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In lecture D2L6 RNN:s...

Decoder
Language OUT «

Language IN »

Cho, Kyunghyun, Bart Van Merriénboer, Caglar Gulcehre, Dzmitry Bahdanau, Fethi Bougares, Holger
Schwenk, and Yoshua Bengio. "Learning phrase representations using RNN encoder-decoder for
statistical machine translation." arXiv preprint arXiv:1406.1078 (2014).

Encoder



http://arxiv.org/abs/1406.1078
http://arxiv.org/abs/1406.1078
http://arxiv.org/abs/1406.1078
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https://www.facebook.com/schrep/posts/10154344639519443

Much earlier than lecture D2L6 RNN:s...

Next state (V units) Output (M units) Advin OutLen

Asynchronous translations with
recurrent neural nets

Ramén P. Neco, Mikel L. Forcada
Departament de Llenguatges i Sistemes Informatics,
Universitat d’ Alacant, E-03071 Alacant, Spain.

E-mail: {ne co,mlf } @dlsi.ua.es Previous state (N units) Input (K units)

Neco, R.P. and Forcada, M.L., 1997, June. Asynchronous translations with recurrent neural nets. In
Neural Networks, 1997., International Conference on (Vol. 4, pp. 2535-2540). IEEE. 5



http://www.cs.brandeis.edu/~gregws/cs113/asynchronous-translations-with-recurrent.pdf

Encoder-Decoder

For clarity, let’s study a Neural Machine Translation (NMT) case:

La croissance économique a ralenti ces dernieres années .

\ Decode

iz, .2 2,1 Representation or
— Embedding
Encode

Economic growth has slowed down in recent years .

Kyunghyun Cho, “Introduction to Neural Machine Translation with GPUs” (2015)



https://devblogs.nvidia.com/parallelforall/introduction-neural-machine-translation-gpus-part-2/

One-hot encoding: Binary representation of the words in a
vocabulary, where the only combinations with a single hot (1)
bit and all other cold (0) bits are allowed.

Word Binary One-hot encoding
Zero 00 0000

one 01 0010

two 10 0100

three 11 1000



Natural language words can also be one-hot encoded on a
vector of dimensionality equal to the size of the dictionary (K).

Word One-hot encoding
economic 000010...
growth 001000...
has 100000...

slowed 000001...



Encoder: One-hot encoding

One-hot is a very simple representation: every word is
equidistant from every other word.

] m M H
L H H M

e = (Economic, growth, has, slowed, down, in, recent, years, .)

I -of-K coding

Kyunghyun Cho, “Introduction to Neural Machine Translation with GPUs” (2015)



https://devblogs.nvidia.com/parallelforall/introduction-neural-machine-translation-gpus-part-2/

Encoder: Projection to continious space

The one-hot is linearly projected to a space of lower dimension
(typically 100-500) with matrix E for learned weights.

A

K

Kyunghyun Cho, “Introduction to Neural Machine Translation with GPUs” (2015)
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https://devblogs.nvidia.com/parallelforall/introduction-neural-machine-translation-gpus-part-2/

Encoder: Projection to continious space

Projection matrix E corresponds to a fully connected layer, so
its parameters will be learned with a training process.

A

A

A

A

A

Kyunghyun Cho, “Introduction to Neural Machine Translation with GPUs” (2015)

11


https://devblogs.nvidia.com/parallelforall/introduction-neural-machine-translation-gpus-part-2/

Encoder: Projection to continious space

Sequence Of ..... I. ................. I ........... .I ...........
continious-space
word representations

Continuous-space
Word Representation

1-0f-K coding
hi

Sequence of words €~ (Economic, growth, has, slowed, down, in, recent, years, .)

Kyunghyun Cho, “Introduction to Neural Machine Translation with GPUs” (2015)



https://devblogs.nvidia.com/parallelforall/introduction-neural-machine-translation-gpus-part-2/

Encoder: Recurrence

Sequence

Figure: Cristopher Olah, “Understanding LSTM Networks” (2015)

13


http://colah.github.io/posts/2015-08-Understanding-LSTMs/

Encoder: Recurrence

Recurrent

State

Word Representation

Confinuous-space

1-0f-K coding

e = (Economic, growth, has, slowed, down, in, recent, years, .)

