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Introduction

What is Visual Question Answering (aka VQA)?

The objective of a VQA model combines visual and textual features
in order to answer questions grounded in an image.

What’s in the background? Where is the child sitting?
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Classic Approaches to VQA

Most approaches combine Convolutional Neural Networks
(CNN) with Recurrent Neural Networks (RNN) to learn a
mapping directly from input images (vision) and questions to
answers (language):

Visual Question Answering: A Survey of Methods and Datasets. Wu et al (2016)
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Evaluation [1]

Acc(ans) = min

(
1;

#{humans provided ans}
3

)
An answer is deemed 100% accurate if at least 3 workers provided
that exact answer.

Example: What sport can you use this for?

# {human provided ans}: race (6 times),
motocross (2 times), ride (2 times)

Predicted answer: motocross

Acc (motocross): min(1, 2
3) = 0.66

[1] VQA: Visual Question Answering. Agrawal et al. (ICCV 2015)
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VQA Models - State-of-the-Art

Major breakthrough in VQA (models and real-image dataset)

Accuracy Results:
DAQUAR [2] (13.75 %), VQA 1.0 [1] (54.06 %), Visual Madlibs [3] (47.9 %), Visual7W [4] (55.6 %),
Stacked Attention Networks [5] (VQA 2.0: 58.9 %, DAQAUR: 46.2 %), VQA 2.0 [6] (62.1 %), Visual
Genome [7] (41.1 %), Up-down [8] (VQA 2.0: 63.2 %), Teney et al. (VQA 2.0: 63.15 %), XNM Net [9]
(VQA 2.0: 64.7 %), ReGAT [10] (VQA 2.0: 67.18 %), ViLBERT [11] (VQA 2.0: 70.55 %), GQA [12]
(54.06 %)

[2] Malinowski et al, [3] Yu et al, [4] Zhu et al, [5] Yang et al., [6] Goyal et al, [7] Krishna et al, [8]
Anderson et al, [9] Shi et al, [10] Li et al, [11] Lu et al, [12] Hudson et al
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Limitations

I Answers are required to be in the image.
I Knowledge is limited.
I Some questions cannot be correctly answered as some levels

of (basic) reasoning is required.

Alternative strategy: Integrating external knowledge such as do-
main Knowledge Graphs.

What sort of vehicle uses When was the soft drink
this item? company shown first created?
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Knowledge-based VQA models - State-of-the-Art

I Exploiting associated facts for each question in VQA
datasets [18], [19];

I Identifying search queries for each question-image pair and
using a search API to retrieve answers ([20], [21]).

Accuracy Results:
Multimodal KB [17] (NA), Ask me Anything [18] (59.44 %), Weng et al (VQA 2.0: 59.50 %), KB-VQA
[19] (71 %), FVQA [20] (56.91 %), Narasimhan et al. (ECCV 2018) (FVQA: 62.2 %) , Narasimhan et
al. (Neurips 2018) (FVQA: 69.35 %), OK-VQA [21] (27.84 %), KVQA [22] (59.2 %)

[17] Zhu et al, [18] Wu et al, [19] Wang et al, [20] Wang et al, [21] Marino et al, [22] Shah et al
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Our Contribution

Yet Another Knowledge Base-driven Approach? No.

I We go one step further and implement a VQA model that
relies on large-scale knowledge graphs.

I No dedicated knowledge annotations in VQA datasets
neither search queries.

I Implicit integration of common sense knowledge through
knowledge graphs.
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Knowledge Graphs (1)

I Set of (subject, predicate, object – SPO) triples - subject and
object are entities, and predicate is the relationship holding
between them.

I Each SPO triple denotes a fact, i.e. the existence of an actual
relationship between two entities.
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Knowledge Graphs (2)

I Manual Construction - curated, collaborative
I Automated Construction - semi-structured, unstructured

Right: Linked Open Data cloud - over 1200 interlinked KGs en-
coding more than 200M facts about more than 50M entities.
Spans a variety of domains - Geography, Government, Life Sciences,
Linguistics, Media, Publications, Cross-domain.
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Problem Formulation
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Our Machine Learning Pipeline

V: Language-attended visual features.
Q: Vision-attended language features.
G: Concept-language representation.
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