
Modeling with Machine 
Learning: RNN (part 2)



‣ Language modeling 

‣ Sentiment classification 

‣ Machine translation

Recall: learning to encode/decode

I have seen better lectures -1

I have seen better lectures Olen nähnyt parempia 
luentoja

encoding decoding

This course has been a success (?)



Outline (part 2)
‣ Modeling sequences: language models 

- Markov models  
- as neural networks 
- hidden state, Recurrent Neural Networks (RNNs) 

‣ Example: decoding images into sentences



Markov Models
‣ Next word in a sentence depends on previous symbols 

already written (history = one, two, or more words) 

‣ Similar, next character in a word depends on previous 
characters already written  

‣ We can model such kth order dependences between 
symbols with Markov Models 

bumfuzzled

The lecture leaves me bumfuzzled



Markov Language Models
‣ Let           denote the set of possible words/symbols that 

includes 
- an UNK symbol for any unknown word (out of vocabulary) 
- <beg> symbol for specifying the start of a sentence 
- <end> symbol for specifying the end of the sentence 

‣ In a first order Markov model (bigram model), the next 
symbol only depends on the previous one
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<beg> The lecture leaves me UNK <end>
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w5
<latexit sha1_base64="3iNt+jCZAu1/t4wENOCa9hN45ts=">AAACJXicbVDLSsNAFJ3UV61VW126CRbBVUnUosuCG5cV7QPaUiaT23boZBJmbqwl5BPc6if4Ne5EcOWvOH0sbOuBgcM59zL3HC8SXKPjfFuZjc2t7Z3sbm4vv39wWCgeNXQYKwZ1FopQtTyqQXAJdeQooBUpoIEnoOmNbqd+8wmU5qF8xEkE3YAOJO9zRtFID+NepVcoOWVnBnuduAtSIgvUekUr3/FDFgcgkQmqddt1IuwmVCFnAtJcJ9YQUTaiA2gbKmkAupvMbk3tM6P4dj9U5km0Z+rfjYQGWk8Cz0wGFId61ZuK/3ntGPs33YTLKEaQbP5RPxY2hvY0uO1zBQzFxBDKFDe32mxIFWVo6sl1NJju5ACHSSeiikvfpEsTEyxd8hCeccx9c0NyWa5wmeZMf+5qW+ukcVF2nbJ7f1WqVhdNZskJOSXnxCXXpEruSI3UCSMD8kJeyZv1bn1Yn9bXfDRjLXaOyRKsn1+RKqUv</latexit><latexit