
©Copyright 2025

Madhav Kashyap



TeleRAG: Optimizing Retrieval for Retrieval-Augmented

Generation

Madhav Kashyap

A thesis

submitted in partial fulfillment of the

requirements for the degree of

Master of Science

University of Washington

2025

Committee:

Gina-Anne Levow

Anant Mittal

Program Authorized to Offer Degree:

Linguistics



University of Washington

Abstract

TeleRAG: Optimizing Retrieval for Retrieval-Augmented Generation

Madhav Kashyap

Chair of the Supervisory Committee:
Gina-Anne Levow

Department of Linguistics

Retrieval-augmented generation (RAG) has become essential for grounding large language

models with external datastores to enhance factual correctness and domain coverage. But

deployment presents a critical challenge: large language models and vector datastores com-

pete for limited GPU memory, often forcing datastores to the CPU and leading to slow

CPU-based retrieval latency.

This thesis introduces TeleRAG, a system that resolves this bottleneck through looka-

head retrieval, a technique that predicts and prefetches likely-needed vector search data

concurrently with large language model inference. We discover that queries at different

RAG pipeline stages exhibit semantic overlap, enabling effective predictive prefetching.

TeleRAG combines lookahead retrieval with profile-guided prefetching optimization and

GPU-CPU cooperative search. Evaluation across six RAG pipelines demonstrates 1.53× av-

erage latency reduction on consumer GPUs and 1.83× throughput improvement in batched-

query scenarios. Crucially, TeleRAG remains framework and algorithm agnostic, enabling

immediate deployment in existing production systems. By bridging CPU and GPU retrieval,

TeleRAG enables efficient RAG deployment for both latency-sensitive and high-throughput

applications, advancing retrieval-augmented across diverse environments.
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Chapter 1

INTRODUCTION

1.1 The Challenge of Modern Retrieval Augmented Generation Systems

Retrieval-augmented generation (RAG) has emerged as a transformative technique that ex-

tends the capabilities of large language models (LLMs) by integrating them with external

knowledge sources [60, 31, 14]. By retrieving the relevant information from external datas-

tores during inference time, RAG systems can help address the critical limitations of stan-

dalone LLMs, including hallucinations [54, 68, 82], and the inability to access up-to-date or

domain-specific information [39, 69]. This capability has made RAG a practical solution for

applications such as customer chatbots [8, 15, 21], financial analysis [66, 71], autonomous

driving [19, 103], and emergency medical diagnosis [33, 3].

Modern RAG applications exhibit two characteristics that create significant system-level

performance challenges. First, they are constructed as modular pipelines where a single query

undergoes multiple rounds of LLM generation and retrieval operations (query transforma-

tion [29, 108], retrieval reranking [88], post-retrieval response generation [12], summarization

[42], and execution flow judgment). Second, datastores are growing increasingly larger, up to

billions of tokens and hundreds of gigabytes in memory; with recent evidence demonstrating

that larger datastores consistently improve application accuracy [17, 54, 85]. These charac-

teristics impose significant latency and memory requirements on RAG systems, particularly

when deployed in resource-constrained environments or latency-sensitive scenarios.

The primary bottleneck arises from the competing memory demands of the LLM gen-

eration and vector search retrieval components. While GPU acceleration can dramatically

reduce both LLM generation and retrieval latency, hosting both components simultaneously

often exceeds available GPU memory requirement resources. For instance, deploying a repre-
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sentative question answering RAG system using a Llama-3-8B model (16 GB) [7] alongside a

61 GB FAISS vector index [27] requires approximately 77 GB of GPU memory, far exceeding

the capacity of consumer GPUs like the RTX 4090 (24 GB) [73]. Consequently, in local RAG

deployments, the retrieval datastore is typically offloaded to the CPU memory in order to

free up the GPU memory for LLM generation. However, CPU-based retrieval is 3.87-5.96×

slower than GPU-based retrieval. This results in the retrieval phase dominating 41-60% of

the total pipeline latency - clearly a major performance bottleneck.

This memory-latency tradeoff extends beyond local deployments and even into large-scale

data centers [1, 2, 11]. In serving scenarios where multiple concurrent requests are processed,

allocating GPU memory to the retrieval datastore directly reduces memory available for the

Key-Value cache of the LLM serving system, thereby limiting effective batch sizes and overall

throughput [58]. Existing approaches to accelerate RAG inference - including hardware

accelerators for retrieval [45, 81], KV-cache reuse [48, 64, 101], and speculative document

retrieval [95] - fail to address the fundamental memory bottleneck required to accelerate

retrieval during RAG.

1.2 Our Solution: TeleRAG with Lookahead Retrieval

A straightforward way to reduce RAG latency is to allow the GPU to accelerate both the

retrieval and LLM generation. This thesis presents TeleRAG, an efficient RAG inference

system that achieves low latency while minimizing GPU retrieval memory requirements using

a novel lookahead retrieval mechanism (See Figure 1.1).

The core insight underlying our approach is that modern RAG pipelines exhibit substan-

tial semantic overlap between queries at consecutive pipeline stages (specifically between

queries before and after the pre-retrieval stage). Consequently, the data-clusters relevant to

the initial input query retrieval have a high overlap with the data-clusters relevant to the

transformed query retrieval. Lookahead retrieval exploits this observation by proactively

prefetching likely-needed data-clusters from CPU to GPU memory during the pre-retrieval

generation stage, effectively hiding data transfer latency behind concurrent LLM computa-
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(a) Typical pipeline stages of a RAG application.
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(b) Illustration of TeleRAG’s lookahead retrieval mechanism and
comparison to different RAG systems. TeleRAG prefetches rele-
vant retrieval data from CPU to GPU, overlaps data transfer with
the pre-retrieval stage, and accelerates retrieval with GPU-CPU
cooperation.

Figure 1. Overview of RAG pipeline stages and comparison
of TeleRAG to baseline systems.

First, the latency of RAG systems is inherently increased due
to multiple rounds of LLM generation and retrieval. Second,
although GPUs can speed up both LLM generation and re-
trieval, the combination of these processes poses significant
memory requirements, often exceeding available GPU re-
sources (see §3.1). Hence, it is expensive or even infeasible
to fully host both operations on GPUs.

Consequently, in local or custom deployments, which are
common for RAG applications with private or sensitive data,
the retrieval datastore is often offloaded to CPU memory
to alleviate GPU memory constraints. However, while CPU
offloading resolves memory limitations, it significantly in-
creases retrieval latency (see §3.1), diminishing overall sys-
tem efficiency. This memory pressure is not limited to lo-
cal deployments; even for serving scenarios in data centers,
where many concurrent requests are processed together and
GPUs are plentiful, managing large index sizes still presents
a significant challenge for achieving high throughput with
latency service level objectives (SLOs). Allocating additional
GPU memory to the retrieval data store directly reduces
the memory available for the KV cache of the LLM serving
system, limiting the effective batch sizes [56]. In contrast,
CPU retrieval would increase the per-request latency by a
lot, highlighting the need for techniques that reduce GPU
memory consumption while preserving low latency.
To address the latency challenge, several recent works

have been proposed to accelerate RAG inference. These ap-
proaches include hardware accelerators for retrieval [42, 75],

reuse of KV-cache [45, 61, 93], and speculative document re-
trieval [87, 99]. However, these works do not address the sub-
stantial memory demands associated with retrieval. There-
fore, designing a memory-efficient system for low-latency
RAG deployments is crucial.
In this paper, we argue that a promising direction to re-

duce GPU memory usage while maintaining low latency lies
in improving the design of the retrieval index. Specifically,
the inverted file index (IVF) [81] reduces retrieval latency
by pre-clustering data and limiting runtime search to rele-
vant clusters. It offers a way to leverage GPU-accelerated
search while not increasing memory consumption by dy-
namically transferring only the necessary clusters from the
CPU to the GPU. However, this data transfer overhead is a
key bottleneck, and needs to be minimized [50] (see §3.2).

Our proposal. To tackle latency and memory bottlenecks
in RAG inference, we introduce a novel mechanism called
lookahead retrieval, which predicts the subsets of IVF clus-
ters that will likely be accessed during runtime and proac-
tively transfers them from the CPU to the GPU before the
retrieval stage.
The key observation behind lookahead retrieval is that

there is substantial semantic overlap between queries before
and after the pre-retrieval stage. Namely, IVF clusters used
by the initial input query, which is available well before the
retrieval stage, are also likely to be relevant to the actual
retrieval query (see §3.3).
Using this insight, we propose TeleRAG, an efficient in-

ference system designed to optimize RAG latency while
minimizing GPU memory consumption. TeleRAG employs
lookahead retrieval to preemptively load relevant IVF clus-
ters onto the GPU, effectively hiding CPU-GPU data transfer
overhead during concurrent LLM generation. As illustrated
in Figure 1b, this approach significantly reduces retrieval la-
tency without exceeding GPU memory constraints, enabling
efficient execution of RAG applications. Tomaintain retrieval
accuracy while adopting lookahead retrieval, TeleRAG si-
multaneously searches for clusters that were not prefetched
(i.e., mispredicted) from the CPU and merges the results.
TeleRAG also supports batch and multi-GPU inference.

A key challenge in deploying lookahead retrieval is de-
termining the optimal number of IVF clusters to prefetch:
Prefetching too many clusters increases data-transfer over-
head, whereas prefetching too few could result in higher
retrieval latency due to increased CPU processing. To ad-
dress this, we propose a profile-guided approach coupled
with an analytical model that dynamically determines the
ideal prefetch amount based on pipeline characteristics and
hardware configurations.
Results summary.We evaluate TeleRAG with a popu-

lar Wikipedia-based datastore [5] across six popular RAG
pipelines built with the Llama model family [83] (3B, 8B, and
13B). Remarkably, TeleRAG supports retrieval from a 61GB
datastore alongside a Llama3-8B (16GB) LLM on a single

Figure 1.1: Illustration of TeleRAG’s lookahead retrieval mechanism and comparison to the
typical CPU offload of conventional RAG systems. We accelerate retrieval by prefetching
relevant retrieval data from CPU to GPU, overlapping data transfer with the pre-retrieval
stage. [61]

tion. The system then performs GPU-accelerated search on the successfully prefetched clus-

ters while simultaneously performing CPU search on the missed dataclusters. The prefetched

dataclusters are significantly smaller than the entire datastore, thereby allowing the GPU

to simultaneously host the LLM generation component and the retrieval component with

minimal memory overhead. The retrieval stage can now be GPU-accelerated, resulting in

significant decrease in end-to-end RAG latency.
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1.3 Thesis Outline

This thesis presents the following key contributions:

1. Analysis of RAG Bottlenecks: We provide a detailed systems analysis of represen-

tative modern RAG pipelines. We prove that CPU-GPU data transfer is the primary

bottleneck for low-latency inference in low memory conditions.

2. Insight into Query Similarity and Data-Cluster Overlap: We identify and

empirically validate the high semantic overlap between queries in different stages of a

RAG pipeline, revealing a significant opportunity for predictive data prefetching.

3. The Lookahead Retrieval Mechanism: We propose a novel prefetching mechanism

that leverages this query similarity insight to hide data transfer latency by overlapping

it with LLM generation.

4. The TeleRAG System: We design and implement an end-to-end, high-performance

RAG inference system that integrates lookahead retrieval with GPU-CPU cooperative

search and an optimal prefetching strategy.

5. Comprehensive Evaluation: We conduct extensive empirical evaluations demon-

strating that TeleRAG achieves up to a 1.53× reduction in end-to-end latency for

single-query inference and up to a 1.83× improvement in throughput for batch pro-

cessing, while still operating within strict GPU memory constraints (See figure 5.2).

This work was conducted in collaboration with the SAMPL lab, Paul G. Allen School

of Computer Science & Engineering at the University of Washington. I am grateful to the

multiple team members whose contributions were instrumental in bringing this research to

fruition, especially Dr. Chien-Yu Lin. My role encompassed three primary areas: first,

I was involved in predicting that semantic similarity during query transformation would

be a promising opportunity for lookahead retrieval optimization; second, I constructed the
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RAG pipelines by implementing designs from their respective research papers and official

documentation; and third, I developed a rigorous framework for quantifying and analyzing

the IVF cluster overlap rate across diverse experimental configurations, enabling objective

assessment of system performance under varying conditions.

TeleRAG has been made available on arXiv [61], making the work publicly available to

the research community. The paper was submitted for review at the MLSys 2026 conference,

where it will be considered alongside other systems research addressing modern machine

learning infrastructure challenges.
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Chapter 2

BACKGROUND AND LITERATURE SURVEY

Retrieval augmented generation has evolved from a simple retrieve-then-generate pattern

into a sophisticated ecosystem of modular pipelines, optimized vector stores, and memory-

aware serving systems. As large-scale and complex RAG systems have started to become

productionized, the systems challenges of RAG have also garnered significant attention. This

literature survey collates prior work across multiple domains: RAG architectures, approx-

imate nearest neighbor search, LLM serving with GPU memory management, and recent

acceleration techniques that target RAG efficiency. The chapter emphasizes how TeleRAG’s

lookahead retrieval mechanism complements, rather than replaces, these advances by ad-

dressing a distinct CPU-GPU data transfer latency bottleneck not addressed by any other

work.

