
CS769 Advanced NLP 

Recurrent Neural Networks
Junjie Hu

Slides adapted from Graham, Sergey, Chris
https://junjiehu.github.io/cs769-fall23/
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Goals for Today
• Review: Sequential Data 

• Recurrent Neural Network  

• Vanishing/Exploding Gradients & LSTM  

• Applications and Training Tricks of RNN 

• Variants of RNN
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NLP and Sequential Data

• NLP is full of sequential data 

• Words in sentences 

• Characters in words 

• Sentences in discourse 

• …
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Long-distance 
Dependencies in Language

• Agreement in number, gender, etc.

• Selectional preference

He does not have very much confidence in himself. 
She does not have very much confidence in herself.

The reign has lasted as long as the life of the queen. 
The rain has lasted as long as the life of the clouds.
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Can be Complicated!
• What is the referent of “it”?

The trophy would not fit in the brown suitcase because it was too big.

The trophy would not fit in the brown suitcase because it was too small.

(from Winograd Schema Challenge: 
http://commonsensereasoning.org/winograd.html)

Trophy

Suitcase
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Recurrent Neural Networks
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What if we have variable-size inputs?

• Simple idea: zero-pad up to length of longest sequence

x1 = (x1,1, x1,2, x1,3, x1,4)

x2 = (x2,1, x2,2, x2,3)

x3 = (x3,1, x3,2, x3,3, x3,4, x3,5)

<latexit sha1_base64="AfOevoCgBiWwchc8/nJ8dTibSVc="></latexit>

x1 = (x1,1, x1,2, x1,3, x1,4, 0)

<latexit sha1_base64="Sm5xTLoGhR9b4WMhdHP8GQciw8U=">AAACGXicbZDLSsNAFIYn9VbjLerSzWBRKpSS1IpuhKIblxXsBdoQJtNpO3RyYWYiLaGv4cZXceNCEZe68m2cpBG09YeBj/+cw5nzuyGjQprml5ZbWl5ZXcuv6xubW9s7xu5eUwQRx6SBAxbwtosEYdQnDUklI+2QE+S5jLTc0XVSb90TLmjg38lJSGwPDXzapxhJZTmGOXYseHwJi2MntkrWtARTqPzA6Q9UFZgnuu4YBbNspoKLYGVQAJnqjvHR7QU48ogvMUNCdCwzlHaMuKSYkanejQQJER6hAeko9JFHhB2nl03hkXJ6sB9w9XwJU/f3RIw8ISaeqzo9JIdivpaY/9U6kexf2DH1w0gSH88W9SMGZQCTmGCPcoIlmyhAmFP1V4iHiCMsVZhJCNb8yYvQrJStavnstlqoXWVx5MEBOARFYIFzUAM3oA4aAIMH8ARewKv2qD1rb9r7rDWnZTP74I+0z29QDpt9</latexit>

Feedforward Networks

transform

predict

label

+: very simple and work in a pinch 
-: doesn’t work for very long sentences

x1,1

<latexit sha1_base64="B4Aw58CpNPYFJcJwcSH7j5wVg/o=">AAAB73icbVBNSwMxEJ2tX7V+VT16CRbBg5Rdqeix6MVjBfsB7VKyabYNzSZrkhXL0j/hxYMiXv073vw3Zts9aOuDgcd7M8zMC2LOtHHdb6ewsrq2vlHcLG1t7+zulfcPWlomitAmkVyqToA15UzQpmGG006sKI4CTtvB+Cbz249UaSbFvZnE1I/wULCQEWys1Hnqp96ZNy31yxW36s6AlomXkwrkaPTLX72BJElEhSEca9313Nj4KVaGEU6npV6iaYzJGA9p11KBI6r9dHbvFJ1YZYBCqWwJg2bq74kUR1pPosB2RtiM9KKXif953cSEV37KRJwYKsh8UZhwZCTKnkcDpigxfGIJJorZWxEZYYWJsRFlIXiLLy+T1nnVq1Uv7mqV+nUeRxGO4BhOwYNLqMMtNKAJBDg8wyu8OQ/Oi/PufMxbC04+cwh/4Hz+AOO/jzk=</latexit>

x1,2

<latexit sha1_base64="aq5VOkwgHfFRc+VwZoH+s+PYU/o=">AAAB7nicbVDLSgNBEOyNrxhfUY9eBoPgQcJuiOgx6MVjBPOAZAmzk0kyZHZ2mekVw5KP8OJBEa9+jzf/xkmyB00saCiquunuCmIpDLrut5NbW9/Y3MpvF3Z29/YPiodHTRMlmvEGi2Sk2wE1XArFGyhQ8nasOQ0DyVvB+Hbmtx65NiJSDziJuR/SoRIDwShaqfXUS72LyrRXLLlldw6ySryMlCBDvVf86vYjloRcIZPUmI7nxuinVKNgkk8L3cTwmLIxHfKOpYqG3Pjp/NwpObNKnwwibUshmau/J1IaGjMJA9sZUhyZZW8m/ud1Ehxc+6lQcYJcscWiQSIJRmT2O+kLzRnKiSWUaWFvJWxENWVoEyrYELzll1dJs1L2quXL+2qpdpPFkYcTOIVz8OAKanAHdWgAgzE8wyu8ObHz4rw7H4vWnJPNHMMfOJ8/rs+PJg==</latexit>

x1,4

<latexit sha1_base64="QCerLKol+okCX5uWatcN7P2k7nk=">AAAB7nicbVBNS8NAEJ34WetX1aOXxSJ4kJJIRY9FLx4r2A9oQ9lsJ+3SzSbsbsQS+iO8eFDEq7/Hm//GbZuDtj4YeLw3w8y8IBFcG9f9dlZW19Y3Ngtbxe2d3b390sFhU8epYthgsYhVO6AaBZfYMNwIbCcKaRQIbAWj26nfekSleSwfzDhBP6IDyUPOqLFS66mXeefVSa9UdivuDGSZeDkpQ456r/TV7ccsjVAaJqjWHc9NjJ9RZTgTOCl2U40JZSM6wI6lkkao/Wx27oScWqVPwljZkobM1N8TGY20HkeB7YyoGepFbyr+53VSE177GZdJalCy+aIwFcTEZPo76XOFzIixJZQpbm8lbEgVZcYmVLQheIsvL5PmRcWrVi7vq+XaTR5HAY7hBM7AgyuowR3UoQEMRvAMr/DmJM6L8+58zFtXnHzmCP7A+fwBsdmPKA==</latexit>

0

<latexit sha1_base64="N5TJ24ZtGvvOJUapKeIo4Hi0i/I=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoseiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOlptsvV9yqOwdZJV5OKpCj0S9/9QYxSyOUhgmqdddzE+NnVBnOBE5LvVRjQtmYDrFrqaQRaj+bHzolZ1YZkDBWtqQhc/X3REYjrSdRYDsjakZ62ZuJ/3nd1ITXfsZlkhqUbLEoTAUxMZl9TQZcITNiYgllittbCRtRRZmx2ZRsCN7yy6ukfVH1atXLZq1Sv8njKMIJnMI5eHAFdbiDBrSAAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPe7GMvA==</latexit>

[

<latexit sha1_base64="wM6zpLo8uWXSmRM0wd6JwZxkIBc=">AAAB6XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoseiF49V7AekoWy2m3bpZjfsboQS+g+8eFDEq//Im//GTZuDtj4YeLw3w8y8MOFMG9f9dkpr6xubW+Xtys7u3v5B9fCoo2WqCG0TyaXqhVhTzgRtG2Y47SWK4jjktBtObnO/+0SVZlI8mmlCgxiPBIsYwcZKD35lUK25dXcOtEq8gtSgQGtQ/eoPJUljKgzhWGvfcxMTZFgZRjidVfqppgkmEzyivqUCx1QH2fzSGTqzyhBFUtkSBs3V3xMZjrWexqHtjLEZ62UvF//z/NRE10HGRJIaKshiUZRyZCTK30ZDpigxfGoJJorZWxEZY4WJseHkIXjLL6+SzkXda9Qv7xu15k0RRxlO4BTOwYMraMIdtKANBCJ4hld4cybOi/PufCxaS04xcwx/4Hz+APFEjPs=</latexit>

]

<latexit sha1_base64="w0Xo1QJmmmvU2bEMYoQp1kjuTEM=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoseiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOlpt8vV9yqOwdZJV5OKpCj0S9/9QYxSyOUhgmqdddzE+NnVBnOBE5LvVRjQtmYDrFrqaQRaj+bHzolZ1YZkDBWtqQhc/X3REYjrSdRYDsjakZ62ZuJ/3nd1ITXfsZlkhqUbLEoTAUxMZl9TQZcITNiYgllittbCRtRRZmx2ZRsCN7yy6ukfVH1atXLZq1Sv8njKMIJnMI5eHAFdbiDBrSAAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPv+WM6Q==</latexit>

Concatenate word vectors
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One input per layer?
x1 = (x1,1, x1,2, x1,3, x1,4)

x2 = (x2,1, x2,2, x2,3)

x3 = (x3,1, x3,2, x3,3, x3,4, x3,5)

