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Introduction

* Computer Vision Task

Is this image of Cat or not? Where is Cat? Which animals are there in image and where?

Image classification problem Classification with localization problem Object detection problem




Introduction

* Low-Shot(Few-Shot) Object detection

Few-shot
Detector
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Introduction

* Why Low-Shot Object Detection task Is challenging?
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* How to solve this problem?

- Collecting extra detection images
- Transfer learning(without extra data collection)
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Problem Statement & Key ldea

* Problem Statement

- Low-shot object detection task= S5 datalll 2|EH0|1, data =7 H 7| W 20 overfitting 0l F| 2fet

* Key ldea
- Object detection algorithm@l SSD2t Faster RCNN2 &7H A 38l= LSTD architecture H| 2t

- Low-shot object detection =0 M X Z2 £ transfer learningEs AME



Method

* Low-Shot Transfer Detector(LSTD)
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Bounding Box Regression in a SSD Fashion
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Method

* Low-Shot Transfer Detector(LSTD) — Bounding Box Regression

- 0§2{ H|Z2| default bounding box Al

- C}Fst 37|0| UM 7} EX I, ocalization0f] A ghet Bt

- D= AN Q| ZIH| 2| S7-El7] W Z0l, data =7 M2 low-shot object detection0|A] size diversity 0|
robust = AS

Bounding Box Regression in a SSD Fashion
A

.......... | | ( Proposal Generation | (Rol Pooling Layer |
o7 . ™ BRI
o Bounding box |
Regression ||| PEREGRIFT (| "B | eeccecccccee—-.
k..-.E ....... 'L L o2 i‘lr:.H_ﬂ - { (K+1) Object }
- ‘ £ 1B BB B SRR
Object-or-not » i Nl - N |_ Classification ‘:
o Y PP QENINY SRR T T A e
Classification omvi2
Convé Conv? Conv8 2 Comvd_2 Convl0_2 Convll 2 | ) \ N
¢ J

(K+1) Object Classification in a Faster RCNN Fashion



Method

* Low-Shot Transfer Detector(LSTD) — (K+1) Object Classification

- B E default box%| CHsH object-or-not2 2 O| Xl 28 & TIsH
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Method

* Regularized Transfer Learning for LSTD

- X 1 2 source dataset® 0| 2540] LSTDE &&
- 1 Z pre-trained LSTDE target domain0fl 2| finetuning
- Finetuning= {6l BD(background depression)a} TK(transfer knowledge)& =

Algorithm 1 Regularized Transfer Learning of LSTD

1. Pre-training on Large-scale Source Domain

e Source-domain LSTD 1s trained with a large-scale de-
tection benchmark.

2. Initialization for Small-scale Target Domain

e The last layer of (K + 1)-object classifier is randomly
initialized, due to object difference in source and target.

e All other parts of target-domain LSTD are initialized
from source-domain LSTD.

3. Fine-tuning for Small-scale Target Domain

e We fine-tune target-domain LSTD with BD and TK reg-
ularizations (Eq. 1-6), based on the small training set.

Liotal = Lmain + E'H'gr
ﬁ?‘t‘:‘:rj = ABDLRD + ATKLTK
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Method

* Background-Depression(BD)

- Low-shot object detection®lA] background 7} &

- Target domain0j| CHolf st== I Wl 24N 7} EXHSt= BAY CHSH masking X 2| F ot M E2-2 dataset®f| M2
backgroundd| CHell FI71H o 2 st&

- backgroundZ} object MM &3t = AS WX|5H7]| ol LzpE EY

Target Image Without BD With BD

Target Image
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Method

* Transfer-Knowledge(TK)

- p7: source domainOj|A] &5l X| A2 7|Hto 2 $t target object0] L ¥t soften softmax 2}
Pyre : target domainOlA S5 El X|AS 7|82 &2 St target objectOf| Lt soften softmax @k

- E BB E T AL0|9| cross entropy lossE XA 3138101, target domain U EQ A7} source domain2] X| A2
ol E R

L1ix = CrossEntropy(py, Ppre)
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Experiment Results

* Faster RCNN vs. SSD vs. LSTD
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- Large Source datasetd| C{siM= 2 21}7
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| MAP |
Deep Models Large Source Low-shot Target
Faster RCNN 21.9 12.2
SSD 25.1 10.1
Our LSTDCOHU5_ 3 24.7 15.9

Our LSTD o7 235.2 16.5
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Experiment Results

* Comparison with the State-of-the-art

55 Faster RCNN (Ren et al. 2016)
5ol —+—SSD (Liu et al. 2016)
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Conclusion

* Conclusion

- Low-shot object detections X2 W5}t7| ol transfer learning 7|'H = oll S task0] S22 =
- Transfer difficultyE Z0|7| 8l LSTDEl= ME& architectureE H|Qtat

- OfX| 2t Sl T taskO| A= X meta-learning 7|5 0] BO| AFRE| 11, transfer learning 7|82 AISt= A7t 9|
ALCt= MO A transfer learning®| StAI7} Y= 24 ZL= M2ZH0| F
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