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The Attention Bottleneck in Transformer-Based LLMs ‘%
« LLM workloads have become increasingly &deepseek N

impactful - S
ChatGPT @ 14
« DeepSeek-V3, ChatGPT, Llama (l)Q*KT

VD
« Dominating LLM are Transformer-based 00 LLaMA - .
Q[S| Attention Score

v

. ' o N !
The attention bottleneck (o> wown )’
 Multi-Head Attention (MHA) exhibits quadratic | t 5 ' I
complexity over sequence length. O(S?) § Feed Forvard | ! | (2).SoftMax
’ \_ 2 i A *
« Most operations in MHA are bottlenecked by N f
memory accesses!! o - preps )i
« Performance bottleneck for - ' OS] SoftMax(Att.Score) | |V
MULTI-HEAD '
* LLM inference | ATTENTION ’ '
« Especially during long context prefill ' QF_J
* LLM training Povtional () ‘R" ] ]
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SoA Solution: FlashAttention-3 on Nvidia H100 GPU ...

K:dxN

opy Block to SRAM

« The attention bottleneck has driven optimizing MHA dataflows
on the dominant Al hardware platform — Nvidia GPU Q:Nxd e

* FlashAttention!?! — most widely adopted solution

Inner Loop
dooq 121N

« Efficiently fuses MHA microkernels

doom 1auuy

« FlashAttention-28l: algorithmic optimizations ,

« FlashAttention-3[9l: leverages asynchronous execution sm(QK")V: Nxd

 Drawback of SoA solution: FlashAttention-3 on H100

« Suboptimal performance

* No more than 75% utilization on H100 .
HBM HBM HBM

« High cost of hardware platform
« 814 mm?die on TSMC’s 5nm process node : » § N Die
6 HBM3 stacks — up to 50% total cost '
« 700W Thermal Design Power(TDP)

HBM HBM HBM -
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https://www.servethehome.com/nvidia-h200-launched-with-141gb-of-hbm3e-at-sc23/

 Tile-based many-PE accelerators

 Meshes of compute tiles
« Matrix, vector and scalar engines

* Local explicitly managed memories

« Scalable NoC, Main memory at die boundaries
 Favors silicon efficiency and scalability
« A dense compute tile placement

« Software-controlled partitioned memory hierarchy

 Eliminates L2 on-chip cache for area efficiency

* Examples

« Tesla’s Dojo, Tenstorrent’s Blackhole, Huawei’s
Ascend910, Meta’s MTIA

s
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https://www.tomshardware.com/tech-industry/artificial-intelligence/huaweis-homegrown-ai-chip-examined-chinese-fab-smic-produced-ascend-910b-is-massively-different-from-the-tsmc-produced-ascend-910
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Challenge: MHA Dataflow on Tile-Based Many-PE Archltecture‘%_&_ﬁ

 Thegoalisto

Achieve high utilization of the tiles’ matrix engines [ CHO | CH1 [ .. | CHn |
HBM CTRL B
« Minimize energy-hungry off-chip accesses N
. - Tile Tile Tile Tile .
» Architecture and dataflow need to be co-explored : { | { _
Il |C L _ Lo ==
« Dataflow leverages HW feature, e.g., collective primitives on 2 2
NoC fabric =1 Tile Tile Tile Tile | =
! I_ | 1 | I_
QO |.- _ I _ L | (_)_
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Challenge: MHA Dataflow on Tile-Based Many-PE ArchltectureQ‘%

 Thegoalisto

« Achieve high utilization of the tiles’ matrix engines | CHO | CH1 | .. [ CHn
HBM CIR |
« Minimize energy-hungry off-chip accesses =3 I - T
. Tile [l [lle Tile
» Architecture and dataflow need to be co-explored |
. Dataflow leverages HW feature, e.g., collective primitiveson || SW-Based Mult:cast |
NoC fabric | [=41 Tile || Tile Tile Tile |[=
| o | —|
» Accelerate inter-tile collective communications 9 = T | 3 Jo
« Determine optimal architecture design parameters o= | Tile | _Tile || _Tile Tile |[(S)
alongside dataflow exploration TR & B — B
= |[Packet Duphcate & Forward ‘
HW Suppo:ted Multlcast : - |

