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Attention
Engine

We already have
FlashAttention, PagedAttention, RadixAttention, Specinfer,
StreamingLLM, Quest, DuoAttention,
FlexAttention, ...

Why do we still need a new attention engine?



Background

dFlashAttention
sm SHAM: 19TB/s (20 MB)
<+ GPU-friendly memory access LU 1 50: 1.5 TB/s (40 GB)
HBM
»FlashAttention2&3

(T ETREYETL G DRAM: 12.8 GB/s

Lo A
> Loop optimization (CPU DRAM) (>1T8)

Memory hierarchy

» Pipeline optimization for Hopper (A100-40GB)
load Q K T

write S fL%sed kernel

load S m = rowmax(S)

— P = SoftMax(S) P = exp(S — fﬁ)

write P l; = rowsuril(P)

load PV m; = max(fm, m;)

—_— O = PV update O; from [;, m;, V;, O;
write O

—

Standard attention FlashAttention



Background

dPagedAttention (vLLM) [SOSP23]

<+Paged KV cache management for variable sequence lengths
“*page size=16 for tradeoff of throughput and fragmentation

Physical KV cache blocks

‘ Seq \ Prompt: “Alan Turing is a computer scientist” Block 0
\_A  Completion: *"

Block 1 |computer| scientist

Logical KV cache blocks Block 2

Block table

block no. | slots

Block 0 | Alan Turing is a \ Physical | # Filled Block 3

Block 1 |computer| scientist 7 - Block 4
1 2
Block 2 = = Block 5
Block 3 = = Block 6
Block 7 | Alan Turing is a




Background

dRadixAttention (SGLang) [NeurlPS24]
<*Designed for prefix-sharing
» multi-round conversation, Al agent, etc.

<»Shared prefix organized as a Radix tree
“+page size=1 for higher cache hit rate

[J

You are a helpful assistant.

[1
=)
User: Hello!

Assistant: Hi!

(1)

User: What can you do?
Assistant: | can ...

(e]

User: Write a story ...
Assistant: Sure! ...

0

Question 1: ...
Answer 1: ...
Question 2: ...
Answer 2:...
Question 3:

L)

What ... When ...

L 0

Answer 3: ... Answer 3: ...

How ...
Answer 3: ...

O




Background

dSpeculative decoding (Specinfer) [ASPLOS24]

<+ Tree-based parallel verification for speculative decoding

Speculated
Token Tree

----------------------------------------------------------------

Sequence-based Parallel Decoding

Kernel 1:Jt, = t; = t, = ts
KV-cache|t, [t |ts|ts | ...
tItt|ts
Causal | 2 A R AlL
W,
t, ;
ts

:
E Mask | t3
1
:
:

Kernel 2:}t, = t; = tg = tg
Lt tg|ts] ...
t2 t3 tB
t2 ‘ i | i
i3
ts
tg

't;; Verified tokens

Available KV-cache slots

Kernel 3:]t; = t3 =ty =t =t

----------------------------------------------------------------

Verified tokens’ KV-cache

Speculated tokens' KV-cache

Tree-based Parallel Decoding
Kernel 1: 5, t4, ty, ts, Lg, b7, tg , Lg

KV-cache |t [t; [t; [ts [ts |t | ta | to

t [t [ ta Jts Jte [t [ te [ to

Topology- | 's e lvivivivle
Aware | t, A 101,
Causal te
Mask

----------------------------------



Motivation

dNew attention variants from researchers

+KV cache compression:
» StreamingLLM
> Quest

< Speculative decoding:

» Specinfer dense sliding window streaminglim
» Medusa

dEfficient implementation in production
<+ Requiring fusion with FlashAttention, PagedAttention, etc.

Issue 1: Hard to fuse variants with FA




Motivation

dFlashAttention can be further optimized
“+For decoding (query length = 1)

» suboptimal tile size
> tile size selected for prefill (64, 128)

<+ For batch of different sequence length
> low GPU utilization (some SMs left idle)

Issue 2: FlashAttention can be optimized




Flashinfer Design

dOverview

Unified KV-Cache Format

Page Table § 3
Radix Tree
e
' L J
Sparse mask: B -

(section 3.1)

.....................

Block-Sparse
Matrix

Dynamic-aware Compiler & Runtime

KV-

Attention

Kernel

(section 3.2 & 3.3)
Workspace Buffer
Compiler [ Attention Variant |
Specification
Coi,r;im ! Task Information !
 KV-Cache layout |
specification
Runtime
Scheduler
Load-

balancing
Scheduler

Sequence length
information




Unified KV Cache Format

dAbstraction of Block Sparse Matrix

<+ Expressing different structures
» PagedAttention
» RadixAttention

_____________________ Logical KV-Cache Block Physical KV-Cache Block

\ :_

Page Table ' ] Block-Sparse TR P £
E % ' Matrix Request id W - .—[I:I
W v orricatpese 0
Radix Tree >
: : ’ Request 1 i A
: 5 Qtiery
R equest 2
Sparse mask: -+ Y s et
E[Request 3

Block Sparse Matrix



Unified KV Cache Format

dComposable Formats for prefix sharing

<+»Small block size for unique KV
<*Big block size for shared KV

Users

Q: Who is Paul Erd6s?
» [LLAMA]: Erdds was a
Hungarian mathematician...