Kyunghyun Cho, “Introduction to Neural Machine Translation with GPUs” (2015)

14


https://devblogs.nvidia.com/parallelforall/introduction-neural-machine-translation-gpus-part-2/

Encoder: Recurrence
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Encoder: Recurrence

Front View Side View

La croissance économique a ralenti ces derniéres années .

Decode

1 Representation

C
ing Wi

90°

Rotation | = 1. T J;_ ................... y W e W o

1-0f-K coding
(T

Economic growth has slowed down in recent years .

e = (Economic, growth, has, slowed, down, in, recent, years,

Representation or
embedding of the sentence 16




Sentence Embedding

Clusters by meaning appear on 2-dimensional PCA of LSTM
hidden states

15+
af " O | was given a card by her in the garden
3r OMary admires John 10 O In the garden , she gave me a card
O She gave me a card in the garden
2r OMary is in love with John
5 -
1
of 0r
OMary respects John
1k OJohn admires Mary
-5r O She was given a card by me in the garden
-2F OdJohn is in love with Mary
O In the garden , | gave her a card
-3 -10
4t
_s  OdJohn respects Mary -181 O | gave her a card in the garden
_6 L 1 1 1 ' 't 1 1 J _20 1 1 1 L L 1 J
-8 -6 -4 -2 0 2 4 6 8 10 -15 -10 -5 0 5 10 15 20

Sutskever, llya, Oriol Vinyals, and Quoc V. Le. "Sequence to sequence learning with neural networks." NIPS 2014 17



http://papers.nips.cc/paper/5346-information-based-learning-by-agents-in-unbounded-state-spaces

(Word Embeddings)

Country and Capital Vectors Projected by PCA
2 T T T T

" Chinas
*Beijing
1.5 - Russia< 7]
Japan<
1L *Moscow |
Tu rkey< *Ankara ieryD
05 | -
Poland«
0r Germany i
France' AWarsaw
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Greece« > ~Athens
4 | Spainx Rome |
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Mikolov, Tomas, llya Sutskever, Kai Chen, Greg S. Corrado, and Jeff Dean._"Distributed representations of words and

phrases and their compositionality." In Advances in neural information processing systems, pp. 3111-3119. 2013.



http://papers.nips.cc/paper/5021-distributed-representations
http://papers.nips.cc/paper/5021-distributed-representations
http://papers.nips.cc/paper/5021-distributed-representations

Decoder

RNN’s internal state Z depends on: sentence embedding ht,
previous word u. , and previous internal state z. ..

Jf= (La, croissance, économique, s'est, ralentie, ces, dernieres, années, .)

Word Ssample

rd Probability

Kyunghyun Cho, “Introduction to Neural Machine Translation with GPUs” (2015) 19



https://devblogs.nvidia.com/parallelforall/introduction-neural-machine-translation-gpus-part-2/

Decoder

With z ready, we can score each word K in the vocabulary with
a dot product...

f= (La, croissance, économique, s'est, ralentie, ces, dernieres, annees, .)
__ el B n
e(k) = w, z; + by, O .\
| | £ -
Neuron RNN z y
weights for internal E .z ¥\
word k state <5

Kyunghyun Cho, “Introduction to Neural Machine Translation with GPUs” (2015) 20



https://devblogs.nvidia.com/parallelforall/introduction-neural-machine-translation-gpus-part-2/

Decoder
...and finally normalize to word probabilities with a softmax.

Score for word k

e(k) = wy z; + by,

Probability that the ith word is word k

exp(e(k))
5, exp(e(d)

p(’LU1 — k\wl,wgﬁ. e Wi, hT) —

\ Y } \_Y_)

Previous words Hidden state

Bridle, John S. "Training Stochastic Model Recognition Algorithms as Networks can Lead to Maximum

Mutual Information Estimation of Parameters." NIPS 1989

21


http://papers.nips.cc/paper/195-training-stochastic-model-recognition-algorithms-as-networks-can-lead-to-maximum-mutual-information-estimation-of-parameters
http://papers.nips.cc/paper/195-training-stochastic-model-recognition-algorithms-as-networks-can-lead-to-maximum-mutual-information-estimation-of-parameters
http://papers.nips.cc/paper/195-training-stochastic-model-recognition-algorithms-as-networks-can-lead-to-maximum-mutual-information-estimation-of-parameters

Decoder

More words for the decoded sentence are generated until a
<EOS> (End Of Sentence) “word” is predicted.

