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Problem Statement



What is VQA?

Given an image, can our machine answer the
corresponding questions in natural language?

VQA Demo

CloudCV: Visual Question Answering (VQA), https.//cloudcv.org/vga/



https://cloudcv.org/vqa/
https://cloudcv.org/vqa/
https://cloudcv.org/vqa/

How to see and how to read

["Question: What can the red object on the ground be used for ? [

Answer: Firefighting

Wang, Peng, et al. "Fvga: Fact-based visual question answering." arXiv preprint arXiv:1606.05433 (2016). 5



https://pdfs.semanticscholar.org/1ac6/a33f04f6c5a8084c15c85295f987cc8e3d72.pdf

How to see and how to read

e & - % '

["Question: What can the red object on the ground be used for ? [
Answer: Firefighting

Wang, Peng, et al. "Fvqga: Fact-based visual question answering." arXiv preprint arXiv:1606.05433 (2016). 6



https://pdfs.semanticscholar.org/1ac6/a33f04f6c5a8084c15c85295f987cc8e3d72.pdf

How to see and how to read

muestlon What can the red object on the ground be used for ?
Answer Flreﬁghtlng

- Fire hydrant can be used for f’ghtlng fires. [
Wang, Peng, et al. "Fvqga: Fact-based visual question answering." arXiv preprint arXiv:1606.05433 (2016). 7



https://pdfs.semanticscholar.org/1ac6/a33f04f6c5a8084c15c85295f987cc8e3d72.pdf

Multiple choices V.S. Open-ended settings

How many cats are there?



https://arxiv.org/pdf/1505.00468v7.pdf

Common VQA Benchmark
Datasets



VQA-reaI

Q: Where are the magazines
in this picture ?

A: On stool, stool, on stool,
on bar stool, on table, stool,
on stool, on chair, on bar
stool, stool

VQA-abstract

Q: Where are the flowers ?

A: near tree, tree, around
tree, tree, by tree, around
tree, around tree, grass, be-
neath tree, base of tree

Antol, Stanislaw, et al. "Vqa: Visual guestion answering." Proceedings of the IEEE International Conference on Computer Vision. 2015.

10


https://arxiv.org/pdf/1505.00468v7.pdf

VQA dataset

Offer open-ended answers and multiple choice answers
250k images(MS COCO + 50k abstract images)

750k questions, 10M answers

Each question is answered by 10 human annotators

Answers with Images
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https://arxiv.org/pdf/1505.00468v7.pdf

o Automatically generate QA pairs with MS COCO captions

o 123,287 images (72,783 for training and 38,948 for testing) and each image has
one QA pair.

O 4 types of question templates: What object, How many, What color, Where

COCOQA 5078 COCOQA 1238
How many leftover donuts is What is the color of the tee-
the red bicycle holding? shirt?
Ground truth: three Ground truth: blue
Ren, Mengye, Ryan Kiros, and Richard Zemel. "Exploring models and data for image question answering." Advances in Neural Information Processing Systems. 2015. 1 2



https://arxiv.org/pdf/1505.02074.pdf

Visual7W

d 47,300 COCO images, 327,939 QA pairs,and 1,311,756

human-generated multiple-choices

4 7W stands for what, where, when, who, why, how and which

Telling

Where
does this
scene take

place?

A) Inthe zea. +
B) in the desert.
C) In the forest.
D) On a lawn.

What is
the dog
doing?

A) Surfing. v/
B) Sleeping.

C) Running.
D) Eating.

Which paw is lifted?
Zhu, Yuke, et al. "Visual7w: Grounded guestion answering in images." Proceedings of the IEEE CVPR. 2016.

Pointing

A) Because of & wave.
B) Because of a boat.

C) Because of a fire.

D) Because of a leak.

What is the dog

standing on?

A) On a surfboard. «
_ B) On a table.

C) On a garage.
D) On a ball.

13


http://www.cv-foundation.org/openaccess/content_cvpr_2016/papers/Zhu_Visual7W_Grounded_Question_CVPR_2016_paper.pdf

Evaluation metrics

Recall metrics for image captioning, BLEU, etc.
(A Emphasize on similarity between sentences.

