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Mouemy CNOXHO 06y4yaTb HENPOCETH PAH
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"Hao Li et al. “Visualizing the Loss Landscape of Neural Nets” NeurIPS (2018)




Mouemy CNOXHO 06y4yaTb HEPOCeTU PAH

- MHOro “nnoxux” NOKanbHbIX MUHUMYMOB W CE[/TOBbIX TOUEK
- MepeobyyeHne
- Transfer learning NONHOCTbIO He cnacaeT
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Get more data
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AyrmeHTauma AaHHbIX PAH

+ [1ns KapTUHOK: MOBOPOTbI, Pa3MbITHeE,
MacliTabupoBaHue, creHepupoBaHHble GAN, ...

Fig. 1. Exemplar applications of image transformations available in Albu-
mentations

2

2Buslaev et al. “Albumentations: Fast and Flexible Image Augmentations” (2020)
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AyrmeHTauma ana NLP PAH

Augmenter Target Augmenter Action Description
Simulate keyboard
Textual Character KeyboardAug substitute i Y
distance error
. Simulate OCR engine
Textual OcrAug substitute
error
insert,
substitute, Apply augmentation
Textual RandomAug PRl aug
swap, randomly
delete

Substitute opposite
Textual Word AntonymAug substitute meaning word according
to WordNet antonym

Feeding surroundings
word to BERT, DistilBERT,
insert, RoBERTa or XLNet
Textual ContextualWordEmbsAug R X
substitute language model to find
out the most suitlabe

word for augmentation 6/30



AyrmeHTauua ana NLP? PAH

Sentence

Original | The quick brown fox jumps over the lazy dog

Synonym (PPDB) | The quick brown fox climbs over the lazy dog

Word Embeddings (word2vec) | The easy brown fox jumps over the lazy dog

Contextual Word Embeddings (BERT) | Little quick brown fox jumps over the lazy dog

PPDB + word2vec + BERT | Little easy brown fox climbs over the lazy dog

3https://github.com/makcedward/nlpaug
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https://github.com/makcedward/nlpaug

Perynsipusauus moaene el PAH

- Mpumep — norucrTuyeckas perpeccus (6rHapHas knaccupukauns)
- Maximum likelihood estimation:

]
N Z log P(Y = Vn|Xn, W, Wp) — max
n

W,Wo

§ = P(y = 1x, W, wo) = (o + (W, X))
()= —
7 14 e?

- [lepexoq K MUHMMM3ALNN KPOCC-IHTPOMUN:

1 R .
N Z xent(yn, Yn(Xn, W, Wo)) — min
n

W,Wo

xent(y,y) = —(vlog ¥ + (1 —y)log(1—¥))
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Perynapusaums (S} PAH

- YpaBHeHWe pasfensatolen runepniockocTu: Wy + (w, Xy = 0

- YMHOXEeHMe ypaBHEeHNA Ha 2 He MeHsieT camy rMnepnnockoCTb

- Ho yBenuueHve w genaeTt Moaenb 6onee YyBCTBUTENbHOW K BbIGPOCAM
- JlorncTuyeckasa perpeccus ¢ ¢,-perynapusaunent:

1 R A .
m ; xent(yn, Jn(Xn, W, WO))+§||WH2 — min

- B HEeMpOHHbIX ceTax: perynspusauns dense cnoes n CBEPTOUHbIX
bunbTpoB

9/30



Dropout n DropConnect PAH

No-Drop Network DropOut Network DropConnect Network
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Dropout n DropConnect: dense cnown PAH

- p — drop rate, a(-) — PyHKumMa akTusauum, W — matpuia napameTpos

- Dropout:
m; ~ Bernoulli(p)

1
= W
r 1_pm@a( V)

-+ DropConnect:
mj; ~ Bernoulli(p)

r=a((MaoW)v)
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PeKkyppeHTHble HelpoHHbIe cetun Z(eal PAH

- [1o nogsnenunsa Transformer — SOTA A3bIKOBble MOAENU

- Vanilla RNN:
he = f(Wx; + Uh_, + b)
ho — O
® ® ®
i i
A f A

e_
@._
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Mpo6nembl vanilla RNN uen T

ht - f(WXt + Uht_'| —|— b)

