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Supervised, Unsupervised, 
Semi-supervised

• Most models handled here are supervised learning 

• Model P(Y|X), at training time given both 

• Sometimes we are interested in unsupervised 
learning 

• Model P(Y|X), at training time given only X 

• Or semi-supervised learning 

• Model P(Y|X), at training time given both or only X



Learning Features vs. 
Learning Structure



Learning Features vs. 
Learning Discrete Structure

• Learning features, e.g. word/sentence embeddings:

this is an example

• Learning discrete structure:

• Why discrete structure? 
• We may want to model information flow differently 
• More interpretable than features?

this is an example this is an examplethis is an example this is an example



Unsupervised Feature 
Learning (Review)

• When learning embeddings, we have an objective 
and use the intermediate states of this objective 

• CBOW 

• Skip-gram 

• Sentence-level auto-encoder 

• Skip-thought vectors 

• Variational auto-encoder



How do we Use Learned 
Features?

• To solve tasks directly (Mikolov et al. 2013)  
 
 
 
 

• And by proxy, knowledge base completion, etc., 
to be covered in a few classes 

• To initialize downstream models



What About Discrete 
Structure?

• We can cluster words 

• We can cluster words in context (POS/NER) 

• We can learn structure



What is our Objective?
• Basically, a generative model of the data X 

• Sometimes factorized P(X|Y)P(Y), a traditional 
generative model 

• Sometimes factorized P(X|Y)P(Y|X), an auto-
encoder 

• This can be made mathematically correct 
through variational autoencoder P(X|Y)Q(Y|X)



Clustering Words in Context



A Simple First Attempt
• Train word embeddings 

• Perform k-means clustering on them 

• Implemented in word2vec (-classes option) 

• But what if we want single words to appear in 
different classes (same surface form, different 
values)



Hidden Markov Models
• Factored model of P(X|Y)P(Y) 
• State→state transition probabilities 
• State→word emission probabilities

<s> JJ NN NN LRB NN RRB … </s>

Natural Language Processing ( NLP ) …

PE(Natural|JJ) * PE(Language|JJ) * PE(Processing|JJ) * …

PT(JJ|<s>) * PT(NN|JJ) * PT(NN|NN) * PT(NN|LRB) * …



Unsupervised Hidden 
Markov Models

• Change label states to unlabeled numbers

0 13 17 17 6 12 6 … 0

Natural Language Processing ( NLP ) …

PE(Natural|13) * PE(Language|17) * PE(Processing|17) * …

PT(13|0) * PT(17|13) * PT(17|17) * PT(6|17) * …

• Can be trained with forward-backward algorithm



Hidden Markov Models w/ 
Gaussian Emissions

• Instead of parameterizing each state with a categorical 
distribution, we can use a Gaussian (or Gaussian mixture)!

• Long the defacto-standard for speech 
• Applied to POS tagging by training to emit word embeddings by 

Lin et al. (2015)

0 13 17 17 6 12 6 … 0

…



A Simple Approximation: 
State Clustering (Giles et al. 1992)

• Simply train an RNN according to a standard loss 
function (e.g. language model) 

• Then cluster the hidden states according to k-
means, etc.



Featurized Hidden Markov 
Models (Tran et al. 2016)

• Calculate the transition/emission probabilities with neural networks! 
• Emission: Calculate representation of each word in vocabulary w/ 

CNN, dot product with tag representation and softmax to calculate 
emission prob 

• Transition Matrix: Calculate w/ LSTMs (breaks Markov assumption)



Problem: Embeddings May Not be 
Indicative of Syntax 

(He et al. 2018)