Major VQA datasets use Accuracy:
(4 Exact string matching.
A Most answers are 1 to 3 words.

VQA dataset (with 10 human annotations):

# humans provided that answer
3

accuracy = min(

Al

14



A brief summary over VQA datasets

Dataset Number of | Annotation Question Diversity | Answer
QA pairs Diversity
(top-1000 answers
coverage)
COCO-QA 117,684 Open-ended Low (generated 100%

from captions)

VQA 614,163 Open-ended Encourage to have 82.7%
+Multiple choices | diverse annotations

Visual 7W 327,939 Multiple choices | Atleast 3W for each | 63.5%
image
Zhu, Yuke, et al. "Visual7w: Grounded question answering in images." Proceedings of the IEEE CVPR. 2016. 1 5


http://www.cv-foundation.org/openaccess/content_cvpr_2016/papers/Zhu_Visual7W_Grounded_Question_CVPR_2016_paper.pdf

Methods

Language-Image Embedding



Bag-of-words + Image feature (iBOWIMQG)

are these people family?

Zhou, Bolei, et al. "Simple baseline for visual question answering." arXiv preprint arXiv:1512.02167 (2015). 1 7
G


https://arxiv.org/pdf/1512.02167.pdf

Bag-of-words + Image feature (iBOWIMQG)

CNN ~—~

family
embeddin
re

are these people family? —»

these

- Qe Q- _O|

O] people
One-hot vector

Zhou, Bolei, et al. "Simple baseline for visual question answering." arXiv preprint arXiv:1512.02167 (2015).



https://arxiv.org/pdf/1512.02167.pdf

Bag-of-words + Image feature (iBOWIMQG)

are these people family? —»

One-_hot vector

CNN ~
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family

embed
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Image feature
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gl
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people

Word feature

Concatenation

Zhou, Bolei, et al. "Simple baseline for visual question answering." arXiv preprint arXiv:1512.02167 (2015).
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https://arxiv.org/pdf/1512.02167.pdf

LSTM + Image feature (LSTM Q + 1)

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

1000 1000

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

Fully-Connected

Convolution Layer
+ Non-Linearity

| 2x2xs1215T™ |

Po'.nt',w's? Fllly-Connected Softmax
ultiplication

Fully-Connected

) ”2”

“How many horses are in this image?”
Antol, Stanislaw, et al. "Vqa: Visual guestion answering." Proceedings of the IEEE International Conference on Computer Vision. 2015.

20


https://arxiv.org/pdf/1505.00468v7.pdf

BoW V.S, LSTM?

Performances on the VQA-real dataset (test-dev)

Open-Ended Multiple-Choice

Overall | Yes/No | Number | Other Overall | Yes/No | Number | other

iBOWIMG | 55.72 76.55 35.03 42.62 61.68 76.68 37.05 54.44

LSTMQ+l | 57.75 80.50 36.77 43.08 62.70 80.52 38.22 53.01

Antol, Stanislaw, et al. "Vqa: Visual question answering." Proceedings of the IEEE International Conference on Computer Vision. 2015.
Zhou, Bolei, et al. "Simple baseline for visual question answering." arXiv preprint arXiv:1512.02167 (2015). 2 1


https://arxiv.org/pdf/1512.02167.pdf
https://arxiv.org/pdf/1505.00468v7.pdf

Multimodal Compact Bilinear Pooling (MCB)

O Use outer product for
embedding.

O Results in high dimensional
features.

a Thenapproximate it with low
dimensional features.

Fukui, Akira, et al."Multimodal compact bilinear pooling for visual question answering and visual grounding." arXiv preprint arXiv:1606.01847 (2016). 22


https://arxiv.org/pdf/1606.01847.pdf

Multimodal Compact Bilinear Pooling (MCB)

Bilinear Pooling

spoon
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bowl
table
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food
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Is this g;]com??to be g‘f;:tg ol 4 million x 1000
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Figure source 23

2048

Fukui, Akira, et al._"Multimodal compact bilinear pooling for visual guestion answering and visual grounding." arXiv preprint arXiv:1606.01847 (2016).



http://visualqa.org/static/slides/vqa_final.pdf
https://arxiv.org/pdf/1606.01847.pdf

Multimodal Compact Bilinear Pooling (MCB)

Compact Bilinear Pooling via Count Sketch

Is this going
to be a feast?

