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" |nvestigate leveraging Scene Graphs (SGs) for visual " Dataset: Enhanced Visual Genome (qaVG) [2,3]
question answering (Visual QA) = Evaluation: Selecting accuracy from 7 candidate answers

= Scene Graphs:

Adapt Graph Networks (GNs) [1] to perform structured > human-annotated (Visual Genome, VG) [3]
computations on SGs » machine-generated (Neural Motifs, NM) [4]
Conduct comprehensive empirical studies of GNs on the - ;e?tureszlzﬁg dimm ResNet-152 (from ImageNet)

: : mage: 2,048-dim ResNet- rom ImageNet
Visual Genome dataset [2'3]' demonstratlng that SGs can » Question and answers: 300-dim averaged Word2Vec (from Google News)
benefit VVisual QA on various question types
Analyze GNs-based models to reveal the reasoning

= Qverall accuracy (%): NG: no graphs. N: node names. A: attributes.

orocess on SGs for explainable Visual QA 43.3 579 605 62.2 E 583 60.5 619 62.6 60.1
] I J.
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= Existing work on Visual QA with object relationships or SGs:
» Mainly experiment on synthetic dataset = No natural images
» Integrate multiple techniques = Are SGs effective?

= Scene graph can benefit Visual QA on various question types
» w/o image features, SGs improve all question types but when
» Even w/ image features, SGs largely improve what, who, and number
» Node attributes benefit color
» VG SGs are better than NM SGs except for number

" Qur observation: Images can be abstractly represented by SGs
» Nodes: object names and attributes
» Edges: object relationships

Question type What Color Where Number How Who When Why Overall
| man Percentage (46%) (14%) (17%) (B8%) (B%) (5%) (4%) (3%) (100%)

oe beh'“'d s NG T (q.0] 403 506 362 520 41.1 37.6 832 395 433

-~ ‘ -~ Question: What is the NG + (1,q,c)| 57.8 59.5 59.1 555 454 56.6 84.6 48.3 58.3

» pesider™” L man jumping over? NMN) +(.q.0)| 594 582 603 634 543 66.6 853 48.1 605

Leaping\  hand | VG(N) + .(q, C) 6:_.6 540 624 58.6 459 63.9 83.2 50.3 60.5

| 1 Answer: A hydrant. VG(N) + (i,q,¢)| 61.1 614 623 594 543 67.5 853 489 61.9

SidetA, OVEr VG(N,A) + (,q,c)| 614 638 626 615 548 67.5 848 496 626
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hydrant " GNs without edges: reduces 1.2%4,, justifying the need to take the
Can we improve Visual QA via SGs? relationships between the nodes into account for Visual QA

» How to leverage SGs for Visual QA? > Graph Networks [1] | | ========= === s e e e e e e e e

> Do we have high-quality SGs for Visual QA? = VG [3] v.s. NM [4] " GN-based models can implicitly attend to nodes and edges that

are related to the questions

» How would SGs improve Visual QA? —> Empirical study on VG
VG Graph

A comprehensive study on leveraging Scene Graphs for
Visual QA without applying attention and multimodal
fusion mechanisms
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Full Graph

GN-based Visual QA with Scene Graphs
g=(V, E): scene graph

g=(V E’) g=(V', E’) g=(V', E’)
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u: global feature u: global feature
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Question: What is the man

jumping over?

Filtered Graph

Candidate Answer: A hydrant. Framework of the GN-based Multiple-Choice (MC) Visual QA

"= GNs can naturally encode SGs
» Nodes encode names (e.g., man) and attributes (e.g., colors)
» Edges encode relationships (e.g., behind or leaping over)
» Global # encodes the image i, question ¢, and candidate answers ¢

GNs perform graph-to-graph mapping with 3 updating procedures
» Edge update: E'=f£ (E, V, u)
» Node update: V'=fV (E’, V, u)
» Global update: u’=f“(E’, V", u)
" Theresulting (u', V', £') can be used for Visual QA, even for the open-
ended setting, or serve as the input to a subsequent GN block
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Future work: Visual features on nodes, and multimodal fusion & attention




