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Abstract

Toward Efficient Machine Learning Systems with

Sampling and Compression

Chien-Yu Lin

Chair of the Supervisory Committee:

Professor Luis Ceze

Computer Science and Engineering

The rapid growth of machine learning - in terms of model size, dataset volume, and task complexity - has

created significant computational and memory efficiency challenges. This thesis addresses these challenges

by developing sampling and compression techniques across a variety of machine learning applications.

Specifically, we introduce sampling strategies for efficient graph neural networks (CacheSample), acceler-

ated 3D image rendering (FastSR-NeRF), and optimized retrieval-augmented generation systems (TeleRAG).

We further propose novel compression methods targeting convolutional neural networks (SPIN), large lan-

guage models (Atom), and their key-value caches (Palu). Collectively, these techniques substantially reduce

computational and memory requirements while preserving model accuracy, facilitating the scalability and

accessibility of machine learning systems. Finally, I present my vision for future efficiency innovations to

ensure continued scalability and robustness as machine learning models continue to grow in complexity.
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Chapter 1

Introduction

Machine learning (ML) models have become ubiquitous across a wide range of domains, enabling the

processing and understanding of diverse data modalities, including images [103], text [66], and graphs [148].

More recently, advances in multimodal learning have extended these capabilities to handle combinations of

input types—such as image-text pairs [219]—and to interact dynamically with external systems through

tools like information retrieval [184] and function calling [211].

A defining trend in modern ML is the rapid and exponential growth in model scale [87], encompassing

both the number of parameters and the size of training datasets. For instance, early deep learning models

such as AlexNet [152] or ResNet [103] were trained on datasets like ImageNet [63], which contains ap-

proximately 1.2 million labeled images. In contrast, recent large language models (LLMs) such as GPT-3

[37] and LLaMA [251] are trained on corpora exceeding 15 trillion tokens. On the model size dimension,

transformer-based architectures have expanded from BERT’s 110 million parameters in 2018 [66] to over

175 billion in GPT-3 [37], and even surpass 1 trillion parameters in models like Switch Transformer [75].

This scaling has not only improved performance but also shifted the paradigm of ML tasks. Earlier mod-

els, including convolutional neural networks (CNNs) and recurrent neural networks (RNNs), were primarily

designed for discriminative tasks such as image classification and sentiment analysis. In contrast, modern

generative models—powered by LLMs and diffusion models—can synthesize coherent text, produce pho-

torealistic images, and even generate high-fidelity video content. These capabilities reflect a shift toward

models that must reason about structure, context, and intent, exhibiting a more general form of intelligence.

19



(a) Redundant patches in an image. (b) Redundant edges might exist in
a large-scale graph.

(c) Redundant text in the context that are
irrelevant to a question.

Figure 1.1: Illustration of redundancy in image, graph structure data, and text.

However, as model sizes and data requirements continue to grow, so do the computational and memory

demands for training and inference. This introduces significant challenges in terms of energy efficiency,

hardware accessibility, and deployment scalability. To ensure that the benefits of modern ML systems remain

broadly accessible, it is essential to develop more efficient algorithms and systems that can reduce cost and

latency while maintaining or enhancing model performance. Democratizing access to these powerful models

requires innovations that span across algorithm design, system optimization, and hardware utilization.

Despite their large scale, redundancy is a prevalent and exploitable characteristic in both data and mod-

els. Redundancy may naturally occur in datasets for training or arise from model over-parameterization. For

instance, a substantial portion of an image background often carries little information about the object it-

self; CNNs maintain performance even with extensive pruning [99], and LLMs can maintain accuracy when

compressed to very low bit-width (4-bit) [313]. Leveraging such redundancy offers potential for enhancing

computational efficiency by reducing unnecessary calculations or saving memory.

Among the techniques for leveraging redundancy in machine learning, sampling and compression

emerge as particularly effective approaches. Sampling identifies a subset of informative data or compu-

tations, allowing the system to skip redundant or less informative processing while maintaining overall

accuracy. Compression, on the other hand, identifies and eliminates redundancy within model weights or

activations, thereby reducing memory usage, lowering data transfer overhead, and decreasing computational

cost. Figure 1.1 illustrates examples of sampling techniques applied to image, graph, and text domains,

while Figure 1.2 presents commonly used compression methods in deep learning.

However, effectively exploiting redundancy in machine learning workloads remains challenging without

carefully designed algorithms and system support. o Naive approaches—such as randomly dropping data
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(a) Pruning: removing redundant
weights.

(b) Distillation: training small models
from a larger model.

(c) Weight sharing: reusing weights
for multiple layers in the neural net-
work.

(d) Quantization: using less bit-width
to represent each model weight.

(e) Low-rank decomposition: factor-
izing a large weight matrix into two
small matrices.

Figure 1.2: Illustration of common use compression technique for deep learning models.

during sampling or aggressively compressing sensitive model weights—can significantly degrade model

accuracy. On the efficiency side, models with unstructured sparsity often fail to deliver practical speedups

due to poor hardware utilization, as modern hardware architectures are often not well-suited for irregular

computation patterns. These challenges underscore the need for hardware-friendly algorithms and tightly co-

optimized system implementations. In this thesis, I aim to enhance the efficiency of machine learning models

across various data types and modalities by developing advanced sampling and compression techniques.

My approach emphasizes algorithm-system co-design, enabling practical performance gains while retaining

model quality.

For sampling techniques, I have explored applications in Graph Neural Networks (GNNs), 3D neu-

ral rendering (NeRF), and retrieval-augmented generation (RAG). Specifically, I introduced CacheSample

(Chapter 2), an in-kernel edge sampling method accelerating GNN inference by up to 20× with less than a

1% accuracy drop. In 3D neural rendering, I developed FastSR-NeRF (Chapter 3), which employs a CNN-

based super-resolution model and introduces a novel random patch sampling algorithm that significantly

improves training efficiency. For retrieval-augmented generation (RAG), my work, TeleRAG (Chapter 4),

exploits the structure of the commonly used inverted file index (IVF) and modular design of RAG models

to create an efficient sampling algorithm and system design, significantly accelerating GPU-based retrieval

while maintaining minimal memory usage.
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Regarding compression, I explored weight sharing, quantization, and low-rank decomposition tech-

niques, applying them to CNN models and LLMs. In CNNs, I studied different weight-sharing strate-

gies to compress model sizes and proposed SPIN (Chapter 5), an empirical study framework with a novel

distillation-based method that achieves efficient compression without accuracy loss. For LLMs, my work on

Atom (Chapter 6) introduced a 4-bit quantization framework, enabling significant reductions in model size

and activating size, thereby enhancing serving throughput on GPUs. Additionally, with Palu (Chapter 7),

I advanced low-rank projection by redesigning the projection mechanism to dramatically reduce overheads

and integrate seamlessly with quantization. This method outperforms existing state-of-the-art quantization

approaches in both compression rate and speed.

In summary, this thesis presents an extensive exploration into sampling and compression techniques

through algorithm and system co-design, significantly improving the efficiency of diverse machine learning

models. Future directions include extending this research to multi-modal systems, exploring novel architec-

tures beyond transformers, and addressing increasingly complex model interactions.
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Part I

Efficient Machine Learning Systems with

Sampling
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Chapter 2

Accelerating Graph Neural Networks

Inference with Edge Sampling

Remarks on Chapter Material

The content of this chapter is adapted from the following tech report:

• Chien-Yu Lin, Liang Luo, Luis Ceze, "Accelerating SpMM Kernel with Cache-First Edge Sampling

for Graph Neural Networks", ArXiv 2021.

2.1 Introduction

GNNs are a class of powerful deep learning (DL) models that can extract high-level embeddings from graph-

structured data. Because the graph structure can represent many different types of information, GNN has

a wide-range of applications, including network data mining [148; 96], program synthesis [20], physics

modeling [31] and medical decision making [323]. As a result, this model is attracting significant attention

from both academia and industry.

Unfortunately, GNNs are notoriously inefficient to run because of their sparse operations [112; 114]. As

Figure 2.1 shows, a typical GNN layer uses a multi-layer perceptron (MLP) to extract dense node features

and aggregate the features according to the edges of the graph. In practice, MLP feature extraction uses

the general matrix multiplication (GEMM) operation, and feature aggregation uses the sparse-dense matrix
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Figure 2.1: Basic operations of a typical GNN layer.

multiplication (SpMM) or an SpMM-like operation. Since GNNs usually run on GPUs, where the hardware

architecture and memory system are optimized for dense matrix operations, the GPU time spent on the

dense GEMM operation is relatively short, hence the performance bottleneck usually lies in the sparse

SpMM operation. In our analysis, for a standard GCN model [148], the SpMM kernel can consume up to

95% of the end-to-end inference time.

To make SpMM run faster on GPUs, researchers have explored different SpMM kernel optimizations, in-

cluding leveraging GPU’s Instruction-Level Parallelism (ILP) [285], Thread-Level Parallelism (TLP) [285],

and cache memory [285; 114]; improving work balance; and using customized sparse formats [207; 90].

However, these methods still fall short of speeding GNN inference performance on GPUs as previous liter-

atures only show limited speedup (10% to 30%) [285; 114; 106] over the standard cuSPARSE kernel or is

optimized for problems with lower sparsity, e.g., pruned neural networks [80]. It is thus critical to broader

solutions than kernel optimizations alone to meet this goal.

Independently, edge sampling techniques [225; 102; 314] proposed by researchers allow the training of

possibly deeper and more accurate GNN models by solving the over-smoothing and over-fitting problems

[165; 284; 150]. Since edge sampling reduces the number of connections in the graph, which in turn reduces

SpMM computation time, it could potentially be used to speed up the SpMM kernel. However, existing

methods requires preprocessing the graph on the CPU [225] or using a complex model to sample the edges

[314]. The resulting added overheads eventually eclipse the benefit of reduced computational complexity.

To more efficiently leverage edge sampling for GNN acceleration, we introduce CacheSample, a sam-

pling algorithm and codesigned SpMM kernel to speed GNN inference performance. Key CacheSample
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concepts include: (1) an in-kernel sampling mechanism, which eliminates preprocessing overheads and

leverages a GPU’s parallel computing power to accelerate the sampling process, (2) a cache-first edge sam-

pling design that fits the entire sampled graph on a GPU’s shared memory by using the shared memory

size as the sampling target, reducing compute load while improving cache locality, (3) coalesced global

memory access to efficiently fetch the sampled graph data and load shared memory. (4) and two lightweight

sampling strategies to use in conjunction with the kernel to achieve optimal speedup with minimal accu-

racy. The two strategies offer different trade-offs between model accuracy and speedup and are adaptable to

the dataset specifics. Using these novel optimizations and designs, CacheSample significantly outperforms

state-of-the-art SpMM implementations with negligible accuracy loss for GNNs’ workloads.

To verify the effectiveness of our design, we integrated CacheSample into DGL, a popular graph learning

library that provides state-of-the-art GNN runtime performance. We designed CacheSample to work with

the standard CSR (Compressed Sparse Row) format to avoid format transformation overhead, which lets us

seamlessly swap DGL’s backend SpMM kernel with CacheSample with no modification to user-level code.

While the proposed techniques in CacheSample are sufficiently general to benefit both GNN training and

inference, we focus here on inference only. We conducted comprehensive experiments using two popular

GNN models, GCN and GraphSage, on four representative graph benchmarks. Our evaluation results for

inference time show that CacheSample outperformed cuSPARSE by up to 4.35x with no accuracy loss and

45.3x with less than a 1% accuracy loss.

In sum, our main contributions include:

• The design and implementation of CacheSample, a cache-first edge sampling mechanism and SpMM

kernel codesign, to speed up GNN inference.

• A novel in-kernel edge sampling mechanism that accelerates the sampling process and eliminates the

preprocessing overhead.

• Two lightweight sampling strategies to achieve optimal speedup with minimal accuracy loss across

different datasets.

• Standard CSR format support and the integration with a popular GNN framework, DGL, without

touching user-level code.
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• Comprehensive evaluations on representative GNN models and datasets to verify CacheSample’s sig-

nificantly improved inference efficiency.

• To the best of our knowledge, CacheSample is the first work that uses edge sammpling to accelerate

GNN inference.

2.2 Graph Structure Data and Sparse Computation

In this section, we now briefly describe the GNN, the Compressed Sparse Row (CSR) format, GPU prelim-

inaries, relevant SpMM optimization on GPUs, and the current state of the GNN computational bottleneck.

Graph Structure Data

GNNs target feature-rich graphs with have high-dimensional, dense features associated with nodes or edges.

A typical GNN has a multi-layer structure. Within a layer, it uses an MLP to extract high-level features

from the input features, aggregate the extracted features based on the graph structure and apply an activation

function like ReLU on the output features (see Figure 2.1). Activated features become the input features for

the next layer. The final layer’s output features are then be used for downstream prediction tasks, such as

node classification or edge prediction.

GNNs differ from basic neural networks mainly due to feature aggregation. Among the different feature

aggregation methods, Sum is the most commonly used feature aggregator. In Sum aggregation, a node’s new

features are the sum of its neighborhood nodes’ features. Equation 2.1 shows the formalized computation

of a GNN layer using Sum aggregation. H(l) and W (l) are node features and MLP weights for layer l, A is

the adjacency (adj) matrix, σ(·) is the activation function, and the output of the equation becomes the next

layer’s node features (H(l+1)).

H(l+1) = σ(AH(l)W (l)) (2.1)

Here, the computation of H(l)W (l) is essentially a GEMM since both H and W are dense matrices.

The multiplication of A and H(l)W (l) is an SpMM operation because A is a sparse matrix and the result

of H(l)W (l) is a dense matrix. Since Sum is an effective aggregator and adopted by many GNN models
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Figure 2.2: The CSR sparse format.

[148; 96; 45; 54; 284; 115; 304; 164; 193], in this work we focus on accelerating the GNNs using Sum

aggregation.

Compressed-Sparse Row (CSR) Format

Sparse formats efficiently store sparse data; in the context of GNN, the sparse adjacency matrix is stored in

a sparse format, which skips all zero values to compress the matrix.

There are several common sparse formats. Here, we introduce the most standard one, CSR (see Figure

2.2). CSR has three arrays to represent a 2D sparse matrix. The first, the data array, keeps all non-zero

values following the row-major order. For an unweighted graph’s adjacency matrix, non-zero values are all

ones, which is a common case in GNNs’ workloads. The second, col_ind (column indices), keeps column

indices of each non-zero value and uses the same order as the data array. The third, row_ptr (row pointers)

array, records the accumulated number of non-zero (NNZ) values for each row.

Due to its high efficiency and simplicity, CSR has been adopted by virtually all of the platforms that

support sparse operations. Further, most graph matrices come in the CSR format. Therefore, we design

CacheSample to directly work with this format. By supporting CSR, CacheSample can serve as a drop-in

replacement for any existing sparse system without the need to transform formats and incurring resulting

large overheads.

GPU Preliminaries

We next briefly introduce the GPU hardware architecture and execution model, using NVIDIA’s terminology

since this work is implemented in CUDA.
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Table 2.1: Statistics of the evaluated graph datasets.

DATASET # NODE # EDGE AVG. DEGREE # CLASS

PUBMED 19.7K 88.6K 4.5 3
ARXIV 169K 2.3M 13.7 40
PROTEINS 132K 79.1M 597 112
REDDIT 233K 115M 493 41

Figure 2.3: End-to-end compute time breakdown of the GCN model on different datasets.

In terms of hardware architecture, a GPU is composed of an array of streaming multiprocessors (SMs).

Each SM consists of a few blocks of 32 CUDA cores, where a CUDA core is the smallest compute unit

on the GPU. It also has a piece of on-chip, software-managed shared memory (L1 cache) and a pool of

registers. Beyond the SM level, there is an L2 cache and a large off-chip global memory shared by all SMs.

For the execution model, a GPU kernel is typically executed by thousands of parallel threads, grouped

into thread blocks; each thread block is mapped to an SM. A thread block is further divided into warps, where

each warp consists 32 threads. A warp of threads is mapped to a block of 32 CUDA cores and executes the

same instruction simultaneously; thus, this execution model is called Single Instruction Multiple Threads

(SIMT). The warps in a thread block are streamed into the SM by a hardware scheduler. When a warp

is idle, e.g., waiting for memory requests, the warp is context switched out in favor of other warps and is

continued later. Therefore, given sufficient warps in a thread block, it’s possible to hide the memory latency

with this execution model. Furthermore, a GPU tries to combine memory requests from a warp into as few

global memory transactions as possible.
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Performance Bottleneck of GNNs

To illustrate the performance bottleneck of GNNs, Figure 6.3 breaks down the computation time of GCN

[148], a popular GNN model, for four different graph datasets. The GCN model is implemented in DGL,

which uses the cuBLAS and cuSPARSE libraries for the GEMM and SpMM operations, respectively. The

experiments are conducted on an AWS p3.2xlarge instance with a NVIDIA’s V100 GPU. The statistics of

the evaluated datasets and the model setup are shown on Table 2.1 and Table 2.3. The detailed descriptions

of the datasets and models are in Section 2.5.

As Figure 6.3 shows, despite the use of the highly optimized cuSPARSE library, the performance bottle-

neck of GNNs still lies in the SpMM kernel. For the smaller datasets, such as Pubmed and Arxiv, the SpMM

kernel takes 16% and 56% of the end-to-end compute time, respectively. For the larger datasets, such as

Proteins and Reddit, the SpMM kernel consumes an unacceptale 95.4% of the total inference time.

These dramatic results are due to GPUs being optimized for dense and regular operations. SpMM’s

sparse and irregular features make it difficult to achieve high throughput on a GPU. As the scale of the graphs

involved in GNNs’ workloads becomes progressively larger [111], the compute bottleneck on the SpMM

kernel becomes increasingly more severe and hinders the development of larger, deeper GNN models.

To relieve the compute bottleneck and further accelerate GNN inference, we propose a novel SpMM

kernel that we codesigned with an edge sampling mechanism to achieve an order of magnitude speedup

over existing SpMM kernels.

2.3 Edge Sampling for GNN’s Inference

To demonstrate how we leverage edge sampling to accelerate SpMM kernel performance, in this section

we briefly introduce edge sampling techniques in the context of GNNs, analyze its impacts on inference

accuracy, and examine the limitations of existing methods.

Edge Sampling

Edge sampling is a technique to include only a subset of edges of the original graph while discarding the

rest. The existing methods include randomly dropping edges [225; 102] or using a learned neural network
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Figure 2.4: The edge sampling process. The NNZ of the adjacency matrix for the sampled graph is reduced
compared to the original graph.

to determine which edges to abandon [314]. Figure 2.4 highlights the edge sampling process.

To date, edge sampling has been used to mitigate GNN’s over-fitting and over-smoothing [165; 284; 150]

training problems. For example, DropEdge [225] randomly samples a different subset of edges throughout

training iterations with a fixed dropping rate. The results of DropEdge shows that such dynamic random

edge sampling improves training accuracy for both shallow and deep GNN models.

However, rather than improving training accuracy, we for the first time use edge sampling to accelerate

GNN’s inference.

Inference Accuracy

Unlike previous edge sampling works for GNN training have training loops and backpropagation to adapt the

loss of edges, model accuracy will likely diminish with the edge-sampled graph during inference, as some

graph information is lost in the process of sampling. To understand whether edge sampling is applicable

to GNN inference with an acceptable accuracy loss, we conducted an analysis of its effect on inference

accuracy.

We mimiced DropEdge [225] by dropping a fixed rate of edges for a given graph, fed the sampled graph

to a pre-trained GNN model to obtain test accuracy, and swept the drop rate from 20% to 80%. Figure 2.5

shows results with the GCN [148] model on four representative datasets.

On Figure 2.5, we observe that the inference accuracy of the GCN model generally declines as the drop

rate increases. For small datasets such as Pubmed and Arxiv, accuracy remains close to the baseline when

the edge drop rate falls below 40%. For large datasets such as Proteins and Reddit, accuracy is less sensitive
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Figure 2.5: GCN’s [148] inference accuracy when feeding sampled graphs with different edge dropping
rates on different datasets. The dropped edges are randomly selected.

to larger drop rates compared to smaller datasets, and we observe only a small loss even when the edge drop

rate reaches 80%.

This analysis shows that a pre-trained GNN model can resist the loss of edges, which provides an

opportunity to trade off accuracy and latency. We leverage this fact in our design of CacheSample.

SpMM Time Reduction and Sampling Time

As shown in Figure 2.4, edge sampling reduces the NNZ of the sampled graph’s adjacency matrix, which

can diminish the runtime of the SpMM kernel since less computation is needed. However, it requires extra

compute time to perform edge sampling. Therefore, an important question becomes whether edge sampling

can bring a net end-to-end speedup.

To answer this question, we conducted another analysis to access how much a SpMM kernel can be

accelerated using an edge-sampled graph and how much compute time it takes to perform edge sampling.

We follow the same settings as Section 2.2 and use cuSPARSE’s SpMM kernel to conduct this analysis.
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We continued to mimic [225] for sampling methodology. We implemented edge sampling in NumPy, the

standard way used in [225], and randomly dropped 20% of the edges for each graph. We chose a 20% drop

rate here because the tested model maintained near baseline accuracy with this rate, as Figure 2.5 shows.

Table 2.2 shows the comparison.

As shown in Table 2.2, the SpMM kernel time is generally faster with the sampled graph, with a speedup

range from 1.05x to 1.16x. However, when we consider edge sampling time, the net inference time becomes

significantly slower due to the huge number of computing cycles spent on the sampling itself. Using the

Reddit dataset as an example, although the SpMM kernel runs 1.12x faster with the sampled graph, edge

sampling consumes 6814 ms to run, which results in a 63.8x slower end-to-end inference time. Here, the

used random edge sampling strategy is considered lightweight. If we use a more complicated sampling

method, such as a neural network model [314], the gap between the sampling time and the SpMM kernel

time reduction would be even larger. 6.10 Note in Table 2.2, we breakdown SpMM kernel time, edge sam-

pling time, and the overall inference slowdown after combining the new SpMM kernel time and sampling

overhead, for different datasets. The edge sampling is implemented in NumPy, and the drop rate is 20%.

The time is measured in milliseconds.

As a result, applying existing edge sampling methods on existing SpMM kernels cannot yield a net ac-

celeration to GNN inference, especially with the condition that the graph would be processed only once. We

therefore, propose CacheSample, a novel cache-first edge sampling mechanism and SpMM kernel codesign

that efficiently leverages edge sampling to significantly accelerate GNN inference.

Table 2.2: GCN’s [148] inference time breakdown for the original and edge-sampled graphs.

DATASET
SPMM TIME SPMM SAMPLE OVERALL

ORI. SAMPLED SPEEDUP TIME SLOWDOWN

PUBMED 0.68 0.65 1.05X 4.24 2.1X
ARXIV 14 13.1 1.07X 108.5 5.2X
PROTEINS 173.2 149.4 1.16X 13528 75.7X
REDDIT 99.86 89.1 1.12X 6814 63.8X
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Figure 2.6: Overview of the CacheSample kernel.

2.4 CacheSample Kernel Design

We now provide a detailed description of CacheSample design, with the goal of leveraging edge sampling

to speedup SpMM, the compute bottleneck of GNN inference, while minimizing edge sampling overhead.

Overview

Figure 2.6 presents an overview of CacheSample’s kernel architecture. Input to the kernel is a sparse matrix

A in CSR format, which represent the graph structure. A dense matrix B contains the nodes’ features. The

output of the kernel is a dense matrix C, which contains the output nodes features. Dense matrices B and C

are both in row-major format.

The main computations in CacheSample include edge sampling, which shrinks the sparse matrix A to fit

on the GPU’s shared memory, and a SpMM operation, compute the output features C based on the sampled

graph. Algorithm depicted in 2.7 shows the pseudo code of CacheSample. We describe each design step in

the following subsections.
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1 __global__ void CacheSample-SpMM-Kernel(CsrMtx A, Mtx B
, Mtx C, float sample_rate)

2 {
3 extern __shared__ sh_mem[];
4 int tid = threadIdx.x;
5 int row, col, sm_off = get_offsets();
6 float acc = 0.0;
7

8 int lb = A.rowptr[row];
9 int nnz = A.rowptr[row+1] - lb;

10 //Calculate sampled nnz.
11 int s_nnz = ceil(nnz*sample_rate);
12

13 for(off=0; off<s_nnz; off+=blkDim.x){
14 ptr = lb + off + tid;
15 //A sampling hash function is called
16 //to calculate the sampling index.
17 smpl_ptr = lb + smpl_hash_func(ptr);
18 //Load selected values to shared mem.
19 shm[sm_off+tid] = A.colind[smpl_ptr];
20 __syncthreads();
21

22 for(i=0; i<blkDim.x; i++) {
23 b_row = sh_mem[i];
24 acc += B[b_row, col];
25 }
26 __syncthreads();
27 }
28 //Divide acc by s_nnz for the norm.
29 C[row, col] = acc/s_nnz;
30 }

Figure 2.7: CUDA pseudo code of CacheSample.

Stage 1: Perform Cache-First Edge Sampling

To perform edge sampling in CacheSample, we first set a desired shared memory width, S. Then, the size

of the shared memory each thread block can request is determined by (# of thread groups × S). Note

that this size is limited by the shared memory capacity of the GPU. The value S also serves as the sampling

target for CacheSample to downsize the graph data. As shown in Figure 2.6, for each row of A, at most S

non-zero values are fetched to shared memory. If S exceeds the NNZ of that row, then the whole row is
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fetched to shared memory. In this way, the edge-sampled graph can be fitted to the shared memory within

the scope of each thread block. We refer to this sampling mechanism as "cache-first edge sampling".

The cache-first edge sampling mechanism offers two main benefits: The first is the reduced computation

time required by the SpMM operation in the next stage; the second is improved cache locality from keeping

all the needed graph data on shared memory. This is not feasible for existing SpMM kernel implementations

because they must ensure the completeness of the SpMM operation, and GPU’s shared memory is usually

not large enough to hold all graph data without sampling. However, our proposed cache-first edge sampling

scheme exploits the fact that a GNN model can tolerate the loss of edges, and discards redundant edges for

better cache locality and faster runtime.

To perform the proposed cache-first edge sampling efficiently, we assign a group of threads to sample a

row of A in CacheSample. Here, each thread uses one of the lightweight sampling strategies (Section 2.4) to

compute the sampling indices and loads the selected A’s data and column indices into shared memory. We

arrange 32 to 128 threads in each thread group. Depending on the size of each thread group, we arrange 4

to 8 thread groups in a thread block, forming a fixed 512 threads in each thread block. As the thread groups

in the same thread block share the same shared memory space, each shared memory block holds 4 to 8 rows

of A’s sampled values. In the SpMM operation, the next stage of CacheSample, all values of A come from

shared memory, and the kernel computes the SpMM only for the sampled values.

As noted in Section 2.3, edge sampling can cause substantial compute overhead that retards overall

runtime. CacheSample therefore, parallelizes the sampling task into thousands of threads and significantly

accelerates it. Such in-kernel sampling also eliminates the need to preprocess graph data on the CPU and

lets user-level code remain untouched when using the CacheSample as the back-end SpMM kernel. In

this way, although edge sampling must be re-computed each time the kernel is launched, our evaluation

results (Section 4.5) show that CacheSample can still yield massive acceleration, which indicates that our

parallelized edge sampling design is very efficient.