<latexit sha1_base64="AfOevoCgBiWwchc8/nJ8dTibSVc="></latexit>

• Another idea: feed one word to each feedforward layer

predict label

x1,1

<latexit sha1_base64="B4Aw58CpNPYFJcJwcSH7j5wVg/o=">AAAB73icbVBNSwMxEJ2tX7V+VT16CRbBg5Rdqeix6MVjBfsB7VKyabYNzSZrkhXL0j/hxYMiXv073vw3Zts9aOuDgcd7M8zMC2LOtHHdb6ewsrq2vlHcLG1t7+zulfcPWlomitAmkVyqToA15UzQpmGG006sKI4CTtvB+Cbz249UaSbFvZnE1I/wULCQEWys1Hnqp96ZNy31yxW36s6AlomXkwrkaPTLX72BJElEhSEca9313Nj4KVaGEU6npV6iaYzJGA9p11KBI6r9dHbvFJ1YZYBCqWwJg2bq74kUR1pPosB2RtiM9KKXif953cSEV37KRJwYKsh8UZhwZCTKnkcDpigxfGIJJorZWxEZYYWJsRFlIXiLLy+T1nnVq1Uv7mqV+nUeRxGO4BhOwYNLqMMtNKAJBDg8wyu8OQ/Oi/PufMxbC04+cwh/4Hz+AOO/jzk=</latexit>

transform 
W 1, b1

<latexit sha1_base64="LIkL7wmAiGDymSt8AkmY38mITng=">AAAB73icbVDLSgNBEOz1GeMr6tHLYBA8SNiViB6DXjxGMA9INmF2MkmGzM6uM71CWPITXjwo4tXf8ebfOEn2oIkFDUVVN91dQSyFQdf9dlZW19Y3NnNb+e2d3b39wsFh3USJZrzGIhnpZkANl0LxGgqUvBlrTsNA8kYwup36jSeujYjUA45j7od0oERfMIpWajY63jkJOl63UHRL7gxkmXgZKUKGarfw1e5FLAm5QiapMS3PjdFPqUbBJJ/k24nhMWUjOuAtSxUNufHT2b0TcmqVHulH2pZCMlN/T6Q0NGYcBrYzpDg0i95U/M9rJdi/9lOh4gS5YvNF/UQSjMj0edITmjOUY0so08LeStiQasrQRpS3IXiLLy+T+kXJK5cu78vFyk0WRw6O4QTOwIMrqMAdVKEGDCQ8wyu8OY/Oi/PufMxbV5xs5gj+wPn8AXpbjvU=</latexit>

a0

<latexit sha1_base64="roqD5J9dqSex8K6w4+qV36y+lR4=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8eK9gPaWCbbTbt0swm7G6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVlDVoLGLVDlAzwSVrGG4EayeKYRQI1gpGN1O/9cSU5rF8MOOE+REOJA85RWOle3x0e+WKW3VnIMvEy0kFctR75a9uP6ZpxKShArXueG5i/AyV4VSwSambapYgHeGAdSyVGDHtZ7NTJ+TEKn0SxsqWNGSm/p7IMNJ6HAW2M0Iz1IveVPzP66QmvPIzLpPUMEnni8JUEBOT6d+kzxWjRowtQaq4vZXQISqkxqZTsiF4iy8vk+ZZ1TuvXtydV2rXeRxFOIJjOAUPLqEGt1CHBlAYwDO8wpsjnBfn3fmYtxacfOYQ/sD5/AHoJo2P</latexit>

a1

<latexit sha1_base64="vYuoLiy8Hq2UIxRuQahna++1/4w=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8eK9gPaWCbbTbt0swm7G6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVlDVoLGLVDlAzwSVrGG4EayeKYRQI1gpGN1O/9cSU5rF8MOOE+REOJA85RWOle3z0euWKW3VnIMvEy0kFctR75a9uP6ZpxKShArXueG5i/AyV4VSwSambapYgHeGAdSyVGDHtZ7NTJ+TEKn0SxsqWNGSm/p7IMNJ6HAW2M0Iz1IveVPzP66QmvPIzLpPUMEnni8JUEBOT6d+kzxWjRowtQaq4vZXQISqkxqZTsiF4iy8vk+ZZ1TuvXtydV2rXeRxFOIJjOAUPLqEGt1CHBlAYwDO8wpsjnBfn3fmYtxacfOYQ/sD5/AHpqo2Q</latexit>

x1,2

<latexit sha1_base64="aq5VOkwgHfFRc+VwZoH+s+PYU/o=">AAAB7nicbVDLSgNBEOyNrxhfUY9eBoPgQcJuiOgx6MVjBPOAZAmzk0kyZHZ2mekVw5KP8OJBEa9+jzf/xkmyB00saCiquunuCmIpDLrut5NbW9/Y3MpvF3Z29/YPiodHTRMlmvEGi2Sk2wE1XArFGyhQ8nasOQ0DyVvB+Hbmtx65NiJSDziJuR/SoRIDwShaqfXUS72LyrRXLLlldw6ySryMlCBDvVf86vYjloRcIZPUmI7nxuinVKNgkk8L3cTwmLIxHfKOpYqG3Pjp/NwpObNKnwwibUshmau/J1IaGjMJA9sZUhyZZW8m/ud1Ehxc+6lQcYJcscWiQSIJRmT2O+kLzRnKiSWUaWFvJWxENWVoEyrYELzll1dJs1L2quXL+2qpdpPFkYcTOIVz8OAKanAHdWgAgzE8wyu8ObHz4rw7H4vWnJPNHMMfOJ8/rs+PJg==</latexit>

transform 

a2

<latexit sha1_base64="Otevp9wiBlhM2ScO/Ri9dDRdJgA=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYJRo9ELx4xyiOBlcwOszBhdnYz02tCCJ/gxYPGePWLvPk3DrAHBSvppFLVne6uIJHCoOt+O7m19Y3Nrfx2YWd3b/+geHjUNHGqGW+wWMa6HVDDpVC8gQIlbyea0yiQvBWMbmZ+64lrI2L1gOOE+xEdKBEKRtFK9/Sx0iuW3LI7B1klXkZKkKHeK351+zFLI66QSWpMx3MT9CdUo2CSTwvd1PCEshEd8I6likbc+JP5qVNyZpU+CWNtSyGZq78nJjQyZhwFtjOiODTL3kz8z+ukGF75E6GSFLlii0VhKgnGZPY36QvNGcqxJZRpYW8lbEg1ZWjTKdgQvOWXV0mzUvaq5Yu7aql2ncWRhxM4hXPw4BJqcAt1aACDATzDK7w50nlx3p2PRWvOyWaO4Q+czx/rLo2R</latexit>

transform 
W 3, b3

<latexit sha1_base64="BW4P8dSyqZsIEPKbNX/UNOpuTMc=">AAAB8HicbVBNSwMxEJ31s9avqkcvwSJ4kLJrK3osevFYwX5Iuy3ZNNuGJtklyQpl6a/w4kERr/4cb/4b03YP2vpg4PHeDDPzgpgzbVz321lZXVvf2Mxt5bd3dvf2CweHDR0litA6iXikWgHWlDNJ64YZTluxolgEnDaD0e3Ubz5RpVkkH8w4pr7AA8lCRrCx0mOzWz5HQbec7xWKbsmdAS0TLyNFyFDrFb46/YgkgkpDONa67bmx8VOsDCOcTvKdRNMYkxEe0LalEguq/XR28ASdWqWPwkjZkgbN1N8TKRZaj0VgOwU2Q73oTcX/vHZiwms/ZTJODJVkvihMODIRmn6P+kxRYvjYEkwUs7ciMsQKE2MzmobgLb68TBoXJa9SuryvFKs3WRw5OIYTOAMPrqAKd1CDOhAQ8Ayv8OYo58V5dz7mrStONnMEf+B8/gC2to8N</latexit>

a3

<latexit sha1_base64="v1vcr1bJnOnTlbi5Nnedvm5QPKs=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYVo0eiF48Y5ZHASmaHASbMzm5mek3Ihk/w4kFjvPpF3vwbB9iDgpV0UqnqTndXEEth0HW/ndzK6tr6Rn6zsLW9s7tX3D9omCjRjNdZJCPdCqjhUiheR4GSt2LNaRhI3gxGN1O/+cS1EZF6wHHM/ZAOlOgLRtFK9/TxvFssuWV3BrJMvIyUIEOtW/zq9CKWhFwhk9SYtufG6KdUo2CSTwqdxPCYshEd8Laliobc+Ons1Ak5sUqP9CNtSyGZqb8nUhoaMw4D2xlSHJpFbyr+57UT7F/5qVBxglyx+aJ+IglGZPo36QnNGcqxJZRpYW8lbEg1ZWjTKdgQvMWXl0njrOxVyhd3lVL1OosjD0dwDKfgwSVU4RZqUAcGA3iGV3hzpPPivDsf89ack80cwh84nz/sso2S</latexit>

x1,4

<latexit sha1_base64="QCerLKol+okCX5uWatcN7P2k7nk=">AAAB7nicbVBNS8NAEJ34WetX1aOXxSJ4kJJIRY9FLx4r2A9oQ9lsJ+3SzSbsbsQS+iO8eFDEq7/Hm//GbZuDtj4YeLw3w8y8IBFcG9f9dlZW19Y3Ngtbxe2d3b390sFhU8epYthgsYhVO6AaBZfYMNwIbCcKaRQIbAWj26nfekSleSwfzDhBP6IDyUPOqLFS66mXeefVSa9UdivuDGSZeDkpQ456r/TV7ccsjVAaJqjWHc9NjJ9RZTgTOCl2U40JZSM6wI6lkkao/Wx27oScWqVPwljZkobM1N8TGY20HkeB7YyoGepFbyr+53VSE177GZdJalCy+aIwFcTEZPo76XOFzIixJZQpbm8lbEgVZcYmVLQheIsvL5PmRcWrVi7vq+XaTR5HAY7hBM7AgyuowR3UoQEMRvAMr/DmJM6L8+58zFtXnHzmCP7A+fwBsdmPKA==</latexit>

