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A new way of learning?

“Self-supervised learning obtains supervisory signals from the data itself, 
often leveraging the underlying structure in the data. The general technique
of self-supervised learning is to predict any unobserved or hidden part (…) 
of the input from any observed or unhidden part of the input”

Self-supervised Learning 101
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A new way of learning?

“Self-supervised learning obtains supervisory signals from the data itself, 
often leveraging the underlying structure in the data. The general technique
of self-supervised learning is to predict any unobserved or hidden part (…) 
of the input from any observed or unhidden part of the input”

This sentence brings us straight to
Masked Pre-Training and its success in NLP

The MLLS center conducts basic machine learning research

Example

each dimension is denoted as token

<latexit sha1_base64="PeD4rBhnwEcvOMcTCpT3N1qiGvA=">AAAB+HicbVDLSsNAFL3xWesrKq7cDBbBVUlE1I1QdOOygn1AE8JkOmmHTjJhZiLW0H/Rlag7v8Mf8G+c1Cy09WzmzD3nwrknTDlT2nG+rIXFpeWV1cpadX1jc2vb3tltK5FJQltEcCG7IVaUs4S2NNOcdlNJcRxy2glH14XeuadSMZHc6XFK/RgPEhYxgrUZBfa+FwreV+PYPPnDJGDoEnl5YNecujMFmiduSWpQohnYn15fkCymiSYcK9VznVT7OZaaEU4nVS9TNMVkhAe0Z2iCY6r8fBp/go4iIZEeUjT9//bmOFZFNuOJsR6qWa0Y/qf1Mh1d+DlL0kzThBiL0aKMIy1Q0QLqM0mJ5mNDMJHMpERkiCUm2nRVNee7s8fOk/ZJ3T2ru7entcZVWUQFDuAQjsGFc2jADTShBQRyeIY3eLcerSfrxXr9sS5Y5c4e/IH18Q35jpM3</latexit>

xi = {
<latexit sha1_base64="gxsDgOdV8yZClDLVULiTa81sfCg=">AAAB43icbZDLTgJBEEVr8IX4Ql266UhMXJEZY9Ql0Y1LNPJIgJCepgY69DzSXWNCJnyBroy684/8Af/GBmeh4F2drns7qVt+oqQh1/1yCiura+sbxc3S1vbO7l55/6Bp4lQLbIhYxbrtc4NKRtggSQrbiUYe+gpb/vhm5rceURsZRw80SbAX8mEkAyk42dF9d9ovV9yqOxdbBi+HCuSq98uf3UEs0hAjEoob0/HchHoZ1ySFwmmpmxpMuBjzIXYsRjxE08vmm07ZSRBrRiNk8/fvbMZDYyahbzMhp5FZ9GbD/7xOSsFVL5NRkhJGwkasF6SKUcxmhdlAahSkJha40NJuycSIay7InqVk63uLZZeheVb1Lqre3Xmldp0foghHcAyn4MEl1OAW6tAAAQE8wxu8O+g8OS/O60+04OR/DuGPnI9vkziLAg==</latexit>

}
8-dimensional observation

Self-supervised Learning 101
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A new way of learning?

“Self-supervised learning obtains supervisory signals from the data itself, 
often leveraging the underlying structure in the data. The general technique
of self-supervised learning is to predict any unobserved or hidden part (…) 
of the input from any observed or unhidden part of the input”

This sentence brings us straight to
Masked Pre-Training and its success in NLP

The [XXX] center conducts [XXX] [XXX] learning research

Example
<latexit sha1_base64="PeD4rBhnwEcvOMcTCpT3N1qiGvA=">AAAB+HicbVDLSsNAFL3xWesrKq7cDBbBVUlE1I1QdOOygn1AE8JkOmmHTjJhZiLW0H/Rlag7v8Mf8G+c1Cy09WzmzD3nwrknTDlT2nG+rIXFpeWV1cpadX1jc2vb3tltK5FJQltEcCG7IVaUs4S2NNOcdlNJcRxy2glH14XeuadSMZHc6XFK/RgPEhYxgrUZBfa+FwreV+PYPPnDJGDoEnl5YNecujMFmiduSWpQohnYn15fkCymiSYcK9VznVT7OZaaEU4nVS9TNMVkhAe0Z2iCY6r8fBp/go4iIZEeUjT9//bmOFZFNuOJsR6qWa0Y/qf1Mh1d+DlL0kzThBiL0aKMIy1Q0QLqM0mJ5mNDMJHMpERkiCUm2nRVNee7s8fOk/ZJ3T2ru7entcZVWUQFDuAQjsGFc2jADTShBQRyeIY3eLcerSfrxXr9sS5Y5c4e/IH18Q35jpM3</latexit>

xi = {
8-dimensional observation

iteration 1

Self-supervised Learning 101

<latexit sha1_base64="gxsDgOdV8yZClDLVULiTa81sfCg=">AAAB43icbZDLTgJBEEVr8IX4Ql266UhMXJEZY9Ql0Y1LNPJIgJCepgY69DzSXWNCJnyBroy684/8Af/GBmeh4F2drns7qVt+oqQh1/1yCiura+sbxc3S1vbO7l55/6Bp4lQLbIhYxbrtc4NKRtggSQrbiUYe+gpb/vhm5rceURsZRw80SbAX8mEkAyk42dF9d9ovV9yqOxdbBi+HCuSq98uf3UEs0hAjEoob0/HchHoZ1ySFwmmpmxpMuBjzIXYsRjxE08vmm07ZSRBrRiNk8/fvbMZDYyahbzMhp5FZ9GbD/7xOSsFVL5NRkhJGwkasF6SKUcxmhdlAahSkJha40NJuycSIay7InqVk63uLZZeheVb1Lqre3Xmldp0foghHcAyn4MEl1OAW6tAAAQE8wxu8O+g8OS/O60+04OR/DuGPnI9vkziLAg==</latexit>

}

[XXX] denotes masking, and we are interested in maximising the
sucess of predicting all [XXX]
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A new way of learning?

“Self-supervised learning obtains supervisory signals from the data itself, 
often leveraging the underlying structure in the data. The general technique
of self-supervised learning is to predict any unobserved or hidden part (…) 
of the input from any observed or unhidden part of the input”

This sentence brings us straight to
Masked Pre-Training and its success in NLP

Example
<latexit sha1_base64="PeD4rBhnwEcvOMcTCpT3N1qiGvA=">AAAB+HicbVDLSsNAFL3xWesrKq7cDBbBVUlE1I1QdOOygn1AE8JkOmmHTjJhZiLW0H/Rlag7v8Mf8G+c1Cy09WzmzD3nwrknTDlT2nG+rIXFpeWV1cpadX1jc2vb3tltK5FJQltEcCG7IVaUs4S2NNOcdlNJcRxy2glH14XeuadSMZHc6XFK/RgPEhYxgrUZBfa+FwreV+PYPPnDJGDoEnl5YNecujMFmiduSWpQohnYn15fkCymiSYcK9VznVT7OZaaEU4nVS9TNMVkhAe0Z2iCY6r8fBp/go4iIZEeUjT9//bmOFZFNuOJsR6qWa0Y/qf1Mh1d+DlL0kzThBiL0aKMIy1Q0QLqM0mJ5mNDMJHMpERkiCUm2nRVNee7s8fOk/ZJ3T2ru7entcZVWUQFDuAQjsGFc2jADTShBQRyeIY3eLcerSfrxXr9sS5Y5c4e/IH18Q35jpM3</latexit>

xi = {
<latexit sha1_base64="gxsDgOdV8yZClDLVULiTa81sfCg=">AAAB43icbZDLTgJBEEVr8IX4Ql266UhMXJEZY9Ql0Y1LNPJIgJCepgY69DzSXWNCJnyBroy684/8Af/GBmeh4F2drns7qVt+oqQh1/1yCiura+sbxc3S1vbO7l55/6Bp4lQLbIhYxbrtc4NKRtggSQrbiUYe+gpb/vhm5rceURsZRw80SbAX8mEkAyk42dF9d9ovV9yqOxdbBi+HCuSq98uf3UEs0hAjEoob0/HchHoZ1ySFwmmpmxpMuBjzIXYsRjxE08vmm07ZSRBrRiNk8/fvbMZDYyahbzMhp5FZ9GbD/7xOSsFVL5NRkhJGwkasF6SKUcxmhdlAahSkJha40NJuycSIay7InqVk63uLZZeheVb1Lqre3Xmldp0foghHcAyn4MEl1OAW6tAAAQE8wxu8O+g8OS/O60+04OR/DuGPnI9vkziLAg==</latexit>

}
8-dimensional observation

[XXX] denotes masking, and we are interested in maximising the
sucess of predicting all [XXX]

The MLLS [XXX] [XXX] basic machine learning [XXX] iteration 2

Self-supervised Learning 101
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A new way of learning?