Stage 2: Compute SpMM Based on Sampled Results

Once edge sampling is done and shared memory is loaded, the second stage of CacheSample begins, which

aims to compute the SpMM based on sampled results. Since CacheSample computes the multiplications
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Figure 2.8: Overview of CacheSample’s Bucket and FastRand edge sampling strategies.

only for the sampled A’s values, it approximates the SpMM.

Operations in this stage are straightforward, including reading A’s data and column indices from shared

memory, loading the corresponding B’s data from global memory, calculating the product, and looping to

repeat these process and accumulate multiplication results. Algorithm in Figure 2.7, lines 12 to 16, shows

the pseudo code for this stage.

To perform these operations, CacheSample assigns to each thread the computation task for an element of

C. This thread management resembles SpMM kernel optimizations in [285] and [114]. However, the major

difference is that all needed A’s values in CacheSample are loaded to shared memory prior to this stage.

Therefore, the clean and dedicated loop here needs no synchronization or extra data loading, which means

that CacheSample has fewer branch divergences and can achieve a higher ILP.

After the sampled SpMM is computed, each thread stores the multiplication result of an element of

C from a local register to global memory, and CacheSample kernel operations are finished. The whole

CacheSample process is implemented in roughly 50 lines of CUDA code.

Sampling Strategy

Section 2.4 stated that within the cache-first edge sampling mechanism, CacheSample could use different

lightweight sampling strategies for each thread to compute exact sampling indices (see line 8 in Figure 2.7).

38



We now specify the design of the strategies.

A primary design consideration for CacheSample’s sampling is efficiency. Although we use parallel

threads to accelerate edge sampling (Section 2.4), computation of the sampling itself must still be

lightweight to maximize CacheSample performance. Based on this consideration, we designed two

lightweight edge sampling strategies, Bucket and FastRand, with different speedup and accuracy impacts.

Figure 2.8 highlights each strategy, which we describe below.

Bucket. Given the target shared memory width, S, the Bucket edge sampling strategy picks the first

S non-zero data and column indices for each row of A. We call this strategy Bucket because it resembles

the way a bucket carries items to fit a specific volume. Bucket is very fast since it needs only a boundary

check to determine which indices to keep. However, we found that it could significantly sacrifice accuracy,

especially on large graphs because it maintains a fixed range of edges for each node. See Section 4.5 for

more information on Bucket’s accuracy.

FastRand. As noted in Section 2.3, GNN’s inference accuracy can be well preserved using a random

edge sampling scheme, especially for large graphs with numerous nodes and edges. Based on this observa-

tion, we designed the FastRand edge sampling strategy to perfor a pseudo-random sampling for CacheSam-

ple. To attain both good randomness and fast speed, FastRand uses an efficient hash function to calculate

sample indices; Equation 2.2 shows the hash function.

As Equation 2.2 shows, to calculate the sample index (sample_idx) for a given shared memory location

(shmem_idx), FastRand multiplies shmem_idx with a prime number P ′ and takes a modulo over the

row_nnz, which is the NNZ of the targeted row. Then, CacheSample uses sample_idx as the index value

to fetch A’s data and column indices and store them to the shared memory at position shmem_idx (see

line 9 in Figure 2.7). Note that in order to sample across the full range of non-zero values for each row

of A, the prime number P ′ cannot be too small. In practice, we chose P ′ = 577 when implementing

the CacheSample kernel. In this way, FastRand fulfills the pseudo-random edge sampling using only one

multiplication and one modulo operation, which are sufficiently lightweight for each GPU thread to finish

within a short latency. With this type of sampling, we expect the accuracy loss of FastRand to be less than

Bucket. However, we expect Bucket to be faster since it needs less computation. See Section 4.5 for our

detailed evaluation.

39



sample_idx = (shmem_idx× P ′) mod row_nnz (2.2)

Kernel Optimizations

In addition to cache-first edge sampling and the sampled SpMM, CacheSample uses other kernel optimiza-

tions to achieve optimal performance. We now describe these.

Thread management. Per Section 2.4, we use up to 128 threads to handle the sampling and data

loading for each row of A in CacheSample. This is unique since a common thread management approach

adopted by many existing SpMM kernel optimizations [285; 114; 80; 106] uses a warp (32) of threads to

load a row of A’s values to registers or shared memory. Previous works use this thread setting to provide an

acceptable balance of parallelism and number of tasks per thread for SpMM workloads. However, unlike

the previous SpMM kernels, which usually load only a partial row at one time, CacheSample must complete

the sampling and data loading for an entire row in one stage. Because the targeted shared memory width,

S, could be large (such as 512), using only 32 threads for a row requires multiple iterations to completely

load the shared memory, which may slow down both sampling and data loading. Therefore, we use up to

128 threads to sample and load a row of A in CacheSample to improve performance.

Coalesced memory access. Coalesced memory access is an important optimization to reduce memory

loading latency on GPU. In the second stage of CacheSample, we allowed a group of threads to load B’s

data in the same row but in neighboring columns at the same time. This coalesces memory access because

the data requests from multiple threads can be combined and fulfilled by fewer global memory transactions.

As a result, data loading for B in CacheSample is very efficient. This technique resembles those introduced

in [285; 114].

Load balancing. It is natural for some nodes to have many more connections than other nodes in

the graph, leading to a large variations of the NNZ from row to row, as Figure 2.6 shows. The irregular

distribution can easily result in an unbalanced load for the SpMM kernel and degrade kernel performance,

especially under a row-split work distribution. In CacheSample, the NNZ variation of each row is limited to

the targeted shared memory width, S, after edge sampling. In this way, the work assigned to each thread is

much better balanced than running on an unsampled graph, helping CacheSample achieve higher utilization
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Table 2.3: Model parameters and baseline accuracy we achieve on each dataset for GCN and GraphSage.

MODEL DATASET #LAYER #HIDDEN TEST ACC

GCN

PUBMED 2 32 77.70%
ARXIV 3 256 72.50%

PROTEINS 3 256 71.30%
REDDIT 2 128 94.29%

GRAPHSAGE

PUBMED 2 32 78.60%
ARXIV 3 256 72.95%

PROTEINS 3 256 77.28%
REDDIT 2 128 96.22%

and improved performance.

2.5 Evaluation

We next describe system integration, experiment setup, and the comprehensive experiments we conducted

to verify the effectiveness of CacheSample.

Integration with DGL

To maximize the applicability of CacheSample to GNN models, we integrated CacheSample into one of the

most popular GNN frameworks, DGL [264], which provides a set of high-level Python APIs. The backend

of DGL calls to the cuSPARSE’s cusparseSpMM() kernel to perform the SpMM operation.

Since both cusparseSpMM() and CacheSample work on the standard CSR format, we simply replaced

the cusparseSpMM() with our CacheSample kernel in the DGL backend for the integration. Because

CacheSample needs no preprocessing on the graph data, the DGL user-level code remains unmodified during

this process.

Experiment Setup

We now describe the setup we used to conduct our experiments.

Evaluated GNN models and datasets. We chose two classic GNN models, GCN [148] and GraphSage

[96], and four popular node classification datasets to evaluate our CacheSample kernel. The four graph

datasets were Pubmed, Arxiv, Proteins and Reddit. Pubmed is a citation network of medical academic
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papers. Arxiv and Proteins were taken from the Open Graph Benchmark [111]. Reddit is a social network

dataset collected from a popular online forum. These four datasets are of different scales in terms of the

number of nodes and edge. For GraphSage, we used mean feature aggregation. Hence, experiment results

using them can help us appreciate CacheSample’s performance for different graph scales. Table 2.3 lists the

model parameters for each datasets, and Table 2.1 shows the dataset statistics.

Model setup. We first trained the GNN models on each dataset for ten times with the original DGL

framework, and kept the ones with the highest test accuracy. Table 2.3 shows the best test accuracy we

achieved for each model and dataset. After the models were trained, we used our modified DGL which calls

to CacheSample and run the experiments on inference.

SpMM baselines. Our experiments compare the performance of CacheSample to the following CSR

SpMM baselines.

• cuSPARSE: The default implementation in DGL. The main kernel is cusparseSpMM(), and the com-

pute algorithm is set to CUSPARSE_SPMM_CSR_ALG2 [201], as it achieves the best performance in

our setup.

• Merge-SpMM: Proposed in [285]. It has a suite of different row-split and merge-based algorithms

aimed at improving load balance. The code is available at [286]. To test this kernel, we ran it with all

proposed algorithms and picked the highest performer in each case.

• GE-SpMM: Proposed in [114]. It is based on the row-split design of [285] but has an improved shared

memory usage. We also ran all kernel setup provided in their open-source package [113] and picked

the best performer.

Hardware environment. Our experiments were conducted on the following hardware environment.

• AWS EC2 p3.2xlarge instance. GPU model: NVIDIA V100 with 16GB global memory. CUDA

version: 11.0. CPU: Intel Xeon E5-2686 v4 (8 virtual cores) with 61GB main memory.

Sampling Rate

As noted in Section 2.3, sampling rate is an important factor affecting inference accuracy. In CacheSam-

ple, the target shared memory width, S, determines the sampling rate. Since each graph has a different
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Table 2.4: Sampling rates under different S values for different datasets in CacheSample.

DATASET S=16 S=32 S=64 S=128 S=256 S=512

PUBMED 84.9% 95.8% 99.3% 99.9% 100.0% 100.0%
ARXIV 83.7% 96.8% 99.3% 99.8% 99.9% 100.0%
PROTEINS 2.6% 5.1% 9.9% 18.9% 34.3% 56.7%
REDDIT 3.1% 6.0% 11.3% 20.5% 34.8% 53.9%

distribution of nodes and edges, its sampling rate under each S value is different in CacheSample.

To obtain the sampling rates, we simulated the cache-first edge sampling mechanism in Python and

calculated the equivalent sampling rates for each S. Table 2.4 shows the sampling rates for each dataset.

Note that Bucket and FastRand have the same sampling rate for a given S since they fetch the same amount

of A’s values to shared memory.

Per Table 2.4, for small graphs such as Pubmed and Arxiv, a small S (16) already holds over 80% percent

of the edges, and a larger S (above 128) actually holds over 99% of the edges. However, for large graphs

such as Proteins and Reddit, the sampling rates are much lower compared to the small graphs under a fixed

S. For example, when S = 256, the sampling rates are only around 34% for Proteins and Reddit but are

100% and 99.9% for Pubmed and Arxiv. Based on our sampling rate analysis, we expect that CacheSample

will experience little to no accuracy loss for small graphs but a more sizable accuracy loss for large graphs,

especially when S is small.

Performance Evaluation of CacheSample

We now present the inference accuracy and speedup of using CacheSample compared to cuSPARSE SpMM

kernel.

Inference accuracy and speedup under different S values. To conduct these experiments, we first ran

GCN and GraphSage with the unmodified DGL, which uses cuSPARSE’s SpMM kernel, to assess baseline

inference accuracy and SpMM kernel time for each dataset. Here, we used PyTorch Profiler [208] to measure

SpMM kernel time. Then, we ran the inference with our modified DGL that uses the CacheSample kernel,

swept S from 16 to 512, and compared the test accuracy and SpMM performance. For SpMM performance,

we compared the total SpMM kernel time of a complete inference and we took the average after running

the inference 10 times. Figure 2.9 shows experimental results on the accuracy and SpMM speedup against
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(b) SpMM kernel speedup for GCN.
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(c) GraphSage inference accuracy.
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Figure 2.9: CacheSample’s accuracy and SpMM speedup compared to cuSPARSE under different S values.

cuSPARSE.

For accuracy on the small datasets, Pubmed and Arxiv, CacheSample generally had little to no accuracy

loss across different S values for both Bucket and FastRand. For GraphSage on Pubmed, CacheSample

had no accuracy loss even when S was as small as 16. This echoes the discussion in Section 2.5 since

CacheSample can hold most edges with a small S for small graphs.

For SpMM speedup on small datasets, CacheSample achieved 1.1x to 4.35x speedup compared to cuS-

PARSE. For Pubmed, CacheSample achieved roughly 1.1x and 4x speedup for GCN and GraphSage respec-

tively, across all S values. We saw a smaller speedup for GCN because the baseline SpMM kernel time was
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already short (0.64ms). The steady speedup across different S values occurred because the sampling rates

were at a similar level (Table 2.4). On Arxiv, CacheSample’s speedup slightly decreased when S went up.

This is due to increased sampling overhead with a larger S, which diminished CacheSample’s performance.

However, even with a large S = 512, CacheSample still achieved at least a 2.15x and 2.35x speedup for

GCN and GraphSage respectively, on Arxiv.

Regarding accuracy on the datasets Proteins and Reddit, CacheSample experienced a larger loss of

accuracy but still achieved near-baseline accuracy with a larger S value. Also, on these larger graphs,

FastRand generally exhibited better accuracy than Bucket. For example, on Proteins, Bucket had a large

accuracy loss even when S = 512. In our experiments, we found that S must be as large as 1792 to achieve

less than a 1% accuracy loss when using Bucket on Proteins. However, for FastRand, it achieved near-

baseline accuracy with S = 128 for GCN and S = 64 for GraphSage. FastRand also had much lower drop

in accuracy than Bucket when S was smaller; this is because the graph degree of Proteins is large, and the

Bucket’s method for picking the first continuous edges makes it lose many graph features. On the other hand,

FastRand randomly sampled all edges, which preserved graph structure and yield much improved accuracy.

For Reddit, we observed an accuracy trend similar to Proteins. However, since Reddit is an easier dataset

that both GCN and GraphSage achieve high baseline accuracy (94.3% and 96.2%), Bucket’s accuracy loss

on Reddit is not as pronounced as Proteins.

Regarding SpMM speedup on large datasets, CacheSample achieved a tremendous speedup agains

cuSPARSE for both Bucket and FastRand, due to the low effective sample rates. On Proteins, although

CacheSample with Bucket achieved up to 81.6x and 96.15x speedup for GCN and GraphSage respectively,

it was less meaningful since the accuracy loss was large. However, with FastRand, CacheSample achieved

a 13x speedup with only a negligible accuracy loss when S = 128 for both GCN and GraphSage on Pro-

teins. On Reddit, both Bucket and FastRand achieved a meaningful speedup with only a small accuracy

loss. When S = 64, Bucket achieved 12.5x and 11.3x and FastRand achieved 8.72x and 8.75x for GCN and

GraphSage respectively, where both strategies showed negligible accuracy loss, a significant benefit due to

CacheSample.

Speedup with less than 1% accuracy loss. Here, we set a 1% accuracy loss constraint and report the

best CacheSample SpMM speedup, the corresponding S value, and inference accuracy for each sampling
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Table 2.5: CacheSample’s best SpMM speedup against cuSPARSE with less than 1% accuracy loss.

Model Dataset
S Accuracy Accuracy Loss SpMM Time (ms) SpMM Speedup

Bucket FastRand Baseline Bucket FastRand Bucket FastRand Baseline Bucket FastRand Bucket FastRand

GCN

Pubmed 16 16 77.70% 77.30% 77.50% 0.40% 0.20% 0.64 0.56 0.56 1.13 1.13
Arxiv 16 16 72.50% 71.86% 72.02% 0.64% 0.48% 12.39 3.81 3.91 3.25 3.17

Proteins 1792 128 71.30% 70.72% 70.53% 0.58% 0.77% 172.92 71.93 13.07 2.40 13.23
Reddit 32 32 94.29% 93.33% 93.82% 0.96% 0.47% 99.74 3.90 6.62 25.59 15.06

GraphSage

Pubmed 16 16 78.60% 78.60% 78.60% 0.00% 0.00% 3.56 0.82 0.87 4.35 4.10
Arxiv 16 16 72.95% 72.55% 72.75% 0.40% 0.20% 18.83 5.32 5.33 3.54 3.53

Proteins 2304 64 77.28% 76.47% 76.92% 0.81% 0.36% 237.50 140.02 10.25 1.70 23.16
Reddit 16 16 96.22% 95.30% 95.46% 0.92% 0.76% 449.69 9.93 16.74 45.30 26.87

Figure 2.10: End-to-end inference time breakdown of GCN and GraphSage on Reddit.

strategy in Table 2.5; we still compare to cuSPARSE for speedup. We set this constraint because we assume

that a 1% accuracy loss is an acceptable cost to trade off for a faster GNN inference time. In other words,

if users can accept a minimally higher accuracy loss, then CacheSample can deliver a more significant

speedup.

As Table 2.5 shows, for most of cases, S = 16 was sufficient for CacheSample to meet this constraint.

For the small datasets, CacheSample achieved up to 3.25x for GCN and 4.35x for GraphSage, both using

Bucket. For the large datasets, CacheSample generally offered an over 10x speedup against the strong cuS-

PARSE baseline, which is significant. The best SpMM speedup CacheSample achieved for Proteins and

Reddit under this constraint were 23.16x with FastRand and 45.3x with Bucket. The only exception was that

CacheSample needed a large S to meet this constraint when using Bucket on Proteins. However, CacheSam-

ple with Bucket still achieved a profitable 2.4x and 1.7x speedup for GCN and GraphSage respectively, with

S = 1792 and S = 2304.

End-to-end inference time. Here we compare the end-to-end inference time of using CacheSample

to the original DGL’s results, which uses cuSPARSE for its SpMM operation. Figure 2.10 shows the end-
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to-end inference time breakdown of running GCN and GraphSage on Reddit with the original DGL and

with the CacheSample in different S values. As noted in Section 2.2: SpMM consumes a large portion of

GNN inference time, and noted in Section 2.5: CacheSample significantly accelerates the SpMM operation,

the end-to-end inference time was considerably reduced when using CacheSample as Figure 2.10 shows.

CacheSample achieves about 10x faster end-to-end inference time for both models compared to the original

DGL, when using a small S (64). When using a large S (512), CacheSample still achieves roughly 2x

speedup.

SpMM Performance Compared to Open-Source Baselines

Besides cuSPARSE, we compared CacheSample’s SpMM performance to Merge-SpMM’s and GE-SpMM’s.

To conduct these evaluations, we did not modify the open-source packages of Merge-SpMM and GE-

SpMM, and fed the SpMM kernels with the adjacency matrix extracted from DGL. This methodology pre-

vented us from changing kernel behavior while re-implementing the kernels into DGL’s backend. To get a

similar comparison to the one we achieved in Section 2.5, we separately performed multiple SpMM opera-

tions that were needed for a complete inference, and combined the kernel times to get total SpMM time. We

also did the same operations on cuSPARSE and CacheSample for a fair evaluation. The results we show are

the average of 200 runs.

Figure 2.11 shows the SpMM time comparison of running GCN inference on each dataset. For

CacheSample, we show the results of using S = 32 and S = 128 since these settings were generally

optimal for CacheSample to achieve near-baseline accuracy for small and large graphs. As Figure 2.11

shows, Merge-SpMM and GE-SpMM only achieved a slightly faster kernel time than cuSPARSE on large

graphs. However, CacheSample achieved the fastest SpMM kernel time across all datasets and excelled on

the large graphs, consuming only 5% to 20% of cuSPARSE’s kernel time.

Figure 2.11: SpMM time of GCN’s inference using different SpMM kernels.

47



Figure 2.12: Comparison of SpMM time of GCN’s inference on Reddit with the baseline SPMM kernels.
The baseline kernels are evaluated with pre-sampled graphs.

Feeding Pre-Sampled Graphs to Baseline SpMM Kernels

To evaluate the source of CacheSample’s benefits, we reran an experiment (Section 2.3) that fed pre-sampled

graphs to the SpMM kernels. Unlike Section 2.3 experiment doing a general random sampling, here we

simulated the FastRand of CacheSample in Python for pre-sampling. Then, we fed the pre-sampled graph

to cuSPARSE, Merge-SpMM and GE-SpMM and measured the SpMM kernel time. For CacheSample, we

used the normal graph but set S to the corresponding value. Again, we summed SpMM kernel times for a

complete inference and took the average of 200 runs for comparison.

Figure 2.12 shows the SpMM time comparison of running GCN on original and pre-sampled Reddit with

S = 128 and 256. As the figure shows, with pre-sampled graphs, all baseline kernels had a dramatically

faster kernel time. For Merge-SpMM and GE-SpMM, they actually achieved a similar to slightly better per-

formance than CacheSample with pre-sampled graphs. cuSPARSE achieved a slightly slower SpMM time

than CacheSample, but the results were close. These findings show that the major benefits of CacheSam-

ple come from the computation reduction enabled by edge sampling. However, additional optimizations

(Section 2.4) helped CacheSample achieve a competitive performance with other highly optimized SpMM

kernels when the input graph was already edge-sampled. Note that CacheSample needed to perform edge

sampling in the kernel, which took extra overhead that other SpMM kernels did not have. CacheSample’s

kernel time can be shortened if we remove time spent on sampling. We didn’t show the results here because

such in-kernel time breakdown is difficult to measure.
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2.6 Discussion and Future Work

Comparison to DropEdge

DropEdge [225] uses a similar edge sampling scheme (random sampling) as we use in this work. However,

DropEdge targets to improve the accuracy of training, and we focus on improving the speed of inference

with minimal accuracy loss. Also, DropEdge performs the sampling in Python and they need to re-preform

the sampling throughout every training iteration. Therefore, the sampling methodology in DropEdge only

makes the runtime longer. In contrast, for CacheSample, we perform the sampling in the CUDA kernel with

two novel efficient sampling strategies, so that we can use the edge sampling for acceleration.

Normalization of GNN

A GNN using sum aggregation, generally it normalizes node features by dividing them with the degree of

each node. Practically, a GNN framework like DGL uses a separate operator to handle such normalization.

However, this does not work for CacheSample since it reduces the number of edges internally in the SpMM

kernel without modifying the graph managed by the framework. To make the normalization work, we must

remove normalization from the DGL and compute it in the CacheSample kernel. Although gaining overhead

to compute the normalization, CacheSample still achieves a massive speedup and considerable end-to-end

acceleration for GNN inference, as Section 4.5 shows.

Accelerate GNN training

Although we focus on accelerating GNN inference in this work, CacheSample can be used to accelerate

GNN training, which also involves many SpMM operations. However, with our current designs, CacheSam-

ple would experience lower accuracy when applied to GNN training. Unlike the inference scheme, users are

willing to pay more compute time to improve accuracy during training. Therefore, applying CacheSample

to accelerate GNN training does not make sense.

CacheSample reduces training accuracy because it samples the same subset of edges each time for a

given graph, sampling strategy (Bucket or FastRand) and S value. As DropEdge [225] suggests, training

accuracy can be maintained or improved by taking a different subset of edges throughout training iterations.
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We expect CacheSample could accelerate GNN training without losing accuracy if we would efficiently

implement a dynamic random sampling into the CacheSample kernel. We leave this to future work.

Edge Sampling vs. Node Sampling

Besides the edge sampling used in this work, there is another kind of sampling, node sampling, that is used

in GNNs. Here we briefly introduce the node sampling, clarify the differences between edge sampling, and

discuss CacheSample’s applicability to it.

Node sampling is first proposed by [96]. Unlike edge sampling which only takes subsets of edges, node

sampling not only takes subsets of nodes but also discards unrelated edges for each subset. The main usage

of existing node sampling methods [96; 45; 54; 304; 115] is to extract subgraphs and form the mini-batch

training scheme for GNNs, allowing training of very large graphs that cannot be fitted into a single GPU’s

global memory.

Although the compute time of each node-sampled graph is much shorter because fewer nodes and edges

are presented, it requires multiple iterations to run through the original graph. Therefore, the overall runtime

to train or infer for a full graph is increased with node sampling since iterations over different subgraphs

incur extra overhead [96; 45]; sometimes, node sampling could even cause high traffics between CPU’s and

GPU’s memory [170; 192], which would significantly slowdown both training and inference. We expect

CacheSample to further improve the inference speed for node-sampled graphs by applying edge sampling

on top of it. However, the bottleneck will likely be the looping overhead or memory bandwidth contention

and thus we expect limited speedup. We leave the exploration of this direction as future work.

2.7 Summary

This work proposed CacheSample, a cache-first edge sampling mechanism and SpMM kernel codesign. The

CacheSample design leverages the fact that a GNN model can tolerate the loss of edges without losing much

accuracy for inference. By strategically and efficiently sampling the edges and fitting all sampled edges

on GPU’s shared memory, CacheSample can significantly accelerate the SpMM operation with minimum

accuracy loss compared to other state-of-the-art SpMM kernels. Our experimental results on representative

GNN models and datasets show that CacheSample outperforms cuSPARSE by up to 4.35x with no accuracy
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loss and by 45.3x with less than a 1% accuracy loss. To the best of our knowledge, ours is the first work to

utilize edge sampling to accelerate GNN inference.

Remarks on Author Contributions

My major contributions are as follow:

• Led the project development and paper writing.
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Chapter 3

Improving Neural Rendering Efficiency

with Random Patch Sampling

Remarks on Chapter Material

The content of this chapter is adapted from the following paper. The work is done during my internship with

Apple. I sincerely thank Anish Prabhu for the discussions and feedback during the early stage of the project.

• Chien-Yu Lin, Qichen Fu, Thomas Merth, Karren Yang, Anurag Ranjan, "FastSR-NeRF: Improving

NeRF Efficiency on Consumer Devices with A Simple Super-Resolution Pipeline", In Proceedings

of the IEEE/CVF Winter Conference on Applications of Computer Vision (WACV), honored as Oral

(Top 2.6%), 2024.

3.1 Introduction

Neural Radiance Field (NeRF) models [190] have become integral to many computer vision and computer

graphics tasks, such as novel view synthesis [190; 30; 173], surface reconstruction [265; 290], camera pose

estimation [293; 269] and 3D image generation [41; 214; 168]. Since the original NeRF model cannot render

images efficiently, a large body of research [224; 173; 78; 44; 244; 194; 278] has been dedicated to address

the rendering efficiency. Many of these works achieve impressive gains by decomposing and representing

the 3D neural radiance field with explicit features [105; 78; 173; 50; 244; 44; 194]. However, these methods
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Figure 3.1: Comparison of TensoRF, FastSR-NeRF (ours), and MobileNeRF [50] on a consumer-grade
MacBook Air M2 laptop.

often require extended training times and/or specialized architectures and kernel support on high-end GPUs.

For example, MobileNeRF is capable of fast rendering on mobile devices [50], but uses 8 server-class GPUs

for training [7], which translates to over 15 days (>375h) on a consumer-grade laptop (Figure 3.1, right).

To improve the accessibility and personalized use of NeRFs, there is a need to explore efficient rendering

techniques that can also be trained on consumer-grade devices.

In this paper, we introduce FastSR-NeRF, which demonstrates CNN-based super-resolution (SR) can be

a simple, low-cost technique for improving the efficiency of NeRF models on consumer devices. The basic

idea is to train a small NeRF model to generate lower-resolution scene features with 3D consistency, and a

fast SR model to generate higher-resolution features. This combination reduces the number of pixels that

need to be computed using the NeRF’s slow volume rendering process, increasing rendering speed. While

SR techniques for neural rendering have been proposed by previous works, these methods either (i) involve

specialized SR modules that use extra input features such as high-resolution reference images [116]; (ii)

employ expensive training procedures such as distillation [40]; or (iii) are trained on tens of thousands of

images within a generative modeling framework [41]. None of these methods can be feasibly trained on

low-power, consumer-grade platforms. Whether it is possible to achieve high-quality results with SR under

a limited training budget remains an open question.
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Here, we address this question by exploring a simple NeRF+SR pipeline that directly combines existing

modules. We hypothesize that the spatial inductive bias of CNN-based SR is sufficient to generate high-

quality outputs for low upscaling ratios, even without extra input features or complex training procedures.