Pham & Pagh (2013): 16k x 1000
Yx®y) = () * ()

Figure source 24

Fukui, Akira, et al._"Multimodal compact bilinear pooling for visual guestion answering and visual grounding." arXiv preprint arXiv:1606.01847 (2016).



https://arxiv.org/pdf/1606.01847.pdf
http://visualqa.org/static/slides/vqa_final.pdf

Multimodal Compact Bilinear Pooling (MCB)

MCB+soft attention for VQA open-ended questions:
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Fukui, Akira, et al._"Multimodal compact bilinear pooling for visual guestion answering and visual grounding." arXiv preprint arXiv:1606.01847 (2016).



https://arxiv.org/pdf/1606.01847.pdf

Multimodal Compact Bilinear Pooling (MCB)

MCB+soft attention for VQA open-ended questions:
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https://arxiv.org/pdf/1606.01847.pdf

Multimodal Compact Bilinear Pooling (MCB)

MCB+soft attention for VQA open-ended questions:
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Fukui, Akira, et al."Multimodal compact bilinear pooling for visual question answering and visual grounding." arXiv preprint arXiv:1606.01847 (2016). 27



https://arxiv.org/pdf/1606.01847.pdf

Multimodal Compact Bilinear Pooling (MCB)

Answer Encoding
(for multiple choice questions):

Q : "What do you see?” (Ground Truth : as)
a: : "A courtyard with flowers”

a: : "A restaurant kitchen”

as : “A family with a stroller, tables for dining”
a« : "People waiting on a train”

Aoy

-. % aa

Fukui, Akira, et al._"Multimodal compact bilinear pooling for visual guestion answering and visual grounding." arXiv preprint arXiv:1606.01847 (2016).



https://arxiv.org/pdf/1606.01847.pdf

Multimodal Compact Bilinear Pooling (MCB)

Comparison of multimodal pooling methods

Method Accuracy
Element-wise Sum 56.50
Concatenation 57.49
Concatenation + FC 58.40
Concatenation + FC + FC 57.10
Element-wise Product 58.57
Element-wise Product + FC 56.44
Element-wise Product + FC + FC 57.88
MCB (2048 x 2048 — 16K) 59.83
Fukui, Akira, et al."Multimodal compact bilinear pooling for visual question answering and visual grounding." arXiv preprint arXiv:1606.01847 (2016). 29


https://arxiv.org/pdf/1606.01847.pdf

Multimodal Compact Bilinear Pooling (MCB)

Additional Experiment results

Method Accuracy
Full Bilinear (128 x 128 — 16K) 58.46
MCB (128 x 128 — 4K) 58.69
Element-wise Product with VGG-19 35.97
MCB (d = 16K) with VGG-19 57.05
Concatenation + FC with Attention 58.36
MCB (d = 16K) with Attention 62.50
Fukui, Akira, et al."Multimodal compact bilinear pooling for visual question answering and visual grounding." arXiv preprint arXiv:1606.01847 (2016). 30


https://arxiv.org/pdf/1606.01847.pdf

Methods

1. Region-based Image Attention



Is it raining? What color is the walk light?

Shih, Kevin J., Saurabh Singh, and Derek Hoiem. "Where to look: Focus regions for visual question answering." Proceedings of the

IEEE Conference on Computer Vision and Pattern Recognition. 2016.
OEOBOBRBRBRERBR
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https://arxiv.org/pdf/1511.07394.pdf

Image features

. Extract top ranked 99 regions from edge box + (1 whole image)
1 Features are from ImageNet by VGGnets

| CNN Features for Eacti’y Per-Region Per-Region Vision/Text
Region \ Weights Features

Region, ‘E Regiony +Text - Weighted _| Final
a4 b Average Features | | 2jayer | _Score
4. boxes Pl

I

g . \{Vord?\.’ecA ‘ -_" | - | [ Regiony +Text I ) Zitnick, C. Lawrence, and Piotr Dollar." :
udmgnm a- — — 13 Reglon proposals from edges." European Conference on Computer Vision.
O M O B N o ; 1 f Springer International Publishing, 2014.
-------- Embedding W on Sel eCtlon