transform 
W 4, b4

<latexit sha1_base64="gDBQ8rw1rSgMv2glPK9uI97X1pY=">AAAB8HicbVBNSwMxEJ31s9avqkcvwSJ4kLIrK3osevFYwX5Iuy3ZNNuGJtklyQql9Fd48aCIV3+ON/+N2XYP2vpg4PHeDDPzwoQzbVz321lZXVvf2CxsFbd3dvf2SweHDR2nitA6iXmsWiHWlDNJ64YZTluJoliEnDbD0W3mN5+o0iyWD2ac0EDggWQRI9hY6bHZ9c9R2PWLvVLZrbgzoGXi5aQMOWq90lenH5NUUGkIx1q3PTcxwQQrwwin02In1TTBZIQHtG2pxILqYDI7eIpOrdJHUaxsSYNm6u+JCRZaj0VoOwU2Q73oZeJ/Xjs10XUwYTJJDZVkvihKOTIxyr5HfaYoMXxsCSaK2VsRGWKFibEZZSF4iy8vk8ZFxfMrl/d+uXqTx1GAYziBM/DgCqpwBzWoAwEBz/AKb45yXpx352PeuuLkM0fwB87nD7nFjw8=</latexit>

a4

<latexit sha1_base64="7MsdFzm00p17gm7rm7Q5zGX4zug=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KolU9Fj04rGi/YA2ls120y7dbMLuRCihP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEikMuu63s7K6tr6xWdgqbu/s7u2XDg6bJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LRzdRvPXFtRKwecJxwP6IDJULBKFrpnj5We6WyW3FnIMvEy0kZctR7pa9uP2ZpxBUySY3peG6CfkY1Cib5pNhNDU8oG9EB71iqaMSNn81OnZBTq/RJGGtbCslM/T2R0ciYcRTYzoji0Cx6U/E/r5NieOVnQiUpcsXmi8JUEozJ9G/SF5ozlGNLKNPC3krYkGrK0KZTtCF4iy8vk+Z5xatWLu6q5dp1HkcBjuEEzsCDS6jBLdShAQwG8Ayv8OZI58V5dz7mrStOPnMEf+B8/gDuNo2T</latexit>

+: do not need to pad sentences 
+: each FF layer is much smaller than the giant FF layer for concatenated inputs 
+: shorter sentence requires fewer layers 
-: Obvious question: what happens to the long sentences? 8



Can we share weight matrics?

predict label

x1,1

<latexit sha1_base64="B4Aw58CpNPYFJcJwcSH7j5wVg/o=">AAAB73icbVBNSwMxEJ2tX7V+VT16CRbBg5Rdqeix6MVjBfsB7VKyabYNzSZrkhXL0j/hxYMiXv073vw3Zts9aOuDgcd7M8zMC2LOtHHdb6ewsrq2vlHcLG1t7+zulfcPWlomitAmkVyqToA15UzQpmGG006sKI4CTtvB+Cbz249UaSbFvZnE1I/wULCQEWys1Hnqp96ZNy31yxW36s6AlomXkwrkaPTLX72BJElEhSEca9313Nj4KVaGEU6npV6iaYzJGA9p11KBI6r9dHbvFJ1YZYBCqWwJg2bq74kUR1pPosB2RtiM9KKXif953cSEV37KRJwYKsh8UZhwZCTKnkcDpigxfGIJJorZWxEZYYWJsRFlIXiLLy+T1nnVq1Uv7mqV+nUeRxGO4BhOwYNLqMMtNKAJBDg8wyu8OQ/Oi/PufMxbC04+cwh/4Hz+AOO/jzk=</latexit>

transform 
W 1, b1

<latexit sha1_base64="LIkL7wmAiGDymSt8AkmY38mITng=">AAAB73icbVDLSgNBEOz1GeMr6tHLYBA8SNiViB6DXjxGMA9INmF2MkmGzM6uM71CWPITXjwo4tXf8ebfOEn2oIkFDUVVN91dQSyFQdf9dlZW19Y3NnNb+e2d3b39wsFh3USJZrzGIhnpZkANl0LxGgqUvBlrTsNA8kYwup36jSeujYjUA45j7od0oERfMIpWajY63jkJOl63UHRL7gxkmXgZKUKGarfw1e5FLAm5QiapMS3PjdFPqUbBJJ/k24nhMWUjOuAtSxUNufHT2b0TcmqVHulH2pZCMlN/T6Q0NGYcBrYzpDg0i95U/M9rJdi/9lOh4gS5YvNF/UQSjMj0edITmjOUY0so08LeStiQasrQRpS3IXiLLy+T+kXJK5cu78vFyk0WRw6O4QTOwIMrqMAdVKEGDCQ8wyu8OY/Oi/PufMxbV5xs5gj+wPn8AXpbjvU=</latexit>

a0

<latexit sha1_base64="roqD5J9dqSex8K6w4+qV36y+lR4=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8eK9gPaWCbbTbt0swm7G6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVlDVoLGLVDlAzwSVrGG4EayeKYRQI1gpGN1O/9cSU5rF8MOOE+REOJA85RWOle3x0e+WKW3VnIMvEy0kFctR75a9uP6ZpxKShArXueG5i/AyV4VSwSambapYgHeGAdSyVGDHtZ7NTJ+TEKn0SxsqWNGSm/p7IMNJ6HAW2M0Iz1IveVPzP66QmvPIzLpPUMEnni8JUEBOT6d+kzxWjRowtQaq4vZXQISqkxqZTsiF4iy8vk+ZZ1TuvXtydV2rXeRxFOIJjOAUPLqEGt1CHBlAYwDO8wpsjnBfn3fmYtxacfOYQ/sD5/AHoJo2P</latexit>

a1

<latexit sha1_base64="vYuoLiy8Hq2UIxRuQahna++1/4w=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8eK9gPaWCbbTbt0swm7G6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVlDVoLGLVDlAzwSVrGG4EayeKYRQI1gpGN1O/9cSU5rF8MOOE+REOJA85RWOle3z0euWKW3VnIMvEy0kFctR75a9uP6ZpxKShArXueG5i/AyV4VSwSambapYgHeGAdSyVGDHtZ7NTJ+TEKn0SxsqWNGSm/p7IMNJ6HAW2M0Iz1IveVPzP66QmvPIzLpPUMEnni8JUEBOT6d+kzxWjRowtQaq4vZXQISqkxqZTsiF4iy8vk+ZZ1TuvXtydV2rXeRxFOIJjOAUPLqEGt1CHBlAYwDO8wpsjnBfn3fmYtxacfOYQ/sD5/AHpqo2Q</latexit>

x1,2

<latexit sha1_base64="aq5VOkwgHfFRc+VwZoH+s+PYU/o=">AAAB7nicbVDLSgNBEOyNrxhfUY9eBoPgQcJuiOgx6MVjBPOAZAmzk0kyZHZ2mekVw5KP8OJBEa9+jzf/xkmyB00saCiquunuCmIpDLrut5NbW9/Y3MpvF3Z29/YPiodHTRMlmvEGi2Sk2wE1XArFGyhQ8nasOQ0DyVvB+Hbmtx65NiJSDziJuR/SoRIDwShaqfXUS72LyrRXLLlldw6ySryMlCBDvVf86vYjloRcIZPUmI7nxuinVKNgkk8L3cTwmLIxHfKOpYqG3Pjp/NwpObNKnwwibUshmau/J1IaGjMJA9sZUhyZZW8m/ud1Ehxc+6lQcYJcscWiQSIJRmT2O+kLzRnKiSWUaWFvJWxENWVoEyrYELzll1dJs1L2quXL+2qpdpPFkYcTOIVz8OAKanAHdWgAgzE8wyu8ObHz4rw7H4vWnJPNHMMfOJ8/rs+PJg==</latexit>

transform 

a2

<latexit sha1_base64="Otevp9wiBlhM2ScO/Ri9dDRdJgA=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYJRo9ELx4xyiOBlcwOszBhdnYz02tCCJ/gxYPGePWLvPk3DrAHBSvppFLVne6uIJHCoOt+O7m19Y3Nrfx2YWd3b/+geHjUNHGqGW+wWMa6HVDDpVC8gQIlbyea0yiQvBWMbmZ+64lrI2L1gOOE+xEdKBEKRtFK9/Sx0iuW3LI7B1klXkZKkKHeK351+zFLI66QSWpMx3MT9CdUo2CSTwvd1PCEshEd8I6likbc+JP5qVNyZpU+CWNtSyGZq78nJjQyZhwFtjOiODTL3kz8z+ukGF75E6GSFLlii0VhKgnGZPY36QvNGcqxJZRpYW8lbEg1ZWjTKdgQvOWXV0mzUvaq5Yu7aql2ncWRhxM4hXPw4BJqcAt1aACDATzDK7w50nlx3p2PRWvOyWaO4Q+czx/rLo2R</latexit>

