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MoTunBaumnsa uen 2

HepoHHble CeT! NOCTENEeHHO MNPOHMKALOT MOBCHOAY U CKOPO A06epyTcsa 0
MWKPOBOMHOBOK:

- ABTOMMUNOT B aBTOMO6GW/E: B peanbHOM BpemeHy obpadaTbiBaem
BMAEO

- B TenedoHax hOTO aBTOMATUUYECKN KOPPEKTUPYHOTCA CETAMMU
MoTpebHOCTM

- PaboTtaTtb 6bICTPO

- /icnonb3oBaTh NOMEHbLLIE pecypcos (namaTu)
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Kak yckopaTbca (nnaH nekuumn) Weall PAH

YCKOPATb yKe 06yYeHHY MoJeNb MOXHO 3a cyeT

1. cneunanu3npoBaHHOTO Xenesa (onMmuMu3uposaHHble onepayuu,
K8aHMuU3ayus)

2. YAANEHUS HEHY)XHbIX HerlpoHoB (pruning)

TakXe MOXHO

3. NpWaYyMbIBaTb 3aBeOMO 3(NAEKTUBHbBIE aPXUTEKTYPbI
- depthwise separable, grouped cBeptku (SqueezeNet, MobileNet n ap.).
PaccmaTprBanoch Ha Nekuuu 5
4. NEPEHOCUTb 3HAHNA C BOMbLION MOAENN Ha MeHbLuyto (Aucmunnayus
3HaHUU) 3/



CI'IeLl,I/IaJ'II/I3V|pOBaHHOQ xene3o (438 PAH

- NVIDIA CUDA

Host Device Grid
Grid 1 Block (0, 0) Block (1, 0)
Kemell — ) Block Block Block
(0,0) (1,0 2,0

cria2 Thread (0,0)  Thread (1,0)  Thread (0,0)  Thread (1, 0)

 Block (1,1) i i i -
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Kernel fusion PAH

Mpumep: ax + S
- Kernel 1: 3arpy3uTb 31EMEHT BEKTOPA X U3 M06ATbHOW NaMSATK,
YMHOXWUTb Ha «, BEPHYTb pe3y/bTaTt B MMobanbHy NamsTb

- Kernel 2: 3arpy3uTb 3n1eMeHT BeKTOpa ax 13 rnobanbHON NamaTu,
Npu6aBUTb (3, BEPHYTb pe3ynbTaT B rMo6anbHy0 NamsaTb

- O6beanHnTb B 0ANH kernel — adhdekTnBHee
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Kernel fusion

Speed (images / second)

2000

1500

1000

500

PAH

Training Performance on ResNet

Il CPU
GPU

I GPU +
Fusion

TensorFlow
GPU

1 8 16 32 64

Batch Size
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YMHOXeHune matpu, (GEMM) PAH

- Blocking (yckopsiemcsa 6narogaps Kauy)
- SIMD gnsa CPU (SSE, AVX)

N
B matrix
} BlockItemsK
K [——
BlockItemsX
K
A matrix C matrix
M
Block,
JB/ockItemsY BlockItemsY
— 7141

-
BlockItemsK BlockItemsX



im2col (uTo6bl NpuMeHnTL GEMM K CBEpTKam

Image to column operation (im2col)
Slide the input image like a convolution but each patch become a column vector.

9 possible
Inputimage (4x4x3] Sliding window

Result: [12x9)

‘We can multiply this result matrix [12x9]
H with a kernel [1x12].
H = kernel x matrix

The result would be a row vector [1x9).
) We need another operation that will convert
1 ‘this row vector into a image [3x3].
1

Result (1)

1
AT,
Kernel Width:2 !
Kernel Height:2 1
Stride:!
Padding:0
Colzim

W_out=(W_in- kW +2°P)/S + 1
H_ out=(H_in - KH + 2°P)/S + 1

Convout: (3]

Consdercol2im a5 row maor

W_out=(4-2)/1+1
out=(4-2)/1+] 1 reshap
2202 cobamn vector 1
122IR 22)G. 2218 H
We get true performance gain
when the kernel has a large number of filters,ie: F=4
and/or you have a batch of - Example for the input

“The only problem with this approach is the amount of memory

Reshaped kernel: [4x12] Converted input batch [12x36]
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Winograd convolution PAH