“Self-supervised learning obtains supervisory signals from the data itself, 
often leveraging the underlying structure in the data. The general technique
of self-supervised learning is to predict any unobserved or hidden part (…) 
of the input from any observed or unhidden part of the input”

This sentence brings us straight to
Masked Pre-Training and its success in NLP

Example
<latexit sha1_base64="PeD4rBhnwEcvOMcTCpT3N1qiGvA=">AAAB+HicbVDLSsNAFL3xWesrKq7cDBbBVUlE1I1QdOOygn1AE8JkOmmHTjJhZiLW0H/Rlag7v8Mf8G+c1Cy09WzmzD3nwrknTDlT2nG+rIXFpeWV1cpadX1jc2vb3tltK5FJQltEcCG7IVaUs4S2NNOcdlNJcRxy2glH14XeuadSMZHc6XFK/RgPEhYxgrUZBfa+FwreV+PYPPnDJGDoEnl5YNecujMFmiduSWpQohnYn15fkCymiSYcK9VznVT7OZaaEU4nVS9TNMVkhAe0Z2iCY6r8fBp/go4iIZEeUjT9//bmOFZFNuOJsR6qWa0Y/qf1Mh1d+DlL0kzThBiL0aKMIy1Q0QLqM0mJ5mNDMJHMpERkiCUm2nRVNee7s8fOk/ZJ3T2ru7entcZVWUQFDuAQjsGFc2jADTShBQRyeIY3eLcerSfrxXr9sS5Y5c4e/IH18Q35jpM3</latexit>

xi = {
<latexit sha1_base64="gxsDgOdV8yZClDLVULiTa81sfCg=">AAAB43icbZDLTgJBEEVr8IX4Ql266UhMXJEZY9Ql0Y1LNPJIgJCepgY69DzSXWNCJnyBroy684/8Af/GBmeh4F2drns7qVt+oqQh1/1yCiura+sbxc3S1vbO7l55/6Bp4lQLbIhYxbrtc4NKRtggSQrbiUYe+gpb/vhm5rceURsZRw80SbAX8mEkAyk42dF9d9ovV9yqOxdbBi+HCuSq98uf3UEs0hAjEoob0/HchHoZ1ySFwmmpmxpMuBjzIXYsRjxE08vmm07ZSRBrRiNk8/fvbMZDYyahbzMhp5FZ9GbD/7xOSsFVL5NRkhJGwkasF6SKUcxmhdlAahSkJha40NJuycSIay7InqVk63uLZZeheVb1Lqre3Xmldp0foghHcAyn4MEl1OAW6tAAAQE8wxu8O+g8OS/O60+04OR/DuGPnI9vkziLAg==</latexit>

}
8-dimensional observation

iteration 3The MLLS center conducts basic [XXX] [XXX] [XXX] 

Self-supervised Learning 101

[XXX] denotes masking, and we are interested in maximising the
sucess of predicting all [XXX]
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A few insights
1) Given a batch of sentences , we repeat the previous process, 
predicting masked tokens. We wanted to minimise the prediction error. That
is, we compare our predictions with the true masked tokens.

<latexit sha1_base64="aVVjAeWEpAOzIwiY8bxJMEgHBb8=">AAAB6HicbZDNTgIxFIXv4B/iH+rSTSMxYUVmjEGXRDcuMZGfBCakU+5ApTOdtB0TMuEddGXUnc/jC/g2FpyFgmf19Z7T5J4bJIJr47pfTmFtfWNzq7hd2tnd2z8oHx61tUwVwxaTQqpuQDUKHmPLcCOwmyikUSCwE0xu5n7nEZXmMr430wT9iI5iHnJGjR11+kKOSFIdlCtuzV2IrIKXQwVyNQflz/5QsjTC2DBBte55bmL8jCrDmcBZqZ9qTCib0BH2LMY0Qu1ni3Vn5CyUipgxksX7dzajkdbTKLCZiJqxXvbmw/+8XmrCKz/jcZIajJmNWC9MBTGSzFuTIVfIjJhaoExxuyVhY6ooM/Y2JVvfWy67Cu3zmleveXcXlcZ1foginMApVMGDS2jALTShBQwm8Axv8O48OE/Oi/P6Ey04+Z9j+CPn4xuL6Iyx</latexit>

log p(
<latexit sha1_base64="jNtJz1tjuS+9jpiaA0SGn+CbY/c=">AAAB4nicbZDLTgJBEEVr8IX4Ql266UhMdENmjFGXRDcuIREhgQnpaWqgQ88j3TUmhPADujLqzk/yB/wbG5yFgnd1uu7tpG4FqZKGXPfLKaysrq1vFDdLW9s7u3vl/YMHk2RaYFMkKtHtgBtUMsYmSVLYTjXyKFDYCka3M7/1iNrIJL6ncYp+xAexDKXgZEeNs1654lbdudgyeDlUIFe9V/7s9hORRRiTUNyYjuem5E+4JikUTkvdzGDKxYgPsGMx5hEafzJfdMpOwkQzGiKbv39nJzwyZhwFNhNxGppFbzb8z+tkFF77ExmnGWEsbMR6YaYYJWzWl/WlRkFqbIELLe2WTAy55oLsVUq2vrdYdhkezqveZdVrXFRqN/khinAEx3AKHlxBDe6gDk0QgPAMb/Du9J0n58V5/YkWnPzPIfyR8/ENZ0+KSA==</latexit>

)[XXX], [XXX], [XXX]

Masked Pre-Training (MPT)

<latexit sha1_base64="PeD4rBhnwEcvOMcTCpT3N1qiGvA=">AAAB+HicbVDLSsNAFL3xWesrKq7cDBbBVUlE1I1QdOOygn1AE8JkOmmHTjJhZiLW0H/Rlag7v8Mf8G+c1Cy09WzmzD3nwrknTDlT2nG+rIXFpeWV1cpadX1jc2vb3tltK5FJQltEcCG7IVaUs4S2NNOcdlNJcRxy2glH14XeuadSMZHc6XFK/RgPEhYxgrUZBfa+FwreV+PYPPnDJGDoEnl5YNecujMFmiduSWpQohnYn15fkCymiSYcK9VznVT7OZaaEU4nVS9TNMVkhAe0Z2iCY6r8fBp/go4iIZEeUjT9//bmOFZFNuOJsR6qWa0Y/qf1Mh1d+DlL0kzThBiL0aKMIy1Q0QLqM0mJ5mNDMJHMpERkiCUm2nRVNee7s8fOk/ZJ3T2ru7entcZVWUQFDuAQjsGFc2jADTShBQRyeIY3eLcerSfrxXr9sS5Y5c4e/IH18Q35jpM3</latexit>

xi = {

| The, center, conducts, learning, research
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A few insights
1) Given a batch of sentences , we repeat the previous process, 
predicting masked tokens. We wanted to minimise the prediction error. That
is, we compare our predictions with the true masked tokens.

MLLS  basic machine

Masked Pre-Training (MPT)

<latexit sha1_base64="PeD4rBhnwEcvOMcTCpT3N1qiGvA=">AAAB+HicbVDLSsNAFL3xWesrKq7cDBbBVUlE1I1QdOOygn1AE8JkOmmHTjJhZiLW0H/Rlag7v8Mf8G+c1Cy09WzmzD3nwrknTDlT2nG+rIXFpeWV1cpadX1jc2vb3tltK5FJQltEcCG7IVaUs4S2NNOcdlNJcRxy2glH14XeuadSMZHc6XFK/RgPEhYxgrUZBfa+FwreV+PYPPnDJGDoEnl5YNecujMFmiduSWpQohnYn15fkCymiSYcK9VznVT7OZaaEU4nVS9TNMVkhAe0Z2iCY6r8fBp/go4iIZEeUjT9//bmOFZFNuOJsR6qWa0Y/qf1Mh1d+DlL0kzThBiL0aKMIy1Q0QLqM0mJ5mNDMJHMpERkiCUm2nRVNee7s8fOk/ZJ3T2ru7entcZVWUQFDuAQjsGFc2jADTShBQRyeIY3eLcerSfrxXr9sS5Y5c4e/IH18Q35jpM3</latexit>