]
1 1
: Text Q/A } P Text Features

concatenated region/text
________ I 3layer net ¢ Layer

embedding

Shih, Kevin J., Saurabh Singh, and Derek Hoiem. "Where to look: Focus regions for visual question answering." Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition. 2016. 33



https://www.microsoft.com/en-us/research/publication/edge-boxes-locating-object-proposals-from-edges/
https://www.microsoft.com/en-us/research/publication/edge-boxes-locating-object-proposals-from-edges/
https://www.microsoft.com/en-us/research/publication/edge-boxes-locating-object-proposals-from-edges/
https://arxiv.org/pdf/1511.07394.pdf
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Shih, Kevin J., Saurabh Singh, and Derek Hoiem. "Where t Ioo: Focus rqins f;)r visual question answering." Proceedings of the

IEEE Conference on Computer Vision and Pattern Recognition. 2016.
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https://arxiv.org/pdf/1511.07394.pdf
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Shih, Kevin J., Saurabh Singh, and Derek Hoiem. "Where to look: Focus regions for visual question answering." Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition. 2016.
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https://arxiv.org/pdf/1511.07394.pdf

What color on the stop ~ What color is the What color is the
street sign?

light is lit up? light?

L: red (-0.1) L: red (1.0) L: gray (-0.2)
I: red (-0.8) I: red (0.3) I: gray (-0.4)
R: green (1.1) b ol R: red (1.7) R: yellow (0.4)
Ans: green Ans: red Ans: yellow

Shih, Kevin J., Saurabh Singh, and Derek Hoiem. "Where to look: Focus regions for visual question answering." Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition. 2016.
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https://arxiv.org/pdf/1511.07394.pdf

Performances on the VQA-real dataset (test-dev)

Open-Ended Multiple-Choice

Overall | Yes/No | Number | Other | Overall | Yes/No | Number | other
iBOWIMG 5572 | 76.55 35.03 42.62 | 61.68 76.68 37.05 54.44
LSTM Q+l 57.75 80.50 | 36.77 43.08 | 62.70 80.52 38.22 53.01
Region attention - - - - 62.44 77.62 34.28 55.84

37



Accuracies by type of question
d Onthe VQA-real dataset (validation set)

region | image | text freq
overall 5894 | 57.83 | 53.98 | 100.0%
is/are/was 7542 | 74.63 | 75.00 | 33.3%
identify: what 52.89 | 52.10 | 45.11 | 23.8%
kind/type/animal
[Thow many 3338 | 36.84 | 34.05 | 10.3% |
| what color 3.6 | 43.02 | 32.55 5.8% |
interpret: 75.73 | 74.43 | 75.73 4.6%
can/could/does/has
none of the above 4540 | 44.04 | 48.23 4.1%
where 42.11 | 42.43 | 37.61 2.5%
why/how 26.31 | 28.18 | 29.24 2. 2%

d Region:region weighted features
4 Image : whole image features
4 Text:noimage feature

Shih, Kevin J., Saurabh Singh, and Derek Hoiem. "Where to look: Focus regions for visual question answering." Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition. 2016. 38



https://arxiv.org/pdf/1511.07394.pdf

Methods

2. Hierarchical Question Attention



Hierarchical Question-Image Co-Attention (HieCoAtt)

Answer: green

| What color on the stop light is lit up “ i

1
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Lu, Jiasen, et al. "Hierarchical question-image co-attention for visual question answering." Advances In Neural Information Processing Systems. 2016.



https://arxiv.org/pdf/1606.00061.pdf

Question hierarchy

Word Level

G A S — —  — —

Lu, Jiasen, et al. "Hierarchical



https://arxiv.org/pdf/1606.00061.pdf

Question hierarchy

Max-over different
filter pooling layer

: Phrase Level
Convolution layer
with multiple filter
of different widths

Word embedding

uestion answering." Advances In Neural Information Processing Systems. 2016.



https://arxiv.org/pdf/1606.00061.pdf

Question hierarchy

Question Level

LSTM question
encoding

Max-over different
filter pooling layer

Convolution layer
with multiple filter
of different widths

Word embedding

Lu, Jiasen, et al. "Hierarchical question-image co-attention for visual question answering." Advances In Neural Information Processing Systems. 2016.



https://arxiv.org/pdf/1606.00061.pdf

Word Level

- g7 R
Q: what is the man holding a
snowboard on top of a snow

covered? A: mountain

what is the man holding a
on top of a snow covered

The colored words are those with higher weights.