6 multiplications

[}’0]=[dn dy dz] g(l) i mn+m1+mz]
V1 dy, d, d3 P m; —mp; —mg

Got g1+ 92

mg = (do — d2)g0 my = (dy +dy) 2

Go—91+4g
my = (dp—dy)=——= mg = (d;—da)g;
4 multiplications

VGG - 3x3 Layer Totals

M\mha;ch size 9 /4—1

u Winograd fp16 Winograd fp32 cuDNN fp16 CUDNN fp32

Algorithmic Speedup



Winograd convolution PAH

NcKaTb Takue 3heKTUBHbIe YMHOXEHNS (C MEHbLIUM YNCIOM
YMHOXXEHWI CKansapoB) 0UYeHb HEMPOCTO

- OVH 13 BapnaHTOB — NPeACTaBUTb CBEPTKY Kak Npon3BeaeHue
NONMHOMOB (y KOTOPbIX KO3MMULMEHTbI COOTBETCTBYIOT BXOAY U
hUNbTPY) U caenaTb MHTEPNONALMIO MO 3HAUEHNAM B HECKOSbKIX
TOUKax

- Kak Bblbu PaTb MHOXeCTBO TOYEK — OMATb e NCKYCCTBO
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Fast Fourier convolution PAH

- [InckpeTHoe npeo6pa3OBaH ne Qypbe (image credit: betterexplained.com)

ERRIEER0 0-14122,5 0 0.33167.5 0.5 0.33+ JUUipel 11 -1 0000 cycles 2 0.58:-150 0 0 0 0.58:150 Time 123321

M1otal Jrarts [ _perive 1 M Running? % ™Tota parts perive 1 ™ Running? ﬂ\

cycles 3 0,85:126 0.53:162 0.53:-162 0.8* Time 12 3 4 5 Cycles 0.5 0.33:-67.5 0 0.14:-22.5 0 0.1« Time 11110000

- B 1/41
#rota parts perive 1 | @Rrunning? #rotal Parts perive 1 M Running?



Fast Fourier convolution PAH

N—1

X = _ Xy - exp(—2mikn/N)

n=0

- C NOMOLLbIO HECTTOXHOIO TPHOKA cumTaeTca pekypcusHo 3a O(N log N)

- ObpaTHOoe npeobpasoBaHue:
N—1

1 .
Xn =5 ;—;xk - exp(2mikn/N)

- MoxeMm ycKopmuTbCs 3a cyeT cBoncTa: Gypbe-06pas pesynbrara
CBepTKM — npou3seedeHue Oypbe-06pa3oB BXxoa U huibTpa
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Network pruning el PAH

- OCHOBHas naea — ybpaTb HEHY)XXHble Beca/HenpOoHbl, TeM CamMbiM
YMEHbLINB YNCNO BECOB U NPUBAMKAACH K BbIYNCIEHMAM Haf
Pa3peXeHHbIMK MaTpULLAMM

- CamMbll NPOCTOW NOAXOA — 3aHYNEeHMe Masnblx BECOB MO MOPOry npwu
0byyeHunn

+ MOXHO 3aHYNATb 3@ OTCYTCTBME BKM13Aa B SCOre Ha Banuaaumm, 3a
MOXOXeCTb BECOB U T. A.

- Ewe nogxon — obyueHue ¢ [y u I, perynspusaumnen ans
“HaTypanbHOro” 3aHyNeHns 4acTu BeCOB
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KBaHTu3auus (quantization) uen X0

- OauH 13 noaxonos: Jacob et al. (2017). Quantization and Training of
Neural Networks for Efficient Integer-Arithmetic-Only Inference / CVPR
2018

[NepeBoAnMm BCe onepauuun B LLenoYncneHHble

r=35(q-2)

- 1) s e fp32, g1, Z € uint8
- S,Z — noabupaemble BO BpeMs 06y4eHna CKansipbl, obujue 0715 8Ce20
cnosi
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Quantized matrix multiplication el PAH

Mo onpeneneHnio NpousBeaeHUs MaTpuL,

3 =nn

j $1S ‘
q( k) =75+ LZ(QS 9 21)(qg17'?) ~27)

Jj=1

- Ha npaktuke M = 515—52 € (0,1) n no3TOMY NPEACTaBNMO Kak:
M=2"My, M,el0.5,1)

- Fixed-point ymHOXeHMe (
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Quantized matrix multiplication el PAH

