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Generalities

⇧ Project in collaboration with a private company that

provides legal information services to lawyers

⇧ Goal: Create smarter products incorporating AI

⇧ Large dataset of unlabeled legal sentences (⇠ 0.5 M)

⇧ Small dataset of labeled legal sentences for classification

tasks

We developed multiple tools involving NLP in legal texts:

• Verdict analysis

• Named-entity recognition (NER)

• Classification of documents

• Information retrieval system
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One specific application: Information retrieval system

⇧ Given a reference text, we want to find the legal texts in

our corpus that are similar. Ranking problem

⇧ The key goal is to define a notion of similarity

between documents

⇧ Technical constraint: no a priori notion of similarity given

by the experts, subjective idea

⇧ Our solution: latent vectorial space in which

close = similar
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Subtleties

⇧ Really specific context: legal text + Spanish language

⇧ Pre-trained word/document representations give bad

results, we need to train them using our legal corpus

⇧ Labeling is expensive for all tasks, you need experts

⇧ You cannot design a labeling experiment without a

previous model (low a priori probability)

We need to build document representations

from scratch, using an unsupervised or

semi-supervised method

David Gordo Gómez Learning the notion of similarity 5 / 15



Problem Layout Similarity of legal documents Our solution Conclusions Back-up Slides

Representing words: word embeddings

One-hot encoding

⇧ Sparse representation

⇧ No semantic information

⇧ No distance notion

⇧ Computationally ine�cient

David Gómez-Ullate

Word embeddings

One-hot encoding 

• Sparse representation 
• No semantic information 
• No distance notion 
• Computationally inefficient 

Word embeddings 

• Dense representation 
• Captures semantic information 
• Vector algebra manipulations 
• Computationally efficient

Paris : [0.152, �0.117, 0.024, . . . , 0.218]
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<latexit sha1_base64="Xsa48BhCDTNs3JFtzR7ZHsdNvQk=">AAACGXicbVC5TgMxFPRyE64AJY1FhEQRVusQzgqJBjqQSIKUXUVe54VYeA/ZbxHRKl8CPwMVAjoq/gYnpIDAVOOZseWZMFXSoOd9OhOTU9Mzs3PzhYXFpeWV4upa3SSZFlATiUr0dcgNKBlDDSUquE418ChU0AhvTwd+4w60kUl8hb0UgojfxLIjBUcrtYr7BR/hHhHzc+Sq1z+mTc+t7rGy51bYUXnHc71Ktey3EzRW2t1jNKC+X2gVS9YZgv4lbERKZISLVvHdviGyCGIUihvTZF6KQc41SqGgX/AzAykXt/wGmpbGPAIT5MN+fbrVSTTFLtDh+Wc255ExvSi0mYhj14x7A/E/r5lh5zDIZZxmCLGwEet1MkUxoYOZaFtqEKh6lnChpf0lFV2uuUA75qA+Gy/7l9QrLvNcdlktnZRHQ8yRDbJJtgkjB+SEnJELUiOCPJJn8kbenQfnyXlxXr+jE87ozjr5BefjC03Nmzg=</latexit><latexit sha1_base64="Xsa48BhCDTNs3JFtzR7ZHsdNvQk=">AAACGXicbVC5TgMxFPRyE64AJY1FhEQRVusQzgqJBjqQSIKUXUVe54VYeA/ZbxHRKl8CPwMVAjoq/gYnpIDAVOOZseWZMFXSoOd9OhOTU9Mzs3PzhYXFpeWV4upa3SSZFlATiUr0dcgNKBlDDSUquE418ChU0AhvTwd+4w60kUl8hb0UgojfxLIjBUcrtYr7BR/hHhHzc+Sq1z+mTc+t7rGy51bYUXnHc71Ktey3EzRW2t1jNKC+X2gVS9YZgv4lbERKZISLVvHdviGyCGIUihvTZF6KQc41SqGgX/AzAykXt/wGmpbGPAIT5MN+fbrVSTTFLtDh+Wc255ExvSi0mYhj14x7A/E/r5lh5zDIZZxmCLGwEet1MkUxoYOZaFtqEKh6lnChpf0lFV2uuUA75qA+Gy/7l9QrLvNcdlktnZRHQ8yRDbJJtgkjB+SEnJELUiOCPJJn8kbenQfnyXlxXr+jE87ozjr5BefjC03Nmzg=</latexit><latexit sha1_base64="Xsa48BhCDTNs3JFtzR7ZHsdNvQk=">AAACGXicbVC5TgMxFPRyE64AJY1FhEQRVusQzgqJBjqQSIKUXUVe54VYeA/ZbxHRKl8CPwMVAjoq/gYnpIDAVOOZseWZMFXSoOd9OhOTU9Mzs3PzhYXFpeWV4upa3SSZFlATiUr0dcgNKBlDDSUquE418ChU0AhvTwd+4w60kUl8hb0UgojfxLIjBUcrtYr7BR/hHhHzc+Sq1z+mTc+t7rGy51bYUXnHc71Ktey3EzRW2t1jNKC+X2gVS9YZgv4lbERKZISLVvHdviGyCGIUihvTZF6KQc41SqGgX/AzAykXt/wGmpbGPAIT5MN+fbrVSTTFLtDh+Wc255ExvSi0mYhj14x7A/E/r5lh5zDIZZxmCLGwEet1MkUxoYOZaFtqEKh6lnChpf0lFV2uuUA75qA+Gy/7l9QrLvNcdlktnZRHQ8yRDbJJtgkjB+SEnJELUiOCPJJn8kbenQfnyXlxXr+jE87ozjr5BefjC03Nmzg=</latexit><latexit sha1_base64="Xsa48BhCDTNs3JFtzR7ZHsdNvQk=">AAACGXicbVC5TgMxFPRyE64AJY1FhEQRVusQzgqJBjqQSIKUXUVe54VYeA/ZbxHRKl8CPwMVAjoq/gYnpIDAVOOZseWZMFXSoOd9OhOTU9Mzs3PzhYXFpeWV4upa3SSZFlATiUr0dcgNKBlDDSUquE418ChU0AhvTwd+4w60kUl8hb0UgojfxLIjBUcrtYr7BR/hHhHzc+Sq1z+mTc+t7rGy51bYUXnHc71Ktey3EzRW2t1jNKC+X2gVS9YZgv4lbERKZISLVvHdviGyCGIUihvTZF6KQc41SqGgX/AzAykXt/wGmpbGPAIT5MN+fbrVSTTFLtDh+Wc255ExvSi0mYhj14x7A/E/r5lh5zDIZZxmCLGwEet1MkUxoYOZaFtqEKh6lnChpf0lFV2uuUA75qA+Gy/7l9QrLvNcdlktnZRHQ8yRDbJJtgkjB+SEnJELUiOCPJJn8kbenQfnyXlxXr+jE87ozjr5BefjC03Nmzg=</latexit>

