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A Analyze thebiasin Visual QA datasets that hinders
knowledge transfer

A Propose alomain adaptationalgorithm:
(1) transform target data to match distribution
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Dataset bias

Guestion:
Who leads
the parade?

Candidates:
The mayor.

The clowns.

The governor.

Q/Iotorcycle cop/
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A Name that dataset!

KQuestion:

- KMotorcycle. -
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What type of
bike is this?

Candidates:
No.

Bike for two.
Kingfish.
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A Poor crosslataset generalizationfMLP model [6])

Training\ Testing

Visual 7W

VOA

Visual 7W
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VOA:
remove Yes/Nao
examples

Methodology
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Cross-Dataset Adaptation for Visual Question Answering
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Training (Source domain: SD)
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Testing (Target domain: TD)

CQ: Where are they?

T: Baseball courtj

Q: What Is the
animal?

eC=T, fSD(I,Q,C) —Horse
:’C, T, fSD(LQ’C) ®Dog

argmax; , fo ( 1,Q,G
Q & C (a candidate) are encoded by BoW MI\I .

Experiments

5 Visual QA datasets [4,16,27,33,50]
(all use MSCOCO Iimages)

Visual Genome (VG)

\_ [ueva017] )

DAQUAR 1553
What is there i

\COCOQA [NIPS 2015]j

VQA-, VQA2-: remove Yes/No examples

VQA2 [CVPR 2017]/
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VQA- [4] A Visual7W [50] (original datasets)
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The source’s model won’t be re-trained!

Learn

from TD to SD
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Transfer across 5 “revised” datasets [6]: TD with [Q+T+D] and 1/16 data
Visual7W VQA™ VG COCOQA VQA2™
Training/Testing | Direct DA Within | Direct DA Within | Direct DA Within | Direct DA Within | Direct DA Within
Visua7W | 520 - - | 456 480 43.1 | 49.1 494 480 | 580 63.1 652 | 439 455 436
VQA~ 46.1 49.1 397 | 537 - - | 448 474 480 [ 590 634 652 | 507 50.6 43.6
VG 58.1 583 397 | 526 546 43.1 | 585 - - | 655 688 652 | 50.1 513 436
COCOQA | 30.1 355 397 | 35.1 404 43.1 | 29.1 33.1 48.0 | 75.8 - - 333 375 436
VQA2™ 48.8 50.8 397 | 552 553 43.1 | 473 49.1 480 | 603 649 652 [ 538 - i
N , Analysis:
Source domain | Target domain , _
, AVG (COCOQA) generalizes the best (worst).
|448 47.4  46.1 49.1 59.0 63.4 , o
ACOCOQA is improved the most.
VQA- I Conclusion:
"-t A Our method is robust and widely applicable.
Visual7W COCOQA
Adaptation: . .
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