noun proper

verb base

cardinal number

verb gerund

adjective

noun singular

noun plural

adverb

verb past tense
verb past participle
verb 3rd singular



Learning POS Taggers 
w/ Latent Embeddings 

(He et al. 2018)
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e1
<latexit sha1_base64="WgitCLnES1r4TeJXeVDWd7cTvpM=">AAACDXicZVDLSgMxFM3UV62vqks3wSK4KGVGBHVXdOOygmMLbSmZNNOGJpMhuSOUof8gbvU7XIlbv8HP8A/MTGdh2wvhnpx7bjg5QSy4Adf9cUpr6xubW+Xtys7u3v5B9fDoyahEU+ZTJZTuBMQwwSPmAwfBOrFmRAaCtYPJXTZvPzNtuIoeYRqzviSjiIecErBUpxfIlM0G3qBacxtuXngVeAWooaJag+pvb6hoIlkEVBBjup4bQz8lGjgVbFbpJYbFhE7IiHUtjIhkpp/mfmf4zDJDHCptTwQ4Z/9vpEQaSWBslVkzC7OMAaWEqVsVjGXWsmfyu5nKoB7IeibSJjRLRiC87qc8ihNgEZ37CBOBQeEsGzzkmlEQUwsI1dx+BdMx0YSCTbBiM/KWE1kF/kXjpuE+XNaat0VYZXSCTtE58tAVaqJ71EI+okigV/SG3p0X58P5dL7m0pJT7ByjhXK+/wAMuJzw</latexit><latexit sha1_base64="WgitCLnES1r4TeJXeVDWd7cTvpM=">AAACDXicZVDLSgMxFM3UV62vqks3wSK4KGVGBHVXdOOygmMLbSmZNNOGJpMhuSOUof8gbvU7XIlbv8HP8A/MTGdh2wvhnpx7bjg5QSy4Adf9cUpr6xubW+Xtys7u3v5B9fDoyahEU+ZTJZTuBMQwwSPmAwfBOrFmRAaCtYPJXTZvPzNtuIoeYRqzviSjiIecErBUpxfIlM0G3qBacxtuXngVeAWooaJag+pvb6hoIlkEVBBjup4bQz8lGjgVbFbpJYbFhE7IiHUtjIhkpp/mfmf4zDJDHCptTwQ4Z/9vpEQaSWBslVkzC7OMAaWEqVsVjGXWsmfyu5nKoB7IeibSJjRLRiC87qc8ihNgEZ37CBOBQeEsGzzkmlEQUwsI1dx+BdMx0YSCTbBiM/KWE1kF/kXjpuE+XNaat0VYZXSCTtE58tAVaqJ71EI+okigV/SG3p0X58P5dL7m0pJT7ByjhXK+/wAMuJzw</latexit><latexit sha1_base64="WgitCLnES1r4TeJXeVDWd7cTvpM=">AAACDXicZVDLSgMxFM3UV62vqks3wSK4KGVGBHVXdOOygmMLbSmZNNOGJpMhuSOUof8gbvU7XIlbv8HP8A/MTGdh2wvhnpx7bjg5QSy4Adf9cUpr6xubW+Xtys7u3v5B9fDoyahEU+ZTJZTuBMQwwSPmAwfBOrFmRAaCtYPJXTZvPzNtuIoeYRqzviSjiIecErBUpxfIlM0G3qBacxtuXngVeAWooaJag+pvb6hoIlkEVBBjup4bQz8lGjgVbFbpJYbFhE7IiHUtjIhkpp/mfmf4zDJDHCptTwQ4Z/9vpEQaSWBslVkzC7OMAaWEqVsVjGXWsmfyu5nKoB7IeibSJjRLRiC87qc8ihNgEZ37CBOBQeEsGzzkmlEQUwsI1dx+BdMx0YSCTbBiM/KWE1kF/kXjpuE+XNaat0VYZXSCTtE58tAVaqJ71EI+okigV/SG3p0X58P5dL7m0pJT7ByjhXK+/wAMuJzw</latexit>

e2
<latexit sha1_base64="wBcNk6euWGMrg+Da+mnoLSs6/Fg=">AAACDXicZVDLSgMxFM3UV62vqks3g0VwUcq0COqu6MZlBUcL7VAyaaYNzWNI7ghl6D+IW/0OV+LWb/Az/AMz01nY9kK4J+eeG05OGHNmwPN+nNLa+sbmVnm7srO7t39QPTx6NCrRhPpEcaW7ITaUM0l9YMBpN9YUi5DTp3Bym82fnqk2TMkHmMY0EHgkWcQIBkt1+6FI6WzQGlRrXsPLy10FzQLUUFGdQfW3P1QkEVQC4diYXtOLIUixBkY4nVX6iaExJhM8oj0LJRbUBGnud+aeWWboRkrbI8HN2f8bKRZGYBhbZdbMwixjQClu6lYFY5G17Jn8bqYirIeinom0icySEYiugpTJOAEqydxHlHAXlJtl4w6ZpgT41AJMNLNfcckYa0zAJlixGTWXE1kFfqtx3fDuL2rtmyKsMjpBp+gcNdElaqM71EE+IoijV/SG3p0X58P5dL7m0pJT7ByjhXK+/wAOWpzx</latexit><latexit sha1_base64="wBcNk6euWGMrg+Da+mnoLSs6/Fg=">AAACDXicZVDLSgMxFM3UV62vqks3g0VwUcq0COqu6MZlBUcL7VAyaaYNzWNI7ghl6D+IW/0OV+LWb/Az/AMz01nY9kK4J+eeG05OGHNmwPN+nNLa+sbmVnm7srO7t39QPTx6NCrRhPpEcaW7ITaUM0l9YMBpN9YUi5DTp3Bym82fnqk2TMkHmMY0EHgkWcQIBkt1+6FI6WzQGlRrXsPLy10FzQLUUFGdQfW3P1QkEVQC4diYXtOLIUixBkY4nVX6iaExJhM8oj0LJRbUBGnud+aeWWboRkrbI8HN2f8bKRZGYBhbZdbMwixjQClu6lYFY5G17Jn8bqYirIeinom0icySEYiugpTJOAEqydxHlHAXlJtl4w6ZpgT41AJMNLNfcckYa0zAJlixGTWXE1kFfqtx3fDuL2rtmyKsMjpBp+gcNdElaqM71EE+IoijV/SG3p0X58P5dL7m0pJT7ByjhXK+/wAOWpzx</latexit><latexit sha1_base64="wBcNk6euWGMrg+Da+mnoLSs6/Fg=">AAACDXicZVDLSgMxFM3UV62vqks3g0VwUcq0COqu6MZlBUcL7VAyaaYNzWNI7ghl6D+IW/0OV+LWb/Az/AMz01nY9kK4J+eeG05OGHNmwPN+nNLa+sbmVnm7srO7t39QPTx6NCrRhPpEcaW7ITaUM0l9YMBpN9YUi5DTp3Bym82fnqk2TMkHmMY0EHgkWcQIBkt1+6FI6WzQGlRrXsPLy10FzQLUUFGdQfW3P1QkEVQC4diYXtOLIUixBkY4nVX6iaExJhM8oj0LJRbUBGnud+aeWWboRkrbI8HN2f8bKRZGYBhbZdbMwixjQClu6lYFY5G17Jn8bqYirIeinom0icySEYiugpTJOAEqydxHlHAXlJtl4w6ZpgT41AJMNLNfcckYa0zAJlixGTWXE1kFfqtx3fDuL2rtmyKsMjpBp+gcNdElaqM71EE+IoijV/SG3p0X58P5dL7m0pJT7ByjhXK+/wAOWpzx</latexit>