xi = {

<latexit sha1_base64="aVVjAeWEpAOzIwiY8bxJMEgHBb8=">AAAB6HicbZDNTgIxFIXv4B/iH+rSTSMxYUVmjEGXRDcuMZGfBCakU+5ApTOdtB0TMuEddGXUnc/jC/g2FpyFgmf19Z7T5J4bJIJr47pfTmFtfWNzq7hd2tnd2z8oHx61tUwVwxaTQqpuQDUKHmPLcCOwmyikUSCwE0xu5n7nEZXmMr430wT9iI5iHnJGjR11+kKOSFIdlCtuzV2IrIKXQwVyNQflz/5QsjTC2DBBte55bmL8jCrDmcBZqZ9qTCib0BH2LMY0Qu1ni3Vn5CyUipgxksX7dzajkdbTKLCZiJqxXvbmw/+8XmrCKz/jcZIajJmNWC9MBTGSzFuTIVfIjJhaoExxuyVhY6ooM/Y2JVvfWy67Cu3zmleveXcXlcZ1foginMApVMGDS2jALTShBQwm8Axv8O48OE/Oi/P6Ey04+Z9j+CPn4xuL6Iyx</latexit>

log p(
<latexit sha1_base64="jNtJz1tjuS+9jpiaA0SGn+CbY/c=">AAAB4nicbZDLTgJBEEVr8IX4Ql266UhMdENmjFGXRDcuIREhgQnpaWqgQ88j3TUmhPADujLqzk/yB/wbG5yFgnd1uu7tpG4FqZKGXPfLKaysrq1vFDdLW9s7u3vl/YMHk2RaYFMkKtHtgBtUMsYmSVLYTjXyKFDYCka3M7/1iNrIJL6ncYp+xAexDKXgZEeNs1654lbdudgyeDlUIFe9V/7s9hORRRiTUNyYjuem5E+4JikUTkvdzGDKxYgPsGMx5hEafzJfdMpOwkQzGiKbv39nJzwyZhwFNhNxGppFbzb8z+tkFF77ExmnGWEsbMR6YaYYJWzWl/WlRkFqbIELLe2WTAy55oLsVUq2vrdYdhkezqveZdVrXFRqN/khinAEx3AKHlxBDe6gDk0QgPAMb/Du9J0n58V5/YkWnPzPIfyR8/ENZ0+KSA==</latexit>

)[XXX], [XXX], [XXX] | The, center, conducts, learning, research
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A few insights
1) Given a batch of sentences , we repeat the previous process, 
predicting masked tokens. We wanted to minimise the prediction error. That
is, we compare our predictions with the true masked tokens.

<latexit sha1_base64="aVVjAeWEpAOzIwiY8bxJMEgHBb8=">AAAB6HicbZDNTgIxFIXv4B/iH+rSTSMxYUVmjEGXRDcuMZGfBCakU+5ApTOdtB0TMuEddGXUnc/jC/g2FpyFgmf19Z7T5J4bJIJr47pfTmFtfWNzq7hd2tnd2z8oHx61tUwVwxaTQqpuQDUKHmPLcCOwmyikUSCwE0xu5n7nEZXmMr430wT9iI5iHnJGjR11+kKOSFIdlCtuzV2IrIKXQwVyNQflz/5QsjTC2DBBte55bmL8jCrDmcBZqZ9qTCib0BH2LMY0Qu1ni3Vn5CyUipgxksX7dzajkdbTKLCZiJqxXvbmw/+8XmrCKz/jcZIajJmNWC9MBTGSzFuTIVfIjJhaoExxuyVhY6ooM/Y2JVvfWy67Cu3zmleveXcXlcZ1foginMApVMGDS2jALTShBQwm8Axv8O48OE/Oi/P6Ey04+Z9j+CPn4xuL6Iyx</latexit>

log p(
<latexit sha1_base64="jNtJz1tjuS+9jpiaA0SGn+CbY/c=">AAAB4nicbZDLTgJBEEVr8IX4Ql266UhMdENmjFGXRDcuIREhgQnpaWqgQ88j3TUmhPADujLqzk/yB/wbG5yFgnd1uu7tpG4FqZKGXPfLKaysrq1vFDdLW9s7u3vl/YMHk2RaYFMkKtHtgBtUMsYmSVLYTjXyKFDYCka3M7/1iNrIJL6ncYp+xAexDKXgZEeNs1654lbdudgyeDlUIFe9V/7s9hORRRiTUNyYjuem5E+4JikUTkvdzGDKxYgPsGMx5hEafzJfdMpOwkQzGiKbv39nJzwyZhwFNhNxGppFbzb8z+tkFF77ExmnGWEsbMR6YaYYJWzWl/WlRkFqbIELLe2WTAy55oLsVUq2vrdYdhkezqveZdVrXFRqN/khinAEx3AKHlxBDe6gDk0QgPAMb/Du9J0n58V5/YkWnPzPIfyR8/ENZ0+KSA==</latexit>

)| MLSS, center, basic, machine, learning
<latexit sha1_base64="aVVjAeWEpAOzIwiY8bxJMEgHBb8=">AAAB6HicbZDNTgIxFIXv4B/iH+rSTSMxYUVmjEGXRDcuMZGfBCakU+5ApTOdtB0TMuEddGXUnc/jC/g2FpyFgmf19Z7T5J4bJIJr47pfTmFtfWNzq7hd2tnd2z8oHx61tUwVwxaTQqpuQDUKHmPLcCOwmyikUSCwE0xu5n7nEZXmMr430wT9iI5iHnJGjR11+kKOSFIdlCtuzV2IrIKXQwVyNQflz/5QsjTC2DBBte55bmL8jCrDmcBZqZ9qTCib0BH2LMY0Qu1ni3Vn5CyUipgxksX7dzajkdbTKLCZiJqxXvbmw/+8XmrCKz/jcZIajJmNWC9MBTGSzFuTIVfIjJhaoExxuyVhY6ooM/Y2JVvfWy67Cu3zmleveXcXlcZ1foginMApVMGDS2jALTShBQwm8Axv8O48OE/Oi/P6Ey04+Z9j+CPn4xuL6Iyx</latexit>

log p(
<latexit sha1_base64="jNtJz1tjuS+9jpiaA0SGn+CbY/c=">AAAB4nicbZDLTgJBEEVr8IX4Ql266UhMdENmjFGXRDcuIREhgQnpaWqgQ88j3TUmhPADujLqzk/yB/wbG5yFgnd1uu7tpG4FqZKGXPfLKaysrq1vFDdLW9s7u3vl/YMHk2RaYFMkKtHtgBtUMsYmSVLYTjXyKFDYCka3M7/1iNrIJL6ncYp+xAexDKXgZEeNs1654lbdudgyeDlUIFe9V/7s9hORRRiTUNyYjuem5E+4JikUTkvdzGDKxYgPsGMx5hEafzJfdMpOwkQzGiKbv39nJzwyZhwFNhNxGppFbzb8z+tkFF77ExmnGWEsbMR6YaYYJWzWl/WlRkFqbIELLe2WTAy55oLsVUq2vrdYdhkezqveZdVrXFRqN/khinAEx3AKHlxBDe6gDk0QgPAMb/Du9J0n58V5/YkWnPzPIfyR8/ENZ0+KSA==</latexit>

)| The, MLSS, center, conducts, basic
<latexit sha1_base64="3LQlcYJw63K6N3brsPlnhuJfW3w=">AAAB53icbZDNTsJAFIVv/UX8Q126aSQmrkhrjLokunGJifwk0JDpcAsj004zc0tCCM+gK6PufB9fwLdxwC4UPKtv7jmT3HPDVApDnvflrKyurW9sFraK2zu7e/ulg8OGUZnmWOdKKt0KmUEpEqyTIImtVCOLQ4nNcHg785sj1Eao5IHGKQYx6yciEpyRHTU6o54i0y2VvYo3l7sMfg5lyFXrlj47PcWzGBPikhnT9r2UggnTJLjEabGTGUwZH7I+ti0mLEYTTObbTt3TSGmXBujO37+zExYbM45Dm4kZDcyiNxv+57Uziq6DiUjSjDDhNmK9KJMuKXdW2u0JjZzk2ALjWtgtXT5gmnGypyna+v5i2WVonFf8y4p/f1Gu3uSHKMAxnMAZ+HAFVbiDGtSBwyM8wxu8O8J5cl6c15/oipP/OYI/cj6+AbXRjN0=</latexit>...

iteration 1

iteration 2

iteration 3

Masked Pre-Training (MPT)