Rome : [0.364, �0.216, 0.035, . . . , 0.115]
<latexit sha1_base64="eOMnZK6sY463Mk9Rr1vOF2ZFZXI=">AAACGHicbZA7T8MwFIUdnqW8CowsFhUSQ4gSoICYKrEwAqJQqYkqx71trToP2TeIKuofgT8DE+IxsfFvcEsHoNzp8z3Hls8JUyk0uu6nNTU9Mzs3X1goLi4tr6yW1tavdZIpDjWeyETVQ6ZBihhqKFBCPVXAolDCTdg7Heo3t6C0SOIr7KcQRKwTi7bgDM2qWaoUfYQ7RMwvkwgGJ7ThOvuHB/au6+x5h7bruPsV228lqA17XoUG1PeLzVLZKKOhk+CNoUzGc94svZs3eBZBjFwyrRuem2KQM4WCSxgU/UxDyniPdaBhMGYR6CAfxRvQ7XaiKHaBjs4/vTmLtO5HofFEDLv6rzZc/qc1MmwfB7mI0wwh5sZitHYmKSZ02BJtCQUcZd8A40qYX1LeZYpxNF0O43t/w07C9Z7jmc4uDspVe1xEgWySLbJDPHJEquSMnJMa4eSBPJFX8mbdW4/Ws/XybZ2yxnc2yK+xPr4Aasuavg==</latexit><latexit sha1_base64="eOMnZK6sY463Mk9Rr1vOF2ZFZXI=">AAACGHicbZA7T8MwFIUdnqW8CowsFhUSQ4gSoICYKrEwAqJQqYkqx71trToP2TeIKuofgT8DE+IxsfFvcEsHoNzp8z3Hls8JUyk0uu6nNTU9Mzs3X1goLi4tr6yW1tavdZIpDjWeyETVQ6ZBihhqKFBCPVXAolDCTdg7Heo3t6C0SOIr7KcQRKwTi7bgDM2qWaoUfYQ7RMwvkwgGJ7ThOvuHB/au6+x5h7bruPsV228lqA17XoUG1PeLzVLZKKOhk+CNoUzGc94svZs3eBZBjFwyrRuem2KQM4WCSxgU/UxDyniPdaBhMGYR6CAfxRvQ7XaiKHaBjs4/vTmLtO5HofFEDLv6rzZc/qc1MmwfB7mI0wwh5sZitHYmKSZ02BJtCQUcZd8A40qYX1LeZYpxNF0O43t/w07C9Z7jmc4uDspVe1xEgWySLbJDPHJEquSMnJMa4eSBPJFX8mbdW4/Ws/XybZ2yxnc2yK+xPr4Aasuavg==</latexit><latexit sha1_base64="eOMnZK6sY463Mk9Rr1vOF2ZFZXI=">AAACGHicbZA7T8MwFIUdnqW8CowsFhUSQ4gSoICYKrEwAqJQqYkqx71trToP2TeIKuofgT8DE+IxsfFvcEsHoNzp8z3Hls8JUyk0uu6nNTU9Mzs3X1goLi4tr6yW1tavdZIpDjWeyETVQ6ZBihhqKFBCPVXAolDCTdg7Heo3t6C0SOIr7KcQRKwTi7bgDM2qWaoUfYQ7RMwvkwgGJ7ThOvuHB/au6+x5h7bruPsV228lqA17XoUG1PeLzVLZKKOhk+CNoUzGc94svZs3eBZBjFwyrRuem2KQM4WCSxgU/UxDyniPdaBhMGYR6CAfxRvQ7XaiKHaBjs4/vTmLtO5HofFEDLv6rzZc/qc1MmwfB7mI0wwh5sZitHYmKSZ02BJtCQUcZd8A40qYX1LeZYpxNF0O43t/w07C9Z7jmc4uDspVe1xEgWySLbJDPHJEquSMnJMa4eSBPJFX8mbdW4/Ws/XybZ2yxnc2yK+xPr4Aasuavg==</latexit><latexit sha1_base64="eOMnZK6sY463Mk9Rr1vOF2ZFZXI=">AAACGHicbZA7T8MwFIUdnqW8CowsFhUSQ4gSoICYKrEwAqJQqYkqx71trToP2TeIKuofgT8DE+IxsfFvcEsHoNzp8z3Hls8JUyk0uu6nNTU9Mzs3X1goLi4tr6yW1tavdZIpDjWeyETVQ6ZBihhqKFBCPVXAolDCTdg7Heo3t6C0SOIr7KcQRKwTi7bgDM2qWaoUfYQ7RMwvkwgGJ7ThOvuHB/au6+x5h7bruPsV228lqA17XoUG1PeLzVLZKKOhk+CNoUzGc94svZs3eBZBjFwyrRuem2KQM4WCSxgU/UxDyniPdaBhMGYR6CAfxRvQ7XaiKHaBjs4/vTmLtO5HofFEDLv6rzZc/qc1MmwfB7mI0wwh5sZitHYmKSZ02BJtCQUcZd8A40qYX1LeZYpxNF0O43t/w07C9Z7jmc4uDspVe1xEgWySLbJDPHJEquSMnJMa4eSBPJFX8mbdW4/Ws/XybZ2yxnc2yK+xPr4Aasuavg==</latexit>
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<latexit sha1_base64="IvwWViAIUZvUgIymtu/+hRWNnQM=">AAACGnicbVDLTgIxFO34RHyhLt00EhMXSGZ4BOKKxMS4xETAhJmQTr1AQ+eR9o6RTPgT/RldGXHnxr+xIAtfd9GcnnNu03P8WAqNtv1hLS2vrK6tZzaym1vbO7u5vf22jhLFocUjGakbn2mQIoQWCpRwEytggS+h44/OZ3rnDpQWUXiN4xi8gA1C0RecoaF6uVrWRbhHxPRCsZDD5Ix27aLjVAvmrNULp3axalcK7m2E2lDlcol61HWzvVzeLtrzoX+BswB5sphmLzc1b/AkgBC5ZFp3HTtGL2UKBZcwybqJhpjxERtA18CQBaC9dB5wQo/7kaI4BDq/f/emLNB6HPjGEzAc6t/ajPxP6ybYr3upCOMEIeTGYrR+IilGdNYTvRUKOMqxAYwrYX5J+ZApxtG0OYvv/A77F7RLRcfUeFXJNwqLIjLkkByRE+KQGmmQS9IkLcLJI3kmU/JmPVhP1ov1+mVdshY7B+THWO+f+pWbkQ==</latexit><latexit sha1_base64="IvwWViAIUZvUgIymtu/+hRWNnQM=">AAACGnicbVDLTgIxFO34RHyhLt00EhMXSGZ4BOKKxMS4xETAhJmQTr1AQ+eR9o6RTPgT/RldGXHnxr+xIAtfd9GcnnNu03P8WAqNtv1hLS2vrK6tZzaym1vbO7u5vf22jhLFocUjGakbn2mQIoQWCpRwEytggS+h44/OZ3rnDpQWUXiN4xi8gA1C0RecoaF6uVrWRbhHxPRCsZDD5Ix27aLjVAvmrNULp3axalcK7m2E2lDlcol61HWzvVzeLtrzoX+BswB5sphmLzc1b/AkgBC5ZFp3HTtGL2UKBZcwybqJhpjxERtA18CQBaC9dB5wQo/7kaI4BDq/f/emLNB6HPjGEzAc6t/ajPxP6ybYr3upCOMEIeTGYrR+IilGdNYTvRUKOMqxAYwrYX5J+ZApxtG0OYvv/A77F7RLRcfUeFXJNwqLIjLkkByRE+KQGmmQS9IkLcLJI3kmU/JmPVhP1ov1+mVdshY7B+THWO+f+pWbkQ==</latexit><latexit sha1_base64="IvwWViAIUZvUgIymtu/+hRWNnQM=">AAACGnicbVDLTgIxFO34RHyhLt00EhMXSGZ4BOKKxMS4xETAhJmQTr1AQ+eR9o6RTPgT/RldGXHnxr+xIAtfd9GcnnNu03P8WAqNtv1hLS2vrK6tZzaym1vbO7u5vf22jhLFocUjGakbn2mQIoQWCpRwEytggS+h44/OZ3rnDpQWUXiN4xi8gA1C0RecoaF6uVrWRbhHxPRCsZDD5Ix27aLjVAvmrNULp3axalcK7m2E2lDlcol61HWzvVzeLtrzoX+BswB5sphmLzc1b/AkgBC5ZFp3HTtGL2UKBZcwybqJhpjxERtA18CQBaC9dB5wQo/7kaI4BDq/f/emLNB6HPjGEzAc6t/ajPxP6ybYr3upCOMEIeTGYrR+IilGdNYTvRUKOMqxAYwrYX5J+ZApxtG0OYvv/A77F7RLRcfUeFXJNwqLIjLkkByRE+KQGmmQS9IkLcLJI3kmU/JmPVhP1ov1+mVdshY7B+THWO+f+pWbkQ==</latexit><latexit sha1_base64="IvwWViAIUZvUgIymtu/+hRWNnQM=">AAACGnicbVDLTgIxFO34RHyhLt00EhMXSGZ4BOKKxMS4xETAhJmQTr1AQ+eR9o6RTPgT/RldGXHnxr+xIAtfd9GcnnNu03P8WAqNtv1hLS2vrK6tZzaym1vbO7u5vf22jhLFocUjGakbn2mQIoQWCpRwEytggS+h44/OZ3rnDpQWUXiN4xi8gA1C0RecoaF6uVrWRbhHxPRCsZDD5Ix27aLjVAvmrNULp3axalcK7m2E2lDlcol61HWzvVzeLtrzoX+BswB5sphmLzc1b/AkgBC5ZFp3HTtGL2UKBZcwybqJhpjxERtA18CQBaC9dB5wQo/7kaI4BDq/f/emLNB6HPjGEzAc6t/ajPxP6ybYr3upCOMEIeTGYrR+IilGdNYTvRUKOMqxAYwrYX5J+ZApxtG0OYvv/A77F7RLRcfUeFXJNwqLIjLkkByRE+KQGmmQS9IkLcLJI3kmU/JmPVhP1ov1+mVdshY7B+THWO+f+pWbkQ==</latexit>

