Sequence Data and
Recurrent Neural Networks

Neural Networks Design And Application



Convolutional neural networks
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Fig. 1. Architecture of LeNet-5, a Convolutional Neural Network, here for digits recog-
nition. Each plane is a feature map, i.e. a set of units whose weights are constrained
to be identical.
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Some data may not be independent

A demo video of YOLOv3 from https://pjreddie.com/darknet/volo/



https://www.youtube.com/watch?v=MPU2HistivI&feature=youtu.be
https://pjreddie.com/darknet/yolo/
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nition. Each plane is a feature map, i.e. a set of units whose weights are constrained
to be identical.
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Limitations of FC nets and CNNs
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Recurrent networks
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this structure?
Output
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Recurrent networks

Only one output: summary of a sequence

(Predict a label for a video)
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Recurrent neural networks
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Recurrent neural networks
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Recurrent neural networks
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Recurrent neural networks
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Recurrent neural networks
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Recurrent neural networks in practice

Boston Dynamics

Action recognition: Q: what is the action?

predict a label from given multiple frames Running or opening a door?

66
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Recurrent neural networks
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Recurrent neural networks
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Recurrent neural networks in practice
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Recurrent neural networks in practice

Boston Dynamics

. . Q: what is the action?
Video captioning:

Generate captions Opening a door o
Image credit: Boston dynamics



Recurrent neural networks

What real applications?

one to one one to many many to one

many to many

many to many

80



Recurrent neural networks

What real applications?

one to one one to many many to one many to many many to many

Image classification

81



Recurrent neural networks

What real applications?

one to one one to many many to one many to many many to many

Action recognition

82



Recurrent neural networks

What real applications?

one to one one to many many to one many to many many to many

Video captioning

83



Recurrent neural networks

What real applications?

one to one one to many many to one

many to many

Q: what application?

many to many

84



Recurrent neural networks

What real applications?

one to one

one to many

Q: what application?

many to one

many to many

many to many

85



Recurrent neural networks

What real applications?

one to one

one to many

Q: what application?

many to one

many to many

Video frames

many to many

86



Recurrent neural networks

What real applications?

one to one

one to many

Q: what application?

many to one

caption

many to many

Video frames

many to many

87



Recurrent neural networks

What real applications?

one to one

one to many

Image
Q: what application?

many to one

caption

many to many

Video frames

many to many

88



Recurrent neural networks

What real applications?

one to one

caption
one to many

Image
Q: what application?

many to one

caption

many to many

Video frames

many to many

89



Image captioning

bouquet of bottle of water  glass of water with
red flowers = " ice and lemon

dining table
with breakfast
items

plate of fruit

banana
slices

fork

a person
sitting at a
table

Figure from Karpathy, Andrej, and Li Fei-Fei. "Deep visual-semantic alignments for generating image descriptions.';90
In Proceedings of the IEEE conference on computer vision and pattern recognition, pp. 3128-3137. 2015.



Image captioning

“straw” “hat” END

START “straw” “hat”

Figure from Karpathy, Andrej, and Li Fei-Fei. "Deep visual-semantic alignments for generating image descriptions."91
In Proceedings of the IEEE conference on computer vision and pattern recognition, pp. 3128-3137. 2015.



Recurrent neural networks
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Recurrent neural networks
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Recurrent neural networks

y oo
T

ht = fW(ht—l

)

Lt

)

some function
with parameters W

f = tanh(")

new state / old state input vector at
some time step

101



Recurrent neural networks

102



Recurrent neural networks

Share W

103



Recurrent neural networks

Share W

104



Recurrent neural networks
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Recurrent neural networks

y
h0—>fW—>h1—>fW—>h2—>fW—>h3—> — h_

Share W

106



Recurrent neural networks
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Recurrent neural networks
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Character-level language model

e Vocabulary: {a, b, ..., z}

* Given a sequence of character:
* hellx
* MOrnixx
* languaxx
* nNeurxx
* netwxxx
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Character-level language model

* Vocabulary: {a, b, ..., z}

* Given a sequence of character:
* hellx 2 hello
* Mornixx = morning
* [anguaxx = language
* neurxx = neural
netwxxx = network
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Character-level language model

