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Background: LLM

Competitions Your Work

Q um = Filters
Results Total Teams ~ 2]
‘ ! n LLM - Detect Al Generated Text $110,000
Identify which essay was written by a large language model
- Featured - Code Competition - 4358 Teams - & months ago see
@ Kaggle - LLM Science Exam $50,000

Use LLMs to answer difficult science questions
3 ~S O @@ Featured - Code Competition - 2664 Teams - A year ago

LLaMA

by C D I I et q [1] OpenAL (n.d.). OpenALI Retrieved from https://openai.com/
[2] Kaggle. (n.d.). Competitions. Retrieved from :

[3] Meta Al. (2024). LLaMA 3: Advancements in Large Language Models. Retrieved from

LLM Prompt Recovery $200,000
ﬂ/ Recover the prompt used 1o transform a given text

Featured - Code Competition - 2175 Teams - 6 months ago wee
? LLM 20 Questions $50,000
49 Guess the secret word in this cooperative game of question asking and answering

Featured - Simulation Competition - 832 Teams - 2 months ago wee

| N\ LLM Merging Competition
\ = o*  NeurlPS 2024 LLM Merging Competition https:/{lim-merging.github.iof
Z \ | community - 150 Teams - 8 days ago

https://ai.m m/blog /meta-llama-3-1
* Kk Kk
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Background: principle of LLM

» Prefill phase or processing the input
* Decode phase or generating the output

Sparse matrix W Compressed matrix W

Signed Int8 x, ! s ‘_.JF—
|

\ v
C o G C[2 =l Gy 12

o, S

y
Non-zero 2-bits
; data values indices

A sparse matrix represented in a compressed format

The distribution of values before and after [4]
one possible method of quantization [4]
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Literature ReVieW [ D cnatienges for LiMs Solutions in FlightLLM

1. Heavy Computation —{ | [dfe] [b] [a}—>

. % idf'e — MAC P MAC
In order to implement LLM on v I Ii:t
FP GAS cee > I?é'?chi,i’me > idle" MA%’ 1.6x1 MA% MA%D

Y

1. Hea"y COmputathn 2. Heavy Memory Access [] On-chip buffer [] Off-chip memory
2. Heavy memory access _ Q2
o o Bandwidth
Always-on-chip decode ¥yl vl ¥ ¥
3' Dynamlc lnput length & mixed-precision support 1.9x1 EI!EI!
o ® Inference case N
3. Dynamic Input Length -~ TL HW.info L7 TS TSI
|/o % ¢ o Pel .”:f’:““\:‘:'.h. o
. e ® N e i e
. @ e o).’
- %" 1B-cB S

Length adaptive
compilation Large Small
- space! " space!

Three challenges of LLM inference on FPGAs, and
the corresponding solutions in FlightLLM [5]

=3 WashU




Table of contents

3. Computing Architecture

=5 WashU



Computing Architecture: Matrix
Processor

g — | ]
Activation Buffer Matrix Tile |A ? z : Mar;:xeTHe g DG KA1 — |->
l l l a g ] g g - Vector Tile 17 :
I S S S | VPU = [as[c]0] c|g overfiow
n o [ak f d[n TIII>| sparse | _DSP48 Adjust
. i b f N E |A|D|A|B E|H|E|F|.: R ERT—— e O ' MUX DSPA48
& VPU 0 i Py ¥ v ket ‘I Reduction Node >
al 81 iz | . i —» Cascaded DSPs ¥ DSP Group 2 T
[ I s | | . : d |1 . § ] !
oo = i lale Reduction Node @ | 48 Oxgrﬂow
o - = i : blt - i é 2 ﬁ]:F 3?‘8 ll’ just
[1¥] i VPU M-1 i ] @ rd
g clg T MILX VPU ™ Cascad.ed = é | Reduction
S I _..MPUN-1 . lain | || Ele Al W F[#]ele]| ReductionNode | | Wpauq ‘ |l Mo e
val : ¥ ¥ | = Apspa ¥ D
Matrix 99 L 3 Cascaded DSPs | | | . Bpp el DG 1
Tile nE Reduction Node P . mode : 1 —
Global Buffer g DSP Group (DG) 0 >
(a) MPE (b) MM mode (c) MV mode (d) VPU

(a) The unified Matrix Processing Engine (MPE)
(b) matrix-matrix multiplication (MM) mode
(c) matrix-vector multiplication (MV) mode

(d) Vector Processing Unit (VPU) [5]
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Computing Architecture: Matrix

Processor

a
A c|D bl _
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(b) Sparse case