|V | ' 40.000
<latexit sha1_base64="gLm0GBEM6GRuxBheW+M5rHz8Pi8=">AAAB9XicbZDNTgIxFIU7+If4N+LSTSMxcUU6hkSXJG5cYiI/CRDSKXegoZ0Z245KBh5FV0bd+SK+gG9jB2eh4Fl9vec0uff4seDaEPLlFNbWNza3itulnd29/QP3sNzSUaIYNFkkItXxqQbBQ2gabgR0YgVU+gLa/uQq89v3oDSPwlszjaEv6SjkAWfU2NHALc9aM9zTXMIdrpEqIaQ0cCsLsMKr4OVQQbkaA/ezN4xYIiE0TFCtux6JTT+lynAmYF7qJRpiyiZ0BF2LIZWg++li9zk+DSKFzRjw4v07m1Kp9VT6NiOpGetlLxv+53UTE1z2Ux7GiYGQ2Yj1gkRgE+GsAjzkCpgRUwuUKW63xGxMFWXGFpWd7y0fuwqt86pHqt5NrVIneRFFdIxO0Bny0AWqo2vUQE3E0CN6Rm/o3XlwnpwX5/UnWnDyP0foj5yPbwkKkBc=</latexit><latexit sha1_base64="gLm0GBEM6GRuxBheW+M5rHz8Pi8=">AAAB9XicbZDNTgIxFIU7+If4N+LSTSMxcUU6hkSXJG5cYiI/CRDSKXegoZ0Z245KBh5FV0bd+SK+gG9jB2eh4Fl9vec0uff4seDaEPLlFNbWNza3itulnd29/QP3sNzSUaIYNFkkItXxqQbBQ2gabgR0YgVU+gLa/uQq89v3oDSPwlszjaEv6SjkAWfU2NHALc9aM9zTXMIdrpEqIaQ0cCsLsMKr4OVQQbkaA/ezN4xYIiE0TFCtux6JTT+lynAmYF7qJRpiyiZ0BF2LIZWg++li9zk+DSKFzRjw4v07m1Kp9VT6NiOpGetlLxv+53UTE1z2Ux7GiYGQ2Yj1gkRgE+GsAjzkCpgRUwuUKW63xGxMFWXGFpWd7y0fuwqt86pHqt5NrVIneRFFdIxO0Bny0AWqo2vUQE3E0CN6Rm/o3XlwnpwX5/UnWnDyP0foj5yPbwkKkBc=</latexit><latexit sha1_base64="gLm0GBEM6GRuxBheW+M5rHz8Pi8=">AAAB9XicbZDNTgIxFIU7+If4N+LSTSMxcUU6hkSXJG5cYiI/CRDSKXegoZ0Z245KBh5FV0bd+SK+gG9jB2eh4Fl9vec0uff4seDaEPLlFNbWNza3itulnd29/QP3sNzSUaIYNFkkItXxqQbBQ2gabgR0YgVU+gLa/uQq89v3oDSPwlszjaEv6SjkAWfU2NHALc9aM9zTXMIdrpEqIaQ0cCsLsMKr4OVQQbkaA/ezN4xYIiE0TFCtux6JTT+lynAmYF7qJRpiyiZ0BF2LIZWg++li9zk+DSKFzRjw4v07m1Kp9VT6NiOpGetlLxv+53UTE1z2Ux7GiYGQ2Yj1gkRgE+GsAjzkCpgRUwuUKW63xGxMFWXGFpWd7y0fuwqt86pHqt5NrVIneRFFdIxO0Bny0AWqo2vUQE3E0CN6Rm/o3XlwnpwX5/UnWnDyP0foj5yPbwkKkBc=</latexit><latexit sha1_base64="gLm0GBEM6GRuxBheW+M5rHz8Pi8=">AAAB9XicbZDNTgIxFIU7+If4N+LSTSMxcUU6hkSXJG5cYiI/CRDSKXegoZ0Z245KBh5FV0bd+SK+gG9jB2eh4Fl9vec0uff4seDaEPLlFNbWNza3itulnd29/QP3sNzSUaIYNFkkItXxqQbBQ2gabgR0YgVU+gLa/uQq89v3oDSPwlszjaEv6SjkAWfU2NHALc9aM9zTXMIdrpEqIaQ0cCsLsMKr4OVQQbkaA/ezN4xYIiE0TFCtux6JTT+lynAmYF7qJRpiyiZ0BF2LIZWg++li9zk+DSKFzRjw4v07m1Kp9VT6NiOpGetlLxv+53UTE1z2Ux7GiYGQ2Yj1gkRgE+GsAjzkCpgRUwuUKW63xGxMFWXGFpWd7y0fuwqt86pHqt5NrVIneRFFdIxO0Bny0AWqo2vUQE3E0CN6Rm/o3XlwnpwX5/UnWnDyP0foj5yPbwkKkBc=</latexit>

d ' 300
<latexit sha1_base64="CPJd7RsMFT+Z2OkcvQfYMXehVRg=">AAAB7nicbZDLSgMxFIbP1Futt6pLN8EiuCoZFXRZcOOygr1AO5RMeqYNzVyaZIQy9DV0JerOh/EFfBszdRba+q++nP8PnP/4iRTaUPrllNbWNza3ytuVnd29/YPq4VFbx6ni2OKxjFXXZxqliLBlhJHYTRSy0JfY8Se3ud95RKVFHD2YWYJeyEaRCARnxo68IelrEeKUXFJaGVRrtE4XIqvgFlCDQs1B9bM/jHkaYmS4ZFr3XJoYL2PKCC5xXumnGhPGJ2yEPYsRC1F72WLpOTkLYkXMGMni/TubsVDrWejbTMjMWC97+fA/r5ea4MbLRJSkBiNuI9YLUklMTPLuZCgUciNnFhhXwm5J+Jgpxo29UF7fXS67Cu2Lukvr7v1VrUGLQ5ThBE7hHFy4hgbcQRNawGEKz/AG707iPDkvzutPtOQUf47hj5yPb4rOjjs=</latexit><latexit sha1_base64="CPJd7RsMFT+Z2OkcvQfYMXehVRg=">AAAB7nicbZDLSgMxFIbP1Futt6pLN8EiuCoZFXRZcOOygr1AO5RMeqYNzVyaZIQy9DV0JerOh/EFfBszdRba+q++nP8PnP/4iRTaUPrllNbWNza3ytuVnd29/YPq4VFbx6ni2OKxjFXXZxqliLBlhJHYTRSy0JfY8Se3ud95RKVFHD2YWYJeyEaRCARnxo68IelrEeKUXFJaGVRrtE4XIqvgFlCDQs1B9bM/jHkaYmS4ZFr3XJoYL2PKCC5xXumnGhPGJ2yEPYsRC1F72WLpOTkLYkXMGMni/TubsVDrWejbTMjMWC97+fA/r5ea4MbLRJSkBiNuI9YLUklMTPLuZCgUciNnFhhXwm5J+Jgpxo29UF7fXS67Cu2Lukvr7v1VrUGLQ5ThBE7hHFy4hgbcQRNawGEKz/AG707iPDkvzutPtOQUf47hj5yPb4rOjjs=</latexit><latexit sha1_base64="CPJd7RsMFT+Z2OkcvQfYMXehVRg=">AAAB7nicbZDLSgMxFIbP1Futt6pLN8EiuCoZFXRZcOOygr1AO5RMeqYNzVyaZIQy9DV0JerOh/EFfBszdRba+q++nP8PnP/4iRTaUPrllNbWNza3ytuVnd29/YPq4VFbx6ni2OKxjFXXZxqliLBlhJHYTRSy0JfY8Se3ud95RKVFHD2YWYJeyEaRCARnxo68IelrEeKUXFJaGVRrtE4XIqvgFlCDQs1B9bM/jHkaYmS4ZFr3XJoYL2PKCC5xXumnGhPGJ2yEPYsRC1F72WLpOTkLYkXMGMni/TubsVDrWejbTMjMWC97+fA/r5ea4MbLRJSkBiNuI9YLUklMTPLuZCgUciNnFhhXwm5J+Jgpxo29UF7fXS67Cu2Lukvr7v1VrUGLQ5ThBE7hHFy4hgbcQRNawGEKz/AG707iPDkvzutPtOQUf47hj5yPb4rOjjs=</latexit><latexit sha1_base64="CPJd7RsMFT+Z2OkcvQfYMXehVRg=">AAAB7nicbZDLSgMxFIbP1Futt6pLN8EiuCoZFXRZcOOygr1AO5RMeqYNzVyaZIQy9DV0JerOh/EFfBszdRba+q++nP8PnP/4iRTaUPrllNbWNza3ytuVnd29/YPq4VFbx6ni2OKxjFXXZxqliLBlhJHYTRSy0JfY8Se3ud95RKVFHD2YWYJeyEaRCARnxo68IelrEeKUXFJaGVRrtE4XIqvgFlCDQs1B9bM/jHkaYmS4ZFr3XJoYL2PKCC5xXumnGhPGJ2yEPYsRC1F72WLpOTkLYkXMGMni/TubsVDrWejbTMjMWC97+fA/r5ea4MbLRJSkBiNuI9YLUklMTPLuZCgUciNnFhhXwm5J+Jgpxo29UF7fXS67Cu2Lukvr7v1VrUGLQ5ThBE7hHFy4hgbcQRNawGEKz/AG707iPDkvzutPtOQUf47hj5yPb4rOjjs=</latexit>

