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Outline

q Aspect-based Sentiment Analysis

q Weakly-Supervised Aspect-Based Sentiment Analysis via Joint Aspect-
Sentiment Topic Embedding [EMNLP’20]

q Text Summarization

q Taxonomy Construction

q Summary & Future Directions
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Aspect-based Sentiment Analysis 
q Task definition

q Given an opinionated document about a target entity (e.g., a laptop, a restaurant or 
a hotel), the goal is to identify the opinion tuple of <aspect, sentiment> of the 
document

q Most previous studies deal with the tasks of aspect extraction and sentiment 
polarity classification individually or sequentially

q Other methods jointly solve these two sub-tasks by first separating target words 
from opinion words and then learning joint topic distributions over words
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Motivation
q Sample Reviews

q Pure aspect words are in red, and general opinion words are in blue

q Words implying both aspects and opinions (which we define as joint topics) 
are underlined and in purple

q S1: general aspect, opinion words

q S2 and S3: Target is not explicitly addressed. Fine-grained words are used to imply 
both aspect and polarity



5

Joint “Sentiment-Aspect” topic

q If the semantics of each joint topic of <sentiment, aspect> can be automatically 
captured, machines will be able to identify representative terms of the joint topics 
such as “semi-private” for <good, ambience>

q Thus, it will benefit both aspect extraction and sentiment classification

q Our general idea is to learn and regularize the joint topics in the embedding space 
to enhance both tasks
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Our Framework
q Weakly-Supervised Aspect-Based Sentiment Analysis via Joint Aspect-Sentiment Topic 

Embedding [EMNLP'20]

q Step 1: Leverage the in-domain training corpus and user-given keywords to learn 
joint topic representation in the word embedding space

q Step 2: Embedding-based prediction on unlabeled data are then leveraged by 
neural models for pre-training and self-training
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Joint-Topic Representation Learning 

  Mermaid Inn is an overall  good  restaurant with really good seafood. d:
<latexit sha1_base64="6tH42YNGcgwY/BkKX8ffSfKX0dM=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LLaCp5L0ongqevFYwX5AG8pms2mX7m7C7kYooX/BiwdFvPqHvPlv3LQ5aOuDgcd7M8zMCxLOtHHdb6e0sbm1vVPereztHxweVY9PujpOFaEdEvNY9QOsKWeSdgwznPYTRbEIOO0F07vc7z1RpVksH80sob7AY8kiRrDJpXpYvxlVa27DXQCtE68gNSjQHlW/hmFMUkGlIRxrPfDcxPgZVoYRTueVYappgskUj+nAUokF1X62uHWOLqwSoihWtqRBC/X3RIaF1jMR2E6BzUSvern4nzdITXTtZ0wmqaGSLBdFKUcmRvnjKGSKEsNnlmCimL0VkQlWmBgbT8WG4K2+vE66zYbnNryHZq11W8RRhjM4h0vw4ApacA9t6ACBCTzDK7w5wnlx3p2PZWvJKWZO4Q+czx/8ao2G</latexit><latexit sha1_base64="6tH42YNGcgwY/BkKX8ffSfKX0dM=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LLaCp5L0ongqevFYwX5AG8pms2mX7m7C7kYooX/BiwdFvPqHvPlv3LQ5aOuDgcd7M8zMCxLOtHHdb6e0sbm1vVPereztHxweVY9PujpOFaEdEvNY9QOsKWeSdgwznPYTRbEIOO0F07vc7z1RpVksH80sob7AY8kiRrDJpXpYvxlVa27DXQCtE68gNSjQHlW/hmFMUkGlIRxrPfDcxPgZVoYRTueVYappgskUj+nAUokF1X62uHWOLqwSoihWtqRBC/X3RIaF1jMR2E6BzUSvern4nzdITXTtZ0wmqaGSLBdFKUcmRvnjKGSKEsNnlmCimL0VkQlWmBgbT8WG4K2+vE66zYbnNryHZq11W8RRhjM4h0vw4ApacA9t6ACBCTzDK7w5wnlx3p2PZWvJKWZO4Q+czx/8ao2G</latexit><latexit sha1_base64="6tH42YNGcgwY/BkKX8ffSfKX0dM=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LLaCp5L0ongqevFYwX5AG8pms2mX7m7C7kYooX/BiwdFvPqHvPlv3LQ5aOuDgcd7M8zMCxLOtHHdb6e0sbm1vVPereztHxweVY9PujpOFaEdEvNY9QOsKWeSdgwznPYTRbEIOO0F07vc7z1RpVksH80sob7AY8kiRrDJpXpYvxlVa27DXQCtE68gNSjQHlW/hmFMUkGlIRxrPfDcxPgZVoYRTueVYappgskUj+nAUokF1X62uHWOLqwSoihWtqRBC/X3RIaF1jMR2E6BzUSvern4nzdITXTtZ0wmqaGSLBdFKUcmRvnjKGSKEsNnlmCimL0VkQlWmBgbT8WG4K2+vE66zYbnNryHZq11W8RRhjM4h0vw4ApacA9t6ACBCTzDK7w5wnlx3p2PZWvJKWZO4Q+czx/8ao2G</latexit><latexit sha1_base64="6tH42YNGcgwY/BkKX8ffSfKX0dM=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LLaCp5L0ongqevFYwX5AG8pms2mX7m7C7kYooX/BiwdFvPqHvPlv3LQ5aOuDgcd7M8zMCxLOtHHdb6e0sbm1vVPereztHxweVY9PujpOFaEdEvNY9QOsKWeSdgwznPYTRbEIOO0F07vc7z1RpVksH80sob7AY8kiRrDJpXpYvxlVa27DXQCtE68gNSjQHlW/hmFMUkGlIRxrPfDcxPgZVoYRTueVYappgskUj+nAUokF1X62uHWOLqwSoihWtqRBC/X3RIaF1jMR2E6BzUSvern4nzdITXTtZ0wmqaGSLBdFKUcmRvnjKGSKEsNnlmCimL0VkQlWmBgbT8WG4K2+vE66zYbnNryHZq11W8RRhjM4h0vw4ApacA9t6ACBCTzDK7w5wnlx3p2PZWvJKWZO4Q+czx/8ao2G</latexit>

center word local contextglobal context topic

good good, food good, ambience good, service=<latexit sha1_base64="DmNMk2YXYyTv+zN0rWXYwO/YuLg=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0ItQ9OKxBfsBbSib7aRdu9mE3Y1QQn+BFw+KePUnefPfuG1z0NYHA4/3ZpiZFySCa+O6305hbX1jc6u4XdrZ3ds/KB8etXScKoZNFotYdQKqUXCJTcONwE6ikEaBwHYwvpv57SdUmsfywUwS9CM6lDzkjBorNW765Ypbdecgq8TLSQVy1Pvlr94gZmmE0jBBte56bmL8jCrDmcBpqZdqTCgb0yF2LZU0Qu1n80On5MwqAxLGypY0ZK7+nshopPUkCmxnRM1IL3sz8T+vm5rw2s+4TFKDki0WhakgJiazr8mAK2RGTCyhTHF7K2EjqigzNpuSDcFbfnmVtC6qnlv1GpeV2m0eRxFO4BTOwYMrqME91KEJDBCe4RXenEfnxXl3PhatBSefOYY/cD5/AIzNjME=</latexit><latexit sha1_base64="DmNMk2YXYyTv+zN0rWXYwO/YuLg=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0ItQ9OKxBfsBbSib7aRdu9mE3Y1QQn+BFw+KePUnefPfuG1z0NYHA4/3ZpiZFySCa+O6305hbX1jc6u4XdrZ3ds/KB8etXScKoZNFotYdQKqUXCJTcONwE6ikEaBwHYwvpv57SdUmsfywUwS9CM6lDzkjBorNW765Ypbdecgq8TLSQVy1Pvlr94gZmmE0jBBte56bmL8jCrDmcBpqZdqTCgb0yF2LZU0Qu1n80On5MwqAxLGypY0ZK7+nshopPUkCmxnRM1IL3sz8T+vm5rw2s+4TFKDki0WhakgJiazr8mAK2RGTCyhTHF7K2EjqigzNpuSDcFbfnmVtC6qnlv1GpeV2m0eRxFO4BTOwYMrqME91KEJDBCe4RXenEfnxXl3PhatBSefOYY/cD5/AIzNjME=</latexit><latexit sha1_base64="DmNMk2YXYyTv+zN0rWXYwO/YuLg=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0ItQ9OKxBfsBbSib7aRdu9mE3Y1QQn+BFw+KePUnefPfuG1z0NYHA4/3ZpiZFySCa+O6305hbX1jc6u4XdrZ3ds/KB8etXScKoZNFotYdQKqUXCJTcONwE6ikEaBwHYwvpv57SdUmsfywUwS9CM6lDzkjBorNW765Ypbdecgq8TLSQVy1Pvlr94gZmmE0jBBte56bmL8jCrDmcBpqZdqTCgb0yF2LZU0Qu1n80On5MwqAxLGypY0ZK7+nshopPUkCmxnRM1IL3sz8T+vm5rw2s+4TFKDki0WhakgJiazr8mAK2RGTCyhTHF7K2EjqigzNpuSDcFbfnmVtC6qnlv1GpeV2m0eRxFO4BTOwYMrqME91KEJDBCe4RXenEfnxXl3PhatBSefOYY/cD5/AIzNjME=</latexit><latexit sha1_base64="DmNMk2YXYyTv+zN0rWXYwO/YuLg=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0ItQ9OKxBfsBbSib7aRdu9mE3Y1QQn+BFw+KePUnefPfuG1z0NYHA4/3ZpiZFySCa+O6305hbX1jc6u4XdrZ3ds/KB8etXScKoZNFotYdQKqUXCJTcONwE6ikEaBwHYwvpv57SdUmsfywUwS9CM6lDzkjBorNW765Ypbdecgq8TLSQVy1Pvlr94gZmmE0jBBte56bmL8jCrDmcBpqZdqTCgb0yF2LZU0Qu1n80On5MwqAxLGypY0ZK7+nshopPUkCmxnRM1IL3sz8T+vm5rw2s+4TFKDki0WhakgJiazr8mAK2RGTCyhTHF7K2EjqigzNpuSDcFbfnmVtC6qnlv1GpeV2m0eRxFO4BTOwYMrqME91KEJDBCe4RXenEfnxXl3PhatBSefOYY/cD5/AIzNjME=</latexit>