NMepenuiem elle pas

qi"® = 7, + M(NZ,Z, — 2,0 — 2,80 +Zq(u) G0y
- g\gU® e uint16

- Bce cnaraemble B CKobKax € int32
- ins npeactasneHnsa My Takxe ncnonblyem 32 6uTa

- MpaByto YacTb NPUBOAUM K Uint8 (saturating cast)
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RelLU®6 Tehl PAH

Marunyeckas “6”
- Micnonb3yetca ans obyyeHns HempoceTen, KOToOpble NOTOM
NNaHNpyeTcs KBAHTU30BaTb
- OKaszanoch, 4To ANst 8-6UTHOM KBAHTU3ALMM Nyylle NOAXOAuT “6”

- Tlocne KBaHTM3aLMM ponb YHKLMM aKTUBALMM UTPAET KaK pa3
saturating cast

3 o 5 10
T T 1741



Mpubasum bias K NnponssBeaeHunto g.q, PAH

- Ho bias yxxe 6yneT He uint8, kak BXoA CNos g 1 Beca (, a int32 ¢
PUKCUPOBAHHDBIMU Spias = S$1S; U Zpjias = 0

- Ha npakTuke Anga bias Hy)xHa xopoLlas TOYHOCTb, TaK KaK OH
NpMoaBASeTCa K Npu3Hakam BCcex 0O6beKToB

- Monyuaem fused cnon (matmul/conv + bias + cast B ponu dyHKLUY
aKTMeaLumm)
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Fake quantization Bo Bpemsi 06yuyeHus eyl PAH

- Micnonb3yem NpoMexyToK KBaHTW3auuw [a, b] n n = 28 yposHen

Fake quantization

clamp(r; a, b) = min(max(x, a), b) s(a,b,n) = :‘13
: _ clamp(r;a,b) —a
q(r;a,b,n) = round( 5(a, b, ) )s(a, b,n)+a

Kak oueHutb a un b?

- [Ina maTtpuL, BECOB: d := minw, b := maxw

- 1nga BbIxogos ReLU6: oueHnBaem ¢ noMolLlbto EMA
19/%



Mon6op S n Z ana cnoes Zlepl PAH

- NMocne obyyeHns YyTb CABUTraeM NPOMEXYTOK [a, b], uTo6bl 0.0 TOUHO
COOTBETCTBOBAN uint8-uncny z(a, b, n)

- Torga:
S:=s(a,b,n) Z:=z(a,b,n)

Mpenmywecteo 0byueHus c fake quantization

- MeHblle NagaeT KayecTBo Mo CpaBHEHWIO C KBaHTMU3auwmen pure float
mopaenu
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O6yueHus cnos: obbiuHoe n ¢ fake quantization PAH

output

input
21/41




Cnou c 6aTy-HOpManm3auunen uen

22/m



Fake quantization ansa cnos c 6aTu-HOpmanusaumen <=l PAH
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Ounctunnaumsa 3HaHun (knowledge distillation) gl PAH

Lenb

/icnonb3ys 60MbLUYI0 CETb, 06YUUTb MANYIO CETb, YTOOLI OHA MMeNa aHanorMyHoe KauecTBO Ha LieeBo
3ajave

CeTb-"“CTyAeHT” MUMUKPUPYET NOJ BbIXOA CeTU-"yunTtens”

’ Teacher model

e

——————————————— distillation

———————————————— soft
( Student (distilled) model \I Softmax (T=1)
‘ Layer Layer

_______________ hard
Softmax (T=1) predaiction

student
loss

hard
m—] 24/

(ground truth)

Loss Fn



Softmax with Temperature 2l PAH

- BcnomHuMm softmax:
exp(z))

2 exp(Z)

softmax;(z) = € [0,1] Z softmax;(z) =1

Mpobnema

- CNVWKOM XOPOLWUIN y4nTenb 6YAET BblaBaTb 6U3KYHO K 1
BEPOATHOCTb AN8 NPABUNBbHOIO KNacca U HyNu Ans oCcTanbHbIX

+ Mexay Tem None3HbIMM 3HAHUAMKN N9 CTyAeHTa MOT/N 6bl HbITH

CBA3M MexXay knaccamu (Hanp. kakas uudpa 60nblie BCEro noxoxa
Ha efuHULLY?)
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Softmax with Temperature PAH

Beoaum memnepamypy (Hinton et al. 2015)

exp(z;/T)