Word embeddings

⇧ Dense representation

⇧ Captures semantic information

⇧ Vector algebra manipulations

⇧ Computationally e�cient

David Gómez-Ullate

Word embeddings

One-hot encoding 

• Sparse representation 
• No semantic information 
• No distance notion 
• Computationally inefficient 

Word embeddings 

• Dense representation 
• Captures semantic information 
• Vector algebra manipulations 
• Computationally efficient

Paris : [0.152, �0.117, 0.024, . . . , 0.218]
<latexit sha1_base64="qEp+yWEIjcGB9iI8TUlb7eWJUtU=">AAACGXicbVDLTgIxFO34RHyhLt00EhMXSGYICnFF4sYlJvJImAnplAs0dh5p7xjJhC/Rn9GVUXau/BsLslDwbHp6z7lNz/FjKTTa9pe1srq2vrGZ2cpu7+zu7ecODps6ShSHBo9kpNo+0yBFCA0UKKEdK2CBL6Hl319P9dYDKC2i8A5HMXgBG4SiLzhDM+rmLrMuwiMipnWmhB5f0Y5ddC5KhXNzOJWCXbRL5YLbi1AbXnKq1KOum+3m8kaZgS4TZ07yZI56Nzcxb/AkgBC5ZFp3HDtGL2UKBZcwzrqJhpjxezaAjqEhC0B76SzfmJ72I0VxCHR2/+1NWaD1KPCNJ2A41IvadPif1kmwX/VSEcYJQsiNxWj9RFKM6LQm2hMKOMqRIYwrYX5J+ZApxtGUOY3vLIZdJs1S0TEt3pbztcK8iAw5JifkjDikQmrkhtRJg3DyTF7JB5lYT9aL9Wa9/1hXrPnOEfkD6/MbQh2bMQ==</latexit><latexit sha1_base64="qEp+yWEIjcGB9iI8TUlb7eWJUtU=">AAACGXicbVDLTgIxFO34RHyhLt00EhMXSGYICnFF4sYlJvJImAnplAs0dh5p7xjJhC/Rn9GVUXau/BsLslDwbHp6z7lNz/FjKTTa9pe1srq2vrGZ2cpu7+zu7ecODps6ShSHBo9kpNo+0yBFCA0UKKEdK2CBL6Hl319P9dYDKC2i8A5HMXgBG4SiLzhDM+rmLrMuwiMipnWmhB5f0Y5ddC5KhXNzOJWCXbRL5YLbi1AbXnKq1KOum+3m8kaZgS4TZ07yZI56Nzcxb/AkgBC5ZFp3HDtGL2UKBZcwzrqJhpjxezaAjqEhC0B76SzfmJ72I0VxCHR2/+1NWaD1KPCNJ2A41IvadPif1kmwX/VSEcYJQsiNxWj9RFKM6LQm2hMKOMqRIYwrYX5J+ZApxtGUOY3vLIZdJs1S0TEt3pbztcK8iAw5JifkjDikQmrkhtRJg3DyTF7JB5lYT9aL9Wa9/1hXrPnOEfkD6/MbQh2bMQ==</latexit><latexit sha1_base64="qEp+yWEIjcGB9iI8TUlb7eWJUtU=">AAACGXicbVDLTgIxFO34RHyhLt00EhMXSGYICnFF4sYlJvJImAnplAs0dh5p7xjJhC/Rn9GVUXau/BsLslDwbHp6z7lNz/FjKTTa9pe1srq2vrGZ2cpu7+zu7ecODps6ShSHBo9kpNo+0yBFCA0UKKEdK2CBL6Hl319P9dYDKC2i8A5HMXgBG4SiLzhDM+rmLrMuwiMipnWmhB5f0Y5ddC5KhXNzOJWCXbRL5YLbi1AbXnKq1KOum+3m8kaZgS4TZ07yZI56Nzcxb/AkgBC5ZFp3HDtGL2UKBZcwzrqJhpjxezaAjqEhC0B76SzfmJ72I0VxCHR2/+1NWaD1KPCNJ2A41IvadPif1kmwX/VSEcYJQsiNxWj9RFKM6LQm2hMKOMqRIYwrYX5J+ZApxtGUOY3vLIZdJs1S0TEt3pbztcK8iAw5JifkjDikQmrkhtRJg3DyTF7JB5lYT9aL9Wa9/1hXrPnOEfkD6/MbQh2bMQ==</latexit><latexit sha1_base64="qEp+yWEIjcGB9iI8TUlb7eWJUtU=">AAACGXicbVDLTgIxFO34RHyhLt00EhMXSGYICnFF4sYlJvJImAnplAs0dh5p7xjJhC/Rn9GVUXau/BsLslDwbHp6z7lNz/FjKTTa9pe1srq2vrGZ2cpu7+zu7ecODps6ShSHBo9kpNo+0yBFCA0UKKEdK2CBL6Hl319P9dYDKC2i8A5HMXgBG4SiLzhDM+rmLrMuwiMipnWmhB5f0Y5ddC5KhXNzOJWCXbRL5YLbi1AbXnKq1KOum+3m8kaZgS4TZ07yZI56Nzcxb/AkgBC5ZFp3HDtGL2UKBZcwzrqJhpjxezaAjqEhC0B76SzfmJ72I0VxCHR2/+1NWaD1KPCNJ2A41IvadPif1kmwX/VSEcYJQsiNxWj9RFKM6LQm2hMKOMqRIYwrYX5J+ZApxtGUOY3vLIZdJs1S0TEt3pbztcK8iAw5JifkjDikQmrkhtRJg3DyTF7JB5lYT9aL9Wa9/1hXrPnOEfkD6/MbQh2bMQ==</latexit>

Italy : [0.451, 0.219, �0.024, . . . , 0.351]
<latexit sha1_base64="Xsa48BhCDTNs3JFtzR7ZHsdNvQk=">AAACGXicbVC5TgMxFPRyE64AJY1FhEQRVusQzgqJBjqQSIKUXUVe54VYeA/ZbxHRKl8CPwMVAjoq/gYnpIDAVOOZseWZMFXSoOd9OhOTU9Mzs3PzhYXFpeWV4upa3SSZFlATiUr0dcgNKBlDDSUquE418ChU0AhvTwd+4w60kUl8hb0UgojfxLIjBUcrtYr7BR/hHhHzc+Sq1z+mTc+t7rGy51bYUXnHc71Ktey3EzRW2t1jNKC+X2gVS9YZgv4lbERKZISLVvHdviGyCGIUihvTZF6KQc41SqGgX/AzAykXt/wGmpbGPAIT5MN+fbrVSTTFLtDh+Wc255ExvSi0mYhj14x7A/E/r5lh5zDIZZxmCLGwEet1MkUxoYOZaFtqEKh6lnChpf0lFV2uuUA75qA+Gy/7l9QrLvNcdlktnZRHQ8yRDbJJtgkjB+SEnJELUiOCPJJn8kbenQfnyXlxXr+jE87ozjr5BefjC03Nmzg=</latexit><latexit sha1_base64="Xsa48BhCDTNs3JFtzR7ZHsdNvQk=">AAACGXicbVC5TgMxFPRyE64AJY1FhEQRVusQzgqJBjqQSIKUXUVe54VYeA/ZbxHRKl8CPwMVAjoq/gYnpIDAVOOZseWZMFXSoOd9OhOTU9Mzs3PzhYXFpeWV4upa3SSZFlATiUr0dcgNKBlDDSUquE418ChU0AhvTwd+4w60kUl8hb0UgojfxLIjBUcrtYr7BR/hHhHzc+Sq1z+mTc+t7rGy51bYUXnHc71Ktey3EzRW2t1jNKC+X2gVS9YZgv4lbERKZISLVvHdviGyCGIUihvTZF6KQc41SqGgX/AzAykXt/wGmpbGPAIT5MN+fbrVSTTFLtDh+Wc255ExvSi0mYhj14x7A/E/r5lh5zDIZZxmCLGwEet1MkUxoYOZaFtqEKh6lnChpf0lFV2uuUA75qA+Gy/7l9QrLvNcdlktnZRHQ8yRDbJJtgkjB+SEnJELUiOCPJJn8kbenQfnyXlxXr+jE87ozjr5BefjC03Nmzg=</latexit><latexit sha1_base64="Xsa48BhCDTNs3JFtzR7ZHsdNvQk=">AAACGXicbVC5TgMxFPRyE64AJY1FhEQRVusQzgqJBjqQSIKUXUVe54VYeA/ZbxHRKl8CPwMVAjoq/gYnpIDAVOOZseWZMFXSoOd9OhOTU9Mzs3PzhYXFpeWV4upa3SSZFlATiUr0dcgNKBlDDSUquE418ChU0AhvTwd+4w60kUl8hb0UgojfxLIjBUcrtYr7BR/hHhHzc+Sq1z+mTc+t7rGy51bYUXnHc71Ktey3EzRW2t1jNKC+X2gVS9YZgv4lbERKZISLVvHdviGyCGIUihvTZF6KQc41SqGgX/AzAykXt/wGmpbGPAIT5MN+fbrVSTTFLtDh+Wc255ExvSi0mYhj14x7A/E/r5lh5zDIZZxmCLGwEet1MkUxoYOZaFtqEKh6lnChpf0lFV2uuUA75qA+Gy/7l9QrLvNcdlktnZRHQ8yRDbJJtgkjB+SEnJELUiOCPJJn8kbenQfnyXlxXr+jE87ozjr5BefjC03Nmzg=</latexit><latexit sha1_base64="Xsa48BhCDTNs3JFtzR7ZHsdNvQk=">AAACGXicbVC5TgMxFPRyE64AJY1FhEQRVusQzgqJBjqQSIKUXUVe54VYeA/ZbxHRKl8CPwMVAjoq/gYnpIDAVOOZseWZMFXSoOd9OhOTU9Mzs3PzhYXFpeWV4upa3SSZFlATiUr0dcgNKBlDDSUquE418ChU0AhvTwd+4w60kUl8hb0UgojfxLIjBUcrtYr7BR/hHhHzc+Sq1z+mTc+t7rGy51bYUXnHc71Ktey3EzRW2t1jNKC+X2gVS9YZgv4lbERKZISLVvHdviGyCGIUihvTZF6KQc41SqGgX/AzAykXt/wGmpbGPAIT5MN+fbrVSTTFLtDh+Wc255ExvSi0mYhj14x7A/E/r5lh5zDIZZxmCLGwEet1MkUxoYOZaFtqEKh6lnChpf0lFV2uuUA75qA+Gy/7l9QrLvNcdlktnZRHQ8yRDbJJtgkjB+SEnJELUiOCPJJn8kbenQfnyXlxXr+jE87ozjr5BefjC03Nmzg=</latexit>