To improve synthesis quality, we propose only a lightweight augmentation technique called random patch

sampling: rather than extract patches from an image grid for training the SR module as done in existing

works[116; 267], we extract patches from random positions to increase the diversity of image patches seen

by the SR module. Experiments across three datasets show, somewhat surprisingly, our simple NeRF+SR

pipeline with low training overhead can achieve comparable quality and greater rendering efficiency than

existing complex NeRF+SR pipelines. To summarize, the key results of our study are as follows:

• SR can be a nearly “free” technique for improving neural rendering efficiency. Our comprehensive

experiments across three datasets show that applying SR to a NeRF model at 2-4× upscaling ratios, without

any complex training procedures or architectural modifications, can improve inference speeds by up to

35.7× on an NVIDIA V100 GPU and 12.8× on an M1 Pro chip, while maintaining peak signal-to-noise

ratio (PSNR) in a 0.4-1.2 dB range. Surprisingly, our simple pipeline can achieve comparable quality to

recent and more complex SR techniques [261; 116], while being more efficient in training and inference.

• Random patch sampling is a crucial lightweight augmentation technique for NeRF+SR. We propose

random patch sampling, a lightweight augmentation technique. This augmentation improves the PSNR of

the SR module by up to 0.89 dB for 2× upscaling and up to 1.44 dB for 4× upscaling compared to standard

grid-based patch sampling, outperforming expensive distillation approaches [40] at a fraction of the time

cost.

• FastSR-NeRF is one of the few efficient methods that can be trained on a low-power device. As

shown in Figure 3.1, by utilizing a simple NeRF+SR pipeline, FastSR-NeRF can be trained on consumer

devices such as a MacBook Air M2, whereas most other models and existing NeRF+SR pipelines fail to

train with a meaningful time budget.

Overall, our analysis shows that SR can be a low-cost, plug-and-play strategy for improving the effi-

ciency of neural rendering models under a limited training budget. Even a simple NeRF+SR pipeline can

make neural rendering more efficient and accessible for those with low-power, consumer-grade hardware.
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3.2 Neural Radiance Fields (NeRFs) and Super Resolution

Neural Radiance Fields

The NeRF model was first proposed in [190]. Given a position and view angle in a 3D scene, NeRF uses a

large MLP network to map from the 5D input (3D coordinates plus 2D view angle) to an RGB and a density

value. To render a 2D image, these MLP outputs are integrated along rays passing through each pixel using

volume rendering. The MLP is optimized using gradient descent with respect to a photometric loss over

a sparse set of scene-specific images. Due to its impressive results on static novel view synthesis, NeRF

quickly propelled the state-of-the-art in many other fields, including 3D image generation [214; 168; 41],

3D scene editing [100] and landscape reconstruction [280]. However, the drawback of the original NeRF is

that it takes a long time to render images due to the slow volume rendering process.

To address this issue, many works have since been proposed to improve NeRF’s rendering efficiency.

One line of work [85; 294; 105; 50] maps the learned radiance field to explicit representations such as

octree-based [294] or voxel-based [105] data structures. These methods achieve faster rendering tine at the

cost of larger memory and training time requirements. Another line of work [110; 74; 166; 194] focuses on

improving the sampling algorithm to reduce overall computation, which yields a modest amount of acceler-

ation. An emerging series of works divides the radiance field into explicit voxels [173; 224; 244], or some

efficient representation such as matrix decomposition [44], hash table [194], and tri-plane [41; 229; 39]. As

these models usually make use of a mix of explicit representations and MLP, they are referred as hybrid

NeRFs. Typically, hybrid NeRF models can highly accelerate training time and rendering speed, but need

a relatively large model size. Among these efficient NeRF methods, there is a trend to develop customized

GPU kernels to further accelerate the specialized operations designed for each method. Although using cus-

tomized kernels can bring a major speedup, it limits the ability to deploy the model on different classes of

GPUs and consumer-grade devices [40]. Orthogonal to these works, we explore the application of SR mod-

ules for improving NeRF rendering efficiency under a limited training budget. To maximize flexibility for

running on low-end devices, we consider Python implementations that do not use customized GPU kernels.
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Figure 3.2: Overview of FastSR-NeRF.

Super Resolution with NeRFs

Super-resolution (SR) is a recent, still under-explored method for enhancing NeRF efficiency. EG3D [41]

applies SR on top of volume rendering within a generative adversarial network for 3D faces. The SR module

in their network is trained on tens of thousands of images, whereas we consider scene-specific optimization

on much smaller datasets (e.g., 20-200 images per scene). NeRF-SR [261] performs sub-pixel sampling

to super-resolve outputs, but this requires more compute and thus a longer training time. MobileR2L [40]

proposes a full CNN-based neural light field model and uses a SR model in its second stage, but their method

is trained using an expensive distillation procedure. RefSR-NeRF [116] proposes a specialized SR module

that uses high-resolution reference image as additional input, resulting in slower training and inference

times. 4K-NeRF [267] synthesizes ultra high-resolution (4K) outputs using depth features as additional

input and incorporates SR to achieve feasible inference times. Overall, these existing works all have high

training overhead and are not meant to be optimized on lower-power consumer devices.

In our work, we approach SR techniques for neural rendering from a different perspective. Rather than

develop a complex pipeline that pushes the limit of reconstruction quality on high-end GPUs, we ask what

efficiency gains, if any, can be made from a simple NeRF+SR pipeline trained on consumer-grade hardware.

Our experiments show that a simple NeRF+SR pipeline can achieve comparable quality to existing complex

pipelines, while being lightweight enough to train on consumer-grade hardware.
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3.3 Method of FastSR-NeRF

A Simple NeRF + SR Pipeline

As shown in Figure 3.2, our pipeline simply consists of a NeRF model concatenated with a CNN-based

SR module. Given a ray r = o + td, where o and d are respectively the ray origin and direction, NeRF

reconstructs the color Ĉ(r) with volume rendering as follows:

Ĉ(r) =
N∑
i=1

Ti · (1− exp(−σiδi)) · ci, (3.1)

where N is the number of sampling points along the ray, δi is the distance between two point sampled at ti

and ti+1, Ti =
∏i−1

j=1 exp(−σjδj), and σi and ci are the density and color respectively of a position x in the

3D scene. In the original NeRF model, σi and ci are computed by MLP networks Fσ and Fc given position

and viewing direction. In our pipeline, we use a hybrid NeRF model [44] to achieve state-of-the-art quality

with improved training time and rendering speed. To compute the density and color, we fetch radiance

features from a grid-based decomposition Gσ and Gc, and then feed sampled features to MLP Fσ and Fc:

σi = Fσ(Gσ(x)), ci = Fc(Gc(x),d) (3.2)

Due to the more powerful discrete features, the MLPs Fσ and Fc in the hybrid NeRF are smaller than the

ones used in vanilla NeRF.

To train and render with the full NeRF+SR pipeline, we sample r from a patch of rays at low-resolution

(LR) RP
LR, perform volume rendering based on Equation 3.1, and upsample the output with SR module S to

get the final high-resolution (HR) output H:

∀rLR ∈ RP
LR, H = S(Ĉ(rLR;F ;G)) (3.3)

Note that the sampling here covers a contiguous 2D patch, which differs from the stochastic sampling of

rays used for training standard NeRFs. The NeRF+SR pipeline is optimized in an end-to-end manner with

respect to the loss computed over the high-resolution image patch:
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LMSE =
∑

rHR,rLR

∥∥C(rHR)− S(Ĉ(rLR;F ;G))
∥∥2
2

(3.4)

where C is the ground-truth color and rHR is the HR counterpart of rLR in RP
HR. In practice, we use

bilinear interpolation to downsample RP
HR and get RP

LR.

Comments on Efficiency. For a high-resolution NeRF model, the number of rays computed by Equation

3.1 will be RHR, and will also require N in the order of thousands to millions to reconstruct details. In

contrast, in a NeRF + SR pipeline, the NeRF only needs output a low-resolution output, which reduces the

number of rays to RLR. N can also be reduced as there are fewer details in the lower-resolution image. In

addition, we can reduce the grid and feature size of the hybrid NeRF to further improve NeRF efficiency,

and still maintain the output quality at LR. As a result, we can greatly lower the computation overhead in

Equation 3.1 and reduce the memory usage by letting NeRF output at LR.

The addition of the CNN-based SR module S does not present much of a computational bottleneck.

With many years of progression on deep learning, the convolution operation is highly optimized and can

efficiently run on modern commodity hardware such as GPUs [52], CPUs [6] and specialized accelerators

[2; 8]. Furthermore, CNNs are parameter efficient by design [152; 104]. The memory savings from down-

scaling the NeRF to LR are much more than the parameters overhead induced by the SR model, which

reduces overall model size.

Random Patch Sampling

As discussed in Section 3.3, SR-based NeRF models need to be trained in a patch-style sampling instead

of the tradition stochastic ray sampling. Previous works handle the patch sampling by dividing the rays

of an image into equal-size patches following rigid grid lines which are determined by the given grid size.

These ray patches are then shuffled and fed into the SR-based NeRF pipeline for supervision – we call this

grid-based patch sampling. The problem of the grid-based patch sampling is that the sampling algorithm

will cut the ray space strictly with a certain grid size. When the model gets trained on individual patches,

there will be some variations that are never seen by the convolutional kernels as they sit between each grid

boundaries.
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To solve this issue, we propose random patch sampling. Instead of having a rigid grid lines and

restricting sampling to the grid, we randomly sample a region in the ray space, and use that patch to train the

model. In this way, we can still have a fixed patch size, but the content of each patch will be different regions

of the input. After many iterations, the convolutional kernels in S will cover all of the patterns appeared in

the training data and lead to a better training results.

In general, CNN-based models are prone to over-fitting and typically require large-scale datasets [64] to

be trained. However, NeRF datasets usually only have tens to hundreds of training images, which is orders

of magnitude smaller than a typical CNN pre-training dataset. Existing SR-based NeRF models tackle the

overfitting issue by rendering extra data from a teacher model, or guiding training with additional features

from high-resolution reference image or depth maps, but these significantly increase training overhead.

Random patch sampling is a lightweight data augmentation technique that enables the convolutional kernels

of the SR module to see more diversity in the training set. This crucial augmentation allows us to achieve

high-quality results without the more complex architectures or training procedures of previous works. We

provide ablation results of random patch sampling versus baselines in Section 3.4.

3.4 Evaluations of FastSR-NeRF

Datasets

We use the following three datasets for experiments.

NeRF Synthetic dataset. The NeRF Synthetic dataset was collected along with the origin NeRF [190]

paper. It contains 8 different synthetic scenes with 360◦ degree views produced from the Blender [3] 3D

computer graphics creation framework. Each scene in this dataset contains an object with complicated

details. The object is placed in the middle of the 3D space and the backgound is white. For each scene, it

has 100 training images and 200 testing images of the object from different views. The resolution of the

collected images are 800×800.

NSVF Synthetic dataset. The NSVF Synthetic dastaset was released with the NSVF [173] paper. It has

a similar setting as NeRF Synthetic dataset with gradually more complex geometry and lightening on the

main object. The resolution is also at 800×800.
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LLFF dataset. LLFF dataset was collected along with the LLFF [189] paper. The scenes in this dataset

were captured in the real world with foward-facing angle. It also has a major object placed roughly in the

middle of each scene. However, different from the NeRF Synthetic dataset, the scenes in LLFF dataset

have complex background depending on the captured environment. The original resolution of the collected

images are 4032×3024, and it also provide images at 4× and 8×lower resolution. Due to the practical

usage, most of the NeRF works including us evaluate this dataset on 4x lower resolution at 1008×756. Each

scene in the LLFF dataset has 20 to 40 images, and 7/8 are used for training and 1/8 are used for testing.

Dataset Method
PSNR

SR-2× SR-4×

NeRF-Synthetic
Grid-based 31.84 29.28

Random 32.53 30.47

NSVF-Synthetic
Grid-based 34.34 30.45

Random 35.39 32.04

LLFF
Grid-based 26.2 24.94

Random 26.04 25.41

Table 3.1: PSNR comparison on using random patch sampling versus grid-based patch sampling.

Experiment Setup

We choose TensoRF [44] as our NeRF backbone as it achieves state-of-the-art results on both quality and

efficiency, without requiring customized CUDA kernels, and therefore aligns with the goal of this paper.

For our SR model, we chose EDSR [167] due to its accessible implementation and wide adoption in the

computer vision community [5]. Although we choose TensoRF and EDSR as our NeRF and SR model,

both of them can be replaced with other methods, as our pipeline is model agnostic. Since our SR module

solely relies on the RGB output of the NeRF, we are able to leverage pretrained SR models. To train our

pipeline, we first warm up the TensoRF model at LR using its default hyperparameters (inherited from

the official implementation) for 5K iterations. After warming up, we plug a pretrained EDSR model with

desired SR ratio into our pipeline and start training end-to-end using random patch sampling. For the training

hyperparameters, we fix the learning rate at 0.0001, patch size at 256 and 128 for SR-2× and SR-4×. We

use Adam optimizer [147] and train the pipeline for 150 epochs. For each iteration in a epoch, we only feed

one patch to the pipeline. We run our experiments on a machine that is equipped with a single NVIDIA
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V100 GPU with 16GB memory unless we specify the hardware platform.

Upsample Upsample Train Train
PSNR

Ratio Method Strategy Time(m)

2×

Bilinear - 11 29.77

EDSR

Pretrained 11 30.40
Scratch 51 31.64

FT-GridPatch 51 31.84
FT-RandPatch 89 32.53

Distillation 365 32.12

4×

Bilinear - 3.5 26.67

EDSR

Pretrained 3.5 27.62
Scratch 19 29.03

FT-GridPatch 19 29.28
FT-RandPatch 30 30.47

Distillation 166 29.94

Table 3.2: Training time and PSNR of different training strategies on NeRF Synthetic dataset.

Evaluation on Quality and Efficiency

Efficiency gains of utilizing SR. Here we evaluate the quality and efficiency gains of our simple NeRF+SR

pipeline. We list peak signal-to-noise ratio (PSNR), structural similarity (SSIM) and perceptual similarity

(LPIPS) [306] for quantitative quality measurements, and provide training time, rendering time and model

size for efficiency evaluations. For LPIPS, we use VGG [238] as the backbone. The results can be found in

Table 3.4.

As shown in Table 3.4, comparing to the backbone TensoRF [44] model, applying SR can generally

maintain quality at the 2x ratio and enjoy efficiency benefits in rendering time and model size. For example,

our pipeline with SR-2× only has a small 0.61dB, 1.13dB and 0.4dB PSNR drop and has near no loss on

SSIM and LPIPS compared to the baseline model. Our pipeline at SR 2× even achieves a slight improve-

ment on SSIM for NSVF-Synthetic. For efficiency, using 2x SR rate can improve rendering time by 4.5×,

4.6× and 7.5× and reducing model size by 3.6×, 2.8×, and 7.2× for NeRF-Synthetic, NSVF-Synthetic and

LLFF respectively. For SR-4×, we observe a more notable quality loss to the baseline compared to SR-2×.

However, it can still achieve qualified results such as over 30dB PSNR on synthetic datasets and just a small

1.19dB PSNR loss on LLFF dataset. At the mean time, with 4× SR rate, it can further improve the ren-
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dering time speedup to 18.2×, 18.6× and 35.7×, achieve model size reduction at 5.5×, 6.2×, and 12.5×

for NeRF-Synthetic, NSVF-Synthetic, and LLFF. Furthermore, the training time for SR-4× is down to 30

min for synthetic datasets and 1hr for LLFF as the model run and converge faster at this rate. For SR-8×,

although the efficiency is further improved, our pipeline can not maintain a good quality at this upscaling

rate.

Comparing to existing SR-based NeRFs. We compare our simple pipeline to three existing SR-based

model, which are MobileR2L [40], NeRF-SR [261] and RefSR-NeRF [116]. Notice that MobileR2L is light

field based model and is not based on radiance field. However, they still utilize SR to enhance rendering

speed so we include it for comparison.

Comparing to them, our simple pipeline with only lightweight techniques in training achieves a very

clear advantage on the training time. At SR-2×, our pipeline can be trained 23.3× and 19.2× faster than

existing SR-based models on NeRF-Synthetic and LLFF, while achieving either on par or better quality.

Qualitative results. We show qualitative results and comparison on selected scenes from NeRF-Synthetic

and LLFF datasets in Figure 3.3. As Figure 3.3 shows, with 2× upscaling rate, our pipeline can achieve on-

par visual quality as the baseline TensoRF, while using bilinear interpolation at the same rate is not enough

to get high fidelity results. Note in Figure 3.3, we compare the results of applying SR to the baseline NeRf

model, TensoRF [44], and also list vanilla NeRF as a reference. For NeRF-Synthetic and LLFF, we also

include the results of other SR-based models from their paper. The results are highlighted in red when there

is a clear disadvantage of a method. ‡ means rendering time is for iPhone13, while other time is on GPUs.

Training on Consumer Devices.

We run our pipeline on a MacBook Pro with M1 Pro chip and a MacBook Air with M2 chip to evaluate

efficiency on consumer platforms. The training time, rendering time and PSNR on NeRF-Synthetic for our

pipeline at SR rate 2× and 4× are listed in Table 3.3. We also list MobileNeRF’s [50] results for comparison.

As shown in Table 3.3, using SR can improve the rendering speed by up to 3.4× and 12.8× for 2× and

4× SR rate on the consumer-grade M-series CPUs. For MobileNeRF [50], although it can achieve a much

faster rendering time from its specialized caching mechanism, it needs more than 15 days to be trained on

the same device, which is difficult to make a meaningful NeRF application that run fully on a consumer-
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grade platform. In contrast, our pipeline, although can not achieve real-time rendering, it still significantly

accelerates the rendering process with a reasonable training time (less than 1 day). Note that our experiments

are run on CPUs because the current Apple Metal Performance Shader (MPS) [1] support in PyTorch can

not fully run the operators needed in NeRF and SR on the MPS device. We expect our training and rendering

speed to be faster once PyTorch has a better MPS operators support. In Table 3.3, † means training time

is approximated for training the vanilla NeRF on M-series CPUs, which is only the first training stage of

MobileNeRF.

Method PSNR
M1 Pro M2

Train Render Train Render
Time Time Time Time

TensoRF 33.14 2h 54s 2.5h 45.4s
FastSR-NeRF (2×) 32.53 22.5h 15.9s 16h 15.2s
FastSR-NeRF (4×) 30.47 15.5h 4.2s 13.5h 4s

MobileNeRF 30.9 >375h† 0.016s >375h† 0.017s

Table 3.3: PSNR and time profiling of running vanilla TensoRF, FastSR-NeRF (ours) and MobileNeRF
[50] on a MacBook Pro laptop with M1 Pro chip.

The Importance of Random Patch Sampling

We evaluate the effectiveness of random patch sampling, which we discussed in Section 3.3. To evaluate,

we first establish our model pipeline as we explained in Section 3.3. We then keep all the settings of the

pipeline the same but use different patch sampling algorithm to train our model. Notice that we fix the patch

size and training for the same number of iterations, so the number of patches seen by the model is the same

for both sampling methods. For grid-based patch sampling, we randomize the order of the patches fed into

the model to ensure training stability. We report the averaged PSNR for SR ratio 2× and 4× of training our

model with these two patch sampling algorithms in Table 3.1.

As Table 3.1 shows, we observe that random patch sampling consistently leads to a higher PSNR than

grid-based patch sampling on synthetic datasets, The highest improvement appear on NSVF-Synthetic when

the SR rate is 4×, where random patch sampling records a 1.59 PSNR increase over grid-base patch sam-

pling.

On real-world forward facing LLFF dataset, the PSNR enhancement is less significant than the synthetic
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Method
NeRF-Synthetic

PSNR↑ SSIM↑ LPIPS↓ Train Render Model↓
Time↓ Time(s)↓ Size(MB)

NeRF [190] 31.01 0.947 0.081 ∼35h 20 5
TensoRF [44] 33.14 0.963 0.049 18m 1.4 71.8
FastSR-NeRF(2×) 32.53 0.961 0.052 1.5h 0.309 20
FastSR-NeRF(4×) 30.47 0.944 0.075 30m 0.077 13
FastSR-NeRF(8×) 27.27 0.902 0.142 16m 0.030 8
MobileR2L [40] 31.34 0.993 0.051 >35h 0.026‡ 8.3
NeRF-SR [261] 28.46 0.921 0.076 >35h 5.6 -

Method
NSVF-Synthetic

PSNR↑ SSIM↑ LPIPS↓ Train Render Model↓
Time↓ Time(s)↓ Size(MB)

NeRF [190] 30.81 0.952 - ∼35h ∼20 ∼5
TensoRF [44] 36.52 0.959 0.027 15m 1.4 74
FastSR-NeRF(2×) 35.39 0.979 0.032 1.5h 0.302 26
FastSR-NeRF(4×) 32.04 0.958 0.059 30m 0.075 12
FastSR-NeRF(8×) 27.93 0.911 0.119 16m 0.030 9

Method
LLFF

PSNR↑ SSIM↑ LPIPS↓ Train Render Model↓
Time↓ Time(s)↓ Size(MB)

NeRF[190] 26.5 0.811 0.250 ∼48h 33 5
TensoRF[44] 26.6 0.832 0.207 28m 5.9 188
FastSR-NeRF(2×) 26.20 0.822 0.241 2.5h 0.786 26
FastSR-NeRF(4×) 25.41 0.784 0.297 57m 0.165 15
FastSR-NeRF(8×) 21.30 0.584 0.475 15m 0.040 8
MobileR2L[40] 26.15 0.966 0.187 >48h 0.018‡ 8.3
NeRF-SR[261] 27.26 0.842 0.103 >48h 39.1 -
RefSR-NeRF[116] 26.23 0.874 0.243 - 8.5 38

Table 3.4: Quantitative and efficiency results on NeRF-Synthetic, NSVF-Synthetic and LLFF datasets.

datasets. We observe a slight PSNR decrease (0.16dB) for SR-2× but a clear PSNR increase (0.47dB) for

SR-4×. We hypothesize that this is because the real-world scenes typically contains greater complexity

and finer-grained detail than the synthetic scenes. For example, in a synthetic scene, there is usually one

major object and the space outside of the object is empty. Although, the object might has some difficult and

fine-grained patterns, the model can focus on learning the patterns on the object. However, in a real world

scene, although it usually still has a major object, the background is usually messy and contains a lot of

small details. Therefore, using random patches on real world scenes such as LLFF dataset can not bring a
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big difference in terms of the total number of patterns converged in the patches. As a result, random patch

sampling shows a greater improvement on synthetic datasets but still has the ability to enhance PSNR on

real world scenes dataset when the SR rate is higher, e.g. 4×.

Figure 3.3: Qualitative results on a NeRF-Synthetic and LLFF.

Ablation Study on Training Strategies.

In Section 3.4, we compare the results of training our NeRF + SR pipeline with grid-based or random patch

sampling. However there are many more configurations possible. In this section, we compare the results of
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1) using bilinear interpolation as the SR method, 2) use out-of-box pretrained SR model without finetuning,

3) training the NeRF and SR model both from scratch, 4) finetuning the pipeline with pretrained SR on the

NeRF dataset with grid-based patch sampling, 5) same as (4) but uses random patch sampling, 6) use the

distillation method proposed by [40] and train on a larger training set augmented by a teacher NeRF at HR.

We train the pipeline on NeRF-synthetic dataset and show the comparison in Table 3.2. Using bilinear

interpolation as SR has the shortest training time (only requires warming up the NeRF backbone) but has a

significant PSNR decrease. Directly using a pretrained EDSR model can also cut down the training time and

has a better PSNR than bilinear. However, training on NeRF dataset still help it to achieve a better accuracy.

Among those training methods, finetuning SR using random patch sampling achieves the best results while

paying a little more training time (exclude distillation) due to the random sampling overhead. For training

the pipeline, although we see a promising PSNR increase with 1K extra training images generated by a

teacher TensoRF, the training time becomes much longer as we need to train the NeRF model at HR first

and also need to render many HR images. Note that the PSNR of distillation might increase if we generate

more training images, but the training time will be even longer. We do not further optimize our distillation

procedure as it’s not the focus in this paper. To sum up, using random patch sampling and finetuning a

pretrained SR model gives us the best trade-off between time and quality under our pipeline setup.

3.5 Summary

In this work, we study the limit of SR-based NeRF model. We propose FastSR-NeRF and find a cohesive

and simple NeRF + SR pipeline can actually achieve impressive quality while also being compute and

memory efficient. The key result of this approach is that, although it’s not the fastest nor the smallest

model, it remains efficient for all of training time, rendering latency and model size. We achieve this by

leveraging the lightweight technique called random patch sampling and pretrained SR model – both of these

interventions can boost our pipeline’s accuracy without introducing prohibitive computational overhead. Our

pure Python-based approach (without any customized GPU kernels) allows the whole training & inference

pipeline to run on consumer-grade devices such as a laptop with a reasonable time. We believe this work

and comprehensive analysis will help the development of an end-to-end NeRF application that can purely

be deployed on personal devices for improved compute efficiency and user privacy.
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Chapter 4

TeleRAG: Efficient Retrieval-Augmented

Generation Inference with Lookahead

Retrieval

Remarks on Chapter Material

The content of this chapter is adapted from the following paper (* indicates equal contributions):

• Chien-Yu Lin*, Keisuke Kamahori*, Yiyu Liu*, Xiaoxiang Shi, Madhav Kashyap, Yile Gu, Rulin

Shao, Zihao Ye, Kan Zhu, Stephanie Wang, Arvind Krishnamurthy, Rohan Kadekodi, Luis Ceze,

Baris Kasikci, "TeleRAG: Efficient Retrieval-Augmented Generation Inference with Lookahead Re-

trieval", arXiv:2502.20969 2025.

4.1 Introduction

Retrieval-augmented generation (RAG) has emerged as a powerful technique to enhance large language

models (LLMs) by integrating them with external databases [84; 26; 162]. During inference, RAG retrieves

relevant content from external data sources, usually indexed as vector datastores, to mitigate issues such as

hallucinations [185; 221; 142] and incorporate up-to-date or private information [121; 191].
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Figure 4.1: (a) Illustrations of RAG pipeline stages. (b) Overview of TELERAG and comparison to the
baseline.

Modern RAG applications share two key characteristics. (1) RAG applications are built as modu-

lar pipelines as shown in Figure 4.1a, where a single query undergoes multiple rounds of LLM calls

and retrievals, each of which serves different functions to improve overall output quality. For exam-

ple, query transformation rounds [81; 315; 212; 23] generally occur before retrieval to refine the user’s

query with LLMs (pre-retrieval generation). (2) RAG’s datastores are typically large, supported by re-

cent works demonstrating that larger datastore consistently improves the performance of RAG applica-

tions [191; 142; 35; 101; 231].

