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Generative AI (GenAI) workloads have rapidly become the predominant data center GPU

workload. However, designing efficient GPU kernels for GenAI presents significant challenges

due to two central factors: (1) GenAI workloads are intrinsically dynamic—featuring variable

sequence lengths and irregular sparsity patterns—and (2) they evolve at a rapid pace, with

shifting model architectures and changing deployment requirements.

This dissertation addresses these challenges through a co-design approach spanning both

compiler and runtime layers, presenting two complementary systems that collectively enable

efficient GenAI acceleration.

SparseTIR is a tensor compiler specifically designed for sparse deep learning workloads.

While sparsity is pervasive in GenAI models, developing high-performance sparse GPU

kernels remains difficult due to heterogeneous sparsity patterns and their unique optimiza-

tion requirements. SparseTIR introduces composable abstractions for both data formats

and scheduling transformations, enabling complex optimization strategies with significantly

reduced code complexity. It achieves performance competitive with hand-optimized libraries

while improving modularity and developer productivity.

FlashInfer is a fast and adaptable attention engine tailored for large language model

(LLM) inference. As attention increasingly dominates computational costs in modern GenAI

models, scalable and customizable GPU kernels become essential. FlashInfer supports



block-sparse KV-cache layouts, Just-In-Time (JIT) compilation of parameterized attention

templates, and dynamic load-balancing mechanisms compatible with CUDA Graphs. Building

on this foundation, we are developing megakernels for low-latency inference and multiplexing

inference scenarios. As an open-source project, FlashInfer has pioneered LLM inference kernel

development, being among the first to explore techniques like split-KV, GQA packing, and

cascade inference. It has been deployed at scale in production environments and fostered a

vibrant community across academia and industry.

These systems form a cohesive framework for accelerating GenAI workloads through

integrated compiler-runtime co-design. They demonstrate how principled systems approaches

can achieve both high performance and adaptability in response to rapidly evolving machine

learning demands, providing a foundation for future GenAI system development.
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Chapter 1

INTRODUCTION

1.1 GenAI’s Systems Gap

Transformer-based LLMs, Image and Video Generation models have turned generative AI

(GenAI) into the dominant data-center workload. Yet GPUs rarely reach its theoretical

throughput on GenAI because the software stack they inherit–dense, static, monolithic–clashes

with three realities:

• Irregular structure. Pruning, mixture-of-experts (MoE) gating, long-context atten-

tion masks, and graph inputs introduce pervasive irregularity and sparsity. Meanwhile,

hardware evolution trends toward increasingly dense tensor cores and bulk memory

operations, creating a fundamental mismatch that challenges software stacks to develop

efficient sparse kernels.

• Runtime dynamism. Inference workloads exhibit unpredictable variability through

fluctuating batch sizes, dynamic sequence lengths, continuously evolving KV-cache

layouts, and distinct operational phases (prefill, decode, and append) that dramatically

alter computational patterns at runtime.

• Fast evolution. Novel attention mechanisms, KV-cache compression techniques, and

emerging inference strategies like speculative decoding emerge at a pace that consistently

outstrips vendor library development and performance optimization cycles.

Bridging this gap requires a fundamental rethinking that integrates both compiler and

runtime layers, rather than relying on isolated optimizations. This dissertation presents such

a co-design through two systems: SparseTIR and FlashInfer.
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Tensor Compiler: SparseTIR. SparseTIR replaces “single-format, single-shot” sparse

compilers with a multi-stage IR in which formats (e.g. CSR, BSR, ELL) and schedules (tiling,

fusion, tensorization) are first-class, independently composable objects. This composability

enables developers to decompose sparse matrices into hierarchical structures–blocks, bands,

or hybrid layouts–and systematically explore the joint format-schedule design space to

maximize hardware utilization. By leveraging a loop-level IR compatible with TVM in stage

III, SparseTIR seamlessly integrates mature optimization techniques such as tensor-core

tensorization and horizontal fusion with minimal adaptation.

For the diverse sparsity patterns in deep learning workloads, SparseTIR introduces a novel

composable format approach that combines multiple hardware-friendly sparse representations

to capture the original sparse pattern. This approach then applies composable transformations

tailored to each specific format, systematically optimizing performance through format-aware

scheduling.

In extensive evaluations, SparseTIR-generated CUDA kernels outperform vendor libraries

by 1.20–2.34× for GNN operators, 1.05–2.98× for sparse attention, and up to 7.45× for sparse

convolutions. End-to-end benchmarks demonstrate acceleration of GraphSAGE training by

up to 1.52× and RGCN inference by up to 40×–all while reducing the volume of hand-written

kernel code by an order of magnitude.

Kernel and System Co-Design: FlashInfer While compilers significantly accelerate

GPU kernel development, they often fall short of optimal performance for critical use cases–

a gap that remains unacceptable for industrial adoption. This performance deficit stems

from either compilers lacking support for cutting-edge hardware features or intermediate

representations that cannot adequately express advanced kernel optimizations. In our second

work, we deliberately step back from fully automatic approaches to explore a more balanced

methodology that sacrifices some automation for greater developer flexibility. This approach

enables us to generate high-performance kernels specifically for scenarios where existing

compilers prove inadequate.
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Attention dominates inference latency but must navigate a complex landscape of cache

formats, masking rules, and precision modes. FlashInfer approaches attention with the same

principled abstraction that BLAS provides for GEMM: a unified template with specialized

implementations. It introduces a flexible block-sparse KV abstraction, dynamically generates

optimized CUDA kernels just-in-time, and intelligently schedules computation tiles across

streaming multiprocessors to minimize tail latency.

Drawing inspiration from the Inspector-Executor paradigm in high-performance computing,

FlashInfer analyzes sequence length information before each generation step to develop optimal

tile-scheduling strategies for each streaming multiprocessor. This approach ensures balanced

workloads and maximizes GPU hardware utilization throughout the inference process.

FlashInfer has been successfully integrated into leading LLM serving frameworks including

SGLang, vLLM, and MLC-Engine. Extensive evaluations at both kernel and end-to-end

levels demonstrate FlashInfer’s substantial performance improvements across diverse inference

scenarios: compared to state-of-the-art LLM serving solutions, FlashInfer delivers 29-69%

reduction in inter-token latency versus compiler backends on standard LLM serving bench-

marks, 28-30% latency reduction for long-context inference, and 13-17% speedup for LLM

serving with parallel generation.

1.2 Contributions

This section outlines the key contributions of this dissertation, which builds upon our published

research on SparseTIR [183] and FlashInfer [182].

The primary contributions of this dissertation are:

1. SparseTIR: A novel framework featuring composable format and transformation

abstractions that significantly simplifies the development of efficient sparse GPU kernels,

enabling rapid creation and optimization of new sparse operators.

2. FlashInfer: A high-performance, open-source attention engine with just-in-time com-

pilation that unifies diverse KV-cache layouts and supports emerging attention variants,
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delivering exceptional performance for LLM inference workloads.

3. An integrated open-source ecosystem that fosters collaboration between LLM inference

engine developers and kernel/compiler specialists, creating virtuous feedback loops that

accelerate innovation and performance optimization.
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Chapter 2

BACKGROUND

This chapter provides an background introduction across the key areas addressed in this

dissertation: sparse tensor computation, attention mechanisms for large language models,

and systems for efficient deep learning inference.

2.1 Sparse Tensor Computation

Sparse tensor computation plays a crucial role in modern machine learning systems, where

efficiency is paramount due to the scale of operations. Sparse tensors–data structures where

the majority of elements are zero–are ubiquitous in deep learning applications, from natural

language processing to computer vision and graph neural networks. Sparsity arises naturally

in many domains: adjacency matrices of large graphs are typically sparse, attention matrices

often exhibit structured sparsity patterns, and model weights can be pruned to induce sparsity

while maintaining accuracy.

Traditional dense tensor operations waste computational resources and memory bandwidth

when operating on sparse data. Specialized sparse formats and algorithms address this

inefficiency by storing and computing only with non-zero elements. Common sparse matrix

formats include Compressed Sparse Row (CSR), Compressed Sparse Column (CSC), and

Coordinate Format (COO). These formats eliminate the need to store zero elements, reducing

memory requirements and potentially accelerating computation.

More advanced sparse formats like Block Compressed Sparse Row (BSR) [1] group non-zero

elements into contiguous blocks, enabling better hardware utilization on modern accelerators

such as GPUs. BSR improves register reuse efficiency and demonstrates better compatibility

with hardware matrix multiplication units. The efficiency of BSR is particularly evident when
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subcomputations align with hardware matrix multiplication instructions, such as NVIDIA’s

tensor core operations.

Recent research has shown that efficient utilization of tensor cores can be achieved with

smaller block sizes, such as (16,1) for matrix multiplication, challenging the traditional

approach of using large block sizes. These vector-sparse formats are particularly beneficial

for applications with fine-grained sparsity patterns, offering greater flexibility and efficiency.

2.2 Machine Learning Compilers

Machine learning compilers have emerged as essential tools for bridging the gap between

high-level model descriptions and efficient hardware execution. Unlike traditional compilers

that optimize general-purpose code, ML compilers specialize in translating tensor operations

into optimized kernels for specific hardware targets. These compilers typically employ a

multi-level intermediate representation (IR) that progressively lowers high-level operations

into hardware-specific instructions.

Pioneering frameworks like TVM [25, 26], MLIR [85], and XLA [43] have established the

standard approach of using domain-specific IRs to represent and optimize tensor computations.

These systems typically separate the computation description (what to compute) from schedul-

ing directives (how to compute it), allowing for systematic exploration of implementation

strategies without changing the algorithm specification.

The scheduling process involves applying transformations such as tiling, fusion, vectoriza-

tion, and parallelization to optimize memory access patterns and computational throughput.

For dense computations, these techniques have proven highly effective, often generating code

that rivals or exceeds hand-tuned libraries. However, extending these capabilities to sparse

computations presents unique challenges.

2.2.1 Sparse Tensor Compilers

Sparse tensor compilers aim to automate the generation of efficient code for sparse operations,

but face several distinctive challenges not present in dense compilation:
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• Format complexity: Different sparse formats (CSR, COO, BSR, etc.) require

specialized access patterns and algorithms, creating a combinatorial explosion of imple-

mentation variants.

• Irregular memory access: Indirect memory accesses through index arrays complicate

prefetching, caching, and vectorization strategies.

• Load imbalance: The non-uniform distribution of non-zero elements can lead to

workload imbalance across parallel processing units.

• Format-schedule coupling: The optimal execution schedule often depends heavily

on the specific sparse format being used, limiting the reuse of optimization strategies.

Existing approaches to sparse compilation, such as the Sparse Tensor Algebra Compiler

(TACO) [81], MLIR’s sparse tensor support [12], and COMET [157], have made significant

progress but typically handle only a limited set of formats or require format-specific schedule

implementations. This leads to increased development effort when supporting new formats or

combinations of formats.

2.2.2 SparseTIR: A Novel Approach to Sparse Compilation

SparseTIR [183] addresses these limitations through a fundamental redesign of the sparse

compilation approach. Instead of treating formats and schedules as tightly coupled enti-

ties, SparseTIR introduces a multi-stage IR where formats and schedules are first-class,

independently composable objects. This composability enables several key innovations:

• Format composition: SparseTIR allows decomposing sparse matrices into hierarchical

structures–blocks, bands, or hybrid layouts–that better match both the natural sparsity

pattern of the data and the capabilities of the target hardware.
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• Format-schedule decoupling: By separating format specification from scheduling

directives, SparseTIR enables systematic exploration of the joint format-schedule design

space without requiring manual implementation of each combination.

• Hardware-friendly abstractions: SparseTIR’s architecture facilitates the integration

of advanced hardware features such as tensor cores through format-aware tensorization,

enabling sparse operations to leverage specialized hardware acceleration.

A key insight of SparseTIR is that no single format is optimal for all sparsity patterns.

Instead, by composing multiple hardware-friendly sparse representations (e.g., combining

BSR for dense blocks with vector-sparse formats for scattered elements), the system can

better capture the original sparse pattern while maximizing hardware utilization.

This approach has proven remarkably effective in practice. SparseTIR-generated CUDA

kernels consistently outperform vendor libraries across a range of applications, from graph

neural networks (1.20–2.34×) to sparse attention mechanisms (1.05–2.98×) and sparse

convolutions (up to 7.45×). Moreover, SparseTIR significantly reduces development effort by

eliminating the need for format-specific kernel implementations, enabling rapid exploration of

novel sparse operator designs.

The challenge in sparse tensor computation ultimately lies in balancing format flexi-

bility, computational efficiency, and ease of programming. This dissertation explores how

SparseTIR’s approach to sparse tensor computation can be applied to critical workloads

in generative AI, with particular focus on attention mechanisms in large language models,

where both structured and unstructured sparsity patterns can be exploited for significant

performance gains.

2.3 Attention Mechanisms and LLM Inference

Attention mechanisms have become the cornerstone of generative AI models, particularly in

large language models (LLMs). First introduced in the Transformer architecture by Vaswani

et al. [161], attention allows models to dynamically focus on relevant parts of the input
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when producing each element of the output. This capability has proven crucial for handling

long-range dependencies in sequential data.

At its core, attention computes weighted sums of value vectors, where the weights are

derived from the compatibility between query and key vectors. Formally, for a query vector

q, key vectors {ki}, and value vectors {vi}, the attention output is computed as:

Attention(q,K,V) =
∑
i

exp(q · ki/
√
dk)∑

j exp(q · kj/
√
dk)

vi (2.1)

where dk is the dimension of the key vectors. Multi-head attention extends this by

projecting queries, keys, and values into multiple representation subspaces and applying

attention in parallel, allowing the model to jointly attend to information from different

perspectives.

While attention is powerful, it presents significant computational challenges, particularly

for LLM inference. The computational complexity of naive attention implementation scales

quadratically with sequence length, making it prohibitively expensive for long contexts. Recent

innovations have addressed these challenges through algorithms like FlashAttention [39, 40,

141], which reduces memory bandwidth requirements by avoiding materialization of the full

attention matrix. Nevertheless, LLM inference introduces several specific challenges:

• KV-Cache Management: During autoregressive generation, previously computed

key and value vectors must be cached and reused, necessitating efficient memory

management strategies such as paged attention and radix trees.

• Input Dynamism: LLM serving encompasses diverse computation patterns, ranging

from full attention computation for context processing (prefill) to incremental attention

during token generation (decoding). Recent innovations such as speculative decoding

and prefix caching introduce a new phase called append, which computes cross-attention

between new tokens and the existing context in the KV-Cache. Each phase presents

distinct computational characteristics requiring tailored optimization strategies. Fur-
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thermore, sequence lengths typically vary across requests in a batch, necessitating

dynamic scheduling to achieve optimal hardware utilization.

• Attention Variants and Binary Size Explosion: The proliferation of attention

variants has led to an explosion in CUDA kernel implementations and binary size. Or-

ganizations seeking to accelerate proprietary models with custom attention mechanisms

often find no suitable library support, as their specific variants remain unimplemented.

Current tensor compilers fail to bridge this gap, unable to meet the performance

requirements of these specialized attention mechanisms.

FlashInfer [182], introduced in this dissertation, tackles these challenges through a princi-

pled abstraction approach similar to how BLAS provides for GEMM operations. It offers a

unified template with specialized implementations that addresses the complex landscape of

attention computation. Specifically, FlashInfer:

• Flexible KV-Cache Representation: Introduces a block-sparse KV abstraction that

efficiently handles various storage formats and sparsity patterns.

• Just-in-Time Optimization: Dynamically generates optimized CUDA kernels at

runtime to adapt to specific workload characteristics.

• Intelligent Workload Distribution: Schedules computation tiles across streaming

multiprocessors to minimize tail latency and maximize hardware utilization.

This approach enables FlashInfer to seamlessly support diverse attention variants, dynamic

sequence lengths, and evolving KV-cache layouts while maintaining high performance. By

bridging the gap between algorithmic innovations and hardware capabilities, FlashInfer

significantly improves the efficiency of attention computation in LLM inference systems.

Chapters 3 and 4 present the design and evaluation of SparseTIR and FlashInfer. The

material in these chapters builds upon my prior work: SparseTIR [183], published at ASPLOS

2023, and FlashInfer [182], published at MLSys 2025.
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Chapter 3

SPARSETIR

Sparsity is becoming ubiquitous in deep learning due to the application of deep learning

to graphs and the need for more efficient backbone models. Graph neural networks (GNNs)

[59, 78, 163] have made substantial progress in modeling relations in social networks, proteins,

point clouds, etc., using highly sparse matrices. Sparse transformers [10, 23, 32] reduce both

the time and space complexity of transformers [162] by making the attention mask sparse

using manually designed and moderately sparse matrices. Network Pruning [60, 83, 135]

prunes the network weight to sparse matrix to reduce model size, the pruned weights are

moderately sparse and stored in various formats depending on the pruning algorithm.

Existing vendor libraries, such as cuSPARSE [37], dgSPARSE [44], Sputnik [54] and

Intel MKL [166], support only a few sparse operators. As such, they fail to accelerate

rapidly evolving emerging workloads such as GNNs on heterogeneous graphs [70, 137, 168]

and hypergraphs [52]. Manually optimizing sparse operators can be difficult and tedious.