2.1 RAG

RAG is a technique that enhances the capabilities of LLMs by integrating them with in-

formation retrieval to generate more accurate answers [14, 31, 60]. The core idea behind

RAG is to augment the LLM with relevant information retrieved from a large corpus of doc-

uments, improving the LLM’s ability to answer questions without hallucinations, generate

contents based on private and up-to-date information, and provide verifiable evidence for

answers [54, 68, 39]. The foundational RAG paradigm fused dense passage retrieval with

sequence-to-sequence generation in order to ground LLM outputs in relevant external knowl-

edge sources [60]. This basic pattern — retrieve relevant information chunks, concatenate

them with the query, then generate - remains the backbone of modern RAG systems, but has

been superseded by RAG architectures that interleave multiple LLM and retrieval stages.
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2.2 RAG Pipelines

TeleRAG: Efficient Retrieval-Augmented Generation Inference with Lookahead Retrieval

Query

LLM Query
(Refined)

Pre-retrieval
Generation

LLM Output

Post-retrieval
Generation

Retrieval

Judgment

Documents

Query Output

RAG Application

User

Embedding Vectors
(Clustered)

Centroids

Vector Index (IVF)

Embed & Cluster

IVF
Index

Rules/LLM

Figure 2. Overview of RAG.

RTX 4090 GPU (24GB memory), significantly outperform-
ing the CPU retrieval baseline. Experiments demonstrate that
TeleRAG achieves up to a 1.53× average reduction in end-
to-end latency for single-query inference on an RTX 4090. In
batching scenarios, TeleRAG provides even greater through-
put enhancements as the batch size increases, achieving
1.83× higher throughput on average at batch size 8 on an
H100 GPU. These results underscore TeleRAG’s capability
to efficiently manage large-scale RAG inference tasks un-
der tight GPU memory constraints, validating its practical
benefits for resource-constrained deployments.

In summary, we make the following key contributions:
• Analyzing the correlation of the queries between the

pre-retrieval generation and retrieval stages, revealing
significant overlap in their corresponding IVF clusters.

• Proposing lookahead retrieval, which prefetches likely
IVF clusters to the GPU, and hides CPU-GPU data
transfer time during pre-retrieval generation.

• Developing TeleRAG, an efficient RAG inference sys-
tem that integrates lookahead retrieval, resulting in
significant acceleration of RAG with minimal GPU
memory usage.

2 Background
2.1 RAG
RAG is a technique that enhances the capabilities of LLMs
by integrating them with information retrieval to generate
more accurate and relevant text [13, 29, 58]. The core idea
behind RAG is to augment the LLM with relevant informa-
tion retrieved from a large corpus of documents, improving
the LLM’s ability to answer questions without hallucina-
tions [51, 64, 76] and generate contents based on up-to-date
or private information [36, 65].

RAG workflow. A basic RAG workflow involves several
phases, including data store building, retrieval, and interac-
tions with LLMs [23, 24, 28, 34, 71, 85, 89]. In order to build a
data store, raw data in various formats is cleaned, converted
to plain text, and divided into chunks. These chunks are then
encoded into vectors using an embedding model and stored
in a vector index, enabling efficient searching based on sim-
ilarity. When a user provides a query, it is converted into
a vector using the same embedding model, and the most
similar chunks from the indexed database are retrieved. For
a large-scale index, approximate algorithms such as the in-
verted file index (IVF) [81] (see §2.2 for detail) are commonly
used to accelerate the search process. The retrieved chunks,
along with the original user query, are combined and given
as a prompt to the LLM. The LLM then generates a response
that relies on the information provided in the retrieved doc-
uments. This approach enables dynamic and informative
responses in both single- and multi-turn dialogues [58].
Modularity in modern RAG applications. However,

naively integrating document retrieval into LLM generation
can cause several issues. For example, the retrieval often
struggles to find relevant content and may select irrelevant
or mismatched chunks [27, 62, 100], and a single retrieval
may not provide sufficient context, necessitating multiple
retrieval rounds [29].
To solve these issues, most state-of-the-art RAG models

adopt a modular approach that employs multiple rounds of
LLM calls and retrievals for a single query [23, 26, 28, 29, 34,
89]. Typically, they have the following types of steps (shown
in Figure 2):

• Pre-retrieval generation, used to assess whether re-
trieval is needed or to generate queries for retrieval.
An example of a pre-retrieval technique is query trans-
formation [27, 37, 59, 62, 73, 74, 94, 100, 102], which
reformulates the original query to make it clearer and
more suitable for the retrieval task.

• Retrieval, used to identify relevant documents from
the vector data store. This stage takes the output of
pre-retrieval generation and generates data for the
next stage.

• Post-retrieval generation, generates response based on
user query and retrieved documents. It can also per-
form additional process such as summarization [39,
52] or reranking [82, 104] on the retrieved documents.

• Judgment, dynamically determines the execution flow.
For example, it decides if more iteration is needed to
enhance the response. Heuristics or LLMs can be used
for judgement stage.

By proceeding through these functions, RAG applications
can deliver more precise and contextually appropriate re-
sponses, significantly enhancing the capabilities of LLMs for
various applications [29, 46].

Figure 2.1: Generalized modular RAG pipeline consisting of steps: (a) pre-retrieval genera-
tion, (b) retrieval, (c) post-retrieval generation, (d) judgement. [61]

In advanced modular RAG pipelines, systems often execute multiple stages of query

transformation, retrieval, filtering, and generation (See Figure 2.1). Rather than a single

retrieve-then-generate step, these workflows chain together multiple sub-components, such as

query rewriting, sub-question generation, summarization, and stepwise information retrieval,

to better tackle reasoning-intensive queries or complex information needs [12, 47, 65, 86, 29].

In each iteration, the retriever processes a modified query to fetch relevant document

chunks, and the generator contextualizes the information. The downstream judgement logic

might then again iteratively refine and verify outputs. The iterative nature of these modular
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pipelines increases both latency and memory pressure since multiple rounds of LLM gener-

ation and retrieval are required for a single user query. Moreover, as each query might be

subject to rewriting or additional context, the set of document chunks fluctuates between

stages, complicating both engineering and systems optimizations.

A generalized modular RAG pipeline has the following steps (See Figure 2.1):

• Pre-retrieval Generation: This step decides whether further retrieval is needed and

to generates queries for future retrieval. An example of a pre-retrieval technique is

query transformation [40, 62, 77, 102, 110], which reformulates the original query to

make it clearer and more suitable for the retrieval task. Here is an example query

transformation which decomposes the original user query into multiple easier to an-

swer subqueries:

”What are the impacts of climate change on the environment?”
pre-retrieval generation−−−−−−−−−−−−−→

1) ”What are the impacts of climate change on biodiversity?”

2) ”What are the effects of climate change on agriculture?”

3) ”What are the impacts of climate change on human health?”

• Retrieval: Information retrieval from the datastore to identify relevant documents.

• Post-retrieval Generation: Generates an LLM response based on the user query and

retrieved documents. Additional processes such as summarization [55] or reranking [88]

can also be performed. Here is an example of post-retrieval generation generating a

response on a user query.

”What are the impacts of climate change on the environment?”
post-retrieval generation−−−−−−−−−−−−−−→

”Climate change is causing widespread and accelerating impacts across Earth’s

environmental systems, from rising temperatures and sea levels ... ”
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• Judgment: Control the the RAG execution flow based on dynamic factors. For

example heuristics can be employed to determine if more retrieval steps are needed, or

if the LLM answer is good enough.

TeleRAG: Efficient Retrieval-Augmented Generation Inference with Lookahead Retrieval

Setup Desktop Server

CPU Threadripper 5975 EPYC 9554
CPU memory size 512GB 1.5 TB

GPU RTX4090 [68] H100 [69]
GPU memory size 24GB 80GB
CPU-GPU Bus PCIe 4 PCIe 5
Bandwidth 32 (24) GB/s 64 (51) GB/s

Table 3. Hardware specifications for our setups. In band-
width, the number in the parentheses is the actual bandwidth
we measured from our system.

LLMs. We evaluate TeleRAG on the Llama model fam-
ily [83] in three different sizes (Llama-3.2-3B, Llama-3-8B,
Llama-2-13B) to represent different use cases.

RAG pipelines.We evaluate TeleRAG with six popular
RAG pipelines. Figure 7 shows the overview of each pipeline.
Note that although some pipelines lack pre-retrieval genera-
tion, the post-retrieval generation serves similar function-
ality for the retrieval of the next iteration. Below are brief
descriptions of the evaluated RAG pipelines.

1. HyDE [27] prompts LLM to generate a hypothetical
paragraph and perform retrieval based on the embed-
ding of the generated paragraph.

2. SubQestion (SubQ)3 [59] prompts LLM to generate
multiple sub-questions and performs retrievals for
each generated sub-question.

3. Iterative (Iter)4 [59] prompts LLM to generate nar-
rower questions first and iteratively refine them based
on previous answers. At the end of each iteration, it
prompts LLM to judge if the answer is good enough.

4. Iter-RetGen (IRG) [80] iteratively do retrieval and
LLM generation for 3 iterations.

5. FLARE [44] iteratively issues retrievals based on the
confidence (probability score) of predicted tokens for
the upcoming sentence.

6. Self-RAG (S-RAG)5 [11] uses the LLM to judge for
retrieval, generate responses, and self-critique on the
responses. We use fine-tuned models based on Llama2-
7B and Llama2-13B from their official repository [12].

Evaluation Datasets. We use three commonly used
question-answering datasets, NQ [55], HotpotQA [92], and
TriviaQA [48]. For each dataset, we randomly sample 1024
queries and report the average unless otherwise specified.

5.2 Experiment Setups
Hardware setups. We evaluate TeleRAG on two

hardware environments, Desktop and Server, which are
equipped to represent the settings for the desktop and data
center use cases. The Desktop has the RTX4090 (24 GB mem-
ory), and we use 3B and 8B models. The Server has the H100
(80 GB memory), and we use 8B and 13B models. These sizes
3Implemented in LlamaIndex as SubQuestionQueryEngine.
4Implemented in LlamaIndex as MultiStepQueryEngine.
5We evaluate on the short-form version which only has one iteration.
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Figure 7. Overview of six RAG pipelines that we evaluate.

represent common model sizes for RAG applications [10, 11].
We do not evaluate the 13B model on Desktop as its model
size (26GB) exceeds RTX4090’s memory capacity. Table 3
summarizes the hardware configurations.

Nprobe and top-𝑘 . For the IVF index, nprobe is a hyper-
parameter that controls the trade-off between search effi-
ciency and retrieval quality. A common heuristic is to set
nprobe to 4

√
𝑁𝑐 [105]. Given our index size of 𝑁𝑐 = 4096, we

use nprobe = 256 (= 4
√
4096) by default, unless otherwise

specified. For retrieval, top-𝑘 denotes the number of most
relevant documents to return. We use top-𝑘 = 3, which is a
standard choice in RAG.

RAGpipeline implementation.We implement the RAG
pipelineswith the FlashRAG framework [46]. For IRG, FLARE,
and S-RAG, we use the framework’s default implementa-
tions. For the other pipelines, we reimplement them using
FlashRAG’s APIs.
Benchmark methodology.We follow a benchmarking

methodology from SGLang [101] and use GPT-3.5-Turbo [70]
to run through each pipeline and record the input and out-
put text of each step. During latency evaluation, we set the
LLM’s output length based on the recorded text. This way,
we ensure a fair latency comparison across different LLM
models.

Baseline systems.To evaluate the latency of each pipeline,
we construct a clean execution flow in Python that only
contains LLM generation, datastore retrieval, and other nec-
essary logical operations to fulfill each pipeline. For LLM
generation, we use SGLang [101], which is a state-of-the-
art LLM inference engine. For retrieval, we use a popular
retrieval library, Faiss [25], as the CPU-offloaded baseline.6
6This baseline resembles frameworks like LlamaIndex and LangChain,
which primarily function as wrappers around LLM serving and retrieval

Figure 2.2: RAG pipelines we evaluate on [61]: (1) HyDE pipeline [29], (2) SubQuestion
pipeline [65], Iterative pipeline [62], Iter-RetGen pipeline [86], FLARE pipeline [47], Self-
RAG pipeline [12].
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Existing research on RAG pipelines focuses on maximizing retrieval accuracy, often at

the cost of added pipeline complexity. We evaluate TeleRAG on a set of 6 industry-standard

diverse pipelines (See Figure 2.2).

