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Major Operators in Large Language Models

- Attention
KV-Cache storage heterogeneity/sparsity
Variable Sequence Length
Attention Variant
- Shared-prefix in K\V-Cache structure

- GEMM
Customized Epilogue
- Performance critical (close to speed of light)
Dynamism: Group GEMM

- Collective Communication
- High-latency, can overlap with computation

- Logits Post-Processing
Top-K/Top-P/Min-P/... sampling

Flashinfer: non-intrusive, high-performance kernel collectives for LLM Serving Engines.



Attentions in LLM Inference Serving: Challenges

e KV-Cache storage heterogeneity
O Page-Table (VLLM)
O RadixTree (sglang)
O Pruning (H20, ...
O Speculative Decoding (Tree Attention)
® Attention Variants
o Different data-types, head dimensions, ...
o Different query/key/value prologue, epilogue
O Binary size explosion
® Prefix-reusing
O Prefix caching

e Different phases

o Prefill/decode/chunked-prefill/speculative decoding
® Runtime dynamism

O Variable sequence length during generation



Attentions in LLM Serving - KVCache Heterogenity

Page Attention (VLLM): efficient memory management for variable sequence length.

KV-Cache are stored in Paged KV-Cache

5. Generated 4th token.

Physical KV cache blocks

Seq "\ Prompt: “Alan Turing is a computer scientist” Block 0
A / Completion: "and mathematician renowned for" oo
Block 1 |computer| scientist | and ratician
Logical KV cache blocks Block table Block 2
Block0 | Alan | Turing is a Physical | # Filled Block 3 [renowned|  for
- \ block no. | _slots
Block 1 |computer| scientist | and maﬁdan\ 7 4 Block 4
Block 2 d| for ! .
renowned \ 3 2 Block 5
Block 3 7 Xy Block 6
Block 7 | Alan Turing s a

Example generation process for a request with PagedAttention.



Attentions in LLM Serving - KVCache Management

Radix Attention (sglang)

® Designed for prefix-caching and reuse.
® Page_size = 1 for less fragmentation and higher cache hit-rate.

® Duplicate prefix are organized as a Radix Tree.

[_] Question 1: ...

You are a helpful assistant. Answer 1: ...
["1 Question 2: ...
J Answer 2:...
User: Hello! User: What can you do? Question 3:

Assistant: Hi! | Assistant: | can ...

) (2] [J

User: Write a story ... What ... When ... How ...
Assistant: Sure! ... Answer 3: ... Answer 3: ... Answer 3: ...

(] J O




Attentions in LLM Serving - KVCache Management

Page 1 Page 2 Page N

KV-Cache Compression
(e.g. Quest):

Stage 1

e Computing the
importance mask.

Stage 2 j-?'tmpz C‘u‘npuleﬂpuummm

Attention with mask. -

Quest: Query-Aware Sparsity for Efficient Long-Context LLM Inference

ﬂa-bl'.lpl'
L | | |




KV-Cache Storage

BSR (Block Compressed Row) Format - (B_r, B_c)

e More friendly to GPU Tensor Cores (16x8x16 for Ampere, 64xNx16 for Hopper).

0111213415
0 indices[0:2] = [1,5]
1 indices[2:4] = [2,4]
2 indices[4:6] = [1,3]

indptr = (0, 2, 4, 6)
Block Sparse Format . jices = (1, 5. 2, 4, 1, 3)

(BT:BC) = (412) value: Optionall (6, 4, 2)]



KV-Cache Storage

Page Attention as Block Sparse Format

Logical KV-Cache Block

—

Request id

Query

{l0} = (8,4, 4)
Page size (B.) =1
Query tile size(B,) =4

o| | | (H*D)

Physical KV-Cache Block

o 111
v I

—+#KV physical page ldx—>

Q

Block Sparse Matrix



KV-Cache Storage
e ~O00RGO®

Radix Tree and Token Tree are sparse | (Head1 | guery
matrix by nature. _ v ||
:'@(_ ; v

v| |v
But!!! The tree mask could be highly T
sparse

olelo)

4
4

e Still alot of fragmentation in

block-sparse representation

It
(128, 128). Tree Mask

<
L

the

o

Figure from medusa



KV-Cache Storage

Column vector sparse (block sparse with block columns=1) reduce fragmentations
significantly.