* Vocabulary: {h, e, |, o}
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Character-level language model

* Vocabulary: {h, e, |, o}

A,

03 .25 1 1
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Softmax .00 50 68 .08
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1.0 0.5 0.1 0.2
2.2 0.3 0.5 1.5
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41 12 -11 2.2
[ A
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input layer 0 0 1 1
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input chars: “h” \*“e” l” A

Image from http://c5231n.stanford.edu/slides/2020/lect1113r% 10.pdf



http://cs231n.stanford.edu/slides/2020/lecture_10.pdf

Character-level language model

* Vocabulary: {h, e, |, o}

A,

03 .25 1 1
.84 .20 A7 .02
Softmax .00 50 68 .08
13 05 .03 79
t t t t
1.0 0.5 0.1 0.2
2.2 0.3 0.5 1.5
tput |
output layer 30 10 1.9 0.1
41 12 -11 2.2
[ A
0.3 1.0 0.1 |w hn| -0-3
hidden layer | -0.1 > 0.3 -0.5 —*| 0.9
0.9 0.1 -0.3 0.7
N S O A B
1 0 0 0
; 0 1 0 0
input layer 0 0 1 1
0 0 0 0
input chars: “h” \*“e” l” A

Image from http://c5231n.stanford.edu/slides/2020/lect1113rge 10.pdf



http://cs231n.stanford.edu/slides/2020/lecture_10.pdf

Character-level language model

* Vocabulary: {h, e, |, o}

“e))
Sample ;\

“ ”»
¢ ¢
03 25 M M
84 20 A7 02
Softmax .00 50 68 .08
A3 .05 .03 79
f f f f
1.0 05 0.1 0.2
2.2 0.3 0.5 15
tout |
outputlayer [ 1.0 1.9 -0.1
4.1 1.2 1.1 2.2
T | | Wy
0.3 1.0 0.1 |w hnl-03
hidden layer | -0.1 ~ 0.3 05—+ 09
0.9 0.1 0.3 0.7
T ! ! Lw_xh
1 0 0 0
. 0 1 0 0
input layer
character features 0 0 1 1
0 0 0 0
input chars: “h” ‘e” a0’ AL

Image from http://c5231n.stanford.edu/slides/2020/lecttlj4r(()e 10.pdf



http://cs231n.stanford.edu/slides/2020/lecture_10.pdf

Character-level language model

* Vocabulary: {h, e, |, o}
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Character-level language model

* Vocabulary: {h, e, |, o}
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Character-level language model

* Vocabulary: {h, e, |, o}

A [\ [\
Q: How to compute loss? | “e,,\ ap ‘.I,', ‘o’ |

Sample A s ) N
03 .25 1" 1
.84 .20 A7 .02
Softmax .00 50 .68 .08
13 .05 03 .79
t t t t
1.0 0.5 0.1 0.2
2.2 0.3 0.5 -1.5
output layer IS 1.0 1.9 0.1
41 1.2 | 2.2

| T | [ w_ny
0.3 1.0 0.1 hhi| -0.3
hidden layer | -0.1 > 0.3 -0.5 — 0.9
0.9 0.1 -0.3 0.7

! ! I tw
1 0 0 0
character features input layer | 9 X g ;
0 0 0 0
(one-hot encode) . bl i & L >
Ml’s' il |

Image from http://c5231n.stanford.edu/slides/2020/lect1115r3e 10.pdf



http://cs231n.stanford.edu/slides/2020/lecture_10.pdf

Character-level language model

* Vocabulary: {h, e, |, o}

= [\ [\

Q: How to compute loss? | “e,,\ o ‘.I,', ‘o’ |
Sample R A ,
03 .25 1 11
.84 .20 A7 .02
Softmax .00 50 68 .08
13 05 .03 79
t t t t
1.0 0.5 0.1 0.2
oupuimer 35| (03] | 95 | |42
41 1.2 -1.1 2.2