Sparse matrices are stored in compressed formats, and programmers must write manual

code to compress or decompress coordinates to access non-zero elements. Furthermore, the

compressed sparse formats vary, and operators designed for one format cannot generalize to

others. Therefore, we need a more scalable and efficient approach to developing optimized

sparse operators.

Sparse tensor compilers, such as MT1 [13] and TACO [80], greatly simplify the development

of sparse operators by decoupling format specification and format-agnostic computation

descriptions. However, applying sparse compilation to deep learning must overcome two

major challenges. First, modern deep learning workloads are quite diverse, making them hard

to fit into a single sparse format pattern provided by existing solutions. Second, hardware
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Figure 3.1: Format composability enables us to leverage multiple formats for different parts

in sparse pattern we face in deep learning, and maximize the use of underlying hardware

resources.

backends are evolving and becoming heterogeneous, making it hard for single-shot compilers

to keep up with the latest hardware and system advances.

Our key observation is that we can resolve all challenges by introducing two forms of

composability:

Format composability. We propose to go beyond the single format option provided by

most existing solutions to composable formats (Figure 3.1) that store different parts of a

sparse matrix in the different formats that best fit their local patterns. The compilation

process decomposes the original computations into sub-computation routines to enable efficient

executions on each local pattern that better match the characteristics of the corresponding

deep learning workloads.



13

Single

Format

Composable Formats

Tensor
Expression

Format

Annotation


Provenance

Graph

Target
Code

CSR

Single-Shot

Compilation


BSR(2) ELL(2)

0
0

Stage I

Coordinate-Space


Computation

(section 3.2)

Stage II

Position-Space
Computation

(section 3.3)

Stage III

Loop-based IR

(section 3.4)

Composable
Transformations

Stage I

Schedules


(section 3.2.2)

Schedules

Stage II

Schedules


(section 3.3.2)

CUDA/LLVM

code

Format
Decomposition

(section 3.2.1)


Sparse Iteration Lowering pass (section 3.3.1)
Sparse Buffer Lowering pass (section 3.4.1)
Program transformations
Target specific code generation (section 3.5)

Single-Shot

Sparse Compilers SparseTIR

Figure 3.2: Single-shot sparse compilers vs SparseTIR. The composable formats and compos-

able transformations enable us to create optimizations that fit into broader range of deep

learning workloads and leverage more advances in hardware backends.

Transformation composability. We reconfigure the single-shot sparse tensor program

compilation process into a composable set of program transformations. Additionally, we enable

a design that incorporates existing loop-level abstractions in dense tensor compilers. This

design lets us define our own transformations for sparse data while reusing hardware-specific

optimizations (such as tensorization and GPU mapping) from existing solutions, increasing

our overall efficiency to incorporate advances in hardware backends.

Combining both forms of composability, we propose SparseTIR, an abstraction that

generates efficient sparse operators for deep learning. Our contributions include the following.

• We propose an intermediate representation (IR) with composable formats and composable

transformations to accelerate sparse operators by decomposing formats and specifying

schedules.
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• We build a performance-tuning system that searches over the parameter space of possible

composable formats and composable transformations.

• We evaluate SparseTIR generated kernels on several important sparse deep learning

workloads.

SparseTIR offers consistent speedup for single operators relative to vendor libraries

on GPUs: 1.20-2.34x for GNN operators and 1.05-2.98x for sparse transformer operators.

SparseTIR also accelerates end-to-end GNNs by 1.08-1.52x for GraphSAGE [59] training and

by 4.20-40.18x for RGCN [137] inference, 0.56-7.45x for Sparse Convolution [35] operators.

3.1 System Overview

This section provides an overview of SparseTIR. Figure 3.2 summarizes our overall design

and compares it with existing approaches. The figure’s left side shows the design of most

existing sparse tensor compilers [139]. Their inputs are (1) tensor expressions, (2) format

annotations/specifications that allow only a single format for each matrix, and (3) user-defined

schedules. Schedules are applied to high-level IRs such as provenance graph, and then lowered

to target device code; we refer to such compilation flow as single-shot compilation. These

high-level IRs do not reflect low-level information such as loop structures, memory access

regions, and branches. However, optimizations such as tensorization1 requires loop-level AST

matching and replacement, which is not exposed in high-level IR. Though tensor compilers

such as Halide [125] and TVM [25] implement schedule primitives and code generation on

multiple backends, it is difficult to re-use these infrastructures in previous sparse compilers

because of the discrepancy of provenance graph and loop-level IR of existing tensor compilers.

SparseTIR builds on top of these previous approaches and introduces a design that enables

composable formats and composable transformations. It contains three IR stages. The first

stage presents computation in coordinate space, where we describe sparse tensor computations;

1We use this term to describe rewriting the program to use Matrix-Multiply Units such as Tensor Cores
in GPU and MXU in TPU.



15

like in previous work, we decouple format specification and computations. Unlike a single-shot

sparse compiler that accepts a single format for each sparse tensor, SparseTIR lets users

specify composable formats. The second stage characterizes computation in position space,

where the position refers to the index of non-zero elements in the compressed sparse data

structure. The concepts of “coordinates” and “positions” were first proposed in Vivienne et al.

[151] and then used in Senanayake et al. [139]. The last stage of SparseTIR is a loop-level IR

in existing tensor compilers, such as TVM [25], AKG [188] and the affine dialect in MLIR

[160]. We design two passes on the IR, namely, sparse iteration lowering and sparse buffer

lowering, to transform code from stage I to stage II and stage II to stage III, respectively.

Instead of single-shot compilation, all schedules in SparseTIR are performed as composable

program transformations (which do not change the stage of the IR) on the IR instantly. The

composable design lets user transform the IR step-by-step and stage-by-stage. To manipulate

the coordinate space computation in stage I IR, we can define new schedules as composable

transformations applied to the stage I (i.e., stage I schedules). For stages compatible with

target loop-level IR, we can apply schedules defined for backend tensor compilers (i.e., stage

II/III schedules). Notably, format decomposition can also be formulated as a program

transformation at stage I (see §3.2.2).

SparseTIR constructs a joint search space of composable formats and composable transfor-

mations for performance tuning of sparse operators. Users can customize the parameterized

search space by specifying format and schedule templates based on their domain-specific

knowledge about the operator and sparse tensor characteristics. When the sparse structure

is present at compile-time, we can search for the best formats and schedules that achieve

optimal runtime performance in advance. Though the compilation might take some time due

to the large search space, the overhead can be amortized because the compiled operator will

be re-used many times during training or inference for a fixed sparse structure (as is typical

in deep learning).

The rest of the paper is organized as follows. We introduce the SparseTIR design of each

stage and compiler passes in Section 3.2. In Section 3.3 we evaluate our system in real world
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sparse deep learning workloads. Section 3.4 positions SparseTIR relative to related work.

Finally, we discuss future work in Section 3.5 and conclude our work in Section 3.6.

3.2 Our Approach

In this section, we introduce the language constructs in SparseTIR, then describe each

compilation stage and transformations in the order they appeared in the flow.

3.2.1 Language Constructs

I = dense_fixed(m, "int32")
J = sparse_variable(I, (n, nnz),\
      (j_indptr, j_indices), "int32")
J_ = dense_fixed(n, "int32")
K = dense_fixed(feat_size, "int32")

A = match_sparse_buffer(a, (I, J), "float32")

B = match_sparse_buffer(b, (J_, K), "float32")
C = match_sparse_buffer(c, (I, K), "float32")

with sp_iter([I, J, K], "SRS", "spmm") as [i, j, k]:
    with init():
        C[i, k] = 0.0
    C[i, k] = C[i, k] + A[i, j] * B[j, k]

Axis declarations

Sparse buffer declarations

Sparse iteration declarations

Figure 3.3: Language constructs in the SpMM operator. Users specify axis dependencies and

metadata to create axes. The match_sparse_buffer defines sparse buffers and binds them to

pointers to their value, and sp_iter creates a sparse iteration structure, where “S” and “R”

indicate whether the iterator is for spatial or reduction purposes, “spmm” is the name of the

sparse iteration as a reference for scheduling.

The SparseTIR language has three major components: axes, sparse buffers and sparse

iterations.
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Axes. An axis is a data structure that defines sparse iteration spaces, which generalize the

idea of abstraction levels in previous work [33]. Each axis in SparseTIR has two orthogonal

attributes, dense/sparse and fixed/variable, denoting whether the index of non-zero elements

in the axis is contiguous or not and whether the number of non-zero elements in the axis

is fixed or not. Variable axes are associated with a indptr (short for “index pointer”) field

that points to the address of the indices pointer array; sparse axes are associated with an

indices field that points to the address of the indices array. Each axis has a parent field that

directs to the axis it depends on; a dense-fixed axis has no dependency, and its parent field is

always set to none. Axis metadata includes its indices’ data type, maximum length, number

of accumulated non-zeros in this dimension (if variable), and number of non-zeros per row in

this dimension (if fixed).

Sparse buffers. A sparse buffer is SparseTIR’s data structure for a sparse matrix. We

use defined axes to compose the format specification of sparse matrices. We split sparse

structure-related auxiliary data and values: axes store auxiliary data, and sparse buffers store

only values. Such design lets Two sparse buffers can re-use auxiliary data if they share the

sparse layout. Figure 3.4 shows the decoupled storage of sparse buffers/axes in the SpMM

(Sparse-Dense Matrix Multiplication) operator. The composition of axes is expressive to

describe various sparse formats, including Compressed Sparse Row/Column (CSR/CSC)

format [48], Block Compressed Sparse Row (BSR) format [133], Diagonal Format (DIA)

[132], ELLPACK (ELL) format [47, 66, 112], Ragged Tensor [155], Compressed Sparse Fiber

(CSF) [145] etc, please refer to Duff et al. [48] for an overview of sparse formats.

Sparse iterations. Sparse iterations generates iterators over the space composed of a

sparse axes array and a body containing statements describing tensor computations and

orchestrating data movements. Notably, unlike TACO [80] which only allows the iterator

variable to be used as an index to access sparse data structures (e.g. A[i , j ] where i and

j are iterator variables), SparseTIR supports any expressions, including affine indices (e.g.
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Figure 3.4: Internal storage of axes and sparse buffers in SpMM: Cik = AijBjk. Sparse

buffers store their axes’ composition and pointers to their value; axes store dense/sparse and

fixed/variable attributes, metadata, their dependent axes, and pointers to indices and indptr

arrays.

A[i ∗ m + j, k]) and integer values loaded from another buffer (e.g. B[eid[ i ], j ∗ n + k]).

This enhances the capabilities of the SparseTIR, allowing for more complex operations such as

convolution. SparseTIR enables multiple sparse iterations within a single program and even

allows for nested sparse iterations within the body of another iteration, enabling branching

and decomposing computation.

Figure 3.3 shows how to define these constructs in SparseTIR for the SpMM operator.2 In

2The SparseTIR has round-trip compatibility with Python, and this paper presents only its Python form.
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SparseTIR, axes are used to construct both sparse buffers and sparse iterations. This design

lets us iterate over a sparse iteration space that is not bound to any sparse buffers.

3.2.2 Stage I: Coordinate Space Computation

In stage I SparseTIR defines sparse computations inside sparse iterations, where we iterate

over non-zero elements and access sparse buffers in the coordinate space. At this stage, we

can define program transformations, such as format decomposition and sparse iteration fusion,

that manipulate only the three constructs of the SparseTIR .

Format Decomposition

Format decomposition is a transformation that decomposes computations for composable

formats (introduced in Section 3). The transformation accepts a list of format descriptions

and rewrites the IR according to these formats. Figure 3.5 shows the generated IR for the

Sparse Matrix-Matrix multiplication (SpMM) operation after decomposing the computation

in the CSR format to a computation in the BSR format, with block size 2 and an ELL format

with 2 non-zero columns per row. In addition to SpMM computations on the new formats,

another two sparse iterations that copy data from original to new formats are generated, as

well. When the sparse matrix to decompose is stationary, we can perform data copying at

pre-processing step to avoid the overhead of run-time format conversion.

The information used to create new sparse buffers: indptr_bsr, indices_bsr and indices_ell

need to be pre-computed and specified by user as input arguments. Each format decompo-

sition rule in SparseTIR needs to be registered as a function F : (x, i) → (x′, i′), where x, i

refers to original SparseTIR program and indices/index pointer information, and x′, i′ are

transformed ones. Figure 3.5 describes the IR transformation from x to x′, and the conversion

between i to i′ need to be implemented by user manually. We have wrapped all format

decomposition rules used in this paper as standard APIs, for new composable formats, user

can use existing sparse libraries such as Scipy [164] to ease the implementation of indices
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inference. SparseTIR leaves the flexibility of integrating with existing systems such as Chou

et al. [34] for automatic indices inference.

# Generated sparse iteration for copying data to BSR(2)

with sp_iter([IO, II, JO, JI], "SSSS", "copy_bsr_2") as [
    oi, ii, jo, ji]:
    A_bsr[io, jo, ii, ji] = A[io * 2 + ii, jo * 2 + ji]
# Generated sparse iteration for copying data to ELL(2)
with sp_iter([I2, J2], "SS", "copy_ell_2") as [i, j]:
    A_ell[i, j] = A[i, j]
# Generated sparse iteration for BSR(2)
with sp_iter([IO, II, JO, JI, K], "SSSSR", "spmm_bsr_2") as [
    io, ii, jo, ji, k]:
    with init():
        C[io * 2 + ii, k] = 0.0
    C[io * 2 + ii, k] = C[io * 2 + ii, k] +\
        A_bsr[io, jo, ii, ji] * B[jo * 2 + ji, k]
# Generated sparse iteration for ELL(2)
with sp_iter([I2, J2, K], "SRS", "spmm_ell_2") as [i, j, k]:
    with init():
        C[i, k] = 0.0
    C[i, k] = C[i, k] + A_ell[i, j] * B[j, k]

Generated sparse iterations

# Generated axes for BSR(2)

IO = dense_fixed(m_bsr, "int32")
II = dense_fixed(2, "int32")
JO = sparse_variable(IO, (n_bsr, nnz_bsr),
    (indptr_bsr, indices_bsr), "int32")

JI = dense_fixed(2, "int32")

# Generated axes for ELL(2)

I2 = dense_fixed(m_ell, "int32")
J2 = sparse_fixed(I2, (n_ell, 2), indices_ell, "int32")

# Generated sparse buffers
A_bsr = match_sparse_buffer(a_bsr, [IO, JO, II, JI], "float32")

A_ell = match_sparse_buffer(a_ell, [I2, J2], "float32")

Generated new axes and sparse buffers

0
0

Decompose  to   and 

with rule [BSR(2), ELL(2)]

: CSR : BSR(2) : ELL(2)

Stage I IR of SpMM operator (Figure 3)

Figure 3.5: Format decomposition for SpMM Stage I IR in Figure 3.3. New axes and sparse

buffers are created for decomposed formats BSR and ELL. New sparse iterations are generated

to copy data from original to new formats and for computations on these new formats.

Stage I Schedules

We define two schedule primitives at stage I, sparse_reorder and sparse_fuse.

Sparse reorder. The order of sparse axes in the sparse iteration influences the order of

generated loops in stage II. This primitive enables manipulation of the order of sparse axes.
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with sp_iter([I, J, K], "SRS", "spmm") as [i, j, k]:

    ...

with sp_iter([K, I, J], "SSR", "spmm") as [k, i, j]:

    ...

with sp_iter([K, fuse(I, J)], "RSS", "sddmm") as [k, i, j]:

    ...

Stage I IR

Stage I IR (after reorder)
sparse_reorder([K, I, J])

sparse_fuse([I, J])

Stage I IR (after iteration fusion)

with sp_iter([K, I, J], "RSS", "sddmm") as [k, i, j]:

    ...

Stage I IR (after reorder)

SDDMM


+fuse


SpMM


+reorder


Figure 3.6: Stage I schedules sequentially applied to stage I IR.

Sparse fuse. This schedule primitive fuses several iterators in a given sparse iteration into

one. It is helpful when we want a single loop rather two nested loops that iterate over all

non-zero elements, such as in the SDDMM [105].

Figure 3.6 shows how stage I schedules transform the IR.

3.2.3 Stage II: Position Space Computation

The State II IR in SparseTIR introduces loop structures and removes the sparse iteration

constructs and restructuring them as nested loops. Unlike in stage I where we access sparse

buffers in coordinate space, in stage II access sparse buffers in position space, with the “position”

referring to an element’s non-zero index. The difference between coordinate and position

applies to “sparse” dimensions: if the coordinate of the first 4 non-zero elements in a sparse

row A is {1, 3, 9, 10}, the position of 9 is 2 (assuming the index is 0-based), and we use A[9]

to access the element in coordinate space and A[2] to access the element in position space.

Our stage II IR extends TensorIR [51] and treats sparse buffer as first-class citizens.
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Sparse Iteration Lowering.

This pass transforms stage I IR to stage II IR. It consists of the following 4 steps.