sha1_base64="3iNt+jCZAu1/t4wENOCa9hN45ts=">AAACJXicbVDLSsNAFJ3UV61VW126CRbBVUnUosuCG5cV7QPaUiaT23boZBJmbqwl5BPc6if4Ne5EcOWvOH0sbOuBgcM59zL3HC8SXKPjfFuZjc2t7Z3sbm4vv39wWCgeNXQYKwZ1FopQtTyqQXAJdeQooBUpoIEnoOmNbqd+8wmU5qF8xEkE3YAOJO9zRtFID+NepVcoOWVnBnuduAtSIgvUekUr3/FDFgcgkQmqddt1IuwmVCFnAtJcJ9YQUTaiA2gbKmkAupvMbk3tM6P4dj9U5km0Z+rfjYQGWk8Cz0wGFId61ZuK/3ntGPs33YTLKEaQbP5RPxY2hvY0uO1zBQzFxBDKFDe32mxIFWVo6sl1NJju5ACHSSeiikvfpEsTEyxd8hCeccx9c0NyWa5wmeZMf+5qW+ukcVF2nbJ7f1WqVhdNZskJOSXnxCXXpEruSI3UCSMD8kJeyZv1bn1Yn9bXfDRjLXaOyRKsn1+RKqUv</latexit><latexit sha1_base64="3iNt+jCZAu1/t4wENOCa9hN45ts=">AAACJXicbVDLSsNAFJ3UV61VW126CRbBVUnUosuCG5cV7QPaUiaT23boZBJmbqwl5BPc6if4Ne5EcOWvOH0sbOuBgcM59zL3HC8SXKPjfFuZjc2t7Z3sbm4vv39wWCgeNXQYKwZ1FopQtTyqQXAJdeQooBUpoIEnoOmNbqd+8wmU5qF8xEkE3YAOJO9zRtFID+NepVcoOWVnBnuduAtSIgvUekUr3/FDFgcgkQmqddt1IuwmVCFnAtJcJ9YQUTaiA2gbKmkAupvMbk3tM6P4dj9U5km0Z+rfjYQGWk8Cz0wGFId61ZuK/3ntGPs33YTLKEaQbP5RPxY2hvY0uO1zBQzFxBDKFDe32mxIFWVo6sl1NJju5ACHSSeiikvfpEsTEyxd8hCeccx9c0NyWa5wmeZMf+5qW+ukcVF2nbJ7f1WqVhdNZskJOSXnxCXXpEruSI3UCSMD8kJeyZv1bn1Yn9bXfDRjLXaOyRKsn1+RKqUv</latexit><latexit sha1_base64="3iNt+jCZAu1/t4wENOCa9hN45ts=">AAACJXicbVDLSsNAFJ3UV61VW126CRbBVUnUosuCG5cV7QPaUiaT23boZBJmbqwl5BPc6if4Ne5EcOWvOH0sbOuBgcM59zL3HC8SXKPjfFuZjc2t7Z3sbm4vv39wWCgeNXQYKwZ1FopQtTyqQXAJdeQooBUpoIEnoOmNbqd+8wmU5qF8xEkE3YAOJO9zRtFID+NepVcoOWVnBnuduAtSIgvUekUr3/FDFgcgkQmqddt1IuwmVCFnAtJcJ9YQUTaiA2gbKmkAupvMbk3tM6P4dj9U5km0Z+rfjYQGWk8Cz0wGFId61ZuK/3ntGPs33YTLKEaQbP5RPxY2hvY0uO1zBQzFxBDKFDe32mxIFWVo6sl1NJju5ACHSSeiikvfpEsTEyxd8hCeccx9c0NyWa5wmeZMf+5qW+ukcVF2nbJ7f1WqVhdNZskJOSXnxCXXpEruSI3UCSMD8kJeyZv1bn1Yn9bXfDRjLXaOyRKsn1+RKqUv</latexit>