=
(=)
o =,.|.,
a;& is? 0 2 4
2| 3. 3 5
w 2
5 - 6 csrval=[0,1,2,3,4,5,6,7, 8,9, 10, 11]
2 7 csrRowPtr = [0, 3, 4, 6]
E 8 10 csrColind =0, 2, 6, 3, 1, 6]
! 9 11

L
>

-

Number of Columns
Figure 8: Column Vector Sparse Encoding.

Efficient Tensor Core-Based GPU Kernels for Structured Sparsity under Reduced Precision 10



KV-Cache Storage

Sparse rows @ sparse columns is still compatible with Tensor Cores as long as their
last dimension is contiguous. (Octet Tiling, Magicube, TC-GNN, SparseTIR).
A': SR-BCRS(4, 4)

Flashinfer workflow:

® Loading rows from global memory
(sparse) to shared memory (dense).
® Use dense tensor cores on shared

memory. (no waste).

Memory loading is still coalesced
because of the contiguous of last

dimension.

Figure from SparseTIR |ttt

Tensor Cores

B o] o3 4]o]| lof| |o
0] o] []o of2] [2] |o i)
0] 2] |40 ojo| |o} ot_
0 0 ol o-1”__.o
o] |2 0 i
oo o
. B o
1 0 0
T
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i A sub Xsub Ysub Y
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Composable Formats

® |ots of shared-prefix in reasoning
algorithms.

Proofs
from

THE
BOOK

Shared long prompt
(e.g. textbook)

Users

¥ Whe is Paul Erdés?

— [LLAMA]: Erdds was a
Hungarian mathematician...
User 1 r How is Erdds related to the
beok?

& How many sections in
this book?
[LLAMA]: The Bth edition

has 45 sections in tolal,
User 2

Q: What's vour favourite
proof in this book.
[LLAKA]: As a language
moded...
Usar 3

k. Show me a proof about
Monsky's Theonem

Q: Here is an proof of

Usard  Monsky's Thearsm:

ThreadBlock

Block size

(1, 1)

Afttention Kernels with small block size,
access K\-Cache through Global Memory/L2 Cache.

Block size
(1.1)

Block size
(3. 1)

Composable Formats for
Memory-Efficient Computation

__Index

1+
2.
3
.
.
_.ﬁ_...

—1—+
— 2
—3
—d-=
— 5=
-

_2_...

lse,y

e 1101
= nique [~
L Kv-Cachd Lse
L Uun
lse,;
)
Shared
KW-Cache

A.ltentinr; Kernels with large block size, requests
inside the same block access common KV-Cache

(e.g. shared-prefix) via Shared Memory/Registers
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Attentions in LLM Serving - Variants

Lots of attention variants.

Grouped Query Attention
Multi-Latent Attention

Grok/Gemma-style logits soft cap

ALIBI bias

|l‘-1'1 -k

0
qz2 ki gz kz -1 0
q3-k1 g3+ k2 @3- ks +|-2 -1 o om
1Ga-Ky Gs- k2 qq- ks |Ga-Ka Sl =2 -1 0
Gs-ky Qs ka2 qs ks qgs-kaqs-ks e 3 -2 -1 0
Multi-head Grouped-query Multi-query

S W R S S_

L L LA ] L_F

IRigini ]
1000 i}

J00000on JLUUHUHJ




Compute Abstraction - Compiler & Runtime

JIT Compiler:

e Customize Attention Variants by defining functors.
® Support continuous/sparse KV-Cache Storage.
e Compile-time scheduling for different problem shapes

Runtime:

e Variable-length dynamic Scheduling

® Programming interface compatible with open-source LLM serving engines.

14



JIT Compiler

Flashinfer implements highly customizable CUDA/Cutlass template for FlashAttention 2&3
on:

® Batch of requests / single request
e Block Sparse (with any block size) KV-Cache / Contiguous KV-Cache.
O Compatible with mainstream LLM serving frameworks.
@ Programmable functors for customizing attention variants (Inspired by FlexAttention &
AlTemplate from Meta).