Step 1: Auxiliary buffer materialization. Pointers to the indices pointer array and

indices array are specified as arguments when creating axes. In stage II we need to declare

these auxiliary buffers explicitly to access their value when determining loop range and

translating coordinates. Figure 3.7 shows how the materialization works. In addition to

auxiliary buffers, we also create hints that indicate the domain of buffer values; these are

used for integer set analysis in stage II when performing schedules.

I = dense_fixed(m, "int32")

J = sparse_variable(I, (n, nnz), (j_indptr, j_indices), "int32")

I = dense_fixed(m, "int32")

J = sparse_variable(I, (n, nnz), (j_indptr, j_indices), "int32")

J_dense = dense_variable(I, (n, nnz), j_indptr, "int32")

J_indptr = match_sparse_buffer(j_indptr, (I,), "int32")

J_indices = match_sparse_buffer(j_indices, (I, J_dense), "int32")

assume_buffer_domain(J_indptr, [0, nnz])

assume_buffer_domain(J_indices, [0, n1])

Stage I IR

Stage II IR

Figure 3.7: Example of auxiliary buffer materialization. Sparse buffers storing auxiliary

information are created.

Step 2: Nested loop generation. This step restructures sparse iterations in stage I as

nested loops in stage II: we emit one loop per axis in the sparse iteration. The generated

loops start from 0, and the extent is determined by whether the axis is fixed or variable.

They are separated by TensorIR’s block constructs, which establish boundaries to prevent

cross-block loop reordering. Additionally, We add a block inside the innermost generated

loop and place the body of original sparse iterations inside of it. Figure 3.8 shows the emitted

nested loop structures of different sparse iterations. In the first case, the loops I and J cannot
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not be reordered in stage II because they are separated by a block; in the second case, we

fuse I, J and emit only one loop ( ij ).

with sp_iter([K, I, J], "SSR", "spmm") as [k, i, j]:

  # spmm body

for k in range(k):

  for i in range(m):

    with block("spmm_0"):

      for j in range(J_indptr[i + 1], J_indptr[i]):

	 with block("spmm_1"):

          # spmm body

with sp_iter([K, fuse(I, J)], "RSS", "sddmm") as [k, i, j]:

  # body

for k in range(k):

  for ij in range(nnz):

    with block("sddmm_0"):

      # body

Sparse iteration in Stage I

Generated nested loop in Stage II

Sparse iteration in Stage I

Generated nested loop in Stage II

SpMM

w/o


fusion

SDDMM

w/


fusion

Figure 3.8: Nested loop generation in sparse iteration lowering. Without fusion, we emit one

loop per axis in the sparse iteration; With fusion of i and j, we only emit one loop ij over

the fused iteration space.

Step 3: Coordinate translation. This step rewrites the indices used to access sparse

buffers from coordinate space to non-zero position space to bridge the semantic gap between

stages I and II. See Figure 3.9 for an example. Suppose {A(iter)
i }Mi=1 is the array of axes used

in sparse iterations, {v(c)
i }Mi=1 is the array of iterator variables in coordinate space (before

translation) and {v(p)
i }Mi=1 is the array of loop variables in position space (after translation).

For a sparse buffer access to be translated, suppose the buffer is composed of axes {A(buffer)
j }Nj=1,

and the indices can be viewed as an array of functions {I(coord)
j }Nj=1 that maps iterator varibles

to indices (for buffer access B[x + y, z] within the sparse iteration where v(c) = {x, y, z},

its indices functions I(coord) should be {(x, y, z) 7→ x + y, (x, y, z) 7→ z}). The coordinate

translation can be formulated as an iterative algorithm:
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with sp_iter([I, J, K], "SRS", "spmm") as [i, j, k]:

  with init():

    C[i, k] = 0.0

  C[i, k] = C[i, k] + A[i, j] * B[j, k]


for i in range(m):

  with block("spmm0"):

    for j in range(0, J_indptr[i + 1] - J_indptr[i]):

      for k in range(feat_size):
        with block("spmm1"):

          with init():

            C[i, k] = 0.0

          C[i, k] = C[i, k] + A[i, j] * B[J_indices[i, j], k]


Stage I IR

Stage II IR

Figure 3.9: Translation from coordinate space to position space for SpMM operator.

pj ≜ f−1(A(buffer), j, {p}j−11 , I(coord)(c1, . . . , cM)) (3.1)

where c refers the coordinate array corresponding to v(p) after translation from position space,

f and f (−1) are decompress (position to coordinate) and compress (coordinate to position)

functions:

ci ≜ f(A(iter), {c}i−11 ,v
(p)
i ) (3.2)

f(A, i, c, x) ≜

 x Ai: D(ense)

Ai_indices[c[anc(A, i)], x] Ai: S(parse)
(3.3)

f (−1)(A, j,p, x) ≜

 x Aj: D

find(Aj_indices[p[anc(A, j)], :], x) Aj: S
(3.4)

The “find” function in the later case of equation 3.4 refers to searching a given value in sorted

array, SparseTIR emits a binary search block to search for the index of x in sorted indices

array. The “anc” function collects the indices of ancestor(including self) axes of Ai from its

root in axes dependency tree, and p[anc(A, j)] gathers values from p by ancestors’ indices:
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anc(A, i) ≜

 [i] Ai is root

[anc(A, j) : i] Aj = parent(Ai)
(3.5)

Read/Write Region Analysis The buffer read/write region information is necessary for

TensorIR’s block construct. We perform a buffer region analysis pass to collect buffer access

information and takes the union of all read/write regions accessed inside each block and

annotate them as block attributes.

Stage II Schedules

The stage II schedules are responsible for manipulating loops (fuse/reorder/ split ), mov-

ing data across the memory hierarchy (cache_read/cache_write), binding loops to physi-

cal/logical threads to parallelize them, and using vector/tensor instructions in hardware

(vectorize/tensorize). As a dialect of TensorIR, we fully support TVM schedule primitives 3

at stage II.

3.2.4 Stage III: Loop-Level IR

Stage III removes all SparseTIR constructs. It keeps only the nested loop structures whose

body includes statements that operate on flattened buffers. This stage should be compatible

with loop-level IR in existing tensor compilers. We select TensorIR [51] in Apache TVM

[25] as stage III IR to make efficient use of NVIDIA’s Tensor Cores, as it fully supports

tensorization.

Sparse Buffer Lowering

Sparse buffer lowering removes all axes, flattens all multi-dimensional sparse buffers to 1-

dimension, and rewrites memory access to these buffers. Suppose the original sparse buffer A

3https://tvm.apache.org/docs/reference/api/python/tir.html#tvm.tir.Schedule

https://tvm.apache.org/docs/reference/api/python/tir.html#tvm.tir.Schedule
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is composed of axes {Ai}ni=1. For memory access A[x1, ..., xn], the overall offset after flattening

is computed by:

n∑
i=1

is_leaf(Ai)× offset(i)× stride(i+ 1), (3.6)

where is_leaf(Ai) means that if axis Ai has no dependence in {Aj}nj=i+1, offset and stride

are defined as:

offset(i) ≜

xi is_root(Ai)

Ai_indptr[offset(j)] + xi Aj = parent(Ai)

(3.7)

stride(i) ≜


1 i > n

nnz(Tree(Ai))× stride(i+ 1) is_root(Ai)

stride(i+ 1) otherwise,

(3.8)

where nnz(Tree(Ai)) refers to the number of non-zero elements of the sparse iteration space

composed by the tree with Ai as its root. Figure 3.10 shows an example of sparse buffer

lowering: sparse buffers A, B, C are flattened. The buffer access A[i, j] is translated to

A[J_indptr[i] + j] by equation 3.6.

# loop structures
with block("spmm1"):
  with init():
    C[i, k] = 0.0
  C[i, k] = C[i, k] + A[i, j] * B[J_indices[i, j], k]

# loop structures
with block("spmm1"):
  with init():
    C[i * feat_size + k] = 0.0
  C[i * feat_size + k] = C[i * feat_size + k]
    A[J_indptr[i] + j] * B[J_indices[J_indptr[i] + j] * feat_size + k]

Stage II IR

Stage III IR

Figure 3.10: Sparse buffer lowering: sparse constructs are totally removed, and memory

accesses are flattened to 1-dimension.
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3.2.5 Target-Specific Code Generation

SparseTIR re-uses the backend provided by existing tensor compilers for target-specific code

generation. SparseTIR emits multiple CUDA kernels for composable formats, which incur

extra kernel-launching overhead on the GPU. We insert a horizontal fusion [50, 86] pass to

the TVM backend to reduce this overhead.

3.2.6 Programming Interface for Composable Formats

This section further explains the programming interface for composable formats and the

format decomposition pass introduced in §3.2.2, SparseTIR provide two APIs for composable

formats:

FormatRewriteRule is a class for a sparse format rewriting rule description, its input

include: the name of format rewrite rule, the sparse buffer to rewrite, a SparseTIR

description of new format, the mapping from original axes to new axes, and the index

mapping f and inverse index mapping f−1 between original sparse buffer A and the

transformed sparse buffer A′: A[I] = A′[f(I)], A[f−1(I’)] = A′[I’], both f and f−1 need

to be affine maps written in Python’s lambda functions.

decompose_format is a function that accepts a list of format rewrite rules and an Sparse-

TIR program as input and performs the format decomposition pass on the given

SparseTIR program.

Below is an example illustrating how to use the two APIs to compose ELL(2) and BSR(2)

rewrite rules and perform format decomposition in Figure 3.5:
@T.prim_func
def spmm(

a: T.handle, b: T.handle, c: T.handle,
indptr: T.handle, indices: T.handle,
m: T.int32, n: T.int32, nnz: T.int32, feat_size: T.int32

) −> None:
I = T.dense_fixed(m, idtype="int32")
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J = T.sparse_variable(
I, (n, nnz), (indptr, indices), idtype="int32")

J_ = T.dense_fixed(n, idtype="int32")
K = T.dense_fixed(feat_size, idtype="int32")
A = T.match_sparse_buffer(a, (I, J), "float32")
B = T.match_sparse_buffer(b, (J_, K), "float32")
C = T.match_sparse_buffer(c, (I, K), "float32")
with T.sp_iter([I, J, K], "SRS", "csrmm") as [i, j, k]:

with T.init():
C[i, k] = 0.0

C[i, k] = C[i, k] + A[i, j] * B[j, k]

def BSR(block_size: int):
# block_size: the block size in BSR format.
@T.prim_func
def bsr_desc(

a: T.handle,
indptr: T.handle, indices: T.handle,
m: T.int32, n: T.int32, nnz: T.int32

) −> None:
IO = T.dense_fixed(m, idtype="int32")
JO = T.sparse_variable(

IO, (n, nnz), (indptr, indices), idtype="int32")
II = T.dense_fixed(block_size, idtype="int32")
JI = T.dense_fixed(block_size, idtype="int32")
A = T.match_sparse_buffer(a, (IO, JO, II, JI), "float32")
pass

return FormatRewriteRule(
"bsr_{}".format(str(block_size)),
bsr_desc,
["A"], ["I", "J"], ["IO", "JO", "II", "JI"],
{"I": ["IO", "II"], "J": ["JO", "JI"]},
lambda i, j:

return (i // block_size, j // block_size,
i % block_size, j % block_size)

lambda io, jo, ii, ji:
return io * block_size + ii, jo * block_size + ji

)

def ELL(nnz_cols: int):
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# nnz_cols: number of non−zero columns per row in ELL format.
@T.prim_func
def ell(

a: T.handle,
indices: T.handle,
m: T.int32, n: T.int32,

) −> None:
I2 = T.dense_fixed(m, idtype="int32")
J2 = T.sparse_fixed(

I2, (n, nnz_cols), indices, idtype="int32")
A = T.match_sparse_buffer(a, (I2, J2), "float32")
pass

return FormatRewriteRule(
"ell_".format(str(nnz_cols)),
ell_desc,
["A"], ["I", "J"], ["I2", "J2"],
{"I": ["I2"], "J": ["J2"]},
lambda i, j: return i, j
lambda i2, j2: return i2, j2

)

composable_format = [BSR(2), ELL(2)]
spmm_hybrid = decompose_format(spmm, composable_format)

Listing 3.1: Format decomposition example

where the prefix T is used to prevent name conflicts with keywords in Python. Note

that format conversion is a special case of format decomposition where we only put one

FormatRewriteRule in the list of composable formats.

3.3 Evaluation

We now study how composable formats and composable transformations help optimize

sparse deep learning workloads in both single-operator and end-to-end settings. In summary,

compared to vendor libraries, SparseTIR obtains a 1.20-2.34x speedup on GNN operators

and a 1.05-2.98x speedup on sparse attention operators. When used in an end-to-end setting,

SparseTIR obtains a 1.08-1.52x speedup on end-to-end GraphSAGE training and a 4.20-40.18x

speedup on end-to-end RGCN inference, 0.56-7.44x on Sparse Convolution operators.
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3.3.1 Experiment Setup

Environment. We evaluate all experiments under two different GPU environments: NVIDIA

RTX 3070 and NVIDIA Tesla V100.

Baselines. cuSPARSE [37] is NVIDIA’s official library for sparse tensor algebra, which

includes high-performance implementation of common sparse operators. dgSPARSE [44]

is a collection of state-of-the-art sparse kernel implementations for GNNs, which includes

GE-SpMM [71], DA-SpMM [38] and PRedS [185]. PyG [53] and DGL [167] are two open-

source frameworks that support GNN training and inference. Sputnik [54] is a library for

sparsity in Deep Learning. Neither dgSPARSE nor Sputnik uses Tensor Cores. TACO [80]

is an open-source sparse tensor compiler. Triton [158] is a tiling-based IR for programming

neural networks, and we use its block sparse operator implementation. TorchSparse [152] is

a library for point cloud processing, with state-of-the-art sparse convolution implementation.

For SpMM, we select the TACO-generated operator, cuSPARSE 11.7, and dgSPARSE 0.1

as baselines. For SDDMM, we select the TACO-generated operator, cuSPARSE, dgSPARSE

and DGL 0.9.1’s implementation as baselines. The DGL’s SDDMM implementation uses

the optimizations proposed in FeatGraph [69]. For end-to-end GNN training, we compare

a GraphSAGE model written in PyTorch 1.12 [117] that integrates a SparseTIR-tuned

kernel with DGL. For RGCN, we select the Graphiler [177], DGL 0.9.1 and PyG 2.2.0

implementations as our baseline.4 For sparse transformers, we select Triton5’s block-sparse

kernel as our baseline. For sparse convolution, we select TorchSparse 6 for comparison. The

computation results of all SparseTIR generated kernels have been compared with existing

frameworks/libraries to confirm numerical accuracy.

4Both DGL and PyG provide several different official implementations of RGCN; we select the best
performing among them.

5Main branch until commit 0e8590
6Main branch until commit 2caf084

https://github.com/yzh119/torchsparse/commit/2caf0846b8be3df24e851a11b6c580db81f5f4ff
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Graph #nodes #edges %padding

cora [138] 2,708 10,556 15.9

citeseer [138] 3,327 9,228 13.0

pubmed [138] 19,717 88,651 23.1

ppi [59] 44,906 1,271,274 22.9

ogbn-arxiv [67] 169,343 1,166,243 17.5

ogbn-proteins [67] 132,534 39,561,252 21.6

reddit [59] 232,965 114,615,892 28.6

Table 3.1: Statistics of Graphs used in GNN experiments.

3.3.2 Graph Neural Networks

In this section, we evaluate the performance of SparseTIR on GNN workloads. SpMM and

SDDMM [105] are two of the most generic operators in GNNs. Table 3.1 describes the

characteristics of graphs used in our evaluation; on the table, %padding refers to the ratio of

padded zero elements after we transform the original sparse matrix to composable formats.

SpMM

SpMM is the most generic sparse operator in deep learning, which can be formulated as:

Yi,k =
n∑

j=1

Ai,jXj,k,

where A is a sparse matrix and X, Y are dense matrices. A high-performing SpMM kernel

on a GPU requires efficient memory access patterns and load balancing [179]. Runtime load

balancing, well studied in SpMM acceleration literature, always incurs runtime overhead. The

composable format and composable transformation can help generate kernels that achieve

compile-time load balancing and better cache utilization.
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ELL(1)

Partition 1 Partition 2

ELL submatrix with row length 

ELL submatrix with row length 

ELL submatrix with row length 

Sub-matrix 1 Sub-matrix 4

ELL(2)

Sub-matrix 2

ELL(4)
Sub-matrix 3

ELL(1)

ELL(2)

Sub-matrix 5

ELL(4)

Sub-matrix 6

Figure 3.11: Example of hyb(2, 2): the original matrix is decomposed to 6 ELLPACK sub-

matrices; elements in partition 1 are stored in sub-matrix 1-3, and elements in partition 2 are

stored in sub-matrices 4-6.

We design a parameterized composable format hyb(c, k) for sparse matrix A with two

parameters c and k. We partition columns of the sparse matrix by the given factor c, so

that each column partition has width w. For each column partition, we collect the rows with

length l that satisfy 2i−1 < l ≤ 2i to bucket i, and we pad the length of these rows to 2i;

each bucket then forms a sub-matrix with the ELL format. Figure 3.11 shows a special case,

hyb(2, 2).