e3
<latexit sha1_base64="LgiizHRmhHOKEEbwqVR4tWBS3lw=">AAACDXicZVDLTgIxFL2DL8QXauLGzURi4oKQQRfqjujGJSQiJECwUzrQ0E4n7R0TMuEfjFv9DlfGrd/gxn/wD+wAC4GbNPf03HOb0+NHghv0vG8ns7K6tr6R3cxtbe/s7uX3Dx6MijVldaqE0k2fGCZ4yOrIUbBmpBmRvmANf3ibzhtPTBuuwnscRawjST/kAacELdVs+zJh4+5FN1/wSt6k3GVQnoFC5aj28wgA1W7+t91TNJYsRCqIMa2yF2EnIRo5FWyca8eGRYQOSZ+1LAyJZKaTTPyO3VPL9NxAaXtCdCfs/42ESCMJDqwybWZuljKolDBFq8KBTFv6zORuRtIv+rKYirQJzIIRDK46CQ+jGFlIpz6CWLio3DQbt8c1oyhGFhCquf2KSwdEE4o2wZzNqLyYyDKon5euS17NZnUD08rCMZzAGZThEipwB1WoAwUBL/AKb86z8+58OJ9TacaZ7RzCXDlff9YqntM=</latexit><latexit sha1_base64="RMNkU799kfoHwXHS6vi9XiRQ2tw=">AAACDXicZVDLSgMxFM3UV62vquDGzWARXJQy1YW6K3XjsgXHFtqhZNJMG5pMhuSOUIb+g7jVX3DrSlwJfoMb/8E/MDPtwrYXwj0599xwcvyIMw2O823lVlbX1jfym4Wt7Z3dveL+wb2WsSLUJZJL1faxppyF1AUGnLYjRbHwOW35o5t03nqgSjMZ3sE4op7Ag5AFjGAwVLvri4ROehe9YsmpOFnZy6A6A6XaUfOHvdY/G73ib7cvSSxoCIRjrTtVJwIvwQoY4XRS6MaaRpiM8IB2DAyxoNpLMr8T+9QwfTuQypwQ7Iz9v5FgoQWGoVGmTc/NUgak5LpsVDAUaUufye56LPyyL8qpSOlALxiB4MpLWBjFQEMy9RHE3AZpp9nYfaYoAT42ABPFzFdsMsQKEzAJFkxG1cVEloF7XrmuOE2TVR1NK4+O0Qk6Q1V0iWroFjWQiwji6Ak9oxfr0Xqz3q2PqTRnzXYO0VxZX39bgqCP</latexit><latexit sha1_base64="RMNkU799kfoHwXHS6vi9XiRQ2tw=">AAACDXicZVDLSgMxFM3UV62vquDGzWARXJQy1YW6K3XjsgXHFtqhZNJMG5pMhuSOUIb+g7jVX3DrSlwJfoMb/8E/MDPtwrYXwj0599xwcvyIMw2O823lVlbX1jfym4Wt7Z3dveL+wb2WsSLUJZJL1faxppyF1AUGnLYjRbHwOW35o5t03nqgSjMZ3sE4op7Ag5AFjGAwVLvri4ROehe9YsmpOFnZy6A6A6XaUfOHvdY/G73ib7cvSSxoCIRjrTtVJwIvwQoY4XRS6MaaRpiM8IB2DAyxoNpLMr8T+9QwfTuQypwQ7Iz9v5FgoQWGoVGmTc/NUgak5LpsVDAUaUufye56LPyyL8qpSOlALxiB4MpLWBjFQEMy9RHE3AZpp9nYfaYoAT42ABPFzFdsMsQKEzAJFkxG1cVEloF7XrmuOE2TVR1NK4+O0Qk6Q1V0iWroFjWQiwji6Ak9oxfr0Xqz3q2PqTRnzXYO0VxZX39bgqCP</latexit>

f�(e)
<latexit sha1_base64="8oxgnabmEamXCM6ELWdhWTrrt8c="></latexit><latexit sha1_base64="JbCPJ2fHAGZa8Ebw6DTj/vvFjWE="></latexit><latexit sha1_base64="JbCPJ2fHAGZa8Ebw6DTj/vvFjWE="></latexit>

ei ⇠ N (µzi ,⌃zi)
<latexit sha1_base64="8CLMr+o0dZvNiJKf88rFwAP//jQ="></latexit><latexit sha1_base64="N3CijJIqFBowULdbrh+WNrhPgX8="></latexit><latexit sha1_base64="N3CijJIqFBowULdbrh+WNrhPgX8="></latexit>