Lu, Jiasen, et al. "Hierarchical

." Advances In Neural Information Processing Systems. 2016. 4 4


https://arxiv.org/pdf/1606.00061.pdf

Word Level Phrase Level Question Level

what is the man holding‘ a
snowboard on top of a snow snowboard on top of a snow
covered ? covered ?

what is the man holding a

snowboard on top of a snow ;
P on top of a snow covered

covered? A: mountain

The colored words are those with higher weights.



https://arxiv.org/pdf/1606.00061.pdf

A The attention mechanisms closest to the ‘top’ of the hierarchy matter most

validation
Method Y/N Num Other All
LSTM Q+I 79.8 329 40.7 54.3

Image Atten 79.8 339 436 559
Question Atten 79.4  33.3 41.7 54.8
W/0O Q-Atten 79.6 32.1 429 |[55.3
W/O P-Atten 79.5 341 454 |56.7
W/O W-Atten  79.6 344 45.6 |56.8
Full Model 79.6 350 457 57.0

Lu, Jiasen, et al. "Hierarchical question-image co-attention for visual question answering." Advances In Neural Information Processing Systems. 2016.



https://arxiv.org/pdf/1606.00061.pdf

Performances on the VQA-real dataset (test-dev)

Open-Ended Multiple-Choice

Overall | Yes/No | Number | Other | Overall | Yes/No | Number | other
iBOWIMG 5572 | 76.55 35.03 42.62 | 61.68 76.68 37.05 54.44
LSTM Q+l 57.75 80.50 | 36.77 43.08 | 62.70 80.52 38.22 53.01
MCB 60.8 81.2 35.1 49.3 65.40 - - -
Region attention - - - - 62.44 77.62 34.28 55.84
HieCoAtt 61.80 | 79.78 | 38.78 51.78 | 65.80 79.70 40.00 59.80

47



Dataset Bias Problem



Baselines that Exploit Dataset Biases

By predicting correctness of an
Image-Question-Answer triplet:

SCORE

[ reaches state-of-the-art 5

performance on Visual7W Telling. MILP
Q performs competitively on VQA

Real multiple choice.

BoW CNN BoW

Models: T T ¥

MLP: y = O‘(W2 IIlElX(O, Wlxg‘.qa) n b) What is the weather like? = = o It is sunny.

Q I A

Jabri, Allan, Armand Joulin, and Laurens van der Maaten. "Revisiting visual question answering baselines." European Conference on Computer Vision. Springer International Publishing, 2016. 49
T



http://www.eccv2016.org/files/posters/P-3C-42.pdf

Baselines that Exploit Dataset Biases

Baselines:

MLP(A,Q,l): use all features
MLP(A,l): Answers + Images
MLP(A,Q): Answers + Questions
MLP(A): Answers

oo

Accuracies on Visual7W Telling

Method What Where When Who Why How Overall

LSTM (Q, I) [15] 48.9 54.4 71.3 58.1 51.3 50.3 52.1
MCB + Att [21] 60.3 70.4 79.5 69.2 58.2 51.1 62.2

MLP (A) 47.3 58.2 74.3 63.6 57.1 49.6 52.9
MLP (A, ) 54.9 60.0 76.8 66.0 64.5 54.9 58.5
MLP (A, 60.8 74.9 81.9 70.3 64.4 51.2 63.8
MLP (A Q, 64.5 75.9 82.1 72.9 68.0 56.4 67.1

Jabri, Allan, Armand Joulin, and Laurens van der Maaten. "Revisiting visual question answering baselines." European Conference on Computer Vision. Springer International Publishing, 2016. 50
G


http://www.eccv2016.org/files/posters/P-3C-42.pdf

Baselines that Exploit Dataset Biases

Accuracies on VQA Multiple Choice (test)