Rome : [0.364, �0.216, 0.035, . . . , 0.115]
<latexit sha1_base64="eOMnZK6sY463Mk9Rr1vOF2ZFZXI=">AAACGHicbZA7T8MwFIUdnqW8CowsFhUSQ4gSoICYKrEwAqJQqYkqx71trToP2TeIKuofgT8DE+IxsfFvcEsHoNzp8z3Hls8JUyk0uu6nNTU9Mzs3X1goLi4tr6yW1tavdZIpDjWeyETVQ6ZBihhqKFBCPVXAolDCTdg7Heo3t6C0SOIr7KcQRKwTi7bgDM2qWaoUfYQ7RMwvkwgGJ7ThOvuHB/au6+x5h7bruPsV228lqA17XoUG1PeLzVLZKKOhk+CNoUzGc94svZs3eBZBjFwyrRuem2KQM4WCSxgU/UxDyniPdaBhMGYR6CAfxRvQ7XaiKHaBjs4/vTmLtO5HofFEDLv6rzZc/qc1MmwfB7mI0wwh5sZitHYmKSZ02BJtCQUcZd8A40qYX1LeZYpxNF0O43t/w07C9Z7jmc4uDspVe1xEgWySLbJDPHJEquSMnJMa4eSBPJFX8mbdW4/Ws/XybZ2yxnc2yK+xPr4Aasuavg==</latexit><latexit sha1_base64="eOMnZK6sY463Mk9Rr1vOF2ZFZXI=">AAACGHicbZA7T8MwFIUdnqW8CowsFhUSQ4gSoICYKrEwAqJQqYkqx71trToP2TeIKuofgT8DE+IxsfFvcEsHoNzp8z3Hls8JUyk0uu6nNTU9Mzs3X1goLi4tr6yW1tavdZIpDjWeyETVQ6ZBihhqKFBCPVXAolDCTdg7Heo3t6C0SOIr7KcQRKwTi7bgDM2qWaoUfYQ7RMwvkwgGJ7ThOvuHB/au6+x5h7bruPsV228lqA17XoUG1PeLzVLZKKOhk+CNoUzGc94svZs3eBZBjFwyrRuem2KQM4WCSxgU/UxDyniPdaBhMGYR6CAfxRvQ7XaiKHaBjs4/vTmLtO5HofFEDLv6rzZc/qc1MmwfB7mI0wwh5sZitHYmKSZ02BJtCQUcZd8A40qYX1LeZYpxNF0O43t/w07C9Z7jmc4uDspVe1xEgWySLbJDPHJEquSMnJMa4eSBPJFX8mbdW4/Ws/XybZ2yxnc2yK+xPr4Aasuavg==</latexit><latexit sha1_base64="eOMnZK6sY463Mk9Rr1vOF2ZFZXI=">AAACGHicbZA7T8MwFIUdnqW8CowsFhUSQ4gSoICYKrEwAqJQqYkqx71trToP2TeIKuofgT8DE+IxsfFvcEsHoNzp8z3Hls8JUyk0uu6nNTU9Mzs3X1goLi4tr6yW1tavdZIpDjWeyETVQ6ZBihhqKFBCPVXAolDCTdg7Heo3t6C0SOIr7KcQRKwTi7bgDM2qWaoUfYQ7RMwvkwgGJ7ThOvuHB/au6+x5h7bruPsV228lqA17XoUG1PeLzVLZKKOhk+CNoUzGc94svZs3eBZBjFwyrRuem2KQM4WCSxgU/UxDyniPdaBhMGYR6CAfxRvQ7XaiKHaBjs4/vTmLtO5HofFEDLv6rzZc/qc1MmwfB7mI0wwh5sZitHYmKSZ02BJtCQUcZd8A40qYX1LeZYpxNF0O43t/w07C9Z7jmc4uDspVe1xEgWySLbJDPHJEquSMnJMa4eSBPJFX8mbdW4/Ws/XybZ2yxnc2yK+xPr4Aasuavg==</latexit><latexit sha1_base64="eOMnZK6sY463Mk9Rr1vOF2ZFZXI=">AAACGHicbZA7T8MwFIUdnqW8CowsFhUSQ4gSoICYKrEwAqJQqYkqx71trToP2TeIKuofgT8DE+IxsfFvcEsHoNzp8z3Hls8JUyk0uu6nNTU9Mzs3X1goLi4tr6yW1tavdZIpDjWeyETVQ6ZBihhqKFBCPVXAolDCTdg7Heo3t6C0SOIr7KcQRKwTi7bgDM2qWaoUfYQ7RMwvkwgGJ7ThOvuHB/au6+x5h7bruPsV228lqA17XoUG1PeLzVLZKKOhk+CNoUzGc94svZs3eBZBjFwyrRuem2KQM4WCSxgU/UxDyniPdaBhMGYR6CAfxRvQ7XaiKHaBjs4/vTmLtO5HofFEDLv6rzZc/qc1MmwfB7mI0wwh5sZitHYmKSZ02BJtCQUcZd8A40qYX1LeZYpxNF0O43t/w07C9Z7jmc4uDspVe1xEgWySLbJDPHJEquSMnJMa4eSBPJFX8mbdW4/Ws/XybZ2yxnc2yK+xPr4Aasuavg==</latexit>

