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What is Visual Question Answering (VQA)?
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[Antol et al. ICCV 2015]

VQA v1 Dataset

What color are her eye?
What is the mustache made of?

How many slices of pizza are there?
Is this a vegetarian pizza?

Does it appear t b riny? )
Does this person have 20/20 vision?

Is this person expecting company?
What is just under the tree?
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Problem with existing setup + models

Today’s VQA models —
* are driven by superficial correlations in training data
* lack sufficient image grounding

[Agrawal et al. EMNLP 2016]
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Problem with existing setup + models

Train
Q: What room is this?

A: Kitchen

Training Prior
Q-type: What room is
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Problem with existing setup + models

Train Test
Q: What room is this? Q: What room is this?

A: Kitchen

Training Prior
A: Bathroom

Q-type: What room is
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Problem with existing setup + models

Train Test

Q: What room is this? Q: What room is this?

Training Prior
A: Kitchen A: Bathroom

Q-type: What room is

Prediction
Kitchen
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Problem with existing setup + models

* |ID splits = similar priors in train and test
* Memorization of priors does not hurt as much
* Problematic for benchmarking progress
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A novel VQA Split
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Meet VQA-CP!

* New splits of the VQA v1 and VQA v2 datasets
* Visual Question Answering under Changing Priors (VQA-CP v1/v2)



VQA-CP Train Split VQA-CP Test Split

J—
oS8P
surfing 4 | suring
frisbee | i .
baseball soccer
| baseball
|
N
N
. [
tennis |
I skiing
IS §
S R
g &
(' . < (
<
Al _J




VQA-CP Train Split

VQA-CP Test Split
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VQA-CP creation

Train
(“What color is the dog?”, “white”)
(“What color is the cat?”, “black”)

Test

(“What color is the plate?”, “white”)
(“What color is the bag?”, “black”)



VQA-CP creation

Train
(“What color is the dog?”, “white”)
(ll t’]e Cat?”’ o ”)

(“What color is the plate?”, “white”)
fest the bag?”, “ ”)
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Performance of VQA models on VQA-CP

Model Dataset Overall

d-LSTM Q + norm I VQA vl 54.40 1 31%
(Antol et al. ICCV15) VQA-CP vl 23511 7070
NMN VQA vl 54.83 7 259,
(Andreas et al. CVPR16) VQA-CP vl 20 64 . V- 0
SAN VQA vl 55.867 _12Q0
(Yang et al. CVPR16) VQA-CP vl 26.88 - 29%’
MCB VQA vl 60.97 L 227%

(Fukui et al. EMNLP16) VQA-CP v1 34.39-
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A novel VQA model
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Grounded Visual Question Answering (GVQA) Model

* Inductive biases in model architecture to prevent relying on priors

* Designed to disentangle:
e What can be said? Q: What room is this?
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Grounded Visual Question Answering (GVQA) Model

* Inductive biases in model architecture to prevent relying on priors

* Designed to disentangle:
e What can be said? Q: What room is this?

 What should be recognized?
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GVQA

Visual Concept Classifier (VCC)
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GVQA

Visual Concept Classifier (VCC)

Att Hop1 AttHop 2 Concepts
grouped into
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VGG - . ] person
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GVQA

* Disentangles visual recognition from answer-type prediction
* Explicitly enforces visual grounding
* No direct pathway from question to final answer



Results

Dataset Model Overall

VQA-CP vl GVQA o 39.23
SAN (Yang et al. CVPR16) 26.88

VQA-CP v2 GVQA o 31.30

SAN (Yang et al. CVPR16)

24.96

} ‘+12%

‘+6%
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GVQA's output

Train Test

Q: What room is this? Q: What room is this?

Training Prior
A: Kitchen A: Bathroom

Q-type: What room is

Prediction
Bathroom
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GVQA's output

Q: What color are the bananas?

B (Q-classifier  ACP VCC Answer
non yes/no color bananas
green green

many “
food
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GVQA's output

: ling?
Q: Is the person smiling’: O-classifier  CE VCC Answer

yes/no smiling smiling
yes

woiman J
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GVQA's output

Q: What color are his pants?
: Q-classifier

non yes/no

ACP VCC
color black
pants

]
dirt

Answer

black
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GVQA's output

Q: What color are his pants?




Results on the Original Splits
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Model VQA vl
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Results on the Original Splits

Model VQA vl

SAN 55.86 1_5%

GVQA 51.12

Dataset Model Overall

VQA-CP vl GVQA 39.23 ]12% cain
SAN 26.88

44



Results on the Original Splits

Model VQA vl VQA v2

SAN 55.86 52.02
GVQA 51.12 48.24

| %




Results on the Original Splits

Model VQA vl VQA v2
Oracle (GVQA, SAN) 63.77 61.96 |- } ‘ )
+(3-5%

"‘+(8-10)%
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Results on the Original Splits

Model VQA vl VQA v2
Oracle (GVQA, SAN) 63.77 61.96
Oracle (SAN, SAN) 60.85 56.68

+(0.4-0.5%)
1%

Ensemble (GVQA, SAN) | |56.91 52.96 '}l J

SAN 55.86 52.02 | -
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Transparency

* GVQA has interpretable intermediate outputs
* Insights into why it is predicting what it is predicting
* Enables system designer to identify causes of error



T R AP

LI

Q: What season is it?
A: winter

SAN answers

summer X

SAN'’s attention map

GVQA answers

winter 4

GVQA’s attention map

VCC says:
white
skiing
winter

mountains

ACP says answer
should be a season
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Q: What is the most
prominent ingredient?

A: pasta

SAN answers

carrots X

SAN’s attention map

GVQA answers

carrots X

GVQA’s attention map

VCC says:
carrots
pasta
green
plate

ACP says answer
should be a
vegetable
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Outline
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Summary

* Models largely driven by superficial correlations
* A new split of the VQA dataset -- VQA-CP

* A novel Grounded VQA model — GVQA
* Moving forward: best of both worlds — priors + grounding



Dataset, model and code at:
www.cc.gatech.edu/~aagrawal307/vga-cp/

Thank you!
Questions?



