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Multimodal representations



Today
• Multimodal representations
• Joint representations
• Correlated representations

• Applications using multimodal representations
• Retrieval
• Translation



Multimodal 
representations



Multimodal Embeddings

“Unifying Visual-Semantic Embeddings with Multimodal Neural Language Models”
[Kiros, Salakhutdinov, Zemel TACL 2015]



Multimodal representations
• Joint (fused) representations

• Single combined representation space
• Early fusion 
• Can be learned supervised or unsupervised

• Coordinated representations
• Similarity-based methods (e.g. cosine distance)
• Structure constraints (e.g. orthogonality, 

sparseness)
• Examples: CCA, joint embedding

• Representations can be trained end-to-end 
for a task

<latexit sha1_base64="aAJBsSGcNZC53y3n/9ITtVL154s=">AAACK3icbVDLSsNAFJ34rPUVdelmsAgVpCRF0Y1Q6sZlBfuANoTJZNIOnUzCzEQsof/jxl9xoQsfuPU/nLRZ9OGBgXPPuZe593gxo1JZ1pexsrq2vrFZ2Cpu7+zu7ZsHhy0ZJQKTJo5YJDoekoRRTpqKKkY6sSAo9Bhpe8PbzG8/EiFpxB/UKCZOiPqcBhQjpSXXrPdCpAZekD6N3RDewKA8I9jncKaq6or5kZJzKj9zzZJVsSaAy8TOSQnkaLjmW8+PcBISrjBDUnZtK1ZOioSimJFxsZdIEiM8RH3S1ZSjkEgnndw6hqda8WEQCf24ghN1diJFoZSj0NOd2ZJy0cvE/7xuooJrJ6U8ThThePpRkDCoIpgFB30qCFZspAnCgupdIR4ggbDS8RZ1CPbiycukVa3YlxXr/qJUq+dxFMAxOAFlYIMrUAN3oAGaAINn8Ao+wKfxYrwb38bPtHXFyGeOwByM3z8LHaeP</latexit>

xm = f(x1,x2, . . . ,xn)

<latexit sha1_base64="EhuQVQyI/ylDBCJk4xpnHknPnKk=">AAAB+nicbVDLSsNAFL2pr1pfqS7dDBahbkoiii6LblxWsA9oS5hMJ+3QySTMTNQS+yluXCji1i9x5984abPQ1gMDh3Pu5Z45fsyZ0o7zbRVWVtfWN4qbpa3tnd09u7zfUlEiCW2SiEey42NFORO0qZnmtBNLikOf07Y/vs789j2VikXiTk9i2g/xULCAEayN5NnlwHOrvRDrkR+kj1PPPfHsilNzZkDLxM1JBXI0PPurN4hIElKhCcdKdV0n1v0US80Ip9NSL1E0xmSMh7RrqMAhVf10Fn2Kjo0yQEEkzRMazdTfGykOlZqEvpnMQqpFLxP/87qJDi77KRNxoqkg80NBwpGOUNYDGjBJieYTQzCRzGRFZIQlJtq0VTIluItfXiat05p7XnNuzyr1q7yOIhzCEVTBhQuoww00oAkEHuAZXuHNerJerHfrYz5asPKdA/gD6/MHYdmTbg==</latexit>

f1(x1)
<latexit sha1_base64="RA5vdvzoOLH8MRx9i18U8oIB/3I=">AAAB+nicbVDLSsNAFL3xWesr1aWbwSLUTUmKosuiG5cV7APaECbTSTt0MgkzE7XEfoobF4q49Uvc+TdO2yy09cDA4Zx7uWdOkHCmtON8Wyura+sbm4Wt4vbO7t6+XTpoqTiVhDZJzGPZCbCinAna1Exz2kkkxVHAaTsYXU/99j2VisXiTo8T6kV4IFjICNZG8u1S6NcqvQjrYRBmjxO/durbZafqzICWiZuTMuRo+PZXrx+TNKJCE46V6rpOor0MS80Ip5NiL1U0wWSEB7RrqMARVV42iz5BJ0bpozCW5gmNZurvjQxHSo2jwExOQ6pFbyr+53VTHV56GRNJqqkg80NhypGO0bQH1GeSEs3HhmAimcmKyBBLTLRpq2hKcBe/vExatap7XnVuz8r1q7yOAhzBMVTAhQuoww00oAkEHuAZXuHNerJerHfrYz66YuU7h/AH1ucPZPCTcA==</latexit>

f2(x2)