[ Tile [1le \
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Our Contributions Q%

K
« Modeling and simulation framework for tile-based architecture template (SoftHier)

« Estimating the performance of a large set of tile-based accelerators

« Enabling the co-design of network collective primitives

 FlatAttention MHA dataflow
« Leverages collective primitives on the NoC fabric and minimizes off-chip HBM traffic

« Co-exploration of accelerator architecture and FlatAttention parameters

« Key Results
« FlatAttention vs. FlashAttention-3 on tile-based accelerator

« Up to 89.3% utilization, 4.1x speedup, 16x HBM traffic reduction

« Algorithm-architecture co-exploration

* Peak FP16 Perf(1024 TFLOPS) matches H100 (989 TFLOPS)
« 40% less available HBM BW, 1.8x die size reduction (estimated at TSMC 5nm)
« Upto 1.3x utilization speedup (FlatAttention on BestArch vs. FlashAttention-3 on H100)
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Inner Loop

>
FlatAttention Motivation
iCopy Block to SRAM
« Analysis start from FlashAttention . V:Sxd
. | Copy
« Fuse microkernels of each head attention .................. :,..4.
o B.xd == B xd —
« MHA workload is partitioned to tiles over: EJ >l - BxB. i ?3
3 Co 8
« Batch size, number of heads, output sequence © o l S
dimension |
715 N I N | \

« Every tile processes independently Output to HBM

sm(QK")V: Sx d

e Everytile need to accessin HBM >
Outer Loop

*« No communication between tiles is required

e Resultsin an HBM |I/O complexity of Tite | Tite || Tile I Tile

s
) IO_2°H°B'D'S'(1+H) Tie | Tie || Tile || Tile

« Sequence length S, head dimension D, number of
heads H, batch size B and block size M:=Br=Bc Tile || Tile || Tile | Tile

Tile Tile Tile Tile

s "
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Inner Loop

>
FlatAttention Motivation
Copy Block to SRAM
+ FlatAttention — Redefine how MHA is parallelized q:sq ﬁ__L ___________ COPYY. 5 g
|
- Leverages multiple tiles as a unified entity : ) '"_"_'_"_"_':'_"_':'_':’
e IBCXd =
» Process an MHA block of a significantly larger size . ->l BxB | 2
5 | o
 The aggregate L1 memory of a group of tiles © l 3
|
« Collectively store the block |
| /1 " [ SO | v

Output to HBM

« When N tiles are grouped together, HBM 1/O complexity:

sm(QK")V: Sx d

>

. IO=2-H-B-D-S-(1+ﬁ) B, 1oop

« Moretiles are grouped, less HBM accesses needed
Tile || Tile || Tile || Tile

Tile Tile Tile Tile

Tile Tile Tile Tile

Tile Tile Tile Tile
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Detailed FlatAttention Dataflow

» Distinct data movement patterns within the tile group

Tile Tile Tile Tile

Tile Tile Tile Tile

Tile Tile Tile Tile

Tile Tile Tile Tile

A

L] H
B’Ié-- B B,

B/G,|O| Q| Attention Score| |V

== 7 L) .
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Detailed FlatAttention Dataflow

» Distinct data movement patterns within the tile group

Tile Tile Tile Tile

Tile Tile Tile Tile

A |k

Tile Tile Tile Tile

Tile Tile Tile Tile
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Detailed FlatAttention Dataflow

» Distinct data movement patterns within the tile group

Tile Tile Tile Tile

Tile Tile Tile Tile

A |k

Tile Tile Tile Tile

Tile Tile Tile Tile
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Detailed FlatAttention Dataflow