User 1 Q: How is Erdés related to the
book?

Q: How many sections in
this book?
[LLAMA]: The 6th edition

has 45 sections in total.
User 2

Q: What's your favourite
proof in this book.
[LLAMA]: As a language
model...
User 3
Q: Show me a proof about
Shared Iongbpr?(mpt ( ) el
(e‘g' textboo ) Q: Here is an proof of
User 4 Monsky's Theorem:

Topology- | 2 il A A

Causal &

Tree-based Parallel Decoding

Kernel 1: &5, t4, Ly, ts, Lg, 7, tg , Lg

KV-cache |t, |t; [t |ts [ts |t |t [t | ...

t2 t3 t4 t't") tG t7 tB

Aware | t, L AL A |

Mask

----------------------------------
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Unified KV Cache Format

dComposable Formats for prefix sharing
<+»Small block size for unique KV

—

KV cache | No benefits from
not shared moving to SMEM

KV cache

- (6/8/10/12/13)
shared by Q123 \
Moving to SMEM
KV cache (9) /

& KV >
»Big block size for shared KV 123456789..
1
A 2
5 .
CKV S Q ; BI0(1:k flze
123456789... ¢ (1, 1)
. 5
5 6
g 3 Block size ‘ +
4 (1, 1) 1
J : 5
6 g 3| Block size
4
¢ ) 3, 1)
*Blue block: 6
This query token needs this K/V

123456789...

shared by Q456
12



Sparse Row Gathering

dFlashinfer supports any block size

dTo align tensor core shape
<*Gathering from scattered HBM to contiguous SMEM

K /V in sparse storage K /V in dense storage
(Column Major) b — 9 (Column Major)
. =

[T ]

1 Shared[i] < Global[j] Shared[i] < Global[j]
1

i
1
1
1
: j=indices[(offset+i)/b_c],
1
1
1
1

j=offset+i

+(offset+i)%b_c

' Loading
el et Sparse K/V tiles

- ' Loadin
; K.sharf'd,/ Vshnrﬂ! 1 g

. Contiguous K/V tiles



Tile Size Selection

dDifferent query requires different tile size
+10-bound: Decode, Append for small query length
<Multiple tile-size options: (1, 16, 32, 64, 128) x (32, 64, 128)
» FlashAttention only supports (64, 128) tiles
“*Heuristic selection based on hardware and workload

more Query

Decode

[bot]: it ] only | [ was [fc:?ﬂ KV-Cache & Peak Floating Point Performance

S (e.g. 312 TFLOPs/s)

Draft Model's proposal / Appended User Prompt

Verification & human] [_1_] [wouid] [Sieep] | Query
Aapend [T 11 1T 1 e
[Mot ] [ 11 ][ only | [ was | [more | [fuman] [ 1 ] [Wouid] [sleep ] KV-Cache

Initial Prompt

Query
You are a helpful| {chatbot]
U N ===

You are a helpful| [chatbof] KV-Cache

Prefill

Verification &
Append

Performance (TFLOPs/s)

Operational Intensity (FLOPs/Byte)
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Load Balancing Schedule

dFlashDecoding [MLSys24]
<+ Split-K to efficiently leverage SMs

Values

Queries

Output

Values

Keys

Queries !

Output

Split 1/5 Split 2/5 Split 3/5 Split 4/5 split 5/5

15



Load Balancing Schedule

dDispatching the attention work to CTAs

%1 CTA (thread block) for 1 SM
<+Avoiding idle SM due to load imbalance

/ lﬁb_ut:

/- Query/KV length of each request
- Query tile size

Request 0

Request 2

Q/
Request 1 l

KV >
work 0
work 1 2
o| work3 | —Dispatch work tile to CTAs—>
work 4
work 5 work 6

Runtime Scheduler

CTAO
CTA1
CTA 2
CTA3
CTA4

CTA Work Queue

work 5

work 6

work 0

work 1

work 4

work 3

Reduction Map
0<-[0], 1<-[1, 2], 2 <- [3],
3 <- [4], 4 <- [5, 6]

|

16



Attention Specification

dSimilar to FlexAttention
dAccept CUDA code string

Attention Specification in Python

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_tx*
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 go_idx, int kv_idx, int
go_head_idx, int kv_head_idx) 1%

return 1. / (1. + expf(-(logits_score * scale + bias)));