Sepz/)

softmaxi(z,T) =

- Beogum distillation loss (HACKOMbKO XOPOLO CTYAEHT “MUMUKPUPYET”),
B KOTOPOM BbIX0Abl yumntensa ¢ softmax(-, T) ncnonb3yTcsd Kak soft
labels

- KOMBUHUPYEM C TOCCOM CTYEHTa Ha PeasibHbiX METKaX U C 06blYHbIM
softmax (BayKHOCTb TOTO MW UHOTO TOCCA MOXHO BApbMPOBATb):

L = alyist + (1 = a)Lstud S (O, 1]
26/41



Cxema u3 ctatbu Hinton et al. 2015 PAH

1 1
E . —> L2vel Softmax (T =t) soft labels
1 e G el |
_______________ ~ s
~ distillation P
———————————————— soft
|( Student (distilled) model . \I Softmax (T =t)
Layer Layer Layer
|l 2 n [,
N e e e - ———— hard

student
loss

hard
label y

(ground truth)

Loss Fn
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MpoaBUHYTas ANCTUNNALNSA M

Teacher assistant (npomexyTouHbli yunutens), Mirzadeh et al. 2019

- MOXeT 6bITb JaXe HeCKONbKO MPOMEXYTOUYHbIX aCCUCTEHTOB

- B cTaTbe ecTb HEKOTOPbIE TEOPETMYECKE 0OOCHOBAHMS, MOYEMyY 3TO
paboTtaet

cc P FC Logits

Student

Teacher

o"i\&“ Assistant

o

*_(\

Teacher
ccp ccce FC Logits

PAH
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AocTtaTtouHo nu dark knowledge 13 Bbixogos softmax? 4[4l PAH

- YTO HaCUeT NPOMEXYTOUHbIX aKTUBALMIA?
FitNets (Romero et al. 2014)
- XOTuM, 4Tobbl BbIX0Abl g-ro (guided) cnoa cTygeHTa 6bIY MOXOXM Ha
Bbixoabl h-ro (hint) cnoa yuntens

- BbIXoAbl pa3HOro pa3mepa, No3ToMy Ao6aBUM CNON-perpeccop
(ceepmoyHbil, OH 3hdeKTnBHEe) ¢ Takon xe nonlinearity, kak y hint:

1
Lyr = §||Uh(x, Wiint) — (Vg (X, Weuigea), Wr)||*

- iIMeem 06yuveHHOoro yumTens. Mepsbiit 3Tan — obyyeHne CTyaeHTa C

1-ro no g-un cnown. Bropon — KD Kak y XHTOHa 20/1



FitNet: anroputm PAH

Algorithm 1 FitNet Stage-Wise Training.

The algorithm receives as input the trained parameters W of a teacher, the randomly initialized
parameters Wg of a FitNet, and two indices h and g corresponding to hint/guided layers, respec-
tively. Let Wit be the teacher’s parameters up to the hint layer h. Let W gyidea be the FitNet’s
parameters up to the guided layer g. Let W,. be the regressor’s parameters. The first stage consists in
pre-training the student network up to the guided layer, based on the prediction error of the teacher’s
hint layer (line 4). The second stage is a KD training of the whole network (line 6).

Input: Wg, W, g, h
Output: Wg
Whint — {Wr', ..., Wr"}
! Wguided — {Ws’, ..., Wsg9}
: Intialize W to small random values
Wéuided — a:rgmin EHT(WGuideds Wr)
WGuided

t {Ws!, ., Ws} + {Wauided™ s ., Wauided ™ }
: W3 « argmin Lxp(Ws)

Ws

o —

N
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Online Knowledge Distillation via Collaborative Learning  vcn LZul

- Guo et al. 2020

Input Augmentation Logits 1 Loss

|
h(x &) | Network 1 i
Logits 2

Logits m

Ensemble logits

m
Lkd

Nx &n) — Networkm
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Online Knowledge Distillation via Collaborative Learning  vcn L4

Npes

- Soft label renepupyetca (n 06HOBAIEMCSA) BCEMU CTYACHTAMMK;
npeaobyyeHHbIn yunTenb ¢ UKCMpoBaHHbIMK soft label B meTone
OTCYTCTBYET

- MycTb y HAac m ceTei (CTYAEHTOB), UMEEM WX TIOTUTbI Z1, . . ., Zm

- ABTOPbI NpeanaraT HECKOMbKO BapuMaHTOB reHepaumnu soft label
(nornuToB “koNNeKTMBHOro yuntena”):

ze=h(zy,...,2m)