transform 
W 3, b3

<latexit sha1_base64="BW4P8dSyqZsIEPKbNX/UNOpuTMc=">AAAB8HicbVBNSwMxEJ31s9avqkcvwSJ4kLJrK3osevFYwX5Iuy3ZNNuGJtklyQpl6a/w4kERr/4cb/4b03YP2vpg4PHeDDPzgpgzbVz321lZXVvf2Mxt5bd3dvf2CweHDR0litA6iXikWgHWlDNJ64YZTluxolgEnDaD0e3Ubz5RpVkkH8w4pr7AA8lCRrCx0mOzWz5HQbec7xWKbsmdAS0TLyNFyFDrFb46/YgkgkpDONa67bmx8VOsDCOcTvKdRNMYkxEe0LalEguq/XR28ASdWqWPwkjZkgbN1N8TKRZaj0VgOwU2Q73oTcX/vHZiwms/ZTJODJVkvihMODIRmn6P+kxRYvjYEkwUs7ciMsQKE2MzmobgLb68TBoXJa9SuryvFKs3WRw5OIYTOAMPrqAKd1CDOhAQ8Ayv8OYo58V5dz7mrStONnMEf+B8/gC2to8N</latexit>

a3

<latexit sha1_base64="v1vcr1bJnOnTlbi5Nnedvm5QPKs=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYVo0eiF48Y5ZHASmaHASbMzm5mek3Ihk/w4kFjvPpF3vwbB9iDgpV0UqnqTndXEEth0HW/ndzK6tr6Rn6zsLW9s7tX3D9omCjRjNdZJCPdCqjhUiheR4GSt2LNaRhI3gxGN1O/+cS1EZF6wHHM/ZAOlOgLRtFK9/TxvFssuWV3BrJMvIyUIEOtW/zq9CKWhFwhk9SYtufG6KdUo2CSTwqdxPCYshEd8Laliobc+Ons1Ak5sUqP9CNtSyGZqb8nUhoaMw4D2xlSHJpFbyr+57UT7F/5qVBxglyx+aJ+IglGZPo36QnNGcqxJZRpYW8lbEg1ZWjTKdgQvMWXl0njrOxVyhd3lVL1OosjD0dwDKfgwSVU4RZqUAcGA3iGV3hzpPPivDsf89ack80cwh84nz/sso2S</latexit>

x1,4

<latexit sha1_base64="QCerLKol+okCX5uWatcN7P2k7nk=">AAAB7nicbVBNS8NAEJ34WetX1aOXxSJ4kJJIRY9FLx4r2A9oQ9lsJ+3SzSbsbsQS+iO8eFDEq7/Hm//GbZuDtj4YeLw3w8y8IBFcG9f9dlZW19Y3Ngtbxe2d3b390sFhU8epYthgsYhVO6AaBZfYMNwIbCcKaRQIbAWj26nfekSleSwfzDhBP6IDyUPOqLFS66mXeefVSa9UdivuDGSZeDkpQ456r/TV7ccsjVAaJqjWHc9NjJ9RZTgTOCl2U40JZSM6wI6lkkao/Wx27oScWqVPwljZkobM1N8TGY20HkeB7YyoGepFbyr+53VSE177GZdJalCy+aIwFcTEZPo76XOFzIixJZQpbm8lbEgVZcYmVLQheIsvL5PmRcWrVi7vq+XaTR5HAY7hBM7AgyuowR3UoQEMRvAMr/DmJM6L8+58zFtXnHzmCP7A+fwBsdmPKA==</latexit>

transform 
W 4, b4

<latexit sha1_base64="gDBQ8rw1rSgMv2glPK9uI97X1pY=">AAAB8HicbVBNSwMxEJ31s9avqkcvwSJ4kLIrK3osevFYwX5Iuy3ZNNuGJtklyQql9Fd48aCIV3+ON/+N2XYP2vpg4PHeDDPzwoQzbVz321lZXVvf2CxsFbd3dvf2SweHDR2nitA6iXmsWiHWlDNJ64YZTluJoliEnDbD0W3mN5+o0iyWD2ac0EDggWQRI9hY6bHZ9c9R2PWLvVLZrbgzoGXi5aQMOWq90lenH5NUUGkIx1q3PTcxwQQrwwin02In1TTBZIQHtG2pxILqYDI7eIpOrdJHUaxsSYNm6u+JCRZaj0VoOwU2Q73oZeJ/Xjs10XUwYTJJDZVkvihKOTIxyr5HfaYoMXxsCSaK2VsRGWKFibEZZSF4iy8vk8ZFxfMrl/d+uXqTx1GAYziBM/DgCqpwBzWoAwEBz/AKb45yXpx352PeuuLkM0fwB87nD7nFjw8=</latexit>

a4

<latexit sha1_base64="7MsdFzm00p17gm7rm7Q5zGX4zug=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KolU9Fj04rGi/YA2ls120y7dbMLuRCihP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEikMuu63s7K6tr6xWdgqbu/s7u2XDg6bJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LRzdRvPXFtRKwecJxwP6IDJULBKFrpnj5We6WyW3FnIMvEy0kZctR7pa9uP2ZpxBUySY3peG6CfkY1Cib5pNhNDU8oG9EB71iqaMSNn81OnZBTq/RJGGtbCslM/T2R0ciYcRTYzoji0Cx6U/E/r5NieOVnQiUpcsXmi8JUEozJ9G/SF5ozlGNLKNPC3krYkGrK0KZTtCF4iy8vk+Z5xatWLu6q5dp1HkcBjuEEzsCDS6jBLdShAQwG8Ayv8OZI58V5dz7mrStOPnMEf+B8/gDuNo2T</latexit>

+: we can have as many “layers” as we want! 

This is called a recurrent neural network (RNN) — “variable-depth” network.
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Recurrent Neural Networks 
(Elman 1990)

Feed-forward NN

lookup

transform

predict

context

label

Recurrent NN

lookup

transform

predict

context

label

• Tools to “remember” information along the “time dimension”  
• RNNs are just NNs that share weights across layers, take an input 

each layer, and have a variable number of layers.

The layer gets its 
own “previous” 
value as inputs
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Unrolling in Time
• What does processing a sequence look like?

I hate this movie

RNN RNN RNN RNN

predict

label

predict

label

predict

label

predict

label
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Training RNNs
I hate this movie

RNN RNN RNN RNN

predict

prediction 1

predict predict predict

prediction 2 prediction 3 prediction 4

label 1 label 2 label 3 label 4

loss 1 loss 2 loss 3 loss 4

sum total loss
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RNN Training
• The unrolled graph is a well-formed directed acyclic 

graph (DAG)—we can run backprop 
 
 
 

• Parameters are tied across time, derivatives are 
aggregated across all time steps  

• This is historically called “backpropagation through 
time” (BPTT)

sum

total loss
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Forward pass

I hate this movie

RNN RNN RNN RNN

predict

prediction score
label

Parameters W are shared!

loss

a0

<latexit sha1_base64="roqD5J9dqSex8K6w4+qV36y+lR4=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8eK9gPaWCbbTbt0swm7G6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVlDVoLGLVDlAzwSVrGG4EayeKYRQI1gpGN1O/9cSU5rF8MOOE+REOJA85RWOle3x0e+WKW3VnIMvEy0kFctR75a9uP6ZpxKShArXueG5i/AyV4VSwSambapYgHeGAdSyVGDHtZ7NTJ+TEKn0SxsqWNGSm/p7IMNJ6HAW2M0Iz1IveVPzP66QmvPIzLpPUMEnni8JUEBOT6d+kzxWjRowtQaq4vZXQISqkxqZTsiF4iy8vk+ZZ1TuvXtydV2rXeRxFOIJjOAUPLqEGt1CHBlAYwDO8wpsjnBfn3fmYtxacfOYQ/sD5/AHoJo2P</latexit>

a1

<latexit sha1_base64="vYuoLiy8Hq2UIxRuQahna++1/4w=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8eK9gPaWCbbTbt0swm7G6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVlDVoLGLVDlAzwSVrGG4EayeKYRQI1gpGN1O/9cSU5rF8MOOE+REOJA85RWOle3z0euWKW3VnIMvEy0kFctR75a9uP6ZpxKShArXueG5i/AyV4VSwSambapYgHeGAdSyVGDHtZ7NTJ+TEKn0SxsqWNGSm/p7IMNJ6HAW2M0Iz1IveVPzP66QmvPIzLpPUMEnni8JUEBOT6d+kzxWjRowtQaq4vZXQISqkxqZTsiF4iy8vk+ZZ1TuvXtydV2rXeRxFOIJjOAUPLqEGt1CHBlAYwDO8wpsjnBfn3fmYtxacfOYQ/sD5/AHpqo2Q</latexit>