%
[
attn_spec = AttentionSpec(

"FlashSigmoid",

additional_vars=[("scale", "float"), ("bias", "float")],

additional_tensors=[],
spec_decl=spec_decl

17



Programming Interface

dinit:
+JIT compilation

dPlan:

“+Dynamic load balancing schedule
“+Multiple layers use the same plan

» cost amortized
JRun:

“Select best CUDA graph
“+Replay CUDA graph

# Create workspace buffer
workspace = torch.empty(...)
seqlen_info.init()

# Compile: create CUDAGraphs
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()

18



Evaluation: End-to-End on SGLang

dFlashinfer outperforms Triton-based FlashAttention

Inter-Token Latency (ms)

50
40 -

Llama 3.1 8B Instruct (1xH100)

30 +--==zm=mmmmm————— ”‘_:_':’w

20 1-F
10 1+-§

______________

ShareGPT Variable
Workload

Time-To-First-Token (ms)

Llama 3.1 8B Instruct (1xH100)

180
150
120

R .
60 i > v ity ] A T
30 -

ShareGPT Variable
Workload

B SGLang (Triton) w#a SGlLang (Flashinfer 0.2)
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Evaluation: FA Kernel

dFlashinfer outperforms FlashAttention due to
“*load-balancing scheduler
“versatile tile-size selection

H100 SXM 80GB A100 SXM 40GB

100

100
80 1
60 1
40 -
20 1

(0]
o

N
o

7 VA Y
/1 A

i 1 78
. WA R 7 A 7 9%
Constant Uniform Skewed Constant Uniform Skewed

Sequence Length Distribution Sequence Length Distribution
772 Flashinfer (MHA) 727 Flashinfer (GQA-4) w4 Flashinfer (GQA-8)

[1 FlashAttention (MHA) FlashAttention (GQA-4) mm FlashAttention (GQA-8)

Decode kernel

o

Bandwidth Utilization (%
5 O
o o
NN\
£)
N>
>
-
okl
7
9
8
NN\
3
NN
5
9
9
Bandwidth Utilization (%




Evaluation: StreamingLLM Use Case

dRoPE of StreamingLLM should be modified

»Easy fusion with FlashiInfer

»only 20 lines of code
» 28 — 30% latency reduction

o

o O

Inter-Token Latency (ms)
= N g S5 U

H100 SXM 80GB

o

=1
N B
=N
-t~

1000 2000
Recent Size (tokens)

== Flashinfer (fused RoPE)

@ FA (Unfused ROPE)

E A100 SXM 40GB
1 . #3.1_ 42.1 43
' C 404 . i
] 3 : 33,7 ..34.7
‘ 29.7 S 30 -3%\-5 -------------- 1 ------------ 4;
-1l = Es 24.3 24.9
2 .C Q | ?— i !
------ ~ 20 : :
13.4 e | ;
! w10 ; i
4000 g 1000 2000 4000

Recent Size (tokens)

Original Implementation

21



Evaluation: FlexAttention

dFlexAttention:

<+ User-friendly interface for attention variants
“+Generating block-sparse Triton-based FlashAttention
“*Problem:

» Triton FA is slower than native FA

» Triton lag in adopting new hardware features (e.g., Hopper)

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

TFLOPS Comparison on Causal Attention



Ablation Study: Composable Formats

dScenario: parallel generation sharing the same prompt

<+"n" parameter in OpenAl API

<+ Used to select from multiple options
» Chain-of-Thoughts, math solving, A/B test, etc.

Single Format ITL (ms)

[
o
|

-

1072

Llama 3.1 8B Instruct (1xH100))

64

32, -2.18%

L +0.97%
16,/
[ 4
o +2.06%
8 -
.//
4 /+9.14%
.///
2 /413.73%
1 7’

(S
062538,

10-2 10-1

Composable Formats ITL (ms)

Single Format ITL (ms)

1071 /. Sl | EAG
® /// +9.01%
2 417i42%
le
/0-2.00%
-18.56%
10245 ,
102 10!

Llama 3.1 70B Instruct (4xH100))
04

16/’/+ 10.09%

%
8! - +5.03%

Composable Formats ITL (ms)

Evaluation on MLC-Engine

32 7 +0|96%

(0]
Parallel Degree (n)
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Ablation Study: Composable Formats

dScenario: parallel generation sharing the same prompt
<+"n" parameter in OpenAl API

<+ Used to select from multiple options
» Chain-of-Thoughts, math solving, A/B test, etc.

