Siamese Neural Networks for One-shot Image Recognition
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One—shot learning

e one-shot learning : e A0 ts 1702] exampleRt M S etct= A 2Fk=740| A

classification st= Zd0|LC}.

« Tojjelel EX™ e MA(domain—specific features)S M & SHHL} or = F TfA|of 2t

Sofl R0 & = Uct. — ol gt L4 2 oHE Erie| Xl

- »_inpute| Fxof HHE IIHS HFH5IT. few examplesE FE| MIAXo= mES
Mater 5= U= M H (features)E AHE2 2 & S35l one-shot learning 2HH 2 H| oF5Hrt.
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Approach

 character recognition®| =&
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e 3) olfjole] EX st MAl (domain—specific features)oll 2| E5HX| o= MM HZ S

« One—shot image classification & & F&F35tX| ?lsll HAN, image &2

class—identityE AtHE(FE )& = U= 2 UZ sSHGA|F T}



Deep Siamese Networks for Image Verification

Input Hidden Distance Output ® TWin netWQrki O | $—O1 X:I 9)\ L__I' .

layer layer layer layer

e Symmetricst7| 20 Input & =ME (B,A)
ol (A,B)Z2 HIH = outputédf= =5t

 Input 2747} ol & FAFSHH feature spaced| A

O0i = Zt77t0] 2| x| etct.

« h12Z} h2 feature BlE| AtO|2] L1 HE|E

A 4FSELI ) activation function2 = sigmoid&
Figure 3. A simple 2 hidden layer siamese network for binary o
classification with logistic prediction p. The structure of the net- AI——‘E—%H [ 0 , 1 ] I:|l:4| -?—l 9' Ou’[pu’[% H|_|'§-I_|'3|_|'L__|-
work is replicated across the top and bottom sections to form twin
networks, with shared weight matrices at each layer.



Model

Input image Feature maps  Feature maps Feature maps Feature maps Feature maps Feature maps Feature maps Feature vector Output
1 @ 105x105 64 @ 96x96 64 @ 48x48 128 @ 42x42 128 @ 21x21 128 @ 18x18 128 @ 9x9 256 @ 6x6 4096 1x1
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convolution max-pooling convolution max-pooling convolution max-pooling convolution fully connected  fully connected
+ RelU, 64 @ 2x2 + RelU, 64 @ 2x2 + RelU, 64 @ 2x2 + RelU, + sigmoid, + sigmoid
64 @ 10x10 128 @ 7x7 128 @ 4x4 256 @ 4x4 L1 siamese dist.

Figure 4. Best convolutional architecture selected for verification task. Siamese twin is not depicted, but joins immediately after the
4096 unit fully-connected layer where the L1 component-wise distance between vectors is computed.

e 2 A0 M AL2SH REHI2 | layersE 7}X|= Siamese CNNO|LC}.
e fully—connected layersE St7| Aol multiple CNNS At235H0 2218 EA (spatial
features)= & =C}.

« RHM L-2 layersol M outputol| CHall ReLUSE AtE5t, LIH X| = sigmoidal units&
N =

« Convolution layer= Clfet 37|0|H M stride= 12 ™ =l Filters, RelLU activate
function@ 2 M & 11 optimaldtA max—poolingES A&},



Model

"), = max-pool(max(0, Wi, , + by 1) +b1), 2)

a(> ,),, = max-pool(max(0, W;“l ;xhy 1) +by),2)

o 22| A2 2t layerO| A K filter map= LtEHH Z4O|Ct.
« W_q1, : layer 10| CHSt feature mapsE 3AHRIO 2 LIEHH tensor

+ % : Zt convolutional filter@} input feature maps AtO|2| &3 TH| Tt Bt2SHE valid
convolutional operation.

OFX| 2} convolutional layer®|A{ units2 single vectorZ flat®| 1. 10 fully-connected
layer2 HZAEICH
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Learning

leoss Function : regularized cross-entropy
« M : minibatch size

e | :indexs

y(x, @D, x,®) : minibatch0| CHSt labelsE Z 2ot length-M vector

y(x,®,x,D) =1 : same class

y(x,®,x,) = 0 : different class

L\, 2)) = y(z?,25) log p(2l”, 257)+

(1 —y(@?, 2 1og (1 — p(='?, 2{7)) + AT |w|?