zi ⇠
<latexit sha1_base64="A0vAn9BPw9kDXHS9rkuB77rpTAE=">AAACDnicZVDLTgIxFO3gC/GFunTTSExcEDJjTNQd0Y1LTEQwMCGd0oGGdjpp75jghI8wbvU7XBm3/oKf4R/YgVkI3KS5p+ee25yeIBbcgOv+OIWV1bX1jeJmaWt7Z3evvH/wYFSiKWtSJZRuB8QwwSPWBA6CtWPNiAwEawWjm2zeemLacBXdwzhmviSDiIecErDU43OP467hEvfKFbfmTgsvAy8HFZRXo1f+7fYVTSSLgApiTMdzY/BTooFTwSalbmJYTOiIDFjHwohIZvx0aniCTyzTx6HS9kSAp+z/jZRIIwkMrTJrZm6WMaCUMFWrgqHMWvbM9G7GMqgGspqJtAnNghEIL/2UR3ECLKIzH2EiMCichYP7XDMKYmwBoZrbr2A6JJpQsBGWbEbeYiLLoHlWu6q5d+eV+nUeVhEdoWN0ijx0geroFjVQE1Ek0St6Q+/Oi/PhfDpfM2nByXcO0Vw5339MaJ0J</latexit><latexit sha1_base64="A0vAn9BPw9kDXHS9rkuB77rpTAE=">AAACDnicZVDLTgIxFO3gC/GFunTTSExcEDJjTNQd0Y1LTEQwMCGd0oGGdjpp75jghI8wbvU7XBm3/oKf4R/YgVkI3KS5p+ee25yeIBbcgOv+OIWV1bX1jeJmaWt7Z3evvH/wYFSiKWtSJZRuB8QwwSPWBA6CtWPNiAwEawWjm2zeemLacBXdwzhmviSDiIecErDU43OP467hEvfKFbfmTgsvAy8HFZRXo1f+7fYVTSSLgApiTMdzY/BTooFTwSalbmJYTOiIDFjHwohIZvx0aniCTyzTx6HS9kSAp+z/jZRIIwkMrTJrZm6WMaCUMFWrgqHMWvbM9G7GMqgGspqJtAnNghEIL/2UR3ECLKIzH2EiMCichYP7XDMKYmwBoZrbr2A6JJpQsBGWbEbeYiLLoHlWu6q5d+eV+nUeVhEdoWN0ijx0geroFjVQE1Ek0St6Q+/Oi/PhfDpfM2nByXcO0Vw5339MaJ0J</latexit><latexit sha1_base64="A0vAn9BPw9kDXHS9rkuB77rpTAE=">AAACDnicZVDLTgIxFO3gC/GFunTTSExcEDJjTNQd0Y1LTEQwMCGd0oGGdjpp75jghI8wbvU7XBm3/oKf4R/YgVkI3KS5p+ee25yeIBbcgOv+OIWV1bX1jeJmaWt7Z3evvH/wYFSiKWtSJZRuB8QwwSPWBA6CtWPNiAwEawWjm2zeemLacBXdwzhmviSDiIecErDU43OP467hEvfKFbfmTgsvAy8HFZRXo1f+7fYVTSSLgApiTMdzY/BTooFTwSalbmJYTOiIDFjHwohIZvx0aniCTyzTx6HS9kSAp+z/jZRIIwkMrTJrZm6WMaCUMFWrgqHMWvbM9G7GMqgGspqJtAnNghEIL/2UR3ECLKIzH2EiMCichYP7XDMKYmwBoZrbr2A6JJpQsBGWbEbeYiLLoHlWu6q5d+eV+nUeVhEdoWN0ijx0geroFjVQE1Ek0St6Q+/Oi/PhfDpfM2nByXcO0Vw5339MaJ0J</latexit>