a2

<latexit sha1_base64="Otevp9wiBlhM2ScO/Ri9dDRdJgA=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYJRo9ELx4xyiOBlcwOszBhdnYz02tCCJ/gxYPGePWLvPk3DrAHBSvppFLVne6uIJHCoOt+O7m19Y3Nrfx2YWd3b/+geHjUNHGqGW+wWMa6HVDDpVC8gQIlbyea0yiQvBWMbmZ+64lrI2L1gOOE+xEdKBEKRtFK9/Sx0iuW3LI7B1klXkZKkKHeK351+zFLI66QSWpMx3MT9CdUo2CSTwvd1PCEshEd8I6likbc+JP5qVNyZpU+CWNtSyGZq78nJjQyZhwFtjOiODTL3kz8z+ukGF75E6GSFLlii0VhKgnGZPY36QvNGcqxJZRpYW8lbEg1ZWjTKdgQvOWXV0mzUvaq5Yu7aql2ncWRhxM4hXPw4BJqcAt1aACDATzDK7w50nlx3p2PRWvOyWaO4Q+czx/rLo2R</latexit>

a3

<latexit sha1_base64="v1vcr1bJnOnTlbi5Nnedvm5QPKs=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYVo0eiF48Y5ZHASmaHASbMzm5mek3Ihk/w4kFjvPpF3vwbB9iDgpV0UqnqTndXEEth0HW/ndzK6tr6Rn6zsLW9s7tX3D9omCjRjNdZJCPdCqjhUiheR4GSt2LNaRhI3gxGN1O/+cS1EZF6wHHM/ZAOlOgLRtFK9/TxvFssuWV3BrJMvIyUIEOtW/zq9CKWhFwhk9SYtufG6KdUo2CSTwqdxPCYshEd8Laliobc+Ons1Ak5sUqP9CNtSyGZqb8nUhoaMw4D2xlSHJpFbyr+57UT7F/5qVBxglyx+aJ+IglGZPo36QnNGcqxJZRpYW8lbEg1ZWjTKdgQvMWXl0njrOxVyhd3lVL1OosjD0dwDKfgwSVU4RZqUAcGA3iGV3hzpPPivDsf89ack80cwh84nz/sso2S</latexit>

a4

<latexit sha1_base64="7MsdFzm00p17gm7rm7Q5zGX4zug=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KolU9Fj04rGi/YA2ls120y7dbMLuRCihP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEikMuu63s7K6tr6xWdgqbu/s7u2XDg6bJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LRzdRvPXFtRKwecJxwP6IDJULBKFrpnj5We6WyW3FnIMvEy0kZctR7pa9uP2ZpxBUySY3peG6CfkY1Cib5pNhNDU8oG9EB71iqaMSNn81OnZBTq/RJGGtbCslM/T2R0ciYcRTYzoji0Cx6U/E/r5NieOVnQiUpcsXmi8JUEozJ9G/SF5ozlGNLKNPC3krYkGrK0KZTtCF4iy8vk+Z5xatWLu6q5dp1HkcBjuEEzsCDS6jBLdShAQwG8Ayv8OZI58V5dz7mrStOPnMEf+B8/gDuNo2T</latexit>
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Backward pass

I hate this movie

RNN RNN RNN RNN

predict

prediction score
label

loss

a0

<latexit sha1_base64="roqD5J9dqSex8K6w4+qV36y+lR4=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8eK9gPaWCbbTbt0swm7G6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVlDVoLGLVDlAzwSVrGG4EayeKYRQI1gpGN1O/9cSU5rF8MOOE+REOJA85RWOle3x0e+WKW3VnIMvEy0kFctR75a9uP6ZpxKShArXueG5i/AyV4VSwSambapYgHeGAdSyVGDHtZ7NTJ+TEKn0SxsqWNGSm/p7IMNJ6HAW2M0Iz1IveVPzP66QmvPIzLpPUMEnni8JUEBOT6d+kzxWjRowtQaq4vZXQISqkxqZTsiF4iy8vk+ZZ1TuvXtydV2rXeRxFOIJjOAUPLqEGt1CHBlAYwDO8wpsjnBfn3fmYtxacfOYQ/sD5/AHoJo2P</latexit>

a1

<latexit sha1_base64="vYuoLiy8Hq2UIxRuQahna++1/4w=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8eK9gPaWCbbTbt0swm7G6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVlDVoLGLVDlAzwSVrGG4EayeKYRQI1gpGN1O/9cSU5rF8MOOE+REOJA85RWOle3z0euWKW3VnIMvEy0kFctR75a9uP6ZpxKShArXueG5i/AyV4VSwSambapYgHeGAdSyVGDHtZ7NTJ+TEKn0SxsqWNGSm/p7IMNJ6HAW2M0Iz1IveVPzP66QmvPIzLpPUMEnni8JUEBOT6d+kzxWjRowtQaq4vZXQISqkxqZTsiF4iy8vk+ZZ1TuvXtydV2rXeRxFOIJjOAUPLqEGt1CHBlAYwDO8wpsjnBfn3fmYtxacfOYQ/sD5/AHpqo2Q</latexit>

a2

<latexit sha1_base64="Otevp9wiBlhM2ScO/Ri9dDRdJgA=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYJRo9ELx4xyiOBlcwOszBhdnYz02tCCJ/gxYPGePWLvPk3DrAHBSvppFLVne6uIJHCoOt+O7m19Y3Nrfx2YWd3b/+geHjUNHGqGW+wWMa6HVDDpVC8gQIlbyea0yiQvBWMbmZ+64lrI2L1gOOE+xEdKBEKRtFK9/Sx0iuW3LI7B1klXkZKkKHeK351+zFLI66QSWpMx3MT9CdUo2CSTwvd1PCEshEd8I6likbc+JP5qVNyZpU+CWNtSyGZq78nJjQyZhwFtjOiODTL3kz8z+ukGF75E6GSFLlii0VhKgnGZPY36QvNGcqxJZRpYW8lbEg1ZWjTKdgQvOWXV0mzUvaq5Yu7aql2ncWRhxM4hXPw4BJqcAt1aACDATzDK7w50nlx3p2PRWvOyWaO4Q+czx/rLo2R</latexit>

a3

<latexit sha1_base64="v1vcr1bJnOnTlbi5Nnedvm5QPKs=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYVo0eiF48Y5ZHASmaHASbMzm5mek3Ihk/w4kFjvPpF3vwbB9iDgpV0UqnqTndXEEth0HW/ndzK6tr6Rn6zsLW9s7tX3D9omCjRjNdZJCPdCqjhUiheR4GSt2LNaRhI3gxGN1O/+cS1EZF6wHHM/ZAOlOgLRtFK9/TxvFssuWV3BrJMvIyUIEOtW/zq9CKWhFwhk9SYtufG6KdUo2CSTwqdxPCYshEd8Laliobc+Ons1Ak5sUqP9CNtSyGZqb8nUhoaMw4D2xlSHJpFbyr+57UT7F/5qVBxglyx+aJ+IglGZPo36QnNGcqxJZRpYW8lbEg1ZWjTKdgQvMWXl0njrOxVyhd3lVL1OosjD0dwDKfgwSVU4RZqUAcGA3iGV3hzpPPivDsf89ack80cwh84nz/sso2S</latexit>

a4

<latexit sha1_base64="7MsdFzm00p17gm7rm7Q5zGX4zug=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KolU9Fj04rGi/YA2ls120y7dbMLuRCihP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEikMuu63s7K6tr6xWdgqbu/s7u2XDg6bJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LRzdRvPXFtRKwecJxwP6IDJULBKFrpnj5We6WyW3FnIMvEy0kZctR7pa9uP2ZpxBUySY3peG6CfkY1Cib5pNhNDU8oG9EB71iqaMSNn81OnZBTq/RJGGtbCslM/T2R0ciYcRTYzoji0Cx6U/E/r5NieOVnQiUpcsXmi8JUEozJ9G/SF5ozlGNLKNPC3krYkGrK0KZTtCF4iy8vk+Z5xatWLu6q5dp1HkcBjuEEzsCDS6jBLdShAQwG8Ayv8OZI58V5dz7mrStOPnMEf+B8/gDuNo2T</latexit>
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Backward pass

I hate this movie

RNN RNN RNN RNN

predict

prediction score
label

loss

a0

<latexit sha1_base64="roqD5J9dqSex8K6w4+qV36y+lR4=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8eK9gPaWCbbTbt0swm7G6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVlDVoLGLVDlAzwSVrGG4EayeKYRQI1gpGN1O/9cSU5rF8MOOE+REOJA85RWOle3x0e+WKW3VnIMvEy0kFctR75a9uP6ZpxKShArXueG5i/AyV4VSwSambapYgHeGAdSyVGDHtZ7NTJ+TEKn0SxsqWNGSm/p7IMNJ6HAW2M0Iz1IveVPzP66QmvPIzLpPUMEnni8JUEBOT6d+kzxWjRowtQaq4vZXQISqkxqZTsiF4iy8vk+ZZ1TuvXtydV2rXeRxFOIJjOAUPLqEGt1CHBlAYwDO8wpsjnBfn3fmYtxacfOYQ/sD5/AHoJo2P</latexit>

a1

<latexit sha1_base64="vYuoLiy8Hq2UIxRuQahna++1/4w=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8eK9gPaWCbbTbt0swm7G6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVlDVoLGLVDlAzwSVrGG4EayeKYRQI1gpGN1O/9cSU5rF8MOOE+REOJA85RWOle3z0euWKW3VnIMvEy0kFctR75a9uP6ZpxKShArXueG5i/AyV4VSwSambapYgHeGAdSyVGDHtZ7NTJ+TEKn0SxsqWNGSm/p7IMNJ6HAW2M0Iz1IveVPzP66QmvPIzLpPUMEnni8JUEBOT6d+kzxWjRowtQaq4vZXQISqkxqZTsiF4iy8vk+ZZ1TuvXtydV2rXeRxFOIJjOAUPLqEGt1CHBlAYwDO8wpsjnBfn3fmYtxacfOYQ/sD5/AHpqo2Q</latexit>

