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Abstract—Retrieval-Augmented Generation (RAG) has
emerged as a popular technique for addressing several
challenges of Large Language Model (LLM) systems, including
static model knowledge, hallucination, and limited input
sequence lengths. Although RAG mitigates common pitfalls
of current LLM systems, its inherent heterogeneity and
configurability introduce new challenges. The performance
of RAG is crucial for meeting the high-throughput and low-
latency demands of LLM services. Different components of
RAG operate on different hardware platforms, and their
complexity scales with the configurability and complexity of
the rest of the system. For example, larger embeddings may
enhance retrieval accuracy, but also increase the latency of
embedding creation and indexing, thereby compromising the
RAG system’s performance and energy consumption.

Thus, a comprehensive characterization of an end-to-
end RAG system becomes necessary. In this work, we
build an end-to-end RAG benchmarking framework, Athena,
that supports various embedding models, vector databases,
index/search algorithms, and LLMs. By characterizing the
system under various RAG settings built using Athena, we
demystify RAG by identifying performance bottlenecks and
quantifying the impact of each sub-component on overall
system performance. In addition, the plug-and-play, open-
sourced Athena framework is designed to assist future RAG
research.

Index Terms—Retrieval Augmented Generation (RAG), Vec-
tor Database, Large Language Model (LLM)

I. INTRODUCTION

Large Language Models (LLMs) have demonstrated remark-
able success in a wide range of natural language processing
tasks, including question answering, conversational agents,
machine translation, summarization, and code generation [4],
[7], [9], [12], [30], [33], [36], [50], [58]. Their ability to
generate coherent and contextually relevant texts has rev-
olutionized the way users interact with information and
language systems. However, despite these capabilities, LLMs
still suffer from several critical limitations. These include
static model knowledge [14], where the model’s information
is fixed at training time and cannot incorporate newly
available facts, and hallucination [32], where the model
generates plausible-sounding but factually incorrect content.
These issues significantly hinder the deployment of LLMs in
knowledge-intensive domains [31], [61].

Retrieval Augmented Generation (RAG) has emerged as a
promising solution to mitigate these challenges by augmenting

2835-2238/25/$31.00 ©2025 IEEE
DOI 10.1109/IISWC66894.2025.00013

28

(D Vector Embedding Creation and Storage

External _, Embedding

Corpus Model
______________ ?‘ VectorDB VectorDB
Storage Index Builder
Input | Embedding
Document Model

(® Vector Index Creation
@2 Long-Seq Input Encoding

VectorDB
Retriever

LLM _, Embedding
Query Model

@ VectorDB Retrieval (TopK Search)  (5) LLM Query and Generation

Fig. 1: RAG execution flow that covers common use cases.

LLMs with external knowledge [5], [20], [53]. In a typical RAG
pipeline, an external retriever fetches relevant documents or
facts from a large corpus, often using vector similarity search,
and these retrieved results are appended to the prompt fed
into the LLM. Leveraging the information retrieval power
of RAG, LLMs can generate high-quality responses, process
longer prompts, and require less frequent model training.
Due to the effectiveness of RAG, RAG-based LLM systems
have been widely adopted in production-scale applications
by leading companies such as Google REALM [16], Microsoft
GraphRAG [13], and Nvidia InstructRetro [62].

Despite the effectiveness in solving the LLM pitfalls, RAG
introduces several new challenges: (1) RAG is a large system
that is inherently heterogeneous. According to Figure 1, RAG
consists of multiple stages, including embedding models,
vector databases, generative LLMs, and optional models such
as query re-writers and re-rankers [15]. The vector database
usually runs on the CPU server while the models execute on
GPUs or other machine learning accelerators. (2) RAG systems
are highly configurable. Their performance and accuracy are
highly dependent on key factors such as the dimensions
of vector embeddings, choice of embedding models and
LLMs, vector retrieval algorithms, and the batching strategy
throughout the pipeline.

Recent works have focused on optimizing many individual
components of RAG, such as vector databases and vector
search, from both software [20], [22], [37] and hardware [21],
[51], [64] perspectives. However, there is still a lack of a
systematic study on the complete RAG pipeline to understand



the interplay of the various components and their configu-
ration settings. This gap makes conducting research in RAG
systems particularly challenging. We present Athena — a
plug-and-play advisor for Retrieval-Augmented Generation
using vector databases. Athena consists of commonly used
RAG components such as embedding models, vector databases,
vector retrieval algorithms, and LLMs. It is integrated with
various open-source frameworks such as vLLM, Ollama,
Milvus, and Postgres [28], [45], [60], [63]. The combinations
and flexibility of these modules make it possible to build
typical RAG systems for various purposes. Athena reports
key metrics and assists designers in identifying relationships
between sub-components, significantly reducing the effort of
RAG design space exploration. Using Athena, we construct
several different RAG pipelines by swapping modules and
share insights into their performance characteristics and
potential optimization opportunities.

II. BACKGROUND
A. Embedding Models

In RAG, unstructured information, such as text and images,
is represented as vector embeddings. Typically, these vector
representations are derived from pre-trained embedding
models. For example, image embeddings are produced using
Vision Transformers [11], [68] and Convolutional Neural
Networks [68], and text embeddings are generated using
bidirectional embedding models (BERT models) [10] and
decoder-only LLM-based models [29]. The Massive Text
Embedding Benchmark (MTEB) [44] is a state-of-the-art
leaderboard that ranks various text embedding models in
tasks such as information retrieval, clustering, and translation
based on a composite score including nDCG@Xk, and recall@k
evaluated on BEIR [43], [59]. In addition to embedding quality,
embedding models also differ in features such as model size,
embedding size, and max input tokens, which can affect
both RAG system performance and generation accuracy. For
example, a larger model may have longer embedding latency
and produce a large vector, making retrieval slower. However,
the retrieved documents may be more relevant to the question
and increase the generation accuracy.