Adapted from slide by: Louis-Philippe Morency



Joint representation
• Simplest version: modality concatenation (early fusion)
• More complex: Deep multimodal autoencoders

<latexit sha1_base64="aAJBsSGcNZC53y3n/9ITtVL154s=">AAACK3icbVDLSsNAFJ34rPUVdelmsAgVpCRF0Y1Q6sZlBfuANoTJZNIOnUzCzEQsof/jxl9xoQsfuPU/nLRZ9OGBgXPPuZe593gxo1JZ1pexsrq2vrFZ2Cpu7+zu7ZsHhy0ZJQKTJo5YJDoekoRRTpqKKkY6sSAo9Bhpe8PbzG8/EiFpxB/UKCZOiPqcBhQjpSXXrPdCpAZekD6N3RDewKA8I9jncKaq6or5kZJzKj9zzZJVsSaAy8TOSQnkaLjmW8+PcBISrjBDUnZtK1ZOioSimJFxsZdIEiM8RH3S1ZSjkEgnndw6hqda8WEQCf24ghN1diJFoZSj0NOd2ZJy0cvE/7xuooJrJ6U8ThThePpRkDCoIpgFB30qCFZspAnCgupdIR4ggbDS8RZ1CPbiycukVa3YlxXr/qJUq+dxFMAxOAFlYIMrUAN3oAGaAINn8Ao+wKfxYrwb38bPtHXFyGeOwByM3z8LHaeP</latexit>

xm = f(x1,x2, . . . ,xn)



Joint representation: Early fusion
Fusion of features / representation

Image credit: Qi Wu

Adapted from slide by: Stefan Lee

All elements can interact.
More flexible, but lots of weights!



Joint representation: Early fusion

Slide credit: Stefan Lee

Multimodal Compact Bilinear Pooling for Visual Question Answering and Visual Grounding https://arxiv.org/pdf/1606.01847.pdf

Project outer product to a lower 
dimensional space

Avoid direct computation of other 
product

https://arxiv.org/pdf/1606.01847.pdf


Joint representation: Autoencoders
Deep Multimodal Autoencoders
• Useful for conditioning on one 

modality at test time
• Can be regarded as a form of 

regularization

Multimodal deep learning 
[Ngiam et al, ICML 2011]

Adapted from slide by: Leonid Sigal



Joint representation: Autoencoders
Deep Multimodal Autoencoders
• Each modality can be pre-trained
• using denoising autoencoder

• To train the model, reconstruct both 
modalities using 
• both Audio & Video 
• just Audio 
• just Video

Multimodal deep learning 
[Ngiam et al, ICML 2011]

Adapted from slide by: Louis-Philippe Morency



Correlated representations
Canonical correlation analysis (CCA)
• Find representations                           for each view that 

maximize correlation: 

Joint Embeddings
• Models that minimize distance between ground truth pairs of 

samples

<latexit sha1_base64="rdb0VGTysebJ2ijIqEhGJ+UjxUU=">AAACDXicbVDLSgNBEOyNrxhfqx69DEYhAQm7QdFj0IvHCOYBSVhmJ7PJkNkHM7NiWPIDXvwVLx4U8erdm3/jbLKHmFjQUFR1093lRpxJZVk/Rm5ldW19I79Z2Nre2d0z9w+aMowFoQ0S8lC0XSwpZwFtKKY4bUeCYt/ltOWOblK/9UCFZGFwr8YR7fl4EDCPEay05JgnnmOXuj5WQ9dLHieOXT5DnlOdl6plxyxaFWsKtEzsjBQhQ90xv7v9kMQ+DRThWMqObUWql2ChGOF0UujGkkaYjPCAdjQNsE9lL5l+M0GnWukjLxS6AoWm6vxEgn0px76rO9Mj5aKXiv95nVh5V72EBVGsaEBmi7yYIxWiNBrUZ4ISxceaYCKYvhWRIRaYKB1gQYdgL768TJrVin1Rse7Oi7XrLI48HMExlMCGS6jBLdShAQSe4AXe4N14Nl6ND+Nz1pozsplD+APj6xd88JqP</latexit>

f1(x1), f2(x2)
<latexit sha1_base64="GusqUmiBOc6I4QhNEVrPQS1yj4g="></latexit>

corr(f1(x1), f2(x2)) =
cov(f1(x1), f2(x2))p

var(f1(x1)) · var(f2(x2))