These characteristics create several significant challenges for efficient RAG inference, especially in

latency-sensitive applications such as customer chatbots [43; 19; 257], financial analysis [183; 195], and

emergency medical diagnosis [149; 89]. First, the latency of RAG systems is inherently increased due

70



to multiple rounds of LLM generation and retrieval. Second, although GPUs can speed up both LLM

generation and retrieval, the combination of these processes poses significant memory requirements, often

exceeding available GPU resources (see §4.3). 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 con-

straints. However, while CPU offloading resolves memory limitations, it significantly increases retrieval

latency (see §4.3), diminishing overall system efficiency. This memory pressure is not limited to local

deployments; even for serving scenarios in data centers, where many concurrent requests are processed to-

gether 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 [156]. 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 approaches include hardware accelerators for retrieval [131; 218], reuse of KV-cache [134; 180; 288],

and speculative document retrieval [268; 310]. However, these works do not address the substantial memory

demands associated with retrieval. Therefore, designing a memory-efficient system for low-latency RAG

deployments is crucial.

In this paper, we argue that a promising direction to reduce GPU memory usage while maintaining low

latency lies in improving the design of the retrieval index. Specifically, the inverted file index (IVF) [240]

reduces retrieval latency by pre-clustering data and limiting runtime search to relevant clusters. It offers a

way to leverage GPU-accelerated search while not increasing memory consumption by dynamically trans-

ferring only the necessary clusters from the CPU to the GPU. However, this data transfer overhead is a key

bottleneck, and needs to be minimized [141] (see §4.3).

Our proposal. To tackle latency and memory bottlenecks in RAG inference, we introduce a novel mech-

anism called lookahead retrieval, which predicts the subsets of IVF clusters that will likely be accessed
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during runtime and proactively 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

§4.3).

Using this insight, we propose TELERAG, an efficient inference system designed to optimize RAG

latency while minimizing GPU memory consumption. TELERAG employs lookahead retrieval to preemp-

tively load relevant IVF clusters onto the GPU, effectively hiding CPU-GPU data transfer overhead during

concurrent LLM generation. As illustrated in Figure 4.1b, this approach significantly reduces retrieval la-

tency without exceeding GPU memory constraints, enabling efficient execution of RAG applications. To

maintain retrieval accuracy while adopting lookahead retrieval, TELERAG simultaneously 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 determining the optimal number of IVF clusters to

prefetch: Prefetching too many clusters increases data-transfer overhead, whereas prefetching too few could

result in higher retrieval latency due to increased CPU processing. To address 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 popular Wikipedia-based datastore [16] across six

popular RAG pipelines built with the Llama model family [251] (3B, 8B, and 13B). Remarkably, TELERAG

supports retrieval from a 61GB datastore alongside a Llama3-8B (16GB) LLM on a single RTX 4090

GPU (24GB memory), significantly outperforming 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 throughput 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 under tight

GPU memory constraints, validating its practical benefits for resource-constrained deployments.

In summary, we make the following key contributions:
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Figure 4.2: Overview of RAG.

• 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 system that integrates lookahead retrieval, result-

ing in significant acceleration of RAG with minimal GPU memory usage.
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4.2 Background

RAG

RAG is a technique that enhances the capabilities of LLMs by integrating them with information retrieval

to generate more accurate and relevant text [84; 26; 162]. The core idea behind RAG is to augment the

LLM with relevant information retrieved from a large corpus of documents, improving the LLM’s ability

to answer questions without hallucinations [185; 221; 142] and generate contents based on up-to-date or

private information [121; 191].

RAG workflow. A basic RAG workflow involves several phases, including data store building, retrieval,

and interactions with LLMs [67; 118; 60; 271; 260; 210; 83]. 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

similarity. 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 inverted file index (IVF) [240] (see §4.2 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 documents. This approach enables dynamic and informative responses in both single- and multi-

turn dialogues [162].

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 [81; 315; 182], and a single retrieval may not provide sufficient

context, necessitating multiple retrieval rounds [84].

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 [84; 73; 118; 83; 60; 271]. Typically, they have the

following types of steps (shown in Figure 4.2):

• Pre-retrieval generation, used to assess whether retrieval is needed or to generate queries for retrieval.

An example of a pre-retrieval technique is query transformation [182; 123; 81; 319; 291; 217; 213;

74



315; 171], 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

perform additional process such as summarization [128; 144] or reranking[321; 242] 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 responses, significantly enhancing the capabilities of LLMs for various applications [135; 84].

Vector Index and Inverted File (IVF)

The vector index is a crucial component of RAG applications that retrieves similar items from large datasets

of high-dimensional vectors. Given the query vector x ∈ RD and vector database Y = {y0, . . . , yN−1} ⊂

RD, which comprises N vectors, the vector index aims to find the k nearest neighbors of x from the database:

k-argmini=0:Nd(x, yi),

where D is the dimensionality of the vector determined by the embedding model, and d denotes the distance

function, which is typically the L2-norm or inner product [136].

To improve search efficiency, the inverted file index (IVF) algorithm is widely used for large-scale vector

databases due to its simplicity and effectiveness. IVF partitions the data store into clusters and restricts

searches to the most relevant clusters, reducing the computational cost. To obtain the cluster assignment of

each stored vector, it performs clustering algorithm such as k-means [198] and partitions the database into
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Nc clusters:

{C1, C2, . . . , CNc} = k-means(Y,Nc),

where Cj is the set of vectors assigned to the j-th cluster, and the cluster centroids {c1, c2, . . . , cNc} are

obtained by taking the mean of each vectors in {C1, C2, . . . , CNc}. Then, each database vector yi ∈ Y is

assigned to the nearest cluster center:

Cluster(yi) = argminj=1:Nc
d(yi, cj).

With the trained centroids and cluster assignment, we can perform a more efficient index search. There

are two steps involved in the IVF index searching. First, it will identify the nearest L cluster centroids of a

query vector x:

{cj1 , cj2 , . . . , cjL} = L-argminj=1:C d(x, cj).

This step is also referred to as the coarse-grained search in IVF, as it identifies candidates at the cluster level.

Second, the fine-grained search is performed in the L nearest clusters and identify k closest vectors of x:

k-argminyi∈∪L
l=1Cjl

d(x, yi).

which involves sorting. In this way, IVF reduces search space and accelerates the retrieval process. Here,

the hyperparameter L from the first step is also referred as nprobe [69]. When nprobe is larger, the IVF

retrieval will be more accurate as it search more clusters. However, the retrieve latency is longer as more

computation and data are needed.

Since the search process is highly parallelizable among each cluster and each vector, this search algo-

rithm can be highly accelerated by GPUs. Open-source libraries offer efficient GPU implementations [136;

222]. However, IVF does not reduce the memory requirement for the index since the data for all clusters

must be stored. As a result, IVF still requires a substantial GPU memory footprint, which becomes a bottle-

neck when GPU memory capacity is the constraint of RAG systems. Moreover, recent work reported that
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increasing the size of the data store positively affects RAG application performance [191; 142; 35; 101; 231],

exacerbating this issue.

Use Cases and Motivation

In this paper, we aim to achieve low-latency RAG inference without driving up GPU memory consump-

tion, which is relevant for both local and data center settings. This goal is critical for efficiently serving

a wide range of real-world applications where users expect near-instantaneous responses, thus imposing

strict latency SLOs. Examples include customer chatbots [43; 19; 257; 28], financial analysis [183; 195],

autonomous driving [38; 296], and emergency medical diagnosis [149; 89].

On the one hand, there is significant demand for RAG applications that involve user-specific private data

in local settings [270; 158; 55; 279; 86]. In such scenarios, the available GPU resources are usually limited,

and the system serves a single request at a time. Therefore, CPU offloading is necessary when using a large

vector index, which introduces substantial latency as we will show in the next section.

On the other hand, for large-scale RAG services in data centers [9; 4; 23], the goal is to serve many

concurrent user requests cost-effectively, necessitating high system throughput. However, maximizing LLM

serving throughput is often bottlenecked by the GPU memory available for the KV cache, which dictates the

maximum possible batch size [156]. If a large retrieval datastore is loaded onto GPUs, it consumes memory

that could otherwise be used for a larger KV cache, thereby limiting throughput. Hence, falling back to slow

CPU retrieval to save GPU memory is a common option [130], but this is not desirable for latency-sensitive

applications due to latency overhead.

In both cases, a straightforward way to reduce inference latency is scaling up GPU resources to allow

both the LLM and datastore to reside in GPU memory, which is usually cost-prohibitive. Therefore, in this

paper, we aim to design an efficient RAG inference system that can satisfy latency SLOs without requiring

a significant amount of GPU memory.

4.3 Analyzing Latency of RAG Pipelines

In this section, we analyze state-of-the-art RAG applications and identify their underlying systems chal-

lenges in achieving low latency. To conduct the analysis, we construct a 61GB vector index with the Faiss
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Figure 4.3: Latency breakdown of six RAG pipelines on NQ dataset [155]. nprobe is 256.
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Figure 4.4: 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.

library [69], and set the IVF clusters to 4096 following common practice [24]. We use Llama-3-8B [17] as

the LLM, and run our analysis on an RTX 4090 (24GB memory) and H100 (80GB memory). §4.5 provides

more details about our experimental setups.

End-to-end Latency of RAG Pipelines

We first analyze the end-to-end latency of six representative RAG pipelines (see §4.5 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 §4.5 for de-

tails), to measure retrieval latency. Figure 4.3 shows the breakdown of end-to-end latency into LLM infer-

78



ence part and retrieval part, based on 1024 randomly sampled queries from the NQ dataset [155]. We observe

that, in the CPU-based retrieval baseline (first scenario), the retrieval phase dominates the latency, consum-

ing 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 comparable 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×, respec-

tively. Thus, accelerating retrieval on the GPU is crucial for improving end-to-end latency.

However, GPU acceleration comes with a significant memory cost. Figure 4.4 shows the memory re-

quirements for both GPU and CPU. As Figure 4.4 shows, putting both LLM weights and the retrieval index

on the GPU requires around 77 GB of memory, which exceeds the capacity of consumer GPUs like the RTX

4090 with 24 GB. 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 memory (e.g., H100), the index’s memory footprint

limits throughput in data center serving scenario. Batched inference maximizes throughput, but it is bottle-

necked by the KV cache capacity for LLM serving [156]. For the case of the example above, storing the

index on the GPU leaves minimal memory for the KV cache (e.g., ~3 GB, or ~20k tokens worth), restrict-

ing 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 [134; 180; 288]

and there is a trend of growing model and index sizes [191; 142; 35; 101; 231], increasing memory pressure

and necessitating offloading. However, CPU offloading is suboptimal for latency-sensitive applications 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?

Opportunities of GPU-accelerated Retrieval with Limited Memory

A straightforward approach to enable GPU retrieval with limited GPU memory 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 (§4.2). While this method enables faster searching on the GPU, data fetching becomes the bottleneck.
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Dataset
HyDE SubQ Iter IRG FLARE S-RAG
[81] [171] [171] [233] [133] [24]

NQ [155] 73.1% 63.2% 91.5% 83.8% 79.1% 100.0%
HotpotQA [287] 75.3% 62.5% 89.6% 89.4% 80.2% 100.0%
TriviaQA [138] 73.1% 61.6% 86.2% 86.1% 81.7% 100.0%

Table 4.1: IVF cluster overlapping rate between the input and output of the pre-retrieval generation. The
nprobe is set to 512. Since Self-RAG does not incorporate query transform, its coverage is always 100%.

In Figure 4.5, 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 latency due to the limited PCIe bandwidth between the CPU and GPU (32

GB/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 meaningful speedup with this approach, the data fetching latency must be effectively hidden.

To hide data fetch costs, CPU-to-GPU transfer must precede retrieval, which requires predicting which

data will be accessed. Fortunately, as we show next, the modern RAG pipelines offer a valuable hint as a

query at the previous step.
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Overlapping of IVF Clusters

While the exact data to be retrieved is only known after the pre-retrieval generation is done, we observe that

there are high similarities of the IVF clusters assignments between the queries at different stages.

Similarity of queries at different stages. During the pre-retrieval process of RAG pipelines (e.g., query

transformation [182; 123; 81; 319; 291; 217; 213; 315; 171]), an LLM call is issued to refine an initial user

query qin into a transformed query qout, which is then used for retrieval. This process often rewrites the query

into a different format [81] or simplifies its complexities [171], which intuitively preserves the query’s core

semantic content. Hence, the embedding vectors of qin and qout are likely to be similar. This similarity, in

turn, suggests that the IVF clusters to which these queries would be assigned will overlap. Therefore, qin

can serve as a valuable hint for predicting subsequent memory accesses.

Prediction coverage. To verify this hypothesis, we evaluate the average cluster coverage rate between

prefetched clusters and clusters used for retrieval in three popular question-answer datasets (NQ [155],

HotpotQA [287], and TriviaQA [138]) and six RAG pipelines. Table 4.1 shows the coverage when we

prefetch 256 clusters. From the table, we observe that IVF cluster overlap rates are consistently high across

a range of datasets and pipelines. For instance, even the lowest reported values remain above 61.6% (for

SubQ).

Opportunity. This data shows an opportunity for predicting required clusters, which can make it possi-

ble to hide data transfer overhead during LLM generation. In this paper, we aim to leverage this observation

to accelerate the inference latency for RAG.

4.4 Design of TELERAG

Based on the high IVF cluster overlapping observation presented in §4.3, we propose TELERAG, an efficient

RAG inference system that utilizes lookahead retrieval to prefetch a minimal set of likely IVF clusters to

GPU, and accelerate the retrieval process. In this section, we detail the design of lookahead retrieval and

implementation of TELERAG.
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Overview

Figure 4.6 presents the overview of TELERAG with lookahead retrieval. In Figure 4.6, qin denotes the initial

input to the pre-retrieval stage and qout denotes its output, i.e., the query given to the subsequent retrieval

stage. We highlight the IVF clusters corresponding to qin and qout with a red background (Cin), and a blue

background (Cout), respectively. Due to the semantic similarity of qin and qout, there is significant overlap

between Cin and Cout, marked with a purple background (Coverlap).

Given this, the proposed lookahead retrieval technique in TELERAG operates in three key steps:

1. Pre-retrieval & data transfer: During LLM generation, identify Cin and transfer corresponding data

to GPU memory, prioritizing clusters closest to qin. This leverages GPU DMA for concurrent transfer

of clusters data and compute of LLM generation.

2. GPU similarity search: After identifying Cout, the GPU efficiently performs a similarity search on

the predicted clusters (Coverlap) already in its memory.

3. CPU similarity search: Concurrently with the GPU search, the CPU processes the similarity search

for the missed clusters (Cmiss) that were not prefetched to the GPU, reducing the CPU’s overall work-

load.
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In summary, our lookahead retrieval speeds up retrieval by overlapping data prefetching to the GPU with

LLM generation and performing concurrent similarity searches on both the GPU (for predicted clusters) and

CPU (for the remainder), significantly reducing the CPU’s computational workload.

Finding the Optimal Prefetch Amount

A key challenge in TELERAG is to balance the benefit of reducing retrieval latency by prefetching data

against the overhead of CPU-GPU transfers. Prefetching more clusters reduces the subsequent retrieval

time but can also extend the transfer phase; if it extends beyond the LLM generation window, we lose the

advantage of overlap and potentially introduce additional delay. Still, additional delays in data transfer may

be worthwhile if they substantially reduce retrieval latency. To guide the choice of the optimal amount of

data to prefetch, we develop a mathematical model based on profile information.

Mathematical model. Here, we denote bp as the number of bytes to prefetch and B as the CPU-

GPU bandwidth. The optimal amount of data to prefetch is denoted as b∗p. To start, we let t1 represent

the combined time of prefetching and pre-retrieval LLM generation, and t2 represents the retrieval time.

We have: t1 = max(tLLM, tp) and t2 = max(tc, tg), where tLLM is the time for LLM generation, tp is

prefetching time, tc is the CPU retrieval time, and tg is the GPU retrieval time. The objective is to minimize

t1 + t2.

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,

(4.1)

From Eq. 4.1, 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 §4.3, 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 proportionally with the number of clusters to
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be processed [129], such that:

t2 = tc = rmiss × nprobe × tcc, (4.2)

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 generation. 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. (4.3)

• Case 2: b∗p > B · tLLM. In this region, t1 grows linearly with bp, and we have: d2

db2p
(t1 + t2) =

d2rmiss
db2p

· nprobe · tcc ≥ 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. (4.4)

From this, we obtain:

b∗p = B × nprobe × tcc ×∆rmiss, (4.5)

where ∆rmiss 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. 4.5.

1An upward U-shaped function whose second derivative is positive.
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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. 4.5 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 address 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 b̂∗p = B · tLLM,

where tLLM = mean{tLLM,1, tLLM,2, . . . , tLLM,n}. This estimated b̂∗p can then be used for incoming queries,

ensuring a near-optimal prefetch amount.

Design Details

Sorting Optimization. TELERAG optimizes the final k-argmin sorting step of the IVF search by leveraging

the GPU. Since each cluster can have thousands of data points, sorting benefits from the compute power of

GPUs [22]. Hence, TELERAG transfers the distance values computed by the CPU for Cmiss to the GPU.

Since this is a scalar value, unlike the vector data of the cluster, it incurs minimal overhead. The GPU

then performs a fast global sort on the combined distances from Coverlap and Cmiss, achieving end-to-end

acceleration often lacking in CPU-only retrieval implementations.

Prefetch Target. TELERAG’s prefetching mechanism targets a specific number of bytes (bp) rather

than the number of clusters to ensure more predictable performance. Since IVF cluster sizes are often

highly uneven, targeting a fixed cluster count can lead to unstable data loading times, whereas a byte limit

provides a clearer upper bound on the transfer duration based on bandwidth.

When selecting clusters to meet the prefetch byte budget (bp), the system adds whole clusters sequen-

tially based on proximity to the query. If adding the next closest cluster would exceed the budget, it is

omitted entirely rather than being partially loaded, ensuring a clean division where each cluster is processed

exclusively by either GPU or CPU.

Multi-Round Support. For multi-round RAG involving the same input query, the system performs
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a full prefetch (up to the budget) only in the first round, leveraging high cluster similarity across rounds.

In subsequent rounds, it incrementally fetches only the additional required clusters that were not loaded

previously, optimizing data transfer while respecting the memory budget.

Batch Support. For batch inference, a challenge for lookahead retrieval is that each query requires a

different set of IVF clusters. In our design, we fix the prefetching budget to the amount we got from §4.4

irrespective of batch size, and equally distribute the budget to each query in a batch. As a result, although the

average cluster hit rate per request will decrease for larger batch sizes, we can ensure each query’s retrieval

search time is equally accelerated, forming a balanced batched retrieval.

Multi-GPU support. For multi-GPU systems, we perform a greedy search based on embedding simi-

larities of queries to group similar queries into mini-batches, and distribute the mini-batches among GPUs.

The greedy search is efficient and incurs negligible overhead: In our profiling for up to the batch size of 256,

the latency to perform greedy search is less than 0.1s, which is minimal compared to the end-to-end latency

of each batch.

Implementation Details

TELERAG is implemented in Python and also leverages PyTorch’s [21] operator ecosystem for efficient

computation. The datastore index is initially constructed using FAISS [69], and its data structures, such as

IVF centroids and cluster data, are converted to PyTorch tensors.

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

blocking memory copies to the GPU. A fixed-size contiguous buffer on the GPU is allocated based on the

user’s configuration or GPU memory capacity during runtime.

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

_copy(non_blocking=True) API and use separate CUDA streams for prefetching and LLM. In this

way, the data copy operations will not block the GPU to perform computation, and thus the TELERAG can

do prefetching in parallel to the pre-retrieval LLM generation.

To implement the index search with GPU-CPU cooperation, for the GPU part, we use a single

matrix-vector multiplication that computes distances for all prefetched vectors; for the CPU part, we

utilize multithreading in Python to parallelize similarity searches across clusters. We then move the
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Specification Value

Dataset wiki_dpr [140]
Dataset size 2.1 billion tokens
# of chunks 21 million
# of IVF cluster 4096
Embed model Contriever [120]
Embed dimension 768
Index type FLAT2

Distance metric Inner Product
Index size 61GB

Table 4.2: Detailed configurations of our retrieval index.
distances computed from CPU to GPU, merge with distances on GPU and perform global sorting on GPU.

4.5 Evaluation

We conduct extensive experiments to evaluate the effectiveness of TELERAG. In this section, we describe

the necessary details on how we set up the evaluations, present experimental results, and provide in-depth

analysis and discussions.

Evaluation Datasets and RAG Models

Datastore. We build a datastore based on the wiki_dpr dataset [140], a popular dataset that contains 2.1

billion tokens from Wikipedia. Following previous works [24; 140; 191], we chunk the passages by every

100 tokens, and use Contriever [120] to generate an embedding for each chunk. The embeddings have a

hidden dimension of 768.

Vector index. For the baseline retrieval, we build an IVF vector index using Faiss [69] on the datastore.

As described in §4.4, we convert the Faiss index to a customized index in PyTorch for TELERAG. See

Table 4.2 for the detailed configurations of our vector index and datastore.

LLMs. We evaluate TELERAG on the Llama model family [251] 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 4.7 shows the overview

2Original embedding without compression for the best retrieval precision.
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Setup Desktop Server

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

GPU RTX4090 [202] H100 [205]
GPU memory size 24GB 80GB

CPU-GPU Bus PCIe 4 PCIe 5
Bandwidth 32 (24) GB/s 64 (51) GB/s

Table 4.3: Hardware specifications for our setups. In bandwidth, the number in the parentheses is the actual
bandwidth we measured from our system.

of each pipeline. Note that although some pipelines lack pre-retrieval generation, the post-retrieval gener-

ation serves similar functionality for the retrieval of the next iteration. Below are brief descriptions of the

evaluated RAG pipelines.

1. HyDE [81] prompts LLM to generate a hypothetical paragraph and perform retrieval based on the

embedding of the generated paragraph.

2. SubQestion (SubQ)3 [171] prompts LLM to generate multiple sub-questions and performs retrievals

for each generated sub-question.

3. Iterative (Iter)4 [171] 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.

4. Iter-RetGen (IRG) [233] iteratively do retrieval and LLM generation for 3 iterations.

5. FLARE [133] iteratively issues retrievals based on the confidence (probability score) of predicted

tokens for the upcoming sentence.

6. Self-RAG (S-RAG)5 [24] 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 [25].

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 4.7: Overview of six RAG pipelines that we evaluate.

Evaluation Datasets. We use three commonly used question-answering datasets, NQ [155], Hot-

potQA [287], and TriviaQA [138]. For each dataset, we randomly sample 1024 queries and report the

average unless otherwise specified.

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 memory), and we use 3B and 8B models. The Server has the H100 (80 GB memory),

and we use 8B and 13B models. These sizes represent common model sizes for RAG applications [24; 23].

We do not evaluate the 13B model on Desktop as its model size (26 GB) exceeds RTX4090’s memory

capacity. Table 4.3 summarizes the hardware configurations.
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(a) End-to-end latency speedup with Llama-3.2-3B.
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(b) End-to-end latency speedup with Llama-3-8B.

Figure 4.8: End-to-end latency speedup of TELERAG and baseline on six RAG pipelines and three datasets,
with RTX4090 GPU. nprobe is 256.

Nprobe and top-k. For the IVF index, nprobe is a hyperparameter that controls the trade-off between

search efficiency and retrieval quality. A common heuristic is to set nprobe to 4
√
Nc [322]. 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.

RAG pipeline implementation. We implement the RAG pipelines with the FlashRAG frame-

work [135]. For IRG, FLARE, and S-RAG, we use the framework’s default implementations. For the other

pipelines, we reimplement them using FlashRAG’s APIs.

Benchmark methodology. We follow a benchmarking methodology from [316] and use GPT-3.5-

Turbo [206] to run through each pipeline and record the input and output 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
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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 4.9: 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.

Python that only contains LLM generation, datastore retrieval, and other necessary logical operations to

fulfill each pipeline. For LLM generation, we use SGLang [316], which is a state-of-the-art LLM inference

engine. For retrieval, we use a popular retrieval library, Faiss[69], as the CPU-offloaded baseline. 6

Prefetching budget setups. Based on the methodology we described in §4.4, we profile each RAG

pipeline with a small amount of 64 random samples from NQ [155] and derive the prefetching budget of

each pipeline.

Max prefetching memory. We set a maximum GPU memory limit for prefetching in each configura-

tion. 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.

Evaluation Results

Single-query latency on RTX4090. We evaluate the end-to-end RAG latency for single queries on

Desktop equipped with RTX4090, representing a typical local scenario. Figure 4.8 shows the latency

6This baseline resembles frameworks like LlamaIndex and LangChain, which primarily function as wrappers around LLM
serving and retrieval libraries. We build a system from the ground up to avoid the overhead introduced by their complex layers
designed for advanced functionality.
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Figure 4.10: Simulated throughput7of TELERAG on NQ dataset with different number of H100 GPUs.

reduction of TELERAG across three datasets and two LLMs (Llama-3.2-3B and Llama-3-8B).

As shown in Figure 4.8, TELERAG consistently outperforms the baseline across all tested configura-

tions. 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 retrieval operations and generally short LLM outputs,

which enhances the relative impact of retrieval acceleration.

Another notable improvement is in the SubQuestion pipeline, where TELERAG achieves approximately

1.85× speedup 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 parallelism 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 1.3x speedup across datasets, with a peak improvement of 1.82× for Iter-RetGen

pipeline on HotpotQA. Achieving these results with only 3.75 GB of remaining GPU memory (after ac-

counting for Llama-3-8B (16 GB), the embedding model (1 GB), and other miscellaneous tensors) highlights

TELERAG’s robust capability in accelerating RAG inference even under tight GPU memory constraints.

Multi-query throughput on H100. To evaluate the TELERAG’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 4.9.

7Results for 1 GPU are real, not simulated.
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Figure 4.11: Latency breakdown for Llama-3-8B on NQ with a H100 GPU in different batch sizes. nprobe
is 256.

As shown in Figure 4.9, 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, reaching 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 4.10, TELERAG’s throughput scales well with the number

of GPUs. When compared to 1 GPU results, the averaged throughput enhancements of TELERAG are 1.7×,
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Figure 4.12: Comparison of end-to-end retrieval latency for two batching strategies: naive mini-batching
and similarity-aware greedy grouping.

3.1×, and 5.4× with 2, 4, and 8 GPUs, respectively.

Analysis and Sensitivity Study

Latency breakdown. We further show the latency breakdown of running RAG pipelines with Llama-3-8B

and Llama-2-13B on a single H100 GPU in different batch sizes in Figure 4.11. From Figure 4.11, we can

observe that LLM latency grows sub-linearly with larger batch sizes. However, the 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 4.9, 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 Figure 4.12, 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 consistently outperform naive mini-batching across all pipelines.

Retrieval speedups across nprobe. Figure 4.13 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 7.41× on RTX4090 and H100, respectively. As a larger nprobe
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Figure 4.13: Single-query retrieval speedup on NQ with different nprobe values.

value is used, the retrieval performance of TELERAG becomes constrained by missed clusters on the CPU,

given our fixed prefetch budget across varying nprobe values. However, 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 4.4 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 4.8, 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.
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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 4.4: The prefetch budget and corresponding averaged cluster hit rate for each pipeline and hardware
setup on NQ dataset. The target retrieval nprobe is 256.

4.6 Related Work

Systems for RAG

RAGCache [134] 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 [13]. Moreover, it assumes

repeated use of the same document across multiple requests, limiting its scalability over large data stores.

Similarly, TurboRAG [180] 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 [288].

RaLMSpec [310] proposes speculative retrieval and batched verification, Chameleon [131] proposes a

CPU-GPU-FPGA heterogeneous architecture for accelerating the retrieval process, and PipeRAG [132] is an

algorithm-system co-design technique to overlap the retrieval and generation by modifying 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 §4.2.