For bucket i of each column partition, we group each 2k−i rows and map them to a unique

thread block in GPUs. The number of non-zero elements in A that are processed by each

thread block is 2k, which is implemented with TVM’s split and bind primitives. We use the

schedule proposed in GE-SpMM [71] for each sub-matrix for the remaining dimensions. The
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column partition in our design is intended to improve cache locality; when processing column

partition j, only B[jw : (j + 1)w] would be accessed for B. Featgraph [69] proposes to apply

column partitions for SpMM on CPUs; however, it does not extend the idea to GPUs. Our

bucketing technique was designed to achieve compile-time load balancing. In practice, we

searches for the best c over {1, 2, 4, 8, 16} and let k =
⌈
log2

nnz
n

⌉
, which generally works well.

We evaluate the SpMM written in SparseTIR with and without the proposed hyb format

on real-world GNN datasets for both V100 and RTX3070. We measure the geometric

mean speedup of different SpMM implementations against cuSPARSE for feature size d ∈

{32, 64, 128, 256, 512}. Figure 3.13 shows our results. The SparseTIR kernel on hyb format

obtains a 1.22-2.34x speedup on V100 and a 1.20-1.91x speedup on RTX 3070 compared

to cuSPARSE. We also achieve consistently better performance than state-of-the-art open

source sparse libraries dgSPARSE and Sputnik, and TACO with auto-scheduling enabled

[139]. Though TACO also explores compile-time load balancing, it does not support caching

the partially aggregated result in registers, which is critical to kernel performance on GPUs,

and the irregularity of the CSR format limits the application of loop unrolling. SparseTIR

perform these optimizations in stage II schedules.

Importance of composable formats. We evaluate the SparseTIR kernel without format

decomposition (see SparseTIR(no-hyb) in the figure). Results suggest that the SparseTIR

kernel without format decomposition and per-format scheduling performs generally worse:

ogbn-arxiv is a citation network graph whose degrees obey power-law distribution, and our

designed format can perform significantly better because of more efficient load balancing.

Notably, though padded zeros in our proposed composable format slightly increase FLOPs as

shown in Table 3.1, the runtime of SparseTIR generated kernels on composable format is

still faster because of better scheduling. The degree distribution of the ogbn-proteins graph

is centralized, and the benefit of using a hybrid format is compensated for the extra overhead

introduced by padding. To evaluate the effect of column partitioning, we fix the feature size

to 128 and measure several kernel metrics generated by SparseTIR on a Reddit dataset under
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a different column partition setting. Figure 3.12 shows the results; L1 and L2’s cache hit

rates improve as we increase the number of column partitions. However, more partitions will

increase the required memory transactions of the kernel because we will need to update the

results matrix c times if the number of partitions is c. As a result, the benefit of column

partitioning saturates as we increase the number of partitions.
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Figure 3.12: The kernel duration and L1/L2 hit-rate of SparseTIR SpMM kernels under

different column partitions.
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Figure 3.13: Normalized speedup against cuSPARSE for SpMM. SparseTIR consistently

outperforms vendor libraries and TACO. Comparing SparseTIR(no-hyb) and SparseTIR(hyb)

demonstrates the importance of format composability.
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SDDMM

SDDMM can be formulated as the following:

Bi,j =
d∑

k=1

Ai,jXi,kYk,j,

where A and B are two sparse matrices that share a sparse structure, X, Y are dense matrices,

and d is the feature size. In SDDMM, the computation per (i, j) is independent, and the

workload per position is the same, so we need not worry about load balancing issues if we

parallelize the computation by each non-zero (i, j). The sparse_fuse schedule primitive in

stage I introduced in Section 3.2.2 helps us iterate over non-zero (i, j) directly instead of first

iterating over i and then iterating over non-zero j for each i.

PRedS [185] is the state-of-the-art open-source SDDMM implementation, which optimizes

SDDMM in two ways. First, it uses vectorized load/store intrinsics in CUDA, such as

float4/float2 , which improves memory throughput. Second, it performs the reduction in

two stages: (1) intra-group reduction, which computes the reduction inside each group

independently, and (2) inter-group reduction, which summarizes the reduction result per

group. We formulate the optimization in PRedS as composable transformations in SparseTIR

with vectorize and rfactor [150] schedule primitives at stage II, and we generalize the

parameters, such as group size, vector length and number of workloads per CTA, as tunable

parameters.

Figure 3.14 shows the geometric mean speedup of different SDDMM implementations

vs our baseline for feature size d ∈ {32, 64, 128, 256, 512}. We do not use composable

formats in SDDMM. The baseline we select is DGL’s SDDMM implementation, which

uses the optimization proposed in Featgraph [69]. cuSPARSE and Sputnik’s SDDMM

implementations are not optimized for highly sparse matrices such as graphs and thus achieve

very low performance. We obtain generally better performance than dgSPARSE [44], which

implements the PRedS [185] algorithm, because of the parameterized scheduling space.

SparseTIR significantly outperforms the DGL baseline and the TACO scheduled kernel



36

because these implementations do not include two-stage reduction and vectorized load/store.

Importance of composable transformations. The provenance graph data structure in

TACO does not support multiple branches, thus we cannot perform schedules such as rfactor

at this level. The composable transformation design of SparseTIR enables us to apply such

schedules at lower stages.
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Figure 3.14: Normalized speedup against Featgraph for SDDMM. SparseTIR beats the

state-of-the-art vendor library dgSPARSE on average by parametrizing scheduling space.

End-to-end GraphSAGE training.

We also integrate SparseTIR-generated SpMM operators in the GraphSAGE [59] model

written in PyTorch and compare the end-to-end speedup to DGL. Figure 3.15 shows that we

obtain a 1.18-1.52x speedup on V100 and a 1.08-1.47x speedup on RTX 3070 7.

3.3.3 Sparsity in Transformers

Sparsity in Transformers comes from (1) sparse attentions [10, 23, 32], and (2) sparsity in

network weights after pruning [83, 135]. We evaluate SparseTIR generated kernel in both

cases8.

7Reddit result is not reported on RTX 3070 because of Out-Of-Memory issue.
8In this section, we use half-precision data type for all operators to use Tensor Cores.
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Figure 3.15: Normalized speedup of PyTorch+SparseTIR against DGL on end-to-end Graph-

SAGE training.

Sparse Attention.

Sparse transformers reduce the complexity of Transformers by making the attention matrix

sparse. The key operator in Sparse Transformers is still SpMM and SDDMM, but unlike

GNNs whose sparse matrices are provided by graph structures, the sparse matrices used in

sparse attentions are mostly manually designed and have a block-sparse pattern to better

utilize tensor cores in modern GPUs. We select two examples: Longformer [10] and Pixelated

Butterfly Transformer [23], whose sparse structures are band matrix and butterfly matrix

[116], respectively. We implement the batched-SpMM and batched-SDDMM operators for

both CSR and BSR formats. For BSR operators, we use the tensorize primitive during
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stage II IR schedules to use tensorized instructions in CUDA. Figure 3.16 shows different

implementations’ speedup against Triton’s [158] block-sparse operator. We fix the matrix

size to 4096× 4096, batch(head) size to 12, band size to 256, and feature size per head to 64.

Results show that SparseTIR-BSR obtains a 1.05-1.59x speedup on multi-head SpMM and a

1.50-2.98x speedup on multi-head SDDMM.

 0.04

 0.2

 1

 5

Butte
rfl

y

Longform
er

Multi-Head SpMM Multi-Head SDDMM

N
o
rm

al
iz

ed
 S

p
ee

d
u
p

Sparse Pattern

1
.0

0

1
.0

0

0
.0

4 0
.0

6

1
.6

1

1
.5

9

V100

Butte
rfl

y

Longform
er

 

Triton

1
.0

0

1
.0

0

SparseTIR-CSR
0

.0
5

0
.0

4

SparseTIR-BSR
1

.0
5

1
.0

9

RTX3070

Butte
rfl

y

Longform
er

 

1
.0

0

1
.0

0

0
.0

8

0
.0

8

1
.5

6

1
.5

0

V100

Butte
rfl

y

Longform
er

1
.0

0

1
.0

0

0
.0

8

0
.0

8

2
.8

8

2
.9

8

RTX 3070

Figure 3.16: Normalized speedup against Triton on sparse transformer operators.

Sparse Weight (Network Pruning)

Network pruning [60] is another source of sparsity in Transformers. Pruning can significantly

reduce the number of model parameters at the cost of negligible performance (accuracy)

loss by making the weights sparse. PruneBERT [83, 135] applies pruning to Transformers,

and we evaluate SparseTIR’s performance on PruneBERT in both structured pruning and

unstructured pruning settings.

Structured Pruning. Structured Pruning prunes groups of weights together at the channel

or block level to speed up execution. Block pruning [83] is an example of structured pruning

on Transformers where network weights are pruned to block-sparse format, the operator used

in block-pruned Transformer is SpMM. We extract all SpMM operators in a block-pruned
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model9 with block size 32 and average weight sparsity 93% for the benchmark. We fix

the batch size to 1 and the sequence length to 512. Figure 3.17 shows the performance of

SparseTIR kernels, Triton’s BSRMM, and cuBLAS on these operators. The block sparse

weights in the block-pruned model have many all-zero rows, and we propose to use doubly-

compressed BSR (DBSR, inspired by doubly compressed sparse row (DCSR) format [19])

format to skip zero rows. The results show that SparseTIR kernel on DBSR format can

consistently outperform SparseTIR kernel on BSR format, and achieve better with Triton’s

BSRMM implementation.
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Figure 3.17: Normalized speedup against cuBLAS for operators extracted from block-pruned

transformers. The X-axis refers to the weight density in the SpMM operator, and Y -axis

refers to the normalized Speedup against cuBLAS implementation which uses a dense matrix

for sparse weight.

Unstructured Pruning. Unstructured pruning does not pose any constraints on the

format of pruned weights, and the pruned weight matrices are typically stored in CSR format.

Unstructured pruned model is known to be hard to optimize because of irregular computation,

and directly converting them to BSR format would introduce too much fragmentation inside

blocks. We use the SR-BCRS format proposed in Magicube [88] to alleviate the issue.

Figure 3.18 explains how to represent SR-BCRS(t, g) and corresponding SpMM schedules in

9https://huggingface.co/madlag/bert-base-uncased-squad1.1-block-sparse-0.07-v1

https://huggingface.co/madlag/bert-base-uncased-squad1.1-block-sparse-0.07-v1
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SparseTIR: the matrix is firstly divided into many t×1 tiles, and we omit tiles whose elements

are all zero. The non-zero tiles inside the same rows are grouped by a factor of g, and we

pad the tailing groups with zero tiles. Sparse matrices in SR-BCRS format can be composed

by 4 axes in SparseTIR. When performing SpMM on SR-BCRS, we can load a group of

tiles in A and corresponding rows in X to local registers and use Tensor Cores in GPU (or

Matrix-Multiply Units(MXU) in TPU [75], equivalently) to compute their multiplication

results, these schedules can be described as cache−read/write and tensorize primitives at

stage-II in SparseTIR. Compared to BSR, the SR-BCRS format greatly reduces intra-block

fragmentation: the non-zero ratio lower bound in SR-BCRS(t, g) is 1/t, while BSR with block

size b has a lower bound of 1/b2.
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Figure 3.18: Conversion from unstructured sparse matrix to SR-BCRS(t, g), and SpMM

schedule on the it.

We extract all SpMM operators in a movement-pruned model10 with average weight

sparsity of 94% for benchmark. Figure 3.19 shows the performance of SparseTIR on SR-

10https://huggingface.co/huggingface/prunebert-base-uncased-6-finepruned-w-distil-squad

https://huggingface.co/huggingface/prunebert-base-uncased-6-finepruned-w-distil-squad
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BCRS(8, 32)11, BSR format with block size 32, and vendor libraries cuBLAS and cuSPARSE’s

CSRMM. We set the batch size to 1 and the sequence length to 512. We do not compare

with Triton because it has no native implementation of SpMM on SR-BCRS. SparseTIR on

SR-BCRS beats SparseTIR on BSR in most of the settings except for density ≥ 2−3, in which

case both transformed sparse matrices have a density close to 1. cuSPARSE’s CSRMM can

only beat cuBLAS’ GeMM when weight density is extremely low (e.g., ≤ 2−6).
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3.3.4 Relational Gather-Matmul-Scatter

Relational Gather-Matmul-Scatter (RGMS for short) is an emerging sparse operator which

can be expressed as follows:

Yi,l =
R∑

r=1

n∑
j=1

din∑
k=1

Ar,i,jXj,kWr,k,l,

where A is a 3D sparse matrix, whose leading dimension size is R, denoting number of

relations. For each relation, the last two dimensions of A form a unique 2D sparse matrix. X

is a 2D feature matrix and W is a 3D weight matrix whose leading dimension size is also

11To use m8n32k16 MMA instructions in GPU.
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R. For each relation, the last two dimensions of W form a unique 2D dense weight matrix.

The scheduling for the RGMS operator is complicated because we need to consider (1) load

balancing and (2) the utilization of Tensor Cores. Until now, no sparse library implements

this kernel.

Relational Graph Convolution Network.

RGCN [137] is a generalization of GCN model to heterogeneous graphs (graphs with multiple

relations/edge types). The operator used in RGCN is RGMS, where Ar refers to the adjacency

matrix corresponding to sub-graph whose edge type is r, and Wi refers to the weight matrix

corresponding to edge type r. Table 3.2 introduces the characteristics of heterogeneous graphs

used in RGCN evaluation; in the table, #etypes refers to the number of edge types (also

known as “relations”) in the heterogeneous graph, %padding refers to the ratio of padded zero

elements after we transform the original sparse matrix with composable formats. Existing

GNN libraries implement RGMS operator in a two-stage approach:

Tr,j,l =

din∑
k=1

Xj,kWr,k,l, (3.9)

Yi,l =
R∑

r=1

n∑
j=1

Ar,i,jTr,j,l, (3.10)

where the first stage fuses gathering and matrix multiplication, and the second stage

performs scattering. Such implementation materializes the intermediate result T on HBM,

which incurs a lot of GPU memory consumption. In SparseTIR we fuses the two stage into a

single operator: we generalize the hyb format proposed in Figure 3.11 to 3-dimensional so that

2D sparse matrix corresponding to each relation is decomposed to hyb(1, 5) formats. Figure

3.21 explain the scheduling of RGMS operator on 3D hyb in SparseTIR: for each ELL matrix

Ark (r refers to edge type and k refers to bucket index), we pin its corresponding weight matrix

W r in SRAM and gather related rows of X from HBM to SRAM, then perform partial matrix

multiplication with Tensor Cores and scatter results to Y . Note that the matrix multiplication
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Graph #nodes #edges #etypes %padding

AIFB [129] 7,262 48,810 45 17.9

MUTAG [129] 27,163 148,100 46 8.0

BGS [129] 94,806 672,884 96 4.3

ogbl-biokg [67] 93,773 4,762,678 51 4.2

AM [129] 1,885,136 5,668,682 96 10.8

Table 3.2: Statistics of Heterogeneous Graphs used in RGCN.

and intra-group scatter are all performed inside SRAM. Such design reduces the overhead

of data copy between SRAM and HBM for intermediate matrix T . We evaluate end-to-end

RGCN inference (feature size: 32) and Figure 3.20 shows results: SparseTIR(hyb+TC) can

significantly improve previous state-of-the-art GNN compiler Graphiler [177] by 4.2-40.2x in

different settings. By comparing SparseTIR(naive), SparseTIR(hyb) and SparseTIR(hyb+TC)

we show that both composable formats and composable transformations (which enables

Tensorization) matter: even though hyb increases FLOPs by padding zeros (as shown in Table

3.2), it still makes the kernel faster by 2-4.4x because of better load-balancing. SparseTIR’s

generated fused kernel can also greatly reduce GPU memory footprint because we do not

explicitly stores T in HBM, with fragments of T consumed immediately after produced

in SRAM. SparseTIR(hyb+TC) consumes more GPU memory than SparseTIR(naive) and

SparseTIR(hyb) because of the half-precision/single-precision data type conversion.

Sparse Convolution

Sparse Convolution [35] is widely used in 3D cloud point data. We found that the Sparse

Convolution operator is a special form of RGMS, and Figure 3.22 illustrates the equivalence:

each relative offset inside the convolution kernel can be viewed as a relation in RGMS. For

each relation, the mapping between non-zero elements in feature map of previous layer to
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Figure 3.20: Normalized RGCN inference speedup against Graphiler and GPU Memory

Footprint. SparseTIR(hyb+TC) uses schedule proposed in Figure 3.21, SparseTIR(hyb)

uses composable format but use CUDA Cores instead of Tensor Cores for on-chip Matrix

Multiplication, SparseTIR(naive) uses neither composable formats nor Tensor Cores.

non-zero elements in feature of next layer forms a bipartite graph which can be viewed as a

2D sparse matrix whose number of non-zero elements per row is no greater than 1.

