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Language and Vision

First become a “track” in EMNLP in 2015.
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special interest group on linguistic data and corpus-based
approaches to NLP, invites you to participate in EMNLP
AL

The conference will be held on September 17-21 (Thu-
Mon) in Lisbon, Portugal.
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Language and Vision

Bag of words (BoW)

('the', 8),
('sli 5)1
: (very', 4),
Very good drama although it (., 4),
appeared to have a few blank (who', 4),
areas leaving the viewers to fill in (and', 3),
the action for themselves. | can ('good!, 2),
imagine life being this way for (it 2),

someone who can neither read drama (to', 2),

nor write. This film simply (a, 2),
smacked of the real world: the wife (for, 2),
who is suddenly the sole (can’, 2),
supporter, the live-in relatives and (this', 2),
their quarrels, the troubled child (of", 2),
who gets knocked up and then, (drama’, 1),

typically, drops out of school, a

‘although’, 1),
jackass husband who takes the ( gh’, 1)

(‘appeared’, 1),

nest egg and buys beer with it. 2 (have', 1),
thumbs up... very very very good (few', 1),
movie.

(‘blank’, 1)

Bag of Words (BoW) in NLP and Vision



Language and Vision
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'man in black shirt is playing ‘construction worker in orange "two young girls are playing with
guitar.’ safety vest is working on road.’ lego toy.

Image Captioning

Who is wearing glasses? Where is the child sitting?
' arms

man woman

Is the umbrella upside down? How many children are in the bed?

Visual Question Answering

Two dogs play with an
orange toy in tall grass.

Grumpy Cat's Death Marks the End of the J... The Signs of an Annoyed Cat and What An... Annoyed Cat Images, Stock Photos & ... Annoyed Cat GIF:
wiredcom  catster.col m shutterstoc keom  tenor .com

WAYS
Annoy
& Your
Cal
Annoyed Cat Images, Stock Photos &... Grumpy Cat dies aged seve... 5 Ways to Effectively Annoy Your ... 42 BEST Annoyed Cat IMAGES, STOC...
tttttttttttt .com theguardian.com pethelpful.com stock.adobe.com

Image Search (retrieval)



Image Captioning

A stop sign is on a road with a
mountain in the background.

“Scene understanding”

(Xu et al., 2015)



Sequence to Sequence Model

Encoder Decoder



Image Captioning

A stop sign is on aroad...

(Xu et al., 2015)



Image Captioning

A stop sign is on aroad. ...

(Xu et al., 2015)




Image Captioning
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A dog is standing on a hardwood floor. A stop sign is on a road with a
e 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.

To allow salient features to dynamically come to the forefront as needed.

(Xu et al., 2015)



Image Captioning

(Xu et al., 2015)
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“Soft” Attention

Memory (key-value pairs)

softmax(

a-k 0.6
q -k 0.1
q- k3 ' 0.2
q- ks 0.1

—

Query

0.6

+ 0.1 + 0.2

context vector C

+ 0.1



“Hard” Attention

OO q- ki q -k,

OO ak q-ko
HardMax ( )

OO a-ks q- ks

OO q- ki q-ky

Query

context vector C



Image Captioning

o Extract visual features

(Xu et al., 2015)



Image Captioning
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bird flying over

(Xu et al., 2015)



Image Captioning

BLEU
Dataset Model BLEU-1 | BLEU-2 | BLEU-3 | BLEU-4 | METEOR
Google NIC(Vinyals et al., 2014)T* 63 41 07 — —
Flickr8k Log Bilinear (Kiros et al., 2014a)° 65.6 42.4 21 17.7 17.31
Soft-Attention 67 44.8 29.9 19.5 18.93
Hard-Attention 67 45.7 314 21.3 20.30
Google NICT°* 66.3 42.3 27.7 18.3 —
. Log Bilinear 60.0 38 254 17.1 16.88
s Soft-Attention Rl R T
Hard-Attention 66.9 43.9 29.6 19.9 18.46
CMU/MS Research (Chen & Zitnick, 2014) — — — — 20.41
MS Research (Fang et al., 2014)7@ — — — — 20.71
BRNN (Karpathy & Li, 2014)° 64.2 45.1 30.4 20.3 —
COCO Google NICT°> 66.6 46.1 32.9 24.6 —
Log Bilinear® 70.8 48.9 34.4 24.3 20.03
Soft-Attention 70.7 49.2 344 24.3 23.90
Hard-Attention 71.8 50.4 35.7 25.0 23.04

(Xu et al., 2015)



Image Captioning

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

Mistakes of the model.
(Xu et al., 2015)



Multimodal Machine Translation

A boy stand near the bank.
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Multimodal Machine Translation

e Improvement is not evident (Elliott et al., 2017; Barrault et al., 2018)
e MMT models are insensitive to visual input (Elliott 2018; Gronroos et al., 2018)

Two dogs play with an
orange toy in tall grass.




