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I Introduction

Multi-Label Learning

relevant

Person, Sports Ball,

: Person, Tie Person, Ski
Tennis Racket

The goal is to

learn a classifier on training set that can predict all
the relevant labels for unseen instances.



I Introduction

If you have a multi-label learning task...
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Labeled Set Unseen Images

Does it work in case of few labeled data ?



I Introduction

An example of few-shot Learning o)
o -+ - =
- model
One shot Images of other animals

Methods

» Meta learning

» Data synthesis (main contribution)



I Introduction
A more challenging task...
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I Method

Notation
X and Y: input images
L(X).L(Y)C £ : corresponding label sets

Fxand Fy  : corresponding feature vectors

M;.: +amodel that can accept two images in some feature space and
produce a feature vector representing their common semantic

content.
Mint (Fx,Fy) = Zint € F.

M., :amodel that can implicitly remove concepts present in one
sample from another sample.

Afu 71



I Framework
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I Implementation: Classification Loss

g(x) = (1 xp(2)) !
Use the Binary Cross-Entropy (BCE) multi-label classification o(@) = (1 +exp(z))

loss to train the classifier C and the

BCE(s Zz logo(s;)+ (1 —1;)log(1 —o(s;))

The classifier C is trained by using the combination of the losses from
the source feature vectors

Closs = BCE(C(Fx),L(X))+ BCE(C(Fy),L(Y))

The LaSO networks are trained using the following loss by fixing the
classifier

LaSOy,ss =BCE(C(Zint), LIX)NL(Y))+
BCE(C(Zuni), (X)UL(Y))
BCE(C(Zsup), L(X)\ L(Y))



Framework
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I Implementation: Reconstruction Loss

The loss is used to enforce symmetry for the symmetric intersection
and union operations
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I Experiment

O MS-COCO

« Training and validation sets

« 64 'seen and 16 'unseen’ classes

* Training
@ Filter the training set leaving only images that did not
contain any of the 16 unseen class

@ Pre-train the feature extractor backbone separately as a
multi-label classifier on filtered sets.

®) Use the filtered set to train feature extractor backbone
and the LaSO models.



IExperimenT: Evaluating Performance of LaSO

Use a pre-trained classifier to test the LaSO networks.

64 seen classes 16 unseen classes

intersection 77 48
union 80 61
subtraction 43 14

original (non-manipulated)
feature vectors 75 79

Table 1. Evaluating feature vectors synthesized by the LaSO net-
works using the classification performance on the 64 seen and on
the 16 unseen MS-COCO categories. Classification is performed
w.r.t. the expected label set after each type of operation, and on
the original feature vectors for reference. All tests are performed
on the MS-COCO validation set, not used for training. Numbers
are in mAP %.



IExperimenT: Evaluating Performance of LaSO

Use retrieval tests to evaluate the synthesized feature vectors
directly without any classifier.

64 seen classes

16 unseen classes

top-1 top-3  top-5 top-1 top-3  top-3
intersection 0.7 0.79 082 047 0.71 0.78
union 0.61 0.71 074 044 0.64 0.71
subtraction 0.19  0.32 0.4 0.21 0.4 0.51
original (non-manipulated)
feature vectors 0.56  0.72 0.76 0.56  0.75 0.81

Table 2. Evaluating feature vectors synthesized by the LaSO networks using the retrieval performance on the 64 seen and on the 16 unseen
MS-COCO categories (Sec. 4.1.1). Retrieval quality is measured w.r.t. the expected label set after each type of operation. All tests are
performed on the MS-COCO validation set, not used for training. Numbers are mean Intersection over Union (mloU) between the label
sets of the retrieved samples and the expected label set, the mean is taken over the different queries. The top-k averages the maximum [oU
obtained among closest k retrieved samples. In order to assess the expected range of retrieval performance in feature space F, we also
provide a reference of the same quality measurement for retrieval using the the original non-manipulated feature vectors.



IExperimen’r: Evaluating Performance of LaSO
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I Experiment: Analytic approximations to set operations

Operator Expression 1| Expression 2
Union Fx + Fy max(Fx, Fy)
[ntersection Fx - Fy min(Fx, Fy)

Subtraction Fx — Fy ReLU(Fx — Fy)

dataset method  subtraction intersection union
o analytic 29.0 74.7 76.5
MS-COCO | med 43.0 77.0 80.0
} analytic 37.0 52.0 47.0
CelebA learned 69.0 48.0 75

Table 3. Ablation study: comparing the learned operators with
analytic alternatives. All numbers are in mAP %.



I Experiment: Multi-label few-shot classification

Baselines:

1. Training directly on the small labeled set
2. Using standard image augmentation while training on

the small labeled set

3. Using the mixUp augmentation technique

I-shot  5-shot

B1: no augmentation 39.2 49 .4
B2: basic aug. 39.2 52.7
B3: mixUP aug. 40.2 54.0
analytic intersection aug. 40.7 H5.4
analytic union aug. 44.5 H5.6
learned intersection aug. 40.5 57.2
learned union aug. 45.3 58.1

Table 4. Multi-label few-shot mAP (in %) on 16 unseen categories
from MS-COCO. The feature extractor and the LaSO networks are
trained on the remaining 64 MS-COCO categories. Average of 10
runs are reported, tested on the entire MS-COCO test set. MixUP
baseline uses the original code of [-(].

Random pairs of examples from the
small training set (1 or 5-shot x 16
classes) were used for label-set
manipulations.
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