We extract all of the Sparse Convolution operators in MinkowskiNet [35] on SemanticKitti

dataset [9] for benchmark, and evaluate SparseTIR’s RGMS kernel12. Figure 3.23 shows our

normalized speedup against state-of-the-art TorchSparse [152] library. Unlike the SparseTIR’s

schedule in Figure 3.21, TorchSparse does not fuse Gather-Matmul-Scatter on chip. Instead,

it explicit materializes T and uses coarse-grained cuBLAS operators rather than Tensor-Core

level instructions for matrix multiplication13. SparseTIR’s RGMS can outperform TorchSparse

for most of the operators because of less HBM/SRAM data exchange as mentioned before.

However, for large channel size (> 128), SparseTIR’s RGMS cannot beat TorchSparse because

matrix multiplication overhead become dominant (The FLOPs of Matmul is quadratic to

channel size while the FLOPs of Gather and Scatter is linear to channel size) and cuBLAS is

better optimized than SparseTIR’s RGMS for large channel.

12We don’t need to use composable formats for Sparse Convolution because the sparse matrix for each
relation is already an ELL(1).
13It’s not necessary to use adaptive matrix multiplication grouping when using fine-grained Tensor-Core
instructions.
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Figure 3.21: Schedule of RGMS operator in SparseTIR. Composable formats hyb are used for

load balancing.

3.4 Related Work

Tensor and deep learning compilers. Halide [125] and TVM [25, 26] are tensor

compilers that decouple kernel description and schedules for dense computation. XLA [43]

and Relay [131] proposed computational-graph-level abstractions for deep learning, where we

can apply optimizations such as kernel fusion and graph substitution [74]. However, these

compilers have limited support for representing and optimizing sparse operators, impeding

the wider deployment of sparse deep learning workloads such as GNNs. TensorIR [51] is
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Figure 3.22: Equivalence of RGMS and Sparse Convolution, each relative offset inside the

convolution kernel forms a relation in RGMS. The equivalence also holds in 3D setting.

TVM’s new tensor-level programming abstraction for automatic tensorization. Triton [158]

is an intermediate language that offers tile-level operations and optimizations, FreeTensor

[154] is a compiler for irregular tensor programs with loop-based programming model. These

IRs could serve as stage-III IR for SparseTIR.

Sparse compilers. MT1 [13, 14, 15, 16, 17], SIPR [123], Ironman [94] and Ahmed et

al. [4] introduces the idea of compiling kernels for a given sparse data structure and a

kernel description. TACO [33, 79, 80] proposes sparse format abstractions and a merge

lattices-based code generation routine. Senanayake et al. [139] propose a sparse-iteration
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space transformation framework for scheduling sparse operators. Chou et al. [34] introduce

an approach for generating efficient kernels for sparse format conversion. Henry et al. [62]

generalize TACO to sparse array programming. These works have huge impact on the design

of SparseTIR. Sympiler [29] builds a symbolic inspector to analyze sparse structure at compile-

time and generates efficient code. Parsy [30] generalize the idea to support parallelization. SPF

[148] proposes a inspector-executor framework compatible with polyhedral transformations.

Mohammadi et al. [101] proposes data dependence simplication algorithm for compiler

generated inspectors. These compilers have huge potential for utilizing sparse structures,

and we’re exploring the possibility of combining them with composable formats. Taichi

[68] decouple data structure and kernel description for physics simulation programming; its

compiler optimization focuses on spatial sparse data, unsuitable for DL. Tiramisu [8] supports

automatic selection of dense/sparse kernels at computational graph-level. However, it lacks

tensor-level sparse code generation. COMET [157] and MLIR Sparse Dialect [12] are two

MLIR dialects that explore composable IR design for sparse tensor algebra. Both treat sparse

tensors with format annotation as first-class members in the IR; however, neither considers

decomposable formats. CoRA [50] proposes a compiler infrastructure for ragged tensors [155]:

a special form of sparse tensors. The operation splitting in CoRA is also a special case of
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format decomposition in SparseTIR. SparTA [193] proposes sparse annotations for network

pruning; its annotation is still dense and thus not applicable to highly sparse matrices used in

GNNs. SparseLNR [45] proposes branched iteration graph to support factoring reductions and

loop-fusion for sparse tensor algebra, these schedules can be formulated as stage-I schedules

in SparseTIR as we support branches in the IR.

GNN systems and compilers. PyG [53] and DGL [167] propose programming interfaces

for the programming message-passing [55] modules in GNN models. Both frameworks use

vendor libraries and handwritten operators to accelerate specific message-passing patterns.

Featgraph [69] optimizes generic GNN operators with TVM. However, it fails to support more

operators because TVM lacks sparsity support. FusedMM [126] fuses SDDMM and SpMM

operators, thus accelerating GNN training and saving GPU memory footprint. FusedMM

can be described and optimized in SparseTIR. Seastar [174] and Graphiler [177] compile

user-defined message-passing functions to their intermediate representations (IR) and then

optimize the IR and emit template-based, target-specific code: these templates still have

limited expressiveness and cannot consider a wide range of the optimization space. SparseTIR

could serve as a backend for these GNN compilers. GNNAdvisor [171] proposes a CUDA

template for GNN computations and uses graph characteristics to guide the performance

tuning of GNN training. QGTC [170] and TC-GNN [169] explore accelerating GNNs with

TensorCores. Notably, the “condensing” technique proposed in TC-GNN is equivalent to

SpMM on SR-BCRS format as shown in Section 3.3.3. The contribution of these papers is

orthogonal to SparseTIR.

Sparse kernel optimizations. Merge-SpMM [179], ASpT [64], GE-SpMM [71], Sputnik

[54] and DA-SpMM [38] explore different schedule spaces for SpMM optimization on GPUs.

We carefully examined the optimizations suggested in theses papers and propose a composable

abstraction to unify them. OSKI [165] is a library for auto-tuning sparse operators, with

a focus on optimizing operators on cache-based, super-scalar architectures such as CPUs.
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However, OSKI do not support customizing sparse operators.

Sparse format optimizations. Pichon et al. [118] propose to reorder rows and columns

in 2D sparse matrices to increase the block granularity of sparse matrices. Li et al. [87]

study the problem of reordering sparse matrices to improve cache locality of operators on

them. Mehrabi et al. [95] and Wang et al. [171] propose to reorder rows and columns of

sparse matrices to accelerate SpMM on GPUs. These algorithms can act as pre-processing

steps in SparseTIR to discover efficient composable formats.

Hardware-efficient algorithms. There have been a growing trend of sparsity in Deep

Learning [63]. To make better use of underlying hardware, researchers propose pruning

algorithms with block-sparsity [83] and bank-sparsity [21, 195] to utilize acceleration units

in GPUs, and ES-SpMM [91] for load balancing. SparseTIR’s composable abstractions can

help researchers explore more complex sparse patterns with ideal performance on modern

hardware.

3.5 Future Work

Automatic scheduling SparseTIR still requires users to specify schedule templates like

they do for the first-generation of Halide and TVM. The Halide auto-scheduler [2], FlexTensor

[194], Ansor [191] and Meta-scheduler [142] have been proposed to automatically generate

schedule templates for dense tensor compilers. We expect these techniques would also prove

helpful for sparse compilation. Searching for the optimal schedule is time consuming, Ahrens

et al. [5] propose an asymptotic cost model for sparse tensor algebra to narrow the schedule

space of sparse kernels, which could also benefit our work.

Automatic format decomposition In this paper we explore only manually designed

format decomposition rules. We leave automatic format selection [15, 16] and decomposition

for future work.
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Dynamic Sparsity Some models [49, 120, 144] exhibit dynamic sparsity, where the

position of non-zero elements changes overtime thus searching for best schedule for each

matrix become impractical. DietCode [189] proposes shape-generic search space, micro-kernel

based cost model and a lightweight dispatcher to dispatch kernel at runtime, the idea is also

applicable to sparse tensor programs.

Integration with graph-level IR SparseTIR models only tensor-level sparsity, we plan to

extend the sparse attributes in SparseTIR to graph-level IRs like XLA [43] and Relay [131].

3.6 Conclusion

We introduce SparseTIR, a composable abstraction for sparse operators in deep learning.

Its key innovation is the use of composable formats and composable transformations, and

together they form the parameter search space for performance tuning. Evaluations on generic

sparse deep learning show that SparseTIR achieves significant performance improvements

over existing vendor libraries and frameworks.



51

Chapter 4

FLASHINFER

The Transformer architecture has become the primary backbone for large language models

(LLMs), prominently featuring attention mechanism [161] as its most salient component. As

LLMs rapidly evolve and find applications in diverse fields, the demand for efficient GPU

attention kernels grows, with the goal of enabling scalable and responsive model inference.

At the heart of LLM inference lies the attention computation, which plays a crucial role

in processing historical context and generating outputs based on query vectors. In LLM

serving, the attention mechanism reads from the KV cache, which stores historical context,

and computes outputs based on the current query. The efficiency of this attention operator is

paramount to the overall performance of an LLM inference systems. However, creating high-

performance attention kernels tailored for LLM serving introduces challenges not typically

encountered in traditional training environments.

Two major challenges arise when building efficient attention support for LLM systems:

LLM applications exhibit diverse workload patterns and input dynamics. LLM

serving involves various attention computation patterns, from prefill computation for context

processing to batched decoding during serving [184]. As multiple requests are processed,

opportunities for prefix-reuse emerge, and the introduction of tree decoding in speculative

scenarios creates additional attention patterns [20, 28, 96]. Moreover, query lengths and KV

caches vary within batches and over time, naive implementation might suffer load-imbalance

issue, optimal scheduling requiring kernel to adapt dynamically for optimal performance.

Modern hardware implementations necessitate the customization of attention

operators. On the memory side, efficient storage formats, such as paged attention [82]

and radix trees [192], are critical for managing the growing KV cache sizes and diverse
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Unified KV-Cache Format
(section 3.1)

Dynamic-aware Compiler & Runtime
(section 3.2 & 3.3)
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Figure 4.1: Overview of the FlashInfer system design: Attention variant specifications, task

information and KV-cache layout specifics are provided at compile time for JIT compilation,

while sequence length information is input at runtime for dynamic scheduling.

storage patterns. On the compute side, crafting hardware-specific pipelines and templates is

indispensable to fully exploit the performance potential of each GPU architecture [39, 141].

Furthermore, the design must accommodate the increasing variety of attention mechanisms

in modern LLMs, such as grouped attention heads [6, 143], specialized masks [11], and

customized attention score computations [128, 130, 175], necessitating flexible and scalable

implementation strategies.

The combined complexity of workload diversity and hardware heterogeneity complicates

the development of a comprehensive attention solution. Currently, each system implements

a specialized attention solution based on a subset of these characteristics, leading to high

maintenance overhead and potential inefficiencies. To address these challenges, we intro-

duce FlashInfer, a code-generation based attention engine designed to accelerate attention

computation in LLMs. Our approach incorporates several key designs:

FlashInfer utilizes a block-sparse format to tackle KV-Cache storage hetero-
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geneity. This format serves as a unified data structure for various KV-Cache configurations,

with adjustable block sizes allowing fine-grained sparsity, such as vector-level sparsity [27, 89].

This approach unifies diverse KV-Cache patterns and enhances memory access efficiency.

A customizable attention template supports different attention variants in

FlashInfer. FlashInfer provides a customizable programming interface for users to implement

their attention variants. FlashInfer uses Just-In-Time (JIT) compilation to translate these

variants into highly optimized block-sparse implementations, ensuring rapid adaptation to

varying attention configurations.

FlashInfer employs a dynamic load-balanced scheduling framework to handle

input dynamism effectively. It separates compile-time tile size selection from runtime

scheduling, offering lightweight APIs that adaptively manage scheduling with changing

KV-Cache lengths during inference, while maintaining compatibility with CUDAGraph’s

requirement for constant configurations [56, 104].

Figure 4.1 depicts our system design. We evaluated FlashInfer’s performance across

standard LLM serving environments and innovative scenarios, including prefix sharing and

speculative decoding. FlashInfer have been integrated with mainstream LLM serving engines,

including vLLM [82], MLC-Engine [84, 100], and SGLang [192], we assessed its impact on

end-to-end latency and throughput improvements, showing significant enhancements on

standard LLM serving benchmarks and novel applications such as long-context inference and

parallel generation.

Our contributions include:

• Introduction of flexible block-sparse and composable formats addressing KV-Cache

storage heterogeneity for efficient memory management and access.

• Development of a customizable attention template accommodating diverse attention

variants, ensuring high-performance execution via JIT compilation.

• Design of a dynamic scheduling framework managing input dynamism while remaining

compatible with CUDAGraph, maximizing hardware utilization.

• Comprehensive evaluation demonstrating substantial improvements in kernel and end-
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to-end performance.

4.1 Background

4.1.1 FlashAttention

FlashAttention [40] is an efficient algorithm for computing exact attention with reduced

memory usage. During the forward pass, it employs the online-softmax trick [98], updating

attention outputs on-the-fly using a constant amount of on-chip memory, thus avoiding

materializing the attention matrix in GPU global memory. FlashAttention2&3 [39, 141]

improve performance by optimizing loop ordering and pipeline design for Ampere and Hopper

GPUs. FlashInfer builds upon these advancements.

The operational intensity of FlashAttention is given by O
(

1
1/lqo+1/lkv

)
, where lqo and lkv

are the query and key-value cache lengths, respectively. In LLM serving, the query length

is either equal to (prefill) or smaller than (decode/incremental prefill) the key-value cache

length, simplifying the operational intensity to O(lqo). Techniques like batching [184] do not

alter this operational intensity. Multi-Query Attention (MQA) [143] and Grouped Query

Attention (GQA) [6] optimize the KV-Cache size by grouping queries and sharing the same

KV-Cache entries. The ratio of the number of queries to the number of KV-Cache entries is

denoted as the group size g = Hqo

Hkv
, enhancing operational intensity to O(g · lqo).

4.1.2 Attention Composition

Block-Parallel Transformer (BPT) [92] demonstrates that attention outputs for the same

query and different keys/values can be composed by preserving both the attention outputs

and their scales. Let q be a query, and let I be an index set. We define the attention scale

over I via the log-sum-exp operation on the attention scores:

LSE(I) = log
∑
i∈I

exp(q · ki) (4.1)

where ki is the i-th key vector. The corresponding attention output O(I) is then



55

O(I) =
∑
i∈I

exp(q · ki)

exp(LSE(I))
· vi (4.2)

We define the Attention State for I as the tuple of attention output and attention scale: O(I)

LSE(I)

. Crucially, the Attention State of I ∪ J can be derived by composing the states

of I and J . Specifically, introducing an operator ⊕: O(I ∪ J )

LSE(I ∪ J )

=
 O(I)

LSE(I)

⊕

 O(J )

LSE(J )


=

 exp(LSE(I))O(I)+exp(LSE(J ))O(J )
exp(LSE(I))+exp(LSE(J ))

log(exp(LSE(I)) + exp(LSE(J )))


Since ⊕ is associative and commutative, multiple sets of attention states can be composed

in any order. Ring-Attention [93] and Flash-Decoding [41] utilize this property to offload

partial-attention computations, thereby reducing memory usage and improving hardware

efficiency. In FlashInfer, the Attention State is adopted as the canonical output of an attention

operation, and ⊕ serves as the standard reduction operator (analogous to summation in

GEMM) on these states.

4.1.3 Block/Vector Sparsity

Block Compressed Sparse Row (BSR) is a hardware-efficient sparse format that groups non-

zero elements into contiguous matrices of size (br, bc), as opposed to the random scattering

found in unstructured sparsity. This format offers several advantages over the standard

Compressed Sparse Row (CSR) format. BSR improves register reuse efficiency [18, 72]

and demonstrates better compatibility with hardware matrix multiplication units on GPUs

and NPUs [57, 103]. In addition, it provides the ability to skip empty blocks, reducing

computational overhead. BSR’s efficiency is particularly evident when subcomputations are

aligned with hardware matrix multiplication instructions, such as NVIDIA’s mma instructions.

Traditionally, tensor core instructions operate on minimal dimensions of 16 (or larger for
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newer GPUs), leading most block-sparse kernels to use block sizes that are multiples of

(16, 16). However, this approach is not always optimal for applications with fine-grained

sparsity patterns [172]. Many attention libraries restrict their block sizes to multiples of

(128, 128) for block-sparse attention kernels.

Recent research [27, 89] has demonstrated that efficient utilization of the tensor core can

be achieved with smaller block sizes, such as (16, 1) for matrix B in GEMM, or (1, 16) for

matrix A (also known as vector-sparse). This is accomplished by first gathering rows/columns

into contiguous shared memory and then applying dense tensor cores to these contiguous

shared-memory data. This approach is particularly beneficial for applications with fine-grained

sparsity patterns. FlashInfer builds upon these techniques to support blocks with arbitrary

column sizes Bc, offering greater flexibility and efficiency in handling diverse sparsity patterns.

4.2 Design

In this section, we introduce the system design of FlashInfer. We begin by presenting the

data structure employed in FlashInfer and demonstrate how Block-Sparse Row (BSR) acts

as a versatile abstraction for KV cache storage in attention kernels. Next, we discuss the

FlashInfer compiler, which supports various attention variants, alongside a dynamic-aware

runtime scheduler that facilitates load-balanced scheduling of attention kernels. Finally, we

describe the user-level API designed for integrating FlashInfer with existing LLM serving

systems.