France : [0.115, 0.178, �0.504, . . . , 0.332]
<latexit sha1_base64="IvwWViAIUZvUgIymtu/+hRWNnQM=">AAACGnicbVDLTgIxFO34RHyhLt00EhMXSGZ4BOKKxMS4xETAhJmQTr1AQ+eR9o6RTPgT/RldGXHnxr+xIAtfd9GcnnNu03P8WAqNtv1hLS2vrK6tZzaym1vbO7u5vf22jhLFocUjGakbn2mQIoQWCpRwEytggS+h44/OZ3rnDpQWUXiN4xi8gA1C0RecoaF6uVrWRbhHxPRCsZDD5Ix27aLjVAvmrNULp3axalcK7m2E2lDlcol61HWzvVzeLtrzoX+BswB5sphmLzc1b/AkgBC5ZFp3HTtGL2UKBZcwybqJhpjxERtA18CQBaC9dB5wQo/7kaI4BDq/f/emLNB6HPjGEzAc6t/ajPxP6ybYr3upCOMEIeTGYrR+IilGdNYTvRUKOMqxAYwrYX5J+ZApxtG0OYvv/A77F7RLRcfUeFXJNwqLIjLkkByRE+KQGmmQS9IkLcLJI3kmU/JmPVhP1ov1+mVdshY7B+THWO+f+pWbkQ==</latexit><latexit sha1_base64="IvwWViAIUZvUgIymtu/+hRWNnQM=">AAACGnicbVDLTgIxFO34RHyhLt00EhMXSGZ4BOKKxMS4xETAhJmQTr1AQ+eR9o6RTPgT/RldGXHnxr+xIAtfd9GcnnNu03P8WAqNtv1hLS2vrK6tZzaym1vbO7u5vf22jhLFocUjGakbn2mQIoQWCpRwEytggS+h44/OZ3rnDpQWUXiN4xi8gA1C0RecoaF6uVrWRbhHxPRCsZDD5Ix27aLjVAvmrNULp3axalcK7m2E2lDlcol61HWzvVzeLtrzoX+BswB5sphmLzc1b/AkgBC5ZFp3HTtGL2UKBZcwybqJhpjxERtA18CQBaC9dB5wQo/7kaI4BDq/f/emLNB6HPjGEzAc6t/ajPxP6ybYr3upCOMEIeTGYrR+IilGdNYTvRUKOMqxAYwrYX5J+ZApxtG0OYvv/A77F7RLRcfUeFXJNwqLIjLkkByRE+KQGmmQS9IkLcLJI3kmU/JmPVhP1ov1+mVdshY7B+THWO+f+pWbkQ==</latexit><latexit sha1_base64="IvwWViAIUZvUgIymtu/+hRWNnQM=">AAACGnicbVDLTgIxFO34RHyhLt00EhMXSGZ4BOKKxMS4xETAhJmQTr1AQ+eR9o6RTPgT/RldGXHnxr+xIAtfd9GcnnNu03P8WAqNtv1hLS2vrK6tZzaym1vbO7u5vf22jhLFocUjGakbn2mQIoQWCpRwEytggS+h44/OZ3rnDpQWUXiN4xi8gA1C0RecoaF6uVrWRbhHxPRCsZDD5Ix27aLjVAvmrNULp3axalcK7m2E2lDlcol61HWzvVzeLtrzoX+BswB5sphmLzc1b/AkgBC5ZFp3HTtGL2UKBZcwybqJhpjxERtA18CQBaC9dB5wQo/7kaI4BDq/f/emLNB6HPjGEzAc6t/ajPxP6ybYr3upCOMEIeTGYrR+IilGdNYTvRUKOMqxAYwrYX5J+ZApxtG0OYvv/A77F7RLRcfUeFXJNwqLIjLkkByRE+KQGmmQS9IkLcLJI3kmU/JmPVhP1ov1+mVdshY7B+THWO+f+pWbkQ==</latexit><latexit sha1_base64="IvwWViAIUZvUgIymtu/+hRWNnQM=">AAACGnicbVDLTgIxFO34RHyhLt00EhMXSGZ4BOKKxMS4xETAhJmQTr1AQ+eR9o6RTPgT/RldGXHnxr+xIAtfd9GcnnNu03P8WAqNtv1hLS2vrK6tZzaym1vbO7u5vf22jhLFocUjGakbn2mQIoQWCpRwEytggS+h44/OZ3rnDpQWUXiN4xi8gA1C0RecoaF6uVrWRbhHxPRCsZDD5Ix27aLjVAvmrNULp3axalcK7m2E2lDlcol61HWzvVzeLtrzoX+BswB5sphmLzc1b/AkgBC5ZFp3HTtGL2UKBZcwybqJhpjxERtA18CQBaC9dB5wQo/7kaI4BDq/f/emLNB6HPjGEzAc6t/ajPxP6ybYr3upCOMEIeTGYrR+IilGdNYTvRUKOMqxAYwrYX5J+ZApxtG0OYvv/A77F7RLRcfUeFXJNwqLIjLkkByRE+KQGmmQS9IkLcLJI3kmU/JmPVhP1ov1+mVdshY7B+THWO+f+pWbkQ==</latexit>

|V | ' 40.000
<latexit sha1_base64="gLm0GBEM6GRuxBheW+M5rHz8Pi8=">AAAB9XicbZDNTgIxFIU7+If4N+LSTSMxcUU6hkSXJG5cYiI/CRDSKXegoZ0Z245KBh5FV0bd+SK+gG9jB2eh4Fl9vec0uff4seDaEPLlFNbWNza3itulnd29/QP3sNzSUaIYNFkkItXxqQbBQ2gabgR0YgVU+gLa/uQq89v3oDSPwlszjaEv6SjkAWfU2NHALc9aM9zTXMIdrpEqIaQ0cCsLsMKr4OVQQbkaA/ezN4xYIiE0TFCtux6JTT+lynAmYF7qJRpiyiZ0BF2LIZWg++li9zk+DSKFzRjw4v07m1Kp9VT6NiOpGetlLxv+53UTE1z2Ux7GiYGQ2Yj1gkRgE+GsAjzkCpgRUwuUKW63xGxMFWXGFpWd7y0fuwqt86pHqt5NrVIneRFFdIxO0Bny0AWqo2vUQE3E0CN6Rm/o3XlwnpwX5/UnWnDyP0foj5yPbwkKkBc=</latexit><latexit sha1_base64="gLm0GBEM6GRuxBheW+M5rHz8Pi8=">AAAB9XicbZDNTgIxFIU7+If4N+LSTSMxcUU6hkSXJG5cYiI/CRDSKXegoZ0Z245KBh5FV0bd+SK+gG9jB2eh4Fl9vec0uff4seDaEPLlFNbWNza3itulnd29/QP3sNzSUaIYNFkkItXxqQbBQ2gabgR0YgVU+gLa/uQq89v3oDSPwlszjaEv6SjkAWfU2NHALc9aM9zTXMIdrpEqIaQ0cCsLsMKr4OVQQbkaA/ezN4xYIiE0TFCtux6JTT+lynAmYF7qJRpiyiZ0BF2LIZWg++li9zk+DSKFzRjw4v07m1Kp9VT6NiOpGetlLxv+53UTE1z2Ux7GiYGQ2Yj1gkRgE+GsAjzkCpgRUwuUKW63xGxMFWXGFpWd7y0fuwqt86pHqt5NrVIneRFFdIxO0Bny0AWqo2vUQE3E0CN6Rm/o3XlwnpwX5/UnWnDyP0foj5yPbwkKkBc=</latexit><latexit sha1_base64="gLm0GBEM6GRuxBheW+M5rHz8Pi8=">AAAB9XicbZDNTgIxFIU7+If4N+LSTSMxcUU6hkSXJG5cYiI/CRDSKXegoZ0Z245KBh5FV0bd+SK+gG9jB2eh4Fl9vec0uff4seDaEPLlFNbWNza3itulnd29/QP3sNzSUaIYNFkkItXxqQbBQ2gabgR0YgVU+gLa/uQq89v3oDSPwlszjaEv6SjkAWfU2NHALc9aM9zTXMIdrpEqIaQ0cCsLsMKr4OVQQbkaA/ezN4xYIiE0TFCtux6JTT+lynAmYF7qJRpiyiZ0BF2LIZWg++li9zk+DSKFzRjw4v07m1Kp9VT6NiOpGetlLxv+53UTE1z2Ux7GiYGQ2Yj1gkRgE+GsAjzkCpgRUwuUKW63xGxMFWXGFpWd7y0fuwqt86pHqt5NrVIneRFFdIxO0Bny0AWqo2vUQE3E0CN6Rm/o3XlwnpwX5/UnWnDyP0foj5yPbwkKkBc=</latexit><latexit sha1_base64="gLm0GBEM6GRuxBheW+M5rHz8Pi8=">AAAB9XicbZDNTgIxFIU7+If4N+LSTSMxcUU6hkSXJG5cYiI/CRDSKXegoZ0Z245KBh5FV0bd+SK+gG9jB2eh4Fl9vec0uff4seDaEPLlFNbWNza3itulnd29/QP3sNzSUaIYNFkkItXxqQbBQ2gabgR0YgVU+gLa/uQq89v3oDSPwlszjaEv6SjkAWfU2NHALc9aM9zTXMIdrpEqIaQ0cCsLsMKr4OVQQbkaA/ezN4xYIiE0TFCtux6JTT+lynAmYF7qJRpiyiZ0BF2LIZWg++li9zk+DSKFzRjw4v07m1Kp9VT6NiOpGetlLxv+53UTE1z2Ux7GiYGQ2Yj1gkRgE+GsAjzkCpgRUwuUKW63xGxMFWXGFpWd7y0fuwqt86pHqt5NrVIneRFFdIxO0Bny0AWqo2vUQE3E0CN6Rm/o3XlwnpwX5/UnWnDyP0foj5yPbwkKkBc=</latexit>