<latexit sha1_base64="PeD4rBhnwEcvOMcTCpT3N1qiGvA=">AAAB+HicbVDLSsNAFL3xWesrKq7cDBbBVUlE1I1QdOOygn1AE8JkOmmHTjJhZiLW0H/Rlag7v8Mf8G+c1Cy09WzmzD3nwrknTDlT2nG+rIXFpeWV1cpadX1jc2vb3tltK5FJQltEcCG7IVaUs4S2NNOcdlNJcRxy2glH14XeuadSMZHc6XFK/RgPEhYxgrUZBfa+FwreV+PYPPnDJGDoEnl5YNecujMFmiduSWpQohnYn15fkCymiSYcK9VznVT7OZaaEU4nVS9TNMVkhAe0Z2iCY6r8fBp/go4iIZEeUjT9//bmOFZFNuOJsR6qWa0Y/qf1Mh1d+DlL0kzThBiL0aKMIy1Q0QLqM0mJ5mNDMJHMpERkiCUm2nRVNee7s8fOk/ZJ3T2ru7entcZVWUQFDuAQjsGFc2jADTShBQRyeIY3eLcerSfrxXr9sS5Y5c4e/IH18Q35jpM3</latexit>

xi = {

<latexit sha1_base64="aVVjAeWEpAOzIwiY8bxJMEgHBb8=">AAAB6HicbZDNTgIxFIXv4B/iH+rSTSMxYUVmjEGXRDcuMZGfBCakU+5ApTOdtB0TMuEddGXUnc/jC/g2FpyFgmf19Z7T5J4bJIJr47pfTmFtfWNzq7hd2tnd2z8oHx61tUwVwxaTQqpuQDUKHmPLcCOwmyikUSCwE0xu5n7nEZXmMr430wT9iI5iHnJGjR11+kKOSFIdlCtuzV2IrIKXQwVyNQflz/5QsjTC2DBBte55bmL8jCrDmcBZqZ9qTCib0BH2LMY0Qu1ni3Vn5CyUipgxksX7dzajkdbTKLCZiJqxXvbmw/+8XmrCKz/jcZIajJmNWC9MBTGSzFuTIVfIjJhaoExxuyVhY6ooM/Y2JVvfWy67Cu3zmleveXcXlcZ1foginMApVMGDS2jALTShBQwm8Axv8O48OE/Oi/P6Ey04+Z9j+CPn4xuL6Iyx</latexit>

log p(
<latexit sha1_base64="jNtJz1tjuS+9jpiaA0SGn+CbY/c=">AAAB4nicbZDLTgJBEEVr8IX4Ql266UhMdENmjFGXRDcuIREhgQnpaWqgQ88j3TUmhPADujLqzk/yB/wbG5yFgnd1uu7tpG4FqZKGXPfLKaysrq1vFDdLW9s7u3vl/YMHk2RaYFMkKtHtgBtUMsYmSVLYTjXyKFDYCka3M7/1iNrIJL6ncYp+xAexDKXgZEeNs1654lbdudgyeDlUIFe9V/7s9hORRRiTUNyYjuem5E+4JikUTkvdzGDKxYgPsGMx5hEafzJfdMpOwkQzGiKbv39nJzwyZhwFNhNxGppFbzb8z+tkFF77ExmnGWEsbMR6YaYYJWzWl/WlRkFqbIELLe2WTAy55oLsVUq2vrdYdhkezqveZdVrXFRqN/khinAEx3AKHlxBDe6gDk0QgPAMb/Du9J0n58V5/YkWnPzPIfyR8/ENZ0+KSA==</latexit>

)[XXX], [XXX], [XXX]

[XXX], [XXX], [XXX]

[XXX], [XXX], [XXX]
<latexit sha1_base64="3LQlcYJw63K6N3brsPlnhuJfW3w=">AAAB53icbZDNTsJAFIVv/UX8Q126aSQmrkhrjLokunGJifwk0JDpcAsj004zc0tCCM+gK6PufB9fwLdxwC4UPKtv7jmT3HPDVApDnvflrKyurW9sFraK2zu7e/ulg8OGUZnmWOdKKt0KmUEpEqyTIImtVCOLQ4nNcHg785sj1Eao5IHGKQYx6yciEpyRHTU6o54i0y2VvYo3l7sMfg5lyFXrlj47PcWzGBPikhnT9r2UggnTJLjEabGTGUwZH7I+ti0mLEYTTObbTt3TSGmXBujO37+zExYbM45Dm4kZDcyiNxv+57Uziq6DiUjSjDDhNmK9KJMuKXdW2u0JjZzk2ALjWtgtXT5gmnGypyna+v5i2WVonFf8y4p/f1Gu3uSHKMAxnMAZ+HAFVbiDGtSBwyM8wxu8O8J5cl6c15/oipP/OYI/cj6+AbXRjN0=</latexit>...

| The, center, conducts, learning, research
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A few insights
1) Given a batch of sentences , we repeat the previous process, 
predicting masked tokens. We wanted to minimise the prediction error. That
is, we compare our predictions with the true masked tokens.

<latexit sha1_base64="aVVjAeWEpAOzIwiY8bxJMEgHBb8=">AAAB6HicbZDNTgIxFIXv4B/iH+rSTSMxYUVmjEGXRDcuMZGfBCakU+5ApTOdtB0TMuEddGXUnc/jC/g2FpyFgmf19Z7T5J4bJIJr47pfTmFtfWNzq7hd2tnd2z8oHx61tUwVwxaTQqpuQDUKHmPLcCOwmyikUSCwE0xu5n7nEZXmMr430wT9iI5iHnJGjR11+kKOSFIdlCtuzV2IrIKXQwVyNQflz/5QsjTC2DBBte55bmL8jCrDmcBZqZ9qTCib0BH2LMY0Qu1ni3Vn5CyUipgxksX7dzajkdbTKLCZiJqxXvbmw/+8XmrCKz/jcZIajJmNWC9MBTGSzFuTIVfIjJhaoExxuyVhY6ooM/Y2JVvfWy67Cu3zmleveXcXlcZ1foginMApVMGDS2jALTShBQwm8Axv8O48OE/Oi/P6Ey04+Z9j+CPn4xuL6Iyx</latexit>

log p(
<latexit sha1_base64="jNtJz1tjuS+9jpiaA0SGn+CbY/c=">AAAB4nicbZDLTgJBEEVr8IX4Ql266UhMdENmjFGXRDcuIREhgQnpaWqgQ88j3TUmhPADujLqzk/yB/wbG5yFgnd1uu7tpG4FqZKGXPfLKaysrq1vFDdLW9s7u3vl/YMHk2RaYFMkKtHtgBtUMsYmSVLYTjXyKFDYCka3M7/1iNrIJL6ncYp+xAexDKXgZEeNs1654lbdudgyeDlUIFe9V/7s9hORRRiTUNyYjuem5E+4JikUTkvdzGDKxYgPsGMx5hEafzJfdMpOwkQzGiKbv39nJzwyZhwFNhNxGppFbzb8z+tkFF77ExmnGWEsbMR6YaYYJWzWl/WlRkFqbIELLe2WTAy55oLsVUq2vrdYdhkezqveZdVrXFRqN/khinAEx3AKHlxBDe6gDk0QgPAMb/Du9J0n58V5/YkWnPzPIfyR8/ENZ0+KSA==</latexit>

)| MLSS, center, basic, machine, learning
<latexit sha1_base64="aVVjAeWEpAOzIwiY8bxJMEgHBb8=">AAAB6HicbZDNTgIxFIXv4B/iH+rSTSMxYUVmjEGXRDcuMZGfBCakU+5ApTOdtB0TMuEddGXUnc/jC/g2FpyFgmf19Z7T5J4bJIJr47pfTmFtfWNzq7hd2tnd2z8oHx61tUwVwxaTQqpuQDUKHmPLcCOwmyikUSCwE0xu5n7nEZXmMr430wT9iI5iHnJGjR11+kKOSFIdlCtuzV2IrIKXQwVyNQflz/5QsjTC2DBBte55bmL8jCrDmcBZqZ9qTCib0BH2LMY0Qu1ni3Vn5CyUipgxksX7dzajkdbTKLCZiJqxXvbmw/+8XmrCKz/jcZIajJmNWC9MBTGSzFuTIVfIjJhaoExxuyVhY6ooM/Y2JVvfWy67Cu3zmleveXcXlcZ1foginMApVMGDS2jALTShBQwm8Axv8O48OE/Oi/P6Ey04+Z9j+CPn4xuL6Iyx</latexit>

log p(
<latexit sha1_base64="jNtJz1tjuS+9jpiaA0SGn+CbY/c=">AAAB4nicbZDLTgJBEEVr8IX4Ql266UhMdENmjFGXRDcuIREhgQnpaWqgQ88j3TUmhPADujLqzk/yB/wbG5yFgnd1uu7tpG4FqZKGXPfLKaysrq1vFDdLW9s7u3vl/YMHk2RaYFMkKtHtgBtUMsYmSVLYTjXyKFDYCka3M7/1iNrIJL6ncYp+xAexDKXgZEeNs1654lbdudgyeDlUIFe9V/7s9hORRRiTUNyYjuem5E+4JikUTkvdzGDKxYgPsGMx5hEafzJfdMpOwkQzGiKbv39nJzwyZhwFNhNxGppFbzb8z+tkFF77ExmnGWEsbMR6YaYYJWzWl/WlRkFqbIELLe2WTAy55oLsVUq2vrdYdhkezqveZdVrXFRqN/khinAEx3AKHlxBDe6gDk0QgPAMb/Du9J0n58V5/YkWnPzPIfyR8/ENZ0+KSA==</latexit>

