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Visual Question Answering e g Mo i i
Answer: No Answer: Yes

complementary scenes

Tuple: <girl, walking, bike>
Question: Is the girl walking the bike?

£ 4Image,Question, K Answer: 3 S Fl&, = JC4LF
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Visual Question Generation i s e

INPUT OQuUTPUT

Image Expected answer category Generated questions

object What is the person throwing?
What is on top of the person’s head?

attribute What material are those white pants made out of?
What color is the frisbee?

relationship What is the person on the right doing with the frisbee?
Did the person on the left throw or catch the frisbee?

. HlImage,text,>K question
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MUTAN: a bilinear model A
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Figure 2: MU usion scheme for global Visual QA. The prediction is modeled as a bilinear interaction between visual
and linguistic features, parametrized by the tensor 7. In MUTAN, we factorise the tensor 7 using a Tucker decomposition,
resulting in an architecture with three intra-modal matrices W, W, and W,,, and a smaller tensor 7 .. The complexity of

T . is controlled via a structured sparsity constraint on the slice matrices of the tensor.
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Ben-Younes, etal. MUTAN: Multimodal Tucker Fusion for Visual Question Answering, ICCV 2017
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MUTAN: a bilinear model oo
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MUTAN: a bilinear model oo

tucker 7 (75 1 SH 0 1)
T=((Tox1 W)X, W)x3 W

Il
0] D

- 5X1q T XV W) X3 W
?q V% q Vv W Vr _aﬁ

[] [] []
a= (T.Xq1q)Xyv

0. O ]
alk]=q 1c[:, o, kv (D)

Ben-Younes, et al. MUTAN: Multimodal Tucker Fusion for Visual Question Answering, I[CCV 2017
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tensor-based inference model b oapeden
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tensor-based inference model o
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tensor-based inference model o
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Experiments on Taxi Domain s larnda e
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Experiments on Taxi Domain
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