Method Yes/No Number Other All
Two-Layer LSTM [5] R0.6 377 53.6 63.1
Region selection [23] T2 33.5 56.1 62.4
MCB [21]* - - - 65.4
MCB + Att + GloVe + Genome [21]* = - - 69.9
MLP (A, Q, I) 80.8 17.6 62.0 65.2

* evaluated on test-dev set

Jabri, Allan, Armand Joulin, and Laurens van der Maaten. "Revisiting visual question answering baselines." European Conference on Computer Vision. Springer International Publishing, 2016. 51


http://www.eccv2016.org/files/posters/P-3C-42.pdf

VQA dataset

Answers with Images

.
no

Antol, Stanislaw, et al. "Vqa: Visual question answering." Proceedings of the IEEE International Conference on Computer Vision. 2015.



https://arxiv.org/pdf/1505.00468v7.pdf

Responses to Dataset
Blases

1. More Balanced Datasets



CLEVR: A Diagnostic Dataset for Compositional
Language and Elementary Visual Reasoning

100,000 computer rendered images.
864,986 generated questions.
Scene graph representations for all
images.

Functional program representation
for all images.

L Ood

With complex questions like: counting,
attribute identification, comparison,
multiple attention, and logical operations.

): Are there an equal number of large things and metal spheres?

): What size is the cylinder that is left of the brown metal thing that
is left of the big sphere? J: There is a sphere with the same size as the
metal cube; is it made of the same material as the small red sphere?
): How many objects are either small cylinders or metal things?

A sample image and questions from CLEVR

54
Johnson, Justin, et al. "CLEVR: A Diagnostic Dataset for Compositional Language and Elementary Visual Reasoning." arXiv preprint arXiv:1612.06890 (2016).
L .. 00000000000


https://arxiv.org/pdf/1612.06890.pdf

VQA 2.0: Making the V In VQA matter

Who is wearing glasses? Where is the child sitting?

man woman arms

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

Goyal, Yash, et al. "Making the V in VQA Matter: Elevating the Role of Image Understanding in Visual Question Answering." arXiv preprint arXiv:1612.00837 (2016).

55


https://arxiv.org/pdf/1612.00837.pdf

VQA 2.0: Making the V mater

Results:
VQA models trained/tested on unbalanced/balanced datasets

Approach UU(%) UB(%) BB(%)
Language Only 48.21 40.03 39.98
LSTM(Q+I) 54.40 46.56 48.18
HieCoAtt 57.09 49.51 51.02
MCB 60.36 53.67 55.35

Goyal, Yash, et al. "Making the V in VQA Matter: Elevating the Role of Image Understanding in Visual Question Answering." arXiv preprint arXiv:1612.00837 (2016). 56
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Responses to Dataset
Blases

2. Compositional Models



Exploit compositional nature of questions:

how many different lights
in various different shapes
and sizes?

what is the color of the
horse?

what color is the vase?

-
5

is the bus full of passen-
gers?

is there a red shape above
a circle?

describelcount]( describe[color]( describe[color]( describel[is]( measure[is](
find[light]) find[horsel) find[vasel) combine[and]( combine[and](
find[bus], find[red],
find[fulll]) transform[above](
find[circlel)))
four (four) brown (brown) green (green) yes (yes) yes (yes)

Andreas, Jacob, et al._"Neural module networks." Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition. 2016.
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Neural Module Network(NMN)

Question answering in steps:

combine[and] I mea

\—{ describe[color] },—.| yer'!ow) -

What color is his tie? Is there a red shape above a circle?

99

Andreas, Jacob, et al._"Neural module networks." Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition. 2016.
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Neural Module Network(NMN)

Neural Modules:

Find Image — Attention

find[red]

—{emr |

Andreas, Jacob, et al."Neural module networks." Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition. 2016. 60
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Neural Module Network(NMN)

Neural Modules:

Find

find[red]

Transform

transform[above]

Image — Attention

Attention — Attention

=

RelLU

a1

Combine Attention x Attention — Attention

combine[or]

Stack

Conw.

RelLU

=

—

Andreas, Jacob, et al."Neural module networks." Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition. 2016.
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Neural Module Network(NMN)

Neural Modules:

Find Image — Attention

find[red]

||
.

