-bit quantization provides the most significant improvement in decoding speed, making
it a key enabler for efficient on-device RAG deployment.

5.3.4 TTFT Breakdown

In this experiment, we analyze the Time-To-First-Token (TTFT), which measures the latency
between issuing a query and receiving the first generated token from the LLM. TTFT is one
of the most important user-facing metrics for interactive RAG systems, as it determines the
perceived responsiveness of the application.

We decompose TTFET into three stages:

¢ Query Embedding: encoding the user query into a vector representation.

¢ Retrieval: searching the index and selecting relevant document chunks.

e First Token Generation (Prefill Phase): processing the prompt and generating the
first token of the response.

Figure 5.7 illustrates the contribution of each stage across all evaluated configurations.

Retrieval Cost. Across all configurations, the retrieval stage is effectively instantaneous and
is barely visible in Figure 5.7. This confirms the results from the ANN benchmark: optimized
vector search on-device introduces negligible latency compared to language model inference.
Even when switching between Flat, IVF, and HNSW indices, retrieval contributes only a small
fraction of total TTFT.

Query Embedding Cost. Query embedding is also very fast, typically contributing only a
few milliseconds to the total latency. Changing the embedding model from all-MiniLM-L6-v2 to
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all-MiniLM-L12-v2 has almost no observable impact on TTFT, demonstrating that embedding
dimensionality is not a bottleneck in the end-to-end pipeline. The only noticeable deviation
appears when using the NNAPI backend for embeddings, suggesting again the NNAPI backend

is not well optimzied for embedding models.

Prefill Phase Dominance. The dominant component of TTFT is the prefill phase, i.e.,
the computation required by the LLM to process the entire prompt and generate the first token.
As shown in Figure 5.7, nearly the entire TTFT is attributed to this stage.

Model-related changes strongly affect TTFT. Increasing the model size to Qwen2.5-1.5B dra-
matically increases TTFT to approximately 1300 ms, reflecting the higher computational cost of
larger transformer layers. Conversely, using the int4-quantized model reduces TTFT to around
600 ms, demonstrating that quantization accelerates not only decoding throughput but also
prompt processing.

Backend selection also plays a significant role. The XNNPACK backend slightly increases
TTFEFT compared to the baseline, while the NNAPI backend results in substantially higher
latency (around 1000 ms), again indicating that NNAPI is not well optimized for autoregressive
transformer workloads in this setup.

Summary. Overall, TTFT is overwhelmingly dominated by the LLM prefill computation
rather than retrieval or embedding stages. Retrieval and query encoding together contribute
only a small fraction of the total latency, while model size, quantization, and inference backend
determine the responsiveness of the system. These results highlight that optimizing the LLM
inference path is the most effective strategy for reducing perceived latency in mobile RAG
applications.

5.3.5 Mean Memory Usage

In this experiment, we analyze the mean memory increase observed during execution of the full
RAG pipeline. Memory usage is measured as the average increase in RAM consumption relative
to the idle application state while processing the benchmark workload. Figure 5.8 summarizes
the memory footprint across all evaluated configurations.

Effect of Embedding Models. Embedding configuration has a moderate but noticeable
impact on memory consumption. Switching from the baseline embedding model to the larger all-
MiniL M-L12-v2 increases memory usage from approximately 1000 MB to around 1500 MB. This
behavior is expected because the embedding dimensionality doubles, requiring larger embedding
tensors, intermediate buffers, and a larger vector index.

Effect of Indexing Methods. Changing the indexing method introduces additional memory
overhead due to index-specific data structures. Both IVF and HNSW consume slightly more
memory than the Flat index, reaching approximately 1150-1250 MB.

This overhead arises from auxiliary structures such as inverted lists in IVF and graph connec-
tions in HNSW. Nevertheless, the impact remains relatively small compared to the memory
footprint of the language model.
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Figure 5.8: Mean memory increase for different RAG configurations.

Effect of LLM Configuration. The dominant factor affecting memory usage is the LLM.
Increasing the model size to Qwen2.5-1.5B dramatically raises memory consumption to approx-
imately 2600 MB, more than doubling the baseline requirement. This increase results from
larger model weights, expanded activation tensors, and larger key—value caches used during
generation.

Conversely, quantization significantly reduces memory requirements. The int4 (Q4) model low-
ers memory usage to roughly 650 MB, demonstrating that low-bit quantization effectively re-
duces both storage and runtime memory footprint.

Backend selection influences memory behavior. The NNAPI backend shows slightly higher
memory usage compared to CPU and XNNPACK, likely due to additional runtime buffers and
data transfers required by the Android neural network abstraction layer.