Attention on GPT-2

15



JIT Compiler SigmoidAttn(X) = 0(QK"/+/dax)V,

with o : u > sigmoid(u + b) == (1 4 e~ (#+¥)~1,
Customize Attention Variants by user-defined QueryTransform, KeyTransform,
LogitsTransform, LogitsMask functions. (inspired by FlexAttention)

Attention Specification in P

Part 1: Kernel Parameters Class Part 2: Kernel Traits class
|

lspec_decl = r** tomplate ;gpu\:n OTypeQ, typename DTypekV, typename DType0, Istruct KexnelTraits |

[templ typenase I static constexpr HEAD_OIM = {ihead dim}}:

‘:::::n <typename '?xm-. typename KernelTraits_> Bidarien M’: BRetLs comtons A EDC= 1D 2
using Params = typename Params_; :';M'.O& o
using KexmelTraits » typename KermelTraits_: ypekvs K, v; b

= . DTypeO+ o;
g::::zzgt;:(o:g::ool use_softmax = false; floate lse: Part 3: Kernel Body
Miﬂﬁ(cmsi Paramsh params, int batch_idx, uints te | T9TYPe* qo_indptr, kv_indptr, kv_indices, kv_seq_lens;

soem_ptr) { tomplate <typename AttentionSpec>

. 2 // (genexated) additfonal vars obal T
/| Copy from CUDA constant momory to registers ﬂot;tt\zllot - > -W¥&ht:£xus) {
scale = params.scale; e bl
bias = parass.bias; float bias;:
i s . a8 3 / Init attention specification class.

AttentionSpec att , batch_idx, tr):
Part 4: Register custom operators in PyTorch i e S
float LogitsTransform(const Paramsh parass, float

;:“{:annv over all slements inside the thread logits tile

logit_score, int batch_idx, int qo_idx, int kv_idx, int torch: :Tensox attention call( :
Qos,,,,;é idx, int kv_head_idx) { - = torch::Tensor q, torch::Temsor k, torch::Teasor v, fox u:'f 11' 0; 1 : :‘f?;i“:t:-t:lf‘"} o) { :

- - - - // convert registe dex 0 qQo_idx, kv_1dx, elc

roturn 1. (1. oxpf(-{logits_score » scale + bias))): ok -

} / LORES gats. : ! m float scale, float bias // (generated) additional vars) § qo_idx = get<®>(logits_tile(1));
b kv_idx = got<i>(logits_tile(i));
i auto kernel = KexmelTemplate<FlashSigmoid<Params<{idtype q}.
attn_spec = AttentionSpec( fidtype kvi}, [idtype oi}, {{idtype}}>, KemnelTraits>>; logits_tile(1) = attn.LlogitsTranstorm(

*FlashSigmoid” params, logits_tile(d),

batch_idx, qo_idx, kv_idx,
yRe g, dtyre kv, dtype o. idtype. head dim, is spaxse. |! = ” ey
additional_vars=[(“scale®, “float®), ("bias®, *float®)]), [/ Register toxch custom ops . 9o_head_1dx, kv_head_idx);
additional tensors=(], TORCH_LIBRARY_IMPL("FlashSigmoid*, CUDA, m) | !
spec_declsspec_decl m.impl(*Tun’, Gattention_call);

) } i
L

16



JIT Compiler

Customize Attention Variants by user-defined QueryTransform, LogitsTransform, LogitsMask
functions.

ALIBI Attention (Relative Attention Additional Bias)
RoPE Attention

RoPE(q, offset(q)) - RoPE(k, offset(k))”
Sliding Window Attention

(q - k1) - (offset(q) — offset(k) < w)

Custom Attention Mask

(b) Sliding window attention
17



Attention Template -

Head-Group Packing

Fuse query rows and head
groups to increase the
operational intensity of
decode/incremental prefill
attention operators.