Jf= (La, croissance, économique, s'est, ralentie, ces, dernieres, annees, .)

3)

F

Word Ssample

Word Probability

e = (Economic, growth, has, slowed, down, in, recent, years, .)

Kyunghyun Cho, “Introduction to Neural Machine Translation with GPUs” (2015)

22


https://devblogs.nvidia.com/parallelforall/introduction-neural-machine-translation-gpus-part-2/

Encoder-Decoder

f=(La, croissance, économique, s'est, ralentie, ces, derniéres, annees, .)
k¥

o

g

a .

8

AR B AR A

W ”"cl.l]
ST -
ST 1]
/
> T T 1110

g
(O—O11T11-
g
> T T
/

Continnous-space

=

]

g

E

g g

g 3

=]

o

g

E
o
5
5
o
&
=4
=
=
=]
o2
o
=]

1-

"

e = (Economic, growth, has, slowed, down, in, recent, years, .)

Kyunghyun Cho, “Introduction to Neural Machine Translation with GPUs” (2015)
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https://devblogs.nvidia.com/parallelforall/introduction-neural-machine-translation-gpus-part-2/

Encoder-Decoder: Training
Dataset of pairs of sentences in the two languages to translate.

Source

Translation Model

at the end of the

[a la fin de la] [f la fin des anné€es] [étre sup-
primés a la fin de la]

for the first ime

[r (© pour la premirére fois] [été donnés pour
la premiere fois] [été commémorée pour la
premiere fois]

in the United States
and

[? aux ?tats-Ums et] [été ouvertes aux Etats-
Unis et] [été constatées aux Etats-Unis et]

, as well as

[?s,qu’] [?s, ainsi que] [?re aussi bien que]

one of the most

[?t 71" un des plus] [?]’ un des plus] [Etre retenue
comme un de ses plus]

Cho, Kyunghyun, Bart Van Merriénboer, Caglar Gulcehre, Dzmitry Bahdanau, Fethi Bougares, Holger
Schwenk, and Yoshua Bengio. "Learning phrase representations using RNN encoder-decoder for

statistical machine translation." AMNLP 2014.

24


http://arxiv.org/abs/1406.1078
http://arxiv.org/abs/1406.1078
http://arxiv.org/abs/1406.1078

Encoder-Decoder: Seq2Seq

<<<<<

_>§

X— <
4
<—3 |—>s N
— >

Sutskever, llya, Oriol Vinyals, and Quoc V. Le. "Sequence to sequence learning with neural networks."
NIPS 2014. 25



http://papers.nips.cc/paper/5346-information-based-learning-by-agents-in-unbounded-state-spaces

Encoder-Decoder: Beyond text

La croissance économique a ralenti ces dernieres années .

Decode /
(2,.,22, ... ,24]
Encode
ECONOMIC GROWTH
IN PERCENTAGE

Yoo ' FY10 ' FY11 ' FY12 ' FY13 ' FY14* "FY14*>
* BB'S 1ST PROJECTION; ** BB'S 2MND PROIECTION

26



Captioning: DeeplmageSent

man in black shirt is playing guitar. construction worker in orange safety two young girls are playing with lego
vest is working on road. toy.