a2

<latexit sha1_base64="Otevp9wiBlhM2ScO/Ri9dDRdJgA=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYJRo9ELx4xyiOBlcwOszBhdnYz02tCCJ/gxYPGePWLvPk3DrAHBSvppFLVne6uIJHCoOt+O7m19Y3Nrfx2YWd3b/+geHjUNHGqGW+wWMa6HVDDpVC8gQIlbyea0yiQvBWMbmZ+64lrI2L1gOOE+xEdKBEKRtFK9/Sx0iuW3LI7B1klXkZKkKHeK351+zFLI66QSWpMx3MT9CdUo2CSTwvd1PCEshEd8I6likbc+JP5qVNyZpU+CWNtSyGZq78nJjQyZhwFtjOiODTL3kz8z+ukGF75E6GSFLlii0VhKgnGZPY36QvNGcqxJZRpYW8lbEg1ZWjTKdgQvOWXV0mzUvaq5Yu7aql2ncWRhxM4hXPw4BJqcAt1aACDATzDK7w50nlx3p2PRWvOyWaO4Q+czx/rLo2R</latexit>

a3

<latexit sha1_base64="v1vcr1bJnOnTlbi5Nnedvm5QPKs=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYVo0eiF48Y5ZHASmaHASbMzm5mek3Ihk/w4kFjvPpF3vwbB9iDgpV0UqnqTndXEEth0HW/ndzK6tr6Rn6zsLW9s7tX3D9omCjRjNdZJCPdCqjhUiheR4GSt2LNaRhI3gxGN1O/+cS1EZF6wHHM/ZAOlOgLRtFK9/TxvFssuWV3BrJMvIyUIEOtW/zq9CKWhFwhk9SYtufG6KdUo2CSTwqdxPCYshEd8Laliobc+Ons1Ak5sUqP9CNtSyGZqb8nUhoaMw4D2xlSHJpFbyr+57UT7F/5qVBxglyx+aJ+IglGZPo36QnNGcqxJZRpYW8lbEg1ZWjTKdgQvMWXl0njrOxVyhd3lVL1OosjD0dwDKfgwSVU4RZqUAcGA3iGV3hzpPPivDsf89ack80cwh84nz/sso2S</latexit>

a4

<latexit sha1_base64="7MsdFzm00p17gm7rm7Q5zGX4zug=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KolU9Fj04rGi/YA2ls120y7dbMLuRCihP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEikMuu63s7K6tr6xWdgqbu/s7u2XDg6bJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LRzdRvPXFtRKwecJxwP6IDJULBKFrpnj5We6WyW3FnIMvEy0kZctR7pa9uP2ZpxBUySY3peG6CfkY1Cib5pNhNDU8oG9EB71iqaMSNn81OnZBTq/RJGGtbCslM/T2R0ciYcRTYzoji0Cx6U/E/r5NieOVnQiUpcsXmi8JUEozJ9G/SF5ozlGNLKNPC3krYkGrK0KZTtCF4iy8vk+Z5xatWLu6q5dp1HkcBjuEEzsCDS6jBLdShAQwG8Ayv8OZI58V5dz7mrStOPnMEf+B8/gDuNo2T</latexit>
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Backward pass

I hate this movie

RNN RNN RNN RNN

predict

prediction score
label

loss

a0

<latexit sha1_base64="roqD5J9dqSex8K6w4+qV36y+lR4=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8eK9gPaWCbbTbt0swm7G6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVlDVoLGLVDlAzwSVrGG4EayeKYRQI1gpGN1O/9cSU5rF8MOOE+REOJA85RWOle3x0e+WKW3VnIMvEy0kFctR75a9uP6ZpxKShArXueG5i/AyV4VSwSambapYgHeGAdSyVGDHtZ7NTJ+TEKn0SxsqWNGSm/p7IMNJ6HAW2M0Iz1IveVPzP66QmvPIzLpPUMEnni8JUEBOT6d+kzxWjRowtQaq4vZXQISqkxqZTsiF4iy8vk+ZZ1TuvXtydV2rXeRxFOIJjOAUPLqEGt1CHBlAYwDO8wpsjnBfn3fmYtxacfOYQ/sD5/AHoJo2P</latexit>

a1

<latexit sha1_base64="vYuoLiy8Hq2UIxRuQahna++1/4w=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8eK9gPaWCbbTbt0swm7G6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVlDVoLGLVDlAzwSVrGG4EayeKYRQI1gpGN1O/9cSU5rF8MOOE+REOJA85RWOle3z0euWKW3VnIMvEy0kFctR75a9uP6ZpxKShArXueG5i/AyV4VSwSambapYgHeGAdSyVGDHtZ7NTJ+TEKn0SxsqWNGSm/p7IMNJ6HAW2M0Iz1IveVPzP66QmvPIzLpPUMEnni8JUEBOT6d+kzxWjRowtQaq4vZXQISqkxqZTsiF4iy8vk+ZZ1TuvXtydV2rXeRxFOIJjOAUPLqEGt1CHBlAYwDO8wpsjnBfn3fmYtxacfOYQ/sD5/AHpqo2Q</latexit>

a2

<latexit sha1_base64="Otevp9wiBlhM2ScO/Ri9dDRdJgA=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYJRo9ELx4xyiOBlcwOszBhdnYz02tCCJ/gxYPGePWLvPk3DrAHBSvppFLVne6uIJHCoOt+O7m19Y3Nrfx2YWd3b/+geHjUNHGqGW+wWMa6HVDDpVC8gQIlbyea0yiQvBWMbmZ+64lrI2L1gOOE+xEdKBEKRtFK9/Sx0iuW3LI7B1klXkZKkKHeK351+zFLI66QSWpMx3MT9CdUo2CSTwvd1PCEshEd8I6likbc+JP5qVNyZpU+CWNtSyGZq78nJjQyZhwFtjOiODTL3kz8z+ukGF75E6GSFLlii0VhKgnGZPY36QvNGcqxJZRpYW8lbEg1ZWjTKdgQvOWXV0mzUvaq5Yu7aql2ncWRhxM4hXPw4BJqcAt1aACDATzDK7w50nlx3p2PRWvOyWaO4Q+czx/rLo2R</latexit>

a3

<latexit sha1_base64="v1vcr1bJnOnTlbi5Nnedvm5QPKs=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYVo0eiF48Y5ZHASmaHASbMzm5mek3Ihk/w4kFjvPpF3vwbB9iDgpV0UqnqTndXEEth0HW/ndzK6tr6Rn6zsLW9s7tX3D9omCjRjNdZJCPdCqjhUiheR4GSt2LNaRhI3gxGN1O/+cS1EZF6wHHM/ZAOlOgLRtFK9/TxvFssuWV3BrJMvIyUIEOtW/zq9CKWhFwhk9SYtufG6KdUo2CSTwqdxPCYshEd8Laliobc+Ons1Ak5sUqP9CNtSyGZqb8nUhoaMw4D2xlSHJpFbyr+57UT7F/5qVBxglyx+aJ+IglGZPo36QnNGcqxJZRpYW8lbEg1ZWjTKdgQvMWXl0njrOxVyhd3lVL1OosjD0dwDKfgwSVU4RZqUAcGA3iGV3hzpPPivDsf89ack80cwh84nz/sso2S</latexit>

a4

<latexit sha1_base64="7MsdFzm00p17gm7rm7Q5zGX4zug=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KolU9Fj04rGi/YA2ls120y7dbMLuRCihP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEikMuu63s7K6tr6xWdgqbu/s7u2XDg6bJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LRzdRvPXFtRKwecJxwP6IDJULBKFrpnj5We6WyW3FnIMvEy0kZctR7pa9uP2ZpxBUySY3peG6CfkY1Cib5pNhNDU8oG9EB71iqaMSNn81OnZBTq/RJGGtbCslM/T2R0ciYcRTYzoji0Cx6U/E/r5NieOVnQiUpcsXmi8JUEozJ9G/SF5ozlGNLKNPC3krYkGrK0KZTtCF4iy8vk+Z5xatWLu6q5dp1HkcBjuEEzsCDS6jBLdShAQwG8Ayv8OZI58V5dz7mrStOPnMEf+B8/gDuNo2T</latexit>

@L
@W

=
@a1

@W

@L
@a1

<latexit sha1_base64="+j0aoL12aPOm6aGFtWfccQMHnsM=">AAACYHicjVHLTgIxFO0MPhBBQHe6aSQmrsiMwejGhOjGhQtM5JEwSO6UAg2dR9qOhkzmJ925cOOX2IGJD2DhTZqcnHPu7e2pG3ImlWW9G2Zua3tnN79X2C+WDsqV6mFHBpEgtE0CHoieC5Jy5tO2YorTXigoeC6nXXd2l+rdFyokC/wnNQ/pwIOJz8aMgNLUsPIaOyEIxYBjxwM1JcDjhwQ7gW7C31IXJ/gG/1jh2d5k+destDfBw0rNqluLwuvAzkANZdUaVt6cUUAij/qKcJCyb1uhGsTpUMJpUnAiSUMgM5jQvoY+eFQO4kVACT7TzAiPA6GPr/CC/d0Rgyfl3HO1M11crmopuUnrR2p8PYiZH0aK+mR50TjiWAU4TRuPmKBE8bkGQATTu2IyBQFE6T8p6BDs1Sevg85F3W7ULx8bteZtFkcenaBTdI5sdIWa6B61UBsR9GHkjKJRMj7NvFk2q0uraWQ9R+hPmcdfUBC1ZQ==</latexit>
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Backward pass