w0
<latexit sha1_base64="D5SVYtIkIUZu2PQk5n/FTBpFmyA=">AAACJXicbVDLSsNAFJ34rLVqq0s3wSK4KokPdFlw47KifUBbymRy2w6dTMLMjbWEfIJb/QS/xp0IrvwVp20WtvXAwOGce5l7jhcJrtFxvq219Y3Nre3cTn63sLd/UCwdNnQYKwZ1FopQtTyqQXAJdeQooBUpoIEnoOmNbqd+8wmU5qF8xEkE3YAOJO9zRtFID+Oe0yuWnYozg71K3IyUSYZar2QVOn7I4gAkMkG1brtOhN2EKuRMQJrvxBoiykZ0AG1DJQ1Ad5PZral9ahTf7ofKPIn2TP27kdBA60ngmcmA4lAve1PxP68dY/+mm3AZxQiSzT/qx8LG0J4Gt32ugKGYGEKZ4uZWmw2pogxNPfmOBtOdHOAw6URUcembdGligqULHsIzjrlvbkguKldcpnnTn7vc1ippnFdcp+LeX5ar1azJHDkmJ+SMuOSaVMkdqZE6YWRAXsgrebPerQ/r0/qaj65Z2c4RWYD18wuIb6Uq</latexit><latexit sha1_base64="D5SVYtIkIUZu2PQk5n/FTBpFmyA=">AAACJXicbVDLSsNAFJ34rLVqq0s3wSK4KokPdFlw47KifUBbymRy2w6dTMLMjbWEfIJb/QS/xp0IrvwVp20WtvXAwOGce5l7jhcJrtFxvq219Y3Nre3cTn63sLd/UCwdNnQYKwZ1FopQtTyqQXAJdeQooBUpoIEnoOmNbqd+8wmU5qF8xEkE3YAOJO9zRtFID+Oe0yuWnYozg71K3IyUSYZar2QVOn7I4gAkMkG1brtOhN2EKuRMQJrvxBoiykZ0AG1DJQ1Ad5PZral9ahTf7ofKPIn2TP27kdBA60ngmcmA4lAve1PxP68dY/+mm3AZxQiSzT/qx8LG0J4Gt32ugKGYGEKZ4uZWmw2pogxNPfmOBtOdHOAw6URUcembdGligqULHsIzjrlvbkguKldcpnnTn7vc1ippnFdcp+LeX5ar1azJHDkmJ+SMuOSaVMkdqZE6YWRAXsgrebPerQ/r0/qaj65Z2c4RWYD18wuIb6Uq</latexit><latexit sha1_base64="D5SVYtIkIUZu2PQk5n/FTBpFmyA=">AAACJXicbVDLSsNAFJ34rLVqq0s3wSK4KokPdFlw47KifUBbymRy2w6dTMLMjbWEfIJb/QS/xp0IrvwVp20WtvXAwOGce5l7jhcJrtFxvq219Y3Nre3cTn63sLd/UCwdNnQYKwZ1FopQtTyqQXAJdeQooBUpoIEnoOmNbqd+8wmU5qF8xEkE3YAOJO9zRtFID+Oe0yuWnYozg71K3IyUSYZar2QVOn7I4gAkMkG1brtOhN2EKuRMQJrvxBoiykZ0AG1DJQ1Ad5PZral9ahTf7ofKPIn2TP27kdBA60ngmcmA4lAve1PxP68dY/+mm3AZxQiSzT/qx8LG0J4Gt32ugKGYGEKZ4uZWmw2pogxNPfmOBtOdHOAw6URUcembdGligqULHsIzjrlvbkguKldcpnnTn7vc1ippnFdcp+LeX5ar1azJHDkmJ+SMuOSaVMkdqZE6YWRAXsgrebPerQ/r0/qaj65Z2c4RWYD18wuIb6Uq</latexit><latexit sha1_base64="D5SVYtIkIUZu2PQk5n/FTBpFmyA=">AAACJXicbVDLSsNAFJ34rLVqq0s3wSK4KokPdFlw47KifUBbymRy2w6dTMLMjbWEfIJb/QS/xp0IrvwVp20WtvXAwOGce5l7jhcJrtFxvq219Y3Nre3cTn63sLd/UCwdNnQYKwZ1FopQtTyqQXAJdeQooBUpoIEnoOmNbqd+8wmU5qF8xEkE3YAOJO9zRtFID+Oe0yuWnYozg71K3IyUSYZar2QVOn7I4gAkMkG1brtOhN2EKuRMQJrvxBoiykZ0AG1DJQ1Ad5PZral9ahTf7ofKPIn2TP27kdBA60ngmcmA4lAve1PxP68dY/+mm3AZxQiSzT/qx8LG0J4Gt32ugKGYGEKZ4uZWmw2pogxNPfmOBtOdHOAw6URUcembdGligqULHsIzjrlvbkguKldcpnnTn7vc1ippnFdcp+LeX5ar1azJHDkmJ+SMuOSaVMkdqZE6YWRAXsgrebPerQ/r0/qaj65Z2c4RWYD18wuIb6Uq</latexit>