Transform Attention — Attention

transform[above]

E_.FCﬂ.zLuﬁ

Measure

measure[be]

Combine

Describe

Attention x Attention — Attention

combine[or]

E___l—’ Stack Conv. RelLU E

Image x Attention — Label

describe[color]

Attend = FC red

Attention — Label

E_. re b s

Softmax

Andreas, Jacob, et al."Neural module networks." Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition. 2016.
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Neural Module Network(NMN)

From questions to networks:
a Parse questions to structured queries:

“Is there a circle next to a square?” -> is(circle, next-to(square))

Andreas, Jacob, et al."Neural module networks." Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition. 2016. 63
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Neural Module Network(NMN)

From questions to networks:
a Parse questions to structured queries:

“Is there a circle next to a square?” -> is(circle, next-to(square))

O Generate network Layout:

is()

“Is there a circle

next to a square?” : | circle | | next-|to() |

| square |

Question to layout as a deterministic process

find(circle)

combine
(and)

measure(is)

find(square)

transform
(next-to)

Andreas, Jacob, et al."Neural module networks." Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition. 2016.
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Neural Module Network(NMN)

Final Model:
Why using LSTM feature?

4 aggressive simplification of the
guestion, need grammar cues.

[  capture semantic regularities,
e.g. common sense.

LSTM

Parser

WL/
count =| where color
A
cat standing

Answering “Where is the dog?” with NMN

Andreas, Jacob, et al."Neural module networks." Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition. 2016.
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Neural Module Network(NMN)

Results on VQA
Results on the VQA open ended questions
test-dev test
Yes/No  Number  Other All All
LSTM 78.7 36.6 28.1 498 -
ATT+LSTM 80.6 36.4 42.0 32 -
NMN 70.7 36.8 39.2 54.8 -
NMN+LSTM 81.2 35.2 433 58.0 -
NMN+LSTM+FT 81.2 38.0 44.0 58.6 58.7

Andreas, Jacob, et al."Neural module networks." Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition. 2016. 66
G


https://arxiv.org/pdf/1511.02799.pdf

Dynamical Neural Module Network(DNMN)

What cities are in Georgia?
Generate layout candidates:

be
N\
city Georgia The input sentence (a)
=, | (b) is represented as a dependency parse (b).
what : & Fragments are then associated with modules (c),
) f fragments are assembled into full layouts (d).
O- I relate[in] ( )
e lookup[Georgia] C
o Select best candidates:
g ad0 s(zi|z) = aTcr(th(m) + Cf(z)+d)
Y (@] relate[in]
O ? find[city] lookup[Georgia] n
(d) p(zi|z;0;) = es(z‘”m)/ Z es(% %)
j=1

relate[in]

Q
i ? lookup[Georgia]

Generate Layout candidates from questions

What is the constraint in this setting?

Andreas, Jacob, et al."Learning to compose neural networks for question answering." arXiv preprint arXiv:1601.01705 (2016).
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Dynamical Neural Module Network(DNMN)

O Evaluateall layouts p(z|z; 6¢) ,cheap

@  Evaluate all answers given all layout p:(y|w;0e) , expensive

A reinforcement learning problem at heart!

State — (w, ) Action 2 Reward log p(y|z, w; 0,)

Policy gradient: E[(V log p(z|z;0¢)) - log p(y|z, w;0.)] (REINFORCE rule)

Adding language prior to DNMN model:  log p.(y|w, z) = (Ahqe(z) + Blz]w)y

Andreas, Jacob, et al."Learning to compose neural networks for question answering." arXiv preprint arXiv:1601.01705 (2016). 68
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Dynamical Neural Module Network(DNMN)

Results on the VQA open ended questions

test-dev test-std
Yes/No Number Other All All

Zhou (2015) 76.6 35.0 426  35.7 55.9
NMN 81.2 38.0 440 58.6 58.7
D-NMN 81.1 38.6 455 594 594

Zhou(2015) - iBOWING
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Future Development



Learning Cooperative Visual Dialog Agents
with Deep Reinforcement Learning

uestioner
m ’
Answerer

A complete cooperative game of two agents:

Two zebra are walking around their pen at the zoo.

