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Solving this task interesting for:
- Study of deep learning models in a multimodal context 
- Improving human-machine interaction
- One step to build visual assistant for blind people

Deep ML
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Deep ML for object localization: from 
pixel to labels 

WILDCAT: Weakly Supervised Learning of Deep ConvNets…, T. Durand, T. Mordan, N. Thome, M. Cord, CVPR 2017 
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Context: Vision and Language

@Feifei



Context: Vision and Language

Language 
description/complexity

Vision and Language: from keywords to sentence …
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Deep semantic-visual embedding

ConvNet RNN



ConvNet RNN

Deep semantic-visual embedding

Semantic of distance
Retrieval by NN



A cat on 
a sofa A dog 

playing

A car

2D Semantic visual space example:
• Distance in the space has a semantic interpretation
• Retrieval is done by finding nearest neighbors

Deep semantic-visual embedding



• Designing image and text embedding architectures

• Learning scheme for these deep hybrid nets

Deep semantic-visual embedding



Visual pipeline:

• ResNet-152 pretrained

• Weldon spatial pooling

• Affine projection 

• normalization

Textual pipeline:

• Pretrained word embedding 

• Simple Recurrent Unit (SRU)

• Normalization

ResNet conv pool
affine+
norm.

(a, man, in, ski, gear,
skiing, on, snow)

w2v SRU+norm

!0: 2 and ϕ are	the	trained	parameters

Deep semantic-visual embedding
DeViSE: A Deep Visual-Semantic Embedding Model, A. Frome et al, NIPS 2013

Finding beans in burgers: Deep semantic-visual embedding with localization, 
M. Engilberge et al, CVPR 2018 

RNN
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Some results

ConvNet RNN



How to get large training datasets?

Learning Cross-modal Embeddings for Cooking Recipes and Food Images. A. Salvador, et al. CVPR 2017 
Cross-modal retrieval in the cooking context: Learning semantic text-image embeddings M. Carvalho, R. Cadene, D. 
Picard, L. Soulier, N. Thome, M. Cord, SIGIR (2018) 

Cooking recipes: easy
to get large 
multimodal datasets
with align data

https://arxiv.org/abs/1804.11146


Deep semantic-visual embedding

Demo
Visiir.lip6.fr
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VQA

Context - Vision and Language MUTAN Experiments References

Visual Question Answering

Very complex task, that requires :

precise image and text models
high level interaction modeling

What color is the fire hydrant
on the right ? yellow

What color is the fire hydrant
on the left ? green

full scene understanding
reasoning
...

MLIA/LIP6 activities on Visual Question Answering 14/46

What color is the fire Hydrant on the 
left?
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Visual Question Answering

Very complex task, that requires :

precise image and text models
high level interaction modeling

What color is the fire hydrant
on the right ? yellow

What color is the fire hydrant
on the left ? green

full scene understanding
reasoning
...

MLIA/LIP6 activities on Visual Question Answering 14/46

What color is the fire Hydrant on the 
right?

Yellow



woman
Different answers

Similar images

man

Who is wearing glasses?

@VQA workshop, CVPR 2017

ÞNeed very good Visual and Question (deep) representations
Þ Full scene understanding

ÞNeed High level multimodal interaction modeling
ÞMerging operators, attention and reasoning



Vanilla VQA scheme: 2 deep + fusion

Question Representation Image



VQA System Yes
Question: Is the lady with the 

blue fur wearing glasses ?

VQA: the output space



VQA

Classes
Question: Is the lady with the 

blue fur wearing glasses ?

Image 
representation

Question 
representation

VQA: the output space



Image
● Convolutional Network (VGG, ResNet,....) 
● Detection system (EdgeBoxes, Faster-RCNN, …)

Question
● Bag-of-words
● Recurrent Network (RNN, LSTM, GRU, SRU, …)

Learning
● Fixed answer vocabulary
● Classification (cross-entropy) 

VQA processing

Multimodal 
Fusion

Reasoning



Fusion in VQA



VQA: fusion

Fusion
Concat+ Proj

Element-Wise 
Concat+MLP
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VQA: bilinear fusion
[Fukui, Akira et al. Multimodal Compact Bilinear Pooling for Visual Question 
Answering and Visual Grounding, CVPR 2016] 
[Kim, Jin-Hwa et al. Hadamard Product for Low-rank Bilinear Pooling, ICLR 2017]

Bilinear model:



VQA: bilinear fusion

Learn the 3-ways Tensor coeff. 
– Different than the Signal Proc. Tensor analysis 

(representation)