» Distinct data movement patterns within the tile group

Tile Tile Tile Tile

Tile Tile Tile Tile

A |k
Tile Tile Tile Tile

Tile Tile Tile Tile
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A
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o
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Detailed FlatAttention Dataflow

» Distinct data movement patterns within the tile group

Tile Tile Tile Tile

Tile Tile Tile Tile

Tile Tile Tile Tile

T2

Tile Tile Tile Tile
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Detailed FlatAttention Dataflow

» Distinct data movement patterns within the tile group

Tile Tile Tile Tile

Tile Tile Tile Tile

Tile Tile Tile Tile

Tile Tile Tile Tile

2]
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Detailed FlatAttention Dataflow

» Distinct data movement patterns within the tile group

Tile Tile Tile Tile
Tile Tile Tile Tile
Tile Tile Tile Tile
Tile Tile Tile Tile
BC ]
D —
B/GJ> KT B/G

|

B/G,

T
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Calculate att.score, scaling, and local rowmax m




Detailed FlatAttention Dataflow

» Distinct data movement patterns within the tile group

Tile Tile Tile Tile

Tile Tile Tile Tile

A |k
Tile Tile Tile Tile
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Detailed FlatAttention Dataflow

» Distinct data movement patterns within the tile group

Tile Tile Tile Tile

Tile Tile Tile Tile

A |k

Tile || Tile || Tile || Tile
m m

Tile Tile Tile Tile
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Detailed FlatAttention Dataflow

» Distinct data movement patterns within the tile group

Tile Tile Tile Tile

Tile Tile Tile Tile

A |k
Tile Tile Tile Tile
maEa|

Tile Tile Tile Tile
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Detailed FlatAttention Dataflow

» Distinct data movement patterns within the tile group

Tile Tile Tile Tile

Tile Tile Tile Tile

; a1
Tile Tile Tile Tile
m Im n Irl
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Detailed FlatAttention Dataflow

» Distinct data movement patterns within the tile group

Tile Tile Tile Tile

Tile Tile Tile Tile
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Detailed FlatAttention Dataflow

» Distinct data movement patterns within the tile group

Tile Tile Tile Tile

Tile Tile Tile Tile

Tile Tile Tile Tile

Tile Tile Tile Tile
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Detailed FlatAttention Dataflow

» Distinct data movement patterns within the tile group

« Edgetiles collect data from HBM once and inter-tile data exchange via collective communications

Tile Tile Tile Tile

Tile Tile Tile Tile

Tile Tile Tile Tile

Tile Tile Tile Tile

A

Bi‘;.‘: 2 |
0

B,/G,|0|Q||Attention Score(|V

ETHzirich  swosssis 0 Calculate local O



Asynchronous FlatAttention

« To further improve utilization

« Using asynchronization nature of {DMA, Matrix, Vector} engines invoking
« One tile group dealing with 2 heads concurrently

* Overlap the runtime of {DMA, Matrix, Vector} engines

NoC Multicast Q

DMA Ld Ql.d KT:LG V. NoC Multicast KTV NoC RedMax+Multicast m NoC RedSum+Multicast | NoC RedSum O st OVE
Matrix & T ' I
Engine S=QK 0=0+PV
Vector v v | v |
Engine Rowmax(S) Psexp(S-m)Rowsum(P) 0=01I /)
_——’—-- an "
L Naive FlatAttention
NoC Yulticast Q
LdQ ILd KT [[Ld VI NoC Multicast KTV NoC RedMax+Multicast m NoC RedSum+Multicast | NoC RedSum O| | StO
' i Y i
\ s=QKT ¥ ; 0=0+PV ;
v v : v ;
Rowmax(S) P=exp(S5-m)Rowsum(P) O=0/

DMA 2
¢ fol Weoladvl 1 | Asynchronous
Matrix B 13 7 | g -

Engine 1 s=QK” - ]‘, | O=0+PV F|atAttenti0n
Vegtor “owmat

Rowmax(8) P=exp(S.m)Rowsum(P)

s
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High-Level Simulation Model — SoftHier System