4.2.1 KV-Cache Storage

Block-Sparse Matrix as Unified Format

Recent advancements in KV-Cache storage, such as PageAttention [82] and RadixAtten-

tion [192], employ non-contiguous memory storage with a minimum granularity of a block

(or token) of (H,D) tensors, where H represents the number of heads and D the hidden di-

mension. These structures are optimized to minimize memory fragmentation while enhancing



57

memory reuse and cache hit rates. We demonstrate that these diverse data structures can be

unified under a block sparse format, as illustrated in Figure 4.2.

#KV physical page idx

Request 1

Request 2

Request 3

Query

Logical KV-Cache Block Physical KV-Cache Block

Request id 1

2

0 (H * D)

Block Sparse Matrix

 = (8, 4, 4)
Page size ( ) = 1
Query tile size( ) = 4

Figure 4.2: Representation of Page Table in BSR (Br = 4, Bc = 1) format. The number of

column blocks in the block sparse matrix corresponds to the total number of blocks allocated

for the Page Table. Non-zero blocks represent KV-Cache pages accessed by queries.

The conceptual equivalence between page tables and sparse matrices has been previously

explored in SPGrid [140], which leverages Translation Lookaside Buffer (TLB) hardware

for efficient sparse structure indexing. Beyond page tables and radix trees, sparse matrices

can also effectively represent various attention mechanisms, such as Tree Attentions used in

speculative decoding [20, 28, 96] and importance masks applied to KV-Cache [153].

In FlashInfer, we implement a unified strategy for data representation. Query and output

matrices are efficiently stored as ragged tensors (also known as jagged arrays) [155] without

padding, which facilitates the compact packing of queries and outputs from diverse requests
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into a single tensor. Initially, keys and values are maintained in ragged tensors using the

same index pointers as queries, as they originate from the projection matrices Wq,Wk,Wv

applied to the same input. These keys and values are subsequently incorporated into the

KV-Cache with newly updated entries. The KV-Cache employs a block-sparse row (BSR)

format, where block sizes are defined by application requirements: Br corresponds to the

query tile size, details of which will be discussed in later sections, and Bc is specified by

KV-Cache management algorithms. FlashInfer kernel implementations supports arbitrary

(Br, Bc) values.

Composable Formats for Memory Efficiency

Inspired by SparseTIR [183], we enhance attention computation efficiency through composable

formats. This approach leverages multiple block sparse formats instead of a single format to

store the sparse matrix, offering greater flexibility and memory efficiency. Single block-sparse

formats are constrained by a fixed block size, limiting memory efficiency based on the number

of rows in the block (Br). While larger Br values improve shared memory and register reuse

for requests within the same block, they also increase fragmentation. Conversely, requests in

different blocks cannot access each other’s shared memory.

Our composable format design allows for the decomposition of the KV cache sparse matrix

based on prior knowledge. For instance, if certain requests share a prefix, the corresponding

rows and columns in the KV cache form a dense submatrix. We can then use a block sparse

matrix with a larger Br to store these submatrices efficiently. Figure 4.3 illustrates this

concept, showing how shared prefixes can be optimized using composable formats. This

approach doesn’t require data movement in the KV cache; instead, we compute the indices

and index pointer arrays for the sparse submatrices. Attention computations on larger block

sizes can access shared KV cache entries using fast shared memory and registers, significantly

improving memory efficiency.
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Figure 4.3: Composable formats for shared-prefix decomposition in attention computation.

The queries corresponding to the first 6 rows have a shared prefix, as do the queries in the

last 6 rows. We store the KV cache corresponding to the shared prefix in a block sparse

matrix with a block size of (3, 1), while storing the remaining unique KV cache in another

block sparse matrix with a block size of (1, 1). For block size (3, 1), 3 queries can share the

same KV cache in high-bandwidth shared memory, while for block size (1, 1), each query

access KV-Cache within its own threadblock, which can only go through low-bandwidth

global memory or L2 cache.

4.2.2 Compute Abstraction

We developed CUDA/CUTLASS [156] templates for FlashAttention, designed specifically

for both dense and block-sparse matrices and compatible with NVIDIA GPU architectures

from Turing to Hopper (sm75 to sm90a). Our implementations utilize the FlashAttention2

(FA2 for short) algorithm [39] for architectures up to Ada(sm89), and the FlashAttention3

(FA3 for short) algorithm [141] for Hopper. Key improvements include enhanced loading of

sparse tiles into shared memory, expanded tile-size configurations, optimized memory access
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patterns for grouped query attention, and customizable attention variants.

Global to Shared Memory Data Movement

The FlashInfer attention template supports any block size, requiring a specialized data

loading approach since blocks may not align with tensor core shapes. As discussed in Section

4.1.3, we address these challenges by transferring tiles from scattered global memory to

contiguous shared memory for dense tensor core operations. Tensor core inputs for a single

MMA instruction can originate from different blocks within a block-sparse matrix. Figure

4.4 illustrates how FlashInfer loads tiles from sparse/dense KV-Cache into shared memory;

sparse KV-Cache addresses are computed using the indices arrays of the BSR matrix, while

dense ones use row index affine transformations.

The last dimension of the KV-Cache remains contiguous (with size of head dimension

d, commonly 128 or 256), maintaining coalesced memory access that fits GPU cache line

sizes. We use asynchronous copy instructions LDGSTS with a 128B width to maximize memory

bandwidth. Although the Tensor Memory Accelerator (TMA) in Hopper architecture can

further accelerate data movement, it doesn’t support non-affine memory access patterns.

Consequently, we only use TMA for contiguous KV-Cache on Hopper GPUs and fall back to

Ampere-style asynchronous copies for other settings where TMA isn’t suitable.

Post-transfer to shared memory, the sparse and dense FlashAttention implementations

converge, allowing consistent kernel usage with variations only in data loading modules.

Microkernel with Different Tile Sizes

To adapt to the varying operational intensities of LLM applications, FlashInfer implements

the FA2 algorithm across multiple sizes. Traditional FA2 uses limited number of tile sizes

(e.g., (128, 64)), optimal for prefill on A100 but inefficient for shorter-query-length decoding.

One architecture’s ideal tile size may not suit others; for instance, Ada(sm89) has limited

shared memory, affecting SM occupancy with large tiles.
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Figure 4.4: Data transfer from global to shared memory for sparse/dense KV-Cache in

FlashInfer. Left: Sparse KV-Cache with bc = 2; Right: Dense KV-Cache. Head dimension d.

FlashInfer offers FA2 kernels with tile sizes (1, 16, 32, 64, 128)× (32, 64, 128) and selects

using heuristics based on hardware resources and workload intensity:

1. Determine average query length (for Grouped-Query Attention, the query length are

fused with head group dimension, see Appendix 4.2.2) per batch, choosing the minimal

query tile size meeting or exceeding it.

2. Formulate register and shared memory constraints as functions of K/V tile size, maxi-

mizing SM resource occupancy.

JIT Compiler for Attention Variants

For query tile size 1, we use CUDA Cores template since tensor core instruction m (minimum

rows) is 16, and use Tensor Cores for other query tile sizes. For FA3 we provide row tile sizes

that are multiples of 64, aligning with Hopper’s WGMMA requirements. Tile sizes resolve

at compile-time considering task specifics (decoding, prefill, etc.) and hardware capabilities.

The block row size Br is block-sparse matrix is aligned with the query tile size Tq.

Recent LLM models use variants to standard attention algorithms. Supporting various
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spec_decl = r"""
template <typename Params_, typename KernelTraits_>
struct FlashSigmoid {
  using Params = typename Params_;
  using KernelTraits = typename KernelTraits_;
  static constexpr bool use_softmax = false;
  float scale, bias;
  FlashSigmoid(const Params& params, int batch_idx, uint8_t*
smem_ptr) {
    // Copy from CUDA constant memory to registers
    scale = params.scale;
    bias = params.bias;
  }
  ...
  float LogitsTransform(const Params& params, float
logit_score, int batch_idx, int qo_idx, int kv_idx, int
qo_head_idx, int kv_head_idx) {
    return 1. / (1. + expf(-(logits_score * scale + bias)));
  }
};
"""
attn_spec = AttentionSpec(
  "FlashSigmoid",
  dtype_q, dtype_kv, dtype_o, idtype, head_dim, is_sparse,
  additional_vars=[("scale", "float"), ("bias", "float")],
  additional_tensors=[],
  spec_decl=spec_decl
)

template <typename DTypeQ, typename DTypeKV, typename DTypeO,
typename IdType>
struct Params {
  DTypeQ* q;
  DTypeKV* k, v;
  DTypeO* o;
  float* lse;
  IdType* qo_indptr, kv_indptr, kv_indices, kv_seq_lens;
  ...
  // (generated) additional vars
  float scale;
  float bias;
};

template <typename AttentionSpec>
__global__ KernelTemplate(
  AttentionSpec::Params params) {
  ...
  // Init attention specification class.
  AttentionSpec attn(params, batch_idx, smem_ptr);
  ...
  // Iterate over all elements inside the thread logits tile.
  for (int i = 0; i < size(logits_tile); ++i) {
    // convert register index i to qo_idx, kv_idx, etc.
    qo_idx = get<0>(logits_tile(i));
    kv_idx = get<1>(logits_tile(i));
    ...
    logits_tile(i) = attn.LogitsTransform(
      params, logits_tile(i),
      batch_idx, qo_idx, kv_idx,
      qo_head_idx, kv_head_idx);
  }
  ...
}

torch::Tensor attention_call(
  torch::Tensor q, torch::Tensor k, torch::Tensor v,
  ...
  float scale, float bias  // (generated) additional vars) {
  ...
  auto kernel = KernelTemplate<FlashSigmoid<Params<{{dtype_q},
{{dtype_kv}}, {{dtype_o}}, {{idtype}}>, KernelTraits>>;
  ...
}
// Register torch custom ops
TORCH_LIBRARY_IMPL("FlashSigmoid", CUDA, m) {
  m.impl("run", &attention_call);
}

struct KernelTraits {
  static constexpr HEAD_DIM = {{head_dim}};
  static constexpr IS_SPARSE = {{is_sparse}};
  ...
};

Attention Specification in Python

Part 4: Register custom operators in PyTorch

Part 2: Kernel Traits classPart 1: Kernel Parameters Class

Part 3: Kernel Body

Figure 4.5: JIT compiler for attention variants in FlashInfer, featuring CUDA code strings

defining variant functors, additional variables/tensors, and data types, used to populate

kernel templates. Corresponding codes share highlighting.

attention variants in CUDA library is not sustainable because the we specialize the kernel

for each variant for maximum performance, and the number of variants is growing rapidly.

However, most attention variants have similar structure to the vanilla attention so we can

use the same skeleton of FlashAttention kernels with small modifications. Inspired by

FlexAttention [61], we designed a customizable CUDA template and a JIT compiler that

takes the attention variant specification as input and generates the optimized kernel code.

The variant specification includes the following functors:

• QueryTransform, KeyTransform, ValueTransform: The transformation applied to

the query/key/value tensor before the attention computation.

• OutputTransform: The transformation applied to the attention output tensor before

returning.

• LogitsTransform, LogitsMask: The transformation applied to the logits tensor before

the softmax computation, and the mask applied to the logits tensor.

Each functor has a fixed signature that takes the kernel parameters, input and current

query/key/head index as input, and returns the output. Those variant functions are specified
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as member of a user-defined variant class which creates a closure for the variant functors.

Functors such as LogitsTransform and LogitsMask are inspired by FlexAttention [61] and

can be used to implement the attention variants with customized logits postprocessing such

as custom mask, logits soft-cap [130, 175] and sliding window attention [11]. FlashInfer

has an option of using softmax or not in the attention variant specification, which makes it

capable of supporting attention variants that don’t use softmax, such as FlashSigmoid [128].

FlashInfer’s query and key transformation functors making it possible to fuse normalization,

RoPE [149] and projection [42] into the attention kernel.

Figure 4.5 shows how FlashInfer maps FlashSigmoid’s [128] attention specification to

different parts of FlashInfer’s CUDA templates. Attention specificiation accepts a piece of

CUDA code to define the variant functors, such design also enables user to use advanced

PTX instructions 1 or even their own libraries. The JIT compiler generates the CUDA code

by inserting the variant class and other information into the template, and the generated

CUDA code is compiled with PyTorch’s JIT compiler 2 and registered as a custom operator 3.

We also support compiling to other runtime systems through a framework agnostic DLPack 4

interface.

Head Group Fusion for Grouped-Query Attention

Grouped-Query Attention (GQA) [6] allows multiple query heads to share the same key-value

(KV) heads. A straightforward implementation that assigns distinct GPU threadblocks to

each query head leaves much of the potential KV-Cache reuse underutilized when the query

length is short. To address this limitation, FlashInfer offers a head-group fusion strategy:

different KV heads are mapped to individual threadblocks, while query heads are fused with

the query length dimension. This fusion scheme is illustrated in Figure 4.6, which shows

1https://docs.nvidia.com/cuda/parallel-thread-execution/
2https://pytorch.org/tutorials/advanced/cpp_extension.html#jit-compiling-extensions
3https://pytorch.org/tutorials/advanced/custom_ops_landing_page.html
4https://github.com/dmlc/dlpack

https://docs.nvidia.com/cuda/parallel-thread-execution/
https://pytorch.org/tutorials/advanced/cpp_extension.html#jit-compiling-extensions
https://pytorch.org/tutorials/advanced/custom_ops_landing_page.html
https://github.com/dmlc/dlpack


64

how the fused row index relates to the original row index and the head indices. By merging

the query-head dimension with the row dimension in the threadblock mapping, a single

shared-memory load of the KV-Cache suffices for all query heads in the group, leading to

better memory reuse and improved throughput for GQA operations.

Head Group
Fusion

GQA group size ( ) = 5

=3

Fused query(output) length

Fused row index to row index:

Fused row index to Q/O head index:

0

1

2

0
1
2
3
4
5
6
7
8
9

10
11
12
13
14

Row
Index

Fused Row
Index

Figure 4.6: FlashInfer’s head-group fusion of query heads with the query length dimension in

GQA.

We prefer head-group fusion primarily for short query lengths. When the query length is

sufficiently large, the query dimension itself yields enough workload to effectively utilize the

KV-Cache, making head-group fusion less critical. Similar ideas have also been explored in

other frameworks, such as XQA [110] in TensorRT-LLM [109].

FP8–FP16 Mixed-Precision Attention

Recent LLMs frequently adopt fp8 KV-Cache to reduce memory bandwidth and storage

costs [97]. In FlashInfer, we implement mixed-precision attention kernels wherein the query
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and output remain in fp16, while the KV-Cache is stored in fp8. We leverage the fast

numerical array converter and fragment shuffler proposed by CUTLASS [58] to accelerate

dequantization and handle bitwidth mismatches efficiently. This design allows for reduced

memory footprints and higher bandwidth utilization without significantly compromising

numerical accuracy.

4.2.3 Dynamism-Aware Runtime

In this section we introduce the runtime design of FlashInfer, including the dynamic scheduling

framework, and the composable formats for memory efficient attention.

Load-balanced Scheduling

In FlashInfer, the load-balanced scheduling algorithm aims to minimize SM idle time by

distributing the workload evenly across all SMs. It takes the sequence length information

of the query/output and key/value dimensions as input, and produces both the mapping

between the workload and Cooperative Thread Arrays (CTAs) and the index mapping for

partial and final outputs. The algorithm is presented in Algorithm 1 (the head dimension is

omitted for simplicity). Our approach is inspired by Stream-K [113]; however, because LLM

serving requires deterministic outputs, we did not incorporate atomic aggregation in Stream-K

implementation to avoid non-deterministic behavior. The scheduling algorithm generates

deterministic aggregation order when provided with identical sequence length information.

Figure 4.7 shows the workflow of FlashInfer’s runtime scheduler. The attention kernel do

not produce the final output directly because some long KV are split into multiple chunks,

and the final output is the contraction (using the attention composition operator mentioned

in section 4.1.2) of all chunks’ partial outputs. The partial outputs are stored in a workspace

buffer provided by the user (see section 4.2.5). FlashInfer implements efficient attention

composition operator that can deal with variable length aggregation. The work queue of

each CTA, and the mapping between partial and final outputs need to be planned by the
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Algorithm 1 FlashInfer’s balanced scheduling algorithm
1: Input: {lqo(i), lkv(i)}i, query tile size Tq .

2: Define the cost of a tile lq , lkv as (α, β are hyperparameters):

cost(lq , lkv) = αlq + βlkv

3: Compute the maximum KV chunk size Lkv by

Lkv ←

∑
i⌈

lqo(i)

Tq
⌉ · lkv(i)

#CTA

4: Split each query tile’s KV into chunks, with maximum size Lkv , we assign each chunk a work index w, and the length of the

chunk is lkv(w).

5: Let W = {(w, lkv(w))} and sort the entries in descending order of length.