w6
<latexit sha1_base64="/Vfce1fPQKciBbr6pfPSF6H6eqo=">AAACJXicbVDLSsNAFJ3UV61VW126CRbBVUl8LwtuXFa0D2hLmUxu26GTSZi5sZaQT3Crn+DXuBPBlb/i9LGwrQcGDufcy9xzvEhwjY7zbWXW1jc2t7LbuZ387t5+oXhQ12GsGNRYKELV9KgGwSXUkKOAZqSABp6Ahje8nfiNJ1Cah/IRxxF0AtqXvMcZRSM9jLpX3ULJKTtT2KvEnZMSmaPaLVr5th+yOACJTFCtW64TYSehCjkTkObasYaIsiHtQ8tQSQPQnWR6a2qfGMW3e6EyT6I9Vf9uJDTQehx4ZjKgONDL3kT8z2vF2LvpJFxGMYJks496sbAxtCfBbZ8rYCjGhlCmuLnVZgOqKENTT66twXQn+zhI2hFVXPomXZqYYOmCh/CMI+6bG5Lz8iWXac705y63tUrqZ2XXKbv3F6VKZd5klhyRY3JKXHJNKuSOVEmNMNInL+SVvFnv1of1aX3NRjPWfOeQLMD6+QWS6aUw</latexit><latexit sha1_base64="/Vfce1fPQKciBbr6pfPSF6H6eqo=">AAACJXicbVDLSsNAFJ3UV61VW126CRbBVUl8LwtuXFa0D2hLmUxu26GTSZi5sZaQT3Crn+DXuBPBlb/i9LGwrQcGDufcy9xzvEhwjY7zbWXW1jc2t7LbuZ387t5+oXhQ12GsGNRYKELV9KgGwSXUkKOAZqSABp6Ahje8nfiNJ1Cah/IRxxF0AtqXvMcZRSM9jLpX3ULJKTtT2KvEnZMSmaPaLVr5th+yOACJTFCtW64TYSehCjkTkObasYaIsiHtQ8tQSQPQnWR6a2qfGMW3e6EyT6I9Vf9uJDTQehx4ZjKgONDL3kT8z2vF2LvpJFxGMYJks496sbAxtCfBbZ8rYCjGhlCmuLnVZgOqKENTT66twXQn+zhI2hFVXPomXZqYYOmCh/CMI+6bG5Lz8iWXac705y63tUrqZ2XXKbv3F6VKZd5klhyRY3JKXHJNKuSOVEmNMNInL+SVvFnv1of1aX3NRjPWfOeQLMD6+QWS6aUw</latexit><latexit sha1_base64="/Vfce1fPQKciBbr6pfPSF6H6eqo=">AAACJXicbVDLSsNAFJ3UV61VW126CRbBVUl8LwtuXFa0D2hLmUxu26GTSZi5sZaQT3Crn+DXuBPBlb/i9LGwrQcGDufcy9xzvEhwjY7zbWXW1jc2t7LbuZ387t5+oXhQ12GsGNRYKELV9KgGwSXUkKOAZqSABp6Ahje8nfiNJ1Cah/IRxxF0AtqXvMcZRSM9jLpX3ULJKTtT2KvEnZMSmaPaLVr5th+yOACJTFCtW64TYSehCjkTkObasYaIsiHtQ8tQSQPQnWR6a2qfGMW3e6EyT6I9Vf9uJDTQehx4ZjKgONDL3kT8z2vF2LvpJFxGMYJks496sbAxtCfBbZ8rYCjGhlCmuLnVZgOqKENTT66twXQn+zhI2hFVXPomXZqYYOmCh/CMI+6bG5Lz8iWXac705y63tUrqZ2XXKbv3F6VKZd5klhyRY3JKXHJNKuSOVEmNMNInL+SVvFnv1of1aX3NRjPWfOeQLMD6+QWS6aUw</latexit><latexit sha1_base64="/Vfce1fPQKciBbr6pfPSF6H6eqo=">AAACJXicbVDLSsNAFJ3UV61VW126CRbBVUl8LwtuXFa0D2hLmUxu26GTSZi5sZaQT3Crn+DXuBPBlb/i9LGwrQcGDufcy9xzvEhwjY7zbWXW1jc2t7LbuZ387t5+oXhQ12GsGNRYKELV9KgGwSXUkKOAZqSABp6Ahje8nfiNJ1Cah/IRxxF0AtqXvMcZRSM9jLpX3ULJKTtT2KvEnZMSmaPaLVr5th+yOACJTFCtW64TYSehCjkTkObasYaIsiHtQ8tQSQPQnWR6a2qfGMW3e6EyT6I9Vf9uJDTQehx4ZjKgONDL3kT8z2vF2LvpJFxGMYJks496sbAxtCfBbZ8rYCjGhlCmuLnVZgOqKENTT66twXQn+zhI2hFVXPomXZqYYOmCh/CMI+6bG5Lz8iWXac705y63tUrqZ2XXKbv3F6VKZd5klhyRY3JKXHJNKuSOVEmNMNInL+SVvFnv1of1aX3NRjPWfOeQLMD6+QWS6aUw</latexit>