« Fully Parameterizable through Configuration File

« System configuration

« #Tiles (#row, #column) Matrix
inef ... |Engine
« NoC link data width

« #HBM channels and placement on 4 edges

» Cluster configuration
L1 local memory
* L1 memory capacity and bandwidth

« Matrix engine systolic array (shape, CE pipeline stage)

TE Cluster

» DMA burst length, #outstanding burst

« Based on GVSoC0 platform

« Event-based simulator, fast simulation speed up to 25 MIPS

« (Calibrated with RTL Models

--...._ Data NoC Router

Sync NoC Router

O https://github.com/gvsoc/gvsoc/tree/soft _hier release

. . ST "
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FlashAttention vs. FlatAttention

« Compare different MHA implementations

» FlashAttention-2(FA-2) and FlashAttention-3 (FA-3)

. . . . I& Other** -
« Naive FlatAttention without (Flat) and with (FlatColl) s | sum refgtion*+ i 8°§
Collective primitves on NoC fabric. - Max reduction* * =0
4o -Multlcast“’ 2 60%
° H ; @ -.HBM accesls“ N
Asynchronous FlatAttention (FlatAsyn) with NoC Coll E || wmlvector andive® L g B
Q 3 - :- . i ;
. Wth Fl A . . | d ” | g -!Matnxengine _ 403
| atAttention group Includes all tiles g =
o r = - 30T
@
; o
. Results ol 2
e - 10<
 FlashAttention is highly memory-bound ;
o A E0) R G | G5 AR RS s | (5 00 I 18 | (R0 AR NP0 G | X R B0 ) | | A2 B 5 IR | 0
« FlatAttention significantly reduces HBM access *223&3;’ ﬁgr—f:‘jé ’;E’é"és% 322“-’%? ﬁg’ééé §§§§§~
u uw (redamd w w Wy
* NoCsupported collective primitives are essential to oo o8 o8 o8 o X
. . D64 D64 D64 D128 D128 D12

accelerate inter-tile data exchange S1034 S2048 54096  Si0a4  Saoab st
e« With NoC collective primitives + Asynchronous: Runlimc breakdown .(bars) and average HBM BfW utilizatign (star
_ _ markers) for different MHA implementations and layer sizes. *Runtime not
« Upto 89.3% uti, 4.1x perf speedup, 16x less HBM traffic overlapped with RedMulE. **Runtime not overlapped with either Spatz or

RedMulE. *Implementations without double buffering.

s
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Tile Group ScaleTrade-offs for FlatAttention

«®

Tile || Tile ]— —I .. P
: L olQ V| ]slicesize ©
 The group scale is a sensitive parameter to LKT ver tile
o T [a]][]
utilization of different MHA layers Tile || Tile N
.1 M4
« MHA with long sequences benefit from large tile group
2500 - Other** . 120
« Reduced overall HBM traffic = Tsauction |
Max reduction
_ 2000 - Multicast* * FAt
« MHA with shorter sequence length would suffer from  _ HBM access* + =
5 ina+ - 80 -
“over-flatten effect”. S5 Ao chdine 2
£ I Matrix engine v
= - 60 &
« Reduced slice size per tile 2 1000 - E
40 O
* Reduced matrix engine utilization
500 - | o
* Increased synchronization overhead
. . IR 3,V 030, . S S 1 .
« Forevery sequence length there exists an optimal YR IRER  ISFR ISR
roup scale balancing the two effects - _ e -
g p g D128 D128 D128 D128
S512 S1024 52048 S4096

Fig. 4: Runtime breakdown for different (square) flattening scales and layer
sizes. Percentage labels above the bars indicate the average utilization of
the RedMulE units when active. ©Runtime not overlapped with RedMulE.
++Runtime not overlapped with either Spatz or RedMulE.
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Co-exploration of Architecture and Algorithm Parameters