Adapted from slide by: Leonid Sigal



Canonical Correlation Analysis (CCA)
• Goal: Find representations                           for each view that 

maximize correlation: 

• Finding correlated representations can be useful for 
• Gaining insights into the data 
• Detecting of asynchrony in test data
• Removing noise uncorrelated across views 
• Translation or retrieval across views 

<latexit sha1_base64="rdb0VGTysebJ2ijIqEhGJ+UjxUU=">AAACDXicbVDLSgNBEOyNrxhfqx69DEYhAQm7QdFj0IvHCOYBSVhmJ7PJkNkHM7NiWPIDXvwVLx4U8erdm3/jbLKHmFjQUFR1093lRpxJZVk/Rm5ldW19I79Z2Nre2d0z9w+aMowFoQ0S8lC0XSwpZwFtKKY4bUeCYt/ltOWOblK/9UCFZGFwr8YR7fl4EDCPEay05JgnnmOXuj5WQ9dLHieOXT5DnlOdl6plxyxaFWsKtEzsjBQhQ90xv7v9kMQ+DRThWMqObUWql2ChGOF0UujGkkaYjPCAdjQNsE9lL5l+M0GnWukjLxS6AoWm6vxEgn0px76rO9Mj5aKXiv95nVh5V72EBVGsaEBmi7yYIxWiNBrUZ4ISxceaYCKYvhWRIRaYKB1gQYdgL768TJrVin1Rse7Oi7XrLI48HMExlMCGS6jBLdShAQSe4AXe4N14Nl6ND+Nz1pozsplD+APj6xd88JqP</latexit>

f1(x1), f2(x2)

<latexit sha1_base64="GusqUmiBOc6I4QhNEVrPQS1yj4g="></latexit>

corr(f1(x1), f2(x2)) =
cov(f1(x1), f2(x2))p

var(f1(x1)) · var(f2(x2))

Slide credit: Andrew, Arora, Bilmes, Livescu



Linear CCA
• Projections of representation 

Slide credit: Andrew, Arora, Bilmes, Livescu



• Classical technique to find linear correlated representations

• Select values for the first columns                     of the matrices                          
and        to maximize the correlation of the projections: 

• Subsequent pairs are constrained to be uncorrelated with 
previous components (i.e., for          )

Linear CCA

<latexit sha1_base64="jyrJ5kPuM6hZvgjP/uW1t6SNw4o=">AAAB7XicbVBNSwMxEJ34WetX1aOXYBE8lV1R9OCh6MVjBfsB7VKyabZNm02WJCuUpf/BiwdFvPp/vPlvTNs9aOuDgcd7M8zMCxPBjfW8b7Syura+sVnYKm7v7O7tlw4OG0almrI6VULpVkgME1yyuuVWsFaiGYlDwZrh6G7qN5+YNlzJRztOWBCTvuQRp8Q6qTHEN5jjbqnsVbwZ8DLxc1KGHLVu6avTUzSNmbRUEGPavpfYICPacirYpNhJDUsIHZE+azsqScxMkM2uneBTp/RwpLQrafFM/T2RkdiYcRy6zpjYgVn0puJ/Xju10XWQcZmklkk6XxSlAluFp6/jHteMWjF2hFDN3a2YDogm1LqAii4Ef/HlZdI4r/iXFe/holy9zeMowDGcwBn4cAVVuIca1IHCEJ7hFd6QQi/oHX3MW1dQPnMEf4A+fwAai44p</latexit>