)| The, MLSS, center, conducts, basic
<latexit sha1_base64="3LQlcYJw63K6N3brsPlnhuJfW3w=">AAAB53icbZDNTsJAFIVv/UX8Q126aSQmrkhrjLokunGJifwk0JDpcAsj004zc0tCCM+gK6PufB9fwLdxwC4UPKtv7jmT3HPDVApDnvflrKyurW9sFraK2zu7e/ulg8OGUZnmWOdKKt0KmUEpEqyTIImtVCOLQ4nNcHg785sj1Eao5IHGKQYx6yciEpyRHTU6o54i0y2VvYo3l7sMfg5lyFXrlj47PcWzGBPikhnT9r2UggnTJLjEabGTGUwZH7I+ti0mLEYTTObbTt3TSGmXBujO37+zExYbM45Dm4kZDcyiNxv+57Uziq6DiUjSjDDhNmK9KJMuKXdW2u0JjZzk2ALjWtgtXT5gmnGypyna+v5i2WVonFf8y4p/f1Gu3uSHKMAxnMAZ+HAFVbiDGtSBwyM8wxu8O8J5cl6c15/oipP/OYI/cj6+AbXRjN0=</latexit>...

iteration 1

iteration 2

iteration 3

Masked Pre-Training (MPT)

<latexit sha1_base64="PeD4rBhnwEcvOMcTCpT3N1qiGvA=">AAAB+HicbVDLSsNAFL3xWesrKq7cDBbBVUlE1I1QdOOygn1AE8JkOmmHTjJhZiLW0H/Rlag7v8Mf8G+c1Cy09WzmzD3nwrknTDlT2nG+rIXFpeWV1cpadX1jc2vb3tltK5FJQltEcCG7IVaUs4S2NNOcdlNJcRxy2glH14XeuadSMZHc6XFK/RgPEhYxgrUZBfa+FwreV+PYPPnDJGDoEnl5YNecujMFmiduSWpQohnYn15fkCymiSYcK9VznVT7OZaaEU4nVS9TNMVkhAe0Z2iCY6r8fBp/go4iIZEeUjT9//bmOFZFNuOJsR6qWa0Y/qf1Mh1d+DlL0kzThBiL0aKMIy1Q0QLqM0mJ5mNDMJHMpERkiCUm2nRVNee7s8fOk/ZJ3T2ru7entcZVWUQFDuAQjsGFc2jADTShBQRyeIY3eLcerSfrxXr9sS5Y5c4e/IH18Q35jpM3</latexit>

xi = {

<latexit sha1_base64="aVVjAeWEpAOzIwiY8bxJMEgHBb8=">AAAB6HicbZDNTgIxFIXv4B/iH+rSTSMxYUVmjEGXRDcuMZGfBCakU+5ApTOdtB0TMuEddGXUnc/jC/g2FpyFgmf19Z7T5J4bJIJr47pfTmFtfWNzq7hd2tnd2z8oHx61tUwVwxaTQqpuQDUKHmPLcCOwmyikUSCwE0xu5n7nEZXmMr430wT9iI5iHnJGjR11+kKOSFIdlCtuzV2IrIKXQwVyNQflz/5QsjTC2DBBte55bmL8jCrDmcBZqZ9qTCib0BH2LMY0Qu1ni3Vn5CyUipgxksX7dzajkdbTKLCZiJqxXvbmw/+8XmrCKz/jcZIajJmNWC9MBTGSzFuTIVfIjJhaoExxuyVhY6ooM/Y2JVvfWy67Cu3zmleveXcXlcZ1foginMApVMGDS2jALTShBQwm8Axv8O48OE/Oi/P6Ey04+Z9j+CPn4xuL6Iyx</latexit>

log p(
<latexit sha1_base64="jNtJz1tjuS+9jpiaA0SGn+CbY/c=">AAAB4nicbZDLTgJBEEVr8IX4Ql266UhMdENmjFGXRDcuIREhgQnpaWqgQ88j3TUmhPADujLqzk/yB/wbG5yFgnd1uu7tpG4FqZKGXPfLKaysrq1vFDdLW9s7u3vl/YMHk2RaYFMkKtHtgBtUMsYmSVLYTjXyKFDYCka3M7/1iNrIJL6ncYp+xAexDKXgZEeNs1654lbdudgyeDlUIFe9V/7s9hORRRiTUNyYjuem5E+4JikUTkvdzGDKxYgPsGMx5hEafzJfdMpOwkQzGiKbv39nJzwyZhwFNhNxGppFbzb8z+tkFF77ExmnGWEsbMR6YaYYJWzWl/WlRkFqbIELLe2WTAy55oLsVUq2vrdYdhkezqveZdVrXFRqN/khinAEx3AKHlxBDe6gDk0QgPAMb/Du9J0n58V5/YkWnPzPIfyR8/ENZ0+KSA==</latexit>

)[XXX], [XXX], [XXX]

[XXX], [XXX], [XXX]

[XXX], [XXX], [XXX]
<latexit sha1_base64="3LQlcYJw63K6N3brsPlnhuJfW3w=">AAAB53icbZDNTsJAFIVv/UX8Q126aSQmrkhrjLokunGJifwk0JDpcAsj004zc0tCCM+gK6PufB9fwLdxwC4UPKtv7jmT3HPDVApDnvflrKyurW9sFraK2zu7e/ulg8OGUZnmWOdKKt0KmUEpEqyTIImtVCOLQ4nNcHg785sj1Eao5IHGKQYx6yciEpyRHTU6o54i0y2VvYo3l7sMfg5lyFXrlj47PcWzGBPikhnT9r2UggnTJLjEabGTGUwZH7I+ti0mLEYTTObbTt3TSGmXBujO37+zExYbM45Dm4kZDcyiNxv+57Uziq6DiUjSjDDhNmK9KJMuKXdW2u0JjZzk2ALjWtgtXT5gmnGypyna+v5i2WVonFf8y4p/f1Gu3uSHKMAxnMAZ+HAFVbiDGtSBwyM8wxu8O8J5cl6c15/oipP/OYI/cj6+AbXRjN0=</latexit>...

We are indeed maximising: 

| The, center, conducts, learning, research
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Masked Pre-Training (MPT)

A few insights
1) Given a batch of sentences , we repeat the previous process, 
predicting masked tokens. We wanted to minimise the prediction error. That
is, we compare our predictions with the true masked tokens.

<latexit sha1_base64="PeD4rBhnwEcvOMcTCpT3N1qiGvA=">AAAB+HicbVDLSsNAFL3xWesrKq7cDBbBVUlE1I1QdOOygn1AE8JkOmmHTjJhZiLW0H/Rlag7v8Mf8G+c1Cy09WzmzD3nwrknTDlT2nG+rIXFpeWV1cpadX1jc2vb3tltK5FJQltEcCG7IVaUs4S2NNOcdlNJcRxy2glH14XeuadSMZHc6XFK/RgPEhYxgrUZBfa+FwreV+PYPPnDJGDoEnl5YNecujMFmiduSWpQohnYn15fkCymiSYcK9VznVT7OZaaEU4nVS9TNMVkhAe0Z2iCY6r8fBp/go4iIZEeUjT9//bmOFZFNuOJsR6qWa0Y/qf1Mh1d+DlL0kzThBiL0aKMIy1Q0QLqM0mJ5mNDMJHMpERkiCUm2nRVNee7s8fOk/ZJ3T2ru7entcZVWUQFDuAQjsGFc2jADTShBQRyeIY3eLcerSfrxXr9sS5Y5c4e/IH18Q35jpM3</latexit>

xi = {

2) A relatively large number of tools are used to set up a masked input, 
which in the end outputs the predicted tokens. For instance in BERT, these
ones include an embedding of the NLP tokens into a real space, an
encoder to a latent representation and a multi-head transformer, among
others.
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A few insights
1) Given a batch of sentences , we repeat the previous process, 
predicting masked tokens. We wanted to minimise the prediction error. That
is, we compare our predictions with the true masked tokens.

2) A relatively large number of tools are used to set up a masked input, 
which in the end outputs the predicted tokens. For instance in BERT, these
ones include an embedding of the NLP tokens into a real space, an
encoder to a latent representation and a multi-head transformer, among
others.

3) The number of masked tokens is an hyperparameter, which so far has 
been usually set up to 15-20%. Why that amount is important? I will make
some comments on this later.