Markov Structure

xi ⇠
<latexit sha1_base64="4XmkaafD4EWeU6wrjePkY8qE6No=">AAACE3icZVDLTgIxFO3gC/GFunTTSExcEDIYE3VHdOMSE0dIGCSd0oGGdjpp7xjJhN8wbvU7XBm3foCf4R/YGVgI3KS5p+ee25yeIBbcgOv+OIWV1bX1jeJmaWt7Z3evvH/wYFSiKfOoEkq3A2KY4BHzgINg7VgzIgPBWsHoJpu3npg2XEX3MI5ZV5JBxENOCVjq0Q9k+jzpcewbLnGvXHFrbl54GdRnoIJm1eyVf/2+oolkEVBBjOnU3Ri6KdHAqWCTkp8YFhM6IgPWsTAikplumrue4BPL9HGotD0R4Jz9v5ESaSSBoVVmzczNMgaUEqZqVTCUWcueye9mLINqIKuZSJvQLBiB8LKb8ihOgEV06iNMBAaFs4Rwn2tGQYwtIFRz+xVMh0QTCjbHks2ovpjIMvDOalc19+680riehVVER+gYnaI6ukANdIuayEMUafSK3tC78+J8OJ/O11RacGY7h2iunO8/lwWfXA==</latexit><latexit sha1_base64="4XmkaafD4EWeU6wrjePkY8qE6No=">AAACE3icZVDLTgIxFO3gC/GFunTTSExcEDIYE3VHdOMSE0dIGCSd0oGGdjpp7xjJhN8wbvU7XBm3foCf4R/YGVgI3KS5p+ee25yeIBbcgOv+OIWV1bX1jeJmaWt7Z3evvH/wYFSiKfOoEkq3A2KY4BHzgINg7VgzIgPBWsHoJpu3npg2XEX3MI5ZV5JBxENOCVjq0Q9k+jzpcewbLnGvXHFrbl54GdRnoIJm1eyVf/2+oolkEVBBjOnU3Ri6KdHAqWCTkp8YFhM6IgPWsTAikplumrue4BPL9HGotD0R4Jz9v5ESaSSBoVVmzczNMgaUEqZqVTCUWcueye9mLINqIKuZSJvQLBiB8LKb8ihOgEV06iNMBAaFs4Rwn2tGQYwtIFRz+xVMh0QTCjbHks2ovpjIMvDOalc19+680riehVVER+gYnaI6ukANdIuayEMUafSK3tC78+J8OJ/O11RacGY7h2iunO8/lwWfXA==</latexit><latexit sha1_base64="4XmkaafD4EWeU6wrjePkY8qE6No=">AAACE3icZVDLTgIxFO3gC/GFunTTSExcEDIYE3VHdOMSE0dIGCSd0oGGdjpp7xjJhN8wbvU7XBm3foCf4R/YGVgI3KS5p+ee25yeIBbcgOv+OIWV1bX1jeJmaWt7Z3evvH/wYFSiKfOoEkq3A2KY4BHzgINg7VgzIgPBWsHoJpu3npg2XEX3MI5ZV5JBxENOCVjq0Q9k+jzpcewbLnGvXHFrbl54GdRnoIJm1eyVf/2+oolkEVBBjOnU3Ri6KdHAqWCTkp8YFhM6IgPWsTAikplumrue4BPL9HGotD0R4Jz9v5ESaSSBoVVmzczNMgaUEqZqVTCUWcueye9mLINqIKuZSJvQLBiB8LKb8ihOgEV06iNMBAaFs4Rwn2tGQYwtIFRz+xVMh0QTCjbHks2ovpjIMvDOalc19+680riehVVER+gYnaI6ukANdIuayEMUafSK3tC78+J8OJ/O11RacGY7h2iunO8/lwWfXA==</latexit>

f�(ei)
<latexit sha1_base64="ISFMuiBWVv5rfvJnqq9uM8Osfvo=">AAACHnicZVBNS8NAEN34WetX1YMHL8EiVCglEUG9Fb14rGBsoS1hs920S3ezYXcilJAfI171d3gSr/oz/Adu0h5sO7DM2zdvhpkXxJxpcJwfa2V1bX1js7RV3t7Z3duvHBw+aZkoQj0iuVSdAGvKWUQ9YMBpJ1YUi4DTdjC+y+vtZ6o0k9EjTGLaF3gYsZARDIbyK8ehn/YCkfbiEcuyWg5p5rNzv1J1Gk4R9jJwZ6CKZtHyK7+9gSSJoBEQjrXuuk4M/RQrYITTrNxLNI0xGeMh7RoYYUF1Py0OyOwzwwzsUCrzIrAL9n9HioUWGEZGmSc9V8sZkJLrulHBSOQpH1P89UQE9UDUc5HSoV5YBMLrfsqiOAEakekeYcJtkHZulj1gihLgEwMwUcycYpMRVpiAsbRsPHIXHVkG3kXjpuE8XFabtzOzSugEnaIactEVaqJ71EIeIihDr+gNvVsv1of1aX1NpSvWrOcIzYX1/QfnyqO9</latexit><latexit sha1_base64="ISFMuiBWVv5rfvJnqq9uM8Osfvo=">AAACHnicZVBNS8NAEN34WetX1YMHL8EiVCglEUG9Fb14rGBsoS1hs920S3ezYXcilJAfI171d3gSr/oz/Adu0h5sO7DM2zdvhpkXxJxpcJwfa2V1bX1js7RV3t7Z3duvHBw+aZkoQj0iuVSdAGvKWUQ9YMBpJ1YUi4DTdjC+y+vtZ6o0k9EjTGLaF3gYsZARDIbyK8ehn/YCkfbiEcuyWg5p5rNzv1J1Gk4R9jJwZ6CKZtHyK7+9gSSJoBEQjrXuuk4M/RQrYITTrNxLNI0xGeMh7RoYYUF1Py0OyOwzwwzsUCrzIrAL9n9HioUWGEZGmSc9V8sZkJLrulHBSOQpH1P89UQE9UDUc5HSoV5YBMLrfsqiOAEakekeYcJtkHZulj1gihLgEwMwUcycYpMRVpiAsbRsPHIXHVkG3kXjpuE8XFabtzOzSugEnaIactEVaqJ71EIeIihDr+gNvVsv1of1aX1NpSvWrOcIzYX1/QfnyqO9</latexit><latexit sha1_base64="ISFMuiBWVv5rfvJnqq9uM8Osfvo=">AAACHnicZVBNS8NAEN34WetX1YMHL8EiVCglEUG9Fb14rGBsoS1hs920S3ezYXcilJAfI171d3gSr/oz/Adu0h5sO7DM2zdvhpkXxJxpcJwfa2V1bX1js7RV3t7Z3duvHBw+aZkoQj0iuVSdAGvKWUQ9YMBpJ1YUi4DTdjC+y+vtZ6o0k9EjTGLaF3gYsZARDIbyK8ehn/YCkfbiEcuyWg5p5rNzv1J1Gk4R9jJwZ6CKZtHyK7+9gSSJoBEQjrXuuk4M/RQrYITTrNxLNI0xGeMh7RoYYUF1Py0OyOwzwwzsUCrzIrAL9n9HioUWGEZGmSc9V8sZkJLrulHBSOQpH1P89UQE9UDUc5HSoV5YBMLrfsqiOAEakekeYcJtkHZulj1gihLgEwMwUcycYpMRVpiAsbRsPHIXHVkG3kXjpuE8XFabtzOzSugEnaIactEVaqJ71EIeIihDr+gNvVsv1of1aX1NpSvWrOcIzYX1/QfnyqO9</latexit>