j < i

<latexit sha1_base64="PYM1rstBZtLXUsacMBNoeC2WQzU=">AAACD3icbZDLSsNAFIYnXmu9RV26GSxKhVKSoiiuim5cVrAXaEOYTCft0MkkzEyUEvIGbnwVNy4UcevWnW/jpM2itv4w8POdc5hzfi9iVCrL+jGWlldW19YLG8XNre2dXXNvvyXDWGDSxCELRcdDkjDKSVNRxUgnEgQFHiNtb3ST1dsPREga8ns1jogToAGnPsVIaeSaJ+VegNTQ85PH1E3sypWdVuAsqmXo1DVLVtWaCC4aOzclkKvhmt+9fojjgHCFGZKya1uRchIkFMWMpMVeLEmE8AgNSFdbjgIinWRyTwqPNelDPxT6cQUndHYiQYGU48DTndmmcr6Wwf9q3Vj5l05CeRQrwvH0Iz9mUIUwCwf2qSBYsbE2CAuqd4V4iATCSkdY1CHY8ycvmlatap9XrbuzUv06j6MADsERKAMbXIA6uAUN0AQYPIEX8AbejWfj1fgwPqetS0Y+cwD+yPj6BTvxm4E=</latexit>

(w1,:1,w2,:1)
<latexit sha1_base64="kIZLB5Yw02LV9wZ9ZVIKHNxxNr0=">AAAB83icbVDLSsNAFL3xWeur6tLNYBFclaQouiy6cVnBPqApZTKdtEMnkzBzI5TQ33DjQhG3/ow7/8ZJm4W2Hhg4nHMv98wJEikMuu63s7a+sbm1Xdop7+7tHxxWjo7bJk414y0Wy1h3A2q4FIq3UKDk3URzGgWSd4LJXe53nrg2IlaPOE14P6IjJULBKFrJ9yOK4yDMOrNBfVCpujV3DrJKvIJUoUBzUPnyhzFLI66QSWpMz3MT7GdUo2CSz8p+anhC2YSOeM9SRSNu+tk884ycW2VIwljbp5DM1d8bGY2MmUaBncwzmmUvF//zeimGN/1MqCRFrtjiUJhKgjHJCyBDoTlDObWEMi1sVsLGVFOGtqayLcFb/vIqaddr3lXNfbisNm6LOkpwCmdwAR5cQwPuoQktYJDAM7zCm5M6L86787EYXXOKnRP4A+fzB/rAkaQ=</latexit>

W2
<latexit sha1_base64="RzeqBdQkYrnNPrTq5Q2RhZ/YleY=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiSi6LLoxmUF+4AmlMn0ph06mYSZiVBCf8ONC0Xc+jPu/BunbRbaemDgcM693DMnTAXXxnW/ndLa+sbmVnm7srO7t39QPTxq6yRTDFssEYnqhlSj4BJbhhuB3VQhjUOBnXB8N/M7T6g0T+SjmaQYxHQoecQZNVby/ZiaURjlnWnf61drbt2dg6wSryA1KNDsV7/8QcKyGKVhgmrd89zUBDlVhjOB04qfaUwpG9Mh9iyVNEYd5PPMU3JmlQGJEmWfNGSu/t7Iaaz1JA7t5CyjXvZm4n9eLzPRTZBzmWYGJVscijJBTEJmBZABV8iMmFhCmeI2K2EjqigztqaKLcFb/vIqaV/Uvau6+3BZa9wWdZThBE7hHDy4hgbcQxNawCCFZ3iFNydzXpx352MxWnKKnWP4A+fzB/k8kaM=</latexit>

W1

Slide credit: Andrew, Arora, Bilmes, Livescu



Linear CCA

Slide credit: Andrew, Arora, Bilmes, Livescu



Kernel CCA
Use non-linear functions for 
- Learns functions from any reproducing kernel Hilbert space 
- May use different kernels for each view 

- Using RBF (Gaussian) kernel in KCCA is akin to finding sets of 
instances that form clusters in both views
• Pros:

• Allow for non-linear functions 
• Can produce more highly correlated representations

• Cons:
• KCCA is slower to train
• KCCA model is more difficult to interpret
• Training set need to be stored and referenced at test time