B. Nearest Neighbor Search

Vector representations are retrieved using Nearest Neighbor
Search (NNS) algorithms. Given a query vector and a set of
stored vectors in a high-dimensional space, NNS identifies
K vectors in the collection that are the most similar to the
query under distance metrics such as Euclidean distance, inner
product, and cosine similarity. This operation is typically
referred to as a TopK search. The accuracy of a TopK search
is measured by its recall rate. The recall rate is defined as the
percentage of the returned results that are objectively closest
to the query vectors. NNS algorithms are divided into two
categories based on the tradeoff between speed and accuracy:
Exact NNS (ENNS) and Approximate NNS (ANNS).

Approximate Nearest Neighbor Search [39], [57] can
significantly reduce TopK search latency and thus improve
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scalability on larger datasets by sacrificing the recall rate.
A wvector index is a data structure that organizes the vector
embeddings to speed up TopK searches. To use an ANNS
algorithm for a TopK search, a vector index structure must
be built, and the algorithm efficiently traverses the index
structure to perform an approximate search. Multiple popular
indexing schemes have been proposed and deployed; choosing
which index to build and to perform the TopK search has
direct implications for RAG system performance.

In contrast, Exact Nearest Neighbor Search guarantees a
perfect recall rate and does not need a vector index. The
algorithm is much simpler because it does not search while
accessing the index. Instead, ENNS finds the most similar
vectors by exhaustively scanning all stored vectors, which
usually incurs higher TopK search latency. However, ENNS
remains useful in scenarios where higher recall or zero
indexing overhead is required [20], [51].

C. Vector Database

Vector database [37], [67], [70] serves as the core component
that performs retrieval. It specializes in efficiently storing,
indexing, and retrieving vector representations. These vector
representations, derived from machine learning models, en-
code information about unstructured data such as text, image,
and audio. In the context of vector databases, a hybrid query
is often executed. In addition to the traditional scan, join,
and aggregation operators, a hybrid query supports vector
operators such as TopK vector similarity search. Different
vector databases employ different vector search engines and
interact with data in distinct ways. For example, Milvus [63]
is a modern in-memory database built upon Faiss [23]. It
loads all relevant data into system memory and processes
them segment by segment. Pgvector [49], a PostgreSQL [60]
extension for vector search, follows traditional relational
databases to directly read data from the disk, which makes
Pgvector much lighter-weight. We continue to discuss Milvus
and Pgvector in Section 3.

D. RAG Pipeline

A RAG execution pipeline typically consists of the fol-
lowing steps/components as depicted in Figure 1: (1) Vector
Embedding Creation and Storage, (2) Long-sequence Input
Encoding, (3) Vector Index Generation, (4) VectorDB Re-
trieval or TopK Search, and (5) LLM Query using Retrieval-
Augmented Generation and LLM Response. Vector Embedding
Creation and Storage converts an external plain-text corpus
into embeddings using an embedding model. Both the plain
texts and their corresponding vector embeddings are stored in
a vector database (VectorDB). Long-sequence Input Encoding is
necessary when an input document is large (e.g., long input
contexts for LLM queries) and needs to be converted into
vectors in real time using a document encoder as part of the
LLM query processing. Vector Index Generation is necessary
when an approximate nearest neighbor search algorithm is
used for retrieval (either for speed or for scale), but it is
omitted if an exact nearest neighbor search algorithm is
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Fig. 2: Athena System Diagram

employed. VectorDB Retrieval performs a TopK Search using
ANNS or ENNS algorithms and returns the TopK vectors that
are most similar to the query vector. LLM Query using RAG
and LLM Response is the last step where a query is augmented
with the TopK search results from the previous step to provide
a more accurate response. Note that when a user submits a
LLM query (or a prompt), the query needs to be converted
using the same embedding model from step (1) before it can
perform a search in step (4). The augmented query with the
retrieved information is then used in step (5) to prompt the
LLM for a response.

RAG systems also contain optional components such
as query rewriters [38] and result rerankers [15]. These
peripheral stages assist RAG in case users give vague or
complex queries [15], [38], [55]. In query pre-processing,
a rewriter can either rephrase the query or decompose a
complicated query into multiple simpler ones. After the
TopK vectors are retrieved, a reranker model can provide
an additional filter to improve retrieval quality.

E. Common Use Cases of RAG

The most common use case of a RAG system is Hyperscale
retrieval [6], [20]. RAG execution in this use case closely
follows the pipeline introduced in the previous section. The
VectorDB stores an enormous amount of external corpora and
dynamically retrieves information relevant to users’ prompts
to facilitate LLMs with external knowledge at inference time.
In addition, prior work has shown that Hyperscale retrieval
with smaller LLMs generates matching or even better quality
responses compared to larger LLMs. For example, with a
two trillion token database, RETRO with 7B parameters from
Deepmind [6] obtains comparable performance to GPT-3 [8],
which has 175B parameters. The embedding and indexing
steps (D and (3)) are typically performed offline using
powerful distributed infrastructure, while the retrieval and
generation steps ((4) and (5)) are executed in real time.

RAG is also useful in long-context sequence processing [13],
[20], [69]. One notable example is question answering based
on a long document that users uploaded in real time. Instead
of brute-force processing the entire document, a more effective
approach is to treat the document as a knowledge base and
retrieve only the relevant information. In this case, the five-
step RAG pipeline has a key variation: steps (1), 2), and (3

TABLE I: Vector Indexing Algorithm Parameters
[ Index Type |

Building Params | Search Params |

M =16, ef _construction = 64 ef _search = 64

HNSW M = 32, ef _construction = 128 ef _search = 64
M = 64, ef _construction = 256 ef _search = 64

m = 16, nlist = 1024 nprobe = 128

IVF-PQ m = 32, nlist = 2048 nprobe = 128
m = 64, nlist = 4096 nprobe = 128

must be performed at inference time. The size of the database
is also much smaller compared to Hyperscale retrieval.