(Slides by Marc Bolanos): Karpathy, Andrej, and Li Fei-Fei. "Deep visual-semantic alignments for generating
image descriptions." CVPR 2015 27


https://docs.google.com/presentation/d/1iQjxV6-u1JtrY2V11qs5TyVz7LX65fcnYHp2pwZqm94/edit?usp=sharing
http://cs.stanford.edu/people/karpathy/deepimagesent/
http://cs.stanford.edu/people/karpathy/deepimagesent/
http://cs.stanford.edu/people/karpathy/deepimagesent/

Captioning: DeeplmageSent

“straw” “hat” END
only takes into account

image features in the first Yt

hidden state W
Whh, oh
hi

bv = Whi[CNNgc (I)} Whi W
hx
ht = f(Whazt + Whnhe—1 + bp H1(t =1) © by) .
t

y; = softmaz(Wophs + b,).
START “Straw” “hat"

Multimodal Recurrent
Neural Network

(Slides by Marc Bolanos): Karpathy, Andrej, and Li Fei-Fei. "Deep visual-semantic alignments for
generating image descriptions." CVPR 2015


https://docs.google.com/presentation/d/1iQjxV6-u1JtrY2V11qs5TyVz7LX65fcnYHp2pwZqm94/edit?usp=sharing
http://cs.stanford.edu/people/karpathy/deepimagesent/
http://cs.stanford.edu/people/karpathy/deepimagesent/
http://cs.stanford.edu/people/karpathy/deepimagesent/

Captioning: Show & Tell

Show and Tell:
A Neural Image Caption Generatui

Oriol Vinyals, Alexander Toshev, Samy Bengio, Dui ‘Gl Erhan
Google

Vinyals, Oriol, Alexander Toshev, Samy Bengio, and Dumitru Erhan. "Show and tell: A neural image caption
generator." CVPR 2015. 29



http://www.cv-foundation.org/openaccess/content_cvpr_2015/html/Vinyals_Show_and_Tell_2015_CVPR_paper.html
http://www.cv-foundation.org/openaccess/content_cvpr_2015/html/Vinyals_Show_and_Tell_2015_CVPR_paper.html
http://www.cv-foundation.org/openaccess/content_cvpr_2015/html/Vinyals_Show_and_Tell_2015_CVPR_paper.html
http://techtalks.tv/talks/show-and-tell-a-neural-image-caption-generator/61592/

Captioning: Show & Tell

v

Vision Language A grou_p of people
Deep CNN Generating shopping at an
RNN outdoor market.

e > S ->

B 9 There are many
| vegetables at the
fruit stand.

Vinyals, Oriol, Alexander Toshev, Samy Bengio, and Dumitru Erhan. "Show and tell: A neural image caption
generator." CVPR 2015. 30


http://www.cv-foundation.org/openaccess/content_cvpr_2015/html/Vinyals_Show_and_Tell_2015_CVPR_paper.html
http://www.cv-foundation.org/openaccess/content_cvpr_2015/html/Vinyals_Show_and_Tell_2015_CVPR_paper.html
http://www.cv-foundation.org/openaccess/content_cvpr_2015/html/Vinyals_Show_and_Tell_2015_CVPR_paper.html

Captioning: LSTM for image & video

Image Description Video Description

Input: v 2 ot
Image ! Vigeé A LA
r T e. TRy T . &

LSTM LSTM
Qutput: Output:

Sentence Sentence

\EH large H building ” with |E| EH man || juiced ” the || orange |

|c!ock || on ||the || front Hof Hit ‘

Jeffrey Donahue, Lisa Anne Hendricks, Sergio Guadarrama, Marcus Rohrbach, Subhashini Venugopalan, Kate Saenko,
Trevor Darrel. Long-term Recurrent Convolutional Networks for Visual Recognition and Description, CVPR 2015. code


http://jeffdonahue.com/lrcn/
http://jeffdonahue.com/lrcn/
https://github.com/BVLC/caffe/pull/2033

Captioning (+ Detection): DenseCap

Image: Region features:
IxWxH Conv fealures:  BxCxXxY  Region Codes:
CxWaxH _I BxD
- .
CNN : ‘ : |LsTM
L]
Recognilicn
_.__.-—""_‘_“-'_""""'"H'H-T s waaiching TV
_----"" Localization Layer TR
r Fegion Proposas: ﬂmmﬂ-ﬁ\.

