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ABSTRACT
Transformers, driven by attention mechanisms, form the foundation of large language models (LLMs). As these
models scale up, ef�cient GPU attention kernels become essential for high-throughput and low-latency inference.
Diverse LLM applications demand �exible and high-performance attention solutions. We present FlashInfer: a
customizable and ef�cient attention engine for LLM serving. FlashInfer tackles KV-cache storage heterogeneity
using block-sparse format and composable formats to optimize memory access and reduce redundancy. It
also offers a customizable attention template, enabling adaptation to various settings through Just-In-Time
(JIT) compilation. Additionally, FlashInfer's load-balanced scheduling algorithm adjusts to dynamism of user
requests while maintaining compatibility with CUDAGraph which requires static con�guration. FlashInfer have
been integrated into leading LLM serving frameworks like SGLang, vLLM and MLC-Engine. Comprehensive
kernel-level and end-to-end evaluations demonstrate FlashInfer's ability to signi�cantly boost kernel performance
across diverse inference scenarios: compared to state-of-the-art LLM serving solutions, FlashInfer achieve
29-69% inter-token-latency reduction compared to compiler backends for LLM serving benchmark, 28-30%
latency reduction for long-context inference, and 13-17% speedup for LLM serving with parallel generation.

Project page:http://flashinfer.ai

1 INTRODUCTION

The Transformer architecture has become the primary back-
bone for large language models (LLMs), prominently featur-
ing attention mechanism (Vaswani et al., 2017) as its most
salient component. As LLMs rapidly evolve and �nd appli-
cations in diverse �elds, the demand for ef�cient GPU atten-
tion 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 ef�-
ciency of this attention operator is paramount to the overall
performance of an LLM inference systems. However, cre-
ating high-performance attention kernels tailored for LLM
serving introduces challenges not typically encountered in
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traditional training environments.

Two major challenges arise when building ef�cient attention
support for LLM systems:

LLM applications exhibit diverse workload patterns and
input dynamics. LLM serving involves various attention
computation patterns, from pre�ll computation for context
processing to batched decoding during serving (Yu et al.,
2022). As multiple requests are processed, opportunities
for pre�x-reuseemerge, and the introduction of tree de-
coding in speculative scenarios creates additional attention
patterns (Cai et al., 2024; Miao et al., 2024; Chen et al.,
2024). 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 cus-
tomization of attention operators. On the memory side, ef-
�cient storage formats, such as paged attention (Kwon et al.,
2023) and radix trees (Zheng et al., 2023b), are critical for
managing the growing KV cache sizes and diverse storage
patterns. On the compute side, crafting hardware-speci�c
pipelines and templates is indispensable to fully exploit the
performance potential of each GPU architecture (Dao, 2023;
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Figure 1.Overview of the FlashInfer system design: Attention variant speci�cations, task information and KV-cache layout speci�cs are
provided at compile time for JIT compilation, while sequence length information is input at runtime for dynamic scheduling.

Shah et al., 2024). Furthermore, the design must accommo-
date the increasing variety of attention mechanisms in mod-
ern LLMs, such as grouped attention heads (Ainslie et al.,
2023; Shazeer, 2019), specialized masks (Beltagy et al.,
2020), and customized attention score computations (Riv-
ière et al., 2024; xAI , 2023; Ramapuram et al., 2024), ne-
cessitating �exible and scalable implementation strategies.

The combined complexity of workload diversity and hard-
ware heterogeneity complicates the development of a com-
prehensive attention solution. Currently, each system imple-
ments a specialized attention solution based on a subset of
these characteristics, leading to high maintenance overhead
and potential inef�ciencies. To address these challenges, we
introduce FlashInfer, a code-generation based attention en-
gine designed to accelerate attention computation in LLMs.
Our approach incorporates several key designs:

FlashInfer utilizes a block-sparse format to tackle KV-
Cache storage heterogeneity.This format serves as a uni-
�ed data structure for various KV-Cache con�gurations,
with adjustable block sizes allowing �ne-grained sparsity,
such as vector-level sparsity (Chen et al., 2021; Li et al.,
2022). This approach uni�es diverse KV-Cache patterns
and enhances memory access ef�ciency.

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 con�gurations.