+
<latexit sha1_base64="aWOcHJrcbrsxJSLO3n80z068CGE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh6LXjy2YD+gDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjlo5TxbDJYhGrTkA1Ci6xabgR2EkU0igQ2A7GdzO//YRK81g+mEmCfkSHkoecUWOlxkW/XHGr7hxklXg5qUCOer/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxPe+BmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S1mXVc6te46pSu83jKMIJnMI5eHANNbiHOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPcYWMrw==</latexit><latexit sha1_base64="aWOcHJrcbrsxJSLO3n80z068CGE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh6LXjy2YD+gDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjlo5TxbDJYhGrTkA1Ci6xabgR2EkU0igQ2A7GdzO//YRK81g+mEmCfkSHkoecUWOlxkW/XHGr7hxklXg5qUCOer/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxPe+BmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S1mXVc6te46pSu83jKMIJnMI5eHANNbiHOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPcYWMrw==</latexit><latexit sha1_base64="aWOcHJrcbrsxJSLO3n80z068CGE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh6LXjy2YD+gDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjlo5TxbDJYhGrTkA1Ci6xabgR2EkU0igQ2A7GdzO//YRK81g+mEmCfkSHkoecUWOlxkW/XHGr7hxklXg5qUCOer/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxPe+BmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S1mXVc6te46pSu83jKMIJnMI5eHANNbiHOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPcYWMrw==</latexit><latexit sha1_base64="aWOcHJrcbrsxJSLO3n80z068CGE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh6LXjy2YD+gDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjlo5TxbDJYhGrTkA1Ci6xabgR2EkU0igQ2A7GdzO//YRK81g+mEmCfkSHkoecUWOlxkW/XHGr7hxklXg5qUCOer/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxPe+BmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S1mXVc6te46pSu83jKMIJnMI5eHANNbiHOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPcYWMrw==</latexit>

+
<latexit sha1_base64="aWOcHJrcbrsxJSLO3n80z068CGE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh6LXjy2YD+gDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjlo5TxbDJYhGrTkA1Ci6xabgR2EkU0igQ2A7GdzO//YRK81g+mEmCfkSHkoecUWOlxkW/XHGr7hxklXg5qUCOer/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxPe+BmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S1mXVc6te46pSu83jKMIJnMI5eHANNbiHOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPcYWMrw==</latexit><latexit sha1_base64="aWOcHJrcbrsxJSLO3n80z068CGE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh6LXjy2YD+gDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjlo5TxbDJYhGrTkA1Ci6xabgR2EkU0igQ2A7GdzO//YRK81g+mEmCfkSHkoecUWOlxkW/XHGr7hxklXg5qUCOer/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxPe+BmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S1mXVc6te46pSu83jKMIJnMI5eHANNbiHOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPcYWMrw==</latexit><latexit sha1_base64="aWOcHJrcbrsxJSLO3n80z068CGE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh6LXjy2YD+gDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjlo5TxbDJYhGrTkA1Ci6xabgR2EkU0igQ2A7GdzO//YRK81g+mEmCfkSHkoecUWOlxkW/XHGr7hxklXg5qUCOer/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxPe+BmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S1mXVc6te46pSu83jKMIJnMI5eHANNbiHOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPcYWMrw==</latexit><latexit sha1_base64="aWOcHJrcbrsxJSLO3n80z068CGE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh6LXjy2YD+gDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjlo5TxbDJYhGrTkA1Ci6xabgR2EkU0igQ2A7GdzO//YRK81g+mEmCfkSHkoecUWOlxkW/XHGr7hxklXg5qUCOer/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxPe+BmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S1mXVc6te46pSu83jKMIJnMI5eHANNbiHOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPcYWMrw==</latexit>

food good, food bad, food=<latexit sha1_base64="DmNMk2YXYyTv+zN0rWXYwO/YuLg=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0ItQ9OKxBfsBbSib7aRdu9mE3Y1QQn+BFw+KePUnefPfuG1z0NYHA4/3ZpiZFySCa+O6305hbX1jc6u4XdrZ3ds/KB8etXScKoZNFotYdQKqUXCJTcONwE6ikEaBwHYwvpv57SdUmsfywUwS9CM6lDzkjBorNW765Ypbdecgq8TLSQVy1Pvlr94gZmmE0jBBte56bmL8jCrDmcBpqZdqTCgb0yF2LZU0Qu1n80On5MwqAxLGypY0ZK7+nshopPUkCmxnRM1IL3sz8T+vm5rw2s+4TFKDki0WhakgJiazr8mAK2RGTCyhTHF7K2EjqigzNpuSDcFbfnmVtC6qnlv1GpeV2m0eRxFO4BTOwYMrqME91KEJDBCe4RXenEfnxXl3PhatBSefOYY/cD5/AIzNjME=</latexit><latexit sha1_base64="DmNMk2YXYyTv+zN0rWXYwO/YuLg=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0ItQ9OKxBfsBbSib7aRdu9mE3Y1QQn+BFw+KePUnefPfuG1z0NYHA4/3ZpiZFySCa+O6305hbX1jc6u4XdrZ3ds/KB8etXScKoZNFotYdQKqUXCJTcONwE6ikEaBwHYwvpv57SdUmsfywUwS9CM6lDzkjBorNW765Ypbdecgq8TLSQVy1Pvlr94gZmmE0jBBte56bmL8jCrDmcBpqZdqTCgb0yF2LZU0Qu1n80On5MwqAxLGypY0ZK7+nshopPUkCmxnRM1IL3sz8T+vm5rw2s+4TFKDki0WhakgJiazr8mAK2RGTCyhTHF7K2EjqigzNpuSDcFbfnmVtC6qnlv1GpeV2m0eRxFO4BTOwYMrqME91KEJDBCe4RXenEfnxXl3PhatBSefOYY/cD5/AIzNjME=</latexit><latexit sha1_base64="DmNMk2YXYyTv+zN0rWXYwO/YuLg=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0ItQ9OKxBfsBbSib7aRdu9mE3Y1QQn+BFw+KePUnefPfuG1z0NYHA4/3ZpiZFySCa+O6305hbX1jc6u4XdrZ3ds/KB8etXScKoZNFotYdQKqUXCJTcONwE6ikEaBwHYwvpv57SdUmsfywUwS9CM6lDzkjBorNW765Ypbdecgq8TLSQVy1Pvlr94gZmmE0jBBte56bmL8jCrDmcBpqZdqTCgb0yF2LZU0Qu1n80On5MwqAxLGypY0ZK7+nshopPUkCmxnRM1IL3sz8T+vm5rw2s+4TFKDki0WhakgJiazr8mAK2RGTCyhTHF7K2EjqigzNpuSDcFbfnmVtC6qnlv1GpeV2m0eRxFO4BTOwYMrqME91KEJDBCe4RXenEfnxXl3PhatBSefOYY/cD5/AIzNjME=</latexit><latexit sha1_base64="DmNMk2YXYyTv+zN0rWXYwO/YuLg=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0ItQ9OKxBfsBbSib7aRdu9mE3Y1QQn+BFw+KePUnefPfuG1z0NYHA4/3ZpiZFySCa+O6305hbX1jc6u4XdrZ3ds/KB8etXScKoZNFotYdQKqUXCJTcONwE6ikEaBwHYwvpv57SdUmsfywUwS9CM6lDzkjBorNW765Ypbdecgq8TLSQVy1Pvlr94gZmmE0jBBte56bmL8jCrDmcBpqZdqTCgb0yF2LZU0Qu1n80On5MwqAxLGypY0ZK7+nshopPUkCmxnRM1IL3sz8T+vm5rw2s+4TFKDki0WhakgJiazr8mAK2RGTCyhTHF7K2EjqigzNpuSDcFbfnmVtC6qnlv1GpeV2m0eRxFO4BTOwYMrqME91KEJDBCe4RXenEfnxXl3PhatBSefOYY/cD5/AIzNjME=</latexit>

+
<latexit sha1_base64="aWOcHJrcbrsxJSLO3n80z068CGE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh6LXjy2YD+gDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjlo5TxbDJYhGrTkA1Ci6xabgR2EkU0igQ2A7GdzO//YRK81g+mEmCfkSHkoecUWOlxkW/XHGr7hxklXg5qUCOer/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxPe+BmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S1mXVc6te46pSu83jKMIJnMI5eHANNbiHOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPcYWMrw==</latexit><latexit sha1_base64="aWOcHJrcbrsxJSLO3n80z068CGE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh6LXjy2YD+gDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjlo5TxbDJYhGrTkA1Ci6xabgR2EkU0igQ2A7GdzO//YRK81g+mEmCfkSHkoecUWOlxkW/XHGr7hxklXg5qUCOer/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxPe+BmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S1mXVc6te46pSu83jKMIJnMI5eHANNbiHOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPcYWMrw==</latexit><latexit sha1_base64="aWOcHJrcbrsxJSLO3n80z068CGE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh6LXjy2YD+gDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjlo5TxbDJYhGrTkA1Ci6xabgR2EkU0igQ2A7GdzO//YRK81g+mEmCfkSHkoecUWOlxkW/XHGr7hxklXg5qUCOer/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxPe+BmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S1mXVc6te46pSu83jKMIJnMI5eHANNbiHOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPcYWMrw==</latexit><latexit sha1_base64="aWOcHJrcbrsxJSLO3n80z068CGE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh6LXjy2YD+gDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjlo5TxbDJYhGrTkA1Ci6xabgR2EkU0igQ2A7GdzO//YRK81g+mEmCfkSHkoecUWOlxkW/XHGr7hxklXg5qUCOer/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxPe+BmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S1mXVc6te46pSu83jKMIJnMI5eHANNbiHOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPcYWMrw==</latexit>