Group Query Attention
GQAgroup size () =5 Fused Row Row
[ Index Index

l,=3  Head Group
Fusion

Fused row index to row index:
i=1/g K

Fused row index to Q/O head index:

go_head_idx = kv_head_idx x g + (i'%g)
Fused query(output) length E:p =g-lgp =15

18



Attention Template - Sparse Gathering

K /V in sparse storage K /V in dense storage
Sparse Global to Shared Memcpy (Column Major) , _ (Colurmn Majon

® For contiguous storage, issue
TMA instructions for each tile.

® For sparse storage, issue
multiple LDGSTS async-copy //
instructions.

LDGSTS.128B ‘/‘// LDGSTS. 1288
P

[
lShared[i] < Global[f] : Shared[i] +« Global[j]

'_j indices[(offset+i)/b_ l:]: jeoffsetsi
o TMA2D is not applicable for | *(offsetei)b.c |
l ]
gather/scatter. Konoren/ Vrore ;: Loading VKoo - Loading

[Vahare: .
it Contiguous K/V tiles

Sparse K/ tiles

19



Attention Template (MLA)

Multi-head Latency Attention (MLA) is a special form of Grouped Query Attention
(GQA) with large head dimension (not enough registers for storing output).

® Split on head dimension

C_KV, K_PE C_KV
[KV_TILE, 576] [TILE_SIZE, 512]
@ SMEM @ SMEM
Q_NOPE, Q_PE
> sMo 6,576]  —» ELEVTLE] L pyGather—» OKBLKV-TILE] L) Ol64512)
@ SMEM
WG 1 WG 2 WG 1 WG 2
w i y
Q_NOPE, Q_PE
QK [64, KV_TILE] QK [64, KV_TILE] 0 (64 512)
Ly SM1 (B4, 578] — —AllGather—» e
@ SMEM @ REG & SMEM & REG
WG1 WG 2 | WG 1 WG 2

P & O register usage: 84 * (512 + KV_TILE) /256 = 128 + KV_TILE / 4
SMEM usage: (64 * 576 + KV_TILE * 576 * PIFE_DEPTH) * 2 = 73728 + 2304 * KV_TILE
Max KV_TILE = 64



Attentions in LLM Serving - Workload Heterogeneity

Decode:

® Onetokenatatime
e len(Q) =1

Prefill:
e len(Q) = len(KV)

Append (a.k.a incremental
prefill)

® Several tokens at a time.

e len(Q) < len(KV)

Decode
more Query
[bot]: If [ only | [ was [m:re| KV-Cache
Append Draft Model's proposal/Appended Prompt
{human| | I | wu@ E|EELI Query
—
[ was | [ more | [human I would | [ sleep | KV-Cache

Prefill

Initial Prompt

hatbol] Query

helpful

E:Hj KV-Cache

21



Tile-si1ze selection

Select tile-size according to query length.

e Different tile-size for different problem shapes

®)

O O O O O

e Various pipeline design (for H100 and later)

®)

CUDA-cores (67 TFLOPs/s), tile-size: 1x512

Tensor-cores (989 TFLOPs/s), tile-size: 16 x 512
Tensor-cores (989 TFLOPs/s), tile-size: 32 x 256
Tensor-cores (989 TFLOPs/s), tile-size: 64 x 128
Tensor-cores (989 TFLOPs/s), tile-size: 128 x 64

2 warp groups / 3 warp groups for MLA

Tile Layouts

22



Runtime Scheduler

Cost-model based deterministic
scheduling for variable length
requests.

Inspect sequence length
information ahead-of-time.

Goal:

e Load-balancing
® /ero wave-quantization

/’fh‘&‘ﬁ i
/- QuerylKV length of each request RUNtIMe Scheduler
| - Query lile size =A== CTA Work Queue
. OO CTAO VokE
en0 work 1 2
CTA1 work 6 2
work 3 | —Dispatch work tile to CTAs:
Requesﬁollo ) Y CTA2 work 0
4
WOl CTA3 okt
Beguost 2 orcR i CTA4| work4 | work3
Reduction Map
0 <- [0], 1 <- [1, 2], 2 <- [3],
3 <- [4], 4 <- [5, 6]

Final Outputs

ontraction
Kernel

L ) 0y )
LSE', /|\LSE',

Partial output for each work tile.