Summary. Overall, memory consumption in on-device RAG systems is primarily dominated
by the LLM, while embedding models and indexing methods contribute secondary overheads.
Larger embedding dimensions moderately increase memory usage, indexing structures add small
additional costs, and quantization emerges as the most effective technique for reducing memory
requirements. These findings reinforce the importance of model compression when deploying
RAG pipelines on memory-constrained mobile devices.

5.3.6 Task Accuracy

In this experiment, we evaluate the downstream task performance of the complete RAG pipeline
using the Contains Accuracy metric described in Section 4.4.2. This metric measures whether
the generated answer contains the ground-truth answer span and serves as an indicator of factual
correctness in generated responses. Figure 5.9 presents the accuracy results across all evaluated
configurations.

Effect of Hardware Backends. Hardware-related modifications have negligible influence
on task accuracy. Changing execution backends for either the embedding model or the LLM

49



5. EVALUATION

LLM: NNAPI

LLM: XNNPACK

LLM: Dtype Q4

LLM: Qwen2.5-1.5B
HNSW?2

HNSW1

IVF2

IVF1

Embedding: NNAPI
Embedding: XNNPACK
Embedding: all-MiniLM-L12-v2
Baseline

0.000
0.005
0.010
0.015
0.020
0.025
0.030
0.035

Contains Accuracy

Figure 5.9: Task accuracy (Contains metric) across different RAG configurations.

(CPU, XNNPACK, or NNAPI) results in nearly identical accuracy values, all remaining close
to the baseline performance of approximately 0.009.

This behavior is expected because hardware backends primarily affect computational efficiency
rather than model semantics. As long as numerical precision remains sufficiently stable, infer-
ence acceleration does not significantly alter generated answers.

Effect of Language Model Variants. Changes to the LLM configuration produce only mi-
nor variations in accuracy. Increasing model size to Qwen2.5-1.5B slightly improves accuracy
to approximately 0.010, while quantization (Q4) yields a comparable result of around 0.011.
These results suggest that, for this task setup, scaling the generator alone does not substan-
tially improve factual correctness. This observation highlights an important property of RAG:
generation quality is often limited more by retrieval quality than by model capacity.

Effect of Indexing Strategy. The most significant accuracy differences arise from the re-
trieval component. Switching from the Flat index baseline to approximate indexing methods
leads to noticeable improvements. For example, HNSW achieves approximately 0.015 accuracy,
while IVF configurations reach up to 0.035, representing nearly a fourfold improvement over
the baseline.

These results indicate that retrieval effectiveness plays a dominant role in downstream task
performance. Improved indexing strategies allow the system to retrieve more useful contextual
passages, which directly benefits answer generation.

Recall vs. Task Accuracy. Interestingly, higher retrieval recall does not always translate
into higher task accuracy. While Flat index achieves the best recall among index types (see
Section 5.2.1, this does not guarantee better task accuracy. In some cases, additional retrieved
passages may introduce noise or distract the LLM, leading to limited or inconsistent gains in
final task performance.
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Figure 5.10: Total execution time breakdown of the end-to-end RAG benchmark.

Summary. Overall, retrieval strategy is an important factor in determining task accuracy
in mobile RAG systems. Hardware choices mainly influence efficiency metrics such as latency
and throughput, while indexing decisions determine the relevance of retrieved knowledge and
therefore have the greatest impact on end-to-end accuracy.

5.3.7 Total Time Breakdown

In the final experiment, we analyze the total execution time of the full RAG pipeline by de-
composing the benchmark into its major stages. Unlike previous experiments that focused on
isolated performance metrics, this analysis provides a holistic view of where computation time
is spent during end-to-end execution.

The evaluated stages include:

e Loading the embedding model,

e Loading the LLM,

e Document chunking,

e Embedding document chunks,

o Building and saving the FAISS index,

o Running the downstream benchmark (query processing and generation).

Figure 5.10 presents the runtime breakdown across all configurations.

Generation as the Primary Bottleneck. Across all configurations, the benchmark execu-
tion stage dominates the total runtime. This phase includes prompt construction, LLLM prefill
computation, and autoregressive decoding for each query. As shown in Figure 5.10, generation
accounts for the majority of execution time, often exceeding 60-70% of the total benchmark
duration.

Configurations using larger models, such as Qwen2.5-1.5B, exhibit the longest execution times,
confirming that LLM inference remains the primary bottleneck for on-device RAG systems.
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Impact of Embedding Computation. Embedding-related stages constitute the second
largest contributor to runtime. In particular, embedding document chunks requires substantial
computation because every document in the corpus must be encoded before indexing. Different
embedding models noticeably affects total runtime; for example, running the experiments with
the larger all-MiniLM-L12-v2 model almost doubled the embedding time.

Chunking vs. Index Construction. An interesting observation is that document chunking
requires more time than building the vector index itself. Although indexing involves constructing
search structures, chunking processes the entire raw document corpus and performs token-level
operations, making it computationally expensive despite its conceptual simplicity.

