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One-shot Learning:

Nlearning object categories from just a few images
byi ncor por at knowkedgé whemneay bhe ollained
from previously learninodels of unrelated categomes

FerFeietal. A Bayesian Approach to Unsupervised €8leot Learning of Object Categori¢SCV 2003
FerFei, etal. OneShot Learning of Object CategoriéSEE TPAMI 2006

I One-shot Learning

Object categorization
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Fu et al. Sermupervised Vocabulafipformed Learning. (CVPR 2016, oral)

Fu et al. Vocabulaspnformed Zereshot and Operset Learning. IEEE TPAMI to appear

One-shot Learning by Semantic Embedding




Attribute Learning  Pipeline
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Lampert, C. H.earning to detect unseen object classes by betwelass attribute transfer. CVPR 2009




Semantic Attributes In Zero/One -shot Learning
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¥ Learning Multi -modal Latent Attributes

video
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audio
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Experimental Settings

Dataset & Settings:

A USAA dataset (4 sourcts 4 targetcls multiple round class splits);
A Animal with Attributes AwA) dataset (40 sourcels 10 targetcls);
Comparisons

A Direct: KNN/SVM of features to classes;

A DAP: Direct Attribute Prediction [Lampert et al. CVPR 2009];

A SVMUD: an SVM generalization of DAP:;

A SCA: Topic models in [Wang et al CVPR 2009];

A ST: Synthetic Transfer in [Yu et al ECCV 2010];




Unstructured Social Activity Dataset (USAA)

Music Non-music Wedding Wedding Wedding

Birthday party Graduation performance performance Parade ceremony dance reception




One -shot Learning Results

1-shot 5-shot 10-shot
Direct | SVM-UD | M2LATM | Direct | SVM-UD | M2LATM | Direct | SVM-UD | M2LATM
N/0 29.0 - 35.3 33.6 - 48.0 35.7 - 53.0
R/7 29.0 30.9 35.9 33.6 36.9 48.0 35.7 38.7 52.2
R/34 29.0 35.0 36.5 33.6 44.5 48.9 35.7 47.5 52.8
O/15 29.0 36.1 37.7 33.6 46.8 49.7 35.7 50.2 53.3
A/69 29.0 39.1 38.6 33.6 49.7 52.1 35.7 52.5 56.1
Table 2
N-shot classification performance for USAA dataset (4v4 classes, chance = 25%) .
1-shot 5-shot 10-shot
Condition | Direct | SVM-UD | M2LATM | Direct | SVM-UD | M2LATM | Direct | SVM-UD | M2LATM
N/0 16.4 - 19.2 21.5 - 30.5 23.6 - 35.9
R/9 16.4 25.1 27.1 21.5 32.6 35.6 23.6 36.4 39.0
R/42 16.4 30.7 28.3 21.5 42.5 42.5 23.6 45.0 45.7
A/85 16.4 31.9 285 215 434 38.0 23.6 16.8 13.0
Table 6

N-shot classification performance for AwA dataset (40v10 classes, chance = 10%).

For more results, please check our papers.
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Fu et al. Sersupervised Vocabulaiipformed Learning. (CVPR 2016, oral)
Fu et al. Vocabularynformed Zereshot and Operset Learning. IEEE TPAMI to appear
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¥ One-shot Learning

Semantic labels
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Zero/One -shot Learning by Semantic Embedding

(Problem Definition)

Semantic labels Visual feature space

Zero/oneshot LearningiWWe havezero/one
Instancesvisually labeled instances of what
these look like

bicycle




< J¥ Learning
f ()

Semantic labels Visual feature space
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Word vector-feature |
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=¥ Inference

Y2, Word vector-feature

category mapping:

V3 truck

Key QuestionHow do we define semantic space?




Semantic Label Vector Spaces

Manual annotation

Semantic Supervised Good interpretability of each dimension]
Attributes P Limited vocabulary
airplane := fixed_wing, propelled, has_pilot
Semantic Word ood vector representation for millionsgof = .
. Limited interpretability of
Vectors Unsupervised : .
each dimension

(e.g. word2vec)

v (Berlin) — v (Germany) = v (Paris) — v (France)




Semantic label space
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¥ Vocabularylinformed Recognition
V11 f( Image)

- /
unicycle

Fu et alSemisupervised Vocabulaipformed learning, CVPR 2016 (Oral)




¥ Estimating Density of Classes in the Space

The knowledge of margin distribution of instances, rather than a

single margin across all instances, is crucial for improving the
generalization performance of a classifier.