3%

Q-BOT:
@ Build a mental model of the unseen image purely from % @ Q1: Any people in the shot? |
the n.atural. language dialog, . A1:No, there aren't any. m
4 Predict animage feature and gain rewards for two ([lo.1.-1.02...,08] )
agents . D
5o° Z Q10: Are they facing each other? ]
A-BOT:

4 Seethetargetimage, generate a caption for Q-BOT
(d  Build a mental model of what Q-BOT understands,
and answer questions.

[ A10: They aren't. m

® N e ,
| think we were talking about this image! |
. m -

A.Das, S. Kottur, et al.. "Learning Cooperative Visual Dialog Agents with Deep Reinforcement Learning." arXiv preprint arXiv:1703.06585 (2017).
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Learning Cooperative Visual Dialog Agents
with Deep Reinforcement Learning

Visual Dialog

72
A.Das, S. Kottur, et al.."Learning Cooperative Visual Dialo. ents wi earning." arXiv preprint arXiv:1703.06585 (2017).
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Learning Cooperative Visual Dialog Agents
with Deep Reinforcement Learning
Policy Networks for Q-BOT and A-BOT:

324 — [Ia ¢, q1,01,...,4t—1,0¢t-1, Qt]

A A
y F t—1 S t—1
, G ‘
Are there any animals? : Glasstian | History
""""""""""""""""" & Encoder Encoder
qt
__Yes, therearetwo elephants. [ | | Answer
a’t E 0 Decoder
, :
L
i Embedding o
e ] A-BOT
A A
F t S t
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Learning Cooperative Visual Dialog Agents
with Deep Reinforcement Learning
Policy Networks for Q-BOT and A-BOT:

8? = [C, ql,al,...,qt_l,at_l]
Q
S t—1
o ) :
2 Ouestion Are there any animals?
(] Decoder [~ | "~ "TTTTTTTTTTAmTTTTTTTTTTRS
E @ h 4 Q e’ qt
3 History _F £ Fact . qt Y th t lephant
= Encoder [ Embedding [ ay k---- €s, there are two elepnhants.
& a¢
Feature
> Regression
Q_BOT Netwaork .
Reward
@ L {onza_om
t Yt

A.Das, S. Kottur, et al..

'Learning Cooperative Visual Dialog Agents with Deep Reinforcement Learning.

"arXiv preprint arXiv:1703.06585 (2017).
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Learning Cooperative Visual Dialog Agents
with Deep Reinforcement Learning
Policy Networks for Q-BOT and A-BOT:

8% = [, QisBiise » y Qoiy Byi] 5 =Ly, e n i 1908150
) A A
S Y Hy S!,—l
o
_TE .| Question Question J|  History
2 ® Decoder Encoder Encoder
o
. - ¥ &)
2| P i i
o — Histor et Fact .
5 ~ Enoodgr i Embedding [ Answer
2 i Decoder
Feature
> Regression 1t Fact
Q-BOT Network » < ;|| Embedding _l
Reward
@ ~ 01,209, 057) N Function y ,
5, i unctio F{jl S{l
i ~ 2 ~ 112
Asingle fc layer re() = 1y = fe-allz — 197" — dell3

A.Das, S. Kottur, et al.. "Learning Cooperative Visual Dialog Agents with Deep Reinforcement Learning." arXiv preprint arXiv:1703.06585 (2017).
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Learning Cooperative Visual Dialog Agents
with Deep Reinforcement Learning

Results:

95%

94%

Percentile
g @ g§ @
£ S 3 I

2]
w
&

BE8%

RL-full-QAf

Frozen-f

Frozen-A
. Frozen-Q
" SlL-pretrained

6 8

4
Dialog Round
(a) Guessing Game Evaluation.
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Summary



A new language-image task called “ Visual Question Answering”
o Canmachines see images, reason and answer to questions like human?

Various approaches

O language-image embedding
O Attention mechanism

a Compositional models

Dataset bias
o Can exploit answer distribution biases
2 High question-answer correlation

Further development
a More Balanced dataset
O Emphasis on visual features
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Thank you for your attention!
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