A first order Markov model
‣ Each symbol (except <beg>) in the sequence is 

predicted using the same conditional probability table 
until an <end> symbol is seen

0.7 0.1 0.1 0.1 0.0
0.1 0.5 0.2 0.1 0.1
0.0 0.0 0.7 0.1 0.2
0.1 0.3 0.0 0.6 0.0
0.1 0.2 0.2 0.3 0.2

<beg>

course
ML

is

UNK

wi�1
<latexit sha1_base64="kaqHQmA16HpY4AATIiUT8X72NqI=">AAACKXicbVDLTsJAFJ36REQFXbppJCZuJK2P6JLEjUtM5JEAIdPpBSZMp83MrUiafoRb/QS/xp269UccoAsBTzLJyTn3Zu45XiS4Rsf5stbWNza3tnM7+d3C3v5BsXTY0GGsGNRZKELV8qgGwSXUkaOAVqSABp6Apje6m/rNJ1Cah/IRJxF0AzqQvM8ZRSM1x72En7tpr1h2Ks4M9ipxM1ImGWq9klXo+CGLA5DIBNW67ToRdhOqkDMBab4Ta4goG9EBtA2VNADdTWb3pvapUXy7HyrzJNoz9e9GQgOtJ4FnJgOKQ73sTcX/vHaM/dtuwmUUI0g2/6gfCxtDexre9rkChmJiCGWKm1ttNqSKMjQV5TsaTH9ygMOkE1HFpW/SpYkJli54CM845r65IbmsXHOZ5k1/7nJbq6RxUXGdivtwVa5WsyZz5JickDPikhtSJfekRuqEkRF5Ia/kzXq3PqxP63s+umZlO0dkAdbPL9zvpuE=</latexit><latexit sha1_base64="kaqHQmA16HpY4AATIiUT8X72NqI=">AAACKXicbVDLTsJAFJ36REQFXbppJCZuJK2P6JLEjUtM5JEAIdPpBSZMp83MrUiafoRb/QS/xp269UccoAsBTzLJyTn3Zu45XiS4Rsf5stbWNza3tnM7+d3C3v5BsXTY0GGsGNRZKELV8qgGwSXUkaOAVqSABp6Apje6m/rNJ1Cah/IRJxF0AzqQvM8ZRSM1x72En7tpr1h2Ks4M9ipxM1ImGWq9klXo+CGLA5DIBNW67ToRdhOqkDMBab4Ta4goG9EBtA2VNADdTWb3pvapUXy7HyrzJNoz9e9GQgOtJ4FnJgOKQ73sTcX/vHaM/dtuwmUUI0g2/6gfCxtDexre9rkChmJiCGWKm1ttNqSKMjQV5TsaTH9ygMOkE1HFpW/SpYkJli54CM845r65IbmsXHOZ5k1/7nJbq6RxUXGdivtwVa5WsyZz5JickDPikhtSJfekRuqEkRF5Ia/kzXq3PqxP63s+umZlO0dkAdbPL9zvpuE=</latexit><latexit sha1_base64="kaqHQmA16HpY4AATIiUT8X72NqI=">AAACKXicbVDLTsJAFJ36REQFXbppJCZuJK2P6JLEjUtM5JEAIdPpBSZMp83MrUiafoRb/QS/xp269UccoAsBTzLJyTn3Zu45XiS4Rsf5stbWNza3tnM7+d3C3v5BsXTY0GGsGNRZKELV8qgGwSXUkaOAVqSABp6Apje6m/rNJ1Cah/IRJxF0AzqQvM8ZRSM1x72En7tpr1h2Ks4M9ipxM1ImGWq9klXo+CGLA5DIBNW67ToRdhOqkDMBab4Ta4goG9EBtA2VNADdTWb3pvapUXy7HyrzJNoz9e9GQgOtJ4FnJgOKQ73sTcX/vHaM/dtuwmUUI0g2/6gfCxtDexre9rkChmJiCGWKm1ttNqSKMjQV5TsaTH9ygMOkE1HFpW/SpYkJli54CM845r65IbmsXHOZ5k1/7nJbq6RxUXGdivtwVa5WsyZz5JickDPikhtSJfekRuqEkRF5Ia/kzXq3PqxP63s+umZlO0dkAdbPL9zvpuE=</latexit><latexit sha1_base64="kaqHQmA16HpY4AATIiUT8X72NqI=">AAACKXicbVDLTsJAFJ36REQFXbppJCZuJK2P6JLEjUtM5JEAIdPpBSZMp83MrUiafoRb/QS/xp269UccoAsBTzLJyTn3Zu45XiS4Rsf5stbWNza3tnM7+d3C3v5BsXTY0GGsGNRZKELV8qgGwSXUkaOAVqSABp6Apje6m/rNJ1Cah/IRJxF0AzqQvM8ZRSM1x72En7tpr1h2Ks4M9ipxM1ImGWq9klXo+CGLA5DIBNW67ToRdhOqkDMBab4Ta4goG9EBtA2VNADdTWb3pvapUXy7HyrzJNoz9e9GQgOtJ4FnJgOKQ73sTcX/vHaM/dtuwmUUI0g2/6gfCxtDexre9rkChmJiCGWKm1ttNqSKMjQV5TsaTH9ygMOkE1HFpW/SpYkJli54CM845r65IbmsXHOZ5k1/7nJbq6RxUXGdivtwVa5WsyZz5JickDPikhtSJfekRuqEkRF5Ia/kzXq3PqxP63s+umZlO0dkAdbPL9zvpuE=</latexit>