Topic
Distribution

P (wj |wi)
<latexit sha1_base64="QXBgfKYjqHu2QvIidTXe19meLMs=">AAAB8XicbVBNS8NAEJ3Ur1q/qh69LBahXkoigh6LXjxGsB/YhrDZbtq1m03Y3VhK7L/w4kERr/4bb/4bt20O2vpg4PHeDDPzgoQzpW372yqsrK6tbxQ3S1vbO7t75f2DpopTSWiDxDyW7QArypmgDc00p+1EUhwFnLaC4fXUbz1SqVgs7vQ4oV6E+4KFjGBtpHu3OvIfnkY+O/XLFbtmz4CWiZOTCuRw/fJXtxeTNKJCE46V6jh2or0MS80Ip5NSN1U0wWSI+7RjqMARVV42u3iCTozSQ2EsTQmNZurviQxHSo2jwHRGWA/UojcV//M6qQ4vvYyJJNVUkPmiMOVIx2j6PuoxSYnmY0MwkczcisgAS0y0CalkQnAWX14mzbOaY9ec2/NK/SqPowhHcAxVcOAC6nADLjSAgIBneIU3S1kv1rv1MW8tWPnMIfyB9fkDBZeQeg==</latexit><latexit sha1_base64="QXBgfKYjqHu2QvIidTXe19meLMs=">AAAB8XicbVBNS8NAEJ3Ur1q/qh69LBahXkoigh6LXjxGsB/YhrDZbtq1m03Y3VhK7L/w4kERr/4bb/4bt20O2vpg4PHeDDPzgoQzpW372yqsrK6tbxQ3S1vbO7t75f2DpopTSWiDxDyW7QArypmgDc00p+1EUhwFnLaC4fXUbz1SqVgs7vQ4oV6E+4KFjGBtpHu3OvIfnkY+O/XLFbtmz4CWiZOTCuRw/fJXtxeTNKJCE46V6jh2or0MS80Ip5NSN1U0wWSI+7RjqMARVV42u3iCTozSQ2EsTQmNZurviQxHSo2jwHRGWA/UojcV//M6qQ4vvYyJJNVUkPmiMOVIx2j6PuoxSYnmY0MwkczcisgAS0y0CalkQnAWX14mzbOaY9ec2/NK/SqPowhHcAxVcOAC6nADLjSAgIBneIU3S1kv1rv1MW8tWPnMIfyB9fkDBZeQeg==</latexit><latexit sha1_base64="QXBgfKYjqHu2QvIidTXe19meLMs=">AAAB8XicbVBNS8NAEJ3Ur1q/qh69LBahXkoigh6LXjxGsB/YhrDZbtq1m03Y3VhK7L/w4kERr/4bb/4bt20O2vpg4PHeDDPzgoQzpW372yqsrK6tbxQ3S1vbO7t75f2DpopTSWiDxDyW7QArypmgDc00p+1EUhwFnLaC4fXUbz1SqVgs7vQ4oV6E+4KFjGBtpHu3OvIfnkY+O/XLFbtmz4CWiZOTCuRw/fJXtxeTNKJCE46V6jh2or0MS80Ip5NSN1U0wWSI+7RjqMARVV42u3iCTozSQ2EsTQmNZurviQxHSo2jwHRGWA/UojcV//M6qQ4vvYyJJNVUkPmiMOVIx2j6PuoxSYnmY0MwkczcisgAS0y0CalkQnAWX14mzbOaY9ec2/NK/SqPowhHcAxVcOAC6nADLjSAgIBneIU3S1kv1rv1MW8tWPnMIfyB9fkDBZeQeg==</latexit><latexit sha1_base64="QXBgfKYjqHu2QvIidTXe19meLMs=">AAAB8XicbVBNS8NAEJ3Ur1q/qh69LBahXkoigh6LXjxGsB/YhrDZbtq1m03Y3VhK7L/w4kERr/4bb/4bt20O2vpg4PHeDDPzgoQzpW372yqsrK6tbxQ3S1vbO7t75f2DpopTSWiDxDyW7QArypmgDc00p+1EUhwFnLaC4fXUbz1SqVgs7vQ4oV6E+4KFjGBtpHu3OvIfnkY+O/XLFbtmz4CWiZOTCuRw/fJXtxeTNKJCE46V6jh2or0MS80Ip5NSN1U0wWSI+7RjqMARVV42u3iCTozSQ2EsTQmNZurviQxHSo2jwHRGWA/UojcV//M6qQ4vvYyJJNVUkPmiMOVIx2j6PuoxSYnmY0MwkczcisgAS0y0CalkQnAWX14mzbOaY9ec2/NK/SqPowhHcAxVcOAC6nADLjSAgIBneIU3S1kv1rv1MW8tWPnMIfyB9fkDBZeQeg==</latexit>P (d|wi)

<latexit sha1_base64="FZ5y/MbHRvvDUWkuGCb4Dd89w6c=">AAAB73icbVBNSwMxEJ3Ur1q/qh69BItQL2VXBD0WvXisYD+gXUo2m21Ds9k1ySpl7Z/w4kERr/4db/4b03YP2vpg4PHeDDPz/ERwbRznGxVWVtfWN4qbpa3tnd298v5BS8epoqxJYxGrjk80E1yypuFGsE6iGIl8wdr+6Hrqtx+Y0jyWd2acMC8iA8lDTomxUqdRDZ4e+/y0X644NWcGvEzcnFQgR6Nf/uoFMU0jJg0VROuu6yTGy4gynAo2KfVSzRJCR2TAupZKEjHtZbN7J/jEKgEOY2VLGjxTf09kJNJ6HPm2MyJmqBe9qfif101NeOllXCapYZLOF4WpwCbG0+dxwBWjRowtIVRxeyumQ6IINTaikg3BXXx5mbTOaq5Tc2/PK/WrPI4iHMExVMGFC6jDDTSgCRQEPMMrvKF79ILe0ce8tYDymUP4A/T5A2eaj4o=</latexit><latexit sha1_base64="FZ5y/MbHRvvDUWkuGCb4Dd89w6c=">AAAB73icbVBNSwMxEJ3Ur1q/qh69BItQL2VXBD0WvXisYD+gXUo2m21Ds9k1ySpl7Z/w4kERr/4db/4b03YP2vpg4PHeDDPz/ERwbRznGxVWVtfWN4qbpa3tnd298v5BS8epoqxJYxGrjk80E1yypuFGsE6iGIl8wdr+6Hrqtx+Y0jyWd2acMC8iA8lDTomxUqdRDZ4e+/y0X644NWcGvEzcnFQgR6Nf/uoFMU0jJg0VROuu6yTGy4gynAo2KfVSzRJCR2TAupZKEjHtZbN7J/jEKgEOY2VLGjxTf09kJNJ6HPm2MyJmqBe9qfif101NeOllXCapYZLOF4WpwCbG0+dxwBWjRowtIVRxeyumQ6IINTaikg3BXXx5mbTOaq5Tc2/PK/WrPI4iHMExVMGFC6jDDTSgCRQEPMMrvKF79ILe0ce8tYDymUP4A/T5A2eaj4o=</latexit><latexit sha1_base64="FZ5y/MbHRvvDUWkuGCb4Dd89w6c=">AAAB73icbVBNSwMxEJ3Ur1q/qh69BItQL2VXBD0WvXisYD+gXUo2m21Ds9k1ySpl7Z/w4kERr/4db/4b03YP2vpg4PHeDDPz/ERwbRznGxVWVtfWN4qbpa3tnd298v5BS8epoqxJYxGrjk80E1yypuFGsE6iGIl8wdr+6Hrqtx+Y0jyWd2acMC8iA8lDTomxUqdRDZ4e+/y0X644NWcGvEzcnFQgR6Nf/uoFMU0jJg0VROuu6yTGy4gynAo2KfVSzRJCR2TAupZKEjHtZbN7J/jEKgEOY2VLGjxTf09kJNJ6HPm2MyJmqBe9qfif101NeOllXCapYZLOF4WpwCbG0+dxwBWjRowtIVRxeyumQ6IINTaikg3BXXx5mbTOaq5Tc2/PK/WrPI4iHMExVMGFC6jDDTSgCRQEPMMrvKF79ILe0ce8tYDymUP4A/T5A2eaj4o=</latexit><latexit sha1_base64="FZ5y/MbHRvvDUWkuGCb4Dd89w6c=">AAAB73icbVBNSwMxEJ3Ur1q/qh69BItQL2VXBD0WvXisYD+gXUo2m21Ds9k1ySpl7Z/w4kERr/4db/4b03YP2vpg4PHeDDPz/ERwbRznGxVWVtfWN4qbpa3tnd298v5BS8epoqxJYxGrjk80E1yypuFGsE6iGIl8wdr+6Hrqtx+Y0jyWd2acMC8iA8lDTomxUqdRDZ4e+/y0X644NWcGvEzcnFQgR6Nf/uoFMU0jJg0VROuu6yTGy4gynAo2KfVSzRJCR2TAupZKEjHtZbN7J/jEKgEOY2VLGjxTf09kJNJ6HPm2MyJmqBe9qfif101NeOllXCapYZLOF4WpwCbG0+dxwBWjRowtIVRxeyumQ6IINTaikg3BXXx5mbTOaq5Tc2/PK/WrPI4iHMExVMGFC6jDDTSgCRQEPMMrvKF79ILe0ce8tYDymUP4A/T5A2eaj4o=</latexit>