III. ATHENA FRAMEWORK

As previously discussed, prior work mainly focuses on
optimizing individual components of RAG, such as vector
databases and nearest neighbor search. The lack of systematic
characterization and benchmarking poses challenges to RAG
research because RAG execution consists of many heteroge-
neous components that make it difficult to predict RAG system
performance. To support the understanding of RAG and assist
RAG system design, we develop the first RAG benchmark
framework that evaluates the end-to-end performance of RAG
systems.

A. Athena Features

Athena provides the following features:

(1) An End-to-End Framework: Figure 2 illustrates the
high-level system overview of our framework. Athena covers
many building blocks of RAG. To our knowledge, this is
the first end-to-end RAG benchmarking framework. We start
with data preparation, which involves creating the vector
embeddings from plain-text documents, inserting the vectors
into databases, and optionally building an index. This can
be done either offline or in real time, depending on the use
case. Using the embedding model, we then map plain-text
user query questions to the same embedding space. A search
query is executed in the selected vector database using the
pre-determined nearest neighbor search algorithm. Finally, we
augment the search query with the retrieved documents and
prompt the large language model using a zero-shot format,
meaning the model receives no prior examples and must
generate an answer based solely on the provided documents.

(2) A Modular Framework: Given the rapidly evolving
and dynamic nature of RAG system development, Athena
does not use any performance simulation and examines only
real application behavior on CPUs and GPUs. We provide a
simple and standardized abstraction interface between each
RAG component and support plug-and-play capabilities. It
directly receives a system configuration file to customize the
RAG system. If the user wants to substitute one component,
only minimal changes to the interfaces would be required.
For example, our framework is integrated with Python
libraries like Huggingface Transformer [17] and frameworks
like Ollama [45] and Vllm [28]. Considering the high cost
of embedding generation on large datasets, we have also
provided an embedding vector dataset on Wikipedia articles
with three different vector dimensions (384, 1536, 4096).



However, we have limited freedom in plugging in a new
nearest neighbor search algorithm as they require substantial
modifications to the vectorDB that supports these indexing
schemes. Adding currently unsupported indexing schemes or
supporting other vectorDBs are out of scope for this version
of Athena and left for future work.

(3) An Advising framework: The number of choices
available in each RAG system building block or component
results in a very large design space. Our framework works
seamlessly with profiling tools and generates insightful
data that guides the system design process. The framework
integrates AMD pprof and Nvidia Nsight for CPU and GPU
hardware performance metrics. It can generate performance
and accuracy metrics such as latency, throughput, recall rate,
and generation accuracy under any system configuration.
With the guidance of these data, the framework helps its
users easily identify bottlenecks in their RAG systems.

B. Athena Components

Using Athena, we can compose different RAG systems
by curating the following components. We evaluate system
performance with experiments and results presented in Sec-
tion IV.

Dataset: We use Google’s Natural Questions (NQ) dataset [27]
to evaluate RAG systems. These questions are designed for
knowledge-intensive tasks. The Meta KILT benchmark [48]
collects the NQ dataset and splits it into nq-dev and ng-train.
We use ng-dev, which contains approximately 2,800 questions
with golden answers in our experiments. The knowledge
related to the questions is included in Wikipedia articles. Fol-
lowing an existing method [26], we pre-process all Wikipedia
articles by splitting them into chunks that contain 100 tokens.
We acknowledge that a different chunking mechanism may
lead to different results.

Embedding Model: To study the effect of embedding size
quality, we select two embedding models from the MTEB
benchmark based on their retrieval task scores and number
of output dimensions. BGE-small-en-v1.5 [3] is a BERT-based
embedding model trained for vector retrieval tasks. It outputs
384-dimensional vectors and achieves a high retrieval score
of 51.68 (retrieval scores range from 0 to 100, higher better,
with 100 being the perfect retrieval score). INF-retriever-v1-
1.5b [66] is a slightly larger model based on INF-retriever-v1,
with an output vector size of 1536 dimensions. Unlike the
previous model, it adopts a decoder-only architecture similar
to LLMs. It achieves a slightly higher retrieval score of 60.83
on the MTEB benchmark.

Vector Database: We choose two vector databases: Mil-
vus [63] and Postgres [60] with Pgvector [49]. Milvus is
an open-source in-memory vector database built for billion-
scale vector search and storage. Its vector search engine is
built on top of Faiss [23], a high-performance vector search
library developed by Meta Al Milvus supports brute-force,
graph-based, quantization-based, and even GPU-accelerated
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search algorithms. Pgvector is a vector search extension for
PostgreSQL (PG or Postgres). PG has attracted numerous
users and has been applied to a broad range of use cases.
Unlike modern vector databases specifically designed for
vector search, PG uses a standard SQL interface, which
supports complex SQL queries with operations such as joins
and window functions. It also runs seamlessly with many
extensions. In addition, since it is a traditional relational
database, it manages data on disk rather than being fully
in-memory, which makes it lightweight and cost-effective.
Pgvector is one of the most popular vector extensions and
has attracted significant attention from academia. Many
papers [37], [67] aim to optimize vector search performance
based on Pgvector. These two candidates provide a clear
contrast in the system architecture of vector databases.

Large Language Model: We use LLaMA-3.1 8B and 70B [46]
via the Ollama framework [45] as the backbone language
models for response generation in our RAG experiments. Both
models are decoder-only transformer architectures released by
Meta [1]. With LLaMA-3.1 70B and LLaMA-3.1 8B [46], we are
utilizing the latest iteration of each model size still capable of
handling input contexts of 11,000 tokens, which is essential for
processing the full set of retrieved documents in our setup.
The 8B model offers a strong baseline performance with
relatively low computational requirements. In comparison,
the 70B model is closer in quality to proprietary frontier
models such as GPT-4 [47], enabling us to explore the tradeoff
between speed, memory footprint, and response quality across
LLM scales.