AkxW x H MW E:.‘l{.!.‘fui j
% —*—*Ef‘;;.qﬂ - o, THE

CaWwxH BuB8iZu¥xT

Johnson, Justin, Andrej Karpathy, and Li Fei-Fei. "Densecap: Fully convolutional localization networks for
dense captioning." CVPR 2016

é* ]
Region soorns =
Conv leatunes: _ AT | Biliear Samipor _F/.' Region faaturas:

32


http://cs.stanford.edu/people/karpathy/densecap/
http://cs.stanford.edu/people/karpathy/densecap/
http://cs.stanford.edu/people/karpathy/densecap/

Captioning (+ Detection): DenseCap

a plate of food. food on a plate. a blue cup on a
table. a plate of food. a blue bowl with red sauce.
a bowl of soup a cup of coffee. a bowl of
chocolate. a glass of water. a plate of food. a silver
“ container.

a table with food on it.
a slice of meat. yellow and white cheese.

Johnson, Justin, Andrej Karpathy, and Li Fei-Fei. "Densecap: Fully convolutional localization networks for
dense captioning." CVPR 2016 33



http://cs.stanford.edu/people/karpathy/densecap/
http://cs.stanford.edu/people/karpathy/densecap/
http://cs.stanford.edu/people/karpathy/densecap/

Captioning (+ Detectlon) DenseCap

. 1 __.L,—.-_ XAVI: “man has

. R - [ oo | oo | | short hair’, “man
n T e
= ' s = | | :

T iy 5!!0(--.

DenseCap Live Demo

. AMAIA:”a woman
s Al . | v \;vri?trmg a black
-“1"[ | P o ' | . ’
[ e ' R 'f .. BOTH: “two men
: \ - - wearing black
glasses”

Johnson, Justin, Andrej Karpathy, and Li Fei-Fei. "Densecap: Fully convolutional localization networks for
dense captioning." CVPR 2016

34


http://cs.stanford.edu/people/karpathy/densecap/
http://cs.stanford.edu/people/karpathy/densecap/
http://cs.stanford.edu/people/karpathy/densecap/

Captioning (+ Retrieval): DenseCap

head of a giraffe legs of a zebra red and white sign white tennis shoes hands holding a phone  front wheel of a bus

Johnson, Justin, Andrej Karpathy, and Li Fei-Fei. "Densecap: Fully convolutional localization networks for
dense captioning." CVPR 2016 35



http://cs.stanford.edu/people/karpathy/densecap/
http://cs.stanford.edu/people/karpathy/densecap/
http://cs.stanford.edu/people/karpathy/densecap/

Captioning: HRNE

hidden state

LSTM unit
(2nd layer) Y — att=T
~
[fﬂ.fﬂfﬂf—df—nr—ﬂf—d }/ —
T e e
lc C C i C c c & \: C ¢ ¢ C C C C
\& =
/ (a) Stacked LSTM video encoder \ (b) Hierarchical Recurrent Neural Encoder
I
mage first chunk
of data
t=1 Time t=T

( Slides by Marc Bolanos) Pingbo Pan, Zhongwen Xu, Yi Yang,Fei Wu,Yueting Zhuang Hierarchical

Recurrent Neural Encoder for Video Representation with Application to Captioning, CVPR 2016.



https://docs.google.com/presentation/d/1wUub78e693NQ8n7bOKYitnvG1mjZy5M41jYwa_0qkVo/edit?usp=sharing
http://arxiv.org/pdf/1511.03476v1.pdf
http://arxiv.org/pdf/1511.03476v1.pdf
http://arxiv.org/pdf/1511.03476v1.pdf

Visual Question Answering

“YeS”
\\\\\\\JDecodi///////
2, 2, - 2] >y, ¥, - Yy

Encode
Encode

ECONOMIC GROWTH
IN PERCENTAGE

“Is economic growth decreasing ?”

FYo9 © FY10 ' FY11 F¥12 ' FY13 ' FY14* 'FY14**
* BB'S 1ST PROJECTION; ** BB'S 2MND PROJECTION 37



Visual Question Answering

Question |

What object is flying? I

Slide credit: Issey Masuda

Extract visual
features

Merge

Predict answer

Embedding

Kite

38



Visual Question Answering

Classification Network G w r;' . \
\ S—L
. J b - e

L e I | P L

______________________________________________________________________________________________________

Parameter Prediction Network

GRU + GRU ~ GRU ~ GRU ~ GRU  GRU

F 3

What is in the cabinet ?