6: Q← PriorityQueue({(c, 0)}) where c is the CTA index.

7: while W ̸= ∅ do

8: c, current_cost← Q.popmin()

9: w, lkv(w)←W.pop()

10: new_cost← current_cost + cost(Tq , lkv(w))

11: Assign chunk w to CTA c

12: Q.push((c,new_cost))

13: end while

scheduler. Once plan information is computed on CPU 5 FlashInfer asynchronously copy

the plan information to a specific region of the workspace buffer on GPU, and the plan

information is used as inputs for persistent attention/contraction kernels. The scheduler runs

per generation step to produce plan information as the sequence length changes for each

generation step on CPU, and overhead can be amortized over multiple layers because the

same plan information can be reused for all layers.

FlashInfer guarantees both attention and contraction stage are compatible with CUDA-

Graphs [56, 104]. Both attention and contraction stage use persistent kernel and the grid

size is fixed once compiled, which means the kernel is launched with the same grid size for

5In some LLM inference workloads, each layer may have different sequence length information, making
it impractical to cache plan information for all layers. In such cases, we provide a GPU-based scheduler
implementation to avoid CPU-GPU communication overhead. The scheduling algorithm can also be
executed on-the-fly when minimizing latency is critical.
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Figure 4.7: FlashInfer’s load-balanced runtime scheduler, sequence length information (both

on query/output and key/value dimension) are provided to the scheduler to compute the

plan information: (1) Work queue of each CTA (2) Index mapping between partial and final

outputs. These plan information are cached at GPU-side and used as inputs for persistent

attention/contraction kernels.

each generation step. We set the fixed offset for each section of the workspace buffer to store

partial outputs and plan information to make sure the pointers passed to the kernel are the

same for each generation step, meeting the requirement of CUDAGraphs (see Appendix 4.2.4

for details). We merge the two stages into one persistent kernel, separated by a global barrier

grid.sync(), eliminating intra-kernel overhead. 6.

6The overhead could be further reduced by fine-grained CTA-level semaphores stored in global memory,
see https://github.com/flashinfer-ai/flashinfer/pull/1200 for more details

https://github.com/flashinfer-ai/flashinfer/pull/1200
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4.2.4 Memory Management

FlashInfer manages a page-locked (pinned) host buffer and a device workspace buffer to

store scheduler metadata and split-k partial outputs. We divide the device workspace buffer

into sections, each corresponding to an array of either scheduler metadata or partial split-k

outputs. For each plan call in the scheduler, we compute the scheduler metadata on the pinned

host buffer and then issue a cudaMemcpyAsync to transfer this data into the corresponding

sections of the device workspace buffer.

CUDAGraph-Compatible Workspace Layout

Once a kernel is captured by CUDA Graph, its arguments (pointers and scalars) become

fixed, implying that each section of the device workspace buffer must maintain a consistent

address for the entire captured graph’s lifetime. Therefore, we allocate the workspace buffer

to its maximum required capacity for each section, based on upper-bound estimations of

scheduler metadata and partial outputs.

Split-K Writethrough Optimizations

In FlashInfer’s load-balancing scheduler (Section 4.2.3), KV-splitting is only applied to

requests that have large KV lengths. Requests with short KV lengths do not require splitting

and hence have no reduction step from partial output. To save both computation and

workspace memory, these small requests can write their partial outputs directly to the final

output buffer (bypassing the device workspace buffer). This approach reduces both the

required workspace size and the computational load within the contraction kernel.

Workspace Buffer Size Estimation

The workspace buffer size depends on two main factors: (1) the required space for scheduler

metadata, and (2) the required space for storing partial split-k outputs.
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Scheduler Metadata. The maximum size of each metadata section is derived from the

largest possible number of concurrent requests and the maximum accumulated request length.

Users must provide these upper bounds during the scheduler’s first planning stage.

Partial Outputs. The size of partial outputs depends on both the problem dimensions

(i.e., the number of heads and the head dimension) and the number of CTAs per kernel launch.

In our load-balancing algorithm 4.2.3, only requests deemed “long” – those whose KV length

exceeds the total KV length divided by the number of CTAs – are split. According to the

Writethrough Optimizations in Section 4.2.4, only these split requests produce outputs in the

workspace buffer. Because the number of splits cannot exceed the total number of CTAs,

and each split yields at most two tiles that must be merged, there are at most 2×#CTA

partial outputs. Each tile produces a partial output of size Tq ·Hqo · (D + 1), where Tq is

the query tile size, Hqo is the number of heads, and D + 1 is the head dimension and LSE

dimension. Therefore, the upper bound for the total partial output size is:

2#CTA × Tq ×Hqo × (D + 1).

By default, the total number of CTAs is set to k ×#SM, where #SM denotes the number of

streaming multiprocessors on the GPU and k is chosen to maximize CTA-level occupancy.

For tensor-core based microkernels with high register usage, k typically does not exceed 2

on Ampere, and it is often 1 on Hopper (one CTA per SM, also referred to as a persistent

kernel).

4.2.5 Programming Interface

FlashInfer offers a programming interface designed for seamless integration with existing

LLM serving frameworks such as vLLM [82], MLC-Engine [100], and SGLang [192].
# Create workspace buffer
workspace = torch.empty(...)
seqlen_info.init()

# Compile: create CUDAGraphs
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graphs = []
for task_info in task_infos:
# Init: compile kernels according to spec
attn = AttentionWrapper(attn_spec, task_info, workspace)
g = torch.cuda.CUDAGraph()
# Dummy plan
attn.plan(seqlen_info)
# Capture CUDA graphs
with torch.cuda.graph(g):

for i, layer in enumerate(layers):
...
attn.run(...)
...

graphs.append(g)

# Runtime: select the best CUDAGraph
g = select_graph(graphs)
finished = False
# Text generation loop
while not finished:
seqlen_info.update()
# Plan per generation step
attn.plan(seqlen_info)
# Replay CUDA−Graph
g.replay()

Listing 4.1: FlashInfer PyTorch Programming Interface

Listing 4.1 shows the PyTorch programming interface of FlashInfer. The user initializes

the wrapper by providing the attention variant specification, task information, and a user-

allocated workspace buffer (see Appendix 4.2.4 for details) to store partial output and plan

information for FlashInfer dynamic scheduling. Kernel are JIT-compiled at init time and

cached for reuse. For composable formats (section 4.2.1), FlashInfer creates multiple attention

wrappers, each with distinct block sizes. Kernels with different average query length and

composable format configurations are compiled and captured in different CUDAGraphs.

At runtime, the serving framework selects the most appropriate CUDAGraph based on

the current KV-Cache configuration, ensuring optimal performance for varying workload

characteristics.
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The plan function activates the dynamic scheduler by processing sequence length data to

generate load-balanced scheduling plans. These plans are cacheable, allowing reuse across

operators with matching sequence length specs, such as all decode attentions in a generation

step. The run function executes the attention computation using inputs of query, key, value,

and cached plan data, outputting the attention results. CUDAGraph can capture calls to run

functions and compile the entire attention generation step into a single graph. However, plan

function is not captured by CUDAGraph because it’s on CPU. The plan and run division

is inspired by the Inspector-Executor (IE) model [99, 119, 134], which is widely used for

parallelizing irregular workloads.

4.3 Evaluation

In this section, we evaluate FlashInfer v0.2 on kernel-level and end-to-end performance

showing how FlashInfer’s design address the challenges of LLM serving. We achieve 29-

69% inter-token-latency reduction compared to Triton backend for LLM serving benchmark,

28-30% latency reduction for long-context inference, and 13-17% speedup for LLM serving

with parallel generation. We conduct experiments on NVIDIA A100 40GB SXM and H100

80GB SXM GPUs, using CUDA 12.4 and PyTorch 2.4.0 and f16 precision for storage and

computation.

4.3.1 End-to-end LLM serving performance

We evaluate FlashInfer with SGLang v0.3.4 [192] and compare its performance against two

settings: SGLang with Triton v3.0 [159]. The latter is a leading LLM serving engine optimized

for NVIDIA GPUs; however, its attention kernels are closed-source, which limits transparency

and potential for community-driven improvements. To ensure a comprehensive evaluation,

we employ two datasets: the widely-used ShareGPT dataset 7 and a synthetic workload

(Variable) with sequence lengths uniformly distributed between 512 and 2048 tokens. We

7https://huggingface.co/datasets/anon8231489123/ShareGPT_Vicuna_unfiltered/resolve/
main/ShareGPT_V3_unfiltered_cleaned_split.json

https://huggingface.co/datasets/anon8231489123/ShareGPT_Vicuna_unfiltered/resolve/main/ShareGPT_V3_unfiltered_cleaned_split.json
https://huggingface.co/datasets/anon8231489123/ShareGPT_Vicuna_unfiltered/resolve/main/ShareGPT_V3_unfiltered_cleaned_split.json
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measure the TTFT(time-to-first-token) and ITL(inter-token-latency) under latency-sensitive

online serving settings, the request rate is adjusted to maintain P99 TTFT below 200ms.
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Figure 4.8: Medium Inter-Token-Latency (ITL) and medium Time-To-First-Token (TTFT)

of SGLang integrated with FlashInfer and Triton.

Figure 4.8 shows the ITL and TTFT measured on both Llama 3.1 [46] 8B (on 1xH100) and

Llama 3.1 70B (on 4xH100) models. Compared to SGLang with Triton backend, FlashInfer

backend shows consistent speedup in all settings.

4.3.2 Kernel Performance for Input Dynamism

In this section we measure FlashInfer’s generated kernel performance against state-of-the-art

open-source FlashAttention library under different sequence length distributions, we use the

latest main branch 8 which includes both FlashAttention2 and FlashAttention3 kernels. We

8Commit: c1d146c

https://github.com/Dao-AILab/flash-attention/commit/c1d146cbd5becd9e33634b1310c2d27a49c7e862
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fix the batch size to 16 and select three different sequence length distributions: constant

(1024), uniform (512 to 1024) and skewed (Zipf distribution with average length 1024). For

prefill kernels, we enabled causal masking because it’s a common setting in LLM serving.
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Figure 4.9: Achieved bandwidth and FLOPs utilizations (the higher the better) for decode

(top) and prefill (down) kernels.

Figure 4.9 shows the achieved bandwidth and FLOPs utilization for decode and prefill

kernels. FlashInfer’s kernel significantly outperforms FlashAttention kernels in uniform and

skewed sequence length distributions because of our load-balanced dynamic scheduler (section

4.2.3). FlashInfer’s decode attention outperforms FlashAttention kernels because our versatile

tile size selection (section 4.2.2) and FlashAttention use suboptimal tile size for decoding.
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4.4 Overhead of Sparse Gathering

In Section 4.2.2, we detailed the design of FlashInfer’s sparse loading module, which transfers

sparse rows from global memory into contiguous shared memory. Here, we measure the

performance overhead associated with sparse gathering in FlashInfer for both decode and

prefill kernels.
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Figure 4.10: Top: Achieved TFLOPs/s for (causal) prefill attention kernels on FA2/FA3

templates with both dense/sparse KV-Cache. Bottom: Achieved bandwidth utilization for

decode attention kernels for both dense/sparse KV-Cache. We use PageAttention with page

size 1 (vector-sparse) for sparse KV-Cache. The x-axis shows various batch sizes and sequence

lengths.

Figure 4.10 compares achieved throughput in both prefill and decode kernels for sparse

and dense (contiguous) KV-Cache. For the prefill kernels, we measure the causal attention

scenario, which is common in LLM serving. For contiguous KV-Cache, We use the variable-



75

length RaggedTensor prefill attention API9. For sparse KV-Cache, we use the PagedKVCache

prefill attention API10.

The number of query heads and KV heads are both fixed at 32, head dimension is set to

128. We vary batch size and sequence length to measure the achieved throughput. For decode

kernels, the performance gap between sparse and dense KV-Cache is negligible (within 1%).

For prefill kernels, there is approximately a 10% performance gap.

Note that dense attention in the FA3 template uses TMA instructions (Tensor Memory

Access) for key/value loading, which is unavailable for sparse gathering because Hopper

Architecture’s TMA only supports fixed-stride accesses, whereas sparse gathering requires

arbitrary row indices. Consequently, sparse gathering on FA3 relies on Ampere-style asyn-

chronous copy instructions and manual pointer arithmetic. This approach consumes more

registers and necessitates smaller KV-tile size to avoid register spilling, leading to a slightly

larger performance gap. By contrast, in the FA2 template (where both sparse and dense use

Ampere’s async-copy), the gap is smaller because the same tile size is used.

When the block column size in a block-sparse matrix is large (e.g., 128 or greater), TMA

can be used for sparse gathering since each TMA instruction operates within a single block

with fixed stride. We leave this optimization for future work. However, increasing the block

column size reduces the flexibility of the block-sparse format, which might not be suitable for

all use cases.

4.4.1 Customizability for Long-Context Inference

In this section, we demonstrate how FlashInfer’s customized attention kernels significantly

accelerate LLM inference. We focus on Streaming-LLM [176], a recent algorithm capable of

million-token inference with constant GPU memory usage. While Streaming-LLM requires

9https://docs.flashinfer.ai/api/prefill.html#flashinfer.prefill.
BatchPrefillWithRaggedKVCacheWrapper

10https://docs.flashinfer.ai/api/prefill.html#flashinfer.prefill.
BatchPrefillWithPagedKVCacheWrapper

https://docs.flashinfer.ai/api/prefill.html#flashinfer.prefill.BatchPrefillWithRaggedKVCacheWrapper
https://docs.flashinfer.ai/api/prefill.html#flashinfer.prefill.BatchPrefillWithRaggedKVCacheWrapper
https://docs.flashinfer.ai/api/prefill.html#flashinfer.prefill.BatchPrefillWithPagedKVCacheWrapper
https://docs.flashinfer.ai/api/prefill.html#flashinfer.prefill.BatchPrefillWithPagedKVCacheWrapper
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specialized attention kernels for optimal performance, particularly a fused kernel combining

RoPE [149] with attention, FlashInfer can generate such fused kernels with merely 20

additional lines of code for query/key transformations. We compare the performance of

FlashInfer-generated fused kernels against un-fused kernels (both FlashInfer’s and FlashAt-

tention’s) and quantify the end-to-end latency reduction achieved by integrating FlashInfer

kernels into StreamingLLM.
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Figure 4.11: Top: End-to-end latency of Streaming-LLM with FlashInfer fused and FlashAt-

tention’s unfused kernels, original implementation is included. Down: bandwidth utilization

of FlashInfer fused RoPE kernel compared to FlashAttention’s unfused kernel.

For end-to-end performance, we run Vicuna-13B [31] inference on MT-Bench [190] dataset

and measure the inter-token-latency (ITL) of Streaming-LLM with and without FlashInfer

kernels. Figure 4.11 show the ITL of Streaming-LLM with and without FlashInfer fused

kernels on our optimized implementation of Streaming-LLM (we noticed that the original

implementation is sub-optimal and have unnecessary overheads). FlashInfer’s fused kernel

can yield 28− 30% latency reduction under different settings (by changing the recent window

size of Streaming-LLM). Original implementation is included as a baseline reference. We
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also show the kernel-level performance comparison between FlashInfer’s fused RoPE kernel

and the combination of FlashAttention’s RoPE kernel and FlashAttention’s attention kernel.

FlashInfer’s fused RoPE kernel achieves 1.6-3.7x higher bandwidth utilization compared

to not fusing attention with RoPE, which highlights the importance of customizability of

attention kernels.

4.4.2 Parallel-Generation Performance

In this section, we illustrate how the composable formats of FlashInfer can enhance parallel

decoding. With parallel generation emerging as a significant task in LLM serving, it offers

great utility in LLM agents. The OpenAI API provides an "n" parameter11 to facilitate the

generation of multiple tokens simultaneously. As shared prefixes often exist, prefix-caching

can significantly boost the efficiency of parallel generation. The composable formats found in

FlashInfer (see Section 4.2.1) allow for the decoupling of attention computation between the

shared prefix and the subsequent suffix, which can be leveraged to expedite parallel decoding.

We implemented composable formats within MLC-Engine [100] under a prefix-caching

configuration and assessed the performance during parallel generation. Evaluations were

conducted on the Llama 3.1 models with 8B and 70B parameters [46] using the ShareGPT

dataset. With a fixed request rate of 16, we varied the number of parallel tokens over the

set 1, 2, 4, 8, 16, 32, 64, comparing these results against MLC-Engine configurations where

composable formats were disabled. Figure 4.12 presents the ITL (Inference Time Latency)

and TTFT (Time To First Token) results for MLC-Engine both with and without composable

formats.