- [Ipo6nembl C rpagveHToM:

IL L Ohy 8hT aht+1 o
OW  Ohy OW aht T OW

- BenuuuHa (Hopma) npov3BeaeHUs 3aBUCKUT OT HOPMbl MaTpuLbl U.
Ecnu nocneaHsa CAUWKOM OTKAOHAETCA OT 1, MONyYUMm
vanishing/exploding gradients
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Long short-term memory PAH

A it = o(Wx; + Uh,_; + b))
:@ ® ) . f, = U(Wth + U+ bf)
> 0r = o(W°%; + U°h,_; + b°)
% [0 ] A T C; = tanh(Wx; + Uh;_; + b)
VA a=fiocq 1 +iioG

h: = tanh(c;) ® oy
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AWD-LSTM Sl PAH

- Merity et al. “Regularizing and Optimizing LSTM Language Models”
(2017)

- MpumeHseTca DropConnect K pekyppeHTHbIM MaTpuuam (U, U5, U¢, U°)

- Sample weight — oTHOWeHMe ANNHbI 06pPe3aHHOK
NnocnefoBaTenbHOCTU K A/TMHE NCXOAHON

- Weight tying
- Activity regularization
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AWD-LSTM: TptoKu nen [N

- Weight tying: ncnonb3ytoTcs ogHN 1 Te xe Beca Ans embedding un
softmax cnoes

- Activity regularization: f,-perynsipnsaumnsa CKpbiTbix COCTOSHUM h

- Temporal activity regularization: ¢,-perynapusaumna pasHuLbl mexay h
Ana cocegHunx timestep:

TAR = 5Hht - ht,1H2

- BbiBoa: SOTA mogenu 4acto coaepxaT cneunmuyHbie TPHKN,
KacalLnxcsa perynapmnsaymm n ontumnsaumn

- Cenyac pekyppeHTHble HEMPOCETN AN MOAENUPOBAHNUA A3blKa
BblITECHEHbI TpaHcthopmepamm
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PAH

Label smoothing®

- Knaccnukaums Ha K knaccos

- Ground truth — one-hot BekTOpbI Y, C eANHULEN B NO3ULMN HOMEPA
Knacca

- 3aMeHAeM efnHNLY B 3TUX BeKTOpax Ha 1 — a, a BCe HY/IM — Ha %=

“Miller et al. “When Does Label Smoothing Help?” (2019)
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Label smoothing

CIFAR10

CIFAR100

16

0.4

Training w/ LS

0.4

Validation w/ LS

Training w/o LS

Validation w/o LS

PAH
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MeTogbl oNnTUMM3aLUN PAH

- Stochastic gradient descent ¢ momentum:
Vi <— Wi —nVel(B, 9)’0:0t,1,5:5t
0 < 01+ V;

- TunnyHoe 3HayeHne v = 0.9
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AflanTUBHbIE METOAbI

- MotuBaunsa:

-]

Level Sets of the Function

3

¥ tem)
°

PAH
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RMSprop Zl«(1}} PAH

- CKoMb3dllee cpefHee KBaapaTa rpaguneHTa:

Eg; = BEg;_ + (1 — B)g;
n

\/ﬁ'gt

- BTopad npon3BogHaa — CBA3b C Kpl/lBl/BHOl;l Mo HamnpabBneHWIo

Ot — et_1 —

- Adagrad: cymMa BMeCTO CKOMb3SLWero cpefHero, sphekTnBHas
learning rate 6bicTpo nagaet (HegocTaTok)
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PAH

8t VOL(87 0)|9:9t—17B:Bt

bi ¢ B+ (1—5) - & - CKOMb3ALlMe cpefHme rpagnenTa u
KBaApaTa rpagneHTa

Wi+ Lot + (1-5)-g
o0 30— B) . Dgczfn_eg\; XOMOLHOrO CTapTa: JeneHune
Pt ibvt/m - 55)

0, < 0:_1 — ag/(\/ 1 + )

°Kingma & Ba “Adam: A Method for Stochastic Optimization” (2014) ICLR
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ApanTuBHble meToAabl vs SGD PAH