Speculative RAG [268] introduces drafting by smaller LLMs to reduce RAG latency, but it does not

target the retrieval latency. APIServe (InferCept) [12] proposes a novel KV cache management strategy

that can support the interception of LLM generation by other workloads, including retrieval. However,
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this work again does not focus on optimizing retrieval latency. EdgeRAG [230] reduces the memory re-

quirement of retrieval by re-generating and caching document embeddings at runtime, targeting extremely

resource-constrained environments. RAGO [130] introduces an abstraction 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.

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 functionalities [301; 33; 263]. LLM-

Compiler [146] is a framework that optimizes the execution of multiple functions in large language models

by enabling parallel function calling. AI Metropolis [283] accelerates LLM-based multi-agent simulations

with out-of-order execution. RAG is a specific type of application in this broader direction, and we propose

systems techniques to optimize its execution latency, focusing on the characteristics of retrieval workload.

Vector Index

Vector index is a key component of RAG [36; 84], and many works have been proposed to improve their

efficiency. ScaNN proposes an anisotropic quantization method for better efficiency [95]. DiskANN and

SPANN propose memory-disk hybrid indexing systems that work beyond the limitation of memory ca-

pacity [48; 125]. Other prior works propose hardware acceleration of vector index with GPUs [136],

FPGAs [303; 129], TPU [51], or ray tracing hardware [320; 177]. BANG proposes a method to scale

graph-based ANN beyond GPU memory [141], and Rummy allows the index to scale beyond GPU mem-

ory capacity with reordered pipelining [307]. These methods either require algorithm modifications or are

bottlenecked by CPU-GPU bandwidth. Our proposal, focuses on the context of modular RAG applications,

where queries for retrieval are usually generated by LLMs, and optimizes the latency and the GPU memory

consumption without altering the algorithm of the IVF index.
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4.7 Conclusion

In this paper, we introduced TELERAG, an inference system that tackles the system challenges of RAG

pipelins under latency-sensitive scenarios. By using lookahead retrieval, which overlaps data transfer and

GPU computation for faster retrieval, a profile-guided approach to determine optimal prefetching data

amount, and GPU-CPU cooperation, TELERAG speeds up the end-to-end latency with minimal GPU mem-

ory requirement. Our evaluation shows that TELERAG significantly improves performance compared to

existing state-of-the-art solutions.
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Chapter 5

SPIN: An Empirical Evaluation on Sharing

Parameters of Isotropic Networks

Remarks on Chapter Material

The content of this chapter is adapted from the following paper (* indicates eqaul contributions). The work

is done during an internship with Apple.

• Chien-Yu Lin*, Anish Prabhu*, Thomas Merth, Sachin Mehta, Anurag Ranjan, Maxwell Horton, Mo-

hammad Rastegari, "SPIN: An Empirical Evaluation on Sharing Parameters of Isotropic Networks",

In Proceedings the 17th European Conference on Computer Vision (ECCV), 2022.

5.1 Introduction

Isotropic neural networks have the property that all of the weights and intermediate features have identical

dimensionality, respectively (see Figure 5.1). Some notable convolutional neural networks (CNNs) with

isotropic structure [255; 176] have been proposed recently in the computer vision domain, and have been

applied to different visual recognition tasks, including image classification, object detection, and action

recognition. These isotropic CNNs contrast with the typical “hierarchical” design paradigm, in which spatial

resolution and channel depth are varied throughout the network (e.g., VGG [239] and ResNet [103]).

The Vision Transformer (ViT) [68] architecture also exhibits this isotropic property, although softmax
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(a) Architecture of regular CNNs.

(b) Architecture of isotropic CNNs.

Figure 5.1: Basic architectures of regular and isotropic CNNs. (a) Regular CNNs vary the shape of interme-
diate features and weight tensors in the network while (b) isotropic CNNs fix the shape of all intermediate
features and weight tensors in the network.

self-attention and linear projections are used for feature extraction instead of spatial convolutions. Follow-up

works have experimented with various modifications to ViT models (e.g. replacing softmax self-attention

with linear projections [250], factorized attention [305], and non-learned transformations [262]); however,

the isotropic nature of the network is usually retained.

Recent isotropic models (e.g., ViT [68], ConvMixer [255], and ConvNext [176]) attain state-of-the-art

performance for visual recognition tasks, but are computationally expensive to deploy in resource con-

strained inference scenarios. In some cases, the parameter footprint of these models can introduce memory

transfer bottlenecks in hardware that is not well equipped to handle large amounts of data (e.g. microcon-

trollers, FPGAs, and mobile phones) [159]. Furthermore, “over-the-air” updates of these large models can

become impractical for continuous deployment scenarios with limited internet bandwidth. Parameter (or
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weight) sharing1, is one approach which compresses neural networks, potentially enabling the deployment

of large models in these constrained environments.

Isotropic DNNs, as shown Figure 5.1, are constructed such that a layer’s weight tensor has identi-

cal dimensionality to that of other layers. Thus, cross-layer parameter sharing becomes a straightforward

technique to apply, as shown in ALBERT [159]. On the other hand, weight tensors within non-isotropic

networks cannot be shared in this straightforward fashion without intermediate weight transformations (to

coerce the weights to the appropriate dimensionality). In Appendix A, we show that the search space of

possible topologies for straightforward cross-layer parameter sharing is significantly larger for isotropic net-

works, compared to “multi-staged” networks (an abstraction of traditional, non-isotropic networks). This

rich search space requires a comprehensive exploration. Therefore, in this paper, we focus on isotropic

networks, with the goal of finding practical parameter sharing techniques that enable high-performing, low-

parameter neural networks for visual understanding tasks.

To extensively explore the weight sharing design space for isotropic networks, we experiment with

different orthogonal design choices (Section 5.3). Specifically, we explore (1) different sharing topologies,

(2) dynamic transformations, and (3) weight fusion initialization strategies from pretrained non-sharing

networks. Our results show that parameter sharing is a simple and effective method for compressing large

neural networks versus standard architectural scaling approaches (e.g. reduction of input image size, channel

size, and model depth). Using a weight sharing strategy discovered from our design space exploration, we

achieve nearly identical accuracy (to non-parameter sharing, iso-FLOP baselines) with significantly reduced

parameter counts. Beyond the empirical accuracy versus efficiency experiments, we also investigate network

representation analysis (Section 5.5) and model generalization (Appendix F) for parameter sharing isotropic

models.

5.2 Related Works

Cross-layer Parameter Sharing. Cross-layer parameter sharing has been explored for both CNN- and

Transformer-based models [153; 154; 241; 143; 62; 159; 245]. For instance, Kim et al. [143] applies cross-

layer parameter sharing across an entire heterogeneous CNN. However, they share weights at the granularity

1We interchangeably use the terms parameter and weight sharing throughout this paper.
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(a) Sharing mapping.

(b) Sharing distribution.

Figure 5.2: Sharing topologies. In (a), sharing mapping determines which layers share the same weights
while in (b), sharing distribution determines how the weight sharing layers are distributed in the network.
Layers with the same color share weights. Layers outside of the sharing section do not share weights. Best
viewed in color.

of filters, whereas we share weights at the granularity of layers. In terms of our framework, Kubilius et al.

[153] experiments with Uniform-Strided, proposing a heterogeneous network based off of the human visual

cortex. With isotropic networks, we can decouple parameter sharing methods from the constraints imposed

by heterogeneous networks. Thus, we expand the scope of weight sharing structures from their work to

isotropic networks.

Cross-layer parameter sharing is explored for isotropic Transformer models for the task of neural lan-

guage modeling [62; 159] and vision [245]. Lan et al. [159] experiments with Uniform-Sequential, and

Dehghain et al. [62] experiments with universal sharing (i.e. all layers are shared). Takase et al. [245]

experiments with 3 strategies, namely Uniform-Sequential, Uniform-Strided, and Cycle. In this paper, we

extend these works by decomposing the sharing topology into combinations of different sharing mappings

(Figure 5.2a) and sharing distributions (Figure 5.2b).

Dynamic Recurrence for Sharing Parameters. Several works [32; 161; 94; 236] explore parameter shar-

ing through the lens of dynamically repeating layers. However, each technique is applied to a different model

architecture, and evaluated in different ways. Thus, without a common framework, it’s difficult to get a com-

prehensive understanding of how these techniques compare. While this work focuses only on static weight
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sharing, we outline a framework that may encompass even these dynamic sharing schemes. In general, we

view this work as complementary to explorations on dynamic parameter sharing, since our analysis and

results could be used to help design new dynamic sharing schemes.

5.3 Sharing Parameters in Isotropic Networks

In this section, we first motivate why we focus on isotropic networks for weight sharing (Section 5.3),

followed by a comprehensive design space exploration of methods for weight sharing, including empirical

results (Section 5.3).

Why Isotropic Networks?

Isotropic networks, shown in Figure 5.1b, are simple by design, easy to analyze, and enable flexible weight

sharing, as compared to heterogeneous networks.

Simplicity of Design. Standard CNN architectural design, whether manual [103; 228]) or automated

through methods like neural architecture search [246; 108]), require searching a complex search space,

including what blocks to use, where and when to downsample the input, and how the number of channels

should vary throughout the architecture. On the other hand, isotropic architectures form a much simpler

design space, where just a single block (e.g., attention block in Vision Transformers or convolutional block

in ConvMixer) along with network’s depth and width must be chosen. The simplicity of implementation for

these architectures enables us to more easily design generic weight sharing methods across various isotropic

architectures. The architecture search space of these networks is also relatively smaller than non-isotropic

networks, which makes them a convenient choice for large scale empirical studies.

Increased Weight Sharing Flexibility. Isotropic architectures provide significantly more flexibility for

designing a weight sharing strategy than traditional networks.

We define the sharing topology to be the underlying structure of how weight tensors are shared through-

out the network. Suppose we have an isotropic network with L ≥ 1 layers and a weight tensor “budget” of

1 ≤ P ≤ L. The problem of determining the optimal sharing topology can be seen as a variant of the set
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cover problem; we seek a set cover with no more than B disjoint subsets, which maximizes the accuracy of

the resulting network. More formally, a possible sharing topology is an ordered collection of disjoint subsets

T = (S1,S2, ...,SP ), where ∪B
i=1Si = {1, 2, ..., L} for some 1 ≤ P ≤ L. We define L

P to be the share rate.

We characterize the search space in Appendix A, showing that isotropic networks support significantly

more weight sharing topologies than heterogeneous networks (when sharing at the granularity of weight

tensors). This substantially increased search space may yield more effective weight sharing strategies in

isotropic networks than non-isotropic DNNs, a reason why we are particularly interested in isotropic net-

works

Cross-layer Representation Analysis. To better understand if the weights of isotropic architectures are

amenable to compression through weight sharing, we study the representation of these networks across

layers. We hypothesize that layers with similar output representations will be more compressible via weight

sharing. To build intuition, we use Centered Kernel Alignment (CKA) [151], a method that allows us to

effectively measure similarity across layers.

Figure 5.3 shows the pairwise analysis of CKA across layers within the ConvMixer network. We find

significant representational similarity for nearby layers. This is not unexpected, given the analysis of prior

works on iterative refinement in residual networks [124]. Interestingly, we find that CKA generally peaks

in the middle of the network for different configurations of ConvMixer. Overall, these findings suggest that

isotropic architectures may be amenable to weight sharing, and we use this analysis to guide our experiments

exploring various sharing topologies in Section 5.3.

Weight Sharing Design Space Exploration

When considering approaches to sharing weights within a neural network, there is an expansive design space

to consider. This section provides insights as well as empirical evaluation to help navigate this design space.

We first consider the weight sharing topology. Then, we introduce lightweight dynamic transformations on

the weights to increase the representational power of the weight-shared networks. Finally, we explore how to

use the trained weights of an uncompressed network to further improve accuracy in weight-sharing isotropic

networks. All experiments done in this section are based on a ConvMixer model with 768 channels, depth

of 32, patch extraction kernel size of 14, and convolutional kernel size of 3.
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Figure 5.3: CKA similarity analysis on ConvMixer’s intermediate feature maps shows that the output fea-
ture maps of neighboring layers and especially the middle layers have the highest similarity. Here, we
compute the CKA similarity of each layer’s output feature maps. The diagonal line and the lower triangle
part are masked out for clarity. The CKA for the diagonal line is 1 since they are identical. The CKA for the
lower triangle is the mirror of the upper triangle. Best viewed on screen.

Weight Sharing Topologies. Isotropic networks provide a vast design space for sharing topologies. We

perform an empirical study of various sharing topologies for the ConvMixer architecture, evaluated on the

ImageNet dataset. We characterize these topologies by the (1) sharing mapping (shown in Figure 5.2a),

which describes the structure of shared layers, and (2) the sharing distribution (shown in Figure 5.2b),

which describes which subset of layers sharing is applied to. We study the following sharing mappings:

1. Sequential: Neighboring layers are shared in this topology. There is motivated by our cross layer

similarity analysis in Section 5.3 and Figure 5.3, which suggest that local structures of recurrence

may be promising.

2. Strided: This topology defines the recurrence on the network level rather than locally. If we consider

having P blocks with unique weights, we first run all of the layers sequentially, then we repeat this

whole structure L/P times.

3. Pyramid: This topology is an extension of Sequential, which has increasingly more shared sequential

layers as you approach the center of the network. This is inspired by (1) empirical results in Figure

5.3 that show a similar structure in the layer-wise similarity and (2) neural network compression

methods (e.g. quantization and sparsity methods), which leave the beginning and end of the network

uncompressed [98; 223].
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Table 5.1: Effect of different sharing distributions and mappings on the performance of weight-shared
(WS) ConvMixer with a share rate of 2. In order to maintain the fixed share rate 2 for non-uniform sharing
distributions (i.e., Middle, Front and Back), we apply sharing to 8 layers with share rate 3× and have 16
independent layers. For Middle-Pyramid, the network is defined as [4×1, 1×2, 2×3, 2×4, 2×3, 1×2, 4×1],
where for each element N ×S, N stands for the number of sharing layers and S the share rate for the layer.
All experiments were done with a ConvMixer with 768 channels, depth of 32, patch extraction kernel size
of 14, and convolutional kernel size of 3.

Network Sharing Sharing Params FLOPs Top-1
Distribution Mapping (M) (G) Acc (%)

ConvMixer - - 20.46 5.03 75.71

WS-ConvMixer Uniform
Sequential

11.02 5.03
73.29

Strided 72.80
Random Diverged

WS-ConvMixer Middle
Sequential

11.02 5.03
73.14

Pyramid 73.22

WS-ConvMixer
Front

Sequential 11.02 5.03
73.31

Back 72.35

4. Random: We randomly select which layers are shared within the network, allowing us to understand

how much the choice of topology actually matters.

For the sharing distribution, we consider applying (1) Uniform, where sharing mapping is applied to all

layers, (2) Front, where sharing mapping is applied to the front of the network, (3) Middle, where sharing

mapping is applied to the middle of the network, and (4) Back, where sharing mapping is applied to the back

of the network. Note that front, middle and back sharing distributions results in a non-uniform distribution

of share rates across layers.

Figure 5.2 visualizes different sharing topologies while Table 5.1 shows the results of these sharing

methods on the ImageNet dataset. When share rate is 2, ConvMixer with uniform-sequential, middle-

pyramid, and front-sequential sharing topology result in similar accuracy (2.5% less than the non-shared

model) while other combinations result in lower accuracy. These results are consistent with the layer-

wise similarity study in Section 5.3, and suggests that layer-wise similarity may be a reasonable metric for

determining which layers to share. Because of the simplicity and flexibility of uniform-sequential sharing

topology, we use it in the following experiments unless otherwise stated explicitly.
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Lightweight Dynamic Transformations on Shared Weights. To improve the performance of a weight

shared network, we introduce lightweight dynamic transformations on top of the shared weights for each

individual layer. With this, we potentially improve the representational power of the weight sharing network

without increasing the parameter count significantly.

To introduce the lightweight dynamic transformation used in this study, we consider a set of N layers

to be shared, with a shared weight tensor Ws. In the absence of dynamic transforms, the weight tensor Ws

would simply be shared among all N layers. We consider Wi ∈ RC×C×K×K to be the weights of the i-th

layer, where C is the channel size and K is the kernel size. With a dynamic weight transformation function

fi, the weights Wi at the i-th layer becomes

Wi = fi(Ws) (5.1)

The choose fi to be a learnable lightweight affine transformation that allows us to transform the weights

without introducing heavy computation and parameter overhead. Specifically, fi(W ) = a∗W +b applies a

grouped point-wise convolution with weights a ∈ RC×G and bias b ∈ RC to W , where G is the number of

groups. The number of groups, G ∈ [1, C], can be varied to modulate the amount of inter-channel mixing.

Table 5.2 shows the effect of different number of groups in the dynamic weight transformation on the

performance and efficiency (in terms of parameters and FLOPs) of ConvMixer on the ImageNet dataset. As

Table 5.2 shows, using G = 64, the dynamic weight transformation slightly improves accuracy by 0.07%

(from 73.29% to 73.36%) with 7% more parameters (from 11.02M to 11.8M) and 11.9% more FLOPs

(from 5.03G to 5.63G). Despite having stronger expressive power, dynamic weight transformation does not

provide significant accuracy improvement with under 10% of overhead on number of weights and FLOPs

and sometimes even degrading accuracy.

Initializing Weights from Pretrained Non-sharing Networks. Here we consider how we can use the

weights of a pretrained, uncompressed network to improve the parameter shared version of an isotropic

network. To this end, we introduce transformations on the original weights to generate the weights of the

shared network for a given sharing topology. We define Vj ∈ RC×C×K×K to be the j-th pretrained weight

in the original network, and uj ∈ RC to be the corresponding pretrained bias. The chosen sharing topology
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Table 5.2: Effect of affine transformations on the performance of Weight Shared ConvMixer model
with a sharing rate of 2. All experiments were done with a ConvMixer with 768 channels, depth of 32,
patch extraction kernel size of 14, and convolutional kernel size of 3.

Network Weight Group Rate Params FLOPs Top-1
Transformation? (M) (G) Acc (%)

ConvMixer - - 20.46 5.03 75.71

WS-ConvMixer

- 11.02 5.03 73.29
✓ 1 11.05 5.04 72.87
✓ 16 11.20 5.17 73.20
✓ 32 11.40 5.31 73.14
✓ 64 11.80 5.63 73.36

Table 5.3: Effect of different fusion strategies (Section 5.3) on the performance of ConvMixer. All
experiments were done with a ConvMixer with 768 channels, depth of 32, patch extraction kernel size of
14, and convolutional kernel size of 3. All weight sharing ConvMixer models share groups of 2 sequential
layers.

Network Fusion Strategy Params FLOPs Top-1
(M) (G) Acc (%)

ConvMixer - 20.5 5.03 75.71

WS-ConvMixer

-

10.84 5.03

73.23
Choose First 74.81

Mean 74.91
Scalar Weighted Mean 75.15

Channel Weighted Mean 75.15
Pointwise Convoulution Diverged

defines a disjoint set cover of the original network’s layers, where each disjoint subset maps a group of layers

from the original network to a single shared weight layer. Concretely, if the weight Wi is shared among Si

layers {i1, i2, ..., iSi} in the compressed network, then we define Wi = Fi(Vi1 , Vi2 , ..., ViSi
), where we can

design each Fi. We refer to F as the fusion strategy. In all experiments we propagate the gradient back to

the original, underlying Vj weights. Importantly, F does not incur a cost at inference-time, since we can

constant-fold this function once we finish training.

One simple fusion strategy would be to randomly initialize a single weight tensor for this layer. Note

that this is the approach we have used in all previous experiments. We empirically explore the following

fusion strategies:
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• Choose First: In this setup we take the first of the set of weights within the set: Wi =

Fi(Vi1 , Vi2 , ..., ViS ) = Vi1 . The choice of the first weight (Vi1), rather than any other weight, is

arbitrary. Training this method from scratch is equivalent to our vanilla weight sharing strategy.

• Mean: We take the average of all the weight tensors within the set, Wi = 1
Si

∑Si
k=1 Vik and bi =

1
Si

∑Si
k=1 uik .

• Scalar Weighted Mean: Same as the average, except each weight tensor gets a learned scalar weight-

ing, Wi =
1
Si

∑Si
k=1 αikVik , αi ∈ R. We take a simple mean of the bias, just as in the Mean strategy.

The idea here is to provide the ability to learn more complex fusions, of which Choose First strategy,

and Mean are special cases.

• Channel Weighted Mean: Rather than a scalar per layer, each weight tensor has a learned scalar for

every filter, Wi =
1
Si

∑Si
k=1 α⃗iVik , α⃗i ∈ RC . Again, we take a simple mean of the bias, just as the

Mean strategy. This strategy should allow the model to choose filters from specific weight tensors, or

learn linear combinations.

• Pointwise Convolution: In this transformation, a pointwise convolution is applied to each layers

weights, that maps to the same size filter, Wi =
1
Si

∑Si
k=1Ai ∗ Vik , Ai ∈ RC×C .This should allow

arbitrary mixing and permutations of the kernels of each layer.

Table 5.3 shows that the Channel Weighted Mean fusion strategy allows us to compress the model by 2×

while maintaining the performance of original network. Furthermore, in Section 5.5, we show that weight

fusion strategies allow us to learn representations similar to the original network.

5.4 Effect of Parameter Sharing on Different Isotropic Networks on the Im-

ageNet dataset

We evaluate the performance of the parameter sharing methods introduced in Section 5.3 on a variety of

isotropic architectures. For more information on the training set-up and details, see Appendix C.
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Table 5.4: Weight sharing vs. model scaling for the ConvMixer model on ImageNet. For a fair com-
parison, we generate models with similar FLOPs and network parameters to our family of weight sharing
models using traditional model scaling methods. Weight sharing methods achieve significantly better per-
formance than traditional model scaling. See Table 5.5 for more details on the weight sharing model.

Network Resolution Weight Share Params FLOPs Top-1
(C/D/P/K) Sharing? Rate (M) (G) Acc(%)

768/32/14/3 224 - 20.5 5.03 75.71

576/32/14/3 322 - 11.8 5.92 70.326
768/16/14/3 322 - 10.84 5.32 74.20
768/32/14/3 224 ✓ 2 11.02 5.03 75.14

384/32/14/3 448 - 5.5 5.23 58.83
768/8/14/3 448 - 6.04 5.38 68.31
768/32/14/3 224 ✓ 4 6.3 5.03 71.91

288/32/14/3 644 - 3.25 6.23 40.46
768/4/14/3 644 - 3.63 6.04 57.75
768/32/14/3 224 ✓ 8 3.95 5.03 67.19

Parameter Sharing for ConvMixer

Typically, when considering model scaling, practitioners often vary parameters including the network depth,

width, and image resolution, which scale the performance characteristics of the model [247]. In Table 5.4,

we show that weight sharing models can significantly outperform baselines with the same FLOPs and param-

eters generated through traditional scaling alone, for example improving accuracy by roughly 10% Top-1 in

some cases. We also show a full family of weight sharing ConvMixer models across multiple architectures

in Table 5.5, and find that weight sharing can reduce parameters by over 2× in many architectures while

maintaining similar accuracy. These results show that weight sharing, in addition to typical scaling methods,

is an effective axis for model scaling.

Parameter Sharing for Other Isotropic Networks

Although our evaluations have focused on ConvMixer, the methods discussed in Section 5.3 are generic and

can be applied to any isotropic model. Here, we show results of applying parameter sharing to ConvNeXt

[176] and the Vision Transformer (ViT) architecture.
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Table 5.5: Weight sharing family of ConvMixer model on ImageNet. Significant compression rates can
be achieved without loss in accuracy across multiple isotropic ConvMixer models. We also generate a full
family of weight sharing models by varying the share rate, which is the reduction factor in number of unique
layers for the weight shared model compared to the original. C/D/P/K represents the dimension of channel,
depth, patch and kernel of the model. If weight fusion is specified, the channel weighted mean strategy
described in Section 5.3 is used.

Network Weight Share Weight Params FLOPs Top-1
(C/D/P/K) Sharing? Rate Fusion? (M) (G) Acc(%)

1536/20/7/3

- - 49.4

48.96

78.03
✓ 2 ✓ 25.8 78.47
✓ 4 ✓ 14 75.76
✓ 10 6.9 72.27

768/32/14/3

- - 20.5

5.03

75.71
✓ 2 ✓ 11.02 75.14
✓ 4 ✓ 6.3 71.91
✓ 8 ✓ 3.95 67.19

512/16/14/9

- - 5.7

1.33

67.48
✓ 2 ✓ 3.63 65.04
✓ 4 ✓ 2.58 59.34
✓ 8 2.05 54.25

Table 5.6: Effect of weight sharing on the ConvNeXt model on ImageNet. WS-ConvNeXxt has 2x less
number of parameters but still achieves similar accuracy to the original ConvNeXt model.

Network Depth Share Params FLOPs Top-1
Rate (M) (G) Acc(%)

ConvNeXt
18 - 22.3 4.3 78.7
9 - 11.5 2.2 75.3

WS-ConvNeXt 18

2 11.5

4.3

78.07
4 6.7 76.11
6 4.3 72.07
9 3.1 68.75

ConvNeXt. Table 5.6 shows the results of parameter sharing on the ConvNeXt isotropic architecture.

With parameter sharing, we are able to compress the model by 2× while maintaining similar accuracy on

the ImageNet dataset.
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Table 5.7: Share rate and ImageNet accuracy comparison with existing weight sharing methods.

Network Share Params FLOPs Top-1
Rate (M) (G) Acc(%)

ConvMixer-768/32 [255] (baseline) - 20.5 5.03 75.71
WS-ConvMixer-768/32-S2 (ours) 1.86 11.02 5.03 75.14

ConvMixer-1536/20 [255] (baseline) - 49.4 48.96 78.03
WS-ConvMixer-1536/20-S2 (ours) 1.91 25.8 48.96 78.47

ConvNeXt-18 [176] (baseline) - 22.3 4.3 78.7
WS-ConvNeXt-18-S2 (ours) 1.92 11.5 4.3 78.07
WS-ConvNeXt-18-S4 (ours) 3.33 6.7 4.3 76.11

ResNet-152 [103] (baseline) - 60 11.5 78.3
IamNN [161] 12 5 2.5-9 69.5

ResNet-101 [103] (baseline) - 44.54 7.6 77.95
DR-ResNet-65 [94] 1.58 28.12 5.49 78.12
DR-ResNet-44 [94] 2.2 20.21 4.25 77.27

ResNet-50 [103] (baseline) - 25.56 3.8 76.45
DR-ResNet-35 [94] 1.45 17.61 3.12 76.48
ResNet50-OrthoReg [143] 1.25 20.51 4.11 76.36
ResNet50-OrthoReg-SharedAll [143] 1.6 16.02 4.11 75.65

Vision Transformer (ViT). We also apply our weight sharing method to a Vision Transformer, a self-

attention based isotropic network. Due to space limit, we report accuracy numbers in Appendix B. Further-

more, we discuss the differences between applying weight sharing methods to CNNs versus transformers.

Comparison with State-of-the-art Weight Sharing Methods.