FlashInfer employs a dynamic load-balanced schedul-
ing framework to handle input dynamism effectively.
It separates compile-time tile size selection from runtime
scheduling, offering lightweight APIs that adaptively man-
age scheduling with changing KV-Cache lengths during
inference, while maintaining compatibility with CUDA-
Graph's requirement for constant con�gurations (Gray,
2019; Nguyen et al., 2021).

Figure1 depicts our system design. We evaluated Flash-
Infer' performance across standard LLM serving environ-
ments and innovative scenarios, including pre�x sharing and
speculative decoding. FlashInfer have been integrated with
mainstream LLM serving engines, including vLLM (Kwon
et al., 2023), MLC-Engine (MLC Community, 2024; Lai
et al., 2023), and SGLang (Zheng et al., 2023b), we assessed
its impact on end-to-end latency and throughput improve-
ments, showing signi�cant enhancements on standard LLM
serving benchmarks and novel applications such as long-
context inference and parallel generation.

Our contributions include:

• Introduction of �exible block-sparse and composable
formats addressing KV-Cache storage heterogeneity
for ef�cient memory management and access.

• Development of a customizable attention template ac-
commodating diverse attention variants, ensuring high-
performance execution via JIT compilation.

• Design of a dynamic scheduling framework manag-
ing input dynamism while remaining compatible with
CUDAGraph, maximizing hardware utilization.

• Comprehensive evaluation demonstrating substantial
improvements in kernel and end-to-end performance.
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2 BACKGROUND

2.1 FlashAttention

FlashAttention (Dao et al., 2022) is an ef�cient algorithm
for computing exact attention with reduced memory usage.
During the forward pass, it employs the online-softmax
trick (Milakov & Gimelshein, 2018), updating attention out-
puts on-the-�y using a constant amount of on-chip memory,
thus avoiding materializing the attention matrix in GPU
global memory. FlashAttention2&3 (Dao, 2023; Shah et al.,
2024) improve performance by optimizing loop ordering
and pipeline design for Ampere and Hopper GPUs. FlashIn-
fer builds upon these advancements.

The operational intensity of FlashAttention is given by

O
�

1
1=l qo +1 =l kv

�
, wherelqo andlkv are the query and key-

value cache lengths, respectively. In LLM serving, the query
length is either equal to (pre�ll) or smaller than (decode/in-
cremental pre�ll) the key-value cache length, simplifying
the operational intensity toO(lqo). Techniques like batch-
ing (Yu et al., 2022) do not alter this operational inten-
sity. Multi-Query Attention (MQA) (Shazeer, 2019) and
Grouped Query Attention (GQA) (Ainslie et al., 2023) opti-
mize 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
sizeg = H qo

H kv
, enhancing operational intensity toO(g � lqo).

2.2 Attention Composition

Block-Parallel Transformer (BPT) (Liu & Abbeel, 2023)
demonstrates that attention outputs for the same query and
different keys/values can be composed by preserving both
the attention outputs and their scales. Letq be a query, and
let I be an index set. We de�ne theattention scaleoverI
via the log-sum-exp operation on the attention scores:

LSE (I ) = log
X

i 2I

exp(q � k i ) (1)

wherek i is thei -th key vector. The correspondingattention
outputO(I ) is then

O(I ) =
X

i 2I

exp(q � k i )
exp(LSE (I ))

� v i (2)

We de�ne theAttention Statefor I as the tuple ofattention

outputandattention scale:
�

O(I )
LSE (I )

�
. Crucially, the At-

tention State ofI [ J can be derived by composing the
states ofI andJ . Speci�cally, 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 (Liu et al., 2023) and Flash-Decoding (Dao et al.,
2023) utilize this property to of�oad partial-attention com-
putations, thereby reducing memory usage and improving
hardware ef�ciency. In FlashInfer, theAttention Stateis
adopted as the canonical output of an attention operation,
and� serves as the standard reduction operator (analogous
to summation in GEMM) on these states.