ML course is <end>
wi

<latexit sha1_base64="71jX3odOrxMNrBN+csHs3zNgrYI=">AAACJ3icbVDLTsJAFJ3iCxEVdOmmkZi4Iq2P6JLEjUtM5JEAIdPpBSZMp83MrUiafoNb/QS/xp3RpX/iAF0IeJJJTs65N3PP8SLBNTrOt5Xb2Nza3snvFvaK+weHpfJRU4exYtBgoQhV26MaBJfQQI4C2pECGngCWt74bua3nkBpHspHnEbQC+hQ8gFnFI3UmPQTnvZLFafqzGGvEzcjFZKh3i9bxa4fsjgAiUxQrTuuE2EvoQo5E5AWurGGiLIxHULHUEkD0L1kfm1qnxnFtwehMk+iPVf/biQ00HoaeGYyoDjSq95M/M/rxDi47SVcRjGCZIuPBrGwMbRn0W2fK2AopoZQpri51WYjqihDU1Chq8G0J4c4SroRVVz6Jl2amGDpkofwjBPumxuSy+o1l2nB9OeutrVOmhdV16m6D1eVWi1rMk9OyCk5Jy65ITVyT+qkQRjh5IW8kjfr3fqwPq2vxWjOynaOyRKsn1/qb6Zv</latexit><latexit sha1_base64="71jX3odOrxMNrBN+csHs3zNgrYI=">AAACJ3icbVDLTsJAFJ3iCxEVdOmmkZi4Iq2P6JLEjUtM5JEAIdPpBSZMp83MrUiafoNb/QS/xp3RpX/iAF0IeJJJTs65N3PP8SLBNTrOt5Xb2Nza3snvFvaK+weHpfJRU4exYtBgoQhV26MaBJfQQI4C2pECGngCWt74bua3nkBpHspHnEbQC+hQ8gFnFI3UmPQTnvZLFafqzGGvEzcjFZKh3i9bxa4fsjgAiUxQrTuuE2EvoQo5E5AWurGGiLIxHULHUEkD0L1kfm1qnxnFtwehMk+iPVf/biQ00HoaeGYyoDjSq95M/M/rxDi47SVcRjGCZIuPBrGwMbRn0W2fK2AopoZQpri51WYjqihDU1Chq8G0J4c4SroRVVz6Jl2amGDpkofwjBPumxuSy+o1l2nB9OeutrVOmhdV16m6D1eVWi1rMk9OyCk5Jy65ITVyT+qkQRjh5IW8kjfr3fqwPq2vxWjOynaOyRKsn1/qb6Zv</latexit><latexit sha1_base64="71jX3odOrxMNrBN+csHs3zNgrYI=">AAACJ3icbVDLTsJAFJ3iCxEVdOmmkZi4Iq2P6JLEjUtM5JEAIdPpBSZMp83MrUiafoNb/QS/xp3RpX/iAF0IeJJJTs65N3PP8SLBNTrOt5Xb2Nza3snvFvaK+weHpfJRU4exYtBgoQhV26MaBJfQQI4C2pECGngCWt74bua3nkBpHspHnEbQC+hQ8gFnFI3UmPQTnvZLFafqzGGvEzcjFZKh3i9bxa4fsjgAiUxQrTuuE2EvoQo5E5AWurGGiLIxHULHUEkD0L1kfm1qnxnFtwehMk+iPVf/biQ00HoaeGYyoDjSq95M/M/rxDi47SVcRjGCZIuPBrGwMbRn0W2fK2AopoZQpri51WYjqihDU1Chq8G0J4c4SroRVVz6Jl2amGDpkofwjBPumxuSy+o1l2nB9OeutrVOmhdV16m6D1eVWi1rMk9OyCk5Jy65ITVyT+qkQRjh5IW8kjfr3fqwPq2vxWjOynaOyRKsn1/qb6Zv</latexit><latexit sha1_base64="71jX3odOrxMNrBN+csHs3zNgrYI=">AAACJ3icbVDLTsJAFJ3iCxEVdOmmkZi4Iq2P6JLEjUtM5JEAIdPpBSZMp83MrUiafoNb/QS/xp3RpX/iAF0IeJJJTs65N3PP8SLBNTrOt5Xb2Nza3snvFvaK+weHpfJRU4exYtBgoQhV26MaBJfQQI4C2pECGngCWt74bua3nkBpHspHnEbQC+hQ8gFnFI3UmPQTnvZLFafqzGGvEzcjFZKh3i9bxa4fsjgAiUxQrTuuE2EvoQo5E5AWurGGiLIxHULHUEkD0L1kfm1qnxnFtwehMk+iPVf/biQ00HoaeGYyoDjSq95M/M/rxDi47SVcRjGCZIuPBrGwMbRn0W2fK2AopoZQpri51WYjqihDU1Chq8G0J4c4SroRVVz6Jl2amGDpkofwjBPumxuSy+o1l2nB9OeutrVOmhdV16m6D1eVWi1rMk9OyCk5Jy65ITVyT+qkQRjh5IW8kjfr3fqwPq2vxWjOynaOyRKsn1/qb6Zv</latexit>
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Sampling from a Markov model
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Maximum likelihood estimation
‣ The goal is to maximize the probability that the model 

can generate all the observed sentences (corpus S) 
s 2 S, s = {ws
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Maximum likelihood estimation
‣ The goal is to maximize the probability that the model 

can generate all the observed sentences (corpus S)  

‣ The ML estimate is obtained as normalized counts of 
successive word occurrences (matching statistics)

s 2 S, s = {ws
1, w

s
2, . . . , w

s
|s|}
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Feature based Markov Model
‣ We can also represent the Markov model as a feed-

forward neural network (very extendable)
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‣ Language modeling: what comes next?

