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Derin Sinir Aglari (DSA)

v Hizli algoritma tasarimi

= Otomatik 6znitelik (feature) cikarimi
</ Insan-UstU isabet oran

" [magenet verisetl hata oran:

¥ Cok ylksek bilgisayim gereksinimi

Histogram of oriented

gradients (HOG): 1 0019 GOPs

GoogleNet v
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Konvansiyonel
gorintU-isleme ,
algoritmalari Insan Yz
- b
e
% 25 % 5 % 3

Kaynak: Sze, 2017

.43 GOPs

Kaynak: Suleiman, 2017
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Sistolik Diziler

* Google'in DSA'lar icin ASIC ¢6zUm:

= Tensor Processing Unit (TPU)
" )56 x 256 sistolik dizi

* Neden sistolik dizi?
Vv Yiiksek verimli islem kapasitesi
= 92 TeraOps/s @ 40 W
v Olceklenebilirlik
v Kolay tasarim — hizli gelistirme stresi

" Dezavantajl
X Veri paylasiminda diistik esneklik

X Diistik kapasite kullanim orani
= < 230 (GoogleNet)
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Resim: https://cloud.google.com/tpu/

GoogleTUL,_’_____ _____ \_‘:\
L

Sistolik | =T 1] !
dizi+ | | I



Onerdigimiz Cézim

= |ri parcali yeniden yapilandinlabilir
mimari (Coarse-grained reconfigurable

architecture)

Bloklar arasinda programlanabilir baglantilar

!

Esnek veri aktarim altyapisi

!

Farkli boyutlardaki DSA katmanlarina
daha 1yl uyum

YUksek kapasite kullanimi

4

YUksek islem glcl
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Etkin Islem Gucl
(TeraOps/S)

Standart Bu calisma 4
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Icerik
= Sistolik diziler
= DusUk kapasite kullanim orani sebebler

" Onerilen ¢ozim

= Sonuclar



Sistolik Diziler — Calisma Prensibi [9156
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" Temelde gerceklestirdikleri islem: matris-matris ¢arpimi

= DSA'larini olusturan islemlerin buytk cogunlugu (>2%95):
= Aktivasyon ve filtre matrislerinin carpimi

= Ornek:
Aktivasyon matrisi Filtre matrisi
x11 x12 x13 wll (wl2 y11 | y12
x21 x22 x23 X w2l (w22 | = |y21 |y22
x31 x32 x33 w3l (w32 y31 | y32




Sistolik Diziler — Calisma Prensibi AmLECI.
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x31 x21 x11 Emah?V4N! > w12

x33 x23 x13 — w3l " w32

Aktivasyon Filtre
matrisi matrisi

x11 x12 x13 willwi2

x21 x22 x23 w21 w22 —_—

x31 x32 x33 w31 w32
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wll
x11

\ 4

x31 x21 [mme wl?2

x32 x22 x12 |mdRUVZA\ " W22

Aktivasyon Filtre
matrisi matrisi y11 = wil x11
x11 x12 x13 w1l w12
x21 x22 x23 w21 w22 —
x31 x32 x33 w31 w32
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Sistolik Diziler — Calisma Prensibi AmLECI.

x31 E— will - w12
x21 x11

A 4 v

x32 x22 — w2l o w22

x12

A 4 \ 4

x33 x23 x13 mmdR7¥! w32

\ 4

Aktivasyon Filtre
matris| matrisi y11 = wil x11 + w21 x12
x11 x12 x13 11 ho1s y12 = wl2 x11
v21 = wll x21
x21 x22 x23 w21 w22 —_—
x31 x32 x33 w31 w32
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x33 x23

matrisi matrisi y11

Aktivasyon Filtre
wll x11 + w21 x12 + w31 x13

e 1 y12 = wl2 x11 + w22 x12
__y21 = wll x21 + w21 x22

x21 x22 x23 5l T — yzz = wl2 x21

x31 x32 x33 w31 w32 y31 = will x31

10
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x33
Aktivasyon Filtre

matrisi matrisi y11

wll x11 + w21 x12 + w31 x13

kol I y12 = wl2 x11 + w22 x12 + w32 x13
0 y21 = wllx21 + w21 x22 + w31 x23

Sl S B waiw22| = 22 = w12 x21 + w22 x22

S ) w31|w32 y31 = w1l x31 + w21 x32

y32 wl2 x31

11
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Aktivasyon Filtre
matrisi matrisi y11

wll x11 + w21 x12 + w31 x13

11 x12 x13 ih1g y12 = wl2 x11 + w22 x12 + w32 x13

. 0 y21 = wllx21 + w21 x22 + w31 x23

w2lw22| —  y22 = w12 x21 + w22 x22 + w32 x23

B ) S w31|w32 y31 = wl11x31 + w21 x32 + w31 x33
v32 = wl2x31 4+ w22 x32
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— wll » w12