d ' 300
<latexit sha1_base64="CPJd7RsMFT+Z2OkcvQfYMXehVRg=">AAAB7nicbZDLSgMxFIbP1Futt6pLN8EiuCoZFXRZcOOygr1AO5RMeqYNzVyaZIQy9DV0JerOh/EFfBszdRba+q++nP8PnP/4iRTaUPrllNbWNza3ytuVnd29/YPq4VFbx6ni2OKxjFXXZxqliLBlhJHYTRSy0JfY8Se3ud95RKVFHD2YWYJeyEaRCARnxo68IelrEeKUXFJaGVRrtE4XIqvgFlCDQs1B9bM/jHkaYmS4ZFr3XJoYL2PKCC5xXumnGhPGJ2yEPYsRC1F72WLpOTkLYkXMGMni/TubsVDrWejbTMjMWC97+fA/r5ea4MbLRJSkBiNuI9YLUklMTPLuZCgUciNnFhhXwm5J+Jgpxo29UF7fXS67Cu2Lukvr7v1VrUGLQ5ThBE7hHFy4hgbcQRNawGEKz/AG707iPDkvzutPtOQUf47hj5yPb4rOjjs=</latexit><latexit sha1_base64="CPJd7RsMFT+Z2OkcvQfYMXehVRg=">AAAB7nicbZDLSgMxFIbP1Futt6pLN8EiuCoZFXRZcOOygr1AO5RMeqYNzVyaZIQy9DV0JerOh/EFfBszdRba+q++nP8PnP/4iRTaUPrllNbWNza3ytuVnd29/YPq4VFbx6ni2OKxjFXXZxqliLBlhJHYTRSy0JfY8Se3ud95RKVFHD2YWYJeyEaRCARnxo68IelrEeKUXFJaGVRrtE4XIqvgFlCDQs1B9bM/jHkaYmS4ZFr3XJoYL2PKCC5xXumnGhPGJ2yEPYsRC1F72WLpOTkLYkXMGMni/TubsVDrWejbTMjMWC97+fA/r5ea4MbLRJSkBiNuI9YLUklMTPLuZCgUciNnFhhXwm5J+Jgpxo29UF7fXS67Cu2Lukvr7v1VrUGLQ5ThBE7hHFy4hgbcQRNawGEKz/AG707iPDkvzutPtOQUf47hj5yPb4rOjjs=</latexit><latexit sha1_base64="CPJd7RsMFT+Z2OkcvQfYMXehVRg=">AAAB7nicbZDLSgMxFIbP1Futt6pLN8EiuCoZFXRZcOOygr1AO5RMeqYNzVyaZIQy9DV0JerOh/EFfBszdRba+q++nP8PnP/4iRTaUPrllNbWNza3ytuVnd29/YPq4VFbx6ni2OKxjFXXZxqliLBlhJHYTRSy0JfY8Se3ud95RKVFHD2YWYJeyEaRCARnxo68IelrEeKUXFJaGVRrtE4XIqvgFlCDQs1B9bM/jHkaYmS4ZFr3XJoYL2PKCC5xXumnGhPGJ2yEPYsRC1F72WLpOTkLYkXMGMni/TubsVDrWejbTMjMWC97+fA/r5ea4MbLRJSkBiNuI9YLUklMTPLuZCgUciNnFhhXwm5J+Jgpxo29UF7fXS67Cu2Lukvr7v1VrUGLQ5ThBE7hHFy4hgbcQRNawGEKz/AG707iPDkvzutPtOQUf47hj5yPb4rOjjs=</latexit><latexit sha1_base64="CPJd7RsMFT+Z2OkcvQfYMXehVRg=">AAAB7nicbZDLSgMxFIbP1Futt6pLN8EiuCoZFXRZcOOygr1AO5RMeqYNzVyaZIQy9DV0JerOh/EFfBszdRba+q++nP8PnP/4iRTaUPrllNbWNza3ytuVnd29/YPq4VFbx6ni2OKxjFXXZxqliLBlhJHYTRSy0JfY8Se3ud95RKVFHD2YWYJeyEaRCARnxo68IelrEeKUXFJaGVRrtE4XIqvgFlCDQs1B9bM/jHkaYmS4ZFr3XJoYL2PKCC5xXumnGhPGJ2yEPYsRC1F72WLpOTkLYkXMGMni/TubsVDrWejbTMjMWC97+fA/r5ea4MbLRJSkBiNuI9YLUklMTPLuZCgUciNnFhhXwm5J+Jgpxo29UF7fXS67Cu2Lukvr7v1VrUGLQ5ThBE7hHFy4hgbcQRNawGEKz/AG707iPDkvzutPtOQUf47hj5yPb4rOjjs=</latexit>
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Word analogies

Remarkable properties of word2vec’s word vectors 

regularities between words are encoded in the difference vectors  
e.g., there is a constant country-capital difference vector 

Mikolov et al. (2013b) 

14 

wking �wman +wwoman ' wqueen
wparis �wfrance +witaly ' wrome

weinstein �wscientist +wpainter ' wpicasso
whis �whe +wshe ' wher
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Unsupervised document embedding

Similar ideas can be applied to create fixed-size document

embeddings in an unsupervised way:

⇧ doc2vec: adds a vector representation of the document to

the word2vec algorithm

Prohibitive for production
[Le and Mikolov (2014)]

⇧ RNN based models: training to reconstruct surrounding

sentences in a text (cannot be applied to our case)

[Kiros et al (2015)]

⇧ Average over the word embeddings of the text

No order, all words are equally important

⇧ Term frequency-inverse document frequency (tf-idf)

weighted average over the word embeddings of the text

No order, fast in prediction
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Strategy

In order to attack the problem, we applied a

semi-supervised approach

I Create baseline model of similarity: tf-idf weighted

average of word embedding with cosine similarity

We can recycle the word embeddings used for other tasks

II Perform an experiment to label some of the sentences and

check the validity of the baseline model

Proposals acceptance ratio is significant

III Refine the document embedding using labeled data

(small dataset)
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Refinement

Subrogate classification problem to accommodate experts knowledge

Siamese network architecture to train NN refinying the embedding

Distance function measuring

the similarity (Loss)

Neural Network refining the

embedding

Input data: Baseline document

embeddings

Di↵erenciability needed to train through stochastic gradient descent.

Easily implemented in Automatic Di↵erentiation library (tensorflow).
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Refinement: NN

⇧ The siamese architecture is built to transform our

refinement problem into a classification one, where a loss

function can be defined

⇧ All learnable parameters are in the NN, which will

transform each document embedding into a refined one

⇧ We can use this step to reduce the dimension of the

embedding, this will help when looking for similar

documents in production (large corpus)

⇧ The architecture of the NN depends on the amount of

labeled data. We used a linear transformation, since

deeper networks quickly overfit
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Results

Ranking metrics:

⇧ Percentage of sentences correctly ranked :
Old 62%. New 69%.

⇧ Average gap between smallest similar and largest

non-similar cosine similarity:

Old 0.009. New 0.111.

David Gordo Gómez Learning the notion of similarity 12 / 15



Problem Layout Similarity of legal documents Our solution Conclusions Back-up Slides

Results

The cosine similarity is now better discriminating if two

sentences are similar or not.
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Conclusions

⇧ We proposed a method to compute document similarity

in a highly specific context

⇧ Can be applied without labeled data, and refined in an

iterative manner when data is collected

⇧ Plenty of freedom for the NN

⇧ General idea:

can be applied to problems with di↵erent kind of data

Future work:

⇧ Repeat the experiment and explore more complex NN

⇧ Interpretability, robustness.

This tools will assist in important decision making
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Language model

⇧ Determine the probability of a sentence s in a given

domain

P(s = w1 · · ·wn) =
n

’
k=1

P(wk |w1 · · ·wk�1)

⇧ In order to train a language model, you just need plain

text. Unsupervised

⇧ We can use the creation of a language model as a

secondary problem to train an useful mathematical

representation of words

⇧ Distributional hypothesis: ”You shall know a word by the

company it keeps”
[John R. Firth (1957)]
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Traditional approach: n-gram model

n-gram assumption (Markov): the probability of a word depends only on

the previous n � 1 words

Limitations:

⇧ Curse of dimensionality: n-gram model on a corpus of vocabulary

size V requires computing V n
probabilities.