Llama 3.1 8B Instruct (1xH100)) Llama 3.1 70B Instruct (4xH100))
3 32, . o
1 2. / 0/ i €
0% 1 o 0]84% 1 32,7 +232%
— 16/ 0 — H //
7 o +0.94% 7 1 32
E 8 ///+2 700/0 é 102 7 16/// +9350/0
= i L ' = w <
10% 4 4 +-+10:08% K- 8 -~ +4.69% 16 g
E » E & ‘ o
® S +16.41% © 4 ,74+8.42% o
g // g ./// ' 8 8
e S 10! - ¥74+22.86% -
PR I, S ey S o / i 5
P 2, 2
10~1 4 — S S . :
7 512,86% 100 §.+%--+3.90%
p s - - - - : 1
10+ 10° 101 102 10° 10! 10°
Composable Formats TTFT (ms) Composable Formats TTFT (ms)

Evaluation on MLC-Engine



Ablation Study: Composable Formats

dScenario: prefix-sharing

Table 5. Latency of Shared-Prefix Attention Kernels

Splizge;i Composable Single Composable Single
Length (BS=16) (BS=16) (BS=64) (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
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Ablation Study: Load Balancing

dLoad balancing reduces ITL and TTFT

Table 6. Load-balancing Scheduler Ablation Study (ITL)

w/ w/o
Scenario Load- Load- Triton
Balancing Balancing
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 7. Load-balancing Scheduler Ablation Study (TTFT)

w/ w/o
Scenario Load- Load- Triton
Balancing Balancing
ShareGPT (RR=16) 39.05 3942 5292
U(512,2048) (RR=8) 66.78 67.38 68.48

U(4096,16384) (RR=1) 411.02 421.60 566.30
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Ablation Study: Load Balancing

dLoad balancing reduces ITL and TTFT

Table 6. Load-balancing Scheduler Ablation Study (ITL)

w/ w/o
Scenario Load- Load- Triton
Balancing Balancing
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 7. Load-balancing Scheduler Ablation Study (TTFT)

w/ w/o
Scenario Load- Load- Triton
Balancing Balancing
ShareGPT (RR=16) 39.05 3942 5292
U(512,2048) (RR=8) 66.78 67.38 68.48

U(4096,16384) (RR=1) 411.02 421.60 566.30
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Ablation Study: Overhead of Sparse Gathering

dSparse row gathering involves overhead

“*Moving Scattered HBM to contiguous SMEM, Index management

dFA3 leverages TMA for KV loading

<+ TMA requires fixed-stride access

» while sparse gathering of Flashinfer requires arbitrary row indices
70 FA2 Template (H100 SXM5) 70o A3 Template (H100 SXM5)

B 600

o
o

N W & O
o O
o o

Achieved TFLOPs/s
o
o

100 1

(32, 1024) (16,2048) (8, 4096) (4,8192) (2,16384) (1, 32768) (32, 1024) (16, 2048) (8, 4096) (4,8192) (2,16384) (1, 32768)
(Batch Size, Sequence Length)

. Batch Size, Sequence Length
Prefill ( 9 gth)

(772 Flashinfer (vector-sparse) [ Flashinfer (dense)



Ablation Study: Overhead of Sparse Gathering

dSparse row gathering involves overhead
“*Moving Scattered HBM to contiguous SMEM, Index management
“*No need of sparse gathering for contiguous blocks

Decode Attention on Sparse/Dense KV (H100 SXM5)

-
o
o

~
(%))

N
(%)

Bandwidth Utilization (%)
w
o

o

(16, 2048) (8, 4096) (4, 8192) (2, 16384) (1, 32768)
(Batch Size, Sequence Length)

(32, 1024)

##A Flashinfer (vector-sparse) B Flashinfer (dense)
Decode



Discussion

dMinor issues:
+Some techniques are similar to existing papers

» load-balancing scheduler

» sparse-row gathering

dExpertise in CUDA

< Flashinfer template requires a string of CUDA code
< FlexAttention is enough for simple verfication

» FlexAttention only requires PyTorch code

» Triton now also supports Hopper advanced features

30
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Baseline Scenario Baseline Feature | Flashinfer Feature
ogﬁ’ﬂ-‘/ Triton | E2E ITL, TTFT, Overall
. ShareGPT, Variable

FlashAttention2&3 | decoding of mha / load-balancing

4.2 gqa, prefill of mha scheduler
decoding: versatile
tile-size selection

FlashAttention2&3 | StreamingLLM for hard to manually | only 20 PyTorch

4.3 RoPE fusion fuse ROPE in FA | LOC to fuse

FlexAttention G.1

normal Attention
variants (TFLOPS)

based on Triton based on
(lagging in CUDA/CUTLASS
adopting new
Hopper advanced
features)

FlexAttention G.5

fine-grained sparsity
of Quest (latency)

large block size | sparse-row
gathering (tensor
core for small
block size)

Flashinfer Part

Scenario

Baseline

load-balancing scheduler G.3

var. seq. len., SGLang

Triton, w/, w/o load-balancing scheduler

composable format
44 G2

parallel generation (MLC-Engine), | composable vs single format

shared-prefix
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