P (t|wi)
<latexit sha1_base64="hY+BT+hx1pZtAoXCNVJtKhNOHzw=">AAAB73icbVDLSgNBEOyNrxhfUY9eBoMQL2FXBD0GvXiMYB6QLGF2MpsMmZ1dZ3qVEPMTXjwo4tXf8ebfOEn2oIkFDUVVN91dQSKFQdf9dnIrq2vrG/nNwtb2zu5ecf+gYeJUM15nsYx1K6CGS6F4HQVK3ko0p1EgeTMYXk/95gPXRsTqDkcJ9yPaVyIUjKKVWrUyPj12xWm3WHIr7gxkmXgZKUGGWrf41enFLI24QiapMW3PTdAfU42CST4pdFLDE8qGtM/blioaceOPZ/dOyIlVeiSMtS2FZKb+nhjTyJhRFNjOiOLALHpT8T+vnWJ46Y+FSlLkis0XhakkGJPp86QnNGcoR5ZQpoW9lbAB1ZShjahgQ/AWX14mjbOK51a82/NS9SqLIw9HcAxl8OACqnADNagDAwnP8Apvzr3z4rw7H/PWnJPNHMIfOJ8/gCqPmg==</latexit><latexit sha1_base64="hY+BT+hx1pZtAoXCNVJtKhNOHzw=">AAAB73icbVDLSgNBEOyNrxhfUY9eBoMQL2FXBD0GvXiMYB6QLGF2MpsMmZ1dZ3qVEPMTXjwo4tXf8ebfOEn2oIkFDUVVN91dQSKFQdf9dnIrq2vrG/nNwtb2zu5ecf+gYeJUM15nsYx1K6CGS6F4HQVK3ko0p1EgeTMYXk/95gPXRsTqDkcJ9yPaVyIUjKKVWrUyPj12xWm3WHIr7gxkmXgZKUGGWrf41enFLI24QiapMW3PTdAfU42CST4pdFLDE8qGtM/blioaceOPZ/dOyIlVeiSMtS2FZKb+nhjTyJhRFNjOiOLALHpT8T+vnWJ46Y+FSlLkis0XhakkGJPp86QnNGcoR5ZQpoW9lbAB1ZShjahgQ/AWX14mjbOK51a82/NS9SqLIw9HcAxl8OACqnADNagDAwnP8Apvzr3z4rw7H/PWnJPNHMIfOJ8/gCqPmg==</latexit><latexit sha1_base64="hY+BT+hx1pZtAoXCNVJtKhNOHzw=">AAAB73icbVDLSgNBEOyNrxhfUY9eBoMQL2FXBD0GvXiMYB6QLGF2MpsMmZ1dZ3qVEPMTXjwo4tXf8ebfOEn2oIkFDUVVN91dQSKFQdf9dnIrq2vrG/nNwtb2zu5ecf+gYeJUM15nsYx1K6CGS6F4HQVK3ko0p1EgeTMYXk/95gPXRsTqDkcJ9yPaVyIUjKKVWrUyPj12xWm3WHIr7gxkmXgZKUGGWrf41enFLI24QiapMW3PTdAfU42CST4pdFLDE8qGtM/blioaceOPZ/dOyIlVeiSMtS2FZKb+nhjTyJhRFNjOiOLALHpT8T+vnWJ46Y+FSlLkis0XhakkGJPp86QnNGcoR5ZQpoW9lbAB1ZShjahgQ/AWX14mjbOK51a82/NS9SqLIw9HcAxl8OACqnADNagDAwnP8Apvzr3z4rw7H/PWnJPNHMIfOJ8/gCqPmg==</latexit><latexit sha1_base64="hY+BT+hx1pZtAoXCNVJtKhNOHzw=">AAAB73icbVDLSgNBEOyNrxhfUY9eBoMQL2FXBD0GvXiMYB6QLGF2MpsMmZ1dZ3qVEPMTXjwo4tXf8ebfOEn2oIkFDUVVN91dQSKFQdf9dnIrq2vrG/nNwtb2zu5ecf+gYeJUM15nsYx1K6CGS6F4HQVK3ko0p1EgeTMYXk/95gPXRsTqDkcJ9yPaVyIUjKKVWrUyPj12xWm3WHIr7gxkmXgZKUGGWrf41enFLI24QiapMW3PTdAfU42CST4pdFLDE8qGtM/blioaceOPZ/dOyIlVeiSMtS2FZKb+nhjTyJhRFNjOiOLALHpT8T+vnWJ46Y+FSlLkis0XhakkGJPp86QnNGcoR5ZQpoW9lbAB1ZShjahgQ/AWX14mjbOK51a82/NS9SqLIw9HcAxl8OACqnADNagDAwnP8Apvzr3z4rw7H/PWnJPNHMIfOJ8/gCqPmg==</latexit>

q Regularizing Pure Aspect/Sentiment Topics. We regularize the aspect topic embeddings 
𝑡! and sentiment topic embeddings 𝑡" so that different topics are pushed apart

q Marginal topic regularization:

q Words can be “classified” into topics based on embedding similarity

q User-provided keywords are used for initialization, and more keywords are expanded 
based on cosine similarity in each embedding training epoch
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Joint-Topic Representation Learning 

  Mermaid Inn is an overall  good  restaurant with really good seafood. d:
<latexit sha1_base64="6tH42YNGcgwY/BkKX8ffSfKX0dM=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LLaCp5L0ongqevFYwX5AG8pms2mX7m7C7kYooX/BiwdFvPqHvPlv3LQ5aOuDgcd7M8zMCxLOtHHdb6e0sbm1vVPereztHxweVY9PujpOFaEdEvNY9QOsKWeSdgwznPYTRbEIOO0F07vc7z1RpVksH80sob7AY8kiRrDJpXpYvxlVa27DXQCtE68gNSjQHlW/hmFMUkGlIRxrPfDcxPgZVoYRTueVYappgskUj+nAUokF1X62uHWOLqwSoihWtqRBC/X3RIaF1jMR2E6BzUSvern4nzdITXTtZ0wmqaGSLBdFKUcmRvnjKGSKEsNnlmCimL0VkQlWmBgbT8WG4K2+vE66zYbnNryHZq11W8RRhjM4h0vw4ApacA9t6ACBCTzDK7w5wnlx3p2PZWvJKWZO4Q+czx/8ao2G</latexit><latexit sha1_base64="6tH42YNGcgwY/BkKX8ffSfKX0dM=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LLaCp5L0ongqevFYwX5AG8pms2mX7m7C7kYooX/BiwdFvPqHvPlv3LQ5aOuDgcd7M8zMCxLOtHHdb6e0sbm1vVPereztHxweVY9PujpOFaEdEvNY9QOsKWeSdgwznPYTRbEIOO0F07vc7z1RpVksH80sob7AY8kiRrDJpXpYvxlVa27DXQCtE68gNSjQHlW/hmFMUkGlIRxrPfDcxPgZVoYRTueVYappgskUj+nAUokF1X62uHWOLqwSoihWtqRBC/X3RIaF1jMR2E6BzUSvern4nzdITXTtZ0wmqaGSLBdFKUcmRvnjKGSKEsNnlmCimL0VkQlWmBgbT8WG4K2+vE66zYbnNryHZq11W8RRhjM4h0vw4ApacA9t6ACBCTzDK7w5wnlx3p2PZWvJKWZO4Q+czx/8ao2G</latexit><latexit sha1_base64="6tH42YNGcgwY/BkKX8ffSfKX0dM=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LLaCp5L0ongqevFYwX5AG8pms2mX7m7C7kYooX/BiwdFvPqHvPlv3LQ5aOuDgcd7M8zMCxLOtHHdb6e0sbm1vVPereztHxweVY9PujpOFaEdEvNY9QOsKWeSdgwznPYTRbEIOO0F07vc7z1RpVksH80sob7AY8kiRrDJpXpYvxlVa27DXQCtE68gNSjQHlW/hmFMUkGlIRxrPfDcxPgZVoYRTueVYappgskUj+nAUokF1X62uHWOLqwSoihWtqRBC/X3RIaF1jMR2E6BzUSvern4nzdITXTtZ0wmqaGSLBdFKUcmRvnjKGSKEsNnlmCimL0VkQlWmBgbT8WG4K2+vE66zYbnNryHZq11W8RRhjM4h0vw4ApacA9t6ACBCTzDK7w5wnlx3p2PZWvJKWZO4Q+czx/8ao2G</latexit><latexit sha1_base64="6tH42YNGcgwY/BkKX8ffSfKX0dM=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LLaCp5L0ongqevFYwX5AG8pms2mX7m7C7kYooX/BiwdFvPqHvPlv3LQ5aOuDgcd7M8zMCxLOtHHdb6e0sbm1vVPereztHxweVY9PujpOFaEdEvNY9QOsKWeSdgwznPYTRbEIOO0F07vc7z1RpVksH80sob7AY8kiRrDJpXpYvxlVa27DXQCtE68gNSjQHlW/hmFMUkGlIRxrPfDcxPgZVoYRTueVYappgskUj+nAUokF1X62uHWOLqwSoihWtqRBC/X3RIaF1jMR2E6BzUSvern4nzdITXTtZ0wmqaGSLBdFKUcmRvnjKGSKEsNnlmCimL0VkQlWmBgbT8WG4K2+vE66zYbnNryHZq11W8RRhjM4h0vw4ApacA9t6ACBCTzDK7w5wnlx3p2PZWvJKWZO4Q+czx/8ao2G</latexit>