Problem: q, v and y are of dimension ~ 2000
=> 8 billion free parameters in the Tensor

Need to reduce the Tensor Size:
– Idea: structure the tensor to reduce the number of 

parameters



Tucker decomposition: 

Tensor structure:

⇔ constrain the rank of each unfolding of 

VQA: bilinear fusion
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Compact Bilinear 

Pooling 

(MCB)

Low-Rank 

Bilinear Pooling

(MLB)

Tucker 

Decomposition

(MUTAN)

Other ways of structuring the tensor of parameters

VQA: bilinear fusion

Ben-younes H.* Cadene R.*, Thome N., Cord M.,  MUTAN: Multimodal Tucker Fusion for Visual Question Answering, ICCV 2017



MCB
Fukui, Park, Yang, Rohrbach et al, Multimodal Compact Bilinear Pooling for 

Visual Question Answering and Visual Grounding, CVPR 2016
MLB

Kim et al., Hadamard product for low-rank Bilinear Pooling, ICLR 2017
MUTAN

Ben-younes H., Cadene et al., MUTAN: Multimodal Tucker Fusion for Visual 
Question Answering, ICCV 2017
MFB

Zhou et al., Multi-modal Factorized Bilinear Pooling with Co-Attention 
Learning for Visual Question Answering
MFH

Zhou et al., Beyond Bilinear: Generalized Multi-modal Factorized High-order 
Pooling for Visual Question Answering

VQA: bilinear fusion



Comparing fusion schemes on the VQA2.0 
Dataset

VQA: bilinear fusion



Reasoning in VQA



What is reasoning (for VQA)?
● Attentional reasoning: given a certain context (i.e. Q), focus 

only on the relevant subparts of the image
● Relational reasoning: object detection + mutual relationships 

(spatial, semantic,...), merging both with Q 
● Iterative reasoning: refining the attention step-by-step, each 

time extracting a different piece of information from the 
image

● Compositional reasoning: use Q to 1/ select elementary 
attentional blocks, and 2/ assemble their predictions

VQA: reasoning



Idea: focusing only on parts of the image relevant to Q
● Each region scored according to the question

● Representation = sum of all (weighted) embeddings

VQA: attentional  reasoning

What is sitting on the desk in front of the boys ?



MUTAN 
Fusion

MUTAN 
Fusion

What is sitting 
on the desk in 

front of the boys 
?

GRU

ResNet

“laptop”

Attention 
mechanism

Ben-younes H.* Cadene R.*, Thome N., Cord M.,  MUTAN: Multimodal Tucker Fusion 
for Visual Question Answering, ICCV 2017

VQA: attentional  reasoning



Multi-glimpse attention

We might want to focus separately on multiple regions

Where is the smoke 
coming from ?



MUTAN 
Fusion

MUTAN 
Fusion

Where is the 
smoke coming 

from ?
GRU

ResNet

“train”

Attention 
mechanism

Focus on the 
train

Focus on the 
smoke

Ben-younes H.* Cadene R.*, Thome N., Cord M.,  MUTAN: Multimodal Tucker Fusion for Visual Question Answering, ICCV 2017

Multi-glimpse attention



VQA 2.0 - Some examples



VQA: Attention process & reasoning

MUTAN: Multimodal Tucker Fusion for VQA, H. Ben-Younes, R. Cadene, N. Thome, M. Cord, ICCV conf. 2017 



VQA: Attention process & reasoning
Evaluation on VQA dataset:
Best MUTAN score of 
67.36% on test-std

Human performances about 
83% on this dataset 

The winner of the VQA 
Challenge in CVPR 2017 
(and CVPR 2018) integrates 
adaptive grid selection from 
additional region detection 
learning process 



Determine the answer using relevant objects and relationships

Bottom-up and Relational reasoning



Bottom-up and Relational reasoning



Iterative Reasoning

At least 3 elementary steps are required to answer 
the question

● Find bicycles
● Find the bicycle that has a basket
● Find what is in this basket

Stacked attention: iteratively refining visual 
attention and question representation

What are sitting in 
the basket on a 

bicycle ?

Zichao Yang et. al.,  Stacked Attention Networks for Image Question Answering, CVPR 
2016



At each step, the query-attention 
process extracts more fine-grained 
visual information

Stacked Attention



u0 = vQ

For k = 1..K :

Fusion of each image 
vector with the 

current u
Scores each 

region

Weighted sum

Update u

Distribution over 
answers using the 

last u

Initialize u with the 
question embedding

pI1 pI2

Stacked Attention



CLEVR Dataset

Question: What covers the ground ?