• HyDE [29] prompts LLM to generate a hypothetical paragraph and perform retrieval

based on the embedding of the generated paragraph. (See Figure 2.2.1)

• SubQuestion (SubQ) [65] prompts LLM to generate multiple sub-questions and

performs retrievals for each generated sub-question. (See Figure 2.2.2)

• Iterative (Iter) [62] prompts LLM to generate narrower questions first and iteratively

refine them based on previous answers. At the end of each iteration, it prompts LLM

to judge if the answer is good enough. (See Figure 2.2.3)

• Iter-RetGen (IRG) [86] iteratively do retrieval and LLM generation for 3 iterations.

(See Figure 2.2.4)

• FLARE [47] iteratively issues retrieval requests based on the confidence (probability

score) of predicted tokens for the upcoming sentence. (See Figure 2.2.5)

• Self-RAG (S-RAG) [12] uses the LLM as judge for retrieval, generate responses,

and self-critique on the responses. We use fine-tuned models based on Llama2-7B and

Llama2-13B from their official repository [12] (See Figure 2.2.6)

2.3 Vector Index and Inverted File (IVF)

RAG systems need to support semantic similarity search on large-scale datastores, often

containing millions or billions of document chunks. Most RAG deployments rely on vector

search libraries such as Faiss [27] for efficient retrieval which leverage approximate nearest

neighbor (ANN) search to balance recall and latency. The Faiss library provides a highly

optimized GPU implementation and supports multiple indexing schemes, including HNSW
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(Hierarchical Navigable Small World) index [67], PQ (Product Quantization) index [41], and

the widely-used IVF (Inverted File) index [50].

IVF initially indexes the vector space into a collection of disjoint clusters, each associated

with a centroid. At retrieval time, the query vector is first mapped to its nearest centroids

through a coarse-grained search, which is followed by a local scan within the corresponding

clusters to identify the top-k nearest neighbors. This two-stage design radically reduces mem-

ory footprint and computational overhead compared to brute-force Exact Nearest Neighbor

search, enabling billion-scale semantic search on low-latency hardware [27, 41]. IVF indexes

also support multiple quantization strategies, and dynamic growth/shrinking of datastores

valuable for continuously updated knowledge-intensive RAG applications. Self-RAG and

HyDE often use large-scale IVF indices to manage iterative retrieval rounds [12, 29]. Evalu-

ation on large QA datasets consistently demonstrates that larger and better-clustered indexes

yield higher recall and factuality in downstream RAG pipelines. However, scaling the in-

dex up creates acute memory and latency constraints for any system trying to serve LLMs

and retrieval on the same GPU, resulting in retrieval being migrated to slower CPU-side

execution and sharply increasing latency [27, 58].

Alternative ANN libraries like DiskANN [89], HNSW [67], and SPANN [22] aim to bal-

ance retrieval speed and memory for even larger datastores. DiskANN, for instance, leverages

SSD storage and parallel posting lists to support billion-scale retrieval on commodity hard-

ware. HNSW constructs multi-layer graphs to enable high-recall, ultra-fast search, though

it consumes larger memory for index construction. These libraries vary in their support for

GPU acceleration, index update dynamics, and integration with real-time RAG applications.

TeleRAG builds on the structure of IVF indices and recent ANN optimizations but specif-

ically addresses the practical gap in efficient CPU-GPU cross-device retrieval. Prior work in

efficient indexing and ANN search has largely focused on optimizing retrieval accuracy and

computational efficiency, not on minimizing system-wide memory usage and hiding CPU-

GPU data transfer latency. TeleRAG analyzes the semantic overlap between queries in mod-

ular RAG pipelines, demonstrating that pre-retrieval and retrieval queries hit largely overlap-
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ping IVF clusters, and therefore predictively prefetches only the clusters most likely needed

into the GPU during ongoing LLM generation. This retrieval-agnostic, index-compatible

strategy allows TeleRAG to support any billion-scale vector datastore framework (such as

Faiss). The added benefit is the latency benefits of full GPU-based retrieval. This approach

does not require tuning the index beyond industry-standard practices, nor does it conflict

with retriever algorithms or quantization strategies, making it immediately deployable across

diverse RAG stacks.

In summary, TeleRAG not only leverages the strengths of mature vector indexing libraries

such as Faiss, but it extends them by introducing cross-device concurrency and predictive

transfer techniques that directly overcome real-world memory and latency barriers; a step

beyond what traditional accelerated indexing and ANN libraries achieve.

2.4 Optimizations for RAG

A growing body of work has targeted RAG inference acceleration, employing diverse strate-

gies spanning hardware accelerators, KV-cache reuse, and speculative retrieval. These sys-

tems aim to reduce the high computational and memory costs associated with modern RAG

pipelines, yet each addresses a distinct subset of the overall latency problem. TeleRAG fun-

damentally differs from prior systems by targeting the CPU-GPU data movement bottleneck

rather than computation reuse or algorithmic speculation.

KV-caching is an LLM inference optimization technique that stores the computed key

and value vectors from previous tokens to speed up the generation of new tokens. RAGCache

[48] is a multilevel dynamic caching system that organizes KV caches from the datastore in

a knowledge tree. It introduces a replacement policy aware of LLM inference characteris-

tics and RAG retrieval patterns, and dynamically overlaps retrieval and inference steps to

minimize end-to-end latency. RAGCache reduces time-to-first-token (TTFT) and improves

throughput compared to baseline RAG. Similarly, TurboRAG [64] precomputes KV caches

from the data store, but only optimizes prefill latency. CacheBlend [101] introduces a selec-

tive KV-cache fusion technique for RAG to reuse pre-computed caches. While these systems
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optimize KV-cache and computation reuse, they assume the retrieval index can be accessed

efficiently—either on GPU or with negligible transfer cost. TeleRAG makes no such assump-

tion and instead prefetches predicted IVF clusters during LLM generation, overlapping data

transfer with computation to hide latency.

Speculative methods leverage task decomposition to accelerate retrieval and generation.

Speculative RAG [95] introduces generation by smaller specialist LLMs to reduce RAG la-

tency, but it does not target the retrieval latency. Similarly, RALM-Spec [106] speculatively

retrieves documents to overlap retrieval with generation, but its focus is on algorithmic-level

speculation rather than system-level data prefetching across the CPU-GPU boundary. These

approaches accelerate the generation or retrieval algorithm itself but do not target the inter-

CPU-GPU transfer latency. Unlike speculative retrieval methods that modify the retriever

framework, TeleRAG is retrieval-agnostic and index-compatible: it works atop existing IVF-

based indices (e.g. Faiss) without altering retrieval algorithms. This makes it immediately

deployable on existing RAG stacks.

Hardware accelerators for retrieval have also been proposed. Chameleon [45] and Intel-

ligent Knowledge Store [81] explore custom ASICs and FPGA-based designs to accelerate

vector search itself. These approaches require specialized computing hardware and do not

address the memory capacity constraints that force indices off-GPU in the first place.

2.5 Conclusion

The literature survey reveals that TeleRAG addresses a distinct and underexplored problem

space. Existing optimizations focus on either improving algorithmic efficiency or reducing

computational load. However, none fundamentally resolve the memory-latency tradeoff that

forces RAG datastores off-GPU in resource-constrained settings. Having established the

motivating problem and positioned our work within the research landscape, the next chapter

focuses on a preliminary empirical analysis of real RAG pipelines to quantify the bottlenecks

and identify the specific optimization opportunities.
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Chapter 3

PRELIMINARY ANALYSIS

In this chapter, we analyze various state-of-the-art RAG pipelines and identify the ele-

mental systems challenges in achieving low latency. We specifically examine three critical

dimensions. First, we examine the end-to-end RAG latency breakdown to establish the

magnitude of the retrieval bottleneck. Second, we examine GPU based retrieval constraints,

demonstrating why straightforward GPU-accelerated solutions are infeasible. Third, we

examine the semantic similarity between queries in subsequent pipeline stages, and its ex-

pression as high IVF cluster overlap. Through this empirical analysis, we quantify concrete

performance gaps and identify an actionable optimization opportunity: leveraging query

semantic similarity to prefetch likely-needed data clusters during LLM generation.

Comprehensive details about our experimental setup are detailed in Section 5.1. For this

analysis section, the important details are the following. We use the wiki dpr datastore [52]

to construct a 61 GB Faiss IVF index [27], set the IVF clusters to 4096, and the nprobe to

256 following common benchmarking practice [12]. We use Llama-3-8B [7] as the LLM, and

run our analysis on RTX 4090 (24 GB memory) [73] and H100 (80 GB memory) [74] GPU

hardware.

3.1 End-to-End Latency of RAG Pipelines

We first characterize the end-to-end latency of the six representative RAG pipelines (de-

scribed in Section 2.2) in two distinct scenarios:

• CPU-based retrieval: The LLM operates on the GPU while retrieval is offloaded to the

CPU, thereby minimizing GPU memory consumption.
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Figure 3. Latency breakdown of six RAG pipelines on NQ
dataset [55] with one H100 GPU. nprobe is 256.
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Figure 4. The breakdown of memory consumption at GPU
and CPU for two different strategies: CPU offloading and
GPU-based retrieval. The dotted line indicates the memory
capacity of a RTX4090 GPU, which is a common used GPU
for local deployment.

3.1 End-to-end Latency of RAG Pipelines
We first analyze the end-to-end latency of six representative
RAG pipelines (see §5.1 for details) in two scenarios: (1) the
LLM runs on the GPU, while retrieval is offloaded to the
CPU, minimizing GPU memory usage, and (2) both the LLM
and the vector index reside in GPU memory, enabling GPU-
based retrieval for lower latency. If the GPU’s memory is
insufficient, CPU offloading is necessary.

We set the nprobe to 256, a commonly used setting under
this index’s configuration (see §5.2 for details), to measure
retrieval latency. Figure 3 shows the breakdown of end-to-
end latency into LLM inference part and retrieval part, based
on 1024 randomly sampled queries from the NQ dataset [55].
We observe that, in the CPU-based retrieval baseline (first
scenario), the retrieval phase dominates the latency, con-
suming 41.1% and 60.5% of total latency for batch sizes 1
and 4, respectively. In contrast, GPU-accelerated retrieval
in the second scenario dramatically reduces this bottleneck,
accounting for only 10.5% and 28.3% of the latency in com-
parable configurations. On average, GPU retrieval is 5.96×
(batch size 1) or 3.87× (batch size 4) faster than CPU retrieval,
reducing overall latency by approximately 1.5× or 1.8×, re-
spectively. Thus, accelerating retrieval on the GPU is crucial
for improving end-to-end latency.

However, GPU acceleration comes with a significant mem-
ory cost. Figure 4 shows the memory requirements for both
GPU and CPU. As Figure 4 shows, putting both LLM weights
and the retrieval index on the GPU requires around 77GB
of memory, which exceeds the capacity of consumer GPUs
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Figure 5. Latency breakdown of CPU-offload and runtime-
fetch GPU retrieval, averaged over 512 random NQ queries.

like the RTX 4090 with 24GB. Thus, GPU acceleration on
retrieval is often not feasible when running on a lower-end
GPU or indexing with a large datastore.

Even on GPUs capable of holding the entire index in mem-
ory (e.g., H100), the index’s memory footprint limits through-
put in data center serving scenario. Batched inference max-
imizes throughput, but it is bottlenecked by the KV cache
capacity for LLM serving [56]. For the case of the example
above, storing the index on the GPU leaves minimal mem-
ory for the KV cache (e.g., ~3 GB, or ~20k tokens worth),
restricting batch size, while offloading the index to the CPU
significantly increases the available memory (e.g., to >500k
tokens worth). This issue is exacerbated since RAG typically
involves long contexts [45, 61, 93] and there is a trend of
growing model and index sizes [16, 33, 51, 65, 79], increas-
ing memory pressure and necessitating offloading. However,
CPU offloading is suboptimal for latency-sensitive applica-
tions as discussed above.
Therefore, in the rest of this section, we try to answer

the following question: Is it possible to achieve the latency of
GPU-based retrieval while using much less GPU memory?

3.2 Opportunities of GPU-accelerated Retrieval with
Limited Memory

A straightforward approach to enable GPU retrieval with
limited GPUmemory is to fetch the necessary data from CPU
to GPU on-demand for each query, leveraging the IVF index
structure that narrows the search space (§2.2). While this
method enables faster searching on the GPU, data fetching
becomes the bottleneck.
In Figure 5, we compare the latency of the on-demand

fetching system against CPU retrieval on an RTX 4090 GPU.
We show three different nprobe values that determine the
amount of data fetched. Overall, fetch time dominates la-
tency due to the limited PCIe bandwidth between the CPU
and GPU (32GB/s). Although the GPU search is substantially
faster than the CPU counterpart, the fetch overhead results
in a higher end-to-end latency, which is about 3% slower on
average across nprobe values. Thus, to realize any meaning-
ful speedup with this approach, the data fetching latency
must be effectively hidden.

Figure 3.1: Contrasting latency RAG pipelines with batch size 1 versus batch size 4. The
six RAG pipelines are HyDE, SubQuestion (SubQ), Iterative (Iter), Iter-RetGen (IRG),
FLARE, and Self-RAG (S-RAG). The experiment is conducted on the Natural Questions
(NQ) dataset using the H100 GPU, and the nprobe is set as 256. [61]
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for local deployment.