Ollama [45] provides a low-friction interface for local
model execution and supports quantized model variants (e.g.,
g4_K_M) that significantly reduce memory usage by storing
model weights in 4-bit precision instead of the default 16-
or 32-bit floating point formats. This allows large models
like the LLaMA 8B to run efficiently on consumer-grade
GPUs, while still making it possible to evaluate the much
larger 70B model on machines with larger memory or multi-
GPU setups. Quantization not only enables deployment on
resource-constrained hardware but also improves inference
speed with minimal degradation in accuracy — a crucial factor
for practical experimentation at scale.

In our RAG pipeline, the LLM receives a prompt consisting
of a zero-shot template that incorporates both the user
question and the retrieved documents. The document injection
format is based on widely adopted prompt engineering
practices in prior RAG literature. The retrieved chunks are
output from the vectorDB TopK search, using the selected
embedding model and NNS. These chunks are then injected
into a prompt template alongside the user query to guide
generation. We use zero-shot prompting without fine-tuning
to assess the LLMs’ out-of-the-box performance, isolating
the effects of retrieval size and vector database behavior on
overall system quality.

To evaluate generation quality, we use ROUGE-1 [34] as
our primary performance metric, which measures unigram



TABLE II: Representative KPIs reported by Athena for RAG system evaluation.

[ Dimension | Representative KPIs |
Quality p99 latency, average latency, recall rate, LLM generation accuracy, time-to-first-token (TTFT)
Capacity VectorDB throughput (QPS), LLM throughput (QPS, tokens/sec), embedding model throughput

Cost Power consumption breakdown, memory utilization, hardware resource usage

overlap between the generated answers and ground-truth
references. ROUGE-1 is widely used in recent RAG and open-
domain QA evaluations due to its simplicity and robustness to
minor phrasing differences [18], [19], [54]. Given that many
benchmarks, such as those derived from Wikipedia-based
QA datasets, rely on corpora that have evolved over time,
ROUGE-1 provides a reasonable proxy for factual consistency
even when exact document matches are no longer guaranteed.
This is especially relevant in our setup, where the document
corpus may diverge from the one used in earlier benchmark
constructions.

Nearest Neighbor Search Algorithms: We evaluate two
ANNS algorithms: HNSW and IVF-PQ.! HNSW [39] is a
commonly used graph-based approximate nearest neighbor
algorithm with low latency and high recall rate. It builds
a multi-layered proximity graph which usually contains 3
levels. Each layer contains a subset of points from the layer
below, with layer 0 containing all data points. Higher layers
(i.e. layers 1 and 2) serve as navigation shortcuts, containing
exponentially fewer points. During index construction, each
new point is assigned a random layer level. The algorithm
searches for nearest neighbors starting from the top layer
and progressively moves down, maintaining a dynamic
candidate list of size ef _Construction at each layer. From these
ef _Construction candidates, it selects the M best neighbors to
create an edge between them and the new data point. Larger
ef _Construction and M values improve search accuracy at
increased computational cost. HNSW search follows a greedy
search strategy beginning at the top layer. The algorithm
maintains a similar dynamic candidate list of size ef_Search,
exploring the graph by examining neighbors of the current
best candidates. The algorithm returns the approximate TopK
when the dynamic list meets a certain termination condition.

IVF-PQ [25], on the other hand, is known for its low
memory requirement. Its index construction consists of two
phases: Inverted File Indexing (IVF) and Product Quantization
(PQ). In the IVF phase, a k-means algorithm partitions the
dataset into nlist clusters. Each vector is assigned to its nearest
centroid (referred to as IVF centroid). In the PQ phase, residual
vectors (original vector minus centroid) are computed within
each cluster. Each residual is divided into m equal-length
sub-vectors. Each sub-vector is quantized using a separate
k-means with 2" centroids (referred to as segment centroid),
each associated with an id. The original residual vector within
each cluster is represented by a more compact m-dimensional
vector of ids. A codebook is maintained to map segment
centroid ids to the actual segment centroid vectors. At query

!Unfortunately, Pgvector does not currently support IVF with product
quantization, so we only evaluate HNSW on PG.

TABLE III: Postgres Configurations

[ Parameter [ Value |
work_mem, shared mem, maintenance_work_mem 128GB
effective_cache_size 256GB
max_worker_procs 128
max_parallel_workers, max_paralle]_maintenance_workers 64

time, the algorithm identifies the nprobe closest IVF clusters.
For each, it computes the residual against the IVF centroid,
splits the residual into m segments, and constructs lookup
tables containing distances from each query segment to all
2Pt centroids. Approximate distances to all database vectors
are computed by summing values from the lookup tables,
using their PQ codes.

In our experiment, we built both HNSW and IVF-PQ
using three different setups. Table I lists the combinations
of parameters. A combination of larger parameters means a
larger index building effort and implies better search recall
but worse latency. To refer to them effectively, we name them
by their index name plus their building effort. For example,
an HNSW indexing using low effort is called HNSW_0.

Batch Size: Many components in the pipeline - including
the vector database, embedding model, and large language
model - support batched queries to improve utilization and
throughput. While larger batch sizes can boost throughput by
increasing system resource utilization, they may be impractical
in latency-critical applications where queries must be served
within a tight response window. In such scenarios, waiting to
accumulate a large batch can introduce unacceptable delays. In
addition, high throughput inevitably sacrifices latency because
of resource constraints. To capture this tradeoff, we sweep
the batch size in powers of 2 from 1 to 32 and evaluate its
impact on system performance.2

Key Performance Indicators (KPIs): Our tool provides a
comprehensive set of KPIs to evaluate retrieval-augmented
generation (RAG) systems. Since effective RAG design requires
balancing quality, capacity, and cost-efficiency, Athena reports
metrics across all three dimensions (Table II). Athena collects
fine-grained statistics across the query pipeline to capture
trade-offs among latency, throughput, and accuracy, while
also profiling hardware utilization and power consumption
to assess overall cost-effectiveness.