1
@ Positive instances
Negative instances
* Prototypes
Instance marginthe distance between one instance and the separating
hyperplane. The distribution for the minimal values of the margin distance is

o ©
@ i

. dy,, ® : : o
/ « " ‘ characterized by a Weibull distribution
C o KUz °® . _
- . lg () — g (xa) ||\ ™
g 4. ™ (g (x);9(x)) = exp (— ( 1.
| The probability ofQw included in the boundary estimated B w

7(0.05)

o Margin Distribution of Prototypes:

Margin distribution of prototypes in the semantic space Coverage Distribution of Prototyp (_:(0.05)
.. x
Extreme Value Theorem

Fu et al. Vocabulampformed Zereshot and Operset Learning. IEEE TPAMI to appear




=¥ Experimental Dataset and Tasks

Dataset:
A AWA dataset:
A ImageNet 2012/2010 dataset.

We can address following tasks by learning semantic embedding,

A SUPERVISED recognition

A ZERO-SHOT recognition

A GENERALZERO-SHOT recognition
A ONE-SHOT recognition

A OPEN-SET recoghnition




¥ Experimental Settings of Few  -shot Learning

ALearning Classifiers from Few Source Training Instances

ASource classes: One -shot Recognition
ATarget classes: Zero -shot Recognition

AKey insights: leveraging the knowledge from semantic space

(vocabulary -informed)

AFew-shot Target Training instances

AFew-shot setting, consistent with general definition




¥ Results on Few-shot Learning

Dimension | SVR-Map | Deep-SVR SAE ESZSL MM-Voc | WMM-Voc | Deep WMM-Voc
Sunerviceq | 100-dim 51.4/- 71.59/91.98 | 70.22/92.60 | 74.86/94.85 || 58.01/37.88 | 75.57/94 31 76.23/94 85
UpETvIS 1000-dim 57.1/- 76.32/95.22 | 75.32/94.17 | 75.08/9427 || 59.1/77.73 | 79.44/96.01 76.55/96.22
o hor 100-dim 52.1/- 53.12/34.24 | 67.96/95.08 | 73.69/95.83 || 61.10/96.02 | 82.78/98.92 84.87/98 .87
1000-dim 58.0/- 64.29/88.71 | 71.42/97.18 | 74.17/97.12 || 83.84/96.74 | 89.09/99.21 88.07/99.40
Sl 100-dim - 5.65/54.45 215/52.7 | 2.88/68.37 || 19.74/35.79 | 28.92/88.01 33.04/89.11
1000-dim ; 0/39.84 0/35.91 0/33.09 8.54/50.79 | 27.98/90.47 34.77/90.76
TABLE 2 Fewshotson sourcedataset

Classification accuracy (Top-1/ Top-5) on AwA dataset for SUPERVISED, GENERAL ZERO-SHOT and ZERO-SHOT settings for
100-dim and 1000-dim word2vec representation (200 instances).

Results of few-shot target training instances on
ImageNet dataset.

Method I-instance | 3-instance
SVM 2.65 9.81
KNN 5.23 13.3

Deep SVR 14.01 25.00
SAE 14.93 26.42
WMM-Voc 17.26 26.59
Deep WMM-Voc 17.95 30.44




Supervised Learning results of ImageNet
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Fig. 6. The supervised and zero-shot learning results on
ImageNet 2012/2010 dataset.

Results on Few-shot

Learning
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Visualization of the semantic space: We

show the t-SNE visualization of the semantic space. The
words in boxes are the mapping of training image in the

semantic space, and close neighbors

are shown. The

neighborhoods extend the single training data to a space

semantically meaningful.



< 5 Robust feature .
Representation Learning ~——> extractor | = One-shot Learning ———2>>

Oneshot learning aims to learn information about object categories fomma, or
only a few training images.

DataAugmentation== Meta-Learning
== Meta Augmentation Learning

One -shot Learning by Data Augmentation




Multl -level Semantic Feature
Augmentation for One  -shot Learning

ZitianChen, Yanwei FYjndaZhang, Y&sang JiangKiangyanguge and Leonidsigal
IEEE Transaction on Image Procesditig)2019




=¥ Motivation

A A straight forward way to tackle orghot learning is data augmentation
A We want to utilize semantic space
A Related concepts in the semantic space help to learn

Image Feature Space Help? Semantic Feature Space

A

Killer whale

Mountain goat Sealion
Hartebeest Whale

Antelopes Orca
Pronghorn

Muskrat

Beaver Badger
Woodchuck




=¥ Method

Image Feature Space Semantic Feature Space
Killer whale
Mountain goat Sealion
Hartebeest Whale
Antelopes Orca
S Pronghorn )
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| my'mm)> Beaver Badger
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Single -level

A But we want to utilize different level visual concepts.