center word local contextglobal context topic

good good, food good, ambience good, service=<latexit sha1_base64="DmNMk2YXYyTv+zN0rWXYwO/YuLg=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0ItQ9OKxBfsBbSib7aRdu9mE3Y1QQn+BFw+KePUnefPfuG1z0NYHA4/3ZpiZFySCa+O6305hbX1jc6u4XdrZ3ds/KB8etXScKoZNFotYdQKqUXCJTcONwE6ikEaBwHYwvpv57SdUmsfywUwS9CM6lDzkjBorNW765Ypbdecgq8TLSQVy1Pvlr94gZmmE0jBBte56bmL8jCrDmcBpqZdqTCgb0yF2LZU0Qu1n80On5MwqAxLGypY0ZK7+nshopPUkCmxnRM1IL3sz8T+vm5rw2s+4TFKDki0WhakgJiazr8mAK2RGTCyhTHF7K2EjqigzNpuSDcFbfnmVtC6qnlv1GpeV2m0eRxFO4BTOwYMrqME91KEJDBCe4RXenEfnxXl3PhatBSefOYY/cD5/AIzNjME=</latexit><latexit sha1_base64="DmNMk2YXYyTv+zN0rWXYwO/YuLg=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0ItQ9OKxBfsBbSib7aRdu9mE3Y1QQn+BFw+KePUnefPfuG1z0NYHA4/3ZpiZFySCa+O6305hbX1jc6u4XdrZ3ds/KB8etXScKoZNFotYdQKqUXCJTcONwE6ikEaBwHYwvpv57SdUmsfywUwS9CM6lDzkjBorNW765Ypbdecgq8TLSQVy1Pvlr94gZmmE0jBBte56bmL8jCrDmcBpqZdqTCgb0yF2LZU0Qu1n80On5MwqAxLGypY0ZK7+nshopPUkCmxnRM1IL3sz8T+vm5rw2s+4TFKDki0WhakgJiazr8mAK2RGTCyhTHF7K2EjqigzNpuSDcFbfnmVtC6qnlv1GpeV2m0eRxFO4BTOwYMrqME91KEJDBCe4RXenEfnxXl3PhatBSefOYY/cD5/AIzNjME=</latexit><latexit sha1_base64="DmNMk2YXYyTv+zN0rWXYwO/YuLg=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0ItQ9OKxBfsBbSib7aRdu9mE3Y1QQn+BFw+KePUnefPfuG1z0NYHA4/3ZpiZFySCa+O6305hbX1jc6u4XdrZ3ds/KB8etXScKoZNFotYdQKqUXCJTcONwE6ikEaBwHYwvpv57SdUmsfywUwS9CM6lDzkjBorNW765Ypbdecgq8TLSQVy1Pvlr94gZmmE0jBBte56bmL8jCrDmcBpqZdqTCgb0yF2LZU0Qu1n80On5MwqAxLGypY0ZK7+nshopPUkCmxnRM1IL3sz8T+vm5rw2s+4TFKDki0WhakgJiazr8mAK2RGTCyhTHF7K2EjqigzNpuSDcFbfnmVtC6qnlv1GpeV2m0eRxFO4BTOwYMrqME91KEJDBCe4RXenEfnxXl3PhatBSefOYY/cD5/AIzNjME=</latexit><latexit sha1_base64="DmNMk2YXYyTv+zN0rWXYwO/YuLg=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0ItQ9OKxBfsBbSib7aRdu9mE3Y1QQn+BFw+KePUnefPfuG1z0NYHA4/3ZpiZFySCa+O6305hbX1jc6u4XdrZ3ds/KB8etXScKoZNFotYdQKqUXCJTcONwE6ikEaBwHYwvpv57SdUmsfywUwS9CM6lDzkjBorNW765Ypbdecgq8TLSQVy1Pvlr94gZmmE0jBBte56bmL8jCrDmcBpqZdqTCgb0yF2LZU0Qu1n80On5MwqAxLGypY0ZK7+nshopPUkCmxnRM1IL3sz8T+vm5rw2s+4TFKDki0WhakgJiazr8mAK2RGTCyhTHF7K2EjqigzNpuSDcFbfnmVtC6qnlv1GpeV2m0eRxFO4BTOwYMrqME91KEJDBCe4RXenEfnxXl3PhatBSefOYY/cD5/AIzNjME=</latexit>

+
<latexit sha1_base64="aWOcHJrcbrsxJSLO3n80z068CGE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh6LXjy2YD+gDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjlo5TxbDJYhGrTkA1Ci6xabgR2EkU0igQ2A7GdzO//YRK81g+mEmCfkSHkoecUWOlxkW/XHGr7hxklXg5qUCOer/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxPe+BmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S1mXVc6te46pSu83jKMIJnMI5eHANNbiHOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPcYWMrw==</latexit><latexit sha1_base64="aWOcHJrcbrsxJSLO3n80z068CGE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh6LXjy2YD+gDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjlo5TxbDJYhGrTkA1Ci6xabgR2EkU0igQ2A7GdzO//YRK81g+mEmCfkSHkoecUWOlxkW/XHGr7hxklXg5qUCOer/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxPe+BmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S1mXVc6te46pSu83jKMIJnMI5eHANNbiHOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPcYWMrw==</latexit><latexit sha1_base64="aWOcHJrcbrsxJSLO3n80z068CGE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh6LXjy2YD+gDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjlo5TxbDJYhGrTkA1Ci6xabgR2EkU0igQ2A7GdzO//YRK81g+mEmCfkSHkoecUWOlxkW/XHGr7hxklXg5qUCOer/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxPe+BmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S1mXVc6te46pSu83jKMIJnMI5eHANNbiHOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPcYWMrw==</latexit><latexit sha1_base64="aWOcHJrcbrsxJSLO3n80z068CGE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh6LXjy2YD+gDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjlo5TxbDJYhGrTkA1Ci6xabgR2EkU0igQ2A7GdzO//YRK81g+mEmCfkSHkoecUWOlxkW/XHGr7hxklXg5qUCOer/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxPe+BmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S1mXVc6te46pSu83jKMIJnMI5eHANNbiHOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPcYWMrw==</latexit>

+
<latexit sha1_base64="aWOcHJrcbrsxJSLO3n80z068CGE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh6LXjy2YD+gDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjlo5TxbDJYhGrTkA1Ci6xabgR2EkU0igQ2A7GdzO//YRK81g+mEmCfkSHkoecUWOlxkW/XHGr7hxklXg5qUCOer/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxPe+BmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S1mXVc6te46pSu83jKMIJnMI5eHANNbiHOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPcYWMrw==</latexit><latexit sha1_base64="aWOcHJrcbrsxJSLO3n80z068CGE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh6LXjy2YD+gDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjlo5TxbDJYhGrTkA1Ci6xabgR2EkU0igQ2A7GdzO//YRK81g+mEmCfkSHkoecUWOlxkW/XHGr7hxklXg5qUCOer/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxPe+BmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S1mXVc6te46pSu83jKMIJnMI5eHANNbiHOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPcYWMrw==</latexit><latexit sha1_base64="aWOcHJrcbrsxJSLO3n80z068CGE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh6LXjy2YD+gDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjlo5TxbDJYhGrTkA1Ci6xabgR2EkU0igQ2A7GdzO//YRK81g+mEmCfkSHkoecUWOlxkW/XHGr7hxklXg5qUCOer/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxPe+BmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S1mXVc6te46pSu83jKMIJnMI5eHANNbiHOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPcYWMrw==</latexit><latexit sha1_base64="aWOcHJrcbrsxJSLO3n80z068CGE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh6LXjy2YD+gDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjlo5TxbDJYhGrTkA1Ci6xabgR2EkU0igQ2A7GdzO//YRK81g+mEmCfkSHkoecUWOlxkW/XHGr7hxklXg5qUCOer/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxPe+BmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S1mXVc6te46pSu83jKMIJnMI5eHANNbiHOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPcYWMrw==</latexit>