Learning

@ptimization
.+ minibatch size : 128 wis) (237, 257) = wis) + Awis) (27, 25)) + 22wy
* Learning rate : n; Aw’ij)<x§ )733% )) njvwl(m) + i Aw (?—1)

* Momentum : p;

* L2 regularization weights : A;

Weight initialization : normal distribution with zero—-mean and std
« Convolutional layer : weight = (0,0.01) , Biases = (0.5,0.01)

« Fully-connected layer : weight = (0,0.2) , Biases = (0.5, 0.01)



Learning

Learning schedule
+ Learning rate : 1 epoch & 1%% Z& (A = ;™ =0.99,"Y)

« Momentum : 2 layerO| Al 0.52 A|ZfStD p; HCE 2HS I§74X] Of epochDtCh M A
o=z F7

- ZF Y ERIA0C Z[CH 200epochs St& o1, 32070 2| one-shot learning task setOi] CHdH
errorS EL|E I}

« 20epochs& 2t error?} ZA0HK| R=CHH st&5S M3, oS Oi2t0|HE AFE St
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Learning

Myperparameter optimization

« Hyperparameter selection : a Bayesian optimization frameworkE Al-&

Learning rate : n; € [107%,107]

Momentum : u;€ [0,1]

L2 regularization weights : 4; € [0,0.1]

Convolutional filters size € [3 X 3,20 X 20]

Number of convolutional filters € [16,256] ( multiples of 16)

Fully-connected layers € [128,4096] ( multiples of 16 )



Learning

Affine distortions

e Training set2 F+As I, =22 == F=AUCt. (Figure 5 £11)
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Figure 5. A sample of random affine distortions generated for a
single character in the Omniglot data set.



The Omniglot Dataset

« Handwritten character recognition domaino| A Al st}
- 507Ho| Yoz PAE D 2t euibio| ZX4E 15~40KIHK| Cheksich
« 40702 Hi{ A set : BEH S F x5 0 ALSEIC

stz] ?lsl AtESECE

02

« 10702 W7} set : one—shot classification =2 =%

Aurek-Besh Futurama  Greek Hebrew Korean Latin Malay Sanskrit

Figure 6. The Omniglot dataset contains a variety of different im-
ages from alphabets across the world.



Verification

Training data : 60% ( alphabets : 30/50 , drawers : 12/20 )

Table 1. Accuracy on Omniglot verification task (siamese convo-
lutional neural net)

8 &7 =2 &afl o|o[X| Hlo|HE
Method Test
=3 St |_—_|. _ 30k training
no distortions 90.61
affine distortions x8
= 270k, 810k, 1350k 7H <] 90k training
no distortions 901.54
O| O | Il ACA>|-0| )ckDI-I é—)l E[ |_—_|_. affine a’istorti()fis.x8 93.15
150k training
no distortions 91.63

affine distortions x8




20—way—one—shot classification

* Verification task& mastergt Siamese networks € ULt
ficati w75 C* = argmax_p'®
« 20-way-one-shot classification task2 &7} oL}, = arg P

e Test O|O|X| x 2, 207H2] class2| O|O|X| x, & O| &%l 7} FAI=7l =2 class& 0=

S}
— ’ _ Table 2. Comparing best one-shot accuracy from each type of
. é‘:! %% H | J__|,_6|-7| -?—l 6H Lake, Brenden M, network against baselines.
Salakhutdinov, Ruslan R, and Tenenbaum, Method Test
. . . Humans 93.5
Josh. One-shot Iearnmg by Inverting a Hierarchical Bayesian Program Learning 95.2
- Affine model 81.8
compositional causal process. ==2| Z1}E Hicarchicall Decp 1652
Deep Boltzmann Machine 62.0
/ I'le %/!- I:l'- Simple Stroke 33.2
1-Nearest Neighbor 21.7
+ M& 5 & HBPLEZ HumansE M 25t JHa &2 Siamese Nearal Net 583

Convolutional Siamese Net

92.0% O|C}.



MNIST One—shot Trial

« Omniglotoll tiall st=A[ZI 2E o] MNISTO| tHsl & 2 Etst=| =X tests 210 4 T}

it
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« 10—way—one—shot classification tasks &
« Omniglot2t FAFSHAl 25t 0 YoM BFEH 92% 2= ZX[2F 70.3% 2= h2|A Q

Z 17 LERC

Table 3. Results from MNIST 10-versus-1 one-shot classification
task.

Method Test

1-Nearest Neighbor 26.5
Convolutional Siamese Net 70.3 ]
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