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Overview

Goal

v To design and implement distributed training of machine learning, here, Support Vector Machines
(SVM), on multiple FPGA system
v' To reduce network communication while achieving fast training , memory-efficiency, and energy savings

Motivation

» SVM training in computationally expensive with high memory requirement for kernel matrix

» Traditional SVM training accelerators are based on inherently sequential algorithms using a single FPGA
board

» Need to distribute and accelerate training on edge where the data is generated and stored across multiple
devices

Texas A&M University

Parallel Dual Ascent

Algorithm 3 Parallel Dual Ascent

1: iteration t« 0
2: for each edge i do

3: while error > threshold do
4 Parallel Compute: g¢;!*! ® alpha update
5. Parallel Compute: f; = > dual update
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9: error « |,51 - Bi |
10: t—t+1
11: end while
12: end for

B0=0Q"p°=0,,a=1

P
e=—-1,,e= QTe

e

Fa.p = —(diag(zp)a

=== SEDCECT T SEEE EEEEELEE
attl = Fl_l(él Blz) &§+1 - Fz_l(éz _ l?é) | &lt7+l = Fp_l(ép —_ ﬁ‘lg) I : Alpha update
l ! ! I

Bt = Bt - wa™h

ﬂt+1 ﬁp -7 aH—l)

err = || — By

err < g?

. <

Fig. Computational flow graph for parallel dual scent

1
1 Dual update
1

Background

training dataset, D = {(x;,y;),i = 1,....,n}
input data matrix, X = {x; € R, j = 1...n} , d-dimensional space
class label vector, y = {y; € {—1,1},i =1...n}

Support Vector Machines

» Supervised machine learning algorithm
classification and regression problems

» Mathematically, a quadratic programming
problem which solves for maximal separating
hyperplane as a classifier
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SVM dual
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¢ where, « is a vector of dual variables
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AR C > 0'is penal for misclassificati
oo o IS penalty parameter tor misclassitication
° * e K = {k(x;,xj),Vi,j = 1...n} is positive definite matrix (mostly)
Input Space Feature Space k() represents the Mercer kernel function - linear/non-linear

Fig. Kernel SVM: Learning hyperplane in higher feature dimension

Substitute, K ~ AAT | Ac R"™k and k < n.

Define, A = diag(y) x A

Substitute, A = QR, where,Q € R"*" is Orthogonal matrix and
R € R"*¥ is Upper Triangular matrix

QRSVM

Distributed QRSVM

» QR decomposition-based distributed SVM

> Memo.ry efficient + negligible Communication mJnE&T(RRT+LIn G+ (87
» Comprises of 3 stages: a 2 2C
subjectto — Q&a <0,

1. |Initialization
2. Distributed QR decomposition (formulation)
3. Parallel Dual Ascent (solver)

where, 8 = QTa, é= Qe

Define, F = —(RgRgT + %/n) and fi = 2

Step 1: Minimization of Lagrangian - In Parallel

Distributed At edge unit, i
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Step 2: Dual variable update - In Parallel
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Algorithmic Design

Distributed QR Decomposition

r-------------------------------

Algorithm 1 Distributed QR decomposition
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- k — rank : Ay ={q}* Ry A; ={q2} * R, A, = {Qp} * Rp : Local QR
3: A; « local partitioned datq 1, R . [RT RT RTIT :: Gather
4: Parallel Compute {gi},R; « A; > Algorithm 2 I | _gather — 17172 "p ||
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6: eAnd for : Ryather = {qf} * Ry : Master QR
7. Ag < gathered or stacked (R;)kxk |.___________a
8: Compute {qr}, Ry <—Ag at Master unit > Algorithm 2 . ) L -
o: Use (Rp)xk Fig. Computational flow graph for distributed QR decomposition

Algorithm 2 {g;},R; < A;, via Householder algorithm

1 Qnscks (Ai) ik >fi : samples per edge

2: for;(—ltokdo

> PN Ai Y T Algorithm 4 Computing Step 6 in Algorithm 2
¢ qij(1) < qij(1) + sign(qi;(1)) X'”CIUHZ. > scalar update & puting >tep g

5: qij < i ;-JéE_tor normalization oA jik) e« A aj k) = 2qij < qij, AiG 2 A, ) 2 k) >
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6:: Ai( : h,j k) — Ai(j: A, j: k) - 2qij < qU’A VERY i 3: ABRAM F_A_(,i_;_ﬁ,_m,) ____________ R > Load into BRAM
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8: end for 6: AG"E'TnTZ'Zﬁg'R'AM """""" >Write to DDR