3.1 End-to-end Latency of RAG Pipelines
We first analyze the end-to-end latency of six representative
RAG pipelines (see §5.1 for details) in two scenarios: (1) the
LLM runs on the GPU, while retrieval is offloaded to the
CPU, minimizing GPU memory usage, and (2) both the LLM
and the vector index reside in GPU memory, enabling GPU-
based retrieval for lower latency. If the GPU’s memory is
insufficient, CPU offloading is necessary.

We set the nprobe to 256, a commonly used setting under
this index’s configuration (see §5.2 for details), to measure
retrieval latency. Figure 3 shows the breakdown of end-to-
end latency into LLM inference part and retrieval part, based
on 1024 randomly sampled queries from the NQ dataset [55].
We observe that, in the CPU-based retrieval baseline (first
scenario), the retrieval phase dominates the latency, con-
suming 41.1% and 60.5% of total latency for batch sizes 1
and 4, respectively. In contrast, GPU-accelerated retrieval
in the second scenario dramatically reduces this bottleneck,
accounting for only 10.5% and 28.3% of the latency in com-
parable configurations. On average, GPU retrieval is 5.96×
(batch size 1) or 3.87× (batch size 4) faster than CPU retrieval,
reducing overall latency by approximately 1.5× or 1.8×, re-
spectively. Thus, accelerating retrieval on the GPU is crucial
for improving end-to-end latency.

However, GPU acceleration comes with a significant mem-
ory cost. Figure 4 shows the memory requirements for both
GPU and CPU. As Figure 4 shows, putting both LLM weights
and the retrieval index on the GPU requires around 77GB
of memory, which exceeds the capacity of consumer GPUs
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fetch GPU retrieval, averaged over 512 random NQ queries.

like the RTX 4090 with 24GB. Thus, GPU acceleration on
retrieval is often not feasible when running on a lower-end
GPU or indexing with a large datastore.

Even on GPUs capable of holding the entire index in mem-
ory (e.g., H100), the index’s memory footprint limits through-
put in data center serving scenario. Batched inference max-
imizes throughput, but it is bottlenecked by the KV cache
capacity for LLM serving [56]. For the case of the example
above, storing the index on the GPU leaves minimal mem-
ory for the KV cache (e.g., ~3 GB, or ~20k tokens worth),
restricting batch size, while offloading the index to the CPU
significantly increases the available memory (e.g., to >500k
tokens worth). This issue is exacerbated since RAG typically
involves long contexts [45, 61, 93] and there is a trend of
growing model and index sizes [16, 33, 51, 65, 79], increas-
ing memory pressure and necessitating offloading. However,
CPU offloading is suboptimal for latency-sensitive applica-
tions as discussed above.
Therefore, in the rest of this section, we try to answer

the following question: Is it possible to achieve the latency of
GPU-based retrieval while using much less GPU memory?

3.2 Opportunities of GPU-accelerated Retrieval with
Limited Memory

A straightforward approach to enable GPU retrieval with
limited GPUmemory is to fetch the necessary data from CPU
to GPU on-demand for each query, leveraging the IVF index
structure that narrows the search space (§2.2). While this
method enables faster searching on the GPU, data fetching
becomes the bottleneck.
In Figure 5, we compare the latency of the on-demand

fetching system against CPU retrieval on an RTX 4090 GPU.
We show three different nprobe values that determine the
amount of data fetched. Overall, fetch time dominates la-
tency due to the limited PCIe bandwidth between the CPU
and GPU (32GB/s). Although the GPU search is substantially
faster than the CPU counterpart, the fetch overhead results
in a higher end-to-end latency, which is about 3% slower on
average across nprobe values. Thus, to realize any meaning-
ful speedup with this approach, the data fetching latency
must be effectively hidden.

Figure 3.2: The breakdown of memory consumption at GPU and CPU for two different
strategies: CPU offloading and GPU-based retrieval. The dotted line indicates the memory
capacity of a RTX4090 GPU, which is commonly used for local deployment. [61]

• GPU-based retrieval: Both the LLM and the vector index reside in GPU memory,

enabling GPU-based retrieval with lower latency.

The analysis reveals a striking disparity between the two scenarios. Figure 3.1 illus-

trates the breakdown of end-to-end latency, separating the LLM inference component from

the retrieval component, computed over 1024 randomly sampled queries from the Natural
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Questions dataset [57]. In the CPU-based retrieval baseline (Scenario 1), the retrieval phase

emerges as the dominant latency factor, consuming 41.1% and 60.5% of total latency at batch

sizes 1 and 4 respectively. Conversely, GPU-accelerated retrieval (scenario 2) substantially

alleviates this bottleneck, accounting for only 10.5% and 28.3% of latency under comparable

configurations. On average, GPU retrieval is 5.96× faster at batch size 1 and 3.87× faster

at batch size 4 compared to CPU retrieval; which translates to end-to-end RAG latency

reductions of 1.5× and 1.8× respectively. This analysis unambiguously demonstrates that

GPU-accelerated retrieval is critical for improving end-to-end RAG pipeline latency.

However, GPU acceleration introduces a significant memory cost. Figure 3.2 reveals

the memory requirements for both GPU and CPU storage scenarios. Hosting both LLM

weights and the retrieval index on the GPU requires approximately 77 GB of memory, which

exceeds the capacity of consumer-grade GPUs such as the RTX 4090, which provides only 24

GB. Consequently, GPU acceleration for retrieval is frequently infeasible when deploying on

lower-end GPUs or when indexing larger datastores that can exceed hundreds of gigabytes

in size.

Even on GPUs with sufficient capacity to accommodate the entire index (e.g. H100), the

index’s memory footprint imposes constraints on throughput in data center serving scenarios.

Batched inference maximizes throughput but is inherently bottlenecked by the KV cache

capacity required for LLM serving [58, 12]. In the example above, storing the index on the

GPU leaves minimal memory for the KV cache ( 3 GB, or 20k tokens worth), restricting

batch size.

These findings motivate a fundamental question: Is it possible to achieve the latency

benefits of GPU-based retrieval while utilizing substantially less GPU memory? This ques-

tion becomes increasingly urgent as RAG deployments expand to both resource-constrained

consumer hardware and memory-intensive multi-tenant data center environments.
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3.1 End-to-end Latency of RAG Pipelines
We first analyze the end-to-end latency of six representative
RAG pipelines (see §5.1 for details) in two scenarios: (1) the
LLM runs on the GPU, while retrieval is offloaded to the
CPU, minimizing GPU memory usage, and (2) both the LLM
and the vector index reside in GPU memory, enabling GPU-
based retrieval for lower latency. If the GPU’s memory is
insufficient, CPU offloading is necessary.

We set the nprobe to 256, a commonly used setting under
this index’s configuration (see §5.2 for details), to measure
retrieval latency. Figure 3 shows the breakdown of end-to-
end latency into LLM inference part and retrieval part, based
on 1024 randomly sampled queries from the NQ dataset [55].
We observe that, in the CPU-based retrieval baseline (first
scenario), the retrieval phase dominates the latency, con-
suming 41.1% and 60.5% of total latency for batch sizes 1
and 4, respectively. In contrast, GPU-accelerated retrieval
in the second scenario dramatically reduces this bottleneck,
accounting for only 10.5% and 28.3% of the latency in com-
parable configurations. On average, GPU retrieval is 5.96×
(batch size 1) or 3.87× (batch size 4) faster than CPU retrieval,
reducing overall latency by approximately 1.5× or 1.8×, re-
spectively. Thus, accelerating retrieval on the GPU is crucial
for improving end-to-end latency.

However, GPU acceleration comes with a significant mem-
ory cost. Figure 4 shows the memory requirements for both
GPU and CPU. As Figure 4 shows, putting both LLM weights
and the retrieval index on the GPU requires around 77GB
of memory, which exceeds the capacity of consumer GPUs
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Figure 5. Latency breakdown of CPU-offload and runtime-
fetch GPU retrieval, averaged over 512 random NQ queries.

like the RTX 4090 with 24GB. Thus, GPU acceleration on
retrieval is often not feasible when running on a lower-end
GPU or indexing with a large datastore.

Even on GPUs capable of holding the entire index in mem-
ory (e.g., H100), the index’s memory footprint limits through-
put in data center serving scenario. Batched inference max-
imizes throughput, but it is bottlenecked by the KV cache
capacity for LLM serving [56]. For the case of the example
above, storing the index on the GPU leaves minimal mem-
ory for the KV cache (e.g., ~3 GB, or ~20k tokens worth),
restricting batch size, while offloading the index to the CPU
significantly increases the available memory (e.g., to >500k
tokens worth). This issue is exacerbated since RAG typically
involves long contexts [45, 61, 93] and there is a trend of
growing model and index sizes [16, 33, 51, 65, 79], increas-
ing memory pressure and necessitating offloading. However,
CPU offloading is suboptimal for latency-sensitive applica-
tions as discussed above.
Therefore, in the rest of this section, we try to answer

the following question: Is it possible to achieve the latency of
GPU-based retrieval while using much less GPU memory?

3.2 Opportunities of GPU-accelerated Retrieval with
Limited Memory

A straightforward approach to enable GPU retrieval with
limited GPUmemory is to fetch the necessary data from CPU
to GPU on-demand for each query, leveraging the IVF index
structure that narrows the search space (§2.2). While this
method enables faster searching on the GPU, data fetching
becomes the bottleneck.
In Figure 5, we compare the latency of the on-demand

fetching system against CPU retrieval on an RTX 4090 GPU.
We show three different nprobe values that determine the
amount of data fetched. Overall, fetch time dominates la-
tency due to the limited PCIe bandwidth between the CPU
and GPU (32GB/s). Although the GPU search is substantially
faster than the CPU counterpart, the fetch overhead results
in a higher end-to-end latency, which is about 3% slower on
average across nprobe values. Thus, to realize any meaning-
ful speedup with this approach, the data fetching latency
must be effectively hidden.

Figure 3.3: Latency breakdown for two different strategies - CPU offloading and GPU-based
retrieval - over nprobe values 128, 256 and 512. We use the RTX4090 GPU and average the
results over 512 random Natural Questions queries. [61]

3.2 GPU-accelerated Retrieval with Limited Memory

A direct approach to enable GPU-based retrieval under tight memory constraints is to re-

trieve necessary data from CPU to GPU on-demand for each query, exploiting the IVF

index structure to restrict and fetch selective clusters. While this strategy facilitates faster

searching on the GPU, data fetching I/O emerges as the critical latency bottleneck.

Figure 3.3 compares the latency of the on-demand GPU-fetching system against pure

CPU retrieval system, evaluated across three distinct nprobe values on the RTX4090 GPU.

nprobe is an IVF hyperparameter that determines how many vector clusters are exhaustively

searched. The higher the nprobe, higher the recall, higher the search latency, and higher the

CPU-GPU data transfer amount (and vice-versa). The results reveal that GPU fetch time

dominates overall latency due to the limited PCIe bandwidth (data transfer rate) between

CPU and GPU, which is constrained to 32 GB/s. Although GPU-based IVF search is

substantially faster (4× - 10× faster) than its CPU counterpart [27], the transfer overhead

negates this advantage, resulting in end-to-end latency that is approximately 3% slower on



18

average compared to CPU-based retrieval. Consequently, realizing any meaningful speedup

via a GPU-accelerated approach necessitates effectively hiding data fetching latency.

To conceal data fetch costs, CPU-to-GPU transfer must be initiated prior to retrieval

execution, which demands accurate prediction of data access patterns. Fortunately, modern

modular RAG pipelines provide a critical hint for this prediction: the semantic similarity of

the query with respect to the previous pipeline step’s query.

3.3 Overlapping of IVF Clusters

Dataset HyDE SubQ Iter IRG FLARE S-RAG

NQ 73.1% 63.2% 91.5% 83.8% 79.1% -

HotpotQA 75.3% 62.5% 89.6% 89.4% 80.2% -

TriviaQA 73.1% 61.6% 86.2% 86.1% 81.7% -

Table 3.1: IVF cluster overlap rate between the input (qin) and output (qout) of the pre-
retrieval generation. Self-RAG is left blank as it does not incorporate query transform.

Although the exact IVF clusters required for retrieval are known only after the pre-

retrieval generation phase concludes, we observe substantial semantic similarities in IVF

cluster assignments between queries at different pipeline stages.

During the pre-retrieval phase of RAG pipelines, an LLM call transforms an initial user

query qin into a refined query qout, which subsequently serves as the retrieval query. These

query transformations [40, 62, 77, 102, 110] rewrite the query in alternative formats which

intuitively preserve the core semantic meaning of the original query. For example the Query

Decomposition [20] transformation decomposes a query into multiple simpler queries that

are individually easier to retrieve (e.g. qin: ”Who has more siblings, Jamie or Sansa?” →

qout: {”How many siblings does Jamie have?”, ”How many siblings does Sansa have?”})

Consequently, the embedding vectors of qin and qout are likely to exhibit high semantic

similarity and vector similarity. This vector similarity implies that the IVF clusters assigned
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during retrieval to these queries will also be similar, and will substantially overlap. This

renders qin a valuable predictor for anticipating the cluster memory access pattern of qout.