« Qurgoal

« Design a tile-based accelerator with comparable peak
performance to Nvidia’s H100

« While improve utilization and reducing overall HBM
bandwidth requirements on MHA workloads

« Searching for both architecture and MHA
dataflow parameter design space
» Select BestArch for performance over cost
« Up to 1.3x utilization speedup in MHA
« Upto 1.2x utilization speedupin GEMM
» Require 40% less available HBM BW to H100
« 1.8xdiesize reduction to H100 (TSMC 5nm estimated)

SE S ALMA MATER STUDIORUM
s UNIVERSITA DI BOLOGNA

ETH:zurich

Fabric Granularity

32x32 16x16 8x8

RedMulE CE Array

Spatz FU Count

Local Memory Size (KB)

Local Memory Bandwidth (GB/s)

32x16 64x32 128%x64

16 64 256
386 1526 6144
512 2048 8192

0% 20% 40% 60% 80% 100%

(@) ————
14.8% | 23.0% | 22.9%
(2x2) | (2x2) | (2x2)
15.5% | 28.6% | 40.1% | 41. 0%
(4x4) | (4x4) | (4x4) | (4x4) o
16.4% | 31.5% 59.4% 69.0% g
(8x8) (8x8) (8Bx8) ' (Bx8)

M 31.4% | 36.5% 36.6% | 36.6%
M (4x4) | (4x4) | (4x4) | (4x4) N
;
(=

31.6% | 38.7% | 38.7% | 38.7%
4x4) (8x8) | (Bx8) | (8x8)
67.6% | 67.6% g
(16x16) (16x16)|{16x16)|(16x16)%]

U 89.3% | 91.7% S
] (16x16)(16x16) 16x16)§(32x32)%

32'x2

Fabric Granularity
32x32 16x16 B8x8 32x32 16x16 8)(8 32x32 16x16 8x8
N
00~
Xy
g

w
&
2
o

X2
HBM Channels

(b) N FA3+H100(3.4TB/s)
I FlatAsyn+BestArch(2.0TB/s)

100

Utilization (%)
w
o

o

S$1024 S2048 S4096 S8192
MHA Seq.Length

(c) = Torch.matmul+H100(3. 4TBIS*

8 SUMMA+BestArch(2.0TB/s)
100

Utilization (%)
w
o

o

8192 16384 16384
8192 8192 3594
8192 7168 8192

GEMM Shape M-N-K




inner Loop tnner Loop

Conclusion For FlatAttention . W E
 We propose FlatAttention - "B

x

Outer Loop

Outer Loop

« An optimized dataflow for MHA on tile-based many-PE accelerators

« Co-designed with NoC collective primitives T o

Tie || Tie || Tile | Tie

» Generalizable Design: Applicable to MQA, GQA, and MLA variants o] Bl Rl B ‘

Tile | Tile | Tile | Tie

« Qutstanding Performance e |me|m|m| Flatten | me]m ]|

Tile Tile || Tile | Tile

Tile | Tile | Tile | Tie

* Up to 89.3% utilization, 4.1x performance speedup, 16x HBM traffic reduction

NoC Collectives '
» Leads to designing scalable Al accelerator with PPA outperforming SoA GPU & Async

« Future Work D _ i

e — e
 Co-design Dataflow and NoC-collectives for R
Legend: v = strong / sxplicithy supported O = partially addressed — = not addrassed

* End-to-End LLM Inferencing

Peak PE NoC-level De S Attention-specifi
Work [venue ‘yt) ¥ Scalability it o ;?0(-‘: pit .'o'v. A
Uil [%] collectives Exploration optimisation

SO0 saul

* Chiplet System and 3D-staked memory This Work 203 ‘

H*-LLM [ISCA "25)

80-85 v o v
(13]
FuseMax (MICRO <99 B -
24)(14]
LAD (MPCA '25)
7 — v
(15

ALISA (ISCA 24)

r " (ol
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Thank you!
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