Table 5.7 compares the performance of weight sharing methods discussed in Section 5.3 with existing

methods [143; 94; 161] on ImageNet. Compared to existing methods, our weight sharing schemes are

effective; achieving higher compression rate while maintaining accuracy. For example, ConvMixer-768/32,

ConvMixer-156/20, and ConvNeXt-18 with weight sharing and weight fusion achieve 1.86x, 1.91x and 1.92

share rate while having a similar accuracy. Existing weight sharing techniques [143; 94] can only achieve at

most 1.58x and 1.45x share rate at while maintaining accuracy. Although [161] can achieve 12x share rate,

it results in a 8.8% accuracy drop.

These results show that isotropic networks can achieve a high share rate while maintaining accuracy with
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simple weight sharing methods. The traditional pyramid style networks, while using complicated sharing

schemes [143; 94; 161], the share rate is usually limited. Note that although our sharing schemes can achieve

higher share rates, existing methods like [161; 143] are able to directly reduce FLOPs, which our method

does not address.

(a) Vanilla WS-ConvMixer. (b) WS-ConvMixer with Fusion.

Figure 5.4: (a) The CKA similarity analysis of a standard ConvMixer’s intermediate feature maps compared
to a vanilla weight shared ConvMixer, with share rate of 2. (b) The same analysis but compare to a weight
shared ConvMixer initialized with weight fusion. The channel weighted mean fusion strategy is used (see
Section 5.3).

5.5 Representation Analysis

In this sections, we perform qualitative analysis of our weight sharing models to better understand why

they lead to improved performance and how they change model behavior. To do this, we first analyze the

representations learned by the original network, compared to one trained with weight sharing. We follow a

similar set-up to Section 5.3. We use CKA as a metric for representational similarity and compute pairwise

similarity across all layers in both the networks we aim to compare. In Figure 5.4(a) we first compare the

representations learned by a vanilla weight sharing method to the representations of the original network.

We find that there is no clear relationship between the representations learned. Once we introduce the weight

fusion initialization strategy (Section 5.3), we find significant similarity in representations learned, as shown
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in Figure 5.4(b). This suggests that our weight fusion initialization can guide the weight shared models to

learn similar features to the original network. In Appendix F, we further analyze the weight shared models

and characterize their robustness compared to standard networks.

5.6 Summary

Isotropic networks have the unique property in which all layers in the model have the same structure, which

naturally enables parameter sharing. In this paper, we perform a comprehensive design space exploration

of shared parameters in isotropic networks (SPIN), including the weight sharing topology, dynamic trans-

formations and weight fusion strategies. Our experiments show that, when applying these techniques, we

can compress state-of-the-art isotropic networks by up to 2 times without losing any accuracy across many

isotropic architectures. Finally, we analyze the representations learned by weight shared networks and quali-

tatively show that the techniques we introduced, specifically fusion strategies, guide the weight shared model

to learn similar representations to the original network. These results suggest that parameters sharing is an

effective axis to consider when designing efficient isotropic neural networks.
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Chapter 6

Atom: Low-Bit Quantization for Efficient

and Accurate Large Language Model

Serving

Remarks on Chapter Material

The content of this chapter is adapted from the following paper:

• Yilong Zhao, Chien-Yu Lin, Kan Zhu, Zihao Ye, Lequn Chen, Size Zheng, Luis Ceze, Arvind Krish-

namurthy, Tianqi Chen, Baris Kasikci, "Atom: Low-bit Quantization for Efficient and Accurate LLM

Serving", In Proceedings of The Seventh Annual Conference on Machine Learning and Systems (ML-

Sys), 2024.

6.1 Introduction

Large Language Models (LLMs) are increasingly being integrated into our work routines and daily lives,

where we use them for summarization, code completion, and decision-making. Studies report that ChatGPT

has over 100 million users, with more than 1 billion website accesses per month [70]. Furthermore, the size

and capabilities of LLMs continue to grow to accommodate a broader range of tasks. The high inference

demand and model complexity have significantly increased the operational costs, i.e., compute/memory and
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energy, for LLM service providers to near $1 million daily [72].

Unsurprisingly, optimizing LLM serving is becoming a pressing concern. Most efforts have focused

on improving LLM serving throughput, which is typically achieved by batching requests from various

users [295; 46; 157]. Batching multiple requests increases compute intensity and amortizes the cost of load-

ing weight matrices, thereby improving throughput. Prior work has explored LLM quantization techniques

to further improve batching efficiency. These techniques employ smaller data types to replace 16-bit floating

point (FP16) values, thereby reducing memory consumption and accelerating computation [169; 281].

However, current quantization schemes do not leverage the full extent of capabilities provided by emerg-

ing efficient low-bit hardware support (e.g., Nvidia Ampere [11] and Qualcomm Hexagon [274]). For in-

stance, several prior approaches have explored weight-only quantization [169; 76]. In these quantization

schemes, weights are quantized to a low-bit representation (e.g., INT3), whereas activations remain in a

floating point representation (e.g., FP16). Consequently, weights must be dequantized to the appropriate

floating point representation (e.g., FP16) before being multiplied with activations using floating point repre-

sentation. Therefore, even though weight-only quantization reduces memory consumption, it still requires

costly floating-point arithmetic, which is inefficient, especially for large batch sizes.

Another prominent quantization scheme is weight-activation quantization, where both weights and ac-

tivations are quantized to low-bit representations. In this scheme, weights and activations can be directly

multiplied using low-precision arithmetic units. This quantization approach has greater potential to achieve

higher inference throughput than weight-only quantization due to the efficient low-bit hardware support.

For example, A100 GPUs can reach 1248 TOPS of INT4 and 624 TOPS of INT8 as opposed to only 312

TFLOPS for FP16 with Tensor Cores [199]. Prior works such as LLM.INT8() [65] and SmoothQuant [281]

explored INT8 weight-activation quantization and achieved near no accuracy loss. However, INT8 quanti-

zation still cannot utilize lower bit arithmetic such as INT4 Tensor Cores [200]. In addition, INT8 quanti-

zation remains sub-optimal for reducing the large memory consumption in LLM serving, where both model

parameters and batched KV-cache consume large memory [237; 309]. For lower-bit weight-activation quan-

tization, recent works such as OmniQuant [232] and QLLM [172] have proposed to quantize LLMs down to

4-bit. However, their techniques still show a significant perplexity increase compared to the FP16 baseline as

shown in Figure 6.2. Therefore, determining how to accurately quantize LLMs into low-bit representations
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Figure 6.1: Overview of Atom’s design.

while maintaining hardware efficiency remains an open area of research.

In this work, we introduce Atom, an accurate low-bit weight-activation quantization for LLMs that effi-

ciently use modern hardware. To maintain accuracy, Atom incorporates three key quantization designs: (1)

It adopts mixed-precision quantization, which retains a small but salient number of activations and weights

in high precision to preserve accuracy. (2) It employs fine-grained group quantization on both weights and

activations, which naturally reduces quantization errors. (3) Instead of pre-calculating quantization param-

eters for activations, Atom dynamically quantizes activations to best capture the distribution of each input.

Although these quantization optimizations can improve quantization accuracy, they may not utilize the

underlying hardware efficiently without a bespoke design. For example, the mixed-precision technique

could lead to irregular memory accesses and performance slowdown [93]; matrix multiplications with group

quantization are not well-supported in kernel libraries; and dynamic quantization of activations incurs extra

computation [281]. To ensure high hardware efficiency and minimize quantization overheads, Atom: (1)

reorders activations and weights to maintain regular memory accesses for mixed-precision operations, (2)

fuses quantization and reordering operations into existing operators to mitigate the overheads, (3) further

quantizes outliers into 8-bit to keep a balance between accuracy and efficiency and (4) quantizes the KV-

cache into low-bit representations to reduce memory movement. We illustrate Atom’s quantization workflow

119



7B 13B 30B 65B
# Llama Parameters

3

5

7

9

11

13

Pe
rp

le
xi

ty
 

FP16
OmniQ
QLLM
Atom

Figure 6.2: WikiText2 perplexity on Llama models with different 4-bit weight-activation quantization
mechanisms.

in Figure 6.1.

To validate Atom’s feasibility, we integrate it into an end-to-end serving framework [47]. For our spe-

cial matrix multiplications with mixed-precision and group quantization, we implement customized CUDA

kernels that utilize low-bit tensor cores. Experiments on popular datasets show that Atom has negligible

accuracy loss (1.4% average zero-shot accuracy drop, 0.3 WikiText2 perplexity increase for Llama-65B)

when quantizing models to 4-bit (for both weights and activations), while prior works suffer larger accuracy

loss under the same precision (see Table 6.1).

When comparing end-to-end serving throughput to different precisions and quantization schemes, Atom

improves throughput by up to 7.7×, 5.5×, and 2.5× relative to FP16, W4A16, and W8A8, respectively,

while achieving similar latency (see Figure 6.11). These results show that Atom can accurately quantize

LLMs into low-bit precision while achieving high serving throughput.

In summary, we contribute the following:

• A comprehensive performance analysis of LLM serving workloads that pinpoints the efficiency ben-

efit of low-bit weight-activation quantization.

• Atom, an accurate low-bit weight-activation quantization algorithm that combines (1) mixed-precision

with channel reordering, (2) fine-grained group quantization, (3) dynamic activation quantization to

minimize quantization errors, and (4) KV-cache quantization.
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• An integrated LLM serving framework for which we codesign an efficient inference workflow, imple-

ment low-bit GPU kernels and demonstrate practical end-to-end throughput and latency of Atom.

• A comprehensive evaluation of Atom, which shows that it improves LLM serving throughput by up

to 7.7× with only a slight accuracy loss.

6.2 Quantization Basics

Quantization techniques use discrete low-bit values to approximate high-precision floating points. Since

integers represent a uniform range, quantizing floating point values into integers is widespread due to sim-

plicity and hardware efficiency [122; 97]. Typical quantization involves two steps: determining the quanti-

zation parameters (which consist of scale and zero point) and calculating the quantized tensor. For uniform

asymmetric quantization, the scale s and zero point z are determined by [196]:

s =
max(X)−min(X)

2n − 1
· c, z = ⌊−min(X)

s
⌉, (6.1)

where X is the input tensor, n is the quantization bit-width, and c is the clipping factor used to reduce

the dynamic range of quantization to mitigate the effect of outlier values. The elements in quantized tensor

can be calculated by:

X̄ = clamp(⌊X
s
⌉+ z, 0, 2n − 1).

We can further simplify this equation for symmetric quantization:

s =
2 ·max(|X|)

2n − 1
· c

X̄ = clamp(⌊X
s
⌉,−2n−1, 2n−1 − 1).

Quantization parameters s and z can be calculated either statically using calibration data or dynamically

during inference time with runtime statistics. Thus, quantization approaches can be classified as static or

dynamic.

For LLMs, we can apply quantization on both activation and weight matrices (weight-activation quan-
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Figure 6.3: Runtime breakdown of Llama-7b inference with different batch sizes.

tization) or just the latter (weight-only quantization). However, asymmetric weight-activation quantization

can lead to additional calculations during matrix multiplication since:

W ·X = sW (W̄ − zW ) · sx(X̄ − zx),

where three additional cross-terms need to be calculated for using low-bit arithmetic units. Therefore, we

apply symmetric quantization in this work for efficiency.

Different trade-offs between accuracy and efficiency can be achieved by quantization with different gran-

ularity: For per-tensor quantization, all the values in the tensor share one set of scale and zero-point [196].

For per-channel (token) quantization, we calculate scale and zero-point for a row or a column of the ten-

sor [281]. We denote the channel as the last dimension of the input matrix. Each channel can be further

divided into several sub-groups, and quantization is individually performed on each group, which is called

per-group quantization [169]. The finer the granularity, the more precise the quantization, but the higher the

overhead. In this work, we adopt group quantization for higher accuracy with dedicated kernels to manage

the overhead, as shown in § 6.4.

6.3 Performance analysis of low-bit LLM serving

In this section, we first analyze the performance bottleneck of LLM inference in serving scenarios and then

establish the importance of low-bit weight-activation quantization.

Due to high demand, LLM serving is throughput-oriented. However, the auto-regressive decode stage

of LLM inference only takes one token as input and generates the next token, thus relying on matrix-vector
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multiplication (GEMV) [14]. Since GEMV needs to load a large weight matrix while only performing a

few multiplications, it is heavily memory-bound. It thus causes GPU under-utilization, which results in low

compute intensity (computation-to-IO ratio) and, thereby, low throughput [275]. To mitigate this problem,

batching is widely used by combining the input from multiple requests to perform dense layer (K,Q,V

generation, O projection, and MLP) matrix multiplications and increase compute intensity, therefore GPU

utilization [215; 295; 47; 317].

To further exploit the batching effect and boost throughput, the input matrices of the dense layer of the

decode and prefill stages are batched together to form larger matrices [209]. Given large batch sizes, the

dense layer ends up having compute-bound matrix-matrix multiplications (GEMM). However, though self-

attention layers in the decode stage are also GEMV operations, they cannot benefit from batching. Since

different inference requests do not share the KV-cache with different context histories, cross-request data

cannot be batched for reuse, resulting in no efficiency benefit. Even with several optimizations such as

FlashAttention [59] or Group Query Attention [18], the self-attention layers are still bounded by the large

memory movement of KV-cache.

After applying the batching technique, we measure the time breakdown of different operators under

different batch sizes. As Figure 6.3 shows, both the dense and self-attention layers act as bottlenecks to

throughput, consuming over 90% of the processing time. Consequently, we employ quantization mecha-

nisms to expedite both dense and self-attention layers. Note in Figure 6.3, the dense layer represents the

batched K, Q, V generation, O projection, and MLP. The self-attention layer is implemented by Flash-

Infer [292] integrated with PageAttention [157]. Results indicate that the dense and self-attention layers

together account for over 90% of the execution time, thereby constraining the throughput.

We use the Roofline model [275] to evaluate the effect of different quantization approaches in serving

scenarios. As Figure 6.4 shows, weight-activation quantization has higher dense layer compute throughput

due to the efficient low-bit hardware arithmetic. It also increases the throughput of the self-attention layer

by reducing the size of the KV-cache, thus decreasing memory movement. However, as Figure 6.4 shows,

weight-only quantization fails to improve dense layer throughput since dequantization must be performed

before matrix multiplications, yielding calculations still in the floating point format. On the other hand,

weight-only quantization fails to quantize the KV-cache, yielding no benefit for self-attention layers. We
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Figure 6.4: A roofline model of different quantization approaches that characterizes operators by their
arithmetic intensity.

further quantify the effect of different quantization techniques in Figures 6.10 and 6.10 in §6.5 with kernel

profiling. Note in Figure 6.4, arithmetic intensity is defined as Ops/Elements. At large batch sizes, the dense

layer is compute-bound, which has a large arithmetic intensity, whereas self-attention consistently exhibits

a lower arithmetic intensity.

In summary, the low-bit weight-activation quantization is superior to weight-only quantization in terms

of enhancing the throughput in the serving scenario because it accelerates both the dense and self-attention

layers. In the following sections, we demonstrate how Atom delivers high throughput while still maintaining

high accuracy with the low-bit weight-activation quantization.

6.4 Design of Atom

Low-bit precision enables efficient utilization of the underlying hardware, leading to increased throughput.

However, it is challenging to maintain high accuracy with a low-bit representation. To quantize LLMs to

extremely low-bit precision while keeping accuracy, we incorporate a suite of quantization mechanisms

tailored to LLM characteristics. These mechanisms include mixed-precision quantization with channel re-

ordering, fine-grained group quantization, and dynamic quantization. We demonstrate the accuracy gain

thanks to these techniques with ablation study in Table 6.3. Atom also applies low-bit quantization on
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Figure 6.5: Sampled value of an activation matrix from Llama-7b.
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Figure 6.6: Overview of Atom workflow on Llama model family.

KV-cache, which further boosts the efficiency. The subsequent subsections delve into the specifics of each

mechanism and its advantages, followed by a detailed description of the end-to-end workflow.

Mixed-precision quantization

Prior works observed that a key challenge of LLM quantization is the outlier phenomena in activations [65;

169]. As Figure 6.5 shows, a few channels exhibit large magnitudes that are several orders greater than those

of other channels, which are called outliers. The large dynamic range of these outliers can substantially

increase the quantization error. Therefore, efficiently handling the outliers is crucial in low-bit quantization.

Note for Figure 6.5, in (a) The activation matrix contains outlier channels, which result in large quantization

errors; in (b) Atom reorders these outlier channels to the end of the matrix and uses higher precision to

quantize them while keeping regular memory access.
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One intuitive way to effectively mitigate this challenge is to quantize outliers and normal values sepa-

rately, into low and high bits, which is referred to as a mixed-precision method. As Figure 6.5 shows, after

we remove the outliers, the remaining channels are much more uniform, which can be effectively expressed

by low-bit values. Our results indicate that 8-bit representations, such as FP8 [188] and INT8, are sufficient

to express outliers (See Table 6.3). Since INT8 is widely supported by hardware implementations (e.g.,

NVIDIA Tensor Core [11]), Atom applies INT8 quantization for outliers.

The primary concern with mixed-precision quantization is its irregular memory accesses [65; 93], which

leads to poor hardware efficiency. To apply mixed-precision quantization while maintaining regular mem-

ory access, Atom re-purposes the reordering technique introduced in RPTQ [297], where the objective is to

improve quantization accuracy. As Figure 6.7 shows, Atom reorders the scattered outlier channels of activa-

tions to the end of the matrix, which enables the efficient implementation of mixed-precision. To guarantee

the equivalence of the computation result, the weight matrices need to be reordered with the corresponding

reorder indices of activations. Since the outlier channels can be identified offline using calibration data [65],

the reordering of weight matrices incurs a one-time cost. However, the reordering of activation matrices still

needs to be performed online, which can be expensive. To mitigate this, Atom fuses the activation matrix

reordering operators into prior operators, which significantly reduces the reordering overhead to less than

0.5% of runtime.
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Fine-grained group quantization

Even if Atom quantizes outliers and normal values separately, the latter is still challenging to perform

accurately due to the limited representation capability of 4-bit precision (Section 6.5). To further enhance

accuracy, group quantization is widely adopted [169; 196], which divides the matrix into subgroups and

performs quantization within each subgroup. For example, a group size of 128 implies that every contiguous

sequence of 128 elements is treated as a single group, which is quantized independently.

Group quantization offers a trade-off between accuracy improvements and dequantization overheads, es-

pecially in weight-activation quantization. Prior works have not investigated how to efficiently incorporate

group dequantization into the delicate GEMM pipeline, i.e., MMA pipeline [248]. Atom proposes a fusion

technique as shown in Figure 6.8, which contributes to an efficient GEMM kernel with practical speedup

(See §6.5). Atom first calculates the matrix multiplication of the activation groups with the corresponding

weight groups and obtains temporary results using efficient low-bit hardware, i.e. Tensor Cores (Step 1 ).

Atom then adds multiple temporary results together to get the GEMM result. However, since Atom per-

forms fine-grained quantization for each activation and weight group, each temporary result has different

quantization parameters. Therefore, Atom first dequantizes all temporary results to the FP16 representation

with CUDA Cores (Step 2 ) and then performs addition (Step 3 ). To manage the overhead, we fuse de-

quantization and summation into the GEMM kernel, to be specific, into the MMA pipeline. Therefore, the

additional operations can be executed in place without extra memory movement and overlapped with the

original MMA instructions. We demonstrate the efficiency of the fused GEMM operator in §6.5.

With a group size of 128 and a high precision channel size of 128, Atom has an effective bit of 4.251 on

Llama-7b. The effective bit is defined as the average bits used for each element, including the quantization

parameters. This metric is widely used in previous works on weight-only quantization [76; 169], mainly

because it represents the actual compression ratio and, therefore, the speedup in the memory-bound setting.

However, the main benefit of weight-activation quantization in serving scenarios is the computation effi-

ciency of leveraging low-bit arithmetic units instead of the memory reduction. Therefore, we will not use

this metric in the following discussions.

1With 4-bit for normal values, 8-bit for outliers, and 16-bit scale per group, the effective bit is calculated as ((4096 − 128) ∗
4 + 128 ∗ 8)/4096 + 16/128 = 4.25.
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Dynamic quantization process

Although fine-grained quantization can better preserve the local variations inside each channel of activations,

this advantage would diminish if we statically calculated the quantization parameters based on calibration

data, as the actual input might have a different local distribution.

Therefore, Atom adopts dynamic quantization, tailoring quantization parameters for each activation

matrix during inference. To tame the overhead of dynamic quantization, we fuse quantization operations

into the prior operator, akin to the implementation of ZeroQuant [289]. Since the additional operator is

element-wise (with a reduction and an element-wise division), the run time of the fused operator is still

negligible compared to the time-consuming dense and self-attention layers, as Figure 6.3 shows.

However, asymmetric quantization can lead to significant run-time overhead due to considerable addi-

tional computation (as discussed in §4.2). To strike a balance between throughput and accuracy, we choose

symmetric quantization with a carefully chosen clip threshold. We also incorporate GPTQ [76] when quan-

tizing the weight matrix since this is purely an offline process and offers an accuracy boost without sacrific-

ing runtime efficiency.

KV-cache quantization

As described in §6.3, the self-attention layer in the decode stage is highly memory-bound. To mitigate

this issue, Atom also applies low-bit quantization to the KV-cache. Atom loads the KV-cache in low-bit

precision and directly dequantizes it before performing the FP16 calculation, which significantly boosts the
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throughput by large memory reduction. On the other hand, since the memory movement of asymmetric and

symmetric quantized KV-cache are similar, they perform similarly on memory-bound self-attention layers.

Therefore, Atom uses asymmetric quantization on KV-cache as it can provide accuracy benefits.

Compared with activation matrices, we argue that the KV-cache is more amenable to quantization. To

perform self-attention, the Query vector of the incoming token is multiplied by the K cache. The result

is normalized using Softmax and further multiplied with the V cache to obtain the output [259]. Due

to the normalization of Softmax, the quantization error of the K cache has less influence on the output.

Furthermore, our profiling in Figure 6.9 indicates that the V cache exhibits the outlier phenomenon less

frequently, rendering it more suitable for quantization. Therefore, Atom directly applies asymmetric low-bit

quantization with the granularity of attention head and preserves high accuracy as shown in §??.

Implementation of quantization workflow

To demonstrate the feasibility of our design choices, we implement Atom on Llama models [251], as shown

in Figure 6.6. To leverage the benefit of quantization, Atom manages the overhead of the additional operators

by kernel fusion: Atom fuses quantization operators, including reordering, quantization, and dequantization,

into existing operators. For the compute-bound dense layer, Atom utilizes the low-bit units to boost through-

put. For the memory-bound self-attention layer, Atom fuses dequantization with a kernel library for LLM

serving, FlashInfer [292], so that only low-bit values from KV-cache are loaded. Atom also incorporates

PageAttention [157] for efficient memory usage to enable large batch sizes.
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6.5 Evaluation of Atom

We conduct a comprehensive evaluation of Atom’s accuracy and efficiency. For accuracy, we evaluate Atom

on widely used metrics, generation perplexity and zero-shot accuracy. For efficiency, we evaluate Atom

from the bottom up, starting with per-kernel performance, followed by end-to-end throughput and latency.

We also perform ablation studies to understand how different techniques affect Atom, which pinpoints the

trade-off between the efficiency and accuracy of each design choice.

Quantization setup

Atom uses symmetric quantization on weights and activations while using asymmetric quantization on the

KV-cache. We evaluate Atom using a group size of 128. To identify outlier channels, we use 128 randomly

sampled sentences from WikiText2 [187] as calibration data, following prior works [160; 232; 172]. We

select 128 channels with the highest square sum values as outlier channels and keep them in INT8. We then

reorder activation and weight matrices according to the indices of outlier channels. After reordering, Atom

adopts GPTQ [76] for the quantization on weight matrices. For clipping, we use a grid search to find optimal

clipping factors 0.9 and 0.85 for activation and weight quantization, respectively.

For the preprocessing of weight quantization and outlier identification, we run Atom on a single RTX

Ada 6000 and quantize the model layer-by-layer. For large Llama-65B, Atom takes roughly 4 hours to

complete the process.

Accuracy evaluation

Benchmarks. We evaluate Atom on popular open-sourced Llama [251] models. We focus on low-bit set-

tings, INT4 and INT3 weight-activation quantization. We adopt commonly used metrics of model accuracy,

perplexity, and zero-shot accuracy. For perplexity, we evaluate on WikiText2 [187], PTB [186], and C4 [220]

datasets. For zero-shot tasks, we use lm-eval [82], based on which we evaluate Atom on PIQA [34], ARC

[57], BoolQ [56], HellaSwag [302], and WinoGrande [227] tasks.

Baselines. We compare Atom to recently released post-training quantization techniques: SmoothQuant [281],

OmniQuant [232], and QLLM [172]. For SmoothQuant, we implement our own version as the official
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Table 6.1: Zero-shot accuracy of quantized Llama models on six common sense tasks.

Zero-shot Accuracy ↑
Llama #Bits Method

PIQA ARC-e ARC-c BoolQ HellaSwag Winogrande Avg.

FP16 - 77.42 52.61 41.47 73.12 72.98 67.01 64.10
SmoothQuant 63.11 40.03 31.57 58.47 43.38 52.80 48.23
OmniQuant 66.15 45.20 31.14 63.51 56.44 53.43 52.65
QLLM 68.77 45.20 31.14 - 57.43 56.67 51.84

W4A4

Atom 75.57 51.30 37.88 72.05 69.84 62.35 61.50
SmoothQuant 48.69 25.97 28.16 45.26 26.02 49.57 37.28
OmniQuant 49.78 27.19 27.22 37.86 25.64 49.96 36.28

7B

W3A3
Atom 66.10 42.21 31.40 62.48 52.90 52.25 51.22

FP16 - 79.11 59.85 44.54 68.47 76.22 70.09 66.38
SmoothQuant 64.47 41.75 30.89 62.29 46.68 51.70 49.63
OmniQuant 69.69 47.39 33.10 62.84 58.96 55.80 54.63
QLLM 71.38 47.60 34.30 - 63.70 59.43 55.28

W4A4

Atom 77.37 57.66 43.26 66.82 73.71 68.59 64.57
SmoothQuant 47.99 26.30 27.65 46.91 25.65 49.64 37.36
OmniQuant 50.22 26.77 27.82 37.83 25.77 51.07 36.58

13B

W3A3
Atom 70.73 48.06 33.96 63.70 62.64 57.85 56.16

FP16 - 80.20 58.92 45.31 68.38 79.23 72.69 67.46
SmoothQuant 59.30 36.74 28.58 59.97 34.84 49.96 44.90
OmniQuant 71.21 49.45 34.47 65.33 64.65 59.19 57.38
QLLM 73.83 50.67 38.40 - 67.91 58.56 57.87

W4A4

Atom 78.73 58.92 45.82 68.47 77.40 73.09 67.07
SmoothQuant 49.46 27.53 28.16 39.42 26.05 51.38 37.00

30B

W3A3
Atom 72.47 49.54 37.80 65.75 66.99 60.14 58.78

FP16 - 80.79 58.71 46.24 82.29 80.72 77.50 71.04
SmoothQuant 60.72 38.80 30.29 57.61 36.81 53.43 46.28
OmniQuant 71.81 48.02 35.92 73.27 66.81 59.51 59.22
QLLM 73.56 52.06 39.68 - 70.94 62.90 59.83

W4A4

Atom 80.41 58.12 45.22 82.02 79.10 72.53 69.57
SmoothQuant 49.56 26.64 29.10 42.97 26.05 51.14 37.58

65B

W3A3
Atom 75.84 51.43 41.30 74.07 72.22 64.33 63.20
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Table 6.2: Perplexity of quantized Llama models on WikiText2, PTB and C4 dataset.