Level Sets of the Function

=== RMSprop Algorithm
=== Gradient Descent

Gradient Descent (Momentum =0.5)
- Adagrad

y [cm)
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ApanTuBHble meToAabl vs SGD PAH

- SGD ¢ momentum 06bl4HO TpebyeTca 60/Mblie BpeMeHn A/
CXOAMMOCTK, HO OH MeHee nofsepxeH over-shooting (kak Adam)

- CKazaHHOe Bblllle — TUMNMYHOE MOBefeHre, He BCerga OHO Tak

- EcTb cTaTbsl, rae npeanaraeTcs AnHammyeckoe nepekntodeHme ¢ Adam
Ha SGD®

bKeskar & Socher “Improving Generalization Performance by Switching from Adam to
SGD” (2017)
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Apyrne TpoKn Ana onTummnsaynm Z(eal PAH

- Gradient clipping: ecnu Hopma rpagveHTa 6onblie ¢, TO

cec. &
gl
Without clipping With clipping
= =
: B
= S
w w
b b
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[ipyrve TpOKK Ans onTUMn3aumnu

PAH

- Learning rate schedule:
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- Toxoxu 3pdeKT umeeT n3meHeHune batch size Bo Bpemsi 06yueHns’
- Early stopping

’Smith et al. “Don’t Decay the Learning Rate, Increase the Batch Size” ICLR 2018
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baTy-HOpManunsauyusa PAH

Input: Values of = over a mini-batch: B = {x1._ . };
Parameters to be learned: v, 5
Output: {y; = BN, g(x;)}
1 m
B o Z} Z; // mini-batch mean
0% — E i(ml —un)? // mini-batch variance
mi=
Ti L kB // normalize
Vog+e
Yi < YZ; + B = BNy g(a;) // scale and shift

- Batch norm nocne beHKLI,I/II/I dKTnBaUnn 4YaCTo aeT pe3y/bTaThbl J'IyLH_IJe27/30



Batch norm: rpad BbluncneHmu 2l PAH

(N,D) (N,D)

) out

| * ] (W
dout
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Mouemy batch norm pa6otaet? men [2NE

- PaHblUe CYMTanocCh, YTO MOMOraeT cNpaBuUTbCs C internal covariate
shift® (nocTosaHHOE M3MeHeHne pacnpegeneHnd Bxoga CneayrLero
CNoA NPV 3MEHeHUN BeCOB NpeablayLiero)

- Bonee HOBbIN pe3ynbTaT: AenaeT PyHKLMI0 noTepb 6onee rnagxkon’

Theorem 4.1 (The effect of BatchNorm on the Lipschitzness of the loss). For a BatchNorm network
with loss L and an identical non-BN network with (identical) loss L,

Vy ﬁ HVyJLH o vyj£>2_l<vyjﬁvgj>2 :
m

8loffe & Szegedy “Batch Normalization: Accelerating Deep Network Training by Reducing

Internal Covariate Shift” (2015)
9Santurkar et al. “How Does Batch Normalization Help Optimization? “ (2018)
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3aBucumocTtb BN-ceTu oT MHULUMann3aunm

2[e(s 0 PAH

Lemma 4.5 (BatchNorm leads to a favourable initialization). Let W™ and W* be the set of local
optima for the weights in the normal and BN networks, respectively. For any initialization Wy

— 12
[wo =W ||” < lIwo — w|? -

2
* (12 *
e (IVIF = wo))'

if (Wo, W*) > 0, where W* and W* are closest optima for BN and standard network, respectively.

- [lokazatenbctso: BN((aW)x) = BN(Wx) Va > 0, nostomy ans nob6oro

MUHUMYMa B non-BN ceTn W* Touka W = RW* 6yneT MUMHUMYMOM B BN-ceTu

- Bo3bmeMm k = <“"VVT,;V“"§>. Packpoem KBagpaTbl HOpM B ||[Wo — W||2 — || Wy — W*||2,

nony4nm oTpuLaTenbHoe uncio —||W*||? - (1 — k)?
- MocneaHee BepHO AnA NpoussonbHoro W, 3HaunT, u gna W*

30/30