L1AUIqed Syl Ul SLIBYM O

.......................................................................................................

Dynamic Parameter Prediction Network (DPPnet)

Noh, H., Seo, P. H., & Han, B. Image question answering using convolutional neural network with dynamic parameter
prediction. CVPR 2016

39


http://www.cv-foundation.org/openaccess/content_cvpr_2016/html/Noh_Image_Question_Answering_CVPR_2016_paper.html
http://www.cv-foundation.org/openaccess/content_cvpr_2016/html/Noh_Image_Question_Answering_CVPR_2016_paper.html
http://www.cv-foundation.org/openaccess/content_cvpr_2016/html/Noh_Image_Question_Answering_CVPR_2016_paper.html

O Episodic Memory

O Episodic Memory

Visual Question Answering: Dynamic

John moved to the kitchen.
Sandra got the milk there.
John dropped the apple.

John moved to the office.

(a) Text Question-Answering

[ Answer ] [ Answer |
Attention Memory | ™| Kitchen Attention Memory Palm
Mechanism Update Mechanism Update
* e InputModule | o
John moved to the garden. Where is the What kind of
apple? tree is in the
John got the apple there. background?

(b) Visual Question-Answering

(Slides and Slidecast by Santi Pascual): Xiong, Caiming, Stephen Merity, and Richard Socher. "Dynamic Memory Networks
for Visual and Textual Question Answering." arXiv preprint arXiv:1603.01417 (2016).


http://www.slideshare.net/xavigiro/dynamic-memory-networks-for-visual-and-textual-question-answering
https://youtu.be/DjPQRLMMAbw
http://arxiv.org/abs/1603.01417
http://arxiv.org/abs/1603.01417
http://arxiv.org/abs/1603.01417

Visual Question Answering: Dynamic

Main idea: split image into local regions.
Consider each region equivalent to a
sentence.

Local Region Feature Extraction: CNN (VGG-
19):

(1) Rescale input to 448x448.

(2) Take output from last pooling layer =
D=512x14x14 = 196 512-d local region vectors.

Visual feature embedding: W matrix to project

113 2»”

image features to “q”-textual space.

Visual Input Module

Input

Feature
embedding

Visual feature
extraction

Figure 3. VQA input module to represent images for the DMN.

(Slides and Slidecast by Santi Pascual): Xiong, Caiming, Stephen Merity, and Richard Socher. "Dynamic Memory Networks

for Visual and Textual Question Answering." ICML 2016.
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http://www.slideshare.net/xavigiro/dynamic-memory-networks-for-visual-and-textual-question-answering
https://youtu.be/DjPQRLMMAbw
http://arxiv.org/abs/1603.01417
http://arxiv.org/abs/1603.01417
http://arxiv.org/abs/1603.01417

Visual Question Answering: Grounded

Where

does this Why is there
scene take foam?

place? A) Because of a wave. v/

B) Because of a boat.
C) Because of a fire.
D) Because of a leak.

A) In the sea. v/
B) In the desert.
C) In the forest.

D) On a lawn.

What is

the dog _

doing? What is the dog
A) Surfing. v standing on?

B) Sleeping. A) On a surfboard. v
C) Running. B) On a table.

D) Eating. C) On a garage.

D) On a ball.

(Slides and Screencast by Issey Masuda): Zhu, Yuke, Oliver Groth, Michael Bernstein, and Li Fei-Fei."Visual7W: Grounded

Question Answering in Images." CVPR 2016.
42


http://www.slideshare.net/xavigiro/visual7w-grounded-question-answering-in-images
https://youtu.be/y4lM6_qfR1Q
http://web.stanford.edu/~yukez/visual7w/index.html
http://web.stanford.edu/~yukez/visual7w/index.html
http://web.stanford.edu/~yukez/visual7w/index.html

Datasets: Visual Genome

Krishna, Ranjay, Yuke Zhu, Oliver Groth, Justin Johnson, Kenji Hata, Joshua Kravitz, Stephanie Chen

et al. "Visual genome: Connecting language and vision using crowdsourced dense image annotations."

arXiv preprint arXiv:1602.07332 (2016).