Slide credit: Andrew, Arora, Bilmes, Livescu

<latexit sha1_base64="rdb0VGTysebJ2ijIqEhGJ+UjxUU=">AAACDXicbVDLSgNBEOyNrxhfqx69DEYhAQm7QdFj0IvHCOYBSVhmJ7PJkNkHM7NiWPIDXvwVLx4U8erdm3/jbLKHmFjQUFR1093lRpxJZVk/Rm5ldW19I79Z2Nre2d0z9w+aMowFoQ0S8lC0XSwpZwFtKKY4bUeCYt/ltOWOblK/9UCFZGFwr8YR7fl4EDCPEay05JgnnmOXuj5WQ9dLHieOXT5DnlOdl6plxyxaFWsKtEzsjBQhQ90xv7v9kMQ+DRThWMqObUWql2ChGOF0UujGkkaYjPCAdjQNsE9lL5l+M0GnWukjLxS6AoWm6vxEgn0px76rO9Mj5aKXiv95nVh5V72EBVGsaEBmi7yYIxWiNBrUZ4ISxceaYCKYvhWRIRaYKB1gQYdgL768TJrVin1Rse7Oi7XrLI48HMExlMCGS6jBLdShAQSe4AXe4N14Nl6ND+Nz1pozsplD+APj6xd88JqP</latexit>

f1(x1), f2(x2)



Deep CCA
• Use neural network to 

represent
• Can be trained end-to-end 

for a task

Compared with KCCA
• Training set can be 

disregarded once the 
model is learned
• Computational speed at 

test time is fast 

Slide credit: Andrew, Arora, Bilmes, Livescu

<latexit sha1_base64="rdb0VGTysebJ2ijIqEhGJ+UjxUU=">AAACDXicbVDLSgNBEOyNrxhfqx69DEYhAQm7QdFj0IvHCOYBSVhmJ7PJkNkHM7NiWPIDXvwVLx4U8erdm3/jbLKHmFjQUFR1093lRpxJZVk/Rm5ldW19I79Z2Nre2d0z9w+aMowFoQ0S8lC0XSwpZwFtKKY4bUeCYt/ltOWOblK/9UCFZGFwr8YR7fl4EDCPEay05JgnnmOXuj5WQ9dLHieOXT5DnlOdl6plxyxaFWsKtEzsjBQhQ90xv7v9kMQ+DRThWMqObUWql2ChGOF0UujGkkaYjPCAdjQNsE9lL5l+M0GnWukjLxS6AoWm6vxEgn0px76rO9Mj5aKXiv95nVh5V72EBVGsaEBmi7yYIxWiNBrUZ4ISxceaYCKYvhWRIRaYKB1gQYdgL768TJrVin1Rse7Oi7XrLI48HMExlMCGS6jBLdShAQSe4AXe4N14Nl6ND+Nz1pozsplD+APj6xd88JqP</latexit>

f1(x1), f2(x2)



Deep CCA

Slide credit: Andrew, Arora, Bilmes, Livescu

Extensions: Deep canonically correlated autoencoders (DCCAE) 



Correlated representations
Canonical correlation analysis (CCA)
• Find representations                           for each view that 

maximize correlation: 

Joint Embeddings
• Models that minimize distance between ground truth pairs of 

samples

<latexit sha1_base64="rdb0VGTysebJ2ijIqEhGJ+UjxUU=">AAACDXicbVDLSgNBEOyNrxhfqx69DEYhAQm7QdFj0IvHCOYBSVhmJ7PJkNkHM7NiWPIDXvwVLx4U8erdm3/jbLKHmFjQUFR1093lRpxJZVk/Rm5ldW19I79Z2Nre2d0z9w+aMowFoQ0S8lC0XSwpZwFtKKY4bUeCYt/ltOWOblK/9UCFZGFwr8YR7fl4EDCPEay05JgnnmOXuj5WQ9dLHieOXT5DnlOdl6plxyxaFWsKtEzsjBQhQ90xv7v9kMQ+DRThWMqObUWql2ChGOF0UujGkkaYjPCAdjQNsE9lL5l+M0GnWukjLxS6AoWm6vxEgn0px76rO9Mj5aKXiv95nVh5V72EBVGsaEBmi7yYIxWiNBrUZ4ISxceaYCKYvhWRIRaYKB1gQYdgL768TJrVin1Rse7Oi7XrLI48HMExlMCGS6jBLdShAQSe4AXe4N14Nl6ND+Nz1pozsplD+APj6xd88JqP</latexit>

f1(x1), f2(x2)
<latexit sha1_base64="GusqUmiBOc6I4QhNEVrPQS1yj4g="></latexit>

corr(f1(x1), f2(x2)) =
cov(f1(x1), f2(x2))p

var(f1(x1)) · var(f2(x2))