food good, food bad, food=<latexit sha1_base64="DmNMk2YXYyTv+zN0rWXYwO/YuLg=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0ItQ9OKxBfsBbSib7aRdu9mE3Y1QQn+BFw+KePUnefPfuG1z0NYHA4/3ZpiZFySCa+O6305hbX1jc6u4XdrZ3ds/KB8etXScKoZNFotYdQKqUXCJTcONwE6ikEaBwHYwvpv57SdUmsfywUwS9CM6lDzkjBorNW765Ypbdecgq8TLSQVy1Pvlr94gZmmE0jBBte56bmL8jCrDmcBpqZdqTCgb0yF2LZU0Qu1n80On5MwqAxLGypY0ZK7+nshopPUkCmxnRM1IL3sz8T+vm5rw2s+4TFKDki0WhakgJiazr8mAK2RGTCyhTHF7K2EjqigzNpuSDcFbfnmVtC6qnlv1GpeV2m0eRxFO4BTOwYMrqME91KEJDBCe4RXenEfnxXl3PhatBSefOYY/cD5/AIzNjME=</latexit><latexit sha1_base64="DmNMk2YXYyTv+zN0rWXYwO/YuLg=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0ItQ9OKxBfsBbSib7aRdu9mE3Y1QQn+BFw+KePUnefPfuG1z0NYHA4/3ZpiZFySCa+O6305hbX1jc6u4XdrZ3ds/KB8etXScKoZNFotYdQKqUXCJTcONwE6ikEaBwHYwvpv57SdUmsfywUwS9CM6lDzkjBorNW765Ypbdecgq8TLSQVy1Pvlr94gZmmE0jBBte56bmL8jCrDmcBpqZdqTCgb0yF2LZU0Qu1n80On5MwqAxLGypY0ZK7+nshopPUkCmxnRM1IL3sz8T+vm5rw2s+4TFKDki0WhakgJiazr8mAK2RGTCyhTHF7K2EjqigzNpuSDcFbfnmVtC6qnlv1GpeV2m0eRxFO4BTOwYMrqME91KEJDBCe4RXenEfnxXl3PhatBSefOYY/cD5/AIzNjME=</latexit><latexit sha1_base64="DmNMk2YXYyTv+zN0rWXYwO/YuLg=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0ItQ9OKxBfsBbSib7aRdu9mE3Y1QQn+BFw+KePUnefPfuG1z0NYHA4/3ZpiZFySCa+O6305hbX1jc6u4XdrZ3ds/KB8etXScKoZNFotYdQKqUXCJTcONwE6ikEaBwHYwvpv57SdUmsfywUwS9CM6lDzkjBorNW765Ypbdecgq8TLSQVy1Pvlr94gZmmE0jBBte56bmL8jCrDmcBpqZdqTCgb0yF2LZU0Qu1n80On5MwqAxLGypY0ZK7+nshopPUkCmxnRM1IL3sz8T+vm5rw2s+4TFKDki0WhakgJiazr8mAK2RGTCyhTHF7K2EjqigzNpuSDcFbfnmVtC6qnlv1GpeV2m0eRxFO4BTOwYMrqME91KEJDBCe4RXenEfnxXl3PhatBSefOYY/cD5/AIzNjME=</latexit><latexit sha1_base64="DmNMk2YXYyTv+zN0rWXYwO/YuLg=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0ItQ9OKxBfsBbSib7aRdu9mE3Y1QQn+BFw+KePUnefPfuG1z0NYHA4/3ZpiZFySCa+O6305hbX1jc6u4XdrZ3ds/KB8etXScKoZNFotYdQKqUXCJTcONwE6ikEaBwHYwvpv57SdUmsfywUwS9CM6lDzkjBorNW765Ypbdecgq8TLSQVy1Pvlr94gZmmE0jBBte56bmL8jCrDmcBpqZdqTCgb0yF2LZU0Qu1n80On5MwqAxLGypY0ZK7+nshopPUkCmxnRM1IL3sz8T+vm5rw2s+4TFKDki0WhakgJiazr8mAK2RGTCyhTHF7K2EjqigzNpuSDcFbfnmVtC6qnlv1GpeV2m0eRxFO4BTOwYMrqME91KEJDBCe4RXenEfnxXl3PhatBSefOYY/cD5/AIzNjME=</latexit>

+
<latexit sha1_base64="aWOcHJrcbrsxJSLO3n80z068CGE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh6LXjy2YD+gDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjlo5TxbDJYhGrTkA1Ci6xabgR2EkU0igQ2A7GdzO//YRK81g+mEmCfkSHkoecUWOlxkW/XHGr7hxklXg5qUCOer/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxPe+BmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S1mXVc6te46pSu83jKMIJnMI5eHANNbiHOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPcYWMrw==</latexit><latexit sha1_base64="aWOcHJrcbrsxJSLO3n80z068CGE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh6LXjy2YD+gDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjlo5TxbDJYhGrTkA1Ci6xabgR2EkU0igQ2A7GdzO//YRK81g+mEmCfkSHkoecUWOlxkW/XHGr7hxklXg5qUCOer/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxPe+BmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S1mXVc6te46pSu83jKMIJnMI5eHANNbiHOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPcYWMrw==</latexit><latexit sha1_base64="aWOcHJrcbrsxJSLO3n80z068CGE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh6LXjy2YD+gDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjlo5TxbDJYhGrTkA1Ci6xabgR2EkU0igQ2A7GdzO//YRK81g+mEmCfkSHkoecUWOlxkW/XHGr7hxklXg5qUCOer/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxPe+BmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S1mXVc6te46pSu83jKMIJnMI5eHANNbiHOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPcYWMrw==</latexit><latexit sha1_base64="aWOcHJrcbrsxJSLO3n80z068CGE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh6LXjy2YD+gDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjlo5TxbDJYhGrTkA1Ci6xabgR2EkU0igQ2A7GdzO//YRK81g+mEmCfkSHkoecUWOlxkW/XHGr7hxklXg5qUCOer/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxPe+BmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S1mXVc6te46pSu83jKMIJnMI5eHANNbiHOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPcYWMrw==</latexit>

Topic
Distribution

P (wj |wi)
<latexit sha1_base64="QXBgfKYjqHu2QvIidTXe19meLMs=">AAAB8XicbVBNS8NAEJ3Ur1q/qh69LBahXkoigh6LXjxGsB/YhrDZbtq1m03Y3VhK7L/w4kERr/4bb/4bt20O2vpg4PHeDDPzgoQzpW372yqsrK6tbxQ3S1vbO7t75f2DpopTSWiDxDyW7QArypmgDc00p+1EUhwFnLaC4fXUbz1SqVgs7vQ4oV6E+4KFjGBtpHu3OvIfnkY+O/XLFbtmz4CWiZOTCuRw/fJXtxeTNKJCE46V6jh2or0MS80Ip5NSN1U0wWSI+7RjqMARVV42u3iCTozSQ2EsTQmNZurviQxHSo2jwHRGWA/UojcV//M6qQ4vvYyJJNVUkPmiMOVIx2j6PuoxSYnmY0MwkczcisgAS0y0CalkQnAWX14mzbOaY9ec2/NK/SqPowhHcAxVcOAC6nADLjSAgIBneIU3S1kv1rv1MW8tWPnMIfyB9fkDBZeQeg==</latexit><latexit sha1_base64="QXBgfKYjqHu2QvIidTXe19meLMs=">AAAB8XicbVBNS8NAEJ3Ur1q/qh69LBahXkoigh6LXjxGsB/YhrDZbtq1m03Y3VhK7L/w4kERr/4bb/4bt20O2vpg4PHeDDPzgoQzpW372yqsrK6tbxQ3S1vbO7t75f2DpopTSWiDxDyW7QArypmgDc00p+1EUhwFnLaC4fXUbz1SqVgs7vQ4oV6E+4KFjGBtpHu3OvIfnkY+O/XLFbtmz4CWiZOTCuRw/fJXtxeTNKJCE46V6jh2or0MS80Ip5NSN1U0wWSI+7RjqMARVV42u3iCTozSQ2EsTQmNZurviQxHSo2jwHRGWA/UojcV//M6qQ4vvYyJJNVUkPmiMOVIx2j6PuoxSYnmY0MwkczcisgAS0y0CalkQnAWX14mzbOaY9ec2/NK/SqPowhHcAxVcOAC6nADLjSAgIBneIU3S1kv1rv1MW8tWPnMIfyB9fkDBZeQeg==</latexit><latexit sha1_base64="QXBgfKYjqHu2QvIidTXe19meLMs=">AAAB8XicbVBNS8NAEJ3Ur1q/qh69LBahXkoigh6LXjxGsB/YhrDZbtq1m03Y3VhK7L/w4kERr/4bb/4bt20O2vpg4PHeDDPzgoQzpW372yqsrK6tbxQ3S1vbO7t75f2DpopTSWiDxDyW7QArypmgDc00p+1EUhwFnLaC4fXUbz1SqVgs7vQ4oV6E+4KFjGBtpHu3OvIfnkY+O/XLFbtmz4CWiZOTCuRw/fJXtxeTNKJCE46V6jh2or0MS80Ip5NSN1U0wWSI+7RjqMARVV42u3iCTozSQ2EsTQmNZurviQxHSo2jwHRGWA/UojcV//M6qQ4vvYyJJNVUkPmiMOVIx2j6PuoxSYnmY0MwkczcisgAS0y0CalkQnAWX14mzbOaY9ec2/NK/SqPowhHcAxVcOAC6nADLjSAgIBneIU3S1kv1rv1MW8tWPnMIfyB9fkDBZeQeg==</latexit><latexit sha1_base64="QXBgfKYjqHu2QvIidTXe19meLMs=">AAAB8XicbVBNS8NAEJ3Ur1q/qh69LBahXkoigh6LXjxGsB/YhrDZbtq1m03Y3VhK7L/w4kERr/4bb/4bt20O2vpg4PHeDDPzgoQzpW372yqsrK6tbxQ3S1vbO7t75f2DpopTSWiDxDyW7QArypmgDc00p+1EUhwFnLaC4fXUbz1SqVgs7vQ4oV6E+4KFjGBtpHu3OvIfnkY+O/XLFbtmz4CWiZOTCuRw/fJXtxeTNKJCE46V6jh2or0MS80Ip5NSN1U0wWSI+7RjqMARVV42u3iCTozSQ2EsTQmNZurviQxHSo2jwHRGWA/UojcV//M6qQ4vvYyJJNVUkPmiMOVIx2j6PuoxSYnmY0MwkczcisgAS0y0CalkQnAWX14mzbOaY9ec2/NK/SqPowhHcAxVcOAC6nADLjSAgIBneIU3S1kv1rv1MW8tWPnMIfyB9fkDBZeQeg==</latexit>P (d|wi)
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q Regularizing Joint <Sentiment, Aspect> Topics

q We connect the learning of joint topic embeddings with pure aspect/sentiment topics 
by exploring the relationship between marginal distribution and joint distribution

q To form the joint topic regularization objective, we can replace the probability term in 
the pure aspect/sentiment regularization objective with the sum of joint probability
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Representative Terms for Joint Topics 
q To evaluate the quality of the joint topic representation, we retrieve their 

representative terms by ranking the embedding cosine similarity between words 
and each joint topic vector

q Representative terms are not restricted to be adjectives, such as “vomit” in (bad, 
food)and “commitment” in (good, support)

q “Cramped” appears in both (bad, ambience) in restaurant domain and (bad, 
keyboard) in laptop domain
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Quantitative Evaluation
q Aspect Extraction

q Sentiment Polarity Classification
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Joint Topic Representation Visualization
q Visualization of joint topics (purple stars), aspect topics (red crosses) and 

sentiment topics (blue dots) in the embedding space

q An interesting observation is that some aspect topics (e.g., ambience) lie 
approximately in the middle of their joint topics (“good, ambience” and “bad, 
ambience”), showing that our embedding learning objective understands the 
joint topics as decomposition of their “marginal” topics
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Outline

q Aspect-based Sentiment Analysis

q Text Summarization

q SUMDocs: Extractive Summarization with Background Corpus [SDM’21]

q Pre-trained Language Models for Summarization

q Generating Representative Headlines for News Stories [WWW’20]

q Taxonomy Construction

q Summary & Future Directions
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SUMDocS 
q SUMDocS: Surrounding-aware Unsupervised Multi-Document Summarization (SDM’21)

q Leverage surrounding documents from the background corpus to obtain salient and 
discriminative extractive summarization
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SUMDocS 
q How to leverage the background corpus?