Masked Pre-Training (MPT)

<latexit sha1_base64="PeD4rBhnwEcvOMcTCpT3N1qiGvA=">AAAB+HicbVDLSsNAFL3xWesrKq7cDBbBVUlE1I1QdOOygn1AE8JkOmmHTjJhZiLW0H/Rlag7v8Mf8G+c1Cy09WzmzD3nwrknTDlT2nG+rIXFpeWV1cpadX1jc2vb3tltK5FJQltEcCG7IVaUs4S2NNOcdlNJcRxy2glH14XeuadSMZHc6XFK/RgPEhYxgrUZBfa+FwreV+PYPPnDJGDoEnl5YNecujMFmiduSWpQohnYn15fkCymiSYcK9VznVT7OZaaEU4nVS9TNMVkhAe0Z2iCY6r8fBp/go4iIZEeUjT9//bmOFZFNuOJsR6qWa0Y/qf1Mh1d+DlL0kzThBiL0aKMIy1Q0QLqM0mJ5mNDMJHMpERkiCUm2nRVNee7s8fOk/ZJ3T2ru7entcZVWUQFDuAQjsGFc2jADTShBQRyeIY3eLcerSfrxXr9sS5Y5c4e/IH18Q35jpM3</latexit>

xi = {
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An early observation

conditional
probabilitiesprediction

random choicesgeneralisation

A naive statistician could think that we are talking about Bayesian inference
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Formal results

First of all - Which marginal likelihood? 

<latexit sha1_base64="h7tDGlH1aircI7xEQ/b2SGO4XL8="></latexit>

log p✓(x1:n) =
nX

i=1

log p✓(xi)

<latexit sha1_base64="TsUoGgcDHmwLCKEccmF0oJLXriE="></latexit>

p✓(xi) =

Z
p✓(xi|zi)p(zi)dzi

We consider a latent variable model, where observations are iid
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Formal results

First of all - Which marginal likelihood? 

<latexit sha1_base64="h7tDGlH1aircI7xEQ/b2SGO4XL8="></latexit>

log p✓(x1:n) =
nX

i=1

log p✓(xi)

<latexit sha1_base64="TsUoGgcDHmwLCKEccmF0oJLXriE="></latexit>

p✓(xi) =

Z
p✓(xi|zi)p(zi)dzi

We consider a latent variable model, where observations are iid

Our goal 

<latexit sha1_base64="+2j2tXMoPrPtq4QqFEoRdf27PHE=">AAACBXicbVC7TsMwFL0pr1JeAUYWiwqpLFWCEDBWsDAWiT6kJooc122tOnFkO4gq6gw/AxMCNn6AH+BvcEoGaDmLj+85V7rnhAlnSjvOl1VaWl5ZXSuvVzY2t7Z37N29thKpJLRFBBeyG2JFOYtpSzPNaTeRFEchp51wfJXrnTsqFRPxrZ4k1I/wMGYDRrA2o8A+9LgYoiTw9IhqXPNCwftqEpknu58GGZseo8CuOnVnBrRI3IJUoUAzsD+9viBpRGNNOFaq5zqJ9jMsNSOcTiteqmiCyRgPac/QGEdU+dksyxQdDYRE5hg0+//2ZjhS+WnGE2E9UvNaPvxP66V6cOFnLE5STWNiLEYbpBxpgfJKUJ9JSjSfGIKJZOZKREZYYqJNcRUT350Pu0jaJ3X3rO7enFYbl0URZTiAQ6iBC+fQgGtoQgsIPMIzvMG79WA9WS/W64+1ZBU7+/AH1sc39NGYzQ==</latexit>

log p✓(xi)

Finding a formal connection between the two probabilities
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Formal results

Step 1 – How does the marginal likelihood factorize?

<latexit sha1_base64="6sBeyYkkJd7UDHkxUX5fTJ/tUDk="></latexit>

log p✓(x) = log p✓(x1, x2, x3, . . . , xD)
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Formal results

Step 1 – How does the marginal likelihood factorize?

<latexit sha1_base64="p/UYpjKbavbpnTBaDLJ/+0cJVN0=">AAACQXicdVDLTgJBEJzFF+IL9ehlIjHBaMguGh8HExI9eMREwARwMzsMMGH2kZleI1n36/ToD/gJejLqzYuzuAcF7UtXd1Ul3eUEgiswzScjMzU9MzuXnc8tLC4tr+RX1+rKDyVlNeoLX145RDHBPVYDDoJdBZIR1xGs4QxOE75xw6TivncJw4C1XdLzeJdTAnpl569PcEv4PRzYLegzIMVbO7LiO6xbOd5N2p5urY4PajSdxdt4Z9Lyn9bOF8ySOSo8CawUFFBaVTv/qP00dJkHVBClmpYZQDsiEjgVLM61QsUCQgekx5oaesRlqh2NcojxVteXWN+ER/NPbURcpYauozUugb4a55LlX1wzhO5RO+JeEALzqJZorhsKDD5O4sQdLhkFMdSAUMn1lZj2iSQUdOg5/b41/uwkqJdL1kHJutgvVI7TILJoA22iIrLQIaqgc1RFNUTRA3pB7+jDuDeejVfj7VuaMVLPOvpVxucXByquDQ==</latexit>

= log p✓(x1|x2, x3, . . . , xD) + log p✓(x2, x3, . . . , xD)

<latexit sha1_base64="6sBeyYkkJd7UDHkxUX5fTJ/tUDk="></latexit>

log p✓(x) = log p✓(x1, x2, x3, . . . , xD)
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Formal results

Step 1 – How does the marginal likelihood factorize?

<latexit sha1_base64="/N7E05Xy41s1qeeCeSJpOZIeiwg=">AAAB6HicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9aIEvHiMYB6QLGF20knGzD6Y6RXCkn/Qk6g3v8cf8G+cxD1oYp2qu6qhqoNESUOu++UsLa+srq0XNoqbW9s7u6W9/YaJUy2wLmIV61bADSoZYZ0kKWwlGnkYKGwGo5up3nxEbWQc3dM4QT/kg0j2peBkV80r1unFZLqlsltxZ2CLxMtJGXLUuqVPeyfSECMSihvT9tyE/IxrkkLhpNhJDSZcjPgA25ZGPETjZ7O4E3bcjzWjIbLZ/Nub8dCYcRhYT8hpaOa16fI/rZ1S/9LPZJSkhJGwFqv1U8UoZtPWrCc1ClJjS7jQ0qZkYsg1F2R/U7T1vfmyi6RxWvHOK97dWbl6nT+iAIdwBCfgwQVU4RZqUAcBI3iGN3h3Hpwn58V5/bEuOfnNAfyB8/ENtBGMyg==</latexit>= . . .

<latexit sha1_base64="Lh+w4KYQ79CzJCyMciEDUcSK1io="></latexit>

log p✓(x) =
DX

t=1

log p✓ (xt|xt+1:D)

<latexit sha1_base64="akAOPTSZhO2P53blAzweHNFQnCI="></latexit>

= log p✓(x1|x2, x3, . . . , xD) + log p✓(x2|x3, . . . , xD) + log p✓(x3, . . . , xD)

<latexit sha1_base64="p/UYpjKbavbpnTBaDLJ/+0cJVN0=">AAACQXicdVDLTgJBEJzFF+IL9ehlIjHBaMguGh8HExI9eMREwARwMzsMMGH2kZleI1n36/ToD/gJejLqzYuzuAcF7UtXd1Ul3eUEgiswzScjMzU9MzuXnc8tLC4tr+RX1+rKDyVlNeoLX145RDHBPVYDDoJdBZIR1xGs4QxOE75xw6TivncJw4C1XdLzeJdTAnpl569PcEv4PRzYLegzIMVbO7LiO6xbOd5N2p5urY4PajSdxdt4Z9Lyn9bOF8ySOSo8CawUFFBaVTv/qP00dJkHVBClmpYZQDsiEjgVLM61QsUCQgekx5oaesRlqh2NcojxVteXWN+ER/NPbURcpYauozUugb4a55LlX1wzhO5RO+JeEALzqJZorhsKDD5O4sQdLhkFMdSAUMn1lZj2iSQUdOg5/b41/uwkqJdL1kHJutgvVI7TILJoA22iIrLQIaqgc1RFNUTRA3pB7+jDuDeejVfj7VuaMVLPOvpVxucXByquDQ==</latexit>

= log p✓(x1|x2, x3, . . . , xD) + log p✓(x2, x3, . . . , xD)

The marginal likelihood of a datapoint can be expressed as a sum of
univariate conditionals

<latexit sha1_base64="6sBeyYkkJd7UDHkxUX5fTJ/tUDk="></latexit>

log p✓(x) = log p✓(x1, x2, x3, . . . , xD)
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Formal results

