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. Introduction

 Object occlusion: multi-channel pipeline (hand / object)
 Dataset synthesis & Data reproduction

(a) Localization ConvNet (b) Data Reproduction
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. Introduction

* Metric Learning

 Hard Negative Mining

 Adversarial Network

Before After
//—3\ Ei = Ei
R A WA W

' Lf 1 l

\ / Metric \ /

\\\ ‘ j‘/}/\ Learning \\\ // Y
SNy - o C
= €

%I\ ‘ 3(1\ __________ l »Z/ //7_§\\;L // “) 3 \\ a ------ I,
|\ 3 gﬂ/' . N l\ 3 /l i @

A y o DAML / -

N 8“ Q N L/ 8 3

e & L C

Negative Negative

3 Anchor  3Positve 8 Negative ~ 8- Generation Distribution



Related work

Metric learning

Hard negative mining




. Related work

bicubic SRResNet
) (21.59dB/0.6423)

Metric learning

 There are many matric to measure the
similarity between two images such like
PSNR, mPSNR, SSIM, MS-SSIM ...

 However, these are just a mathematical
measurement which is not intuitive.
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. Related work

Metric Iearnlng Despite more clear and realistic texture,
SRGAN image shows lower PSNR, SSIM value
SRResNet SRGAN original

(23 53dB/0 7832) (21 15dB/0 6868)




. Related work

Large-scale face dataset

socal - SEIATIIRI E K19
networks T EE N &
Metric learning Ji
Face retrieval
L system
 The metric learning model learn the Who is he?
metric, such as the similarity of two ‘T
images. Law
enforcement CV R
« Many face recognition service or L Oneofthem?

fashion retrieval service are employing
this model.
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. Related work

Metric learning - Demo

 The result of the base line code.

 The dimension reduction diagram
of the embedding space (Fashion
MNIST) 6

» Classification Accuracy 99.15%
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Metric learning oA vl
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* The basic objective is clustering the
data in same category, and split the
cluster which are in different category.

Feature space of faked
data for 3D shapes

» Triplet loss is heavily used, and many
works try to build a good embedding
model based on their needs.
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. Related work

Metric Learning Loss x:1 x:g x:3 x:4 x:g, x:6

(a) Contrastive embedding

. O O O O O O
 Contrastive Loss X1 Xo X3 X4 Xs @ Xg

Feed two examples (b) Triplet embedding

* Triplet Loss
Less greedy than Contrastive loss

X3 X9 X3 X4 X5 X6
e Lifted structured loss

Consider every point in the batch

(¢) Lifted structured embedding

* N-Pair Loss
Consider N data from every category

Triplet | N-pair Loss

Improved Deep Metric Learning with Multi-class N-pair Loss Objective, NIPS 2016
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Hard Negative mining

Randomly
draw M~
samples

Select M, (K M™) A miniBATCH
samples with -

highest fT scores

Pool of

Negative
Samples

* Collect the True-Negative examples

at the earlier step and feed them
again. Pool of

« Gradually feed the hard negative Positive
example so the network completely [-F1]] 25
finish the learning.

Randomly
draw M+
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. Model

Main Idea
Before After
 Current works focused to embed the data Y -
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Before After
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* In contrast, DAML consider the potential
threaten by generating the adversarial
examples.

Negative Negative

3 Anchor 3Positive 8 Negative 8o Generation Distribution

Randomly
draw M~
samples L

Select My (K M™) A MINIBATCH
samples with

highest f* scores

 Moreover, DAML does not conflict with hard
negative mining because this method Pool of

Negative

generates more negative example, not samples
select the useful existing example.

Training
CNN

Pool of
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Negative Positive Anchor

Flow . ‘ O
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Metric
Learning Embedding

|
Hf = arg min Jm(é’f;X?;,)ar X; f)

Weight 05 . ‘ 7‘
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. Model

Flow
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Hard Negative Generator Qf — arg ngm Jm(ef,Xz,X:r,iz : )
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. Model

Hard Negative Generator 9; — arg ngin Jm(6’f; X; X;F, ii—, f)
Nega‘];ve Positive Anchor ‘ ‘ .
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* Regularize the generator so the adversarial example
N does not go too far from the real negative example.
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. Model

Hard Negative Generator
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Experiment Xy X3 X3 Xi X5 X

(a) Contrastive embedding

. O O O O O O
 Contrastive Loss X1 Xo X3 X4 Xs @ Xg

Feed two examples (b) Triplet embedding

* Triplet Loss
Less greedy than Contrastive loss

X1 X9 X3 X4 X5 X6
e Lifted structured loss

Consider every point in the batch

(¢) Lifted structured embedding

* N-Pair Loss
Consider N data from every category

Triplet | N-pair Loss

Improved Deep Metric Learning with Multi-class N-pair Loss Objective, NIPS 2016



. Analize

Experiment

« With the Bird, Cars, Product image, conduct
the image embedding on the metric space.