43


http://visualgenome.org/

Datasets: Microsoft SIND

Example Generated Story

The dog was ready to go. He had a great time onthe And was very happy to be in the His mom was so proud of [t was a beautiful day for
hike. field. him. him.

Photos by kameraschwein / CC BY-NC-ND 2.0

Microsoft SIND

44


http://www.sind.ai/
http://www.sind.ai/

Challenge: Microsoft Coco

Common Objects in Context

The man at bat readies to swing at the
pitch while the umpire looks on.

Captioning

A large bus sitting next to a very tall
building.

45


http://mscoco.org/dataset/#captions-challenge2015
http://mscoco.org/dataset/#captions-challenge2015

Challenge: Storytelling

Storytelling with

“wmy_ImMages & Video

Storytelling

46


http://vision-storytelling.org/
http://vision-storytelling.org/

Challenge: Movie Description

.

LSMIDC 2016

Movie Description, Retrieval and Fill-in-the-blank

47


https://sites.google.com/site/describingmovies/lsmdc-2016
https://sites.google.com/site/describingmovies/lsmdc-2016

Challenges: Movie Question Answering

The Lord of the Rings: The Return of the

King

Who sees Denethor trying to kill himself and

Faramir on a bonfire?

Gandalf!
- Gandalf!

Pippin
Aragorn
Gandalf
Eowyn

Sam

Movie

Question

Story

Denethor has lost his mind!

He’s burning Faramir alive!

Correct answer
Wrong answer 1
Wrong answer 2
Wrong answer 3

Wrong answer 4

Movie Question Answering

E.T. the Extra-Terrestrial

Do aliens leave one of their own on Earth on
purpose?

No, they leave it accidentally
Yes, they leave it on purpose
No, it falls off the spaceship
Yes, they leave it as a spy

They don't leave any of their kind on Earth
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http://movieqa.cs.toronto.edu/home/
http://movieqa.cs.toronto.edu/home/

Challenges: Visual Question Answering

V@ Visual Question Answering

What is the mustache
made of?

Visual Question Answering

Al System

{ bananas
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http://visualqa.org/
http://visualqa.org/

Challenges: Visual Question Answering

)@ UNIVERSITAT POLITECNICA DE CATALUNYA
53,62%

© Sl e
E:’A/ Image Processing Group
0% 100%
29,88% 37,47% 42,85% 54,06%  66,47% 83,30%
Baseline All yes / \
Baseline Prior per Humans
question type Baseline UC Berkel
Baseline Nearest LSTM&CNN ereeley
: & Sony
neighbor
|. Masuda-Mora, “Open-Ended Visual Question-Answering”. Submitted as BSc ETSETB thesis. 50

[clean code in Keras, perfect for beginners !]


https://imatge.upc.edu/web/biblio?f[author]=1090
https://imatge.upc.edu/web/publications/open-ended-visual-question-answering
https://imatge.upc.edu/web/publications/open-ended-visual-question-answering
https://imatge.upc.edu/web/publications/open-ended-visual-question-answering
http://imatge-upc.github.io/vqa-2016-cvprw/
http://imatge-upc.github.io/vqa-2016-cvprw/

e Embedding language and vision into semantic embeddings

allows fusion learning.

e Very high interest among researchers. Great topic for your
thesis.

e Will vision and language (and multimedia) communities be

merged with (absorbed by) the machine learning one ?

51



Conclusions

New Turing test? How to evaluate Al's image
understanding?

Slide credit: Issey Masuda
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Thanks ! Q&A ?
Follow me at
.,:B /ProfessorXavi
< @DocXavi

UNIVERSITAT POLITECNICA DE CATALUNYA
BARCELONATECH

Department of Signal Theory

and Communications

Image Processing Group

https://imatge.upc.edu/web/people/xavier-giro
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https://imatge.upc.edu/web/people/xavier-giro
https://imatge.upc.edu/web/people/xavier-giro
https://twitter.com/DocXavi
https://twitter.com/DocXavi
https://www.facebook.com/ProfessorXavi/
https://www.facebook.com/ProfessorXavi/