Point mass at

xi = f�(ei)
<latexit sha1_base64="270VJLD7gt0vH7AtNf4cVJpk6VA="></latexit><latexit sha1_base64="PuNsspGjpcc2SeVmkDWfr5ab2W0="></latexit><latexit sha1_base64="PuNsspGjpcc2SeVmkDWfr5ab2W0="></latexit>

Neural
Projector



A Simpler Method: Map 
Directly to Space of Prior

Example of Markov prior

x
f(e;�)

<latexit sha1_base64="FsElmiZYiYnGj5o7UHjArdk6Bk8="></latexit><latexit sha1_base64="FsElmiZYiYnGj5o7UHjArdk6Bk8="></latexit><latexit sha1_base64="FsElmiZYiYnGj5o7UHjArdk6Bk8="></latexit>

?

max log pGHMM(f�(x))
<latexit sha1_base64="QrUGXd8IoThzpkp7A2ek+zngVOU="></latexit><latexit sha1_base64="QrUGXd8IoThzpkp7A2ek+zngVOU="></latexit><latexit sha1_base64="QrUGXd8IoThzpkp7A2ek+zngVOU="></latexit>

Information Loss



Normalizing Flow 
(Rezende and Mohamed 2015)

• Basic idea: a way 
to map from one 
probability 
distribution to 
another in an 
invertible manner

ei ⇠ N (µzi ,⌃zi)
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Neural
Projector

x
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• Advantage: 
optimizing 
probability can be 
shown to be possible 
by following equation 

�1
<latexit sha1_base64="whzOwvpgac/k7KeUY3/DRCrw/7o="></latexit><latexit sha1_base64="whzOwvpgac/k7KeUY3/DRCrw/7o="></latexit><latexit sha1_base64="whzOwvpgac/k7KeUY3/DRCrw/7o="></latexit>

+
X

log
���det

@f�1
�

@xi

���
<latexit sha1_base64="SkZYIwUJm36ifl+bt7GkjNGFpcg="></latexit><latexit sha1_base64="SkZYIwUJm36ifl+bt7GkjNGFpcg="></latexit><latexit sha1_base64="SkZYIwUJm36ifl+bt7GkjNGFpcg="></latexit>

when     is not invertiblef
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log p(x) = log pGHMM(f�1
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Results of Learning w/ HMM 
(He et al. 2018)

noun proper

verb base

cardinal number

verb gerund

adjective

noun singular

noun plural

adverb

verb past tense
verb past participle
verb 3rd singular



Cross-lingual Application of 
Unsupervised Models (He et al. 2019)

• Pre-train generative model in supervised fashion 
on high-resourced language 

• Fine-tune the generative model to improve 
likelihood on a low-resource language 

• Improves accuracy when transferring to distant 
languages 

• But not on similar languages -- maybe we need 
better generative models?



Unsupervised Phrase-structured 
Composition Functions



Soft vs. Hard Tree Structure
• Soft tree structure: use a differentiable gating function 

• Hard tree structure: non-differentiable, but allows for 
more complicated composition methods

x1 x2

x1,2

x3

x2,3

x1,3
0.2 0.8

Soft

x1 x2 x3

x2,3

x1,3
Hard



One Other Paradigm:  
Weak Supervision

• Supervised: given X,Y to model P(Y|X) 

• Unsupervised: given X to model P(Y|X) 

• Weakly Supervised: given X and V to model P(Y|X), 
under assumption that Y and V are correlated 

• Note: different from multi-task or transfer learning 
because we are given no Y 

• Note: different from supervised learning with latent 
variables, because we care about Y, not V



• Can choose whether to 
use left node, right 
node, or combination 
of both

Gated Convolution 
(Cho et al. 2014)

• Trained using MT loss 



Learning with RL 
(Yogatama et al. 2016)

• Intermediate tree-structured representation for language modeling 

• Predict that tree using shift-reduce parsing, sentence representation 
composed in tree-structured manner 

• Reinforcement learning with supervised loss, prediction loss



Learning w/ Layer-wise 
Reductions (Choi et al. 2017)

• Choose one parent at each layer, reducing size by one

• Train using Gumbel-straighthrough reparameterization trick 

• Faster and more effective than RL? 

