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Using Computer
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| BEBMAFLE)

1. Appears(h, f) A IsStopped(v, f) A IsNear(h,v, f) = GetsOut(h,v, f)
). Disappears(h, f) A IsStopped(v. f) A IsNear(h,v, f) = GetsIn(h,v, )
3. GetsIn(h,vl, f) & -GetsIn(h,v2, f)
4. GetsOut(h,vl, f) & ~GetsOut(h,v2, f)
Table 3. Inference results on VIRAT dataset
Event Precision Recall F-score
Getsln 31.58% 85.71% 46,15%
GetsOut 30.00% 75.00% 42.86%
\Qi.;.iZ:IANG . “ . . R § p% QEJP?ANG . “ R . . § p%
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[| ® The Classical Autoencoder

e mapping visible input x to hidden representation y
y=f(x)=s5(Wx+b)

e mapping hidden representation y back to input space
z=g(»)=sWy+b)

O O O O Reconstruction Error
- RZE B/
aly) min L(x z)

[O O O]z AR

Ky

f(x)

(000
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L H4mE3% (denoising autoencoder)
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[] ® Comparison between Classical Autoencoder and
Denoising Autoencoder

e Four examples with

different corruption rate

e (Classical Autoencoder:
the bases seem to be
influenced by some
spatial noise
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e Denoising Autoencoder: EHEER, 2%
B = |H.
smoother and clearer o . P A=
+You Q H Z, Zhang Y-J. “A New Training Principle for Stacked Denoising Autoencoders”. Jt 7%% J\!F;?ﬁ 9% /%
- P ings of the 7th ional C on Image and Graphics, pp.384-389, 2013. —
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HEBEEMZ (Deep Belief Networks)
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Zheng Y, Zhang Y-J, Larochelle H. “Topic Modeling of
Multimodal Data: An  Autoregressive  Approach”.
Proceedings of Computer Vision and Pattern Recognition,
1370-1377,2014

Zheng Y, Zhang Y-J, Larochelle H. “A Deep and
Autoregressive Approach for Topic Modeling of Multimodal
Data”. IEEE Transactions on Pattern Analysis and Machine

— Intelligence, 38(6): 1056-1069, 2016

20161216 47

© Y.J.ZHANG.

T BRI STRRE

[| REEMZ T BAn AT AR5
B 5 K R 73 SR AR
(i FIET W 5 1 BA A 58 (NADE) f9
B PERRE B B3 040 B (SupDocNADE)
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NADE (Neural Autoregressive Distribution Estimator)
DocNADE
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SupDeepDocNADE
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SupDocNADE
A single hidden layer
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SupDeepDocNADE

Deep extension of SDNADE
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e I *Annotation L
20161216 49 2m|6 51;
@:Jr.ZrHANG, gK 2 @l,lr.ZrIIANG, g/%
negeas N ) — ~ ] ) R N » — N : H
©owmmsasmmws B |0 merasssnm @

| Flicker 74 Q2.5757KE%,38K) LHER

Model | MAP
TF-IDF 0.384 £ 0.004
Multiple Kernel Learning SVMs [6] 0.623
TagProp [31] 0.640
Multimodal DBM [13] 0.651 £ 0.005
MDRNN [15] 0.686 £ 0.003
SupDeepDocNADE (1 hidden layer, 625 epochs pretraining) 0.654 + 0.004
SupDeepDocNADE (2 hidden layers, 625 epochs pretraining) 0.671 £ 0.006
SupDeepDocNADE (3 hidden layers, 625 epochs pretraining) 0.670 £ 0.005
SupDeepDocNADE (2 hidden layers, 2325 epochs pretraining) | 0.682 £ 0.005

SupDeepDocNADE (3 hidden layers, 2325 epochs pretraining) | 0.686 + 0.005

SupDeepDocNADE (2 hidden layers, 4125 epochs pretraining) | 0.684 = 0.005
| |SupDeepDocNADE (3 hidden layers, 4125 epochs pretraining) | 0.691 £ 0.005
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