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Image captioning l

How do we create a caption for an image?
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He is greeting the housekeeper.



Image captioning l

How does a machine create a caption for an image?

e

e

Object detection+segmentation



Image captioning l

How does a machine create a caption for an image?

He is greeting the housekeeper. Caption generation

Event estimation A man is reading a book. 5



Image captioning l

State-of-art based on neural net
« machine translation

[ Image(language) ]

o

[ Caption(language) ]

Encoder feature vector Decoder

(CNN) (RNN,LSTM)




Image captioning l

Proposed model
* visual attention

<start> large airplane flying

REEF

Encoder feature vector Decoder
(RNN,LSTM)

(CNN)

Attention mechanism



Model l

Proposed model
* visual attention

Fi ™y
14x14 Feature Map A
bird
flying
over
™| a
body
of
 water
1. Input |2, Convolutional [p. RNN with attention | 4. Word by
Image | Feature Extraction|| over the image word
r‘ generation
h 1 A
Encoder decoder
(pretrained CNN) (LSTM)

VGG19 ¢



Model l

Encoder
* caption y C: Length of caption
y = Ychyi €R* K size of the vocabulary

«the extractor produces L vectors, each of which is a D-dimensional
representation corresponding to a part of the image.

a=1{ay,..,a.},a; €RP
L: the number of last layer filter

14x14 Feature Map

Feature vector a
(annotation vector)

1. Input 2. Convolutional
Image  Feature Extraction



Model l

Decoder(LSTM)
« for each time step t, LSTM generates a element y; of caption vector y.

« total unfolding time : C(length of caption)

« for each time step t,
*Input : hidden state h;_;, generated word y,_; for time step t-1

*Output: ys(current time)

2,
AN < [
ht—l
\\/D output gate
?t = 4G (=) » h1t
/w memory ce
Ey.Y |
forget gate




Model l

Decoder(LSTM)
* Ts¢: R® = R (simple affine transformation, T, ,,(x) = Wx + b))

Input It o

Evy,_

Forgot fr | _ o hy t=1
output 0 - o TD+m+n,n At—1
J; tanh Zt-1

Memory ¢t = ftOce—1 +1:Ogy
hidden  ht = o¢Otanh(cy)

2,
h,, I Ey,,

/0

output gate
() h

memory cell

forget gate
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Model l

Decoder(LSTM)

« the initial memory state and hidden state of the LSTM are predicted by
an average of the annotation vectors fed through two separate MLPs

| L

Co = finit,c(z Zaz)
| L

hy = finit,h(z Zai)

2,
h,, I EY,.

/0
Ey._1 = y¢—1 iIs embedded by
embedding metric E € R™*K,
output gate

. m-dimensional vector
memory cell (trainable parameter, random initialization)

forget gate = context vector, determined by
AW Attention model




Model l

Decoder(LSTM)
2 € RP=context vector, determined by Attention model

exp( fatt (@i, he—1))
Zi’ IEXp(fatf(ak‘:ht 1))

z; = ¢(a, oy ), where ay; =

a;:a2| weight vector, determine where is attend.
Element-wise summation=1

fate: attention model to calculate weight vector a
Using a and h;_4

¢: calculate Z using a and «;

In this work, we use a deep output layer to compute the output word
probability given the LSTM state, the context vector and the previous
WOrd: Lo c Rme, Lh c Rmxn, Lz c RmXD

p(yila,yi ™) o exp(Lo(By:—1 + Luhy + L.2,))
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Stochastic Hard Attention l

s; : location variable as where the model decides to focus attention when
Generating the t'* word. The part that we want to focus is set 1, if not 0.
-> latent variable-> parameterize multimoulli distribution using a;

a;;. For time step t, Probability(to be 1) of ith element of s; (s4;)

P(St.z' =1 \ 3j<taa) = Ot 4

Zi — E St.i4;. Random variable
')
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Stochastic Hard Attention l

Our goal is select the most likely caption y for a given feature vector a.
-> calculate maximum log likelihood max, log p(y|a)

-> using attention location s; to calculate lower bound for log likelihood.
Ly=) p(s|a)logp(y | s,a)

<logy p(s | a)p(y | s,a)

=logp(y | a)

0 log
Zp (s | - [ Ool)(y'| S a)+

()W on

dlogp(s | a)
ow

logp(y | s,a)

To calculate gradient, we should consider all attention location s
-> too slow
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Stochastic Hard Attention l

Using Mote Carlo based sampling (more fast)
-> total value(expected value of some random variable) can be
approximated using independent sample mean.