Cin and Cout are the IVF clusters corresponding to the input query qin and output trans-

formed query qout respectively. The cluster overlap rate measures how well the clusters

predicted using the qin match the actual clusters required for qout

cluster overlap rate =
|Cin ∩ Cout|

|Cout|
(3.1)

To validate this hypothesis, we measure the average cluster overlap rate (Equation 3.1)

between prefetched clusters and the clusters required for actual retrieval across three promi-

nent question-answering datasets - Natural Questions [57], HotpotQA [100], and TriviaQA

[51]) (described in Section 5.1) - and the six representative RAG pipelines described in Sec-

tion 2.2. Table 3.1 demonstrates the results achieved when prefetching 256 clusters. We

discuss the optimal prefetch cluster amount in Section 4.2. The results reveal consistently

high IVF cluster overlap rates across diverse datasets and pipelines. The overlap rates range

from 61.6% for SubQuestion and up to 91.5% for Iterative. This supports our hypothesis that

qin can serve as a valuable predictor for predicting the IVF cluster memory access pattern

of qout.

3.4 Conclusion

Our preliminary analysis establishes a concrete optimization opportunity: predictive prefetch-

ing of required clusters during LLM generation can potentially hide CPU-GPU data transfer

latency, enabling GPU-accelerated retrieval with minimal GPU memory overhead. This ob-

servation forms the foundation for TeleRAG’s core innovation of exploiting query similarity

to accelerate RAG inference latency under memory constraints. We now present TeleRAG’s

design, which operationalizes this insight through a lookahead retrieval mechanism alongside

profile-guided prefetch optimization and GPU-CPU cooperative search.
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Chapter 4

DESIGN OF TELERAG

TeleRAG: Efficient Retrieval-Augmented Generation Inference with Lookahead Retrieval
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Figure 6. (a) The overview of lookahead retrieval compared against CPU-offloaded retrieval, and (b) the system design of
TeleRAG. After identifying clusters (𝐶in) for the initial query 𝑞in, 𝐶in is transferred to the GPU while concurrently generating
𝑞out. At retrieval time, the GPU searches prefetched clusters while the CPU handles remaining ones, before results are merged.

Since prefetching time 𝑡𝑝 is proportional to 𝑏𝑝 , we express
𝑡1 as a piecewise function:

𝑡1 =



𝑡LLM, if 𝑏𝑝 ≤ 𝐵 · 𝑡LLM,
𝑏𝑝
𝐵 , if 𝑏𝑝 > 𝐵 · 𝑡LLM,

(1)

From Eq. 1, if we prefetch fewer bytes than can be transferred
during LLM generation, 𝑡1 is effectively just 𝑡LLM because the
transfer overlaps completely with LLM execution.
As shown in §3.1, GPU retrieval (𝑡𝑔) is generally much

faster than CPU retrieval (𝑡𝑐 ). Thus, we assume 𝑡𝑐 ≫ 𝑡𝑔. As
CPU has a limited parallelism, 𝑡𝑐 usually grows proportion-
ally with the number of clusters to be processed [40]:

𝑡2 = 𝑡𝑐 = 𝑟miss × 𝑛probe × 𝑡𝑐𝑐 , (2)
where 𝑟miss is the miss rate (percentage of IVF clusters are
not caught on GPU), 𝑛probe is the total number of clusters
to search, and 𝑡𝑐𝑐 is the CPU time to search a single cluster.
Increasing 𝑏𝑝 can only decrease or maintain the current miss
rate, i.e., d𝑟miss

d𝑏𝑝 ≤ 0. Moreover, because clusters are prefetched
in order of descending likelihood, we assume 𝑟miss is either
linear or a concave up function1 of 𝑏𝑝 , i.e., d2𝑟miss

d𝑏2𝑝
≥ 0.

We now examine two cases:
• Case 1: 𝑏∗𝑝 ≤ 𝐵 · 𝑡LLM. Here, 𝑡1 = 𝑡LLM is constant

because prefetching is fully overlapped with LLM gen-
eration. Since increasing 𝑏𝑝 in this regime will not
increase 𝑡1 and cannot worsen the miss rate, pushing
𝑏𝑝 to the boundary 𝐵 · 𝑡LLM minimizes 𝑡1 + 𝑡2. Hence,

𝑏∗𝑝 = 𝐵 · 𝑡LLM. (3)
• Case 2: 𝑏∗𝑝 > 𝐵 · 𝑡LLM. In this region, 𝑡1 grows linearly
with𝑏𝑝 , and we have: d2

d𝑏2𝑝
(𝑡1+𝑡2) = d2𝑟miss

d𝑏2𝑝
·𝑛probe ·𝑡𝑐𝑐 ≥

1An upward U-shaped function whose second derivative is positive.

0. Therefore, 𝑡1 + 𝑡2 is concave up, allowing at most
one minimum. At the minimum point, we have:
d
d𝑏𝑝

(𝑡1 + 𝑡2) = 0 =⇒ 1
𝐵
+ d𝑟miss

d𝑏𝑝
· 𝑛probe · 𝑡𝑐𝑐 = 0. (4)

From this, we obtain:

𝑏∗𝑝 = 𝐵 × 𝑛probe × 𝑡𝑐𝑐 × Δ𝑟miss, (5)

where Δ𝑟miss is the decrement of the miss rate for this
round. If 𝑏∗𝑝 is indeed larger than 𝐵 · 𝑡LLM, it becomes
the global minimum; otherwise, the solution reverts
to Case 1.

In summary, our analysis shows that the optimal prefetch
amount 𝑏∗𝑝 can only lie at one of two points: (1) Prefetch
until LLM generation completes (i.e. 𝑏𝑝 = 𝐵 · 𝑡LLM). (2) A
point determined by Eq. 5. However, under typical CPU-
GPU bandwidth (e.g., 55 GB/s on PCIe 5), the time spent
loading additional clusters often outweighs any retrieval
latency reduction from lowering 𝑟miss. Consequently, the
second scenario in Eq. 5 becomes nearly infeasible in practice.
Therefore, on current hardware, prefetching exactly until LLM
execution ends is generally the most effective choice.

Profiling-guided approach. Although 𝑏∗𝑝 can be derived
from the analysis above, it depends on knowing 𝑡LLM for
each query, which cannot be obtained ahead of time. To ad-
dress this, we use a profiling-guided approach, leveraging the
observation that, despite differences in query content, the
output length (and thus generation time) for a RAG pipeline
often remains similar across most queries. Accordingly, for
each RAG pipeline, we can measure 𝑡LLM on a calibration set
containing n queries, and get estimated 𝑏∗𝑝 = 𝐵 · 𝑡LLM, where
𝑡LLM = mean{𝑡LLM,1, 𝑡LLM,2, . . . , 𝑡LLM,𝑛}. This estimated 𝑏∗𝑝
can then be used for incoming queries, ensuring a near-
optimal prefetch amount.

Figure 4.1: (a) The overview of lookahead retrieval compared against CPU-offloaded re-
trieval. (b) High level system design of TeleRAG. After identifying clusters (Cin) for the
initial query qin, Cin is transferred to the GPU while concurrently generating qout. At re-
trieval time, the GPU searches the accurately prefetched clusters Coverlap, while the CPU
searches the required clusters that were not prefetched Cmiss. [61]

Building upon the high IVF cluster overlap observation detailed in Section 3.3, we propose

TeleRAG, an efficient RAG inference system that employs lookahead retrieval to prefetch a

set of likely IVF clusters to the GPU, thereby accelerating the retrieval process. TeleRAG’s

design rests on three technical innovations. First, a lookahead retrieval mechanism that

predicts and prefetches likely-needed IVF clusters from CPU to GPU during pre-retrieval

LLM generation. Second, a profile-guided prefetch optimization strategy that automatically

determines the optimal prefetch amount for each RAG pipeline and hardware configuration.

Third, a CPU-GPU cooperative similarity search that maximizes resource utilization by
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searching correctly-predicted clusters on GPU while concurrently searching missed clusters

on CPU. This chapter explains the theory, algorithmic details, and implementation consid-

erations of these components.

4.1 Overview

Figure 4.1 illustrates the TeleRAG architecture with lookahead retrieval. Let qin denote the

initial input query provided to the pre-retrieval stage, and qout denote the output transformed

query provided to the subsequent retrieval stage. The IVF clusters corresponding to qin are

denoted as Cin, and those corresponding to qout as Cout. Due to the semantic similarity

between qin and qout, significant overlap exists between Cin and Cout, represented as Coverlap.

The cluster overlap rate is defined in Equation 3.1. Coverlap represents the clusters that were

accurately prefetched from CPU to GPU. Cmiss represents the clusters that are required for

retrieval, but were not prefetched from CPU to GPU.

Coverlap = Cin ∩ Cout (4.1)

Cmiss = Cout − Cin (4.2)

The lookahead retrieval technique operates through the following coordinated steps:

• Predict and Prefetch: In parallel with LLM generation, identify and prefetch the

IVF clusters (Cin) likely to be used in future retrieval to GPU memory. Prioritize

clusters semantically proximal to qin. This step leverages GPU DMA (Direct Mem-

ory Access) [73, 74] to enable asynchronous transfer overlapping with ongoing LLM

generation, effectively hiding the CPU-GPU data transfer latency.

• GPU Similarity Search: After the LLM generates the transformed query qout, use

the query to identify the accurate Cout. The correctly predicted clusters (Coverlap)

should already reside on the GPU due to the previous prefetching operation. The
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GPU then performs an efficient similarity search on the predicted Coverlap clusters that

already reside in the GPU memory.

• CPU Similarity Search: Cmiss are the remaining clusters that were not prefetched

to the GPU. The CPU performs similarity search on the Cmiss concurrently with the

GPU similarity search.

• Merge: The similarity search results from GPU and CPU are merged on the GPU.

The retrieval documents are fed to the LLM for post-retrieval generation on GPU.

Lookahead retrieval accelerates the retrieval phase by overlapping data prefetching to the

GPU with LLM generation and executing concurrent similarity searches on both the GPU

(for correctly predicted clusters) and CPU (for missed clusters). This design significantly

reduces the CPU’s computational workload while achieving near-GPU retrieval latency with

minimal GPU memory overhead.

4.2 Optimal Prefetch Amount

While prefetching additional clusters increases cluster overlap rate and decreases subsequent

retrieval time; extending prefetching beyond the pre-retrieval LLM generation time window

(tLLM) eliminates overlap advantages and introduces latency delays. We determine that

prefetching up to the duration of tLLM achieves an optimal balance between latency reduction

and transfer overhead.

TeleRAG’s prefetching mechanism targets a specific number of bytes (bp) rather than a

fixed cluster count. Since IVF cluster sizes show high variance [70], targeting a fixed cluster

count can yield unstable data loading times. In contrast, a byte-based limit provides a clear

upper bound on transfer duration based on available bandwidth.

The optimal prefetch amount depends on knowing the tLLM for each query, which cannot

be determined in advance. To address this challenge, we employ a profiling-guided approach

that leverages the observation that, despite variations in query content, the output length
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— and thus generation time — remains relatively consistent across most queries for a given

RAG pipeline. This is supported by research that demonstrates that LLM inference time

exhibits predictable patterns within datasets, with the key determinant being output token

length, rather than query-specific characteristics [99].

For each RAG pipeline, we measure tLLM on a calibration set containing n queries and

compute the mean generation time:

t̄LLM = mean{tLLM,1, tLLM,2, . . . , tLLM,n}

B represents the available CPU-GPU PCIe bandwidth. We estimate the optimal prefetch

amount (b̂∗p) as:

b̂∗p = B · t̄LLM

This estimated b̂∗p is subsequently applied to incoming queries, ensuring a near-optimal

prefetch amount which maximizes cluster overlap rate while minimizing GPU data transfer

latency.

4.3 Implementation Details

TeleRAG is implemented in Python [80] and leverages PyTorch’s [9] ecosystem for efficient

matrix computation. The vector datastore index is initially constructed using the Faiss

library [27], and its data structures - including IVF centroids and cluster data - are converted

to PyTorch tensors.

To enable concurrent CPU-GPU data transfer and LLM generation, we utilize PyTorch’s

copy (non blocking=True). This employs separate CUDA streams for prefetching and LLM

inference operations, and ensures that data copy I/O operations (prefetch) do not block GPU

computation (LLM generation).

At runtime, cluster data is loaded into a contiguous pinned memory region on the CPU,

facilitating non-blocking memory transfers to the GPU. A fixed-size contiguous buffer on the
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GPU is allocated based on available GPU memory capacity at initialization time.