2.3 Block/Vector Sparsity

Block Compressed Sparse Row (BSR) is a hardware-
ef�cient sparse format that groups non-zero elements into
contiguous matrices of size(br ; bc), as opposed to the ran-
dom scattering found in unstructured sparsity. This format
offers several advantages over the standard Compressed
Sparse Row (CSR) format. BSR improves register reuse
ef�ciency (Im et al., 2004; Buluç et al., 2009) and demon-
strates better compatibility with hardware matrix multipli-
cation units on GPUs and NPUs (Narang et al., 2017; Gray
et al., 2017). In addition, it provides the ability to skip
empty blocks, reducing computational overhead. BSR's
ef�ciency is particularly evident when subcomputations are
aligned with hardware matrix multiplication instructions,
such as NVIDIA'smmainstructions. Traditionally, tensor
core instructions operate on minimal dimensions of 16 (or
larger for 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
�ne-grained sparsity patterns (Wang et al., 2023). Many
attention libraries restrict their block sizes to multiples of
(128; 128) for block-sparse attention kernels.

Recent research (Chen et al., 2021; Li et al., 2022) has
demonstrated that ef�cient 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 matrixA (also known as
vector-sparse). This is accomplished by �rst gathering rows/-
columns into contiguous shared memory and then applying
dense tensor cores to these contiguous shared-memory data.
This approach is particularly bene�cial for applications with
�ne-grained sparsity patterns. FlashInfer builds upon these
techniques to support blocks with arbitrary column sizesBc,
offering greater �exibility and ef�ciency in handling diverse
sparsity patterns.
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et al., 2024) to automatically generate backward passes.
FlashInfer expands the FlexAttention's programming inter-
face to support query/key transformations, and focus on
vector-sparsity and load-balancing for LLM serving. Flash-
Infer 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 (Wu et al., 2024) optimizes tiling strategies
for GEMM and FlashAttention using a probabilistic equiv-
alence veri�er, 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 serv-
ing.

5.4 LLM Serving Systems

Orca (Yu et al., 2022) introduces continuous batching for
enhanced throughput. PagedAttention (Kwon et al., 2023)
uses a Page Table for KV-Cache management. Sarathi-
serve (Agrawal et al., 2024) improves ef�ciency by pig-
gybacking decode operations with chunked-pre�ll, while
SGLang (Zheng et al., 2023b) utilizes RadixTree for better
pre�x-caching and KV-management. FlashInfer provides
a uni�ed solution for these attention mechanisms through
block-sparse attention kernels. vAttention (Prabhu et al.,
2024) 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 (Tang et al., 2024). Here, FlashInfer's block sparse
kernel remains effective. Additionally, FlashInfer can be
combined with vAttention by generating kernels for con-
tiguous KV-Cache storage.

6 DISCUSSIONS

Currently, FlashInfer only supports the forward pass for
attention computation. To extend FlashInfer and apply it
to training would require developing customizable back-
ward attention kernel templates, which we plan to explore
in future work. Regarding the generality of FlashInfer,
our approach decouples computation from tile schedul-
ing, allowing for diverse tiling strategies such as FlashDe-
coding (Hong et al., 2024) and Lean Attention (Sanovar
et al., 2024) 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 re-
duction while targeting optimal GPU performance across
architectures (e.g., FlashAttention2 (Dao, 2023) for Tur-
ing/Ampere/Ada and FlashAttention3 (Shah et al., 2024)
for Hopper). Although frameworks like Triton (Tillet et al.,
2019) offer GPU-agnostic interfaces, they often lag in adopt-
ing new hardware features; our template design space, ex-

pressed asf epilogue(scan(f logits(f q(Q) � f k (K ))) � f v (V )) ,
covers most attention functions, including recent variants
such as Multi-head Latent Attention (MLA) (DeepSeek-AI
et al., 2024) and the intra-attention component of Linear
Attention (Yang et al., 2024).

7 CONCLUSION AND FUTURE WORK

In this paper, we present FlashInfer, an versatile and ef-
�cient attention engine for LLM serving. We propose a
uni�ed block-sparse storage and composable formats for
memory ef�ciency, JIT compilation for customization and
load-balanced scheduler for input dynamism. We evaluate
FlashInfer's performance across diverse inference scenar-
ios, showing strong performance in kernel-level and end-
to-end LLM serving metrics. In the future, we plan to
explore compiling higher-level DSLs (Wu et al., 2024; He
et al., 2024) to attention speci�cations in FlashInfer, as
well as code generation to other backends (Ozen, 2024;
Spector et al., 2024; Tillet et al., 2019). The FlashInfer
project is open source and available athttps://github.
com/flashinfer-ai/flashinfer , and has been
deployed at scale in production-level systems.
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