q Twin documents: Documents belonging to the same category

q Sibling documents: Documents belonging to orthogonal categories

q Consider three factors when generating extractive summarizations

q Global novelty: Category-level frequent and discriminative phrases are likely to be 
salient phrases

q Local consistency: Frequently co-occurred phrases should have similar salient score

q Local saliency: Phrases that are salient in target documents but less salient in twin 
documents should be promoted
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SUMDocS: Results 
q Identified keywords and generated summaries on NLP corpus (left) and news corpus 

(right)
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Outline

q Aspect-based Sentiment Analysis

q Text Summarization

q SUMDocs: Extractive Summarization with Background Corpus

q Pre-trained Language Models for Summarization

q Generating Representative Headlines for News Stories [WWW’20]

q Learning on Text-Rich Networks

q Summary & Future Directions
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Self-supervised Pre-trained Summarization Model
q PEGASUS: Pre-training with Extracted Gap-sentences for Abstractive Summarization 

(ICML’20)
q Transformer based encoder decoder framework
q Two Pre-training objectives:
q Encoder: masked language model
q Decoder: gap sentence generation
q Choose important sentence by
    rouge score with remaining
    sentences in the document
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Selected Sentence for Gap Sentence Generation

Fine-tuning with limited supervised samples
Solid: few-shot with pre-trained weights  
Dashed: supervised with initial weights
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Keyword-Guided Summarization
q Self-Supervised and Controlled Opinion Summarization [EACL'21]
q Control tokens are used to let the generated summary align with the input 

documents.
q Inputs to the model:

q Summary guided by tokens:
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Outline

q Aspect-based Sentiment Analysis

q Text Summarization

q SUMDocs: Extractive Summarization with Background Corpus

q Pre-trained Language Models for Summarization

q Generating Representative Headlines for News Stories [WWW’20]

q Taxonomy Construction

q Summary & Future Directions
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Generating Representative Headlines for News Stories
Raptors vs. Bucks Prediction

Article 1

Article 2

Article 3

https://www.cbc.ca/sports/basketball/nba/raptors-bucks-eastern-conference-final-1.5135720
https://www.nba.com/raptors/news/game-1-preview-raptors-vs-bucks
https://www.lineups.com/articles/milwaukee-bucks-toronto-raptors-2019-nba-playoff-preview/
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The NewSHead Dataset

q For standard research and evaluation 
q Release the first dataset for news story headline generation
q 3-5 news articles per story; Label: human edition + validation
q 357K stories, >1M articles, 20x larger than the biggest MDS dataset

q Still a drop in the ocean compared with massive unlabeled news (50M 
articles)!
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The NewSHeadheuristic Dataset
q Heuristically generated from unlabeled news articles
q Cluster news articles into news stories by embedding (same as NewSHead)
q Label: select an existing article title from the cluster as story headline
q train a title scorer: given the content of an article and a title, predict whether they 

match
q the scorer can be directly trained from existing article/title pairs: no human 

annotation
q given all article titles in the cluster, rank them by average matching score with other 

articles
q the top article title is representative: can match all articles well
q prune those under threshold, too long or too short labels

q Leading to 2.2M (6x larger) news stories with free-to-get labels
q Question: how far can we go without expensive manual story headline annotations?

q Propose: a three-level pretraining framework
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Multi-level Pretraining

Label
Quality

Label
Quantity

low

high

high

low
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Framework
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Architecture: Single-doc Headline Generation

Article 1 Encoder Decoder

Decoder Output

Word Distribution (vocab size)
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Doc-level Attention 1: Referee Attention

0.2

0.5

0.3Article 1

Article 2

Article 3

Encoder

Encoder

Encoder

Decoder

Decoder

Decoder

Referee Query Vector

Output 1

Keep the architecture of single-doc encoder decoder to fully leverage pretraining

Decoder outputs for step 1

External referee to decide weights
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Doc-level Attention 2: Self-voted Attention

0.2

0.5

0.3

Article 1

Article 2

Article 3

Encoder

Encoder

Encoder

Decoder

Decoder

Decoder Output 1

Self voting among articles: 
exclude outliers

0.4

0.5

0.1



29

Doc-Attention: Comparison
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Performance Comparison
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A Case Study on Noisy Dataset
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Outline

q Aspect-based Sentiment Analysis

q Text Summarization

q Taxonomy Construction

q Taxonomy Basics and Construction

q Taxonomy Construction with Minimal User Guidance

q Taxonomy Expansion

q Summary & Future Directions
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What is a Taxonomy?

q Taxonomy is a hierarchical organization of concepts
q Taxonomy can benefit many knowledge-rich applications
q Knowledge Organization, Document Categorization, Recommender 

System …

Wikipedia Category MeSH Amazon Product Category

artefact

Motor vehicle

motorcargo-kart truck

hatch-back compact gas guzzler

WordNet
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Multi-faceted Taxonomy Construction
q Limitations of existing taxonomy:
q A generic taxonomy with fixed “is-a” relation between nodes
q Fail to adapt to users’ specific interest in special areas by dominating the hierarchical 

structure of irrelevant terms
q Multi-faceted Taxonomy
q One facet only reflects a certain kind of relation between parent and child nodes in a 

user-interested field.

Relation: IsSubfieldOf Relation: IsLocatedIn34
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Two stages in constructing a complete taxonomy

q Taxonomy Construction
q Use a set of entities (possibly a seed taxonomy in a small scale) and 

unstructured text data to build a taxonomy organized by certain relations
q Taxonomy Expansion
q Update an already constructed taxonomy by attaching new items to a 

suitable node on the existing taxonomy. This step is useful since 
reconstructing a new taxonomy from scratch can be resource-consuming.

35
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Outline

q Aspect-based Sentiment Analysis

q Text Summarization

q Taxonomy Construction

q Taxonomy Basics and Construction

q Taxonomy Construction with Minimal User Guidance

q Taxonomy Expansion

q Summary & Future Directions
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Seed-Guided Topical Taxonomy Construction
q User gives a seed taxonomy as guidance
q A more complete topical taxonomy is generated from text corpus, with each node 

represented by a cluster of terms (topics)
Input 1: Seed Taxonomy

Root

Dessert

Seafood

Cake Ice-cream

Root
Food
Bread
Beef
Soup

Dessert

Seafood
Dressing 

Mixed_greens
Goat cheese

Lettuce
Tomato

Salad
Dressing 

Mixed greens
Goat cheese

Lettuce
Tomato

Dessert
Cake

Pudding
Sugar
Mochi

Caramel

Output: Topical TaxonomyInput 2: Corpus

Oysters
Oysters

Fresh Oysters
Raw Oysters

Shellfish
Fried Oysters

Crabs
Crabs

King Crabs
Snow Crabs
Stone Crabs
Crab Legs

Crab
Crowfish
Shrimp
Sashimi
Scallop

Oysters
Fresh Oysters
Raw Oysters

Shellfish
Fried Oysters

Cake
Creme Brûlée

Tiramisu
Chocolate Cake

Cheesecake
Bread Pudding

Creme Brûlée
Tiramisu

Chocolate Cake
Cheesecake

Bread Pudding

______________

______________

______________

______________

______________

______________

______________

______________

______________

______________

______________

______________

User

Cake
Pudding
Sugar
Mochi

Caramel

Crabs
King Crabs
Snow Crabs
Stone Crabs
Crab Legs

Food
Menu

Course
Lunch
Dinner • A user might want to learn 

about concepts in a certain 
aspect (e.g., food or research 
areas) from a corpus

• He wants to know more about 
other kinds of food
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CoRel: Seed-Guided Topical Taxonomy Construction by 
Concept Learning and Relation Transferring

Three Steps:
1. Learn a relation classifier and transfer the relation upwards to discover common root concepts of

existing topics
2. Transfer the relation downwards to find new topics/subtopics as child nodes of root/topics
3. Learn a discriminative embedding space to find distinctive terms for each concept node in the taxonomy