IV. CHARACTERIZATION OF RAG SYSTEMS

A. CPU and GPU System Configurations

RAG systems utilize both CPUs and GPUs. Our experiments
are conducted on a Standard NC40ads H100 v5 instance on
Microsoft Azure [42], which has a 40-core AMD EPYC 9V34

%Postgres uses a modified SQL interface to perform vector search and does
not support any batch size greater than 1.
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Fig. 3: Embedding generation and vector search throughput and their corresponding average and P99 latencies.

processor [2] running behind a virtual machine hypervisor
and 320 GB of DRAM. The system is equipped with an
NVIDIA H100 GPU with 94 GB of HBM, connected via a
PCle x16 interface. As mentioned in the previous section,
Athena supports two VectorDBs, Milvus and Postgres. Milvus
is an in-memory database, so unless memory is limited, it
does not interact with disk. In contrast, Postgres stores its
data in an Azure P50 premium SSD instance that features a
maximum bandwidth of 1,000 MB/s and 30,000 IOPS. Table III
shows the Postgres configurations. For experiments requiring
access to hardware performance counters, we use a server
with a 48-core AMD EPYC 7643 CPU and eight memory
channels, each populated with 32GB DDR4-3200 DIMMs. In
all experiments, we host the embedding model and the LLM
on the same H100 GPU. We host the vector databases on the
CPU and do not run any retrieval on the GPU (note: this
setup is typically used in practice) because running retrieval
on the GPU requires significantly more GPU memory, which
dramatically increases the cost of a system.

B. Experimental Setup and Results Analysis

In this section, we examine research questions specifically
designed to understand the performance characteristics of
the RAG system using various RAG system components,
including latency, throughput, recall, memory usage, and
power consumption. We design experiments and analyze
results to derive insights that assist RAG system developers
in making informed tradeoffs.

Q1. How does the choice of each RAG component affect the
query latency and throughput?

Experimental Setup To realistically evaluate the perfor-
mance of an RAG system, it is important to consider that
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such systems are designed to serve multiple concurrent users
rather than a single isolated request. Since the VM we use
contains 40 physical cores, to find the maximum achievable
throughput, we launch 40 threads in parallel, with each
sending a request of batch size b to both the embedding
model and the vector database. We leave the discussion of
LLM to a later section. To reflect realistic serving performance,
we deploy the embedding model using Ollama [45], an open-
source framework. To provide a comprehensive view of system
responsiveness, we report both the average latency, which
captures typical performance, and the 99th percentile (p99)
latency, which reflects tail behavior and worst-case delays. We
examine the scalability of the system by varying batch sizes in
powers of 2 from 1 to 32. System throughput is computed as
the total number of queries (number of requests x b) divided
by the total elapsed time to complete all requests. Latency
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is measured on a per-query basis. Table IV below lists RAG
system component configurations for this set of experiments.

TABLE IV: Q1 Experimental Configs

\ Component \ Configurations |
Batch Size 1, 2, 4, 8, 16, 32
Vector Embedding Dimension | S (d = 384), M (d = 1586)
VectorDB Milvus, Postgres
Indexing Algorithm HNSW, IVF-PQ

Observations Figure 3 plots the average and p99 latencies
(top row and bottom row respectively) vs. throughput of RAG
queries using the nq-dev dataset retrieving Top 10 and Top
100 vectors varying batch sizes (each point in the figure rep-
resents a batch size, 1-32 going from left to right) and vector
embedding dimensions (small and medium). Both VectorDBs
are plotted, as well as the performance of embedding vectors.
Data points (i.e., RAG system configurations) closer to the
bottom right of the figures are better (i.e., higher throughput
and lower latency). Note that in rare cases, embedding vectors
become system bottlenecks.

Average latency At a small batch size, average embedding
generation latency dominates both medium and small size
vectors. Despite the slightly longer latency of IVF-PQ under
medium vectors, Milvus HNSW and IVF-PQ have very similar
latency. Since Postgres is not an in-memory database, its
HNSW latency is approximately three orders of magnitude
larger than Milvus.

P99 latency Embedding generation on GPU shows less
difference between P99 latency and average latency. This
means GPU embedding generation has a more stable and
better worst-case performance.

Scalability Generally, increasing the batch size per request
of embedding generation and Milvus vector search results in
a better throughput until reaching the maximum achievable
throughput. At this threshold, the latency continues to
increase without any gain in throughput because the requests
are stalling for resources. For small vectors, we do not observe
this threshold in vector search, even with a batch size of 32.
Consequently, GPU embedding generation throughput does
not increase after a batch size of eight. For medium vectors,
both phases reach maximum throughput at batch size of 8.
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accuracy under different RAG configurations.

HNSW scales slightly better than IVF-PQ, especially when
the number of dimensions is higher.

TopK Search Performance IVF-PQ search performance is
not affected by the choice of k because the algorithm computes
the approximate distance of all pairs and sorts them to obtain
the first k results. However, k has a significant impact on
HNSW search performance, even on small vectors. This is
because in HNSW, the graph traversal needs to run through
more nodes until finding k valid candidates. This means the
number of distance computations and pointer accesses scales
with the value of k.

Q2. How does the choice of each RAG component affect the
retrieval recall rate?

Experimental setup While ANNS gives better search per-
formance, its imperfect retrieval recall may cause generation
with bad quality. For all six different indices we build, we run
all 2800+ questions in the ng-dev and compare the retrieved
documents with ENNS ground truth. Table V below lists RAG
system component configurations for this set of experiments.
The results are presented in Figure 4.

TABLE V: Q2 Experimental Configs

[ Component [

Configurations |
0, 1, 2 (low, med, high) effort
S (d = 384), M (d = 1586)
Milvus
HNSW, IVF-PQ

Indexing Algorithm Effort
Vector Embedding Dimension
VectorDB
Indexing Algorithm

Observations Although HNSWO is usually believed to
generate a relatively simple graph, it already achieves more
than 90% recall for both medium and small vectors. Building
a more complex graph under this scenario is not rewarding.
However, IVF-PQ_2 achieves a sufficient recall rate at around
70% to support the LLM generation according to our previous
findings. IVF-PQ performs slightly better on small vectors.
Because we keep the same parameters for vectors of both
sizes, the medium vectors are quantized more aggressively
compared to the small vectors.