• Williams et al. (2017) find that this gives less trivial trees as well



Difficulties in Learning Latent 
Structure  

(Williams et al. 2018)
• Unfortunately, many models learn trivial structure... 

• e.g. balanced binary, left/right branching

• Why? One explanation: tension between (untrained) 
parser, and (untrained) downstream task model



Learning Dependencies



Phrase Structure vs. 
Dependency Structure

• Previous methods attempt to learn representations 
of phrases in tree-structured manner 

• We might also want to learn dependencies, that tell 
which words depend on others



Dependency Model w/ 
Valence (Klein and Manning 2004)

• Basic idea: top-down dependency based language 
model that generates left and right sides, then stops

I saw a girl with a telescopeROOT
• For both the right and left side, calculate whether to 

continue generating words, and if yes generate
e.g., a slightly simplified view for word “saw”
Pd(<cont> | saw, ←, false) * Pw(I | saw, ←, false) * 
Pd(<stop> | saw, ←, true) * 
Pd(<cont> | saw, →, false) * Pw(girl | saw, ←, false) * 
Pd(<cont> | saw, →, true) * Pw(with | saw, ←, true) * 
Pd(<stop> | saw, ←, true)



Unsupervised Dependency 
Induction w/ Neural Nets (Jiang et al. 2016)

• Simple: parameterize the decision with neural nets 
instead of with count-based distributions 

• Like DMV, train with EM algorithm



Invertible Projections for 
DMV (He et al. 2018)
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<latexit sha1_base64="QuysJyVG4LzFzaADM3QOo12uCc8="></latexit><latexit sha1_base64="QuysJyVG4LzFzaADM3QOo12uCc8="></latexit><latexit sha1_base64="QuysJyVG4LzFzaADM3QOo12uCc8="></latexit>

cat stopped dog inThe a Paris

x3
<latexit sha1_base64="r7RTsVKDbYXIRCyPj9szuInKMVA=">AAACDXicZVDLSgMxFM3UV62vqks3g0VwUcqMCuqu6MZlBccW2qFk0kwbmkyG5I5Yhv6DuNXvcCVu/QY/wz8wM52FbS+Ee3LuueHkBDFnGhznxyqtrK6tb5Q3K1vbO7t71f2DRy0TRahHJJeqE2BNOYuoBww47cSKYhFw2g7Gt9m8/USVZjJ6gElMfYGHEQsZwWCoTi8Q6fO0f96v1pyGk5e9DNwC1FBRrX71tzeQJBE0AsKx1l3XicFPsQJGOJ1WeommMSZjPKRdAyMsqPbT3O/UPjHMwA6lMicCO2f/b6RYaIFhZJRZ03OzjAEpua4bFYxE1rJn8rueiKAeiHomUjrUC0YgvPJTFsUJ0IjMfIQJt0HaWTb2gClKgE8MwEQx8xWbjLDCBEyCFZORu5jIMvDOGtcN5/6i1rwpwiqjI3SMTpGLLlET3aEW8hBBHL2iN/RuvVgf1qf1NZOWrGLnEM2V9f0HLzudBQ==</latexit><latexit sha1_base64="r7RTsVKDbYXIRCyPj9szuInKMVA=">AAACDXicZVDLSgMxFM3UV62vqks3g0VwUcqMCuqu6MZlBccW2qFk0kwbmkyG5I5Yhv6DuNXvcCVu/QY/wz8wM52FbS+Ee3LuueHkBDFnGhznxyqtrK6tb5Q3K1vbO7t71f2DRy0TRahHJJeqE2BNOYuoBww47cSKYhFw2g7Gt9m8/USVZjJ6gElMfYGHEQsZwWCoTi8Q6fO0f96v1pyGk5e9DNwC1FBRrX71tzeQJBE0AsKx1l3XicFPsQJGOJ1WeommMSZjPKRdAyMsqPbT3O/UPjHMwA6lMicCO2f/b6RYaIFhZJRZ03OzjAEpua4bFYxE1rJn8rueiKAeiHomUjrUC0YgvPJTFsUJ0IjMfIQJt0HaWTb2gClKgE8MwEQx8xWbjLDCBEyCFZORu5jIMvDOGtcN5/6i1rwpwiqjI3SMTpGLLlET3aEW8hBBHL2iN/RuvVgf1qf1NZOWrGLnEM2V9f0HLzudBQ==</latexit><latexit sha1_base64="r7RTsVKDbYXIRCyPj9szuInKMVA=">AAACDXicZVDLSgMxFM3UV62vqks3g0VwUcqMCuqu6MZlBccW2qFk0kwbmkyG5I5Yhv6DuNXvcCVu/QY/wz8wM52FbS+Ee3LuueHkBDFnGhznxyqtrK6tb5Q3K1vbO7t71f2DRy0TRahHJJeqE2BNOYuoBww47cSKYhFw2g7Gt9m8/USVZjJ6gElMfYGHEQsZwWCoTi8Q6fO0f96v1pyGk5e9DNwC1FBRrX71tzeQJBE0AsKx1l3XicFPsQJGOJ1WeommMSZjPKRdAyMsqPbT3O/UPjHMwA6lMicCO2f/b6RYaIFhZJRZ03OzjAEpua4bFYxE1rJn8rueiKAeiHomUjrUC0YgvPJTFsUJ0IjMfIQJt0HaWTb2gClKgE8MwEQx8xWbjLDCBEyCFZORu5jIMvDOGtcN5/6i1rwpwiqjI3SMTpGLLlET3aEW8hBBHL2iN/RuvVgf1qf1NZOWrGLnEM2V9f0HLzudBQ==</latexit>