23




Compute Abstraction

Integration with LLM Serving Engines

e Init: JIT compilation of kernels of each attention
configuration (problem size, data-types, attention
variants).

® Plan: dynamic kernel scheduling

O Load-balancing
O Deterministic (reduction in deterministic order).

O Cost amortized by multiple layers.

® Run: execute kernel according to plan information.

Inspector (plan)-Executor (run) mode.

Compatible with torch.compile and CUDAGraph.

# init per configuration

wrapper = AttentionWrapper (task_info)

step = 0
while True:
step += 1
# plan per generation step
wrapper.plan(...)
for i in range(layers):

# run per layer
wrapper.run(...)

# For CUDA graphs
g = torch.cuda.CUDAGraph()

# warmup
with torch.cuda.graph(g):
for i in range(layers):

wrapper.run(...)

step = 0

while True:
step += 1
# plan per generation step
wrapper.plan(...)
# replay CUDA-Graph
g.replay()

24



FlashInfer: Storage and Compute Abstractions

Unified KV-Cache Format

(section 3.1)

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

Page Table :\\Q‘E '_

Block-Sparse

Matrix

Radix Tree

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

h 4

Dynamic-aware Compiler & Runtime
(section 3.2 & 3.3)

Compiler

‘ KV- Workspace Buffer
p

[ Attention Variant |

Specification

Attention

Task Information

-,

o

Kernel

Runtime

Scheduler

Load-
balancing
Scheduler

[ KV-Cache layout |

specification

%

Sequence length
information

25



Results - Paged Attention

Vector-Sparse Attention (page_size=1) vs Dense Attention

Sparsity at 10% overhead

B Flashlnter FAD (sparse, page_size=1) W Flashinfer FA2 (contigucus) w Flashinher FAS (sparse, page_size=1) W Flashirfir FAZ {contigucus)

26



Results - Load Balancing

Variable Split-K for better load balancing in variable length settings

e Constant/Uniform/Zipf distribution

£ H100 SXM 80GB £ A100 SXM 40GB
g 100 5 100
§ 80 § 80 > s
Z 60 7 Z 60/ 7 %
=) . 7 s ] 7R f
z 40 , % Z 40 Z %
£ % 5 % 7
3 20 % T 204 7 %
z , . /) A | E 7 7 7
s Constant Uniform Skewed 5 Uniform Skewed
w Sequence Lenqgth Distribution @© Sequence Lenqth Distribution
Focus (MHA) B2 Focus (GQA4) W Focus (GQA-8)
(] FlashAttention (MHA) B0 FlashAttention (GQA-4) . FlashAttention (GQA-8)
= H100 SXM 80GB - A100 SXM 40GB
£ 100 £ 100
s 80 & 80
= 60 ® 60
g 40 = 40
& 20 & 20
[e] o
=5 0 . =5 0 ‘
L Constant Uniform Skewed L Constant Uniform Skewed
Sequence Length Distribution Sequence Length Distribution

@23 Focus{MHA) [EEE FlashAttention{MHA)

27



Results (end-to-end)

Flashinfer w/ leading open-source LLM serving - sglang

Performance on Llama 3.1 70B on 4xH100

e Sglang (Flashinfer)
e Sglang (Triton)

Workloads

® ShareGPT
e Variable distribution

Up to 2x latency reduction than Triton backend

Llama 3.1 8B Instruct {1xH100) Llama 3.1 T0B Instruct {4xH100)

Inter-Token Latency (ms)
[ = T} i A
= o o = =3

L=

ShareGPT Wariable ShareGPT arkabie
Workload Waorklaad

I S5GLang (Triton) @@ SGLang (Flashinfer 0.2)

Llama 3.1 BB Imstruct (1xH100} 150 Llama 3.1 TOB Instruct (4xH103)

[ I
® 2 B

Tiene To-First-Foken (msh
2

2

s
(=1

ShareGPT Variable
Warkload

I SGLang (Triton) EEE SGLang (Flashinfer v0.2)