Perplexity ↓
Size Bits Method

WikiText2 PTB C4

FP16 - 5.68 8.80 7.08
SmoothQuant 22.62 40.69 31.21
OmniQuant 11.59 20.65 14.96
QLLM 9.65 - 12.29

W4A4

Atom 6.16 9.62 7.69
SmoothQuant 2.7e4 3.5e4 2.6e4
OmniQuant 3.4e3 7.5e3 6.3e3

7B

W3A3
Atom 10.67 18.10 13.65

FP16 - 4.10 7.30 5.98
SmoothQuant 109.85 142.34 87.06
OmniQuant 10.34 14.91 12.49
QLLM 8.37 - 11.51

W4A4

Atom 4.54 7.67 6.35
SmoothQuant 1.5e4 1.6e4 1.5e4

30B

W3A3
Atom 6.99 11.07 9.14

Perplexity ↓
Size Bits Method

WikiText2 PTB C4

FP16 - 5.09 8.07 6.61
SmoothQuant 33.98 73.83 41.53
OmniQuant 10.90 18.03 13.78
QLLM 8.41 - 10.58

W4A4

Atom 5.46 8.60 7.03
SmoothQuant 1.3e4 1.6e4 1.5e4
OmniQuant 7.2e3 1.6e4 1.3e4

13B

W3A3
Atom 8.40 14.31 10.76

FP16 - 3.56 6.91 5.62
SmoothQuant 88.89 278.76 283.80
OmniQuant 9.18 16.18 11.31
QLLM 6.87 - 8.98

W4A4

Atom 3.93 7.54 5.92
SmoothQuant 6.6e8 3.7e8 4.4e8

65B

W3A3
Atom 5.79 9.30 7.84

code does not support Llama models and only has W8A8 quantization. We conducted a grid search on the

alpha value defined in SmoothQuant and reported the best numbers for each benchmark. For OmniQuant,

we use their pre-quantized weights for W4A4 evaluations and evaluate W3A3 by running their official

code. To obtain the best W3A3 results for OmniQuant, we conduct a hyperparameter search and identify

lr = 1e−4 and alpha = 0.75 for their quantization process. We skip W3A3 OmniQuant on Llama-30B

and Llama-65B due to the large resource requirement of its quantization process. For QLLM, we report the

W4A4 numbers in their paper but do not evaluate W3A3 as their code was unavailable when we conducted

experiments.

Zero-shot accuracy. Table 6.1 compares the zero-shot accuracy of six tasks between Atom and base-

lines on Llama models. Atom significantly outperforms the other weight-activation quantization methods.

For W4A4, Atom shows only a 2.3%, 1.7%, 0.4% and 1.4% average accuracy loss for Llama at 7B, 13B,

30B and 65B sizes when compared to FP16. At the same time, previous works showed a 9.6% to 23.8%

accuracy loss under the same settings.

Perplexity. Table 6.2 reports perplexity results of Atom and baselines on Llama models. As the table

shows, though recent methods such as OmniQuant and QLLM successfully reduce the perplexity of W4A4
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Figure 6.10: Performance evaluation of different quantization approaches on Atom and baseline kernels.

to around 10, the accuracy loss is still significant. Atom further reduces the perplexity and achieves less

than 0.4 perplexity increase on all three datasets with Llama-65b. For W3A3, Atom still largely maintains

the perplexity, with an average 2.3 perplexity increase for Llama-65B. At the same time, existing works do

not achieve acceptable perplexity. Note that Atom has less accuracy loss when quantizing larger models.

Efficiency evaluation

To demonstrate the efficiency of Atom, we conduct experiments profiling both per-kernel and end-to-end

performance. Since the highly efficient INT4 arithmetic is supported by NVIDIA GPUs, we evaluate Atom

with W4A4 quantization on a 24GB RTX 4090 with CUDA 11.3.

Kernel evaluation:

Matrix multiplication. We evaluate the fused GEMM operator implemented by Atom, as shown in Fig-

ure 6.10. We also implemented fused GEMM for 8-bit weight-activation quantization (W8A8) and 4-bit

weight-only quantization (W4A16) following the existing work [281; 169] as baselines. For smaller batch

sizes, GEMM is memory-bound; thus, weight-only quantization’s memory reduction is effective. However,

as the batch size increases, the efficiency of weight-only quantization diminishes in the compute-bound set-

ting due to the expensive FP16 calculations. At the same time, 4-bit Atom outperforms all other approaches
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due to its hardware efficiency. At batch size 512, Atom’s matrix-multiplication achieves 3.4× and 1.9×

speedup over FP16 and INT8 kernels.

Self-attention. For the self-attention layer, we fuse different quantization methods into FlashInfer [292],

which is a performant kernel library for LLMs serving. We also integrate PageAttention [157] for efficient

memory usage. We evaluate our implementation and show the results in Figure 6.10. The decrease in bits

linearly reduces the memory usage of the KV-cache, therefore proportionally boosting the throughput in the

memory-bound setting. At batch size 128, Atom achieves a 1.8× speedup over INT8 quantization and 3.5×

over the FP16 baseline. Note that in Figure 6.10, we set up the evaluation configuration aligned with the

Llama-7b config and 1024 sequence length. Kernels are evaluated by NVBench [203].

End-to-end evaluation:

Serving setup.

We integrate Atom into Punica, an LLM serving framework [47], to evaluate the performance in the end-

to-end scenario. We also integrate W8A8 and W4A16 quantizations following previous works [281; 169] as

baselines. To generate a representative workload, we use ShareGPT [117] to collect the distribution of prefill

and decode request length. We treat multi-round conversations as requests from multiple users. Specifically,

we concatenate all previous prompts and responses and use them as the prompt for the new user request.

We vary the batch size from 8 to 256, which represents the practical range in LLM serving2. All requests

are served in a First-Come-First-Served manner. When a request is finished, we re-fill the on-the-fly batch

with a new request following continous batching as introduced in Orca [295]. Due to GPU memory limits,

we only show the exact results on small batch sizes. When the memory requirement cannot be satisfied,

we simulate the performance by reusing the KV-caches from a smaller batch size while preserving the data

access pattern and amount of computation.

End-to-end throughput. We show the end-to-end throughput, i.e., generated tokens per second, in

Figure 6.11. Solid lines represent exact evaluation results, while dashed lines represent our simulated results

for the cases that exceed our GPU’s memory capacity. As Figure 6.11 shows, Atom outperforms other

quantization methods on all batch sizes. If we fix the available memory as shown in Figure 6.11, Atom can

2With quantization, pipelining, and tensor parallelism to amortize weights, it is practical to deploy a 180B model with a 256
batch size in the serving scenario [209].
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Figure 6.11: End-to-end evaluation of Atom.

achieve larger batch sizes so that its throughput further surpasses all baselines while still meeting the latency

target. Atom achieves 7.73× throughput compared to the FP16 baseline and 2.53× throughput compared

to INT8 quantization using the same amount of memory. In contrast, weight-only quantization is bounded

by FP16 computation capacity in dense layers and large memory movement of the KV-cache in the self-

attention layer. Note in Figure 6.11, solid lines are exact measurements, while dashed lines are estimations

due to the limited memory capacity. (a) The number of generated tokens per second. (b) Average decode

latency per token. Atom surpasses all other quantization methods for both throughput and latency. (c)

Performance evaluated under a fixed amount of GPU memory. Note that Atom boosts the throughput by

2.5× more than W8A8 since it enables a larger batch size, which utilizes the batching effect.

End-to-end latency. We measure the latency as the average decoding time of each token, without

considering the queuing time. Atom significantly outperforms other quantization methods on every batch

size. When we achieve the highest practical performance at batch size 64, our latency is lower than INT8 or

FP16 implementations, even under batch size 8. Notably, even at batch size 256, our latency is still lower

than 100 ms, which has been shown to be the effective reading speed of human eyes by a prior study [254].

Ablation study of quantization techniques

In this subsection, we comprehensively evaluate the effectiveness of quantization techniques used in Atom,

in terms of both accuracy and efficiency, to better illustrate our design choices and the trade-off between

accuracy and efficiency.
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Table 6.3: Ablation study on different quantization techniques used in Atom. The model used in this table
is Llama-7B.

Quantization method WikiText2 PPL↓

FP16 baseline 5.68

W4A4 RTN 2315.52
+ Keeping 128 outliers in FP16 11.34 (2304.2↓)
+ Quantizing outliers to INT8 11.39 (0.05↑)
+ Group size 128 6.22 (5.17↓)
+ Clipping 6.13 (0.09↓)
+ GPTQ 6.04 (0.09↓)
+ Quantizing KV-cache to INT4 6.16 (0.12↑)

Ablation study to evaluate accuracy

We examine the accuracy gain or loss of different quantization techniques used in Atom. We first use

RTN and adopt per-channel quantization for weights and per-token quantization for activations, which is

the standard quantization recipe [281], to quantize the model to W4A4. We then apply other quantization

techniques used in Atom, i.e., mixed-precision, quantizing outliers, group quantization, clipping, GPTQ, and

KV-cache quantization, and examine the perplexity case by case. As shown in Table 6.3, keeping outlier

channels in FP16 significantly reduces the perplexity. Further quantizing outliers into INT8 only results

in a very minor 0.05 perplexity increase, which indicates mixed precision effectively addresses the outlier

issue. Besides, fine-grained group quantization brings another major perplexity reduction. Furthermore,

using clipping and GPTQ lowers perplexity by 0.09 each. After all, quantizing KV-cache results in a slight

0.12 perplexity increase, which echoes our finding in Section 6.4.

Ablation study to evaluate efficiency

We then showcase the GEMM kernel throughput with different fused quantization techniques3. A pure

INT4 GEMM implementation without any quantization operation achieves nearly 980 TOPS. Fusion of

mixed precision, which keeps 128 channel calculations in INT8 Tensor Cores, leads to 8% overhead, with

900 TOPS throughput. Fine-grained group quantization contributes to the major overhead since it deeply

affects the compute pipeline. The fusion of group dequantization decreases the performance to 770 TOPS.

3Kernel performance is profiled by NVBench [203] with the Llama-7b config and a batch size of 4096 on RTX 4090.
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Table 6.4: WikiText2 perplexity for Llama-2 and Mixtral.

Llama2 Mixtral
# Bits Method

7B 13B 70B 8x7B
FP16 - 5.47 4.88 3.32 3.84

SmoothQuant 83.12 35.88 - -
OmniQuant 14.61 12.3 - -
Atom (INT) 6.03 5.27 3.68 4.41W4A4

Atom (FP) 6.14 5.35 3.78 4.50

However, the fused GEMM kernel still outperforms the theoretical limit of INT8 throughput by nearly 18%.

Besides, to demonstrate the efficiency of channel reordering, we also conduct an ablation study on Atom

and baseline. The baseline is implemented following the previous work [65], with matrix decomposition for

mixed precision quantization. At the same time, Atom fuses quantization operators, including reordering

and quantization, into existing operators. We evaluate batch sizes from 16 to 256 and measure the inference

latency of a layer norm and a GEMM operation. Results show that Atom consistently outperforms the

baseline from 25% to 35%.

6.6 Discussion

With innovations of model architectures like Mixture of Experts (MoE) [127; 58], State Space Models

(SSMs) [92; 91], and evolvement of hardware accelerators (e.g., NVIDIA Blackwell GPU [204]), it’s im-

portant that Atom can be used for new models and hardware. In this section, we provide evaluations on

more LLMs and data formats.

Generality on models. Atom’s main techniques to achieve high accuracy are mixed precision for out-

liers and fine-grained quantization for normal values. We empirically find these are generalizable to newer

transformer-based LLMs. In Table 6.4, we show the perplexity results of two relatively new LLMs, Llama-2

[252] and Mixtral [127]. To generalize on MoE models, Atom only needs to adapt to using different reorder

indices for different experts’ FFN4. As Table 6.4 shows, Atom still outperforms baselines and maintains

high accuracy.

4In practice, we find that accuracy is similar when Atom share reorder indices across all experts in an MoE layer. Therefore, we
use shared indices for efficiency consideration.
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Generality on data formats. With the support for emerging data formats such as FP4 and MX [175;

226] on new hardware, we also evaluate the effectiveness of Atom in FP4. As shown in Table 6.4, Atom

maintains a similar accuracy to INT4 when quantizing both weights and activations into FP4. We conclude

that the representation capability between INT4 and FP4 is similar. Additionally, group quantization with

the MX format is supported by NVIDIA Blackwell GPUs. We expect this hardware feature can mitigate the

group quantization overhead of Atom as described in § 6.5.

6.7 Related Work

LLM serving. Various works have been explored to improve LLM serving throughput. [215] investigated

the batching effect when scaling up LLMs. Orca [295] proposed continuous batching to improve GPU

utilization by refilling the on-the-fly batch. vLLM [157] utilized page tables to manage KV-cache, which

significantly increases GPU memory utilization. FlexGen [237] proposed an offload mechanism to support

larger batches for high serving throughput. However, unlike prior works, in this paper, we delve deep into

the intersection between quantization and LLM serving.

Weight-only quantization. For LLMs, weight matrices lead to large memory movement, limiting de-

code efficiency. Weight-only quantization uses low-bit precision to approximate weight matrices. For in-

stance, GPTQ [76] used 4-bit to quantize the weight based on the approximate second-order information.

AWQ [169] further advanced accuracy by preserving salient weights. SqueezeLLM [145] handled outliers

through non-uniform quantization and used a sparse format to keep outliers and sensitive weights at high

precision. QuiP [42] successfully represented weights using 2-bit by an adaptive rounding method. Nonethe-

less, in the LLM serving scenario, the overhead of loading the weight matrix is amortized due to batching.

Thus, the dense layer becomes compute-bound, while weight-only quantization fails to use efficient low-bit

hardware to deliver ideal throughput.

Weight-activation quantization. Weight-activation quantization quantizes both the weight and acti-

vation matrices, which is considered more challenging due to the outlier phenomenon of the activation.

LLM.INT8 [65] proposed mixed precision to preserve outlier values in activation matrices. [281; 232;

289; 272] used mathematical equivalent transformations to manage activation outliers. RPTQ [297] rear-

ranges the channels to reduce the variance within one quantization group, further enhancing the accuracy.
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Some works [172; 277] used low-rank matrices to compensate for quantization error. Others [93; 318] used

algorithm and architecture co-design to accommodate outliers. However, these approaches either suffer sig-

nificant accuracy loss at extremely low-bit precision or lack practical hardware support. In this work, our

method achieves notable accuracy with low-bit representation and ensures practical speedup.

6.8 Summary

We presented Atom, a low-bit quantization method that leverages the underlying hardware efficiently to

achieve both high accuracy and high throughput for LLM serving. We use mixed-precision quantization with

reordering, fine-grained group quantization, dynamic quantization, and KV-cache quantization to preserve

accuracy while fully exploiting emerging low-bit hardware support. We integrate Atom into an end-to-end

serving framework, achieving up to 7.73× throughput enhancement compared to the FP16 baseline as well

as maintaining less than 1.4% zero-shot accuracy loss.

Remarks on Author Contributions

My major contributions are as follow:

• Brainstormed and discussed the quantization algorithm design with Yilong.

• Implemented advanced quantization techniques including clipping, FP quantization, and GPTQ into

Atom.

• Implemented Atom quantization for newer LLMs and MoEs such as Llama2 and Mixtral.

• Led the accuracy evaluations.

• Co-led the structuring and writing of the paper
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Chapter 7

Palu: Compressing KV-Cache with

Low-Rank Projection

Remarks on Chapter Material

The content of this chapter is adapted from the following paper (* indicates equal contributions):

• Chi-Chih Chang*, Wei-Cheng Lin*, Chien-Yu Lin*, and Chong-Yan Chen, Yu-Fang Hu, Pei-Shuo

Wang, Ning-Chi Huang, Luis Ceze, Mohamed S. Abdelfattah, Kai-Chiang Wu, "Palu: Compress-

ing KV-Cache with Low-Rank Projection", In Proceedings of International Conference on Learning

Representations (ICLR), 2025.

7.1 Introduction

Large language models (LLMs) have propelled AI into new applications and capabilities, providing a high-

level intelligence that previous machine learning (ML) models could not achieve. To speed up inference,

caching the Key-Value states (KV-cache) in memory is a simple yet effective technique. However, the size

of the KV-cache can grow rapidly, straining memory capacity and bandwidth especially with long context

lengths [79]; further, the memory-bounded nature of the decoding stage limits inference speed when loading

KV-cache data [88]. Therefore, KV-cache compression has become a central research topic for running

LLMs efficiently.

141



Although emerging attention mechanisms such as Multi-Query Attention (MQA) [235], Group-Query

Attention (GQA) [18] and Multi-head Latent Attention (MLA) [61] can reduce KV-Cache size, it either

requires model pre-training or has a significant impact on model’s accuracy when converting from traditional

Multi-Head Attention (MHA) [49]. In contrast, post-training KV-cache compression techniques offer an

alternative approach to advance efficiency for existing models. Among various KV-cache compression

methods, quantization [178; 107] and token eviction [308; 282] stand out as effective strategies to reduce

the memory footprint of KV-cache.

Quantization methods aim to reduce the bit-width used to represent each piece of data, while token

eviction techniques focus on retaining a partial set of KV-cache. However, both methods neglect the hidden

dimensions of the KV-Cache, where substantial redundancy often resides. To capitalize on this untapped

potential, we introduce Palu, a post-training KV-cache compression framework that leverages low-rank

projection to reduce the hidden dimension of KV tensors, offering an additional and orthogonal compression

dimension to existing quantization and token eviction methods.

A naive way to utilize low-rank projection for compressing the KV-cache is by directly mapping cached

matrices into low-rank space [137; 311]. However, this approach imposes an unacceptably heavy overhead

of computing the decomposition matrices during runtime. To avoid this, Palu statically decomposes the Key

and Value-projection weight matrices and caches the latent representations of the low-rank decomposition

(see Fig. 7.1). This innovative design enables Palu to reduce memory while mitigating the runtime overhead

of KV-cache low-rank decomposition.

In designing an effective decomposition strategy for attention modules with multiple attention heads,

we observed a clear trade-off between accuracy and reconstruction overhead. Decomposing the projection

matrices across all attention heads together improves accuracy by preserving global information, but this

approach significantly increases reconstruction costs. On the other hand, decomposing each head separately

reduces reconstruction overhead but leads to a higher loss in accuracy. To address this, Palu introduces a

medium-grained, group-head low-rank decomposition that strikes a balance between accuracy and recon-

struction efficiency.

For LLMs, each linear projection module has a different sensitivity to compression [234; 298]. To

exploit the sensitivity and improve accuracy, we design an efficient rank search algorithm based on Fisher

142



A B

WX

H

Y

Original KV

Decompose
(Offline)

Cache H instead of Y

Figure 7.1: Palu’s low-rank projection method for KV-cache reduction. A weight matrix W of linear
projection is decomposed into two low-rank matrices. Input X is down-projected to latent representation H,
which is cached. Y can be reconstructed from H using the up-projection matrix B.

information [181; 174]. Our algorithm automatically assigns a higher rank for important matrices and lower

ranks for less critical ones, boosting accuracy at the same overall KV-cache compression rate.

In addition to its low-rank decomposition, Palu is compatible with quantization techniques. We found

that low-rank decomposition can introduce severe outliers in the latent representation, which significantly

hinders accurate low-bit quantization. Although the Hadamard transformation has been shown to be effec-

tive for outlier elimination in recent studies [256; 27; 179; 53], its integration often introduces computational

overhead during runtime. However, Palu’s inherent matrix pair structure makes it highly compatible with

this technique, allowing the transformation matrices to be seamlessly fused into the forward and backward

matrices, effectively mitigating outliers without impacting runtime efficiency.

We evaluate Palu on widely used LLMs and benchmarks. Our experiments demonstrate that Palu main-

tains strong zero-shot accuracy and perplexity with up to 50% low-rank compression. Moreover, when

combining low-rank compression with quantization, Palu achieves an impressive over 91.25% compression

(11.4× reduction) and yields a significantly lower perplexity of 1.19 than KVQuant [107], a state-of-the-art

KV-cache quantization method, which only achieves an 87.5% compression rate.

For latency evaluation, under a 50% KV-cache compression rate without quantization, Palu demonstrates

up to 1.89× and 2.2× speedup for RoPE-based and non-RoPE attention modules. When integrated with

quantization, Palu achieves up to 2.91× and 6.17× acceleration on RoPE-based and non-RoPE attention,

respectively. These results underscore Palu’s ability to significantly reduce KV-cache memory footprint

while boosting inference efficiency for LLMs.
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Our key contributions include:

• Palu, a new post-training KV-cache compression framework that caches low-rank latent representa-

tions of Key and Value states.

• Group-head low-rank decomposition (G-LRD), an optimization for balancing accuracy and recon-

struction efficiency.

• An automated rank search algorithm for adaptively assigning ranks to each decomposed matrix, given

a target compression rate.

• A co-designed quantization compatibility optimization that eliminates low-rank-induced outliers and

imposes zero runtime overhead.

7.2 Background

Multi-Head Attention Mechanism

The multi-head attention (MHA) mechanism [258] is a core component of the transformer architecture.

Given a new input token x ∈ Rd, an MHA with n heads projects the input into multiple queries, keys, and

values using weight matrices Wq
i , Wk

i , and Wv
i , respectively, for each head i, as shown by

qi = xWq
i , ki = xWk

i , vi = xWv
i . (7.1)

Here, ki and vi represent the key and value at time step t for head i. We can then compute the attention

score for each head i and the corresponding attention output as

pt,i = Softmax
(
qiK

T
i√

dh

)
, ai = piVi, (7.2)

where Ki and Vi denote the concatenation of current and all previous keys and values corresponding to the

i-th head. The final MHA output is obtained by concatenating the outputs of all heads and then applying the

out-projection layer Wo, as shown by

MHA(x) =
h∑

i=1

aiW
o
i =

h∑
i=1

(piVi)W
o
i , (7.3)
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where Wo
i ∈ Rdh×d represents the submatrices of the out-projection matrix for each head i.

Singular Value Decomposition (SVD)

SVD [137] is a commonly used technique for computing the low-rank approximation for a given matrix.

SVD decomposes a given matrix W ∈ Rm×n into three matrices: W = UΣVT . Here, U and V are

orthogonal matrices containing the left and right singular vectors, respectively. The matrix Σ is a diagonal

matrix that consists of singular values. After decomposition, the low-rank approximation of W can be

described as

W ≈ AB, A = Ur

√
Σr, B =

√
ΣrV

T
r , (7.4)

where A ∈ Rm×r, B ∈ Rr×n, Σr ∈ Rr×r. Σr is a diagonal matrix containing the largest r singular values,

and Ur, VT
r are corresponding singular vectors truncated from U and VT . This truncation and subsequent

matrix formation let us approximate matrix W with two low-rank matrices A and B, thereby reducing the

storage by mr+rn
mn .

7.3 The Palu Framework

Compressing the KV-cache via Low-Rank Projection

A naïve approach to compress the KV-Cache with low-rank projection is to apply SVD directly on the KV-

Cache and store the top-r singular vectors. However, this approach poses significant computational overhead

during runtime that makes it impractical for deployments (see Appendix ??).

To apply low-rank projection more efficiently than directly decomposing the KV-cache during runtime,

Palu uses SVD to decompose the Key and Value projection matrices. This approach is based on the obser-

vation that low-rank decomposition rewrites the linear projection layer from y = xW into y = xAB.

Here, A ∈ Rd×r is the low-rank projection matrix, and B ∈ Rr×d is the reconstruction matrix derived

by SVD. The forward process first down-projects the input token x ∈ Rd into a low-dimensional latent
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Figure 7.2: Palu uses low-rank decomposition (W ≈ AB) to project the key (or value) to a lower-
dimensional latent representation (h), thereby reducing the size of the KV-cache. The original key (Kt)
is reconstructed on-the-fly with Bk, and Bv is fused into Wo to avoid reconstruction overhead. The fusion
also reduces the computational burden for output projection.

space h ∈ Rr and then up-projects it back to the original space:

h = Ax, y = Bh (7.5)

This two-step process lets Palu (1) store the lower dimension latent representation instead of the origin key

and value states, and (2) reconstruct them during decoding.

Integration with the Attention Mechanism and Offline Matrix Fusion

We now describe how Palu decomposes the key and value linear layers for the attention mechanism. For

each attention head i, Palu applies SVD and maps the key-projection matrix Wk
i and value-projection matrix

Wv
i into Ak

iB
k
i and Av

iB
v
i .

Based on the formula of attention output in Eq. 7.2, Palu absorbs the reconstruction matrix Bv
i into the

output projection matrix Wo
i offline:

aiW
o
i = (piVi)W

o
i = (piH

v
iB

v
i )W

o
i = piH

v
i (B

v
iW

o
i ) (7.6)

Such fusion lets Palu skip the explicit reconstruction of the full value vectors, reduce the number of

matrix multiplications, and improve efficiency. A similar approach applies for calculating attention scores.
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Matrix Bk
i can be fused into the query projection matrix Wq

i offline, as shown by

qiK
T
i = qi(H

k
iB

k
i )

T = xtW
q
i (B

k
i )

T (Hk
i )

T = xt

(
Wq

i (B
k
i )

T
)
(Hk

i )
T . (7.7)

Here, Bk
i ∈ Rr×dh and Wq

i ∈ Rd×dh , so the fused matrix (Wq
i (B

k
i )

T ) has size Rd×r. This fusion boosts

computational efficiency by reducing the matrix dimension during attention score calculation.

Compability with Positional Embedding

Recent LLMs, such as the Llama family, apply Rotary Positional Embedding (i.e., RoPE [243]) onto the

Query and Key states prior to their multiplication.

The non-linear nature of these positional embeddings prevents the matrix fusion of attention scores, as

outlined in Eq. 7.7. To address this, Palu dynamically reconstructs the keys from latent representations on

the fly. Specifically, Palu employs a custom GPU kernel that efficiently integrates key reconstruction, RoPE

application, and subsequent Query-Key multiplication into a single fused operation. By transferring only

the low-rank latent representations and performing reconstruction directly within GPU shared memory. By

doing so, Palu substantially reduces the off-chip memory footprint, optimizing the memory-bound LLM

decoding[299] process through a memory-computation trade-off. Detailed implementation specifics of this

kernel are provided in Appendix 7.4.

Note that for some positional embedding methods, such as ALiBi [216], positional embedding is not

directly applied to the Key states. Consequently, the fusion described in Eq. 7.7 remains valid. For these

non-RoPE attention modules, Palu achieves greater speedup compared to RoPE-based attention, as their

reconstruction can be avoided with matrix fusion.

Decomposition Granularity

Multi-Head Low-Rank Decomposition

We name the per-head decomposition scheme in Sec. 7.3 as multi-head low-rank decomposition (M-LRD).

We found M-LRD often causes a non-negligible accuracy degradation (discussed further in Sec. 7.4), pos-

sibly because SVD fails to capture the common information shared across heads. Therefore, alternative

approaches are needed to preserve model accuracy.
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Joint-Head Low-Rank Decomposition

An alternative approach is to jointly decompose weight matrices for all heads. By considering the combined

weight matrix Wjoint = [W1,W2, . . . ,Wn] ∈ Rd×(dh·nh), we can perform a single low-rank decompo-

sition Wjoint ≈ AjointBjoint, where Ajoint ∈ Rd×rjoint and Bjoint ∈ Rrjoint×(dh·nh). We call this scheme

joint-head low-rank decomposition (J-LRD).