To implement index search with GPU-CPU cooperation, we employ the following hybrid

workload distribution strategy:

• GPU component: We perform a single matrix multiplication to compute distances

for all prefetched vectors. GPU’s specialized cores are optimized for highly paral-

lelizable algorithms like matrix multiplication, which allows up to 10× faster GPU-

accelerated IVF index searches compared to its CPU counterpart [35] (See Section

3.2).

• CPU component: We utilize Python multithreading [80] to parallelize similarity

searches across clusters [27].

• Merging component: The merging of the CPU and GPU similarity search results is

performed on the GPU. TeleRAG accelerates the final k − argmin sorting step of the

IVF search by leveraging GPU-accelerated parallel sorting algorithms, which provide a

speedup of upto 6× compared to its CPU counterparts. To enable this we transfer the

Cmiss scalar distances computed on the CPU to the GPU. Unlike full vector data, this

scalar data transfer incurs negligible overhead. The GPU then performs a global sort

over the combined distances from Coverlap and Cmiss, delivering significant end-to-end

speedup.

4.4 Conclusion

TeleRAG’s design demonstrates that predictive prefetching can effectively hide CPU-GPU

data transfer latency. The profile-guided approach to prefetch optimization eliminates man-

ual tuning burden, while the CPU-GPU cooperative search strategy ensures high performance

even when prefetch predictions are imperfect. Most importantly, TeleRAG remains agnostic

to retrieval algorithms and LLM generation systems, enabling easy deployment on existing
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RAG stacks. Having established the design principles and implementation strategies, the

next chapter validates TeleRAG’s effectiveness through comprehensive empirical evaluation.
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Chapter 5

EVALUATION

To validate TeleRAG’s effectiveness and practical impact, this chapter presents a com-

prehensive empirical evaluation across diverse hardware platforms, language models, RAG

pipelines, IVF hyperparameters, and datasets. The evaluation is structured to answer four

crucial questions. First, how much latency reduction does TeleRAG achieve for single-query

inference on resource-constrained consumer GPUs? Second, how does TeleRAG’s perfor-

mance scale in batched inference scenarios typical of data center deployments? Third, how

sensitive is TeleRAG’s performance to variations in IVF retrieval hyperparameters? Fourth,

how effective is our profile-guided prefetch budget in optimizing the cluster overlap rate?

5.1 Experimental Setup

Datastore: We construct a datastore based on the WikiDPR dataset [6], a widely-used

collection containing 2.1 billion tokens from Wikipedia. Following established practice in

prior work [12, 52, 69], we partition passages into chunks of 100 tokens each and generate

embeddings for each chunk using Contriever [38], with a hidden dimension of 768.

Vector Index: For baseline retrieval, we construct an IVF vector index using Faiss [27]

on the datastore. As described in Section 4.3, we convert the Faiss index to a customized

PyTorch-based [9] index for TeleRAG. Table 5.1 provides detailed configurations of the vector

index and datastore.

Language Models: We evaluate TeleRAG across the Llama model family [7] in three

sizes (Llama-3.2-3B, Llama-3-8B, Llama-2-13B) to represent diverse use cases and model

scales.

RAG Pipelines: We evaluate TeleRAG with the six popular RAG pipelines (HyDE [29],
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Specification Value

Dataset wiki dpr [52]

Dataset size 2.1 billion tokens

# of chunks 21 million

# of IVF cluster 4096

Embed model Contriever [38]

Embed dimension 768

Index type IVF FLAT

Distance metric Inner Product

Index size 61 GB

Table 5.1: Detailed configurations of our retrieval index.

Setup Desktop Server

CPU Threadripper 5975 EPYC 9554

CPU memory size 512 GB 1.5 TB

GPU RTX4090 [73] H100 [74]

GPU memory size 24 GB 80 GB

CPU-GPU Bus PCIe 4 PCIe 5

Bandwidth 32 (24) GB/s 64 (51) GB/s

Table 5.2: Hardware specifications for our setups. In bandwidth, the number in the paren-
theses is the actual bandwidth we measured from our system.

SubQuestion [65], Iterative [62], Iter-RetGen [86], FLARE [47], and Self-RAG [12]) described

in Section 2.2 . Although some pipelines lack explicit pre-retrieval generation, post-retrieval

generation serves a similar functionality for subsequent iteration retrievals.
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Evaluation Datasets: We use three widely-adopted question-answering datasets: Nat-

ural Questions (NQ) [57], HotpotQA [100], and TriviaQA [51]. The Natural Questions

dataset contains real user queries from Google Search paired with Wikipedia passages, mak-

ing it a great choice for evaluating RAG systems on natural information-seeking questions.

For each dataset, we randomly sample 1024 queries and report averages unless otherwise

specified. The HotpotQA dataset requires multi-hop reasoning across multiple documents

to answer complex questions, which allows us to evaluate TeleRAG’s performance on multi-

round retrieval-intensive pipelines. The TriviaQA dataset contains trivia questions with

diverse retrieval contexts from both web documents and Wikipedia, enabling evaluation of

TeleRAG’s robustness across varied question types and document sources.

Hardware Configurations: We evaluate TeleRAG across two representative hardware

environments - Desktop and Server - reflecting consumer and data center deployment sce-

narios. The Desktop is equipped with an RTX 4090 (24 GB memory) [73] running 3B and

8B models. The Server has an H100 (80 GB memory) [74] running 8B and 13B models. We

do not evaluate the 13B model on Desktop as its size (26 GB) exceeds RTX 4090 capacity.

Table 5.2 summarizes the hardware specifications [58].

Hyperparameter Settings: For an IVF index, nprobe controls how many clusters are

searched to find the nearest neighbors for a query vector. By setting a value for nprobe,

you balance the trade-off between search speed and accuracy: a higher nprobe value im-

proves recall by searching more clusters, but it increases query latency because more data

is processed. A lower nprobe value speeds up the query but may result in lower recall. A

common heursitic is to set nprobe to 4
√
Nc [113]. Given our index size of Nc = 4096, we use

nprobe = 256(= 4
√
Nc) by default. For retrieval, top-k denotes the number of most relevant

documents to return. We use top-k = 3, which is a standard choice in RAG [113].

RAG Pipeline Implementation: We implement the RAG pipelines using the FlashRAG

framework [49]. FlashRAG is a Python toolkit for the reproduction and development of Re-

trieval Augmented Generation (RAG) research.

Benchmarking Methodology: We adopt the benchmarking methodology from SGLang
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[109] and use GPT-3.5-Turbo [75] to trace each pipeline, recording input and output text at

each step. During latency evaluation, we configure LLM output length based on recorded

traces, ensuring fair latency comparisons across different models.

Baseline Systems: We construct a clean Python execution flow containing LLM gen-

eration, datastore retrieval, and necessary pipeline logic as the baseline. We use SGLang as

the state-of-the-art LLM inference engine and Faiss as the CPU-offloaded retrieval baseline.

Prefetching Budget: Based on the methodology in Section 4.2, we profile each RAG

pipeline using 64 random samples from the NQ dataset to derive the optimal prefetching

budget. For the Server setup, we allocate 16 GB for GPU prefetching. For Desktop, we

allocate 10 GB for the 3B model and 3.75 GB for the 8B model. This demonstrates efficient

operation using only a small fraction (up to 40% for RTX 4090 and 20% for H100) of total

GPU memory.

5.2 Single Query Latency on RTX 4090

This section focuses on answering how much latency reduction does TeleRAG achieve for

single-query inference on resource-constrained consumer GPUs. We evaluate the end-to-end

RAG latency for single queries on a Desktop equipped with the RTX 4090 GPU (24 GB

memory), representing a typical local deployment scenario.

Figure 5.1 presents the latency reduction achieved by TeleRAG across three datasets and

two language models (Llama-3.2-3B and Llama-3-8B). TeleRAG consistently outperforms

the Faiss CPU-offloaded retrieval baseline across all tested configurations. With Llama-3.2-

3B, TeleRAG achieves average speedups of 1.55×, 1.54×, and 1.49× on Natural Questions,

HotpotQA, and TriviaQA, respectively [57, 100, 51]. The peak speedup of 2.11× is achieved

on the Iter-RetGen pipeline with HotpotQA, which can be attributed to this pipeline’s

frequent retrieval operations and relatively short LLM outputs, which amplify the relative

impact of retrieval acceleration.

Notably, the SubQuestion pipeline achieves approximately 1.85× speedup across all

datasets. This pipeline generates LLM-based sub-questions and performs batched retrieval
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Figure 8. End-to-end latency speedup of TeleRAG and base-
line on six RAG pipelines and three datasets, with RTX4090
GPU. nprobe is 256.

Prefetching budget setups. Based on the methodology
we described in §4.2, we profile each RAG pipeline with a
small amount of 64 random samples from NQ [55] and derive
the prefetching budget of each pipeline.
Max prefetching memory. We set a maximum GPU

memory limit for prefetching in each configuration. For
Server, we allocate up to 16 GB. For Desktop, we allocate up
to 10 GB and 3.75 GB for the 3B and 8B models, respectively.
These settings demonstrate that TeleRAG can efficiently
operate using only a small fraction (up to 40% for RTX4090
and 20% for H100) of total GPU memory.

5.3 Evaluation Results
Single-query latency onRTX4090.We evaluate the end-

to-end RAG latency for single queries on Desktop equipped
with RTX4090, representing a typical local scenario. Fig-
ure 8 shows the latency reduction of TeleRAG across three
datasets and two LLMs (Llama-3.2-3B and Llama-3-8B).

As shown in Figure 8, TeleRAG consistently outperforms
the baseline across all tested configurations. With Llama-3.2-
3B, TeleRAG achieves average speedups of 1.55×, 1.54×, and
1.49× on NQ, HotpotQA, and TriviaQA, respectively. The
best speedup of 2.11× is achieved in the Iter-RetGen pipeline
on HotpotQA, because this pipeline involves frequent re-
trieval operations and generally short LLM outputs, which
enhances the relative impact of retrieval acceleration.

Another notable improvement is in the SubQuestion pipe-
line, where TeleRAG achieves approximately 1.85× speedup

libraries. We build a system from the ground up to avoid the overhead
introduced by their complex layers designed for advanced functionality.

across all datasets. This pipeline uses LLM-generated sub-
questions and performs batched retrievals of 3 to 4 queries
simultaneously. CPU-based retrieval suffers from limited par-
allelism in such scenarios, but TeleRAG efficiently utilizes
GPU parallelism, significantly enhancing performance.
When deploying Llama-3-8B, speedups with TeleRAG

slightly decrease compared to Llama-3.2-3B, primarily due
to increased LLM latency and reduced available memory
for prefetching. Still, TeleRAG achieves approximately 1.3×
speedup across datasets, with a peak improvement of 1.82×
for Iter-RetGen pipeline on HotpotQA. Achieving these re-
sults with only 3.75GB of remaining GPU memory (after
accounting for Llama-3-8B (16GB), the embedding model
(1 GB), and other miscellaneous tensors) highlights Tel-
eRAG’s robust capability in accelerating RAG inference even
under tight GPU memory constraints.

Multi-query throughput on H100. To evaluate the Tel-
eRAG’s performance in batched inference, we evaluate the
end-to-end throughput on Server (H100) in batch sizes 1, 2,
4, and 8. We show the results of six evaluated RAG pipelines
with Llama-3-8B and Llama-2-13B in Figure 9.

As shown in Figure 9, TeleRAG consistently outperforms
the Faiss baseline across all pipelines and batch sizes in both
LLM sizes. At batch size 1 and running with Llama-3-8B
(equivalent to the single-query setting), TeleRAG delivers
a throughput increase of 1.1× to 2.2×, with an average of
1.46×. As the batch size increases, the performance gains of
TeleRAG continually grow. The Faiss baseline demonstrates
near-linear scalability up to a batch size of 4, but reaches a
noticeable plateau at a batch size of 8, indicating that the CPU
baseline’s capacity to handle a high volume of simultaneous
queries is limited. In contrast, TeleRAG continues to scale
nearly linearly through the largest batch evaluated, reach-
ing 1.4–2.2× higher throughput and an average throughput
increase of 1.83× at batch 8. The biggest throughput gain
is achieved for SubQuestion, up to 2.2× at batch 8. This is
again due to their higher demands on the retrieval, leaving
higher optimization space for TeleRAG.

Multi-GPU Throughput. We also evaluate TeleRAG in
a multi-GPU system to further show the scalability. For the
evaluation, we construct a simulation framework around our
single-GPU implementation. We first define a global batch
size that the whole system will process at once, and then we
construct mini-batches to distribute among each GPU. To
form a mini-batch, we perform a greedy search based on the
embedding similarity of queries, grouping similar queries
into the same mini-batch to maximize the cluster hit rate.
We present the simulated throughput of TeleRAG with a
global batch size of 128 and mini-batch size of 4 with 1 to 8
GPUs. As shown in Figure 10, TeleRAG’s throughput scales
well with the number of GPUs. When compared to 1 GPU

7Results for 1 GPU are real, not simulated.