Temporal/sequence problems

This course has been a tremendous …
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‣ A trigram language model
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‣ A trigram language model
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‣ Language modeling: what comes next?

RNNs for sequences

This course has been a tremendous …
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‣ Language modeling: what comes next?

RNNs for sequences

This course has been a tremendous …
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pt = softmax(W ost)
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Decoding, RNNs
‣ Our RNN now also produces an output (e.g., a word) as 

well as update its state

previous
state

previous output
as an input x

new
state✓

output distribution[0.1,0.3,. . . ,0.2]

st = tanh(W s,sst�1 +W s,xxt)

pt = softmax(W ost)

basic
RNN

state
output distribution



previous
state

previous output
as an input x

new
state✓

[0.1,0.3,. . . ,0.2]

LSTM

ft = sigmoid(W f,hht�1 +W f,xxt)

it = sigmoid(W i,hht�1 +W i,xxt)

ot = sigmoid(W o,hht�1 +W o,xxt)

ct = ft � ct�1 + it � tanh(W c,hht�1 +W c,xxt)

ht = ot � tanh(ct)

forget gate

input gate
output gate

memory 
cell

visible state
pt = softmax(W oht) output distribution

output distribution
Decoding, LSTM



Decoding (into a sentence)
‣ Our RNN now needs to also produce an output (e.g., a 

word) as well as update its state

vector encoding 
of a sentence 

“I have seen better 
lectures”
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Decoding (into a sentence)
‣ Our RNN now needs to also produce an output (e.g., a 
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Decoding (into a sentence)
‣ Our RNN now needs to also produce an output (e.g., a 

word) as well as update its state
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Decoding (into a sentence)
‣ Our RNN now needs to also produce an output (e.g., a 

word) as well as update its state 
‣ The output is fed in as an input (to gauge what’s left)

Olen nähnyt parem. luentoja <end>
p1 p2 p3 p4 p5

vector encoding 
of a sentence 

“I have seen better 
lectures”

<null>

sampled word =



Mapping images to text

LS
T

M

LS
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WeS1 WeSN-1

p1 pNp2

log p1(S1) log p2(S2) log pN(SN) 

...
LS

T
M

WeS0

S1 SN-1S0image

Figure 3. LSTM model combined with a CNN image embedder
(as defined in [30]) and word embeddings. The unrolled connec-
tions between the LSTM memories are in blue and they corre-
spond to the recurrent connections in Figure 2. All LSTMs share
the same parameters.

the same parameters and the output mt�1 of the LSTM at
time t � 1 is fed to the LSTM at time t (see Figure 3). All
recurrent connections are transformed to feed-forward con-
nections in the unrolled version. In more detail, if we denote
by I the input image and by S = (S0, . . . , SN ) a true sen-
tence describing this image, the unrolling procedure reads:

x�1 = CNN(I) (10)
xt = WeSt, t 2 {0 . . . N � 1} (11)

pt+1 = LSTM(xt), t 2 {0 . . . N � 1} (12)

where we represent each word as a one-hot vector St of
dimension equal to the size of the dictionary. Note that we
denote by S0 a special start word and by SN a special stop
word which designates the start and end of the sentence. In
particular by emitting the stop word the LSTM signals that a
complete sentence has been generated. Both the image and
the words are mapped to the same space, the image by using
a vision CNN, the words by using word embedding We.
The image I is only input once, at t = �1, to inform the
LSTM about the image contents. We empirically verified
that feeding the image at each time step as an extra input
yields inferior results, as the network can explicitly exploit
noise in the image and overfits more easily.

Our loss is the sum of the negative log likelihood of the
correct word at each step as follows:

L(I, S) = �
NX

t=1

log pt(St) . (13)

The above loss is minimized w.r.t. all the parameters of the
LSTM, the top layer of the image embedder CNN and word
embeddings We.