« CUB200, Cars196, Stanford Online Product
dataset

* Image retrieval with NN search

(b) Glaucous gull



. Analize

Experiment

Figure 4. Visualization of the proposed DAML (N-pair) with Barnes-Hut t-SNE [ 7] on the CUB-200-2011 dataset, where the color of the
border for each image represents the label. (Best viewed on a monitor when zoomed in.)



. Analize

Experiment

B e

Figure 5. Visualization of the proposed DAML (N-pair) with Barnes-Hut t-SNE [ /] on the Cars196 dataset, where the color of the border
for each image represents the label. (Best viewed on a monitor when zoomed in.)



Analize

Experiment

Figure 6. Visualization of the proposed DAML (N-pair) with Barnes-Hut t-SNE [ 7] on the Stanford Online Products dataset, where the
color of the border for each image represents the label. (Best viewed on a monitor when zoomed in.)



Analize

Experiment

« Achieved SOTA for the almost every metric learning task

Table 1. Experimental results (%) on the CUB-200-2011 dataset
compared with baseline methods.

Table 2. Experimental results (%) on the Cars196 dataset com-
pared with baseline methods.

Table 3. Experimental results (%) on the Stanford Online Products
dataset compared with baseline methods.

Method NMI F; R@l R@2 R@4 R@S8 Method NMI F; R@1 R@2 R@4 R@8 Method NMI F; R@l R@10 R@100
DDML 473 131 312 416 547 671 DDML 417 109 327 439 565 688 DDML 834 107 421  57.8 73.7
Triplet+N-pair ~ 54.1 20.0 428 549 662 77.6 Triplet+N-pair 543 19.6 463 599 714 813 Triplet+N-pair ~ 86.4 21.0 58.1  76.0 89.1
Angular 61.0 302 536 650 753 837 Angular 624 318 713 80.7 870 918 Angular 87.8 265 679 83.2 92.2
Contrastive 472 125 272 363 498 621 Contrastive 423 105 276 383 51.0 63.9 Contrastive 824 10.1 375 53.9 71.0
DAML (cont) 491 162 357 484 608 73.6 DAML (cont) 426 114 372 496 618 733 DAML (cont) 835 109 417 575 73.5
Triplet 498 150 359 477 591 700 Triplet 529 179 451 574 697 792 Triplet 863 202 539 721 85.7
DAML (tri) 513 17.6 376 493 613 744 DAML (tri) 565 229 60.6 725 825 899 DAML (tri) 871 223 581 750 88.0
Lifted 564 226 469 598 712 815 Lifted 57.8 251 599 704 796 87.0 Lifted 872 253 626 809 91.2
DAML (lifted) 595 26.6 490 622 73.7 833 DAML (lifted)  63.1 319 725 821 885 929 DAML (lifted)  89.1 317 66.3 828 92.5
N-pair o602 282 519 643 749 832 N-pair 62.7 31.8 689 789 858 909 N-pair 879 27.1 664 829 92.1
DAML (N-pair)  61.3 29.5 527 654 755 843 DAML (N-pair) 66.0 364 751 838 89.7 935 DAML (N-pair) 89.4 324 684  83.5 92.3
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Experiment

Table 1. Experimental results (%) on the CUB-200-2011 dataset

compared with baseline methods.
* NMI: normalized mutual information

Method NMI F1 R@] R@2 R@4 R@S8

e F1: harmonic mean Of the precision DDML 47.3 13.1 31.2 41.6 54.7 67.1
and recall Triplet+N-pair ~ 54.1 200 428 549 662 776
Angular 61.0 30.2 536 65.0 75.3 83.7

. R@K; Existence ratio of the Positive Contrastive 472 125 27.2 36.3 49.8 62.1
Triplet 498 15.0 359 47.7 59.1 70.0

DAML (tr1) 513 17.6 37.6 49.3 61.3 74.4

Lifted 564 226 469 59.8 71.2 81.5

DAML (lifted) 595 26.6 49.0 62.2 73.7 83.3

N-pair 60.2 282 51.9 64.3 74.9 83.2

DAML (N-pair) 61.3 295 527 654 755 843
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Experiment

Fastest converge

m— Pairwise 5 m— Triplet
s DAML(/ ) s DAML(/ )

— DAM LUgen ) —— DAM LUgen )

0 20 40 60 80 100 0 20 40 60 80 100

(a) Pairwise loss (b) Triplet loss
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. Discussion

Contribution

 Hard Negative Mining
« Existing samples

« Data Augmentation
* Fixed transformation

« DAML
Create the Negative sample
Various transformation

Negative Positive Anchor

b

Metric
Learning Embedding

|
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. Discussion

Practice

« Paper assert that W, E could be a
threaten after some transformation.

YW o oo 3
...-’L 1/ oo o \ v;;iy"a
N l 3{ -------- L. i B, ;/ Q) 3 \ /]
| 3 S ( & 3 3,
\ o/ \ / 4
\ . | (8% DAML /g
\ 8: Q % /
o C T C
o e Negative Negative
< Anchor 3Positive 8 IEgatlye 8< Generation Distribution

Negative Positive Anchor

b

Metric

Learning Embedding

|
0 = argmin Jp, (Hf,xz, X, f)
Weight O O ‘ i

Negative Positive Anchor

VT 3

Generator —> i} Al
Synthetic Learnmg
Negative

@f—al‘gminj (Hf,X@,X SZ f)



. Discussion

Practice

« But the Generator really can make
<.3 from the W, E?