In contrast, FAISS index construction and serialization represent only a small fraction of the
total runtime. This indicates that indexing is not a major bottleneck once embeddings have

been generated.

Summary. Overall, the total runtime of the mobile RAG pipeline is dominated by language
model generation, followed by embedding computation. Retrieval and indexing operations con-
tribute comparatively little to overall execution time. These findings reinforce a central conclu-
sion of this work: optimizing LLM inference and embedding computation provides the greatest
opportunity for improving end-to-end performance of on-device RAG systems.
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This chapter discusses the broader implications of the work presented in this thesis. The goal
is to interpret the findings from a system-level perspective and to reflect on what they reveal
about deploying RAG pipelines on mobile devices. The discussion also highlights the role
of MoRAGBench within the emerging landscape of on-device intelligent systems and outlines
promising directions for future research.

6.1 On-Device RAG as a Systems Problem

One of the main insights of this thesis is that deploying RAG pipelines on smartphones is
fundamentally a system-level design problem rather than purely a machine learning challenge.
While much recent research focuses on improving LLM capabilities or retrieval algorithms in-
dependently, mobile deployment exposes strong inter-dependencies between all components of
the pipeline.

Unlike server environments, mobile platforms operate under strict constraints in computation,
memory capacity, thermal limits, and energy consumption. These constraints transform design
priorities. Techniques that are effective in cloud deployments cannot be transferred directly to
mobile devices without careful reconsideration of trade-offs.

The development of MoRAGBench demonstrates that understanding mobile RAG behavior re-
quires holistic analysis across the entire pipeline. Embedding generation, indexing, retrieval,
augmentation, and generation all contribute to overall performance. Optimizing a single com-
ponent in isolation often shifts the bottleneck elsewhere in the system. Consequently, efficient
on-device intelligence depends on coordinated optimization rather than individual model im-
provements.

6.2 The Role of Benchmarking in Mobile Intelligence

Another central contribution of this work is highlighting the importance of systematic bench-
marking for on-device Al. Existing evaluation frameworks for RAG systems largely assume
server-class hardware, abundant memory, and stable power availability. However, mobile de-
vices introduce hardware heterogeneity and software fragmentation that significantly influence
runtime behavior.

MoRAGBench addresses this gap by providing a modular framework capable of evaluating both
individual pipeline components and complete end-to-end workflows directly on smartphones.
This enables reproducible experimentation under realistic deployment conditions.



6. DISCUSSION

Beyond the specific implementation, the framework illustrates a broader methodological shift.
As Al workloads move from centralized infrastructure to edge devices, benchmarking becomes a
prerequisite for meaningful system optimization. Without detailed measurement and analysis, it
is difficult to understand how architectural choices interact with mobile hardware characteristics.

In this sense, benchmarking frameworks play a similar role for on-device Al as profiling tools
do in traditional systems engineering: they expose hidden performance limitations and guide

informed design decisions.
6.3 General Observations from the Evaluation

Although Chapter 5 presented extensive experimental results, several general observations

emerge when considering the evaluation as a whole.

First, the performance of mobile RAG pipelines is governed by trade-offs rather than single
optimal configurations. Improvements in retrieval accuracy, model size, or decoding quality fre-
quently introduce higher latency or memory usage. The most effective configurations therefore
balance competing objectives instead of maximizing individual metrics.

Second, the results indicate that approximate solutions are essential for practical deployment.
Exact computation, while theoretically optimal, often proves infeasible under mobile constraints.
Efficient approximations enable systems to achieve sufficiently high quality while maintaining
interactive performance.

Third, hardware acceleration plays an important but inconsistent role. Different execution
backends can significantly influence runtime behavior, yet their effectiveness depends strongly
on implementation maturity and device-specific support. This highlights that software opti-
mization remains as important as hardware capability in the current mobile Al ecosystem.

Overall, the evaluation confirms that successful on-device RAG deployment requires viewing
the pipeline as an integrated system shaped by resource constraints, hardware characteristics,
and configuration choices.

6.4 Implications for Future On-Device Assistants

The findings of this thesis suggest that mobile RAG systems represent a promising direction
toward privacy-preserving and personalized intelligent assistants. By executing retrieval and
generation entirely on-device, such systems can operate without continuous reliance on cloud
infrastructure, reducing latency and improving data privacy.

However, achieving this vision requires continued advances in efficiency, software tooling, and
hardware-aware optimization. Frameworks such as MoRAGBench provide an important foun-
dation by enabling researchers and developers to systematically study how intelligent pipelines
behave under real-world mobile constraints.

As mobile processors continue integrating dedicated Al accelerators, the distinction between
edge and cloud intelligence is likely to diminish. Understanding how to efficiently combine
retrieval mechanisms with compact LLMs will therefore remain an important research direction.
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6.5. FUTURE WORK

6.5 Future Work

While MoRAGBench establishes a foundation for benchmarking mobile RAG pipelines, several
opportunities exist for extending and improvingthe framework.