Inference There are multiple approaches that can be used
to generate a sentence given an image, with NIC. The first
one is Sampling where we just sample the first word ac-
cording to p1, then provide the corresponding embedding
as input and sample p2, continuing like this until we sample
the special end-of-sentence token or some maximum length.
The second one is BeamSearch: iteratively consider the set
of the k best sentences up to time t as candidates to generate
sentences of size t + 1, and keep only the resulting best k
of them. This better approximates S = argmaxS0 p(S0|I).
We used the BeamSearch approach in the following experi-
ments, with a beam of size 20. Using a beam size of 1 (i.e.,
greedy search) did degrade our results by 2 BLEU points on
average.

4. Experiments

We performed an extensive set of experiments to assess
the effectiveness of our model using several metrics, data
sources, and model architectures, in order to compare to
prior art.

4.1. Evaluation Metrics

Although it is sometimes not clear whether a description
should be deemed successful or not given an image, prior
art has proposed several evaluation metrics. The most re-
liable (but time consuming) is to ask for raters to give a
subjective score on the usefulness of each description given
the image. In this paper, we used this to reinforce that some
of the automatic metrics indeed correlate with this subjec-
tive score, following the guidelines proposed in [11], which
asks the graders to evaluate each generated sentence with a
scale from 1 to 41.

For this metric, we set up an Amazon Mechanical Turk
experiment. Each image was rated by 2 workers. The typ-
ical level of agreement between workers is 65%. In case
of disagreement we simply average the scores and record
the average as the score. For variance analysis, we perform
bootstrapping (re-sampling the results with replacement and
computing means/standard deviation over the resampled re-
sults). Like [11] we report the fraction of scores which are
larger or equal than a set of predefined thresholds.

The rest of the metrics can be computed automatically
assuming one has access to groundtruth, i.e. human gen-
erated descriptions. The most commonly used metric so
far in the image description literature has been the BLEU
score [24], which is a form of precision of word n-grams
between generated and reference sentences 2. Even though

1 The raters are asked whether the image is described without any er-
rors, described with minor errors, with a somewhat related description, or
with an unrelated description, with a score of 4 being the best and 1 being
the worst.

2In this literature, most previous work report BLEU-1, i.e., they only
compute precision at the unigram level, whereas BLEU-n is a geometric
average of precision over 1- to n-grams.



Examples

Figure 5. A selection of evaluation results, grouped by human rating.

4.3.7 Analysis of Embeddings

In order to represent the previous word St�1 as input to
the decoding LSTM producing St, we use word embedding
vectors [21], which have the advantage of being indepen-
dent of the size of the dictionary (contrary to a simpler one-
hot-encoding approach). Furthermore, these word embed-
dings can be jointly trained with the rest of the model. It
is remarkable to see how the learned representations have
captured some semantic from the statistics of the language.
Table 4.3.7 shows, for a few example words, the nearest
other words found in the learned embedding space.

Note how some of the relationships learned by the model
will help the vision component. Indeed, having “horse”,
“pony”, and “donkey” close to each other will encourage the
CNN to extract features that are relevant to horse-looking
animals. We hypothesize that, in the extreme case where
we see very few examples of a class (e.g., “unicorn”), its
proximity to other word embeddings (e.g., “horse”) should
provide a lot more information that would be completely
lost with more traditional bag-of-words based approaches.

5. Conclusion

We have presented NIC, an end-to-end neural network
system that can automatically view an image and generate

Word Neighbors
car van, cab, suv, vehicule, jeep
boy toddler, gentleman, daughter, son
street road, streets, highway, freeway
horse pony, donkey, pig, goat, mule
computer computers, pc, crt, chip, compute

Table 6. Nearest neighbors of a few example words

a reasonable description in plain English. NIC is based on
a convolution neural network that encodes an image into a
compact representation, followed by a recurrent neural net-
work that generates a corresponding sentence. The model is
trained to maximize the likelihood of the sentence given the
image. Experiments on several datasets, including Pascal,
Flickr8k, Flickr30k and SBU, show the robustness of NIC
in terms of qualitative results (the generated sentences are
very reasonable) and quantitative evaluations, using either
ranking metrics or BLEU, a metric used in machine trans-
lation to evaluate the quality of generated sentences. It is
clear from these experiments that, as the size of the avail-
able datasets for image description increases, so will the
performance of approaches like NIC. Furthermore, it will
be interesting to see how one can use unsupervised data,
both from images alone and text alone, to improve image



Key things
‣ Markov models for sequences  

- how to formulate, estimate, sample sequences from 
‣ RNNs for generating (decoding) sequences 

- relation to Markov models 
- evolving hidden state 
- sampling from  

‣ Decoding vectors into sequences