Step 2 – Is there a unique order? Or there are many

<latexit sha1_base64="B8JQWI5EidHnzUdEmrS1PFvnRQU="></latexit>

log p✓(x) = log p✓(xD|x1, . . . ) + log p✓(xD�1|x1, . . . ) + · · ·+ log p✓(x2|x1)
<latexit sha1_base64="JFmNfkpVMQM1bPkbX1I3LCm9Ys4="></latexit>

log p✓(x) = log p✓(x2|x1, . . . ) + log p✓(x3|x1, . . . ) + · · ·+ log p✓(xD|x1)
<latexit sha1_base64="YOE/A32uHQh2wZQmwH8eirebAYI="></latexit>

log p✓(x) = log p✓(x2|x1, . . . ) + log p✓(x4|x1, . . . ) + · · ·+ log p✓(xD|x1)
<latexit sha1_base64="3LQlcYJw63K6N3brsPlnhuJfW3w=">AAAB53icbZDNTsJAFIVv/UX8Q126aSQmrkhrjLokunGJifwk0JDpcAsj004zc0tCCM+gK6PufB9fwLdxwC4UPKtv7jmT3HPDVApDnvflrKyurW9sFraK2zu7e/ulg8OGUZnmWOdKKt0KmUEpEqyTIImtVCOLQ4nNcHg785sj1Eao5IHGKQYx6yciEpyRHTU6o54i0y2VvYo3l7sMfg5lyFXrlj47PcWzGBPikhnT9r2UggnTJLjEabGTGUwZH7I+ti0mLEYTTObbTt3TSGmXBujO37+zExYbM45Dm4kZDcyiNxv+57Uziq6DiUjSjDDhNmK9KJMuKXdW2u0JjZzk2ALjWtgtXT5gmnGypyna+v5i2WVonFf8y4p/f1Gu3uSHKMAxnMAZ+HAFVbiDGtSBwyM8wxu8O8J5cl6c15/oipP/OYI/cj6+AbXRjN0=</latexit>...

25/57



Formal results

Step 2 – Is there a unique order? Or there are many

<latexit sha1_base64="B8JQWI5EidHnzUdEmrS1PFvnRQU="></latexit>

log p✓(x) = log p✓(xD|x1, . . . ) + log p✓(xD�1|x1, . . . ) + · · ·+ log p✓(x2|x1)
<latexit sha1_base64="JFmNfkpVMQM1bPkbX1I3LCm9Ys4="></latexit>

log p✓(x) = log p✓(x2|x1, . . . ) + log p✓(x3|x1, . . . ) + · · ·+ log p✓(xD|x1)
<latexit sha1_base64="YOE/A32uHQh2wZQmwH8eirebAYI="></latexit>

log p✓(x) = log p✓(x2|x1, . . . ) + log p✓(x4|x1, . . . ) + · · ·+ log p✓(xD|x1)
<latexit sha1_base64="3LQlcYJw63K6N3brsPlnhuJfW3w=">AAAB53icbZDNTsJAFIVv/UX8Q126aSQmrkhrjLokunGJifwk0JDpcAsj004zc0tCCM+gK6PufB9fwLdxwC4UPKtv7jmT3HPDVApDnvflrKyurW9sFraK2zu7e/ulg8OGUZnmWOdKKt0KmUEpEqyTIImtVCOLQ4nNcHg785sj1Eao5IHGKQYx6yciEpyRHTU6o54i0y2VvYo3l7sMfg5lyFXrlj47PcWzGBPikhnT9r2UggnTJLjEabGTGUwZH7I+ti0mLEYTTObbTt3TSGmXBujO37+zExYbM45Dm4kZDcyiNxv+57Uziq6DiUjSjDDhNmK9KJMuKXdW2u0JjZzk2ALjWtgtXT5gmnGypyna+v5i2WVonFf8y4p/f1Gu3uSHKMAxnMAZ+HAFVbiDGtSBwyM8wxu8O8J5cl6c15/oipP/OYI/cj6+AbXRjN0=</latexit>...

<latexit sha1_base64="Lh+w4KYQ79CzJCyMciEDUcSK1io="></latexit>

log p✓(x) =
DX

t=1

log p✓ (xt|xt+1:D)Before - One single order

Now - Averaging over all
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Formal results

Step 3 – Fix the index, re-factorize again

<latexit sha1_base64="6sBeyYkkJd7UDHkxUX5fTJ/tUDk="></latexit>

log p✓(x) = log p✓(x1, x2, x3, . . . , xD)
<latexit sha1_base64="GpKabUKlt1Nu20ENyj1uI8w3AXs=">AAACHnicbVDJSgNBEO2JW4xb1KOXxiBElDATxQURAnrwGMEskAlDT6eTNOlZ6K4Rwzj/oj+jF0W96d/YSeag0brUq3qvoN5zQ8EVmOaXkZmZnZtfyC7mlpZXVtfy6xt1FUSSshoNRCCbLlFMcJ/VgINgzVAy4rmCNdzBxYhv3DKpeODfwDBkbY/0fN7llIBeOfkzfI5tEfRw6NjQZ0CKd05sJfdYt3KyP2oHutmdANR4ukx28d5kdvIFs2SOC/8FVgoKKK2qk3/RdzTymA9UEKValhlCOyYSOBUsydmRYiGhA9JjLQ194jHVjscmE7zTDSTWL+Lx/FMbE0+poedqjUegr6a50fI/rhVB96Qdcz+MgPlUSzTXjQSGAI+ywh0uGQUx1IBQyfWXmPaJJBR0ojlt35o2+xfUyyXrqGRdHxYqp2kQWbSFtlERWegYVdAVqqIaougRPaN39GE8GE/Gq/E2kWaM9GYT/Srj8xsgjqCF</latexit>

= log p✓(x1|x2, x3, . . . , xD) + . . .
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Formal results

Step 3 – Fix the index, re-factorize again

<latexit sha1_base64="6sBeyYkkJd7UDHkxUX5fTJ/tUDk="></latexit>

log p✓(x) = log p✓(x1, x2, x3, . . . , xD)
<latexit sha1_base64="GpKabUKlt1Nu20ENyj1uI8w3AXs=">AAACHnicbVDJSgNBEO2JW4xb1KOXxiBElDATxQURAnrwGMEskAlDT6eTNOlZ6K4Rwzj/oj+jF0W96d/YSeag0brUq3qvoN5zQ8EVmOaXkZmZnZtfyC7mlpZXVtfy6xt1FUSSshoNRCCbLlFMcJ/VgINgzVAy4rmCNdzBxYhv3DKpeODfwDBkbY/0fN7llIBeOfkzfI5tEfRw6NjQZ0CKd05sJfdYt3KyP2oHutmdANR4ukx28d5kdvIFs2SOC/8FVgoKKK2qk3/RdzTymA9UEKValhlCOyYSOBUsydmRYiGhA9JjLQ194jHVjscmE7zTDSTWL+Lx/FMbE0+poedqjUegr6a50fI/rhVB96Qdcz+MgPlUSzTXjQSGAI+ywh0uGQUx1IBQyfWXmPaJJBR0ojlt35o2+xfUyyXrqGRdHxYqp2kQWbSFtlERWegYVdAVqqIaougRPaN39GE8GE/Gq/E2kWaM9GYT/Srj8xsgjqCF</latexit>

= log p✓(x1|x2, x3, . . . , xD) + . . . How many choices for the order of
conditionals given the rest of tokens?

<latexit sha1_base64="3XAbOIeRI6J+wLzot4URQeSkGAA=">AAACF3icbVDJTgJBEO3BDXEb9eilIzHBSMgMEpcbiR48YiJLAmTS0zTQoWdJd42RjPMh+jN6Mmq8ePRv7EEOCr5Lvar3KqlXbii4Asv6MjILi0vLK9nV3Nr6xuaWub3TUEEkKavTQASy5RLFBPdZHTgI1golI54rWNMdXaR685ZJxQP/BsYh63pk4PM+pwT0yDEr+Ah3RDDAodOBIQNSuHPicnKPdTlOirjTC0AV0+4yOUy9ae+YeatkTYDniT0leTRFzTE/9B6NPOYDFUSptm2F0I2JBE4FS3KdSLGQ0BEZsLamPvGY6saTdAk+6AcS69vwpP/tjYmn1NhztccjMFSzWjr8T2tH0D/rxtwPI2A+1Rat9SOBIcDpk3CPS0ZBjDUhVHJ9JaZDIgkF/cqcjm/Php0njXLJPinZ15V89Xz6iCzaQ/uogGx0iqroCtVQHVH0iJ7RG3o3Hown48V4/bFmjOnOLvoD4/MbDDyd4Q==</latexit>