I hate this movie

RNN RNN RNN RNN

predict

prediction score
label

Parameters are shared! Derivatives are accumulated.

loss

a0

<latexit sha1_base64="roqD5J9dqSex8K6w4+qV36y+lR4=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8eK9gPaWCbbTbt0swm7G6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVlDVoLGLVDlAzwSVrGG4EayeKYRQI1gpGN1O/9cSU5rF8MOOE+REOJA85RWOle3x0e+WKW3VnIMvEy0kFctR75a9uP6ZpxKShArXueG5i/AyV4VSwSambapYgHeGAdSyVGDHtZ7NTJ+TEKn0SxsqWNGSm/p7IMNJ6HAW2M0Iz1IveVPzP66QmvPIzLpPUMEnni8JUEBOT6d+kzxWjRowtQaq4vZXQISqkxqZTsiF4iy8vk+ZZ1TuvXtydV2rXeRxFOIJjOAUPLqEGt1CHBlAYwDO8wpsjnBfn3fmYtxacfOYQ/sD5/AHoJo2P</latexit>

a1

<latexit sha1_base64="vYuoLiy8Hq2UIxRuQahna++1/4w=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8eK9gPaWCbbTbt0swm7G6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVlDVoLGLVDlAzwSVrGG4EayeKYRQI1gpGN1O/9cSU5rF8MOOE+REOJA85RWOle3z0euWKW3VnIMvEy0kFctR75a9uP6ZpxKShArXueG5i/AyV4VSwSambapYgHeGAdSyVGDHtZ7NTJ+TEKn0SxsqWNGSm/p7IMNJ6HAW2M0Iz1IveVPzP66QmvPIzLpPUMEnni8JUEBOT6d+kzxWjRowtQaq4vZXQISqkxqZTsiF4iy8vk+ZZ1TuvXtydV2rXeRxFOIJjOAUPLqEGt1CHBlAYwDO8wpsjnBfn3fmYtxacfOYQ/sD5/AHpqo2Q</latexit>

a2

<latexit sha1_base64="Otevp9wiBlhM2ScO/Ri9dDRdJgA=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYJRo9ELx4xyiOBlcwOszBhdnYz02tCCJ/gxYPGePWLvPk3DrAHBSvppFLVne6uIJHCoOt+O7m19Y3Nrfx2YWd3b/+geHjUNHGqGW+wWMa6HVDDpVC8gQIlbyea0yiQvBWMbmZ+64lrI2L1gOOE+xEdKBEKRtFK9/Sx0iuW3LI7B1klXkZKkKHeK351+zFLI66QSWpMx3MT9CdUo2CSTwvd1PCEshEd8I6likbc+JP5qVNyZpU+CWNtSyGZq78nJjQyZhwFtjOiODTL3kz8z+ukGF75E6GSFLlii0VhKgnGZPY36QvNGcqxJZRpYW8lbEg1ZWjTKdgQvOWXV0mzUvaq5Yu7aql2ncWRhxM4hXPw4BJqcAt1aACDATzDK7w50nlx3p2PRWvOyWaO4Q+czx/rLo2R</latexit>

a3

<latexit sha1_base64="v1vcr1bJnOnTlbi5Nnedvm5QPKs=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYVo0eiF48Y5ZHASmaHASbMzm5mek3Ihk/w4kFjvPpF3vwbB9iDgpV0UqnqTndXEEth0HW/ndzK6tr6Rn6zsLW9s7tX3D9omCjRjNdZJCPdCqjhUiheR4GSt2LNaRhI3gxGN1O/+cS1EZF6wHHM/ZAOlOgLRtFK9/TxvFssuWV3BrJMvIyUIEOtW/zq9CKWhFwhk9SYtufG6KdUo2CSTwqdxPCYshEd8Laliobc+Ons1Ak5sUqP9CNtSyGZqb8nUhoaMw4D2xlSHJpFbyr+57UT7F/5qVBxglyx+aJ+IglGZPo36QnNGcqxJZRpYW8lbEg1ZWjTKdgQvMWXl0njrOxVyhd3lVL1OosjD0dwDKfgwSVU4RZqUAcGA3iGV3hzpPPivDsf89ack80cwh84nz/sso2S</latexit>

a4

<latexit sha1_base64="7MsdFzm00p17gm7rm7Q5zGX4zug=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KolU9Fj04rGi/YA2ls120y7dbMLuRCihP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEikMuu63s7K6tr6xWdgqbu/s7u2XDg6bJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LRzdRvPXFtRKwecJxwP6IDJULBKFrpnj5We6WyW3FnIMvEy0kZctR7pa9uP2ZpxBUySY3peG6CfkY1Cib5pNhNDU8oG9EB71iqaMSNn81OnZBTq/RJGGtbCslM/T2R0ciYcRTYzoji0Cx6U/E/r5NieOVnQiUpcsXmi8JUEozJ9G/SF5ozlGNLKNPC3krYkGrK0KZTtCF4iy8vk+Z5xatWLu6q5dp1HkcBjuEEzsCDS6jBLdShAQwG8Ayv8OZI58V5dz7mrStOPnMEf+B8/gDuNo2T</latexit>

What happens if these gradients are small or large?

Vanishing/Exploding gradient: 
The gradient signal gets smaller (or 
larger) as it backpropagates further.
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Vanishing/Exploding 
Gradients
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Why is vanishing gradient a problem?
• Why? “Squashed” by non-linearities (e.g., tanh) or 

multiplication of small weights in matrices.

f(x) = tanh(x)

<latexit sha1_base64="o52NPXyLw6vPSps43wwACfBaoHk=">AAAB/nicbVBNS8NAEN3Ur1q/ouLJy2IR6qUkUtGLUPTisYL9gDaUzXbTLt1swu5EWkLBv+LFgyJe/R3e/Ddu2xy09cHA470ZZub5seAaHOfbyq2srq1v5DcLW9s7u3v2/kFDR4mirE4jEamWTzQTXLI6cBCsFStGQl+wpj+8nfrNR6Y0j+QDjGPmhaQvecApASN17aOgNDrD17gDbAQpEDmYGKFrF52yMwNeJm5GiihDrWt/dXoRTUImgQqiddt1YvBSooBTwSaFTqJZTOiQ9FnbUElCpr10dv4Enxqlh4NImZKAZ+rviZSEWo9D33SGBAZ60ZuK/3ntBIIrL+UyToBJOl8UJAJDhKdZ4B5XjIIYG0Ko4uZWTAdEEQomsYIJwV18eZk0zstupXxxXylWb7I48ugYnaASctElqqI7VEN1RFGKntErerOerBfr3fqYt+asbOYQ/YH1+QPF1JS+</latexit>

@f

@x
= 1� tanh(x)2

<latexit sha1_base64="8XTB6pm4rpAOnR++PBSc+We6Y8A=">AAACHXicbVDLSgMxFM3UV62vqks3wSLUhWWmVHQjFN24rGAf0Kklk2ba0ExmSO5Iy9AfceOvuHGhiAs34t+YPhBtPRA4nHMuN/d4keAabPvLSi0tr6yupdczG5tb2zvZ3b2aDmNFWZWGIlQNj2gmuGRV4CBYI1KMBJ5gda9/Nfbr90xpHspbGEasFZCu5D6nBIzUzpYSNyIKOBHYx25oovhHGIzwBXbwCXaBDSABInuj/OD4rtjO5uyCPQFeJM6M5NAMlXb2w+2ENA6YBCqI1k3HjqCVjPdQwUYZN9YsIrRPuqxpqCQB061kct0IHxmlg/1QmScBT9TfEwkJtB4GnkkGBHp63huL/3nNGPzzVsJlFAOTdLrIjwWGEI+rwh2uGAUxNIRQxc1fMe0RRSiYQjOmBGf+5EVSKxacUuH0ppQrX87qSKMDdIjyyEFnqIyuUQVVEUUP6Am9oFfr0Xq23qz3aTRlzWb20R9Yn9+QYqDz</latexit>

Easy to get derivatives less than 1

Small matrix multiplication
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Why is vanishing gradient a problem?