Figure 5.1: End-to-end single-query latency speedup of TeleRAG compared to the CPU-
offloaded retrieval baseline. We use the RTX4090 GPU to experiment on our representative
RAG pipelines and datasets. [61]

of 3-4 queries simultaneously. The batched retrieval suffers high latency in the CPU-based

retrieval scenario, but gains significant performance gains in our TeleRAG retrieval scenario

leveraging GPU’s batch parallelism advantage.

When deploying Llama-3-8B, speedups slightly decrease compared to Llama-3.2-3B, pri-

marily due to increased LLM latency and reduced available memory for prefetching. Never-

theless, TeleRAG achieves approximately 1.3× speedup across datasets, with peak improve-

ment of 1.82× for Iter-RetGen on HotpotQA. These results are achieved with only 3.75 GB

of remaining GPU memory after allocating space for Llama-3-8B (16 GB), the embedding

model (1 GB), and miscellaneous tensors, demonstrating TeleRAG’s robust capability under

tight GPU memory constraints.



31

5.3 Multi-Query Throughput on H100

TeleRAG: Efficient Retrieval-Augmented Generation Inference with Lookahead Retrieval

1 2 4 8
Batch Size

0

2

4

6

8

10

12

Th
ro

ug
hp

ut
 (R

eq
/s

)

HyDE
Faiss
TeleRAG
Speedup

1 2 4 8
Batch Size

0

2

4

6

8

10

12 SubQ

1 2 4 8
Batch Size

0

2

4

6

8

10

12 Iter

1 2 4 8
Batch Size

0

2

4

6

8

10

12 IRG

1 2 4 8
Batch Size

0

2

4

6

8

10

12 FLARE

1 2 4 8
Batch Size

0

2

4

6

8

10

12 S-RAG

1 2 4 8
Batch Size

0

2

4

6

8

10

12 Avg

0.0

0.5

1.0

1.5

2.0

2.5

3.0

0.0

0.5

1.0

1.5

2.0

2.5

3.0

0.0

0.5

1.0

1.5

2.0

2.5

3.0

0.0

0.5

1.0

1.5

2.0

2.5

3.0

0.0

0.5

1.0

1.5

2.0

2.5

3.0

0.0

0.5

1.0

1.5

2.0

2.5

3.0

0.0

0.5

1.0

1.5

2.0

2.5

3.0

Sp
ee

du
p

(a) End-to-end throughput with six pipelines and different batch sizes using Llama-3-8B.
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(b) End-to-end throughput with six pipelines and different batch sizes using Llama-2-13B.

Figure 9. End-to-end throughput of TeleRAG and the baseline across six RAG pipelines on the NQ dataset using Llama-3-8B
and Llama-2-13B at different batch sizes on a H100 GPU. The nprobe is set to 256, and the 𝑥-axis represents the batch size.
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Figure 10. Simulated throughput7of TeleRAG on NQ
dataset with different number of H100 GPUs.
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Figure 11. Latency breakdown for Llama-3-8B on NQ with
a H100 GPU in different batch sizes. nprobe is 256.

results, the averaged throughput enhancements of TeleRAG
are 1.7×, 3.1×, and 5.4× with 2, 4, and 8 GPUs, respectively.

5.4 Analysis and Sensitivity Study
Latency breakdown.We further show the latency break-
down of running RAG pipelines with Llama-3-8B and Llama-
2-13B on a single H100 GPU in different batch sizes in Fig-
ure 11. From Figure 11, we can observe that LLM latency
grows sub-linearly with larger batch sizes. However, the
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Figure 12. Comparison of end-to-end retrieval latency
for two batching strategies: naive mini-batching and
similarity-aware greedy grouping. The Greedy Group bars
are too short to be visible.

latency for Faiss retrieval on CPU grows linearly with the
batch size, dominating the overall latency when batch size is
large. These results echo our findings in Figure 9, and show
limited scalability of CPU retrieval in serving scenario. In
contrast, TeleRAG significantly accelerates across all batch
sizes and achieves a higher speedup from 1.4× to 1.8× when
the batch size increases from 1 to 8.
Ablation on mini-batch strategies. In our multi-GPU

results, we implement a greedy grouping strategy for mini-
batching based on queries’ similarity in a global batch. Here,
we examine the benefits and overhead of this strategy in Fig-
ure 12, where we show the end-to-end retrieval latency for
mini-batch size 4 with four GPUs and a global batch of 128
queries. The grouping overhead is minimal and the overall
retrieval latency of greedy grouping mini-batching consis-
tently outperform naive mini-batching across all pipelines.

Retrieval speedups across nprobe. Figure 13 shows the
retrieval latency reduction on NQ. We observe consistent
speedups for all nprobe values. The greatest speedups are
achieved at nprobe 256, with average speedups of 7.21× and

Figure 5.2: End-to-end multi-query throughput improvement of TeleRAG compared to the
CPU-offloaded retrieval baseline. We use the H100 GPU to test Llama-3-8B and Llama-
2-13B models at different batch sizes, across six RAG pipelines and the Natural Questions
dataset. [61]

This section focuses on answering how TeleRAG’s throughput scales in batched inference

scenarios typical of data center deployments. We evaluate TeleRAG’s performance in batched

inference on Server (H100 GPU) across batch sizes 1, 2, 4, and 8.

Figure 5.2 shows results for six RAG pipelines with Llama-3-8B and Llama-2-13B [7, 90].

TeleRAG consistently outperforms the Faiss baseline across all pipelines and batch sizes for

both language models. At batch size 1 with Llama-3-8B (equivalent to single-query setting),

TeleRAG delivers throughput improvements of 1.1–2.2×, averaging 1.46×. Performance gains

amplify with increasing batch size. The Faiss baseline demonstrates near-linear scalability

up to batch size 4 but exhibits a noticeable plateau at batch size 8, indicating CPU retrieval’s

limited capacity for handling high query volumes. In contrast, TeleRAG maintains nearly

linear scaling through all batch sizes, achieving 1.4–2.2× higher throughput with an average
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improvement of 1.83× at batch size 8. The largest throughput gain of 2.2× is achieved for

SubQuestion at batch size 8, which is reflective of the pipeline’s higher retrieval demands

and greater optimization potential.

5.4 Latency Breakdown across Batch Sizes

TeleRAG: Efficient Retrieval-Augmented Generation Inference with Lookahead Retrieval
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(a) End-to-end throughput with six pipelines and different batch sizes using Llama-3-8B.
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(b) End-to-end throughput with six pipelines and different batch sizes using Llama-2-13B.

Figure 9. End-to-end throughput of TeleRAG and the baseline across six RAG pipelines on the NQ dataset using Llama-3-8B
and Llama-2-13B at different batch sizes on a H100 GPU. The nprobe is set to 256, and the 𝑥-axis represents the batch size.
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Figure 10. Simulated throughput7of TeleRAG on NQ
dataset with different number of H100 GPUs.
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Figure 11. Latency breakdown for Llama-3-8B on NQ with
a H100 GPU in different batch sizes. nprobe is 256.

results, the averaged throughput enhancements of TeleRAG
are 1.7×, 3.1×, and 5.4× with 2, 4, and 8 GPUs, respectively.

5.4 Analysis and Sensitivity Study
Latency breakdown.We further show the latency break-
down of running RAG pipelines with Llama-3-8B and Llama-
2-13B on a single H100 GPU in different batch sizes in Fig-
ure 11. From Figure 11, we can observe that LLM latency
grows sub-linearly with larger batch sizes. However, the
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Figure 12. Comparison of end-to-end retrieval latency
for two batching strategies: naive mini-batching and
similarity-aware greedy grouping. The Greedy Group bars
are too short to be visible.

latency for Faiss retrieval on CPU grows linearly with the
batch size, dominating the overall latency when batch size is
large. These results echo our findings in Figure 9, and show
limited scalability of CPU retrieval in serving scenario. In
contrast, TeleRAG significantly accelerates across all batch
sizes and achieves a higher speedup from 1.4× to 1.8× when
the batch size increases from 1 to 8.
Ablation on mini-batch strategies. In our multi-GPU

results, we implement a greedy grouping strategy for mini-
batching based on queries’ similarity in a global batch. Here,
we examine the benefits and overhead of this strategy in Fig-
ure 12, where we show the end-to-end retrieval latency for
mini-batch size 4 with four GPUs and a global batch of 128
queries. The grouping overhead is minimal and the overall
retrieval latency of greedy grouping mini-batching consis-
tently outperform naive mini-batching across all pipelines.

Retrieval speedups across nprobe. Figure 13 shows the
retrieval latency reduction on NQ. We observe consistent
speedups for all nprobe values. The greatest speedups are
achieved at nprobe 256, with average speedups of 7.21× and

Figure 5.3: Latency breakdown for Llama-3-8B on Natural Questions with a H100 GPU with
different batch sizes. [61]

This section focuses on discussing the latency breakdown of TeleRAG in batched inference

scenarios typical of data center deployments.

Figure 5.3 presents latency breakdown for RAG pipelines with Llama-3-8B and Llama-2-

13B on a single H100 GPU at varying batch sizes [7, 90]. LLM latency grows sub-linearly with

larger batch sizes. However, CPU-based Faiss retrieval latency increases linearly with batch

size, dominating overall latency at large batches. These findings corroborate the throughput

results in Figure 5.2, highlighting CPU retrieval’s limited scalability in serving multi-query

scenarios. In contrast, TeleRAG achieves consistent acceleration across all batch sizes, with

speedup increasing from 1.4× to 1.8× as batch size grows from 1 to 8.



33

5.5 Retrieval Speedup Across nprobe Values
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(a) Llama-3.2-3B with a RTX4090 GPU.
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(b) Llama-3-8B with a H100 GPU.

Figure 13. Single-query retrieval speedup on NQ with dif-
ferent nprobe values.

Pipeline H100 (Llm3-8B) 4090 (Llm3-3B)
Budget Hit Rate Budget Hit Rate

HyDE 9 GB 91.95% 7 GB 87.42%
SubQ 8 GB 79.04% 7 GB 76.38%
Iter 5 GB 95.51% 3 GB 84.59%
IRG 4 GB 59.52% 2.5 GB 50.34%

FLARE 6 GB 79.35% 3 GB 56.67%
S-RAG 3 GB 71.29% 1.25 GB 29.96%

0% 20% 40% 60% 80% 100%
Table 4. The prefetch budget and corresponding averaged
cluster hit rate for each pipeline and hardware setup on NQ
dataset. The target retrieval nprobe is 256.

7.41× on RTX4090 andH100, respectively. As a larger nprobe
value is used, the retrieval performance of TeleRAG be-
comes constrained by missed clusters on the CPU, given our
fixed prefetch budget across varying nprobe values. How-
ever, RAG inference with higher nprobe will result in longer
latency spent on the retrieval and hence, TeleRAG still has
a significant latency improvement against the CPU retrieval
baseline.
Prefetch budgets and cluster hit rates. Table 4 shows

the prefetch budgets we set with the profile-guided approach
on RTX4090 and H100 for NQ. It also presents the average
cluster hit rate achieved with this prefetch budget. From the
table, we can see that it generally achieves a high cluster hit
rate (>50%) when TeleRAG has a large prefetching budget.
For cases where the budget is less than 2 GB, we observe
a relatively lower hit rate (<50%), limiting the benefits of
reducing the CPU’s search workloads. However, as observed
from Figure 8, TeleRAG achieves from 1.2× to 1.6× end-to-
end speedups for these pipelines, thanks to the combined
benefit of reducing CPU workload and utilizing the GPU to
perform sorting on similarity distances.

6 Related Work
6.1 Systems for RAG
RAGCache [45] proposes a caching system that stores KV
caches from datastore chunks in an order-aware manner
to improve the time to the first token. This approach only
reduces prefill latency, leaving retrieval and decode times
unaffected, despite the fact they typically dominate total
latency [4]. Moreover, it assumes repeated use of the same
document across multiple requests, limiting its scalability
over large data stores. Similarly, TurboRAG [61] precomputes
KV caches from the data store, but it also only optimizes
prefill latency. CacheBlend introduces a selective KV-cache
fusion technique for RAG to reuse pre-computed caches [93].

RaLMSpec [99] proposes speculative retrieval and batched
verification, Chameleon [42] proposes a CPU-GPU-FPGA
heterogeneous architecture for accelerating the retrieval pro-
cess, and PipeRAG [43] is an algorithm-system co-design
technique to overlap the retrieval and generation by mod-
ifying the algorithms. However, these works focus on the
paradigm of RAG that retrieves documents once every few
tokens and do not apply to modular RAG applications that
are widely used now, as discussed in §2.1.