§; ~ Multinoulliz, ({o;})

N
oL, 1 dlogp(y | 5", a)
on N z:: [ ow

: : dlog p(s"
To lower gradient variance logp(y | 5", a) Oggi;, ’a)] Accumulated sum of
Using moving average, he previous log-likehood
Entropy term HIs] with exponential decay
0.5 prob ->5 > a b = 0.9 X bp—1 + 0.1 x logp(y | 5k, a)
dlogp(y | s",a)
au’ = Z [ oW *
pos dlogp(s" | a) OH[s"]
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Stochastic Hard Attention l

Hard attention model.
-> reinforcement learning update rule

-> for each time step, calculate Z though hard choice(sampling a;)

1 dlogp(y | 5", a)
= le oW +

dlogp(s" | a)
oW

511’

Ar(logp(y | s",a) —b) + Ae

OH[5"]
oW

Action : select location of attention
Reward: log-likelihood lower bond
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Deterministic Soft Attention l

Instead of stochastic sampling for each time, calculate context vector Z;

L
Soft attention  ¢({ai},{ai}) = foiai. More smooth
i More differentiable

I
EPfS: ﬂ-]p[éf] — Z Qi A .
i=1

It can use approximation

n, = L,(By;_,+L,h,+L.%) (p(yela,y; ") approximation

h: is a linear projection of the stochastic context vector
z't followed by tanh non-linearity
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Deterministic Soft Attention l

ns : ny calculated by random variable zt
NWGM (Normalized Weighted Geometric Mean) For Kth word prediction

Hi Cxp(nt.k.i)P(Sz.i=l|a.)
- CXP(EP(St|(l)['n't.k])
ZJ CXP(EP(Sr la) [nt.j])

NWGMp(y, = k | a)] =

E[n¢] = Lo(Ey: 1 + Lrhe + L.Z4)

NWGM for caption prediction is
approximated by expected context vector
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Doubly stochastic attention l

Zt Aty ~ 1 Add new constraint

Better performance
-> the model is more focused attention
because it prevent all parts of every
image from seeing for the whole time

Negative log-likelihood minimize-> end to end Iearning

Ly = —log(p(y +AZ 1—2%
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Experiment

Dataset: MSCOCO, Flickr8k, Frlickr30k

Figure 3. Examples of attending to the correct object (white indicates the attended regions, underlines indicated the corresponding word)

A dog is standing on a hardwood floor. A stop sign is on a road with a
- mountain in the background.

A little girl sitting on a bed with A group of people sitting on a boat A giraffe standing in a forest with
a teddy bear. in the water. trees in the background.

Figure 5. Examples of mistakes where we can use attention to gain intuition into what the model saw.

A man wearing a hat and
a hat on a skateboard.

A Iarge white bird standing in a forest.

A person is standing on a beach A woman is sitting at a table A man is talking on his cell phone 21
with a surfboard. with a large pizza. while another man watches.



Experiment

Dataset: MSCOCO, Flickr8k, Frlickr30k

BLEU
Dataset Model BLEU-1 ] BLEU-2 ] BLEU-3 ] BLEU-4 | METEOR
Google NIC(Vinyals et al., 2014)T= 63 41 27 —_ —
Flickr8k Log Bilinear (Kiros el al., 2014a)° 65.6 424 27.7 17.7 17.31
Soft-Attention 67 44.8 299 19.5 18.93
Hard-Attention 67 45.7 314 213 20.30
Google NIC'** 66.3 423 27.7 18.3 —
i Log Bilinear 60.0 38 25.4 17.1 16.88
Flickr30k Suf';g-AlIE ntion 66.7 434 28.8 19.1 18.49
Hard-Attention 66.9 439 29.6 19.9 18.46
CMU/MS Research (Chen & Zinick, 2014)* — — — — 20.41
MS Research (Fang et al., 2014)1e — — — — 20.71
BRNN (Karpathy & Li, 2014)° 64.2 45.1 30.4 20.3 -_—
COCO Google NIC'** 66.6 46.1 329 24.6 -_—
Log Bilinear” 70.8 489 344 24.3 20.03
Soft-Attention 70.7 492 344 24.3 23.90
Hard-Auention 718 50.4 35.7 250 23.04
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Conclusion l

- Image caption 2X& Z7| /5l encoder-decoder concept ALHE

« 2 =20 M= decoder0 attentionO|2t= 7HE S F=7t

 Encoder= CNN(VGG), Decoder= LSTMS AF23I0 13,

« HFE 7T state h, HHZ % caption word y, 12|11 attention model= &5l
WM E[= context vector z7F LSTM cellQ| input.

- Context vector zi= hard attentionl} soft attention & 7tA| 2 S0
7HR] S MESHY] A

* Hard attention2 H X location variable s& 2|st1, O] & AFEd| log-
likelihood2| lower bound Ls& A4t LsE optimizationst?| I8l gradient
E F& M, Ao HE f 3| Monte Carlo based sampling
approximations Ar&d =HE SHZ. O update rule2 reinforcement
learning2| update ruledt YX|.

- Soft attention= O iterationOtC} sampling= St= CH4, sO| =HE alphaE
AE AFESHY] z& Al

« X ©tSF= Attention based caption generation model2 7| ZE image
caption generation 22 S0 H|5H N E2 d5S ¥

rot
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