+ log p✓(x2|x3, . . . , xD) + . . .
<latexit sha1_base64="77H9MsFuHDsDdnIEku1vziKaZH8=">AAACF3icbVDJTgJBEO3BDXEb9eilIzHBSMgMEpcbiR48YiJLAmTS0zTQoWdJd42RjPMh+jN6Mmq8ePRv7EEOCr5Lvar3KqlXbii4Asv6MjILi0vLK9nV3Nr6xuaWub3TUEEkKavTQASy5RLFBPdZHTgI1golI54rWNMdXaR685ZJxQP/BsYh63pk4PM+pwT0yDEr+Ah3RDDAodOBIQNSuHPi4+Qe61JOirjTC0AV0+4yOUy9ae+YeatkTYDniT0leTRFzTE/9B6NPOYDFUSptm2F0I2JBE4FS3KdSLGQ0BEZsLamPvGY6saTdAk+6AcS69vwpP/tjYmn1NhztccjMFSzWjr8T2tH0D/rxtwPI2A+1Rat9SOBIcDpk3CPS0ZBjDUhVHJ9JaZDIgkF/cqcjm/Php0njXLJPinZ15V89Xz6iCzaQ/uogGx0iqroCtVQHVH0iJ7RG3o3Hown48V4/bFmjOnOLvoD4/MbDEOd4Q==</latexit>

+ log p✓(x3|x2, . . . , xD) + . . .
<latexit sha1_base64="5xBFFreTIf6CGeOaIQDC/eYdRgo=">AAACGXicbVDLTgJBEJzFF+Jr1aOXicQEI5JdYlBvJHLwiIk8EiCb2WGACbOPzPQaybpfoj+jJ6PcPPk3ziIHRfvS1VXVSVe7oeAKLOvTyCwtr6yuZddzG5tb2zvm7l5TBZGkrEEDEci2SxQT3GcN4CBYO5SMeK5gLXd8leqtOyYVD/xbmISs55GhzwecEtCUY1bwCe6KYIhDpwsjBqRw78S15AHrVk6KuNsPQBXTqXZqJ8epO2UcM2+VrFnhv8CegzyaV90xp3qPRh7zgQqiVMe2QujFRAKngiW5bqRYSOiYDFlHQ594TPXiWb4EHw0CifV1eDb/9MbEU2riudrjERipRS0l/9M6EQwuejH3wwiYT7VFa4NIYAhw+ibc55JREBMNCJVcX4npiEhCQT8zp+Pbi2H/gma5ZFdK9s1Zvno5f0QWHaBDVEA2OkdVdI3qqIEoekIv6B1NjUfj2Xg13r6tGWO+s49+lfHxBR+wnmQ=</latexit>

+ log p✓(xD|x2, . . . , xD�1) + . . .
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Formal results

Step 3 – Fix the index, re-factorize again

<latexit sha1_base64="u9u5H6qk/02eeLGOiOT0PxPz+YI=">AAACBnicbVDLTgJBEJzFF+IL9ehlIjHxItk1xseNBA8eMZFHwhIyOzQwYfbhTC8J2exdf0ZPRr35Af6Af+MsclCwTtVd1UlXeZEUGm37y8otLa+sruXXCxubW9s7xd29hg5jxaHOQxmqlsc0SBFAHQVKaEUKmO9JaHqjaqY3x6C0CIM7nETQ8dkgEH3BGZpVt1hyfYZDzmRSTbtIXbiPxZi6nghCP7lOEzxxUuOyy/YUdJE4M1IiM9S6xU+3F/LYhwC5ZFq3HTvCTsIUCi4hLbixhojxERtA29CA+aA7yTRMSo/6oaI4BDqdf3sT5ms98T3jyZ7W81q2/E9rx9i/7CQiiGKEgBuL0fqxpBjSrBPaEwo4yokhjCthvqR8yBTjaJormPjOfNhF0jgtO+dl5/asVLmaFZEnB+SQHBOHXJAKuSE1UiecPJJn8kberQfryXqxXn+sOWt2s0/+wPr4BpqqmRw=</latexit>

Ct ⌘
✓

D

t� 1

◆
where
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Formal results

Final step – Putting all together Using the fact that we are already averaging sums

We can also sum over all averages
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Formal results

Final step – Putting all together Using the fact that we are already averaging sums

We can also sum over all averages

Here, we already can spot the pattern
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Formal results

Final step – Putting all together
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MPT on tractable models
The goal now is to apply masked pre-training on tractable models, such that we can 
understand what is going on. In particular we are interested in the understanding on why
this type of learning leads to such good results close to proper generalisation performance 
(at least on NLP).

Probabilistic PCA as the proof-of-concept
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MPT on tractable models

Probabilistic PCA
We can now easily compute log-marginal likelihood (evidence) and compare if MPT is
close enough to it. At least, that could indicate what are we indeed maximising under this
new way of learning.
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Results: Convergence

Main points to check in these empirical results
1) Does it converge to the true log-marginal likelihood?
2) How fast does it converge?
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Results: Cumulative sums

42/57



Results: Cumulative sums
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Results: Cumulative sums

What are we then doing when fixing the mask ratio?
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Results: Training

Being rigorous wrt the main results leads us to the
true marginal likelihood
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Results: Training

Biased estimation also maximises marginal likelihood

46/57



Results: Training
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Results: Training

Predictive conditionals are not trivial with VAEs
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Results: BERT

Trained model
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Results: BERT

Trained model
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Results: BERT
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Results: BERT
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Conclusions

1) We confirm that MPT maximizes according to a stochastic gradient of the log-marginal 
likelihood of the model.
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Conclusions

1) We confirm that MPT maximizes according to a stochastic gradient of the log-marginal 
likelihood of the model.

2) We understand the underlying effect of the masking ratio, at least in terms of the biased
estimation and the area-under-the-curve. An hypothesis about having lower or upper bound
dependent on the masked ratio could fit. Do we have a tighter bound/estimator with 25% 
instead of 15%?
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Conclusions

1) We confirm that MPT maximizes according to a stochastic gradient of the log-marginal 
likelihood of the model.

2) We understand the underlying effect of the masking ratio, at least in terms of the biased
estimation and the area-under-the-curve. An hypothesis about having lower or upper bound
dependent on the masked ratio could fit. Do we have a tighter bound/estimator with 25% 
instead of 15%?

3) Empirical results match the theory very well – Conditional probabilities seems to be a 
powerful tool that converges to desired measures of generalization. Bayesian modelling could
benefit from these. 
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Thanks!

<latexit sha1_base64="xubCqhXDYceupsh2tCTwhyOsOTU=">AAACDHicbZC7TgJBFIZnvSLeUEubjcREG9hdIxoroo0lJnJJgJDZ4QATZi+ZOUsgG15BX0Yro3ZWvoBv4yxuoeCpvjn/P8n5fzcUXKFlfRlLyyura+uZjezm1vbObm5vv6aCSDKoskAEsuFSBYL7UEWOAhqhBOq5Auru8CbR6yOQigf+PU5CaHu07/MeZxT1qpM7bSGMETEeIIbqqlikcsxHhUD2i9RVRefMKhUs69yxpp1c3tKYjLkIdgp5kk6lk/tsdQMWeeAjE1Sppm2F2I6pRM4ETLOtSEFI2ZD2oanRpx6odjyLNDWPe4E0cQDm7P3bG1NPqYnnao9HcaDmtWT5n9aMsHfZjrkfRgg+0xat9SJhYmAmzZhdLoGhmGigTHJ9pckGVFKGur+sjm/Ph12EmlOwSwX7zsmXr9MiMuSQHJETYpMLUia3pEKqhJFH8kzeyLvxYDwZL8brj3XJSP8ckD9jfHwDczmZzg==</latexit>

https://arxiv.org/abs/2306.00520

Preprint is currently available -

Code for reproducing results -

<latexit sha1_base64="1o6tH0QeQvQJUt2OAhMp+wfYnxU=">AAACD3icbVDLTgJBEJz1ifhCPXrZSEw8KOxyUOOJ6MUDJpiIkgAhs0PDTpjZ2cz0GnHDR+jP6MmoNxN/wL9xQA6+6lTdVZ10VRALbtDzPpyp6ZnZufnMQnZxaXllNbe2fmlUohnUmBJK1wNqQPAIashRQD3WQGUg4Cron4z0q2vQhqvoAgcxtCTtRbzLGUW7aud2mwg3iJiGiLE5KhZ7HMMkKDAli7FUGiJ1WzyrXuxVzirDdi7vFbwx3L/En5A8maDazr03O4olEiJkghrT8L0YWynVyJmAYbaZGIgp69MeNCyNqATTSsephu52V2kXQ3DH83dvSqUxAxlYj6QYmt/aaPmf1kiwe9hKeRQnCBGzFqt1E+GickfluB2ugaEYWEKZ5vZLl4VUU4a2wqyN7/8O+5dclgr+fsE/L+XLx5MiMmSTbJEd4pMDUianpEpqhJF78kheyKtz5zw4T87zl3XKmdxskB9w3j4BFLWckw==</latexit>

https://github.com/pmorenoz/MPT-LML
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