J-LRD has the advantage of preserving the common principal components shared among different heads.

This occurs because SVD is particularly effective at capturing the dominant components when applied to a

larger, combined matrix, resulting in a more accurate approximation.

For J-LRD, the joint latent representation shared among all heads can be computed with hjoint = xAjoint.

During decoding, the original states for each head can be reconstructed via

[
y1, . . . ,yn

]
= hjointBjoint.

Despite better-preserving model accuracy, J-LRD introduces significant computational and memory

overhead during decoding. Specifically, the total number of floating point operations (FLOPs) to recon-

struct the Key or Value state of all heads now becomes L · rjoint · dh · n. Assuming the same size as the total

low-rank latent representations (i.e., rjoint =
∑n

i=1 ri), the total reconstruction cost is n times higher than

M-LRD, whose total FLOPs is L · ri · dh · n. When considering the matrix fusion in Sec. 7.3, the fused

matrix of J-LRD has a size of rjoint · d · n, which is also n times larger than M-LRD, leading to substantial

higher memory consumption.

Group-Head Low-Rank Decomposition

To balance the trade-off between accuracy and reconstruction cost, we propose group-head low-rank de-

composition (G-LRD). G-LRD decomposes the matrices for a group of heads together. With combined

weight matrices, it captures shared information within each group while limiting computational overhead

and preserving accuracy.

To illustrate the G-LRD process, consider the weight matrices for a group of s heads, Wgj =[
Wj,1 . . .Wj,s

]
, where Wgj ∈ Rd×(dh·s). We low-rank decompose Wgj ≈ AgjBgj , where Agj ∈ Rd×rg
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Figure 7.3: Performing decomposition at different granularities. Jointly decomposing multiple heads can
achieve higher accuracy. Assuming the same total size of the latent representations (i.e., 4 · ri = 2 · rg =
rjoint), the FLOPs for reconstruction overhead in joint-head decomposition schemes are 4 times larger than
those in multi-head ones.

and Bgj ∈ Rrg×(dh·s). The latent representation shared among attention heads in the same group can be

computed as hgj = xUgj . During decoding, the original key or value for each head can be reconstructed

via

[yj,1 . . .yj,s] = hgjBgj .

The FLOPs for reconstructing the keys and values for all heads in G-LRD is L · rg · dh · n. Comparing

the cost to J-LRD and assuming the same total rank size (rg ·ng = rjoint), G-LRD reduces the reconstruction

cost by ng. Similarly, G-LRD also reduces the fused matrix size by ng. To sum up, G-LRD offers a middle

ground between computation overhead and approximation accuracy. We illustrate M-LRD, J-LRD and G-

LRD in Fig. 7.3.

Automatic Rank Allocation

To allocate an ideal rank size to the decomposition target, it is crucial to accurately estimate the importance

of the target matrix (e.g., grouped weights). In Palu, we identify Fisher information [181; 174] as an

accurate approximator since it can quantify the amount of information for each parameter. We then employ
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(a) Low-Rank Key Cache (b) Low-Rank Key Cache (with Hadamard)

Hard to quantize Easy to quantize

Figure 7.4: Activation distribution of the low-rank key caches at the 4th Llama-2 attention layer.

the sum of Fisher information to estimate the importance of the weight matrix of each linear layer [10].

Assuming that the compression sensitivity is proportional to Fisher information, we determine the rank

for each weight matrix by computing the ratio of its Fisher information to the total Fisher information across

all decomposition targets. We use this ratio to allocate the compression rate (i.e., rank level r), ensuring that

more important layers retain higher rank levels.

Quantization Compatibility

We integrate quantization into Palu to compress the KV-cache further. We observe that low-rank compressed

latent representations have severe outliers, which limit quantization applicability in Palu. Unlike natural

outliers described in previous KV-cache quantization literature [178; 107], these outliers are induced by

SVD-based low-rank factorization.

Fig. 7.4 (a) shows the distribution of low-rank compressed key states from a layer of Llama-2 with

G-LRD. Repeating outlier patterns appear at the beginning of each decomposed group because SVD ar-

ranges larger eigenvalues in the initial rows or columns, resulting in rapidly descending values in the latent

representation. This pattern stretches the data distribution and hurts quantization accuracy.

Inspired by recent LLM quantization literature [27; 256], we apply the Walsh-Hadamard transform

(WHT) to eliminate outliers (Fig. 7.4 (b)), enabling a high quantization accuracy. However, this transfor-

mation introduces an extra matrix multiplication with associated runtime overhead. Unlike earlier methods

[27] that must apply online WHT when quantizing KV-cache, we optimize this process by integrating the

Hadamard matrix into low-rank decomposed weights with no additional compute overhead, as described by

W ≈ AB = (AR)(RTB) = ÂB̂, (7.8)
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where R is the Hadamard matrix. This optimization allows Palu to integrate the proposed low-rank compres-

sion technique with low-bit quantization. Our experiments show that, on top of the low-rank compression,

our quantization method only negligibly increases perplexity, even at extreme levels such as 3-bit or 2-bit

with a simple per-token quantization scheme (see Sec. 7.4).

7.4 Experiments

Experiments Setup

Models and Tasks. We evaluate Palu on four LLM families, Llama-2 [253], Llama-3 [71], Mistral [126]

and LongChat [163]. For accuracy evaluation, we measure perplexity on the WikiText-2 [187] and C4 [220]

datasets and use LM-Evaluation-Harness [82] to measure zero-shot accuracy on six common sense tasks.

We also evaluate long context accuracy on 16 tasks in LongBench [29]. Unless specification, we refer to

baseline as a model with non-compressed KV-cache. See Appendix ?? for further details on the dataset and

settings.

Compression Settings. We implemented Palu based on the Huggingface library [276]. Decomposition of

the Key and Value projection layers was performed using the truncation-aware SVD method proposed by

SVD-LLM [266]. Unless otherwise specified, Palu’s results are G-LRD with a group size of 4 (gs-4), with

equal rank size for each group. To calculate Fisher information in rank searching, we used 2048 random

samples from Wikitext-2, each with a sequence length of 1024. For quantization integration in Palu, we use

a simple per-token, asymmetric integer quantization. For evaluation on quantization results, we compare

Palu to advanced KV-cache quantization methods, including Atom [312], KVQaunt [107], and KIVI [178].

Refer to Sec. 7.5 for a brief summary of these methods.

GPU Kernels Implementation. We implemented a customized kernel for attention score with reconstruc-

tion in Triton [249] (See Appendix ??). For quantization integration, we implemented kernels in CUDA for

attention output and non-RoPE attention score, where matrix fusion can be applied (refer to Sec. 7.3 and

Fig. 7.2). Our low-precision kernel fuses the dequantization process and the follow-up multiplication with

low-rank compressed keys or values, enabling efficient processing on quantized latent KV-cache. When
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evaluating speedup with quantization, we compare to the non-compressed baseline and KIVI [178], which

we use their official code1 in our experiments.

Results with Different Decomposition Granularity

We evaluate perplexity and zero-shot accuracy of Palu with a 50% low-rank compression rate using M-

LRD, G-LRD, and J-LRD on Llama2-7B and Llama3-8B-Instruct, and present the results in Table 7.1.

Table 7.1: Perplexity and zero-shot accuracy of Palu at 50% compression rate.

Model Method
Perplexity ↓ Zero-Shot Accuracy (%) ↑
Wiki2 C4 OBQA Hella PIQA ARC-e ARC-c Wino Avg.

Llama2-7B

Baseline 5.47 7.26 44.20 76.00 78.07 76.30 46.42 69.30 65.05

J-LRD 5.62 7.75 45.40 75.57 77.48 75.97 45.31 69.22 64.82
G-LRD 6.01 9.82 43.60 73.39 76.33 73.02 42.57 66.77 62.61
M-LRD 6.75 12.01 39.60 65.35 74.76 67.17 35.24 64.64 57.79

Llama3-8B-Inst

Baseline 8.28 13.01 43.20 75.80 78.62 81.61 56.83 71.90 67.99

J-LRD 9.12 15.90 43.40 73.20 76.50 79.63 51.96 72.45 66.19
G-LRD 10.11 17.87 42.60 70.36 76.06 76.30 48.99 72.38 64.45
M-LRD 12.38 23.02 38.80 63.04 73.67 69.78 42.58 62.51 58.40

Perplexity Evaluation. As Table 7.1 shows, for the Llama2-7B model, Palu’s M-LRD method fails to

maintain a low perplexity at a 50% compression rate. In contrast, despite having a high recomputation cost,

J-LRD significantly outperforms M-LRD and achieves a 5.62 perplexity on WikiText-2.

For G-LRD, which still maintains a low computation cost, yields a 6.01 perplexity on Wikitext-2, show-

ing a great balance between model accuracy and compression overheads. The same trend is observed in the

Llama-3-8B model as well. More results Llama-2-13B can be found in Appendix ??.

Zero-shot Evaluation Results. Similar to the perplexity evaluation, the J-LRD method demonstrates the

best performance for the zero-shot accuracy on Llama-2-7B, with only a 0.23% average accuracy degrada-

tion. M-LRD method results in the lowest average performance, with a 7.26% drop in accuracy compared

1https://github.com/jy-yuan/KIVI
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to the baseline. In comparison, G-LRD only has a 2.4% average accuracy decline, offering a sweet spot

between model accuracy and compression overheads again.

Results of Quantization Integration

Table 7.2 showcases the impact of quantization on perplexity and KV-cache size when combined with Palu.

With 3-bit quantization, Palu incurs only a slight 0.08 and 0.23 perplexity increase at 30% and 50% low-

rank compression rate. These demonstrate a minimal accuracy trade-off for significant compression gains

compared to the 16-bit baseline. Notably, at 2-bit quantization, Palu decisively outperforms the state-of-the-

art KVQuant method, reducing perplexity by 1.19 and 0.54, while further slashing memory usage by 30%

and 50%. These results establish Palu with quantization as a superior KV-cache compression method.

Table 7.2: Quantization perplexity and KV-cache size for Llama2-7B on WikiText-2. For perplexity, se-
quence length is 4096. KV-cache size is demonstrated for 128K sequence length.

Method Bit PPL
KV-cache
Size (GB)

Comp.
Rate

Baseline 16 5.12 64.0 -

Palu-30% 16 5.25 44.8 30%
Palu-50% 16 5.63 32.0 50%

Atom 3 6.15 12.6 80.32%
KVQuant 3 5.35 12.0 81.25%
Palu-30% 3 5.33 8.4 86.87%
Palu-50% 3 5.77 6.0 90.63%

Atom 2 117.88 8.6 86.56%
KVQuant 2 6.95 8.0 87.50%
Palu-30% 2 5.76 5.6 91.25%
Palu-50% 2 6.41 4.0 93.75%

Evaluation on Long Context Datasets

To access Palu’s ability for long-context scenarios, we evaluate baseline, KIVI and Palu’s accuracy on

LongBench [29] Here, we evaluate the Mistral-7B and LongChat-7B models, which have up to 32K context

length. We report the average score for each task type separately, as well as the overall average across all
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Table 7.3: Experiment Results on LongBench: The average bit widths represent the total storage cost per
element in the compressed KV-cache, including the overhead of quantization parameters. These values are
calculated for each approach, assuming a context length of 10K.

Model Method
Avg. Comp. Multi- Single- Summa-

Few-Shot Code Synthetic Avg.
Bits Ratio QA QA rization

Mistral-7B-v0.2

Baseline 16 1.00x 29.63 36.43 28.10 66.71 54.16 44.87 42.54

Palu-30% 16 1.43x 29.83 36.52 27.48 65.70 55.16 37.92 41.55
Palu-50% 16 2.00x 26.92 35.33 26.01 64.04 44.54 16.88 36.23
KIVI-2 3.16 5.05x 28.81 35.07 27.60 66.45 54.47 40.28 41.45
Palu-30% (3 bits) 3.13 7.59x 29.48 36.40 27.20 65.73 53.19 34.74 40.77
Palu-50% (3 bits) 3.13 10.6x 26.73 32.72 25.73 63.25 44.43 18.57 35.71

LongChat-7B-v1.5

Baseline 16 1.00x 23.95 31.12 26.74 63.80 56.91 15.25 36.32

Palu-30% 16 1.43x 22.42 29.43 25.52 62.87 58.99 14.25 35.45
Palu-50% 16 2.00x 22.61 25.33 22.73 60.12 43.52 6.84 30.82
KIVI-2 3.16 5.06x 23.24 30.19 26.47 63.54 53.51 16.13 35.60
Palu-30% (3 bits) 3.13 7.59x 23.12 29.21 25.04 61.99 54.38 11.25 34.33
Palu-50% (3 bits) 3.13 10.6x 18.56 24.14 22.35 58.76 40.50 6.02 29.03

16 tasks. The results are shown in Table 7.3. We report the accuracy of KIVI using the configuration with a

group size of 32 and 128-element fp16 residual [178].

As Table 7.3 indicates, we find that at a 50% low-rank compression level, Palu is relatively difficult to

fully preserve accuracy. However, at a 30% compression level, Palu achieves only a minor average accuracy

drop (< 1%) compared to the baseline for both models. Furthermore, Palu can quantize the low-rank

latent KV-cache down to 3 bits, with less than 1% further accuracy degradation. Overall, Palu maintains a

strong 40.77% and 34.33% average accuracy for Mistral-7B and LongChat-7B, with an impressive 7.59x

compression ratio. Compared to KIVI [178], Palu achieves a similar accuracy, while having an additional

30% compression rate from low-rank. Notably, Palu does not require the complex grouped quantization

and mixed-precision techniques employed by KIVI, resulting in a high inference efficiency (see Sec. 7.4 for

details).

Latency Evaluation

In this section, we provide latency and speedup evaluation, using Llama-2-7b as the base model. We measure

decode latency on a single RTX 4090 GPU and compare Palu to the FP16 and KIVI-4-bit baselines. We

evaluate Palu’s latency at a 50% compression rate, where we set compression rates for key and value to
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75% and 25%, respectively. This allocation is based on our observations from the rank allocation results.

For the FP16 baseline, we use the default implementation from HuggingFace. For KIVI, we use the CUDA

kernels from its official repository. Due to the small memory capacity of RTX 4090 GPU, we adopt a 4-bit

quantization [77] for the weights of all linear layers. Our results are the average of 100 runs.

(a) Attention Module (w/ RoPE) (c) End-to-End Model (w/ RoPE) (d) End-to-End Model (w/o RoPE)(b) Attention Module (w/o RoPE)

6.17x

2.20x
1.89x

2.91x
2.59x

5.53x

Figure 7.5: Normalized speedup for both the attention module and end-to-end model decoding. Solid lines
represent exact measurements, while dashed lines indicate the FP16 baselines are out of memory, and the
speedups are compared to the estimated baseline’s latency.

Speedups of Attention Module and End-to-end Decoding.

Attention module speedup. We compare latency against standard attention without compression or quan-

tization and show the speedups of Palu and KIVI-4-bit in Fig. 7.5 (a) and (b) for RoPE-based and non-RoPE

attention. For RoPE-based attention, we applied our online reconstruction kernel for key and employed of-

fline fusion for value as described in Sec 7.3.

As shown in Fig. 7.5 (a), Palu has minimal to no speedup when the sequence length is short, e.g. 4K.

However, as sequence length increases, Palu delivers substantial performance gains. At 64K input length,

Palu achieves a 1.89× speedup over the FP16 baseline when using low-rank projection alone. By further

applying 4-bit quantization to the Value states, the speedup rises to 2.91× for the same 64K context length,

owing to our optimized low-precision kernel and reduced memory loading times. This performance notably

surpasses KIVI-4-bit, which only achieves a 1.89× speedup at 64K, hindered by the overheads of its fined-

grained group quantization. Notably, for RoPE-based attention, Palu-4-bit does not quantize key, as our

online reconstruction kernel only supports FP16 precision for now.

For non-RoPE attention, we apply matrix fusion to both the Key and Value states (Eq. 7.7), effectively

eliminating all reconstruction overhead. At a 64K sequence length with a 50% compression rate, Palu
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achieves a 2.20× speedup over the FP16 baseline. By further applying 4-bit quantization to both the Key

and Value states, Palu boosts the speedup to 6.17× for 64K input length. These results demonstrate that

combining low-rank compression and quantization significantly enhances inference efficiency, particularly

in long-context scenarios.

End-to-end speedup. We present the end-to-end speedups in Fig. 7.5 (c) and (d), measuring the decoding

latency of generating the next token at various input lengths. Similar to the attention performance results,

Palu shows minimal or no speedup for short sequences but delivers significant acceleration for longer se-

quences. Without quantization, Palu achieves up to 1.71× and 2.05× speedups for RoPE-based and non-

RoPE models, respectively. With a 50% compression rate, Palu runs up to 32K input length on an RTX

4090 GPU. By incorporating 4-bit quantization, Palu handles even longer sequences and delivers 2.59× and

5.53× end-to-end speedups at a 64K sequence length. Palu integrated with quantization provides a sub-

stantial speed advantage over KIVI-4-bit, which only reaches 1.78× and 1.81× speedups at 32K sequence

length for RoPE and non-RoPE scenarios, respectively, and is out-of-memory for longer sequences.

Kernel for RoPE-Based Attention Score

In this section, we evaluate the performance of our online reconstruction kernel for RoPE-based attention

scores. We measure latency from the pre-RoPE query vector to post-GEMV attention score, and compare

it with PyTorch’s GEMV, which is used in the baseline attention (see Fig. 7.2).

Figure 7.6: Speedup of Palu’s attention score kernel with online reconstruction.
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We present speedups for group size 1, 4, and 32 at different sequence lengths in Fig. 7.6. For gs-32

(J-LRD), the highest accuracy decomposition, the high reconstruction cost causes a significant slowdown

across all sequence lengths. For gs-1 (M-LRD), our kernel achieves up to a 3.56× speedup at sequence

length 16K, showing strong performance when moderate accuracy loss is acceptable. For gs-4 (G-LRD),

our kernel reaches up to 1.95× speedup. These results emphasize the need to explore various decomposition

granularities for better accuracy and speed tradeoffs.

We also observe that speedup decreases for sequence lengths beyond 16K due to rising reconstruction

costs, shifting the online reconstruction from memory- to compute-bound. A potential optimization is to

quantize the decomposed weight matrices further and leverage high-throughput, low-precision hardware

(e.g., INT4 Tensor Cores) for online reconstruction, which we leave for future work. Despite the speedup

drop at longer lengths, Palu’s overall attention speedup increases with longer input, thanks to matrix fusion

on the Value state and the reduced memory footprint.

7.5 Related Work

SVD for LLM Compression. Several works have explored using SVD to compress LLMs. An early ap-

proach [197] applied standard SVD to weight matrices, resulting in significant compression errors. FWSVD

[109] addressed this by using Fisher information to prioritize parameters, while ASVD [298] considered

activation outliers. SVD-LLM [266] further minimized compression loss for each singular value. Unlike

these methods, which compress model weights, Palu focuses on reducing KV-cache size.

KV-cache Quantization. Quantization is a widely used technique for compressing KV-cache. Atom [312]

applies simple per-token quantization, while WKVQuant [300] introduces a two-level scheme to enhance

accuracy. KIVI [178] uses per-channel and per-token quantization for Keys and Values, combined with ultra

fine-grained group quantization. KVQuant [107] employs a similar setup but incorporates non-uniform

quantization and sparse matrices to handle outliers. On top of these approaches, GEAR [139] adds a low-

rank matrix to compensate for quantization errors. In Palu, we leverage low-rank techniques to exploit

hidden dimension redundancy and achieve outstanding compression through simple per-token quantization.
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MLA. The recently released DeepSeek-V2 model [61] introduces the MLA mechanism, which reduces

KV-cache size by down-projecting Key and Value to a low-rank space and reconstructing them to full rank

at runtime. Although MLA may seem similar to Palu at a high level, particularly with J-LRD, our design

and derivation processes are fundamentally different. Unlike MLA, a new attention mechanism requiring

pre-training, Palu is specifically designed for post-training integration. Palu focuses on converting existing

models with MHA or GQA to support low-rank compressed KV-cache, preserving high accuracy while

enhancing inference efficiency.

7.6 Summary

We introduce Palu, a novel KV-cache compression framework that decomposes linear projection weight

matrices and caches the compressed latent representations. We propose various optimizations, including

group-head low-rank decomposition, automatic rank allocation algorithm, quantization compatibility en-

hancement, and customized kernels with operator fusion. With these optimizations, Palu can maintain

accuracy while achieving significant memory reduction and high inference speedup.

Remarks on Author Contributions

My major contributions are as follow:

• Brainstormed with Chi-Chih on the core ideas and co-designed the inference system and kernel with

Chi-Chih and Wei-Cheng.

• Co-led the project direction, transitioning the focus from LLM weight compression to KV-Cache

compression, and clearly differentiating our approach from Multi-Latent Attention (MLA) used in

DeepSeek-V2 and DeepSeek-V3.

• Led and co-authored the structuring and writing of the paper.

158



Chapter 8

Conclusion

This thesis addresses the critical challenges posed by the growing computational and memory demands of

modern machine learning workloads, including Convolutional Neural Networks (CNNs), Graph Neural Net-

works (GNNs), neural rendering (NeRFs), and Large Language Models (LLMs). By exploring two com-

plementary strategies, sampling and compression, I have developed innovative approaches together with

highly optimized system designs that significantly enhance efficiency. Sampling-based methods, such as

CacheSample, FastSR-NeRF, and TeleRAG, selectively focus computation to substantially reduce memory

and computational overhead. Concurrently, compression methods, including SPIN, Atom, and Palu, system-

atically minimize storage footprints and inference latency without sacrificing model performance. Together,

these strategies form a synergistic approach, providing robust solutions that enhance scalability, lower re-

source usage, and maintain high accuracy. Ultimately, this integrated methodology paves the way toward

broader accessibility and deployment of advanced AI systems.

Remark on Methodology. Although the works presented in this thesis employ a variety of techniques

and target diverse workloads, they share a common methodological pattern for problem-solving.

Each project typically begins with a strong empirical observation. For example, CacheSample was

motivated by the finding that GNNs can preserve accuracy even when a substantial number of edges are

randomly dropped. Similarly, TeleRAG was initiated from the observation that inputs to different stages of

RAG exhibit high similarity. This insight was further validated through analysis of IVF cluster hit rates

using real RAG pipelines and datasets.
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To uncover such observations, it is often necessary to re-implement or significantly modify open-source

codebases and run them at scale with large datasets. These explorations yield deep insights that naturally

point to promising solution directions.

However, another recurring theme across the projects in this thesis is that achieving real-world per-

formance benefits typically requires nontrivial system-level optimization. For instance, in CacheSample,

although sparsifying the input graph can theoretically reduce SpMM kernel time, naive edge sampling

methods often incur overheads that outweigh the kernel speedup. In Atom, while group quantization en-

ables accurate 4-bit inference for LLMs, practical inference would not be feasible without custom low-bit

GEMM kernels tailored to group-quantized weights and activations.

Therefore, our approach consistently incorporates system considerations from the earliest stages of de-

sign. We prioritize solutions that are not only effective in theory but also feasible to build in practice. In

many cases, implementing an algorithm efficiently presents challenges as intricate and innovative as the

algorithm design itself.

The experience gained from this body of work strongly supports the view that algorithm–system co-

design is essential to achieving machine learning workloads that are both accurate and accessible.

8.1 Future Work

This thesis presents effective sampling and compression techniques that enhance the efficiency of various

deep learning models. However, the pace of advancement in artificial intelligence continues to accelerate

rapidly. In this section, I outline my vision for future work aimed at further improving the efficiency of

emerging machine learning workloads.

Exploring Redundancy in Multi-Modality

A prominent trend in modern machine learning is the development of unified models capable of handling

multiple modalities. For instance, ChatGPT-4o demonstrates the ability to process and generate both text

and images using a single model architecture. More broadly, we observe a convergence where Transformer-

based models are increasingly applied beyond text, extending to images, videos, and audio. Similarly,

diffusion-based models, originally developed for image generation, are being adapted to support text and
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audio modalities.

These advancements, however, come at the cost of increased model complexity, larger parameter counts,

and greater training data requirements—barriers that confine the development and deployment of such mod-

els to a few organizations with vast computational resources.

Despite the inherent complexity of multi-modal tasks—especially in domains like video and audio gen-

eration—there remains substantial potential to uncover and exploit redundancy, both within and across

modalities. For example, video data naturally exhibits high temporal redundancy due to frame-to-frame

similarity, while audio often contains significant sparsity, such as silent intervals between spoken words.

Furthermore, cross-modal redundancy can also be leveraged; compact tensor representations may be shared

across text and image modalities, or the most informative representation from one modality can guide the

compression of others when multiple modalities are processed jointly.

As AI systems continue to evolve and tackle increasingly diverse and complex tasks, I believe that

identifying and harnessing both intra- and inter-modal redundancy will be essential for sustaining scalability

and democratizing access to advanced models. Efficient representation and compression strategies will play

a critical role in enabling the broader adoption of multi-modal AI across diverse applications and resource

settings.

Leveraging Hardware Advancements through Algorithm–System Co-Design

While much progress in AI has been driven by advances in model architectures, training methods, and data

quality, there has also been rapid innovation in hardware from both major corporations and startups. Recent

examples include group quantization support via the Microscaling format [226] on NVIDIA’s Blackwell

GPUs [204], high-speed chip-to-chip communication using silicon photonics in the upcoming Rubin archi-

tecture [273], wafer-scale chips from Cerebras [15], and fully on-chip inference with Groq’s LPU [119].

To fully realize the potential of future large-scale models, it is essential to co-design algorithms and sys-

tems that exploit these hardware advancements. Efficient AI will require utilizing every part of the chip—not

only as intended, but also in novel ways that repurpose existing components. For instance, rasterization units

originally designed for 3D graphics have been used to accelerate neural rendering [50], while ray tracing

cores have shown promise in supporting vector similarity search [177].
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As models grow in scale and complexity, staying attuned to new hardware capabilities—and creatively

mapping workloads to them—will be key to pushing the boundaries of performance and efficiency. Beyond

merely adapting algorithms to hardware, a critical research direction is to re-architect models to better align

with hardware strengths. I believe that deep, hardware-aware algorithm–system co-design will be central to

enabling scalable, efficient, and accessible multi-modal AI in the future.

Enhancing Robustness for Efficient Methods

A commonly overlooked aspect of efficiency-focused methods is their robustness to failures and adversarial

attacks. Since many efficient techniques work by eliminating redundancy, they may inadvertently reduce a

model’s ability to tolerate noise, faults, or unexpected inputs. Yet as we increasingly rely on these techniques

to support large-scale models—especially in the context of limited global energy resources—robustness

becomes even more critical.

In the future, large models may operate almost entirely on efficiency-driven designs. In such settings, a

single point of failure could not only disrupt service but also lead to significant resource waste at the data

center level. Ensuring robustness in these systems is therefore not just a matter of reliability, but also of

sustainability.

Looking ahead, I plan to explore how robustness and efficiency can be jointly optimized. This includes

identifying vulnerabilities introduced by compression or sampling techniques, and developing lightweight

mechanisms that enhance fault tolerance without negating the efficiency gains.
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