x2
<latexit sha1_base64="OUe9NQ3ny9IilmHPU3ONQ4TtfRo=">AAACDXicZVDLSgMxFM3UV62vqks3g0VwUcpMEdRd0Y3LCo4ttEPJpJk2NJkMyR2xDP0Hcavf4Urc+g1+hn9gZjoL214I9+Tcc8PJCWLONDjOj1VaW9/Y3CpvV3Z29/YPqodHj1omilCPSC5VN8CachZRDxhw2o0VxSLgtBNMbrN554kqzWT0ANOY+gKPIhYygsFQ3X4g0ufZoDmo1pyGk5e9CtwC1FBR7UH1tz+UJBE0AsKx1j3XicFPsQJGOJ1V+ommMSYTPKI9AyMsqPbT3O/MPjPM0A6lMicCO2f/b6RYaIFhbJRZ0wuzjAEpua4bFYxF1rJn8rueiqAeiHomUjrUS0YgvPJTFsUJ0IjMfYQJt0HaWTb2kClKgE8NwEQx8xWbjLHCBEyCFZORu5zIKvCajeuGc39Ra90UYZXRCTpF58hFl6iF7lAbeYggjl7RG3q3XqwP69P6mktLVrFzjBbK+v4DLZmdBA==</latexit><latexit sha1_base64="OUe9NQ3ny9IilmHPU3ONQ4TtfRo=">AAACDXicZVDLSgMxFM3UV62vqks3g0VwUcpMEdRd0Y3LCo4ttEPJpJk2NJkMyR2xDP0Hcavf4Urc+g1+hn9gZjoL214I9+Tcc8PJCWLONDjOj1VaW9/Y3CpvV3Z29/YPqodHj1omilCPSC5VN8CachZRDxhw2o0VxSLgtBNMbrN554kqzWT0ANOY+gKPIhYygsFQ3X4g0ufZoDmo1pyGk5e9CtwC1FBR7UH1tz+UJBE0AsKx1j3XicFPsQJGOJ1V+ommMSYTPKI9AyMsqPbT3O/MPjPM0A6lMicCO2f/b6RYaIFhbJRZ0wuzjAEpua4bFYxF1rJn8rueiqAeiHomUjrUS0YgvPJTFsUJ0IjMfYQJt0HaWTb2kClKgE8NwEQx8xWbjLHCBEyCFZORu5zIKvCajeuGc39Ra90UYZXRCTpF58hFl6iF7lAbeYggjl7RG3q3XqwP69P6mktLVrFzjBbK+v4DLZmdBA==</latexit><latexit sha1_base64="OUe9NQ3ny9IilmHPU3ONQ4TtfRo=">AAACDXicZVDLSgMxFM3UV62vqks3g0VwUcpMEdRd0Y3LCo4ttEPJpJk2NJkMyR2xDP0Hcavf4Urc+g1+hn9gZjoL214I9+Tcc8PJCWLONDjOj1VaW9/Y3CpvV3Z29/YPqodHj1omilCPSC5VN8CachZRDxhw2o0VxSLgtBNMbrN554kqzWT0ANOY+gKPIhYygsFQ3X4g0ufZoDmo1pyGk5e9CtwC1FBR7UH1tz+UJBE0AsKx1j3XicFPsQJGOJ1V+ommMSYTPKI9AyMsqPbT3O/MPjPM0A6lMicCO2f/b6RYaIFhbJRZ0wuzjAEpua4bFYxF1rJn8rueiqAeiHomUjrUS0YgvPJTFsUJ0IjMfYQJt0HaWTb2kClKgE8NwEQx8xWbjLHCBEyCFZORu5zIKvCajeuGc39Ra90UYZXRCTpF58hFl6iF7lAbeYggjl7RG3q3XqwP69P6mktLVrFzjBbK+v4DLZmdBA==</latexit>



Learning Dependency Heads 
w/ Attention (Kuncoro et al. 2017)

• Given a phrase structure tree, what child is the head word, the 
most important word in the phrase? 

• Idea: create a phrase composition function that uses attention: 
examine if attention weights follow heads defined by linguistics



Other Examples



Learning about Word Segmentation 
from Attention (Boito et al. 2017)

• We want to learn word segmentation in an unsegmented language 

• Simple idea: we can inspect the attention matrices from a neural 
MT system to extract words



Learning Segmentations w/ 
Reconstruction Loss (Elsner and Shain 2017)
• Learn segmentations of speech/text that allow for easy re-

construction of the original 
• Idea: consistent segmentation should result in easier-to-

reconstruct segments 
• Train segmentation using policy gradient



Learning Language-level 
Features (Malaviya et al. 2017)

• All previous work learned features of a single sentence 

• Can we learn features of the whole language? e.g. 
Typology: what is the canonical word order, etc. 

• A simple method: train a neural MT system on 1017 
languages, and extract its representations



Questions?