VQA System: 
“I don’t even need to look at the image, let’s just answer snow, as 

usual”

Johnson et al., CLEVR: A Diagnostic Dataset for Compositional Language and 
Elementary Visual Reasoning



The model need to be able to:

● Count
● Extract attributes
● Compare
● Perform logical operations
● Use memory

CLEVR Dataset



Decomposing Q into multiple elementary operations

- Each operation corresponds to a visual module
- Jointly learn each module’s weight and how to assemble the 

modules given a question

Ronghang Hu et. al., Learning to Reason: End-to-End Module Networks for Visual 
Question Answering,  ICCV 2017

Compositional reasoning



Generate a list of 
instructions from the 

question

Compositional reasoning



For some instructions, 
also generate attention 

over words 

Generate a list of 
instructions from the 

question

Compositional reasoning



Build a neural 
architecture from the 

instructions

Attended question are 
additional inputs to 

specific neural modules

For some instructions, 
also generate attention 

over words 

Generate a list of 
instructions from the 

question

Compositional reasoning



Forward-backward pass 
on the generated layout 

Build a neural 
architecture from the 

instructions

Attended question are 
additional inputs to 

specific neural modules

For some instructions, 
also generate attention 

over words 

Generate a list of 
instructions from the 

question

Compositional reasoning



Complex models mixing:
● Unimodal representations

○ CNN, Faster-RCNN,...
○ RNN, LSTM, GRU, SRU ...

● Multimodal fusion
○ Linear, Deep, Bilinear, ...

● Reasoning
○ Attention: Simple, Multi-glimpse, Stacked,...
○ Relational
○ Compositional: program generation

Complex datasets
● Bias in the annotation
● Non-trivial evaluation

○ How can we automatically say that an answer is false ?

Conclusion



VQA: Attention process & reasoning
Many initiatives to improve datasets 
and evaluate reasoning as:
VQA v2.0 dataset and challenge 2017
[Y. Goyal, D. Batra, D. Parikh, CVPR 2017]

CLEVR dataset [J. Johnson et al, CVPR 2017]
• Questions about visual reasoning including 

attribute identification, counting, comparison, 
spatial relationships, and logical operations.

TDIUC dataset and challenge (Task Driven
Image Understanding Challenge)
• Over 1.6 million questions organized into 12 

different categories
Visual dialogue task: a novel task that requires
an AI agent to hold a dialog with humans in 
natural, conversational language about visual
content.

Are there an equal number of large 
things and metal spheres? 



MLIA/Chordettes team: Matthieu Cord http://webia.lip6.fr/~cord
D.Picard (CNRS deleg), N. Thome (associate member), Arnaud Dapogny (Postdoc)

PhD T. Robert, T. Mordan, M. Blot, M. Carvahlo, H. BenYounes, R. Cadene, E. Mehr, M. Engilberge, 
Y. Chen, A. Saporta (ing) 

MUTAN: Multimodal Tucker Fusion for Visual Question Answering
H. Ben-Younes*, R. Cadene*, N. Thome, M. Cord, ICCV (2017) (*equal contrib.)
Pytorch code: https://github.com/Cadene

Our Deep Recipe Reco on your mobile:  visiir.lip6.fr

Recent refs. on Deep learning for Visual Recognition
- Deformable Part-based Fully Convolutional Network for Object Detection, T. Mordan, N. Thome, M. Cord, G. 

Henaff, BMVC 2017 (Best paper)
- WILDCAT: Weakly Supervised Learning of Deep ConvNets for Image Classification, Pointwise Localization and 

Segmentation, T. Durand, T. Mordan, N. Thome, M. Cord, CVPR 2017 
- WELDON: Weakly Supervised Learning of Deep Convolutional Neural Networks, T. Durand, N. Thome, M. Cord, 

CVPR 2016 
- Deep Neural Networks Under Stress, M. Carvalho, M. Cord, S. Avila, N. Thome, E. Valle, ICIP 2016
- LR-CNN for fine-grained classification with varying resolution, M Chevalier+, ICIP 2015
- Learning Deep Hierarchical Visual Feature Coding, H. Goh+, IEEE TNNLS 2014
- Sequentially generated instance-dependent image representations for classification, G Dulac-Arnold, L Denoyer, 

N Thome, M Cord, P Gallinari, ICLR 2014
- Top-Down Regularization of Deep Belief Networks, H. Goh, N. Thome, M. Cord, JH. Lim, NIPS 2013

http://webia.lip6.fr/~cord
http://webia.lip6.fr/~cord