Results - Customized Attention

Customized Attentions (fused-RoPE attention in Streaming-LLM)

® 2x acceleration at kernel level.
e 30% end-to-end latency reduction on Streaming-LLM

£ H100 SXM 80GB B A100 SXM 40GB
‘:;40 an P oo o= &
2 29 7 - B - % I DL s vaanan ey asn 341
PRl { ¥ e — BT — A 43 30b42 243 245
L2038 2. iivvivveiae ) e 2 @
H 20342 ﬁs 134 2 20
- 10 = 10
g 1000 2000 4000 g 1000 2000 4000
- Recent Size (tokens) - Recent Size (tokens)
wee= Focus (fused ROPE)  « @ FA (Unfused RoPE) === Original Implementation
2 2
= 100 H100 SXM 80GB = 100 A100 SXM 40GB
S & 5 S
® Bol % 80
~ ~
= 60 = 60
— —
P 40 - 40
T 201 7 Z 2 20 :
: L AN ! E i
5 255 2000 5 255 2000
@ @ Sequence Length Distribution

Sequence Length Distribution
X Focus(MHA) EEE FlashAttention|MHA) e Focus(GQA) =R FlashAttention(GQA)
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Results - Parallel Generation

Parallel Generation (with different “n” in OpenAl API)

Single Format ITL (ms)

Single Format TTET (ms)

64
32 !
«1 N - )}
e 16
L
42 b
8 |
.
4 +914
..
2 *1
ol
.
710348 |
1073 4= .
10+2 1077
Composable Formats ITL (ms)
Llama 3.1 8B Instruct (1xH100))
na
107 X2, ka
16, 54
s P
8 +2. 70 1
L |
10! 4 +1008%—1
* |
10° ‘ |
107§ ;8 - i
L g |

Llama 3.1 8B Instruct (1xM100))

107! 10° 10! 10°
Composable Formats TTFT (ms)

Llama 3.1 708 Instruct (4xH100))
63

32,
- 16,
I »
E 8| 7 4
'210 . a4 *
. 9
& 2 4174
¥ ie
g b
A 18 56
1077 =~
1074 1077
Composable Formats ITL (ms)
Llama 3.1 708 Instruct (4xH100))
{ 6d ]
: 32, s2pz
> v |
510%1 16493
.- | »
& { 8 od €
= \ »
] | 4 ./ +8.42
E | .
g10t§ 1222 86 .
& i
5 |
|2,
.
loﬂi o #3.90% i
10° 10! 104

Composable Formats TTFT (ms)

64

32

«©
Paraliel Degree (n)

k-]
Paraliel Degree (n)
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LLM-Specific Operators

+ Top-P/Top-K sampling
- Relies on sorting (slow on GPU)

- WVocabulary size growing in recent years
(from 32k to 128k)

- Lots of data-dependent operators that
are hard to fuse.

« Flashinfer provides template for rejection
sampling on GPUs

+ Not relying on sorting
- Fast convergence (within 10 rounds)

- User-defined filter functions (top-
p/top-k/min-p/etc).

Sampling Latency (me)

- Next step: compile the entire post-
processing pipeline (w/ repetition
penalty, etc.)

Top-P Rejection Sampling

ympling Latency Growth with Batch Size

vLLM (lorch) = wLLM (flashinfer)

Li-] L]

Bavic Siow (UL Lisma-3 088, fH100)

208
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Next Steps - Holistic Kernel

- Imbalance between I/O, Compute, Network

bandwidth usage.
+ Overlap Compute-Bound, I/0-Bound,
Networking operators
- Split requests into nano-batches.

- Dispatch different workload to
different SM on GPUs.

- Use multi-stream to isolate the
operators.

- Kernel generation in Nanoflow:

- SM-Constrained (Horizontally fused)
GEMM/Communication/Attention
operators.

« Customization for different models.

+ Using Cutlass as backbone GEMM
generator.