Q3. What retrieval configuration yields the best tradeoff between
efficiency and generation accuracy in RAG systems?

Experimental Setup To identify the most practical retrieval
configuration for RAG systems, we evaluate the impact of



TABLE VI: Q3 Experimental Configs

Component \

# of Retrieved Chunks
Vector Embedding Dimension

Configurations |

Top 10, Top 100
S (d = 384), M (d = 1586)

VectorDB Agnostic because recall rates are set
Retrieval Recall(@K) 20%, 40%, 60%, 80%, 100% (ENNS)
LLM Model No model, 8B, 70B

three variables on downstream LLM answer quality and
system performance. To evaluate the runtime tradeoffs of
different LLM configurations, we measure the average latency
and throughput across batch sizes for LLaMA 3.1 8B and
LLaMA 3.2 70B. We define batch size as the number of
LLM queries issued concurrently. This setting reflects the
real-world behavior of RAG systems deployed in production
environments with multiple simultaneous user requests. By
systematically varying the batch size, we assess how well each
model configuration scales with parallel demand. Table VI
below lists the variations we examined.

Observations Figure 5 plots the average latencies vs.
throughput of LLM queries with Top 10 and Top 100 retrieved
chunks of both the 8B and 70B models (left). We also plot the
generation accuracy of both models with different numbers of
chunks at different recall rates (right). The accuracy baseline
is obtained by prompting the LLMs without providing any
context. To quantify and visualize the embedding accuracy, we
measure and plot the ROUGE-1 score between the retrieved
chunks at different recalls and the golden answers (middle).

Query Latency and Throughput The 8B model consistently
outperforms the 70B model in both latency and throughput.
The 8B configuration peaks at batch size 8 in throughput,
matching the system’s concurrency limit, while the 70B model
fails to scale with batch size due to GPU memory constraints.

As expected, Top100 document inputs result in higher
latency than Top10. The only configuration pair with com-
parable latency and throughput is 70B with 10 documents
versus 8B with 100 documents. In all other cases, the 8B
model is both faster and more scalable, making it a more
efficient choice for real-time or resource-constrained settings.

The 8B model peaks at batch size 8, which aligns with
the system’s concurrency setting. In contrast, the 70B model
shows degraded throughput beyond batch size 1, likely due to
GPU memory limitations that prevent simultaneous inference.
Predictably, Top100 documents lead to higher latency than
Top10 across all models.

Accuracy Surprisingly, the small embedding model consis-
tently outperforms the medium one across recall levels. This
contradicts prior expectations that larger embeddings should
capture semantics more effectively [66]. Upon inspecting
the retrieved documents (middle plot), we found that the
medium embedding model retrieved less relevant content. We
suspect that our use of a chunk size of 100 tokens, which is
significantly shorter than the medium model’s longer token
length, prevents us from exploiting its advantage. However,
the significantly larger number of dimensions exaggerates the
curse of dimensionality [65].
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Fig. 6: HNSW Search Latency vs. Memory Availability (Batch
Size = 1).

In line with findings from prior work [52], we observe
that using only the Top10 retrieved chunks consistently
outperforms Top100 retrieval in generation quality (right
plot). Similarly, ANN with approximately 80% recall achieves
near-parity with ENN while being significantly faster. These
findings indicate that RAG pipelines benefit more from
targeted retrieval and prompt efficiency than from exhaustive
context aggregation.

Based on these findings, we did not evaluate the configu-
ration combining either the medium or the small embedding
model, 70B LLaMA, and Top100 retrieval. These combina-
tions would have resulted in significantly higher computa-
tional cost, while both components—medium embedding and
Top100—individually underperformed their smaller or shorter
counterparts. Since the small embedding model outperformed
the medium one, and Top10 documents consistently yielded
better results than Top100 in both latency and accuracy, this
configuration was unlikely to provide additional insights and
would have been dominated by other evaluated settings.

Efficiency vs. Accuracy From the results obtained, we
conclude that the best tradeoff between system efficiency
and generation accuracy is achieved using Top-10 docu-
ments, a small embedding model, and ANN retrieval with
~80% recall rate running on a LLaMA-3.1 8B model. This
configuration offers fast, cost-effective inference without
significantly sacrificing answer quality. While the 70B model
achieves the highest generation accuracy across all settings,
its improvement over the 8B model is modest (approximately
5%), and must be weighed against its substantially higher
latency and resource requirements. These results demonstrate
that scaling up individual components—such as model or
embedding size—does not necessarily yield proportionate
improvements in end-to-end RAG performance.

Q4. In what scenario would ENNS be acceptable in terms of
system performance?

Experimental Setup and Observations Despite the high
performance of ANNS, ENNS still needs to be considered
when designing a RAG system. Since ENNS is running a
brute-force k-nearest-neighbor algorithm in the backend, it
offers two key advantages: 1) It always has a perfect recall
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rate of 100%, and 2) it does not require an index build. In
our experimental setup, we assume data insertion and index
building are offline and do not discuss their performance, as
all indices we include need multiple hours to build. However,
from our experimental results, a perfect recall is not required
to saturate the generation accuracy of the LLM. ENNS exhibits
long latency and poor scalability, particularly when the system
load is high, even in the absence of an index build. At a low
system load, the best-case average latency is 1.56 seconds
and 4.6 seconds for small and medium vectors, respectively.
When Milvus is serving 40 clients, the average latency is
approximately 40.2 and 156.4 seconds, and the throughput is
0.92 and 0.25 queries per second. This is over three orders
of magnitude larger than the latency and two orders of
magnitude smaller than the throughput if an ANN algorithm
such as HNSW is used.

Q5. What is the RAG system performance bottleneck given a
reasonable generation accuracy?

