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Unified architecture
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need to observe jointly with the linguistic exchange what these utterances refer to (e.g. the 
aliens’ behavior). On Earth, this could be images, video, social network interactions, etc. 
 

We propose in this project to develop a general computational model that is able to perform 
this seamless integration of multiple modalities in order to learn to understand human 
languages. Instead of tackling each modality separately, we believe that we will obtain better 
and semantically more grounded representations by learning from the joint occurences of 
different views or modalities. This unified framework is based on the principles of machine 
learning, where the computational model is not hand-designed for specific modalities but 
automatically learns from available data. A model resulting from this framework will be 
flexible so that it can be easily extended to include more sensory modalities without modality-
specific engineering and be able to learn from incomplete data which may lack some subsets 
of modalities. 
 

More specifically, we aim to tackle this problem of building a general computational model for 
multimodal learning by using deep neural networks. A deep neural network is a 
computational model consisting of many trainable nonlinear computational units 
interconnecting each other. Depending on the connectivity of those units, deep neural 
networks can be tuned with data to perform highly sophisticated tasks mapping from arbitrary 
input to output. Deep neural networks have shown excellent performance on various tasks, 
especially on those similar to human perception, such as object recognition/detection and 
speech recognition [Hinton et al. 2012, Krizhevsky et al. 2012]. More recently, they were 
found to excel also at language-related tasks such as machine translation and language 
modelling [Sutskever et  al 2014, Sebastien et al. 2014, Bahdanau et al. 2014]. Furthermore, 
this year (2014) a number of research groups reported the success in training deep neural 
networks to learn to map between two distinct sensory modalities, such as image-caption 
and image-tag. All these recent attempts at bimodal learning follow the framework of 
encoder-decoder [Cho et al. 2014], where the encoder neural network “reads” the sensory 
input and the decoder neural network “generates” a corresponding output. 
 

We plan to bring deep neural networks to a whole new level by designing a model that can 
work with any number of sensory modalities and is able to generate directly multiple 
modalities including languages and potentially speech. 

 
  

The project will be based on the encoder-decoder framework, where we extend it 
significantly to have multiple encoders and decoders, sharing a common, universal 
representation of different modalities including vision, speech and language. Furthermore, as 

Figure 1 Unified encoder/decoder architecture 
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Core concepts - 1/

¤Encoder/decoder approach 
¤ (very?) deep NN  
¤ with attention mechanism (?) 
¤ global vs. partial training of components 

¤ deal with incomplete data 
¤ supervised/unsupervised (!) 
¤ scalability 

¤ model might grow quickly
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Architecture
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Core concepts - 2/

¤Multimodality 
¤ speech, text, images 
¤ at input and output 

¤ speech and image synthesis is highly prospective 

¤Multilinguality 
¤ English, French, German, Spanish, Chinese, Arabic

6



Expected consequences

¤Define a semantic continuous vector space 
¤ human language understanding 
¤ globally optimized 

¤Help systems trained on low-resourced languages 
¤ continuous representation will benefit from well-resourced 

languages 

¤ Improve results with multiple modalities and languages 
¤ incomplete information in one modality can be provided 

by another modality
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