T T T Wy
0.3 1.0 0.1 -0.3
hidden layer | -0.4 |—| 0.3 05 P 0
0.9 0.1 -0.3 0.7

! I ! tw xn
1 0 0 0
character features input layer | 2 1 ° .
0 0 0 0
(one-hot encode) . A \ .‘,, & 3 =
mgut chars: “h |

1
0
h%o
0 Yy
0
1
e%o
0
0
0
I%l
0
0 X
0
090
1

Image from http://c5231n.stanford.edu/slides/2020/lect1115rlcle 10.pdf



http://cs231n.stanford.edu/slides/2020/lecture_10.pdf

Character-level language model

* Vocabulary: {h, e, |, o}

= [\ [\

Q: How to compute loss? | “e,,\ o ‘.I,', ‘o’ |
Sample R A ,
03 .25 1 11
.84 .20 A7 .02
Softmax .00 50 68 .08
prediction | » 03 7
T T T T
1.0 0.5 0.1 0.2
oupuimer |33 | |93 | [o5] | |22
41 1.2 -1.1 2.2

T T T Wy
0.3 1.0 0.1 -0.3
hidden layer | -0.4 |—| 0.3 05 P 0
0.9 0.1 -0.3 0.7

! I ! tw xn
1 0 0 0
character features input layer | 2 1 ° .
0 0 0 0
(one-hot encode) . A \ .‘,, =
mgut chars: “h v vl

1
0
h%o
0 Yy
0
1
e%o
0
0
0
I%l
0
0 X
0
090
1

Image from http://c5231n.stanford.edu/slides/2020/lect1115r5é 10.pdf



http://cs231n.stanford.edu/slides/2020/lecture_10.pdf

Character-level language model
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Word-level language model

* Vocabulary: {h, e, |, o} 2 {ant, and, ..., network, ..., zoo}
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Word-level language model

* Vocabulary: {h, e, |, o} 2 {ant, and, ..., network, ..., zoo}
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Word-level language model
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Image captioning

“straw” “hat” END

START “straw” “hat”

Figure from Karpathy, Andrej, and Li Fei-Fei. "Deep visual-semantic alignments for generating image descriptions.l"60
In Proceedings of the IEEE conference on computer vision and pattern recognition, pp. 3128-3137. 2015.
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from a vocabulary
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“straw”| “hat” END

START “straw” “hat”

Figure from Karpathy, Andrej, and Li Fei-Fei. "Deep visual-semantic alignments for generating image descriptions.l"63
In Proceedings of the IEEE conference on computer vision and pattern recognition, pp. 3128-3137. 2015.
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from a vocabulary
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START “straw” “hat”

Figure from Karpathy, Andrej, and Li Fei-Fei. "Deep visual-semantic alignments for generating image descriptions.l"64
In Proceedings of the IEEE conference on computer vision and pattern recognition, pp. 3128-3137. 2015.
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Long-term dependence
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| like this town very much. | started my undergraduate study in 2020 and my major is computer science. | like programming and
reading. | usually get up at 7AM and do some exercise. | also go fishing at weekend. | grew up in France.
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Whether it was riding my bicycle around my neighborhood pretending it was a motorcycle,
making mud cakes, going on treasure hunts, making and selling perfume out of strong smelling flowers,
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or simply laying on the grass underneath the sun with a soccer ball waiting for someone to come out and play with me,
the outdoors was where | spent my childhood and | cannot be more appreciative of it.
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| like this town very much. | started my undergraduate study in 2020 and my major is computer science. | like programming and
reading. | usually get up at 7AM and do some exercise. | also go fishing at weekend. | grew up in France.

| spent my childhood outdoors. Whether it was riding my bicycle around my neighborhood pretending it was a motorcycle,
making mud cakes, going on treasure hunts, making and selling perfume out of strong smelling flowers, or simply laying on

the grass underneath the sun with a soccer ball waiting for someone to come out and play with me, the outdoors was where

| spent my childhood and | cannot be more appreciative of it.

| speak fluent French.
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reading. | usually get up at 7AM and do some exercise. | also go fishing at weekend. | grew up in France.
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the grass underneath the sun with a soccer ball waiting for someone to come out and play with me, the outdoors was where
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