Negative Positive Anchor
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Metric
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Synthetic earning
Negative
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. Discussion

Practice

 Generated Adversarial example
does not look a real, but seems
like a mixture of the real image.

If score > €: In dlstrlbutlo

" Confidence .
score Else: out-of- dlstrlbutlon

(S

[Input] (Classifier with DNNs]

0000
0000
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. Discussion

Practice

 Generated Adversarial example
does not look a real, but seems
like a mixture of the real image.

Comparison of original GAN and proposed GAN:

l + Generated samples’ ........ .........................
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(a) Samples from the orig- (b) Samples from the pro- (c¢) Image from (d) Images from
inal GAN posed GAN the original GAN the proposed GAN

w

Improved Deep Metric Learning with Multi-class N-pair Loss Objective, NIPS 2016
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Practice

1. How did the DAML feed the Negative example?
A. Generate the adversarial example
B. Hard negative mining
C. Over sampling

2. What was the best loss for the metric learning at the experiment?
A. N-Pair Loss
B. Contrastive Loss
C. Triplet Loss



Results

Table 2. Experimental results (%) on the Cars196 dataset com-
pared with baseline methods.

Table 3. Experimental results (%) on the Stanford Online Products
dataset compared with baseline methods.

Table 1. Experimental results (%) on the CUB-200-2011 dataset
compared with baseline methods.

Method NMI F; R@l R@2 R@4 R@S8 Method NMI F, R@1 R@2 R@4 R@8 Method NMI F R@l R@10 R@100
DDML 473 131 312 416 547 671 DDML 417 109 327 439 565 688 DDML 834 107 421  57.8 73.7
Triplet+N-pair ~ 54.1 20.0 428 549 662 77.6 Triplet+N-pair 543 19.6 463 599 714 813 Triplet+N-pair ~ 86.4 21.0 58.1  76.0 89.1
Angular 61.0 302 536 650 753 837 Angular 624 318 713 80.7 870 918 Angular 87.8 265 679 83.2 92.2
Contrastive 472 125 272 363 498 62.1 Contrastive 423 105 276 38.3 51.0 63.9 Contrastive 824 10.1 375 53.9 71.0
DAML (cont) 491 162 357 484 608 73.6 DAML (cont) 426 114 372 496 618 733 DAML (cont) 835 109 417 575 73.5
Triplet 498 150 359 477 59.1 700 Triplet 529 179 451 574 697 792 Triplet 863 202 539 721 85.7
DAML (tri) 513 17.6 376 493 613 744 DAML (tri) 565 229 60.6 725 825 899 DAML (tri) 871 223 581 75.0 88.0
Lifted 564 226 469 598 712 815 Lifted 57.8 251 599 704 796 87.0 Lifted 872 253 626 809 91.2
DAML (lifted) 595 26.6 490 622 73.7 833 DAML (lifted)  63.1 319 725 821 885 929 DAML (lifted)  89.1 317 66.3 828 92.5
N-pair o602 282 519 643 749 832 N-pair 62.7 31.8 689 789 858 909 N-pair 879 27.1 664 829 92.1
DAML (N-pair) 613 29.5 527 654 755 843 DAML (N-pair) 66.0 364 751 83.8 89.7 935 DAML (N-pair) 89.4 324 684  83.5 92.3




. Results

Figure 4. Visualization of the proposed DAML (N-pair) with Barnes-Hut t-SNE [ /] on the CUB-200-2011 dataset, where the color of the
border for each image represents the label. (Best viewed on a monitor when zoomed in.)



. Results

Figure 5. Visualization of the proposed DAML (N-pair) with Barnes-Hut t-SNE [ /] on the Cars196 dataset, where the color of the border
for each image represents the label. (Best viewed on a monitor when zoomed in.)



Results

Figure 6. Visualization of the proposed DAML (N-pair) with Barnes-Hut t-SNE [ 7] on the Stanford Online Products dataset, where the
color of the border for each image represents the label. (Best viewed on a monitor when zoomed in.)
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m— Pairwise 5 m— Triplet
s DAML(/ ) s DAML(/ )

— DAM LUgen ) e DAM LUgen )

0 20 40 60 80 100 0 20 40 60 80 100

(a) Pairwise loss (b) Triplet loss



. Proposed

Algorithm 1: DAML

Input: Training image set, parameters A, A1 and A2, margin «,
and 1teration numbers 1"
Output: Parameters of the hard negative generator 6,, and pa-
rameters of the metric function 6+.
Pre-train 6 ; without the hard negative generator.
Initialize 6,.
for iter =1,2,--- ,T do
Sample minibatch of m training images.
Produce triplet or pairwise inputs from the batch.
Jointly optimize 6, and 6+ using (7).
end for
return 6, and 0.
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