Step 1: Relation 
transferring upwards

Root

Dessert

Seafood

Cake Ice-cream Crab
Oyster

Char siu
Sausage

Lunch

Dessert
Cake

Pudding

Seafood
Shrimp
Crab

Pork
Roasted-

pork

Cake
Chocolate Cake

Cheesecake

Ice-cream
Sundae

Milkshake

Char siu
Pork bun

Chasu

Sausage
Bacon
Ham

Food Dish

Step 2: Relation 
transferring downwards

Step 3: Concept learning for generating 
topical clusters

Dessert
Seafood

Cake Ice-cream

Lunch Food Dish

Dessert

Seafood

Cake
Ice-cream

Lunch Food Dish

Pork

38

Jiaxin Huang, Yiqing Xie, Yu Meng, Yunyi Zhang and Jiawei Han, “CoRel: Seed-Guided Topical 
Taxonomy Construction by Concept Learning and Relation Transferring”, KDD (2020)
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Relation Learning and Transferring
q Learn a relation classifier using pretrained language model (e.g., BERT)

q Using a weakly-supervised text embedding framework

q Transfer the relation upwards to discover possible root nodes (e.g., “Lunch” and “Food”) 

q The root node would have more general contexts for us to find connections with potential 
new topics

q Extract a list of parent nodes for each seed topic using the relation classifier

q The common parent nodes shared by all user-given topics are treated as root nodes

q To discover new topics (e.g., Pork), we transfer the relation downwards from the root nodes
Step 1: Relation 

transferring upwards

Root

Dessert

Seafood

Cake Ice-cream Crab
Oyster

Char siu
Sausage

Lunch

Dessert
Cake

Pudding

Seafood
Shrimp
Crab

Pork
Roasted-

pork

Cake
Chocolate Cake

Cheesecake

Ice-cream
Sundae

Milkshake

Char siu
Pork bun

Chasu

Sausage
Bacon
Ham

Food Dish

Step 2: Relation 
transferring downwards

Step 3: Concept learning for generating 
topical clusters

Dessert
Seafood

Cake Ice-cream

Lunch Food Dish

Dessert

Seafood

Cake
Ice-cream

Lunch Food Dish

Pork

39
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Qualitative and Quantitative Results
*

Dessert Salad Seafood

Cake Ice-cream Pastries

*

Seafood
Crabs
Clams

Crawfish
Squid

Shellfish

Pork
Roasted pork
Pork shoulder
Shredded pork

Pork rind
Marinated pork

Soup
Lentil soup
Chowder

Butternut squash soup
 Tom yum soup

Noodle soup

Dessert
Caramel
Pudding

Strawberry
Cheesecake
Chocolate

Beef
Tendon
Tripe

Shank
Sliced beef
Flank steak

Salad
Dressing 

Mixed Greens
Spring Mix

Lettuce
Tomato

Char siu
Char siu

Roasted pork
Minced pork

Pork bun
Xiao long bao

Pork Steak
Pork rib

Pork tenderloin
Chops

Crispy skin
Pork loin

Sausage
Kielbasa sausage

Bacon
Crispy bacon
Sauerkraut

Ham

Crab
Crab

King crab
King crab legs
Snow crab legs

Crab legs

Shrimps
Shrimp

Fried shrimp
Jumbo shrimp

Prawns
Scampi

Oysters
Fresh oysters

Frog legs
Raw oysters

Oyster
Rockefeller

Fish
Seabass
Halibut
Trout
Unagi

Swordfish

40
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Outline

q Aspect-based Sentiment Analysis

q Text Summarization

q Taxonomy Construction

q Taxonomy Basics and Construction

q Taxonomy Construction with Minimal User Guidance

q Taxonomy Expansion
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Taxonomy Expansion: Motivation

q Why taxonomy expansion instead of construction from scratch?
q Already have a decent taxonomy built by experts and used in production
q Most common terms are covered
q New items (thus new terms) incoming everyday, cannot afford to rebuild 

the whole taxonomy frequently 
q Downstream applications require stable taxonomies to organize 

knowledge
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TaxoExpan: Self-supervised Taxonomy Expansion with 
Position-Enhanced Graph Neural Network [WWW’ 20]

q Two steps in solving the problem:
q Self-supervised term extraction
q Automatically extracts emerging terms from a target domain

q Self-supervised term attachment
q A multi-class classification to match a new node to its potential parent
q Heterogenous sources of information (structural, semantic, and lexical) 

can be used
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Self-supervised Term Attachment

q TaxoExpan uses a matching score for each <query, anchor> pair to indicate 
how likely the anchor concept is the parent of query concept

q Key ideas:
q Representing the anchor concept using its ego network (egonet)
q Adding position information (relative to the query concept) into this egonet

44

Query: “high dependency unit”

“hospital room”

“hospital”
“room”

“intensive 
care unit” 

“low dependency unit”

“operating room”

The ego nodes

“hospital room”

“classroom”

“court”

“gallery”

“area”

“room”
“hospital 

room”

“hospital”
“room”

“intensive care unit” 

“low dependency unit”

Graph Propagation Module

“high dependency unit”

h(0)
a

h(0)
b

h(0)
c

h(0)
d

h(0)
e

gemb
gemb

gemb

gemb

gemb

h(K)
e

h(K)
d

h(K)
c

h(K)
b

h(K)
a

hidden layers
……

hG

Graph Readout Module

grandparent
parent
sibling

position embeddings

C
oncatenation

gemb

a
b

c

d
e

q

hq

Matching Model

query 
representation

anchor  
representation

ni

ai

f(ni,ai)
matching degree

Ego Network 
of Anchor 

Concept ai
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Leveraging Existing Taxonomy for 
Self-supervised Learning

q How to learn model parameters without relying on massive human-
labeled data?

q An intuitive approach
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TaxoExpan Framework Analysis

q Case studies on MAG-CS and MAG-Full datasets
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TaxoEnrich: Self-Supervised Taxonomy Completion 
via Structure-Semantic Representations [WWW’22]

q Extra semantic information
q Taxonomy-contextualized embedding
q Layer-aware representation

LSTM
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A Single Vector Is Not Enough: Taxonomy 
Expansion via Box Embeddings [WWW’23]

q Vector embeddings can only represent similarity/dissimilarity
q Box embeddings can represent entailment relations



49

Box Training

q Training: the box embeddings are optimized to accurately represent the 
taxonomic hierarchies.
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Inference with Box

q Inference: check whether a query’s box is enclosed by the candidate 
anchor’s box in a probabilistic way. 



Summary & Future Directions

KDD 2023 Tutorial
Pretrained Language Representations for Text Understanding: A Weakly-Supervised Perspective
Yu Meng, Jiaxin Huang, Yu Zhang, Yunyi Zhang, Jiawei Han
Computer Science, University of Illinois Urbana-Champaign
Aug 9, 2023

Tutorial Website:
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Our Roadmap of This Tutorial

Language Foundation
Models

Knowledge Base Construction
(Entity, Relation & Event)

Text Corpus

Topic Discovery

Weakly-Supervised Text Classification

(Politics, Science, Economy)

(U
SA

, C
hi

na
, …

)

(2019,2020, 2
021)

Advanced Text Mining Applications
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Summary: from Unstructured Text to Knowledge

q Leverage the Power of Text Embedding and Language Models to Transform 

Unstructured Text into Structured Knowledge

q Mining Structures from Massive Unstructured Text (Texts → Structures)

q Automated Text Representation Learning 

q Automated Multi-Faceted Taxonomy Construction

q Automated Topic Mining

q Automated Text Classification for Document Assignment

q Automated Comparative Summarization in Multidimensional Text Cube

q Still a lot of work to do from unstructured text to structured knowledge
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Our Journey: From Big Data to Big Structures &  Knowledge

Han, Kamber and Pei,
Data Mining, 3rd ed. 2011

Yu, Han and Faloutsos (eds.), 
Link Mining, 2010

Wang and Han,  Mining Latent Entity 
Structures, 2015

C. Wang: SIGKDD’15 Dissertation Award

Sun and Han,  Mining Heterogeneous
Information Networks, 2012

Y. Sun: SIGKDD’13 Dissertation Award

Mining Structures of

Factual Knowledge

from Text

An E!ort-Light Approach

Xiang Ren

Jiawei Han

Series IS
SN: 2151-0067

Series Editors: Jiawei Han, University
 of Illin

ois at Urbana-Champaign

Lise G
etoor, University

 of California Santa Cruz

Wei Wang, University
 of North Carolina, Chapel Hill

Johannes Gerke, Cornell University

Robert G
rossman, University

 of Chicago

Mining Structures of Factual Knowledge from Text: An E!ort-Light Approach

Xiang Ren, University
 of Southern California

Jiawei Han, University
 of Illin

ois at Urbana-Champaign

!e real
-world data, t

hough massive
, is la

rgely unstructured, in the form of natural-la
nguage 

text. It i
s challenging but highly desirab

le to mine stru
ctures fr

om massive
 text data, w

ithout 

extensive h
uman annotation and labeling. In this book, we investig

ate th
e principles 

and methodologies of mining structures of fact
ual knowledge (e.g

., entities
 and their 

relati
onships) fro

m massive
, unstructured text corpora.

Departing from many existing structure extracti
on methods that have h

eavy relia
nce 

on human annotated
 data fo

r model tra
ining, our e"ort-lig

ht approach leverag
es human-

curated
 facts

 stored in external knowledge bases a
s distant supervision and exploits ric

h 

data re
dundancy in large text corpora for context understan

ding. !is e"ort-lig
ht mining 

approach leads to a ser
ies of new principles an

d powerful methodologies fo
r stru

cturing 

text corpora, in
cluding (1) entity reco

gnition, typing and synonym discovery, 
(2) entity 

relati
on extracti

on, and (3) open-domain attri
bute-value mining and information extracti

on. 

!is book introduces th
is new resea

rch frontier a
nd points out some promising resea

rch 

directi
ons.

About SYNTHESIS

This volume is a
 printed versio

n of a work that appears in
 the Synthesis D

igital Library of Engineering 

and Computer Science.  Synthesis b
ooks provide concise, original presentations of im

portant research 

and development topics, published quickly, in digital and print formats.

store.morganclaypool.com

REN • HAN
               MINING STRUCTURES OF FACTUAL KNOW

LEDGE FROM TEXT 

M
O

R
G

AN
 &

 C
LAYPO

O
L



55

Acknowledgement

NETWORK
SCIENCE

CTA

q Thanks for the research support from:  ARL/NSCTA, NIH, NSF, DHS, ARO, DTRA



Thank you !
Q&A