Adapted from slide by: Leonid Sigal



Discriminative Embeddings

Can use different distances

Adapted from slide by: Leonid Sigal



Discriminative Embeddings
Train network to minimize distance directly! Correct label

(more similar)
Other labels
(less similar)

Take care with signs depending on if D 
represents similarity or distance

Adapted from slide by: Leonid Sigal

<latexit sha1_base64="678ifA6hh/j6eOzDNAVQNRf1KGs="></latexit>

LC =
X

max(0,↵� S( (Ii),uyi) + S( (Ii),uyc))



Slide credit: Leonid Sigal

“A Unified Semantic Embedding: Relating Taxonomies and Attributes” (Hwang and Sigal, NIPS 2014)



Slide credit: Leonid Sigal



Slide credit: Leonid Sigal



Animals with attributes

Slide credit: Leonid Sigal



Interpretable representations

Slide credit: Leonid Sigal



From words to sentences
Sentence embedding

<latexit sha1_base64="v14eTwEGkytXeH5r/otSujYgdKo=">AAACAXicbVDLSsNAFJ3UV62vqBvBzWARKpSSiKLLohsXLirYBzQhTCaTdugkE2YmlhLqxl9x40IRt/6FO//GaZuFth64cDjnXu69x08Ylcqyvo3C0vLK6lpxvbSxubW9Y+7utSRPBSZNzBkXHR9JwmhMmooqRjqJICjyGWn7g+uJ334gQlIe36tRQtwI9WIaUoyUljzzwGlI6t1Whp5dhQ4LuJJVOPQGJ55ZtmrWFHCR2DkpgxwNz/xyAo7TiMQKMyRl17YS5WZIKIoZGZecVJIE4QHqka6mMYqIdLPpB2N4rJUAhlzoihWcqr8nMhRJOYp83Rkh1Zfz3kT8z+umKrx0MxonqSIxni0KUwYVh5M4YEAFwYqNNEFYUH0rxH0kEFY6tJIOwZ5/eZG0Tmv2ec26OyvXr/I4iuAQHIEKsMEFqIMb0ABNgMEjeAav4M14Ml6Md+Nj1low8pl98AfG5w9SpJWF</latexit>

 L(w1, . . . , wk)

Average
BoW (FCN) 

RNN
CNN

Transformers
GraphNN

Triplet based ranking loss:
𝑖, 𝑐 : matching

̂𝚤, 𝑐 , 𝑖, �̂� : not matching



Applications



Retrieval
• Text to image/video retrieval
• Image/video to text retrieval

MS COCO

Flicker 8k, Flicker 30k



Retrieval

CUB Birds

“Learning Deep Representations of Fine-Grained Visual Descriptions” (Reed et al, CVPR 2016)



Retrieval
Match image region to 
language

Localizing moments in video with temporal language 
(Hendricks et al, EMNLP, 2018)

Natural Language Object Retrieval 
(Hu et al, CVPR 2016)

Match video frames to language



Retrieval: Phrase localization 

Learning Two-Branch Neural Networks for Image-Text Matching Tasks
(Wang et al, TPAMI 2018)



33

Translation (image to text)

Convolutional Neural Network

Recurrent Neural Network

“Deep Visual-Semantic Alignments for Generating Image Descriptions” (Karpathy and Fei-Fei, CVPR 2015)



34

Translation (text to image)

“Generative Adversarial Text to Image Synthesis” (Reed et al, ICML 2016)



35

Translation (text to image)

“Generative Adversarial Text to Image Synthesis” (Reed et al, ICML 2016)



Text and shape

Text2shape: Generating shapes from natural language by learning joint embeddings
Chen et al, ACCV 2018



Words and actions

Action2Vec: A Crossmodal Embedding Approach to Action 
Learning (Hahn,et al, CVPR Deep Vision Workshop 2018)



38

Next time

● Paper presentations and discussion (Monday 1/25) 

○ (Ke) DeVISE: A Deep Visual-Semantic Embedding Model 

○ Deep Multimodal Embedding: Manipulating Novel Objects with Point-
clouds, Language and Trajectories 

● Paper critiques due by midnight Sunday 1/24