I hate this movie

RNN RNN RNN RNN

predict

prediction score
label

loss

a0

<latexit sha1_base64="roqD5J9dqSex8K6w4+qV36y+lR4=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8eK9gPaWCbbTbt0swm7G6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVlDVoLGLVDlAzwSVrGG4EayeKYRQI1gpGN1O/9cSU5rF8MOOE+REOJA85RWOle3x0e+WKW3VnIMvEy0kFctR75a9uP6ZpxKShArXueG5i/AyV4VSwSambapYgHeGAdSyVGDHtZ7NTJ+TEKn0SxsqWNGSm/p7IMNJ6HAW2M0Iz1IveVPzP66QmvPIzLpPUMEnni8JUEBOT6d+kzxWjRowtQaq4vZXQISqkxqZTsiF4iy8vk+ZZ1TuvXtydV2rXeRxFOIJjOAUPLqEGt1CHBlAYwDO8wpsjnBfn3fmYtxacfOYQ/sD5/AHoJo2P</latexit>

a1

<latexit sha1_base64="vYuoLiy8Hq2UIxRuQahna++1/4w=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8eK9gPaWCbbTbt0swm7G6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVlDVoLGLVDlAzwSVrGG4EayeKYRQI1gpGN1O/9cSU5rF8MOOE+REOJA85RWOle3z0euWKW3VnIMvEy0kFctR75a9uP6ZpxKShArXueG5i/AyV4VSwSambapYgHeGAdSyVGDHtZ7NTJ+TEKn0SxsqWNGSm/p7IMNJ6HAW2M0Iz1IveVPzP66QmvPIzLpPUMEnni8JUEBOT6d+kzxWjRowtQaq4vZXQISqkxqZTsiF4iy8vk+ZZ1TuvXtydV2rXeRxFOIJjOAUPLqEGt1CHBlAYwDO8wpsjnBfn3fmYtxacfOYQ/sD5/AHpqo2Q</latexit>

a2

<latexit sha1_base64="Otevp9wiBlhM2ScO/Ri9dDRdJgA=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYJRo9ELx4xyiOBlcwOszBhdnYz02tCCJ/gxYPGePWLvPk3DrAHBSvppFLVne6uIJHCoOt+O7m19Y3Nrfx2YWd3b/+geHjUNHGqGW+wWMa6HVDDpVC8gQIlbyea0yiQvBWMbmZ+64lrI2L1gOOE+xEdKBEKRtFK9/Sx0iuW3LI7B1klXkZKkKHeK351+zFLI66QSWpMx3MT9CdUo2CSTwvd1PCEshEd8I6likbc+JP5qVNyZpU+CWNtSyGZq78nJjQyZhwFtjOiODTL3kz8z+ukGF75E6GSFLlii0VhKgnGZPY36QvNGcqxJZRpYW8lbEg1ZWjTKdgQvOWXV0mzUvaq5Yu7aql2ncWRhxM4hXPw4BJqcAt1aACDATzDK7w50nlx3p2PRWvOyWaO4Q+czx/rLo2R</latexit>
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Gradient signal from far away is lost because it’s much smaller than gradient signal from close-by. 
So, model parameters are updated only with respect to near effects, not long-term effects.

• Why? “Squashed” by non-linearities (e.g., tanh) or 
multiplication of small weights in matrices.
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A Solution: 
Long Short-term Memory 

(Hochreiter and Schmidhuber 1997)

• Basic idea: make additive connections between 
time steps 

• Addition does not modify the last step’s gradient, 
no vanishing 

• Gates to control the information flow
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Long short-term memory
• In practice, LSTM works much better than a vanilla RNN 

• Long term memory cell:     <=> Short term memory state: 
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Long short-term memory
• In practice, LSTM works much better than a vanilla RNN 

• Long term memory cell:     <=> Short term memory state:  

• Forget gate : how much memory do we want to forget 

• Input gate : how much information do we add to the memory 

• : compute new values we want to add to the memory cell 

• Output gate  : how much information do we reflect in the next state

ft = �(f̄t)

it = �(īt)

gt = tanh(ḡt)

ot = �(ōt)

� : sigmoid

ft, it, gt, ot 2 Rd

<latexit sha1_base64="JGqNsyfMwilWlOo+096+25gb2BI="></latexit>

 in LSTM is 4x larger in 
dimensionality than  in RNN
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where  is element-wise product
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• In practice, LSTM works much better than a vanilla RNN 
• Long term memory cell:     <=> Short term memory state:  

• Forget gate : how much memory do we want to forget 

• Input gate : how much information do we add to the memory 

• : compute new values we want to add to the memory cell 

• Output gate  : how much information do we reflect in the next state

Long short-term memory



Long short-term memory

changes very little step to step! 
“long term memory”

changes all the time (multiplicative)! 
“short term memory”

This addition is the secret part!
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Why is exploding gradient a problem?
• If the gradient becomes too big, then the SGD 

update step becomes too big: 

• This can cause bad updates, if we take too large a 
step and obtain weird and bad parameters. 

• In the worst case, this will result in Inf or NaN error 
in the network (then you have to restart training 
from an earlier checkpoint).

✓  ✓ � ⌘
@L
@✓

<latexit sha1_base64="uPAW/rFMmgJveSlsuwr7Kpsfp0s="></latexit>
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Gradient clipping: solution for exploding gradient

• If the norm of the gradient is greater than some threshold, 
scale it down before applying SGD update 

• Intuition: take a step in the same direction, but a smaller step
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Aside: distributional shift (or exposure bias)

• During training, we feed ground-truth words as the context to predict the next word 

• During testing, we feed the model’s predicted words as the context to predict the next word

Training data

Training phrase Testing phrase

Distributional shift: input distribution shifts from true strings (at training) to predicted strings (at test time) 
Even one random mistake can completely scramble the output!
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Aside: scheduled sampling
• An old trick from reinforcement learning adapted to training RNNs  

• Start by feeding in ground-truth tokens as input, since model 
predictions are mostly nonsense. 

• In the middle of training, randomly decide whether to give the network 
a ground-truth token or its own previous prediction. 

• At the end of training, mostly feed in the model’s own predictions, to 
mitigate distribution shift.

Schedules for probability 
of using ground-truth token
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Applications of RNNs
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What Can RNNs Do?

• Represent a sentence 

• Read whole sentence, make a prediction 

• Represent a context within a sentence 

• Read context up until that point
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Different ways to use RNNs

e.g., image captioning e.g., sentence classification e.g., machine translation e.g., sentence tagging (POS, NER)
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Encoding Sentences
I hate this movie

RNN RNN RNN RNN

predict

prediction

• Binary or multi-class prediction 

• Sentence representation for retrieval, sentence 
comparison, etc.
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Representing Contexts
I hate this movie

RNN RNN RNN RNN

predict

label

predict

label

predict

label

predict

label

• Sequence labeling 

• Calculating representations for parsing, etc.
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Bi-RNNs
• A simple extension, run the RNN in both directions

I hate this movie

RNN RNN RNN RNN

RNN RNN RNN RNN

concat concat concat concat

predict

label

predict

label

predict

label

predict

label
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e.g. Language Modeling

RNN RNN RNN RNN

moviethishateI

predict

hate

predict

this

predict

movie

predict

</s>

RNN

<s>

predict

I

• Language modeling is like a tagging task, where 
each tag is the next word! 

• Note: this is an autoregressive model
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Understanding RNNs
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What can LSTMs Learn? (1) 
(Karpathy et al. 2015)

• Additive connections make single nodes surprisingly interpretable

Text color corresponds to tahn(c), where -1 is red and +1 is blue, where c is one element in the memory cell.39



What can LSTMs Learn? (2) 
(Shi et al. 2016, Radford et al. 2017)

Count length of sentence Sentiment

Notably, difficult for GRUs!
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RNNs as Turing Machines 
(Siegelmann and Sontag 1992)

• Real-valued recurrent nets can calculate arbitrary functions

Weights Recognition Power
integer regular
rational recursive

real arbitrary
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Efficiency Tricks
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Handling Mini-batching

• Mini-batching makes things much faster! 

• But mini-batching in RNNs is harder than in feed-
forward networks 

• Each word depends on the previous word 

• Sequences are of various length
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Mini-batching Method
this     is   an          example  </s>
this     is   another  </s> </s>

Padding
Loss 
Calculation

Mask

1 
1� 1 

1� 1 
1� 1 

1� 1 
0�

Take Sum
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Bucketing/Sorting

• If we use sentences of different lengths, too much 
padding and sorting can result in decreased 
performance

• To remedy this: sort sentences so similarly-
lengthed sentences are in the same batch
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Optimized Implementations of LSTMs 
(Appleyard 2015)

• In simple implementation, still need one GPU call 
for each time step 

• For some RNN variants (e.g. LSTM) efficient full-
sequence computation supported by CuDNN

• Basic process: combine inputs into tensor, single 
GPU call  

• Downside: significant loss of flexibility
46



Handling Long Sequences
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Handling Long Sequences

• Sometimes we would like to capture long-term 
dependencies over long sequences 

• e.g. words in full documents 

• However, this may not fit on (GPU) memory
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Truncated BPTT
• Backprop over shorter segments, initialize w/ the 

state from the previous segment
I hate this movie

RNN RNN RNN RNN

It is so bad

RNN RNN RNN RNN

state only, no backprop

1st Pass

2nd Pass
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RNN Variants
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Gated Recurrent Units 
(Cho et al. 2014)

• A simpler version that preserves the additive 
connections

Additive or Non-linear

• Note: GRUs cannot do things like simply count
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Extensive Architecture Search for LSTMs 
(Greffen et al. 2015, Zoph and Le 2017)

• Many different types of 
architectures tested for 
LSTMs (manually or 
automatically) 

• Conclusion: basic LSTM 
quite good, other variants 
(e.g. coupled input/forget 
gates) reasonable
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Multi-scale/Pyramidal RNN 
(e.g. Chan et al. 2015)

• Have different RNNs of different scales
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Questions?

Types of Prediction 
Recurrent Neural Nets 

RNN Applications 
Vanishing Gradients

Understanding RNNs 
Efficiency Tricks 

Handling Long Sequences 
RNN Variants
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