Iteration
GEMY
Eav o WASTED fhewastoos] O Jewssreos] b WASTED —#
MY AS 040 veoar |
lteration
GEwe| camtw | GEwed | Gones :w:.uimﬂ:-m
i1 1k &1 =¥ I_I.-IE 1-F :r"l"!"l
T: ';q; “;-_T‘ 'f.:' HIDI. a2 waB1 ﬁ{ﬁl "_ﬂ" E- ':’;'
e isient ':;_':;" P ag oz | uﬁmul |
......... .
GPU Clusters Balch Users
Sehsduler R.equem
GPU  H  GPU )
Intra-device Parallelism
] 1
o H o (5] (5] [54] (5] (5] (0]
[sm] [s4] [sm]
I [5¥4] (5] [5w]|[sm] [sm]
NS cruram | KV Cace [sm] [sm] [sm] [sm]|[sm] [sm]
ESDy Ow 8 Comp-bound Op  Mem-bound Op Nﬂl‘:ﬁmﬂﬂ
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Next Steps - Holistic Kernel

- Example: Chunked Prefill
- Piggybacking decode with prefill, require attention kernels.
- Single kernel with fixed tile size
- Sub-optimal for prefill or sub-optimal for decode
- One prefill kernel + one decode kernel
» Low-occupancy for prefill kernel

+ POD-Attention (Aditya et al.)
- Compile both large/small tile size.
+ Runtime dispatch to one implementation.

SM 0 SM 1 — sm2
| Prefill | [Decode|| || 2 | [Decode|| || Prefil | |Decode

LPreﬁll ’ (Deoode} 1 ’Decode Decode

vo

SM counter array: |4 |2 3|3| Prefill counter: 34 Decode counter: @

&

if (threadlds.x == @% £ /f Leader thread finds assignment
= F.ﬂ._PI’Efill | ] FI_Pr‘e’fiII e POD
EZE FA_Decode B FI_Decode

1.2
o
£ 1.0

£0.8
[+ 4

EELE

gﬂ.d

s
=0.2

o

NN

0.0"co c1 c2
Hybrid Batch Config

J/ retch the assigned UIA and operation.
int cta_id = shared_mem[2];

const int op = shared_mem[1];
_syncthreads(),

F{ Perform the appropriate operation

if (op == PREFILL) prefill_op(cta_id);
else decode_op{cta_id)
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Next Steps - Holistic Kernel

- Lots of opportunities for prefix-cache reuse in agent-based
system

+ Can be formulated as attention on several different sparse
matrix, each with different block size.
+ Low-occupancy for each kernel.

- Holistic Kernel
- Compile fused kernel for all tile sizes kernels.
- Software scheduling for dispatching and load-balancing.
Users
& Q: Who s Paul Erdés?
——>| IU.NMI E:doavnu

User 1 Q Hwhwwbu

O mﬂwmh
this book?
[LLAMAJ: The Gth editicn

ThreadBlock
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Community

® Originated as a research project.
® After over a year of development, the project now has 50+ contributors from
both industry and academia.
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flashinfer Public Contributors

Flashinfer: Kernel Library for LLM Serving o ‘ @ .

gpu cuda  jit pytorch lim-inference flash-attention large-large-models 0 ” ‘ ‘ @ .
4 B S :9 '..Jx
® Cuda - &8 Apache License 20 + % 197 - Ye 2k - (D69 « § 10 - i » - d .

Updated 8 minutes ago

e Widely adopted by leading open-source LLM engines, including MLC-LLM,
VLLM, sglang, Hugging Face TGl (Text Generation Interface), Nanoflow, and
others.
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: 4 Flashinfer
' Qo
FlashInfer - Kernel Library for LLM Serving

Position: Expanding on existing operators in PyTorch, cuBLAS, and similar
libraries for efficient LLM inference, with focus on:

e Attention Operators
O Customizable Attention Templates optimized for LLM Serving scenario.

e GEMMs

0 SM-Constraint GEMM and Grouped GEMM (call cutlass under the hood).
e LLM-specific operators (Sampling, etc)
e Holistic Kernel Generation.

Mission: open-source CUDA kernel generator/library for fou n&lation models.
TF g =

® Welcome to join the community!
e Slack workspace for open discussions
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