Experimental Setup Based on the experiment results we
obtained, we find that under our RAG setup, a combination of
small embedding, HNSW indexing using low effort or IVF-PQ
indexing using high effort, and a Llama 3.1 8B model achieved
the best balance between generation accuracy and system
performance. To understand the system latency bottleneck of
RAG systems containing the above components, we present
the latency breakdown in Figure 8. We profile the time-to-
interaction, shown by time-to-first token (TTFT) [56] for the
LLMs, retrieval latency, and embedding generation latency,
and report the ratios for three phases.

Observations Our results show that using an in-memory
database like Milvus with ANNS, the LLM generation latency
always dominates the end-to-end response time. Also, LLM
clearly scales worse than vector search when the batch size is
larger. This suggests that more resources need to be allocated
to host LLMs, and one powerful CPU might be able to serve
vector retrieval for many GPUs.

Q6. What is the memory footprint of different search algorithms,
and how sensitive is their performance to available memory?

Problem Statement Although HNSW offers superior latency,
throughput scalability, and near-perfect recall, it requires
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access to all original vectors and the entire index graph due
to its graph-based design without quantization. This leads to
high memory usage, especially in in-memory databases like
Milvus for high-performance applications.

Scaling system memory is both costly and limited. Memory
capacity is constrained by the number of DIMMs, which in
turn is bounded by the number of memory channels and CPU
socket pins. The cost of higher-capacity DIMMs increases
non-linearly with memory size. For example, a 256GB DDR4
DIMM is much more expensive per GB than a 64GB DIMM.
This non-linear cost scaling makes memory one of the most
expensive resources in modern systems.

Experimental Setup To evaluate its sensitivity to available
system memory, we profile the search latency of HNSW_0
(i.e., low effort HNSW indexing) on medium-sized vectors
using a batch size of 1, while systematically restricting the
memory accessible to the Milvus runtime. We select the
medium embedding vectors because it has higher memory
requirements, providing a broader range for system memory
limitations. We also include IVF-PQ_2 (i.e., high effort IVF-
PQ indexing) running in Milvus and HNSW_0 running in
Postgres for comparison.

Observations Figure 7 shows the memory footprint of all
12 ANNS algorithms alongside the corresponding raw data
size. Intuitively, IVF-PQ uses less memory than the raw data
due to product quantization, while HNSW consumes more
due to the additional graph structure. Memory usage grows
approximately linearly with the index-building parameter
values. Although HNSW scales better and achieves higher
recall, its search performance degrades by more than two
orders of magnitude when system memory is limited, as
shown in figure 6. Postgres requires less memory than
Milvus to maintain similar performance, thanks to its tuple-
at-a-time execution model, which is more memory-efficient.
As discussed earlier, IVF-PQ_2 achieves sufficient recall for
LLMs to generate accurate responses. While its throughput
scalability and worst-case latency are slightly worse than
HNSW, it remains competitive and cost-effective, especially
under memory-constrained scenarios.

Q7. Roofline Analysis
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Experimental Setup The roofline model is used to provide
hardware limitations on application performance and usually
gives insight into future hardware design to accelerate the
application kernels. We perform roofline analysis on all search
algorithms we run on Milvus by sending as many search
queries as possible (limited to 16384 per API call in Milvus)
and profiling the floating-point operation throughput and the
memory bandwidth of the system.

Observations Figure 9 shows the roofline model of 12
ANNS and 2 ENNS algorithms on both small and medium
vectors. All data points stay below the slope instead of the flat
line, indicating retrieval algorithms are memory bandwidth-
bound. We observe that ENNS and HNSW exhibit more stable
roofline characteristics compared to IVFPQ, whose arithmetic
intensity and achievable bandwidth do not correlate with
search effort. Overall, the arithmetic intensity corresponds to
the computational pattern of distance computations, in which
the distance between each pair of dimensions is computed
once. However, because we search multiple query vectors
simultaneously, one reference vector fetched from the database
memory should ideally be used more than once, as long as the
cache size permits. The result implies that reference vector
reuse is not fully exploited. This observation aligns with
recent works [35], [51], [64] that accelerate NNS algorithms
using processing-in/near-memory, as it directly addresses the
bandwidth bottleneck.

Q8. What are the CPU and GPU power consumption tradeoffs
in RAG systems?

Problem Statement Total Cost of Ownership (TCO) is an
important aspect of modern LLM system design. We do not
provide a RAG-TCO model directly because it depends on
the actual hardware devices used to host the RAG system.
However, power consumption directly affects TCO. Besides
TCO, power is essential to an edge RAG system device.
Understanding how different RAG components consume
power allows developers to identify energy bottlenecks and
optimize for cost-efficiency.

Experimental Setup Obtaining exact RAG system power
consumption and its breakdown is challenging: the non-
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Workload CPU Package per DIMM(x8) GPU
HNSW_0 (Milvus) 207.67 10.64-19.10 -
HNSW_0 (pgvector) 94.84 4.57-5.17 -
IVFPQ_2 (Milvus) 218.70 8.02-13.04 -
Embedding (Small) - - 299.21
LLM (8B) - - 354.89

TABLE VII: Measured CPU and GPU power (in Watts) at
saturated throughput.

trivial off-chip communication, such as CPU-GPU through
PCle, incurs significant power, which is hard to model or
profile. However, we can approximately decompose total
system power into: CPU package power, DRAM power, and
GPU power. We measure CPU and GPU power consumption
using AMD pProf for CPU package power and nvidia-smi
for GPU power metrics. We report DRAM power using
Micron’s DDR4 power calculator [40], which estimates power
analytically from DIMM datasheet parameters [41] and
runtime statistics such as bus utilization and row buffer
hit rate. Bus utilization is derived as the ratio of profiled
bandwidth to the theoretical maximum bandwidth, under the
assumption of evenly distributed accesses across all DRAM
channels. Accurately capturing row buffer hit rate would
require instruction-level simulation; therefore, we instead
report a power range by considering two extremes, 0% and
100% hit rates. We present results for the representative
balanced configurations discussed in Q5: a small embedding
model with HNSW_0, IVF-PQ_2, and an 8B LLM with Top-
10 fetched documents, while saturating throughput in each
component.