9 {qi} < [qi1.qi2s - - -+ Qik] >set of k-reflectors 7. end for

Basic Computational Kernels
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FPGA-Architecture for distributed SVM training
o> I 2 A
0 ‘ ﬁ@l. . 49 +S.7Ax| axi_bram_ctrl_1 ‘I
2 # 2 :::::’C:;e/'\nm BRAM CU:::\Z;PORTA +j ll (ﬁ
E |:| ‘ I:I g axi_smc BRAM
—— e
a8 S e =
f 2ws0 “ aws_0_axi_periph_1 %:tiigz(rk - ram—:;;M,PORTA-{-\I“ Viblkfmem,genji
M,AX|,PC|S+E§§- - —m : are/s\e;? BRAM Controller ” IBRAM,PORTA
2l 4 e A% DDRA M,AXLOCL+EZ: T — %?J;r;:‘ K - func_blocks_gr_0 . SRA PoRTE
i 4+ S_AXL MiAXLEAm+E::—|- :»c:([g: :X. : ( max,a,,lop.{.) Block Memory Generator
- —- +4S_AXI_DDRB am azon clk_main_a0_out AXI Interconne ct U’:;j‘:;:;”::’:: : I +t::;:e:iin*3 7
- D—I webservices rst_main_n_outO» axl_merm,Intercon | 4 s_axi_AXILites Vivado™ H a_botiom_bram_PORTA || ' I +BRAM‘PORTB
||| 4s_sH sor.s_ready}= ap_clk ' b_top_b'am_PORTAI |I Block h/ler;ur\/ Generator
AWS Shell (SH) o mar S aXa - - o un e ot e g
& AWS (Pre-Production) ) ﬁig?ﬂ: .X. T QRSVM IP b‘bomm‘b'am‘POI::i;;_' ” <+ BRAM_PORTA

-

Func_blocks_qr (Pre-Production

Multiple FPGA Network
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at clock frequency of 125 MHz with 39 Watts of power

» Computational workload is entirely with the FPGA while

communication is through Host processor (PCle)

» Each FPGA handles maximum of 256K samples

Each edge device comprises of FPGA IP logic + Host processor
Illustration for p = 4 edges in a network
A single QRSVM IP is synthesized per FPGA device to operate
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Experimental Results and Discussions
Dataset Description

Hardware Platform

Proof-of-Concept implemented on Amazon
AWS F1 instance with p={1,2,4,8} 16nm
Xilinx Virtex Ultrascale+ VU9P FPGA units
forming a multiple FPGA network
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>

>

Training Time
#units | #iterations MNIST (C=1,y =27° 1" =0.9)
p t Tor | Tpa TPFPGA comp | comm
1 181 342 | 749 10.92 99.9% 0.1%
2 181 1.76 | 4.07 5.84 99.8% 0.2%
4 182 0.93 | 2.51 3.58 96% 4%
8 182 0.46 | 2.14 2.61 99.6% | 0.4%
#units | #iterations Skin (C =1,y =278, 5" = 0.9)
p t Tor | Tpa TII:PGA comp | comm
1 67441 2.80 | 4533 4536 99.9% 0.1%
2 64424 1.46 | 2226 2228 99.9% 0.1%
4 59761 0.74 | 1107 1108 99.9% 0.1%
8 54744 0.38 | 625 626 99.9% | 0.1%
#units | #iterations Webspam (C =1,y =1,n" = 0.9)
p t Tor | Tpa T;PGA comp | comm
1 - - - - - -
2 566 9.80 | 66.20 76.14 99.8% | 0.2%
4 564 4.88 | 34.40 39.36 99.8% | 0.2%
8 569 2.60 | 17.92 20.59 99.7% | 0.3%
#units | #iterations Covtype (C =1,y = 23, n* =0.9)
p t Tor | Tpa T;PGA comp | comm
1 - - - - - -
2 1125 3.35 | 88.02 91.45 99.9% | 0.1%
4 1080 1.70 | 43.58 45.36 99.8% | 0.2%
8 1068 0.80 | 23.80 24.75 99.4% | 0.6%
#units | #samples SUSY (C=1,y =273, " =0.9)
p n Tor Tpa T; PGA comp | comm
1 250K 14.01 | 94.04 108.08 99.9% | 0.1%
2 500K 14.04 116.8 131.02 99.8% 0.2%
4 1M 14.07 162.1 176.18 99.9% 0.1%
8 2M 14.14 | 285.47 | 299.63 99.9% | 0.1%
» Parallel Dual Ascent is computationally

dominant than Distributed QR decomposition
» Near negligible communication overhead <1%

Energy Analysis

» Under strong scaling, the proposed FPGA design

follows the ideal energy consumption trend that

is constant across #FPGA units.
Validates fully parallel implementation

Under weak scaling, the ideal
consumption trend is linear
scalability trend is quadratic.
The proposed design is closer to being
linear than quadratic. Aberration at p=8
due to large #iterations for fine tuning
model with increasing overall problem size
(Energy/p) is nearly constant as expected
with uniform workload per device

energy
while no

Benchmark | Application #samples| #features k-rank
(n) (d)
MNIST Image 60,000 780 128
Skin Health 200,000 3 64
Webspam Email 350,000 254 128
Covtype Geography 464,810 54 64
SUSY Physics 2,000,000 18 128

Strong Scaling Analysis
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» Achieves near linear parallel speedup for
larger datasets Skin, Webspam, Covtype
» For small dataset MNIST, going beyond p =4

seems to be overkill

Weak Sca

ing Analysis
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» Workload per FPGA fixed at 250K samples
> (a) Tyris constant while Tp, I with #iterations
> (b) (T; 754 /t) is constant as desired
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Future Work

1 To design and implement distributed training for Deep Learning models for resource constrained
devices with limited memory and low power
1 To explore online/incremental learning capabilities for machine learning models at edge
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