32/m



BapuaHTbl reHepauyuu soft label ¥ PAH

KDCL-Naive

- MpocTo 6epem OANH 13 NOTUTOB CTYAEHTOB C MUHVMANbHON
KpOCC-3HTponuen (cpaBHUBAEM C peasibHoN METKON Y)

KDCL-Linear

- Nwem xopoLuyto (B CMbICNe KPOCC-IHTPOMUN) NMUHERHYIO KOMBUHALMIO:

min Lee(a’Z,y) Za,- =1 ;>0
/'
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Ouctunnauma ans object detection (Chen et al. 2017) men [

- Mogndurkauna Faster-RCNN

S 4
Teacher [ wm Detection ||

\ [Classiilication] I:S:bf:el [Regre‘;ssion]_ ‘

Label

Ground Truth ‘

Weighted Bounded SoftMax &
Cross Entropy;---:--- Regression i SmoothL1
Loss ; Loss Loss
_Classiﬁcatiun_] [ Regression ]
h ) fay
Ground
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Avctunnsauma ans object detection: Tptoku PAH

Teacher-bounded regression loss

- BbIXxofbl perpeccopa yuutens — npou3BosbHble BeLeCTBEHHbIe YMcna
(B OTAIMYME OT KNACCUPUKALMK), UTO MOXKET ObITb OMACHO

- Mo3sTomy nsmepsiem ¢, ¢ peanbHbiM bounding box:

Rs —y||2 ecnu ||[Rs —y|Z+m > ||R: — y|?
Lo(Rs, Re,y) = IRs =yl IRs = 113 IRe = vII3
0 MHaue

- ECnn CTygeHT CMNbHO NPEeBOCXoAUT yuuTend, To occ paBeH 0
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Ouctunnauma BERT: TinyBERT (Jiao et al. 2019) PAH

1
.I.
! Attention Matrices
! (]Rheudxlxl)
1

i Hidden States
N R

Teacher Layer

Attn loss
B o

1

) P
Hidnyoss ;
> N H
v

1

1

1

Attention Matrices
(Rhead*l*l)

Hidden States !
(]Kl"i') K
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Transformer distillation Pl PAH

Mpouecc
- EcTb yuntenb ¢ N Transformer cnosiMm n HeoObyUYeHHbIN CTYAEeHT C
M < N Transformer cnogamu
- Bbibepem M 13 N cnoes yuntena v seegem correspondence loss
MEXAY PA3HbIMX KOMMOHEHTAMW CNOEB:

M-+1

model - Z Z A »Clayer fm )ang(m)(X))

X m=0
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Transformer distillation Pl PAH

CooTBeTcTBME BbIXOoA0oB embedding cnos

Lembd = MSE(E’W,, ET)

COOTBETCTBYME CKPbITbIX MPeACcTaBNeHUN

Lpign = MSE(H*Wj,, HT)
CooTBeTcTBMe attention matpuL
Lattn = ZN\SE (A>, A

h — konnyecTso attention heads, 8 A; € R*! [ — sequence length o



Transformer distillation PAH

CooTBeTcTBME NpeAcKa3aHu 7

- Kpocc-3HTponusa ¢ TemnepaTtypo

IToroBbln NOCC ANa Kaxaoro cnos

L:embd m =
Liayer = § Lhidn + Latn 0 <m <M
£pred m == M "‘ ,]
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2[e(s 0 PAH

O6yueHune TinyBERT Ha downstream 3agavax

> General Task-specific
Large-scale Distillation General Distillation Fine-tuned
Text Corpus TinyBERT TinyBERT
3 Data Augmentation
Task Dataset Augmented
* Task Dataset

General distillation

- bepem BERT 6e3 fine-tuning B ka4ecTBe yuntens, Aenaem npouenypy
Transformer distillation
* 13-3@ CMNIbHOTO YMEHbLIEHNA B pasmepe nosyvyaeTcd He OYeHb

xopolas mogernb
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O6yueHune TinyBERT Ha downstream 3agavax 4[4l PAH

General Task-specific
L_arge-sca]e Distillation General Distillation Fine-tuned
Text Corpus TinyBERT TinyBERT

T Data Augmentation
Task-specific distillation

- Mpouenypa noBTopsaeTcs, HO yxe ¢ fine-tuned BERT n opurnHanbHowu
ayrmeHTaumen (gononHuTensHo ncnonb3osanu Glove word
embeddings)
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