⇧ Usually n ⇠ 10, V ⇠ 10K , 1M. You need a huge amount of data to

train it. More data ! larger V

⇧ Word similarity ignorance: the one-hot representation of the words

stores no information about their meaning

⇧ Sparse representation: computationally ine�cient
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Text representation: BoW

Common fixed-size vector representation of text:

Bag of Words (BoW) or Bag of n-grams

[Harris (1954)]

⇧ Word order is lost, it only counts the occurrences of each word in

the text

⇧ Bag of n-grams considers short-order context, but su↵ers from

sparsity and high dimensionality

⇧ No sense about semantics or distance between words

���� &/$0%*/( $"5&(03*$"- '&"563&4 ��

x = (0, ...., 0, 1, 0, ...., 0, 1, 0 ..... 0, 1, 0, .... , 0 , 1, 0 ,0, 1, 0, .... , 0, 0, 0 , .... , 0)

w=dog w=chair&pt=DET

w=dog&pw=the

w=dog&pt=DET
pt=DET

pt=NOUN
pw=the

x = (0.26, 0.25, -0.39, -0.07, 0.13, -0.17) (-0.43, -0.37, -0.12, 0.13, -0.11, 0.34) (-0.04, 0.50, 0.04, 0.44)

(-0.37, -0.23, 0.33, 0.38, -0.02, -0.37)
(-0.21, -0.11, -0.10, 0.07, 0.37, 0.15)
(0.26, 0.25, -0.39, -0.07, 0.13, -0.17)
           …
           …
(-0.43, -0.37, -0.12, 0.13, -0.11, 0.34)
           …
           …
(-0.32, 0.43, -0.14, 0.50, -0.13, -0.42)
           …
           …
(0.06, -0.21, -0.38, -0.28, -0.16, -0.44)
           …

chair
on

dog

the

mouth

gone

NOUN
VERB

DET
ADJ

PREP

ADV

(0.16, 0.03, -0.17, -0.13)

(0.41, 0.08, 0.44, 0.02)

 …

 …

(-0.04, 0.50, 0.04, 0.44)

(-0.01, -0.35, -0.27, 0.20)

(-0.26, 0.28, -0.34, -0.02)

 …

 …

(0.02, -0.17, 0.46, -0.08)

 …

Word Embeddings

POS Embeddings

(a)

(b)

'JHVSF���� 4QBSTF WT� EFOTF GFBUVSF SFQSFTFOUBUJPOT� 5XP FODPEJOHT PG UIF JOGPSNBUJPO� DVSSFOUXPSE
JT iEPH�w QSFWJPVT XPSE JT iUIF�w QSFWJPVT QPT�UBH JT i%&5�w 	B
 4QBSTF GFBUVSF WFDUPS� &BDI EJNFOTJPO
SFQSFTFOUT B GFBUVSF� 'FBUVSF DPNCJOBUJPOT SFDFJWF UIFJS PXO EJNFOTJPOT� 'FBUVSF WBMVFT BSF CJOBSZ�
%JNFOTJPOBMJUZ JT WFSZ IJHI� 	C
 %FOTF
 FNCFEEJOHT�CBTFE GFBUVSF WFDUPS� &BDI DPSF GFBUVSF JT SFQSF�
TFOUFE BT B WFDUPS� &BDI GFBUVSF DPSSFTQPOET UP TFWFSBM JOQVU WFDUPS FOUSJFT� /P FYQMJDJU FODPEJOH PG
GFBUVSF DPNCJOBUJPOT� %JNFOTJPOBMJUZ JT MPX� ɩF GFBUVSF�UP�WFDUPS NBQQJOHT DPNF GSPN BO FNCFE�
EJOH UBCMF�

0OF )PU &BDI GFBUVSF JT JUT PXO EJNFOTJPO�
t %JNFOTJPOBMJUZ PG POF�IPU WFDUPS JT TBNF BT OVNCFS PG EJTUJODU GFBUVSFT�
t 'FBUVSFT BSF DPNQMFUFMZ JOEFQFOEFOU GSPN POF BOPUIFS� ɩF GFBUVSF iXPSE JT AEPH� w JT

BT EJTTJNJMBS UP iXPSE JT AUIJOLJOH� w UIBO JU JT UP iXPSE JT ADBU� w�

)

italy dog jumped
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Distributed representations

Distributed representations or Word embeddings are word representations

obtained from neural network based language models.

[Bengio (2001)]

⇧ We have a mapping transform each wi 2 V ! Rd

⇧ Each word is represented as a dense vector.

⇧ They encode a similarity concept (topology)

⇧ Computationally e�cient

⇧ Main advantage: Generalization power

���� &/$0%*/( $"5&(03*$"- '&"563&4 ��

x = (0, ...., 0, 1, 0, ...., 0, 1, 0 ..... 0, 1, 0, .... , 0 , 1, 0 ,0, 1, 0, .... , 0, 0, 0 , .... , 0)

w=dog w=chair&pt=DET

w=dog&pw=the

w=dog&pt=DET
pt=DET

pt=NOUN
pw=the

x = (0.26, 0.25, -0.39, -0.07, 0.13, -0.17) (-0.43, -0.37, -0.12, 0.13, -0.11, 0.34) (-0.04, 0.50, 0.04, 0.44)

(-0.37, -0.23, 0.33, 0.38, -0.02, -0.37)
(-0.21, -0.11, -0.10, 0.07, 0.37, 0.15)
(0.26, 0.25, -0.39, -0.07, 0.13, -0.17)
           …
           …
(-0.43, -0.37, -0.12, 0.13, -0.11, 0.34)
           …
           …
(-0.32, 0.43, -0.14, 0.50, -0.13, -0.42)
           …
           …
(0.06, -0.21, -0.38, -0.28, -0.16, -0.44)
           …

chair
on

dog

the

mouth

gone

NOUN
VERB

DET
ADJ

PREP

ADV

(0.16, 0.03, -0.17, -0.13)

(0.41, 0.08, 0.44, 0.02)

 …

 …

(-0.04, 0.50, 0.04, 0.44)

(-0.01, -0.35, -0.27, 0.20)

(-0.26, 0.28, -0.34, -0.02)

 …

 …

(0.02, -0.17, 0.46, -0.08)

 …

Word Embeddings

POS Embeddings

(a)

(b)

'JHVSF���� 4QBSTF WT� EFOTF GFBUVSF SFQSFTFOUBUJPOT� 5XP FODPEJOHT PG UIF JOGPSNBUJPO� DVSSFOUXPSE
JT iEPH�w QSFWJPVT XPSE JT iUIF�w QSFWJPVT QPT�UBH JT i%&5�w 	B
 4QBSTF GFBUVSF WFDUPS� &BDI EJNFOTJPO
SFQSFTFOUT B GFBUVSF� 'FBUVSF DPNCJOBUJPOT SFDFJWF UIFJS PXO EJNFOTJPOT� 'FBUVSF WBMVFT BSF CJOBSZ�
%JNFOTJPOBMJUZ JT WFSZ IJHI� 	C
 %FOTF
 FNCFEEJOHT�CBTFE GFBUVSF WFDUPS� &BDI DPSF GFBUVSF JT SFQSF�
TFOUFE BT B WFDUPS� &BDI GFBUVSF DPSSFTQPOET UP TFWFSBM JOQVU WFDUPS FOUSJFT� /P FYQMJDJU FODPEJOH PG
GFBUVSF DPNCJOBUJPOT� %JNFOTJPOBMJUZ JT MPX� ɩF GFBUVSF�UP�WFDUPS NBQQJOHT DPNF GSPN BO FNCFE�
EJOH UBCMF�

0OF )PU &BDI GFBUVSF JT JUT PXO EJNFOTJPO�
t %JNFOTJPOBMJUZ PG POF�IPU WFDUPS JT TBNF BT OVNCFS PG EJTUJODU GFBUVSFT�
t 'FBUVSFT BSF DPNQMFUFMZ JOEFQFOEFOU GSPN POF BOPUIFS� ɩF GFBUVSF iXPSE JT AEPH� w JT

BT EJTTJNJMBS UP iXPSE JT AUIJOLJOH� w UIBO JU JT UP iXPSE JT ADBU� w�

)

italy dog jumped

dog = ( 0 , … , 1 , …, 0 ) dog = ( 0.12 , … , -0.32 )

V d << V
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Representing words: word embeddings

A frequently used word embedding algorithm is word2vec

[Mikolov et al. (2013)]

⇧ Simple network (linear transformation) to improve

e�ciency

⇧ Faster training allows to use larger datasets

⇧ Quality of word representations improves significantly

with more training data

⇧ Context both from previous and next words (window)

⇧ Similarity metric given by cosine similarity

⇧ The resulting representations contain surprisingly a lot of

syntactic and semantic information (word analogies)

⇧ Other proposals: Glove, FastText (character n-grams), ...
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word2vec: Training

Two algorithms for learning word vectors:

Continuous Bag of Words (CBOW)

Predict word given its context

Skip-gram

Predict context given a word
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Results
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