
1.  Context
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How to fuse two vectors in deep learning?
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Linear models (matrix) are a naive way to do it.
Bilinear models (tensor) are more expressive.
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Problem: ) has a huge amount of parameters

Contributions:
1. BLOCK layer using Block-term decomp. of )
2. New VQA and VRD architectures
3. Extensive experimentation on 3 datasets

4. Experimental Results2.    BLOCK Fusion

3.   Deep Architecture Design

Fusion layer VQA Ref. |7| Acc. Top1

Linear Sum 8M 58.48
Non-linear Concat MLP 13M 63.85

B + count-sketch MCB 32M 61.23
B + Tucker Tucker 14M 64.21

B + CP MLB 16M 64.88
B + low-rank on 3rd mode MFB 24M 65.56

B + Tucker + low-rank MUTAN 14M 65.19
Higher order MFH 48M 65.72

B + Block-term BLOCK 18M 66.41

MLB [2]MUTAN [1]
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github.com/Cadene/block.bootstrap.pytorch

pip install available
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) ∈ ℝ1×3×B ,;9 ∈ ℝC×D×E, <9 ∈ ℝ1×C, =9 ∈ ℝ3×D, ?9 ∈ ℝB×E

VQA architecture

VRD architecture

for Visual Question Answering
and Visual Relationship Detection

Visual Relationship DetectionVisual Question Answering

Question:   “In which country does
the scene take place?”

Answer: England 
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VRD model
Predicate 
Prediction

Phrase
Detection

Relationship
Detection

R@50  R@100 R@50  R@100 R@50  R@100

Li et al. 2017 - - 22.78 27.91 17.32 20.1
Liang et al. 2017 - - 21.37 22.60 18.19 20.79
Zhang et al. 2017 44.76 44.76 19.42 22.42 14.07 15.20

Lu et al. 2016 47.87 47.87 16.17 17.03 13.86 14.70
Peyre et al. 2017 52.60 52.60 17.90 19.50 15.80 17.10

Dai et al. 2017 80.78 81.90 19.93 23.45 17.73 20.88
BLOCK 86.58 92.58 26.32 28.96 19.06 20.96

Table1. Fusions comparaison on the VQA 2.0 dataset 

Table2. State-of-the-art comparaison on the VRD dataset 

Relationships:

Using the Block-term decomposition, we add a structural constraint to  
restrain the model complexity.

http://github.com/Cadene/block.bootstrap.pytorch