ResNet-18
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¥ Multi -level

A Use HigHevel feature and lowevel feature help to encode
A Decode semantic feature to different level feature diversify the augmented features

I 64*56*56

ResNet-18 128*28*28 —— maxpool,conv

S

P I 256*14*14 — conv
A Augmented
£ . 512%7*7 == fully-connected / features
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Image Deformation Meta-Networks for
One-Shot Learning

Zitian Chen, Yanwel Fu, Yu-Xiong Wang,
Lin Ma, Wel Liu, Martial Hebert

‘ Y Carnegie O
i Mell()ng
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rosorcs University Tencent Al Lab




¥ The Basic Idea of Jigsaw Augmentation Method

Label:A |3 bI:A

., 0 A

¥ 5\2 o ‘!;

i Al
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.-~ .. ’J\\\ .‘

Probe Image Gallery Image Synthesized Image

Image Block Augmentation for Oi&hot LearningZitianChen, Yanwei FiaiyuChen, Y«sang Jiang. AAAI 2019




Visual contents from other images may be helpful to
synthesize new images

33
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Partially occluded
Human can learn novel visual concepts even when
Images undergo various deformations
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Approach
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Motivation
1.Visual contents from other images may be helpful to
synthesize new images.
2.Human can learn novel visual concepts even when imag
undergo various deformations.

Approach
We design a deformation suietwork that learns to deform
Images by fusing a pair of imagesa probe image that keeps
the visual content and a gallery image that diversifies the de
formations.
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/ <- = Backward pass
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Meta-Reinforced Synthetic Data for One-Shot
Fine-Grained Visual Recognition

Satoshi Tsutsui Yanwei Fu* David Crandall
Indiana University, Fudan University, Indiana University,
USA China USA

stsutsui@indiana.edu yanweifu@fudan.edu.cn djcran@indiana.edu




Hawk Falcon

source: https://birdeden.com/distinguishingetweenhawksfalcons



..J Fine-grained Visual Recognition

AMuch harder than normal classification.

A Difficult to collect data.
Al ' yQU dzaS ONRPGR&AZAZNODAYID
ANeed expert annotator.

A Demandone-shot learning.



=¥ Can we generate more data?

A How about state -of-the -art GANs?

A Challenge: GAN training itself need a lot of data.




&4 Our Idea: Fine -tune GANSs trained on ImageNet.

One Million General Images

IMAGENE ~[BigGAN

Transfer generative knowledge I
from one million general images :
to a domain specific image. \V4

A Specific Image




¥ Fine-tune BigGAN with a single image

Original Generated




...J Technical Point : Fine-tune Batch Norm Only

X r — E(x) X
— h =
) v/ Var(z) + € th
Original FineTune All FineTune BatchNorm

A v

5




&4 Our idea: Met a-Augmentation  Learning

Learnngto reinforce with the originalmage

Use metalearning to learn the best mixing strategy to
help oneshot classifiers.



=¥ Examples

Original Generated Fused Weight
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Our method has consistent improvement.

Table 2: 5-way-1-shot accuracy (%) on CUB/NAB dataset with ImageNet pre-trained ResNet18

Method Data Augmentaiton CUB Acc. NAB Acc.

Nearest Neighbor : 79.00 £0.62  80.58 = 0.59
Logistic Regression - 81.17 £ 0.60  82.70 £ 0.57
Softmax Regression - 80.77 £0.60  82.38 £ 0.57
ProtoNet - 81.73 £0.63  87.91 £ 0.52
ProtoNet FinetuneGAN 79.40 £0.69  85.40 £ 0.59
ProtoNet Flip 82.66 + 0.61 88.99 = 0.50
ProtoNet Gaussian 81.75 £ 0.63  87.90 £ 0.52
MetalRNet (Ours) FinetuneGAN 84.13 £+ 0.58 89.19 £ 0.51
MetalRNet (Ours) FinetuneGAN, Flip 84.80+0.56 89.57 +0.49




Embodied OneShot Video Recognition:

Learning from Actions of a Virtual Embodied Agent

Yugian Fu, Chengrong Wanganwei Fy Yu-Xiong Wang,
Cong Bal, Xiangyang Xue, Y(eang Jiang

ACMMultimedia2019

‘ W\ Carnegie
THjMellong
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One-Shot Learning Setting Revisited

- Quite similar video clips may appear in both source and target classes.

Ashooti ng So@&c BbaEMap

Arunni ndagetDomain

P1D-09




Embodied OneShot Video Recognition



Learning from Actions of a Virtual Embodied Agent

- Learning from actions of virtual embodied agents to address the limitations.

Virtual Environment Virtual Action Videos
https://www.unrealengine.com/marketplacelé®/store P1D-09




UnrealAction Dataset

- 14 action classes.
- each class has 100 virtual videos and 10 real videos.

H
“ r~ aar, "“ﬁr-
Real Target Data Virtual Source Data

http://www.sdspeople.fudan.edu.cn/fuyanwei/dataset/Unreal Action/ P1D-09



http://www.sdspeople.fudan.edu.cn/fuyanwei/dataset/UnrealAction/

Embodied OneShot Video Recognition
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Video Segment Augmentation Method

- Subliminal advertisingexperiments.
- Augmenting videos by replacing short segments.

Action Label : c Action Label : c

~ L N

Probe Video Gallery Video Segment Augmented Video

P1D-09




Method