6.5.1 Optimized Execution Backends

The evaluation revealed that current mobile acceleration backends, including XNNPACK and
NNAPI, are not yet fully optimized for modern LLM inference and embedding workloads. Al-
though these frameworks provide hardware acceleration abstractions, their performance remains
limited by generic kernel implementations.

Future work will focus on developing customized kernels tailored specifically to transformer-
based workloads. Writing specialized operators for attention mechanisms, matrix multiplica-
tions, and embedding computation can enable better utilization of mobile CPUs, GPUs, and
NPUs while reducing memory overhead and execution latency.

6.5.2 Extending Model and Dataset Support

Another important direction is expanding the range of supported experimental configurations.
Future versions of MoRAGBench will incorporate additional datasets, LLMs, embedding mod-
els, indexing methods, and configuration options.

Supporting a wider variety of workloads will allow researchers to evaluate how different model
architectures and retrieval strategies behave across diverse application scenarios. Increased
configurability will also strengthen the framework’s role as a general-purpose benchmarking
platform for mobile RAG research.

6.5.3 Native Implementation and System Acceleration

Currently, parts of the inference orchestration logic are implemented in Kotlin for ease of inte-
gration within the Android ecosystem. However, high-performance mobile systems often benefit
from lower-level implementations that provide tighter control over memory management and
execution flow.

Future work therefore aims to migrate critical components from Kotlin to native C implemen-
tations. Native execution can reduce overhead introduced by language abstractions, improve
cache locality, and enable more aggressive memory optimizations. This transition is expected
to accelerate execution and provide finer control over resource usage, which is particularly im-
portant for long-running on-device Al workloads.

6.6 Summary

In summary, this thesis demonstrates that deploying RAG pipelines on mobile devices introduces
challenges that extend beyond model performance alone. Efficient operation requires holistic
system understanding, careful benchmarking, and hardware-aware optimization.

MoRAGBench contributes to this goal by enabling systematic evaluation of mobile RAG pipelines
and by revealing the complex trade-offs that shape on-device intelligence. The insights gained
through this work provide a basis for future research toward efficient, private, and fully on-device
AT assistants.
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CONCLUSION

The rapid advancement of large-scale language models has enabled powerful intelligent systems
capable of understanding and generating natural language. At the same time, modern mobile
devices have evolved into capable computing platforms equipped with specialized Al hardware
and large local storage. These developments create an opportunity to move intelligent assistants
from cloud-centric architectures toward fully on-device solutions.

This thesis addresses the challenge of evaluating and understanding RAG pipelines under mobile
constraints. While RAG has become a dominant paradigm for improving factual grounding and
contextual awareness of LLMs, most existing systems and evaluation methodologies assume
server-class environments. Consequently, limited insight exists into how complete RAG pipelines
behave when executed directly on smartphones.

To bridge this gap, this work introduces MoRAGBench, a modular benchmarking framework
designed specifically for analyzing RAG systems on Android devices. The framework enables
configurable experimentation across all pipeline components, including document chunking,
embedding generation, indexing and retrieval, augmentation, and language model inference.
By providing both component-level and end-to-end benchmarking modes, MoRAGBench allows
systematic investigation of performance trade-offs under realistic mobile hardware conditions.

The results of this thesis demonstrate that deploying RAG pipelines on mobile devices is funda-
mentally a systems problem shaped by resource constraints and hardware heterogeneity. Effi-
cient execution cannot be achieved through improvements to individual models alone. Instead,
overall performance emerges from complex interactions between retrieval mechanisms, model
inference, memory usage, and execution backends.

Several key insights arise from this work. First, approximate methods are essential for practical
on-device retrieval, as exact computation quickly becomes infeasible under mobile limitations.
Second, balanced configurations that jointly optimize latency, memory usage, and accuracy
are more effective than maximizing individual performance metrics. Third, current mobile
Al software stacks remain insufficiently optimized for modern transformer-based workloads,
indicating substantial opportunities for systems-level optimization.

The broader implication of this work is that fully on-device intelligent assistants are becoming
increasingly feasible. By combining local retrieval with compact LLMs, future systems may
provide personalized, privacy-preserving assistance without continuous dependence on cloud
infrastructure. Achieving this vision will require continued advances in hardware-aware opti-
mization, efficient model design, and integrated system engineering.



7. CONCLUSION

In conclusion, this thesis demonstrates that systematic benchmarking is a critical step toward
efficient mobile RAG deployment. Through the design and evaluation of MoRAGBench, this
work advances the understanding of how retrieval and generation pipelines operate under real
mobile constraints and provides a foundation for future research on scalable, efficient, and fully
on-device Al systems.
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