— w21 > W22

— w3l

Aktivasyon Filtre
matrisi matrisi y11 = wilx11 +w21x12 + w31 x13
211 %12 x13 s y12 = wl2 x11 + w22 x12 + w32 x13
1 0 y21 = wllx21 + w21 x22 + w31 x23
i w2iw22| = 22 = w12 x21 + w22 x22 + w32 x23
S ) w31|w32 y31 = w1l x31+ w21 x32 + w31 x33
y32 = w12 x31 + w22 x32 + w32 x33
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W Veri aktarimi: komsu islemci birimleri

arasinda Yatay aktarim Dar filtre
= Veri aktarimi icin harcanan enerji — O gecikmesi boslugu
= Kisa baglanti hatlan — Olceklenebilir - , >
tasarim c M
0
£E /%
. T X
X Dusuk kapasite kullanim oran S| |K
| | é
|, Yatay aktarim gecikmes a0
2. Dikey aktarim gecikmesi !
3. Dar filtre boslugu S
4. Sis filtre boslugu 0 3
»niQ
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Dusuk Kapasite Kullanimi Nedenleri [
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= BlyUk sistolik dizi — . -
DUsuk kapasite kullanimi —
- o - 0.8}
= Kapasitesin >2%50'sinin = - .
cullanilamama sebebi: - 0
= Dar/sig filtre boslugu El
g
© 04}
[ Diger <
- Dikey aktarim T
0.2
- Yatay aktarim
Sig filtre
Dar fil 0
| e 32x32  64x64 128x128 256x256 400x400 512x512
I Etkin istem Sistolik dizi boyutu
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DSA Katman Boyutlarindaki Degiskenlik

/ ) Googlenet
2000 - ‘ ,
k- [ Resnet
‘ Densenet
1500 -
Satir > Sttun
@
=
B
+ 1000 A
©
[Vp]
500 - ‘
Sutun > Satir
0 -
0 1000 2000 3000 4000 5000
Sutun Sayisi

Sabit sistolik dizi + degisken filtre boyutu = dusuk kapasite kullanimi
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Onerdigimiz Cézim

= [ri parcali yeniden yapilandirilabilir mimari
(Coarse-grained reconfigurable arch.)
= Jek buyuk parca — Bircok kicuk parca
= Parcalar arasi programlanabilir baglantilar

= Farkl baglanti konfiglrasyonlari — Degisken
sistolik dizi boyutu

" Degisken boyut — Farkli filtrelere daha Iyi
uyum

SRAM

|

FHALISA
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SRAM

SRAM

SRAM

SRAM

SRAM

SRAM

SRAM
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Kare konfiglirasyon

SRAM

SRAM

SRAM
|

SRAM

Satir Sayisi

PARALLEL SYSTEMS

[ ALSA
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2000 - . Q Googlenet
Resnet
Densenet
"N\
1500 A ”
7 ]
Ve 7 /
Ve /
1000 . / ° /
/7 /
7/ 7/
/ 7/
- G @ & O
<
7
0 .
0 1000 2000 3000 4000 5000
Sutun Sayisi

- — - satir = sutun
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Genis konfiglirasyon |pimi—=im

SRAM SRAM
=
<<
: o0
| Googlenet
2000 Resnet
Densenet
SRAM SRAM
| | -3
/
- /
> /
_
£ 1000+ )
&
/ — -~
—
o - @
-
-~
1 - -
0_
[r—— T T T T
0 1000 2000 3000 4000 5000

Sutun Sayisi

- — - satir = sutun

- = = satir < sutun
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Derin konfiglirasyon

SRAM

SRAM

SRAM

SRAM

SRAM

Satir Sayisi

HALISA
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2000 ~

1500 A

1000 A

500 A

Googlenet
Resnet
Densenet

- ~
7/
-
-~
-
— - T T T T
0 1000 2000 3000 4000 5000
Sutun Sayisi

- — - satir = sutun
— — - satir < sutun

— = - satir > sutun
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Sonuclar (==t

1 -
= 3 parcaya bolinmus 256x256'lik bir
sistolik dizide . 0.8]
. s
= Farkl filtre boyutlarina %20 daha iyi uyum 5
" 9645 daha yiksek etkin islem giicl = 0.6+
<
Z
v s 0.4
I Diey aktarmn | Z
-Yatay aktarim Q 0ol
Sig filtre
[ Dar filtre
Bilgis 0
L 256256
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Karsilastirma
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I ALSA

* Google TPU " Bu calisma
= )56x256 standart sistolik dizi = 8 parcall 256x256 sistolik dizi
= 28nm TSMC %6.5 ek yiik = 28nm TSMC

= 36.7 mm? silikon alan| —==— 1 39 | mm? silikon alan
" [slemciler arasi baglanti
karmasikhigi

= Programlanabilirlik icin gerekli
coklayicilar (multiplexer)

%45 artis = %43.3 kapasite kullanim orani

" %29.7 kapasite kullanim orani -
= 39.8 TeraOps/s etkin islem glcu

= ) /.3 TeraOps/s etkin islem glcu

22
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