Multimodal Machine Translation

1. Encoding 2. Fusion 3. Decoding
A boy stand a
near the bank. - X (1 - o09]|.].) =
o —NEZI
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Gating vector : measures model’s dependency on visual context
(Wu et al., 2021)



Multimodal Machine Translation

En—De 0 40
Test2016 4.5E-21 0.8 - 35
Test2017 7.0E-17
MSCOCO 9.7E-21 ~ 0

En—Fr 15
Test2016 1.6E-18
Test2017 7.2E-15 0.0 0
MSCOCO 2.3E-18

After convergence: negligibly small averaged gating weight => both
models learn to discard visual context during inference

During training: the importance of visual context keep decreasing
(Wu et al., 2021)



Visual Question Answering (VOA)

www.visualga.org

VQA Challenges on www.codalab.org
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https://www.youtube.com/watch?v=gar88i-V0RE

Visual Question Answering (VOA)

4096 output units from last hidden layer 1024
) (VGGNet, Normalized)
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CIf
— 1024 1000 1000

Convolution Layer Fully-Connected MLP
Pooling Layer  + Non-Linearity Pooling Layer

Fully-Connected

Convolution Layer
+ Non-Linearity

2X2X512 LSTM
1024

P°if‘t°OWiS.e Fully-Connected Softmax
multiplication

Fully-Connected

“How many horses are in this image?”

”2”



Visual Question Answering (VOA)

i ™ : , . ; v VT

Inconsistent

A{/Vv/hat color is the drink?

Is the drink black?

(Hudson and Manning, 2019)



Visual Question Answering (VOA)
- N

“‘/Is{che drink black? Invalld

Is the drink black or pink?

(Hudson and Manning, 2019)



Visual Question Answering (VOA)

S B 1T —

. Not Compositional
“ What is located to the left of the fries?
* Dataset weakness « s
‘sandwich | For VQA2:
| _ 2 * 19.5% questions have relations
What color is the thing under ‘ * 8% spatial reasoning questions I

the food left of the little girl
with the yellow shirt?

* 3% compositional questions

(Hudson and Manning, 2019)



Visual Question Answering (VOA)

S B 1T —

. Not Compositional
“ What is located to the left of the fries?
* Dataset weakness « s
‘sandwich | For VQA2:
| _ 2 * 19.5% questions have relations
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the food left of the little girl
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GOA: Real-World Visual Reasoning and Compositional Question Answering

Example Questions
VQA

1. Does this man need a haircut?

2. What color is the quy's tie?
3. What is different about the man’s suit
that shows this is for a special occasion?

GQA

Is the person’s hair long and brown?
What appliance is to the left of the man?

Who is in front of the refrigerator on the left?
Is there a necktie in the picture that is not red?
Is the color of the vest different than shirt?

SN

(Hudson and Manning, 2019)



Image Generation

TEXT PROMPT @ Store front that has the word 'openai' written on it. a store front that
has the word 'openai’ written on it. a store front that has the word
'‘openai’ written on it. openai store front.

AI-GENERATED

IMAGES o\ e
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DALL-E: Creating Images from Text



Image Generation

TEXT PROMPT  an emoji of a baby penguin wearing a blue hat, red gloves, green shirt,
and yellow pants

AI-GENERATED
IMAGES

DALL-E: Creating Images from Text



Image Generation
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Figure 1: Left: A figure describing the VQ-VAE. Right: Visualisation of the embedding space. The
output of the encoder z(x) is mapped to the nearest point es. The gradient V, L (in red) will push the
encoder to change its output, which could alter the configuration in the next forward pass.

(Razavi et al., 2019)



Diffusion Model

VAE: maximize X —»m > Z
variational lower bound q¢(z|x)

Use variational lower bound

Decoder
po(x|z)

llllllllllllllllllllllllllllllllll

‘-——’

~~——"’

.................................. :
q(xelx; 1) = N (x5 /1 = Bixy 1, B1)  q(x1.7/%0) = HQ(Xt\Xt—ﬂ
t=1

https.//lilianweng.github.io/posts/2021-0/-11-diffusion-models/




Diffusion Model in NLP

Gaussian Noise Denoising Rounding Text
Po(Xi— 1\Xt pGW\Xo
—Dr —> —> =
es \ Xt—1) (X0 | W)
Noising Embeddmg
(Li et al.,2021)
Reverse process —>  Forward process €—  Gaussian Noise * KNN Rounding Ry s .
[ \
M) M) - @ O | i
Po(z¢-1]z¢) pPo(W|zg) O w* |
E:a N — — = | o e O wY E |
2 @ qzlz-) @ @ 4,czwv @ S
Zr Zt Ze_q Zo ' E.g. Open-Domain Dialogue
Embedding map e i o e e :
Partial Gaussian Noise < > Word Embeddings <—> Text Sequence to Sequence

(Gong et al., 2022)
https.//github.com/Shark-NLP/DiffuSeq