Observations Table VII shows that Milvus HNSW 0
and IVFPQ 2 consume similar levels of CPU power, while
HNSW_0 exhibits higher DRAM power, due to higher memory
bandwidth utilization. This may be related to the fact that
HNSW fetches entire vectors from memory when computing
distances. In contrast, pgvector’s HNSW consumes signifi-
cantly less CPU and DRAM power, which can be attributed
to its lower performance and smaller memory footprint.
The embedding model requires less GPU power due to
its significantly smaller model size compared to LLMs. As
expected, LLM inference is the most power-hungry stage,
reaching over 350 W on the H100 GPU. In practice, LLM
inference will account for an even larger share of the power
budget, since it is also the performance bottleneck of the
overall pipeline.

V. ExAMPLE CASE STUDY USING ATHENA

We showcase one example using Athena on long-context
processing. The details of this scenario are discussed in Sec-
tion II-E. At a high level, there are three different ways of
building a LLM system that allows long-context processing:
1) directly inject the long document into LLM prompts as a
context window, 2) pre-process the document, insert it into
the vectorDB, build an index, and prompt the LLM using the
original question augmented with retrieval information, and
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processing scenario with and without RAG

3) use the second option but do not build an index (i.e., use
an ENNS algorithm).

The first option is straightforward, but the large number
of tokens in the LLM prompt dilutes the density of useful
information presented and significantly increases the prefill
time. The second option follows the same pipeline as regular
RAG for knowledge-intensive tasks on large datasets. However,
building the index in real time adds more latency, so it may
fail the minimal response time requirement. Option 3 has
no index building time involved and gives perfect recall on
nearest neighbor search, but incurs additional retrieval latency.

Experimental Setup We construct all three RAG systems
using Athena. We use the most efficient combination of
system components of small vector embedding, Llama3.1-
8B model, and HNSW_0 with Top10 chunks as discussed
in Section IV. We chose Postgres as our backend database
for benchmarking instead of Milvus, as Milvus implements
some segment compaction optimizations that may degrade
performance.

We build a micro dataset from Google NQ by collecting
Wikipedia articles on NFL Super Bowls such that the total
number of tokens exceeds 100K, and apply the same data pre-
processing as discussed previously. We extract 26 questions
and corresponding golden answers. To study the influence of
different context lengths, we further extend the micro dataset
to 1 million tokens (10x) by inserting random documents
from our dataset.

Observations As shown in Figure 10, the LLM response time
of directly processing the long document (i.e., Option 1) is 3%
longer than that of using the Top10 retrieved documents (i.e.,
Option 2) because of the additional number of input tokens.
Using RAG only incurs a one-time additional data processing
time of 2.27s (1.39s for embedding the entire documents and
0.88s for inserting the data into Postgres). At search time,
an additional 0.05s is spent converting the query plain-text
to a vector embedding and performing the search. Building
an HNSW takes 0.2s and gives a 92% recall rate. However,
it only brings a negligible sub-millisecond benefit per query.
Based on our previous scalability analysis, an ENNS algorithm
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Fig. 11: At a larger scale long-context processing, building an
HNSW index beats the performance of brute-force ENNS.

is sufficient as long as this system does not serve multiple
users. On our micro-dataset, long-context processing with
RAG achieves 65% generation accuracy. Although the LLM can
answer most questions by directly injecting the documents,
its response indicates that the answer is not found in the
provided text, making Option 1 undesirable.

As shown in Figure 11, we also present a case in which
choosing ANNS is beneficial. We perform the same set of
experiments on the extended dataset and find that with
enough number of queries (50), ANNS using HNSW results in
a 1.53x speedup compared to brute-force ENNS. The existence
of this turning point highlights the importance of Athena,
which can guide developers in selecting the appropriate
strategy for different workloads.

VI. RELATED WORK

Prior works on RAG mainly optimize some components
relevant to RAG, whereas Athena provides the first benchmark
framework for RAG system design. We highlight those that
emphasize systematic analysis and design from both software
and hardware perspectives.

RAGO [20] designs a system optimization framework for
efficient RAG serving on Google server infrastructures. As
one of the first works that analyzes RAG systematically,
the authors present RAGSchema, which provides a modu-
lar abstraction that defines RAG systems for different use
cases. RAGO also proposes optimizations on task placement,
resource allocation, and batching policy. CHASE [37] is a
query search engine optimized for vector databases that
execute hybrid queries. CHASE rewrites hybrid query plans
generated by a traditional optimizer, introduces new vector
database-specific operators, and incorporates data-centric code
generation [24] to accelerate query execution.

Chameleon [21] is a heterogeneous accelerator system
for RAG with both LLM and vector search. It implements
an IVF-PQ accelerator on an FPGA and serves LLM on a
GPU cluster. The work disaggregates parts of IVF-PQ scan
and executes them on the GPUs. IKS [51] is a CXL-enabled
Process Near Memory (PNM) accelerator system designed
for efficient RAG inference. The work promotes ENNS over



ANNS due to its ease of acceleration and perfect recall
rate, which supports better generation accuracy. It integrates
multiple CXL Type-2 devices, each equipped with an ENNS
accelerator, communicating with the host via a cache-coherent
CXL.mem/cache interface to improve scalability.

VII. CONCLUSION

To support current and future research on Retrieval-
Augmented Generation (RAG) systems, there is an increasing
need for tools that offer systematic insights into the vast
design space. We introduce Athena, an end-to-end RAG system
advisor and benchmarking framework with plug-and-play
capabilities. Athena supports a wide range of components
commonly used in modern RAG pipelines and is highly
configurable to accommodate arbitrary new designs. Through
a variety of RAG pipelines built with Athena, we characterize
key system behaviors, such as latency, throughput, recall rate,
memory usage, power consumption, and generation accuracy,
providing a deeper understanding of RAG performance
tradeoffs. Additionally, we demonstrate how Athena can be
easily adapted to support diverse design objectives through a
long-context processing use case. We believe this work lays
a foundation for more systematic and informed RAG system
design in the future.
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