For moderate levels of parallel generation (4 ≤ n ≤ 32), FlashInfer’s composable formats

yield consistent speedups for both ITL and TTFT. Peak speedups occur at n = 4, where

ITL decreases by 13.73% for the 8B model and 17.42% for the 70B model, while TTFT is

11https://platform.openai.com/docs/api-reference/chat/create

https://platform.openai.com/docs/api-reference/chat/create
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Figure 4.12: ITL and TTFT of MLC-Engine with and without composable formats during

parallel generation, the x-axis refers to composable formats performance, and the y-axis refers

to single format performance, if a point is above the diagonal line, it means composable

formats outperform single format. Different parallel generation n are shown in different colors.

reduced by 16.41% for the 8B model and 22.86% for the 70B model. Smaller values of n do

not benefit from composable formats due to insufficient increase in block size. For larger

n, the computation ceases to be dominated by attention processes (especially in the case of

ShareGPT with its short sequence length), causing the advantage of composable formats to

plateau.
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4.4.3 Comparison with FlexAttention

We compare FlashInfer and FlexAttention [61] on different attention variants using the

AttentionGym [124] benchmark on NVIDIA H100 80GB SXM. We evaluated with batch size

16, number of heads 16 and head dim 128, the CUDA version and the Triton version were

fixed to 12.4 and 3.2, respectively. Tables 4.1 to 4.4 show the performance of FlashInfer and

FlexAttention in TFLOPS/s, where higher numbers mean better performance. Across all four

scenarios and a range of sequence lengths, FlashInfer consistently outperforms FlexAttention,

with especially large gains at longer sequence lengths. The better performance is mainly due

to the usage of Hopper microarchitecture’s advanced features (such as warp specialization and

TMA), and CUTLASS’s fine-grained resource control (at register-level rather than tile-level)

over Triton. Note that these gaps will be alleviated once Triton fully supports these features.

Table 4.1: Causal Attention

Seq Length FlexAttention FlashInfer

512 209.11 250.454

1024 294.53 406.554

2048 376.90 487.236

4096 421.00 548.388

8192 441.26 587.903

16384 453.57 612.259

4.4.4 Evaluation of Shared-Prefix Attention Kernels

We measure shared-prefix attention kernels with suffix length 128. Table 4.5 shows the kernel

latency under different shared prefix lengths, scenarios and batch sizes, where numbers are in

microseconds (us), and “composable” means composable format while “single” means single
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Table 4.2: Attention with Logits SoftCap

Seq Length FlexAttention FlashInfer

512 241.51 336.487

1024 327.50 409.534

2048 379.57 468.769

4096 403.39 489.667

8192 407.82 515.573

16384 409.89 520.935

format. The composable format benefits long prefixes (e.g., 32k) and large batch sizes (e.g.,

64). However, these speedups do not always yield proportional end-to-end gains because

real-world shared prefix sizes tend to be smaller.

4.4.5 Ablation Study on Variable Sequence Length and load-balancing scheduler

We conduct ablations on the effect of load-balancing scheduler (Section 4.2.3). Table 4.6

and 4.7 show the results for Llama 3.1-8B-Instruct running on an NVIDIA H100 SXM5

GPU with SGLang [192] + FlashInfer (with and without load-balancing scheduler). We

evaluate the inter-token latency (ITL, ms) and time-to-first-token (TTFT, ms) with three

datasets: ShareGPT, variable sequence length with input lengths sampled from U(512, 2048)

and output fixed at 256, and variable sequence length with input lengths sampled from

U(4096, 16384) and output fixed at 256. “RR” in the tables means request rate.

4.4.6 vLLM Integration Evaluation

We integrate FlashInfer to vLLM and compare with the default backend with a fixed request

rate of 16, reporting throughput (tokens/s), inter-token latency (ITL, ms), and time-to-first-

token (TTFT, ms) in Table 4.8. FlashInfer reduces ITL by aroudn 13% using fp8 KV-cache,
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Table 4.3: ALiBi Bias [122]

Seq Length FlexAttention FlashInfer

512 253.22 403.899

1024 344.70 500.220

2048 406.14 535.498

4096 426.13 561.324

8192 436.35 573.493

16384 434.86 578.005

but heavy Python overhead in our vLLM integration (e.g. array operations) at host side

causes minor regressions with bf16. Our future optimizations will address these in C++ and

move the scheduler to device.

4.4.7 Fine-Grained Block-Sparsity Evaluation

FlashInfer supports fine-grained block-sparse matrices, which is useful in many KV-Cache

pruning algorithms. We measure the kernel performance on Quest [153], a state-of-the-art

long-context modeling algorithm, which uses fine-grained sparsity in KV-Cache. We compared

the batch decoding attention kernel in Quest using FlashInfer and compared its performance

to PyTorch SDPA and FlexAttention on an NVIDIA H100 SXM5 GPU with the configuration

(block size 16, num_qo_heads 32, num_kv_heads 32, head_dim 128). All latency values

reported are in microseconds (us).

As shown in Table 4.9 to 4.11, FlashInfer demonstrates a considerable performance

advantage, achieving up to a 20x speedup for long sequence lengths. Currently FlexAttention

relies on large block templates, while FlashInfer employs a sparse-row gathering strategy to

leverage dense tensor cores for small block sizes. This design choice supports fine-grained

KV-cache pruning.
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Table 4.4: Sliding Window (window size = 1024)

Seq Length FlexAttention FlashInfer

512 206.51 236.363

1024 292.25 374.108

2048 350.91 381.464

4096 368.45 384.998

8192 373.25 384.514

16384 367.91 380.506

Table 4.5: Latency of Shared-Prefix Attention Kernels

Shared

Prefix

Length

Composable

(BS=16)

Single

(BS=16)

Composable

(BS=64)

Single

(BS=64)

1024 45.17 46.52 87.86 130.49

8192 88.67 226.57 125.76 931.75

32768 217.42 945.67 254.54 4090

4.5 Related Work

4.5.1 Attention Optimizations

Multi-Head Attention (MHA) [161] faces computational and IO challenges. FasterTrans-

former [106] reduces global memory footprint via Fused Multi-Head Attention (FMHA), but

doesn’t scale to long contexts because shared memory usage is linear to sequence length.

ByteTransformer [186] optimizes FMHA on variable-length input. FlashAttention [40] uses

online-softmax [98] trick to reduce the shared memory footprint to constant size, enabling long
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Table 4.6: Load-balancing Scheduler Ablation Study (ITL)

Scenario

w/

Load-

Balancing

w/o

Load-

Balancing

Triton

ShareGPT (RR=16) 8.96 9.16 9.36

U(512, 2048) (RR=8) 8.21 8.42 8.49

U(4096, 16384) (RR=1) 8.63 13.89 11.08

Table 4.7: Load-balancing Scheduler Ablation Study (TTFT)

Scenario

w/

Load-

Balancing

w/o

Load-

Balancing

Triton

ShareGPT (RR=16) 39.05 39.42 52.92

U(512, 2048) (RR=8) 66.78 67.38 68.48

U(4096, 16384) (RR=1) 411.02 421.60 566.30

contexts. FlashAttention2&3 [39, 141] further optimizes FlashAttention by improving loop

structure and overlapping softmax and GEMM. FlashDecoding [41] applies Split-K to decode

attention kernels. LeanAttention [136] uses StreamK [113] to reduce wave-quantization [108]

in attetnion (with fixed sequence length). FlashInfer extends the FlashAttention2&3 template

to support sparse attention kernels, while using StreamK-like optimizations on variable

length sequences. Nanoflow [196] introduces horizontal fusion of GEMM, attention, and

communication operations, while POD-Attention [77] focuses on optimizing chunked-prefill

attention. The JIT compilation framework of FlashInfer can be extended to generate kernels

supporting these fusion techniques. FlashDecoding++ [65] leverages attention scale statistics
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Table 4.8: vLLM Integration Evaluation

Backend Throughput
Median

ITL

Median

TTFT

Default (bf16) 6062.89 10.42 35.85

FlashInfer (bf16) 6065.41 10.63 36.60

Default (e4m3) 6015.86 12.56 39.74

FlashInfer (e4m3) 6020.32 10.92 37.93

Table 4.9: FlashInfer Fine-Grained Sparsity Latency (us)

page_budget

seq_len 64 128 256 512

4096 20.299 30.361 44.383 44.430

8192 22.273 28.603 44.928 68.194

16384 20.485 28.678 44.677 68.700

32768 22.371 28.700 44.988 68.478

to predefine a unified max value. This process converts attention composition (section 4.1.2)

to summation, enabling TMA Store Reduce [36] to asynchronously updating global attention

states, it’s orthogonal to FlashInfer’s contribution and we leave it for future work.

Recent works like RelayAttention [197], Hydragen [76], ChunkAttention [181], and Par-

rot [90] explore shared prefix decoding attention but require separate KV-Cache management

for prefixes and suffixes. In contrast, FlashInfer’s composable formats support multi-level,

multiple-prefix decoding with unified page table management, enabling seamless integration

into LLM serving frameworks without modifying memory management modules.
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Table 4.10: PyTorch SDPA Fine-Grained Sparsity Latency (us)

page_budget

seq_len 64 128 256 512

4096 287.684 288.904 287.715 287.807

8192 474.631 474.508 474.683 473.070

16384 857.319 857.570 857.094 857.728

32768 1711.955 1711.621 1713.093 1711.709

Table 4.11: FlexAttention Fine-Grained Sparsity Latency (us)

page_budget

seq_len 64 128 256 512

4096 1100.349 1097.356 1073.753 1071.797

8192 1092.695 1099.100 1078.081 1074.886

16384 1109.817 1101.535 1077.639 1076.859

32768 1169.109 1187.395 1176.332 1174.502

4.5.2 Sparse Optimizations on GPUs

FusedMM [127] explores Sparse-dense Matrix Multiplication (SpMM) fusion, though it omits

softmax computation, limiting direct applicability for accelerating attention. FusedGAT [187]

explore Graph Attention Networks (GAT) kernel fusion, SAR [102] serializes Sparse Attention

aggregation, akin to FlashAttention, neither work explores using Tensor Cores. Blocksparse

library [57] implements BSR GEMM with tensor cores. Octet Tiling [27], TC-GNN [172] and

Magicube [89] propose vector sparse formats to leverage Tensor Cores effectively. FlashInfer

improves upon these to support any block sizes (br, bc) in FlashAttention.
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4.5.3 Attention Compilers

FlexAttention [61] provides a user-friendly interface for programming attention variants,

compiling them into block-sparse flashattention implemented in Triton [159]. It uses Py-

Torch Compiler [7] to automatically generate backward passes. FlashInfer expands the

FlexAttention’s programming interface to support query/key transformations, and focus

on vector-sparsity and load-balancing for LLM serving. FlashInfer generates CUDA code

instead of Triton because Triton still underperform CUDA & CUTLASS in many use cases.

FlashInfer can act as a backend for FlexAttention in forward pass. Mirage [173] optimizes

tiling strategies for GEMM and FlashAttention using a probabilistic equivalence verifier,

relying on Triton and CUTLASS for code generation. However, it lacks support for variable

length and sparse data structures, and doesn’t include safe-softmax, unlike FlashInfer, which

is directly applicable to LLM serving.

4.5.4 LLM Serving Systems

Orca [184] introduces continuous batching for enhanced throughput. PagedAttention [82]

uses a Page Table for KV-Cache management. Sarathi-serve [3] improves efficiency by

piggybacking decode operations with chunked-prefill, while SGLang [192] utilizes RadixTree

for better prefix-caching and KV-management. FlashInfer provides a unified solution for

these attention mechanisms through block-sparse attention kernels. vAttention [121] shows

that GPU virtual memory can manage address translation in PageAttention without special

kernels. Yet, challenges like dynamic KV-Cache sparsity persist, as seen in Quest [153]. Here,

FlashInfer’s block sparse kernel remains effective. Additionally, FlashInfer can be combined

with vAttention by generating kernels for contiguous KV-Cache storage.

4.6 Discussions

Currently, FlashInfer only supports the forward pass for attention computation. To extend

FlashInfer and apply it to training would require developing customizable backward attention
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kernel templates, which we plan to explore in future work. Regarding the generality of

FlashInfer, our approach decouples computation from tile scheduling, allowing for diverse

tiling strategies such as FlashDecoding [65] and Lean Attention [136] by delegating scheduling

to a runtime-scheduler rather than embedding it within the attention template. This

design generalizes scheduling algorithms, as detailed in Algorithm 1, for load-balancing and

wave-quantization reduction while targeting optimal GPU performance across architectures

(e.g., FlashAttention2 [39] for Turing/Ampere/Ada and FlashAttention3 [141] for Hopper).

Although frameworks like Triton [159] offer GPU-agnostic interfaces, they often lag in adopting

new hardware features; our template design space, expressed as fepilogue(scan(flogits(fq(Q) ·

fk(K))) ·fv(V )), covers most attention functions, including recent variants such as Multi-head

Latent Attention (MLA) [42] and the intra-attention component of Linear Attention [180].

4.6.1 The Choice of Backend

For NVIDIA GPUs, we build FlashInfer on top of CUDA/CUTLASS [156] instead of Tri-

ton [159] for the following reasons:

1. Advanced NVIDIA GPU Features. CUTLASS supports specialized GPU ca-

pabilities such as warp-specialization [111] and TMA instructions [107], which are

experimental or unsupported in Triton at this moment.

2. Fine-Grained Kernel Optimization. While Triton provides tile-level abstractions,

CUDA/CUTLASS affords finer control over thread-level registers. This flexibility

simplifies incorporating low-level optimizations (e.g., PTX intrinsics) directly into our

JIT templates, which is more challenging in Triton.

Our load-balancing scheduler design (Section 4.2.3) is largely backend-agnostic, allowing

us to potentially integrate Triton in future versions of FlashInfer and to adapt our approach

to other hardware platforms.
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4.6.2 Overlap of Attention with Other Operations

Nanoflow [196] overlaps GEMM, attention, and inter-device communication in separate CUDA

streams, assigning a fixed number of SMs to each operation. In FlashInfer, this SM number

can be provided by the user through the plan functions, and the FlashInfer load-balancing

scheduler will allocate tiles accordingly.

4.7 Conclusion and Future Work

In this paper, we present FlashInfer, an versatile and efficient attention engine for LLM

serving. We propose a unified block-sparse storage and composable formats for memory

efficiency, JIT compilation for customization and load-balanced scheduler for input dynamism.

We evaluate FlashInfer’s performance across diverse inference scenarios, showing strong

performance in kernel-level and end-to-end LLM serving metrics. In the future, we plan to

explore compiling higher-level DSLs [61, 173] to attention specifications in FlashInfer, as well

as code generation to other backends [115, 147, 159]. The FlashInfer project is open source

and available at https://github.com/flashinfer-ai/flashinfer, and has been deployed

at scale in production-level systems.

https://github.com/flashinfer-ai/flashinfer
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Chapter 5

CONCLUSIONS

This dissertation has presented a co-design approach to compiler and runtime systems

for the efficient deployment of next-generation generative AI workloads. In this chapter, we

summarize the main contributions and outline promising directions for future research.

5.1 Thesis Summary

We began by motivating the need for new system designs to support the growing demands

of generative AI, particularly the challenges posed by sparse computation and the need for

high-performance inference in large models. Existing systems often fall short in these areas,

motivating our exploration of compiler-runtime co-design.

The first major contribution, SparseTIR, introduced a novel intermediate representation

and compiler framework tailored for sparse tensor computations. SparseTIR enables com-

posable sparse formats and flexible scheduling, facilitating the efficient generation of sparse

kernels across diverse hardware backends. Through a series of case studies and benchmarks,

we demonstrated both the expressiveness and performance advantages of this approach.

Building on this foundation, the FlashInfer section detailed the design and implementa-

tion of a high-performance inference kernel engine for large language models. We described

key algorithmic and system-level optimizations–including JIT compilation, efficient runtime

design–that together enable low-latency, high-throughput attention computation. Further-

more, we showed how FlashInfer leverages SparseTIR abstractions to support hierarchical

KV-Cache for structured generation.

By integrating these contributions, this dissertation demonstrates how compiler and

runtime co-design can unlock new capabilities for generative AI workloads, delivering both
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programmability and performance. The results establish a foundation for future research and

development in efficient AI systems.

5.2 Future Work

FlashInfer has evolved from an attention library into a comprehensive suite of inference

kernels for LLMs and video generation models [22]. The library now encompasses four main

categories of kernels: MoE (including grouped GEMM with customized epilogues and routing

kernels), Communication (such as allreduce, all-to-all, and fused compute-communication

kernels), Attention (the attention engine described in this work), and Logits Processor

(for sampling and constraint decoding) [178].

A notable trend in efficient LLM inference is the adoption of MegaKernels [73, 146].

Traditional kernel-by-kernel execution introduces global barriers and significant overhead,

particularly detrimental to low-latency inference, and often results in low occupancy for

individual kernels. MegaKernels address these issues by enabling task-level programming

models and fine-grained (SM- or warp-level) task execution. Systems such as ThunderKittens

and Mirage implement runtime support for tracking task dependencies and scheduling.

Looking ahead, we plan to explore the industrial application of MegaKernels within FlashInfer,

including the development of compilers and debuggers to facilitate MegaKernel development,

as well as user-friendly programming interfaces for seamless framework integration.

Another promising direction is the creation of self-evolving LLM kernel libraries. By

collecting traces, problem specifications, and shape information from LLM inference workloads,

we are building the FlashInfer benchmark suite. This resource will support performance

diagnosis, kernel selection, and optimization, and will also serve as a foundation for LLM-

driven, agentic CUDA kernel development [24, 114].
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