Speculative RAG [87] introduces drafting by smaller LLMs
to reduce RAG latency, but it does not target the retrieval
latency. APIServe (InferCept) [3] proposes a novel KV cache
management strategy that can support the interception of
LLM generation by other workloads, including retrieval.
However, this work again does not focus on optimizing
retrieval latency. EdgeRAG [78] reduces the memory re-
quirement of retrieval by re-generating and caching doc-
ument embeddings at runtime, targeting extremely resource-
constrained environments. RAGO [41] introduces an abstrac-
tion for RAG to automatically pick task placement, resource
allocation, and batching policies.

Unlike all these prior works, we tackle system challenges
of long retrieval latency and large memory requirement for
modular RAG pipelines with large-scale datastores.

6.2 Systems for Compound LLM Applications
Apart from RAG, there is a growing interest in compound
or agentic LLM applications, where multiple LLM calls and
other applications are combined to serve complex function-
alities [15, 86, 96]. LLMCompiler [53] is a framework that
optimizes the execution of multiple functions in large lan-
guage models by enabling parallel function calling. AI Me-
tropolis [91] accelerates LLM-based multi-agent simulations
with out-of-order execution. RAG is a specific type of ap-
plication in this broader direction, and we propose systems
techniques to optimize its execution latency, focusing on the
characteristics of retrieval workload.

Figure 5.4: Single-query retrieval speedup with different nprobe values. The experiment is
performed on both the RTX4090 and H100 GPU, across various RAG pipelines and on the
Natural Questions dataset. [61]

The IVF search hyperparameter nprobe controls the tradeoff between search recall and

latency as described in Section 5.1. This section investigates how TeleRAG’s retrieval latency

behaves as the nprobe varies.

Figure 5.4 shows retrieval latency reduction on Natural Questions [57] across varying

nprobe values . Speedups are observed for all nprobe values, with greatest improvements at

nprobe 256, achieving average speedups of 7.21× on RTX 4090 and 7.41× on H100 [27].As

nprobe increases, TeleRAG’s performance becomes constrained by missed clusters requiring

CPU processing given the fixed prefetch budget. However, higher nprobe values also ex-
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tend retrieval latency, and TeleRAG maintains significant improvement over CPU-offloaded

baseline retrieval [27].

5.6 Prefetch Budgets and Cluster Overlap Rates

Pipeline
H100 (Llama-3-8B) RTX4090 (Llama-3.2-3B)

Budget Cluster Overlap Rate Budget Cluster Overlap Rate

HyDE 9 GB 91.95% 7 GB 87.42%

SubQ 8 GB 79.04% 7 GB 76.38%

Iter 5 GB 95.51% 3 GB 84.59%

IRG 4 GB 59.52% 2.5 GB 50.34%

FLARE 6 GB 79.35% 3 GB 56.67%

S-RAG 3 GB 71.29% 1.25 GB 29.96%

0% 20% 40% 60% 80% 100%

Table 5.3: The prefetch budget and corresponding averaged cluster overlap rate (See Equa-
tion 3.1) for each pipeline and hardware setup on the Natural Questions dataset.

This section examines the prefetch budgets determined by TeleRAG’s profile-guided ap-

proach and the resulting cluster hit rates achieved across different RAG pipelines. By analyz-

ing the relationship between prefetch budget size, cluster hit rate, and end-to-end speedup, it

validates whether our profile-guided approach reliably estimates optimal prefetch amounts.

Table 5.3 presents prefetch budgets derived using the profile-guided approach on RTX

4090 and H100 GPUs for Natural Questions, along with average cluster hit rates. Generally,

high cluster hit rates (> 50%) are achieved with large prefetching budgets. For budgets

below 2 GB, hit rates are relatively lower (< 50%), limiting the benefits of reducing the

CPU’s workloads. As shown in Figure 5.1, TeleRAG achieves 1.2–1.6× end-to-end speedups

for these pipelines using the conservative default prefetch budgets detailed in Section 5.1.
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5.7 Conclusion

Our comprehensive evaluation demonstrates that TeleRAG successfully achieves its design

objectives across diverse deployment scenarios. On consumer GPUs, TeleRAG delivers con-

sistent 1.53× average latency reduction for single-query inference while operating within min-

imal GPU memory constraints. In data center settings, TeleRAG exhibits superior scaling

properties, achieving 1.83× average throughput improvement at batch size 8 where CPU-

based retrieval plateaus. It is also validated that our profile-guided prefetch optimization

reliably identifies near-optimal prefetch amounts, and that even imperfect cluster predictions

translate to meaningful end-to-end speedups. These results confirm TeleRAG’s effectiveness

as a practical solution that bridges the memory-latency gap in RAG deployment. Having

demonstrated TeleRAG’s empirical performance, we now conclude the thesis with a discus-

sion on our contributions and its implications for the broader RAG ecosystem.
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Chapter 6

CONCLUSION

This thesis has presented TeleRAG, an efficient inference system designed to address

critical system-level latency challenges in retrieval-augmented generation pipelines. Modern

RAG applications demand both rapid response times and access to large-scale vector datas-

tores, creating a fundamental tension between GPU memory capacity and retrieval latency.

TeleRAG resolves this tension through a novel CPU-GPU cooperative lookahead retrieval

mechanism.

The key contributions of this thesis are threefold:

• Lookahead Retrieval Mechanism: By exploiting the high semantic overlap (61% to

91%) between queries at subsequent stages of the RAG pipeline, TeleRAG proactively

prefetches likely-needed IVF clusters from CPU to GPU memory during LLM genera-

tion, effectively hiding data transfer latency behind ongoing LLM computation. This

retrieval-agnostic approach requires no modifications to existing retriever algorithms

or vector index structures, ensuring compatibility with standard RAG deployments.

• Profile-Guided Prefetch Optimization: TeleRAG employs an intelligent profil-

ing methodology to determine optimal prefetch amounts depending on RAG pipeline

configuration and hardware characteristics.

• GPU-CPU Cooperative Retrieval: TeleRAG implements hybrid similarity search

where predicted clusters are searched on GPU while missed clusters are processed on

CPU in parallel, maximizing resource utilization.

Experimental evaluation across diverse set of representative RAG pipelines, query work-
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loads, and vector index configurations demonstrates TeleRAG’s substantive latency gains.

On consumer GPUs (RTX 4090), TeleRAG achieves 1.53× average latency reduction for

single queries, with peak speedups of 2.11× on retrieval-intensive pipelines. In batched

data-center scenarios (H100), TeleRAG delivers near-linear scaling delivering 1.46× average

throughput improvement at batch size 1 up to 1.83× improvement at batch size 8.

These performance gains are achieved with minimal GPU memory footprint; only 3.75

GB for retrieval on consumer GPUs and 16 GB on data-center GPUs. For the first time,

this unlocks simultaneous GPU hosting of massive datastore retrieval indices alongside large

language models.

The main limitation of our work is that Lookahead retrieval is dependent on consistently

high IVF cluster overlap rates between queries in subsequent RAG pipeline stages. This

holds true for most current query transformation techniques. This presumption will fail for

any query transformation technique that significantly transforms the semantic characteristics

of the input query, leading to lower prefetch accuracy, lower relative GPU acceleration, and

higher latencies.

TeleRAG addresses a critical gap in the RAG ecosystem by focusing on system-level

optimization at the CPU-GPU boundary rather than algorithmic improvements to the re-

trieval or generation components. This complementary approach makes it broadly compat-

ible with existing RAG frameworks, LLM serving engines (vLLM [58], SGLang [109]), and

vector search libraries (Faiss [27], DiskANN [89]). By enabling efficient RAG deployment

on both resource-constrained consumer hardware and high-throughput data center envi-

ronments, TeleRAG democratizes access to advanced RAG capabilities and accelerates the

practical deployment of retrieval-augmented systems across diverse applications.
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[97] Lukas Wutschitz, Boris Köpf, Andrew Paverd, Saravan Rajmohan, Ahmed Salem,
Shruti Tople, Santiago Zanella-Béguelin, Menglin Xia, and Victor Rühle. Rethinking
Privacy in Machine Learning Pipelines from an Information Flow Control Perspective.
arXiv preprint arXiv:2311.15792, 2023.

[98] Zhiqiang Xie, Hao Kang, Ying Sheng, Tushar Krishna, Kayvon Fatahalian, and Chris-
tos Kozyrakis. AI Metropolis: Scaling Large Language Model-based Multi-Agent Sim-
ulation with Out-of-order Execution. arXiv preprint arXiv:2411.03519, 2024.

[99] Yuqing Yang, Yuedong Xu, and Lei Jiao. A Queueing Theoretic Perspective on Low-
Latency LLM Inference with Variable Token Length, 2024.

[100] Zhilin Yang, Peng Qi, Saizheng Zhang, Yoshua Bengio, William W Cohen, Ruslan
Salakhutdinov, and Christopher D Manning. HotpotQA: A Dataset for Diverse, Ex-
plainable Multi-hop Question Answering. In Conference on Empirical Methods in
Natural Language Processing (EMNLP), 2018.

[101] Jiayi Yao, Hanchen Li, Yuhan Liu, Siddhant Ray, Yihua Cheng, Qizheng Zhang, Kuntai
Du, Shan Lu, and Junchen Jiang. CacheBlend: Fast Large Language Model Serving
for RAG with Cached Knowledge Fusion. arXiv preprint arXiv:2405.16444, 2024.

[102] Fanghua Ye, Meng Fang, Shenghui Li, and Emine Yilmaz. Enhancing Conversational
Search: Large Language Model-Aided Informative Query Rewriting. In The 2023
Conference on Empirical Methods in Natural Language Processing, 2023.

[103] Jianhao Yuan, Shuyang Sun, Daniel Omeiza, Bo Zhao, Paul Newman, Lars Kunze,
and Matthew Gadd. RAG-driver: Generalisable Driving Explanations with Retrieval-
Augmented In-Context Learning in Multi-Modal Large Language Model. arXiv
preprint arXiv:2402.10828, 2024.



48

[104] Matei Zaharia, Omar Khattab, Lingjiao Chen, Jared Quincy Davis, Heather
Miller, Chris Potts, James Zou, Michael Carbin, Jonathan Frankle, Naveen
Rao, and Ali Ghodsi. The Shift from Models to Compound AI Systems.
https://bair.berkeley.edu/blog/2024/02/18/compound-ai-systems/, 2024.

[105] Chaoliang Zeng, Layong Luo, Qingsong Ning, Yaodong Han, Yuhang Jiang, Ding
Tang, Zilong Wang, Kai Chen, and Chuanxiong Guo. FAERY: An FPGA-accelerated
Embedding-based Retrieval System. In 16th USENIX Symposium on Operating Sys-
tems Design and Implementation (OSDI 22), pages 841–856, 2022.

[106] Zhihao Zhang, Alan Zhu, Lijie Yang, Yihua Xu, Lanting Li, Lijie Yang
Phitchaya Mangpo Phothilimthana, and Zhihao Jia. Accelerating Retrieval-
Augmented Language Model Serving with Speculation. arXiv preprint
arXiv:2401.14021, 2024.

[107] Zili Zhang, Fangyue Liu, Gang Huang, Xuanzhe Liu, and Xin Jin. Fast Vector Query
Processing for Large Datasets Beyond GPU Memory with Reordered Pipelining. In
21st USENIX Symposium on Networked Systems Design and Implementation (NSDI
24), pages 23–40, 2024.

[108] Huaixiu Steven Zheng, Swaroop Mishra, Xinyun Chen, Heng-Tze Cheng, Ed H Chi,
Quoc V Le, and Denny Zhou. Take a Step Back: Evoking Reasoning via Abstraction
in Large Language Models. arXiv preprint arXiv:2310.06117, 2023.

[109] Lianmin Zheng, Liangsheng Yin, Zhiqiang Xie, Chuyue Sun, Jeff Huang, Cody Hao
Yu, Shiyi Cao, Christos Kozyrakis, Ion Stoica, Joseph E Gonzalez, Clark Barrett, and
Ying Sheng. SGLang: Efficient Execution of Structured Language Model Programs.
arXiv preprint arXiv:2312.07104, 2024.

[110] Denny Zhou, Nathanael Schärli, Le Hou, Jason Wei, Nathan Scales, Xuezhi Wang,
Dale Schuurmans, Claire Cui, Olivier Bousquet, Quoc V Le, et al. Least-to-Most
Prompting Enables Complex Reasoning in Large Language Models. In The Eleventh
International Conference on Learning Representations, 2022.

[111] Yuhao Zhu. RTNN: Accelerating Neighbor Search Using Hardware Ray Tracing. In
Proceedings of the 27th ACM SIGPLAN Symposium on Principles and Practice of
Parallel Programming (PPoPP ’22), pages 76–89, 2022.

[112] Shengyao Zhuang, Bing Liu, Bevan Koopman, and Guido Zuccon. Open-source Large
Language Models are Strong Zero-shot Query Likelihood Models for Document Rank-
ing. In Findings of the Association for Computational Linguistics: EMNLP 2023,
pages 8807–8817, 2023.



49

[113] Zilliz. How to Select Index Parameters for IVF Index. https://zilliz.com/blog/select-
index-parameters-ivf-index, 2020.