By configuring the VPU, the MPE can
support both (a) dense and (b) sparse

cases [5]
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Computing Architecture: Always

on-chip decode

(a) MISC Fusion

| MM/MV in Attention/Linear | Store &) seralizing
Load MISC
[ MMMV | MMMV | MY | - | MMMV ) Eusin
MISC MISC| [MISC| ... MisC | = g Time
__________________________________ e m e
(b) Always On-chip Decode I (c) Sparse
| Attention (Prefill)
Weights 1 Weights 2 |
Act. 0 :
(On chip) Act. 1 (On chip) Act. 2 (On chip) :
I [ ] — ] j Vv
KT
Softmax 5
Q | [riviid Vi
— — |

(a) miscellaneous (MISC) fusion with
attention or linear operation. And an
example of always on-chip decode
approach in the (b) decode and (c)
prefill stage [5]
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Software Design: Reduce
Instruction memory

» Instruction files: Designed to adapt tokens of different size
« Imagine this is a 64 by 64 sparse matrix:

i

]

]

An illustrative demo of 64 by 64 matrix [4]

WashU



Table of contents

5. Evaluation

=5 WashU



Evaluation: latency and throughput

Hardware used during evaluation of FlightLLM [5]

GPU GPU FPGA FPGA

Platf. NVIDIA NVIDIA Xilinx Alveo Xilinx Versal

attorm — v100S(12nm)  A100(7nm)  U280(16nm)  VHK158(7nm)
Frequency 1245 MHz 1065 MHz 225 MH=z 225 MHz
Cnmputing 640 432 9024 7392
Units Tensor Cores Tensor Cores DSPs DSPs
Memory 32 GB 80 GB 8 & 32GB 32 & 32 GB
Bandwidth 1134 GB/s 1935 GB/s 460 & 38 GB/s 819 & 51 GB/s

Hardware utilization of FlightLLM on Alveo U280 [5]

Component LuT FF BEAM URAM DSP
Buffer 42k(3.2%)  75k(2.9%)  B816(40.5%) 792(82.5%) 0
Controller 162k(12.4%) 156k(6.0%)  408(20.2%) 0 0
MPE 190k(14.6%) 360k(13.8%) 0 0 6144(68.1%)
SFU 30k(2.3%)  36k(1.4%) 24(1.2%) 0 201(2.1%)
Interconnect 150k(11.5%) 316k(12.1%) 4(0.2%) 0 0

Total 574k(44.0%) 943k(36.2%) 1252(62.1%) 792(82.5%) 6345(70.2%)

Memory bandwidth utilization of Flight LLM across

devices [5]

Platform‘ V100S GPU ‘

A100 GPU | U280 | VHK158

Solution ‘ None Opt. ‘ None Opt. | Ours |

QOurs

BW Util. ‘ 42.5% 65.5% | 28.6% 57.4% | 65.9%

64.8%
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Evaluation: bandwidth and speed

Ebi IHH|H ]Iﬂ[lﬂ UIE[I|E' mﬂﬂm il il [I" ulﬂﬂ\_ uIHI]lH UIH[I"L Lﬂnﬂlﬂﬂnlﬂl]m l ulﬂﬂlﬂ
b ol ol ol ol

Latency and throughput of Flight LLM and Vi00S/A100 GPU. The horizontal axis represents [prefill size,
decode size] [5]
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ODFX BFACT mCTA = O0urs (U280) 0 Qurs (VHK158-est.)

- 5 i ~ OPT67B - 4.6x ] LLaMA2-7B 4.6x
234 i | | i | \ i :
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[128,512] [128,1024] [128,1536] [512,512] [512,1024] [512,1536] Geomean [128,512] [128,1024] [128,1536] [512,512] [512,1024] [512,1536] Geomean
0V100S-naive B V100S-opt = A100-naive m A100-opt 0 Ours (U280)
8 OPT-6.7B 6.7x 1 LLaMA2-7B

EEB : 5.9x
SSSEEE
2d gl oadBY onBBS onpBY omBY omdEY onBBNGonONH onOBY onBRY cemmd camd oamnd omdl

[128,512] [128,1024] [128,1536] [512,512] [512,1024] [512,1536] Geomean [128,512] [128,1024] [128,1536] [512,512] [512,1024] [512,1536] Geomean

Top: Performance of FlightLLM, DFX, CTA, and FACT. The horizontal axis represents [prefill size, decode size]
Bottom: Energy efficiency of FlightLLM, NVIDIA V100S/A100 GPU. The horizontal axis represents [prefill size, decode
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Overall,

 This paper proposes FlightLLM, a novel implementation of recent LLM
models on FPGAS that achieves:

* 6.0x higher energy efficiency (against Nvidia V100)
* 1.8x better cost efficiency (against Nvidia V100)
e 1.2x higher throughput (against Nvidia A100)

Note: Xilinx Alveo U280 FPGA is used to obtain the first two datapoints, while the Xilinx

Versal VHK158 FPGA is used for the final comparison against Nvidia A100. —
WashU
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Future Prospective

- Raw implementation not open source, but demo available on GitHub
- Emerging open source LLM models since 2023
 Further optimization on LLM inference
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Thank you for listening!
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