Introduction

Deep Feature Factorization For Concept Discovery
In The Euopean Conference on Computer Vision (ECCV), 2018.
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3.Deep Semi NMF, Deep Matrix Factorization, Deep NMF
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[PDF] A deep semi-nmf model for learning hidden representations
G Trigeorgis, K Bousmalis, 5 Fafeiriou... - ... Conference on Machine ..., 2014 - jmir.org
Semi-NMF is a matrix factorization technique that learns a low-dimensional representation of

a dataset that lends itself to a clustering interpretation. It is possible that the mapping
between this new representation and our original features contains rather complex ...

A deep matrix factorization method for learning attribute representations

G Trigeorgis, K Bousmalis, S Zafeiriou. .. - IEEE transactions on ..., 2016 - ieeexplore.ieses.org

... and the intermediate hidden reprasen- tations that are implied, allowing for a better higher-leve
feature representation H. In this work, we propose Deep Semi-NMF, a novel approach that is

able to factorize a matrix into multiple factors in an unsupervised fashion— see Fig ...
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Deep Semi NMF
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Method
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Result & Analysis

Experiment1
- Activation function: Sigmoid




Result & Analysis

Experiment 2

- Activation function: RelLu
- SigmoidOf| H| S B A7} strictStX| &




Result & Analysis

Experiment 3

- Activation function: Sigmoid
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Result & Analysis

Experiment 4
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Result & Analysis
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Result & Analysis
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Result & Analysis
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Result & Analysis

- Layers (5,4,3,2,1) Ol M (6,5,4) 2 HAE
- 2 XO[7F UX| T ==& HE O] segmentation 8= LI2X| XS,




Result & Analysis 2 \—1
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U2. V1 -~ U2(+), V1(+)

U2, sigmoid(V1) U2(+), sigmoid(V1(+))
Result: None Result: None

U2, sigmoid(V1) U2(+), sigmoid(V1(+))
Result: with sigmoid ] Result: with sigmoid




Result & Analysis

U2, Vi(+)

U2, sigmoid(V1(+)) U2(+), sigmoid(V1)
Result: None - Result: None

U2, sigmoid(V1(+)) /UZ(+), sigmoid(V1) \
Result: with sigmoid Result: with sigmoid
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Result & Analysis

U2(+), sigmoid(V1)
Result sigmoid mloU:0.6546522392084462

Baseline mloU:0.649336232593925

Baseline figure



| U2(+), sigmoid(V1)
Baseline Result sigmoid

mloU:0.5656613257346442 mloU:0.5764818387798333




Conclusion

Summarize
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XRI0| L 2 RO [H A AL (features)taﬁ =3 XtO| 71 AX| AU

- Baseline2| MF parti= NMF (Lee and Seung,1999) 2| multiplicative update algorithm= A&

O] Z=ME | M oot & 2 0| A| = non-linear activation functiof non-negative constrain
O = o5 oL RILY,
- Baseline ECt mloU Z1}7 27t S7H SR S.

== open source
- pytorch
- pre-trained model(vgg19) + NMF + heatmap visualization

mloU calculate (open source)
My code (tensorflow)

1layer NMF include activation function
Deep semi NMF or Deep NMF



