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ABSTRACT
Critiquing is a method for conversational recommendation that
adapts recommendations in response to user preference feedback re-
garding item attributes. Historical critiquing methods were largely
based on constraint- and utility-based methods for modifying rec-
ommendations w.r.t. these critiqued attributes. In this paper, we
revisit the critiquing approach from the lens of deep learning based
recommendation methods and language-based interaction. Con-
cretely, we propose an end-to-end deep learning framework with
two variants that extend the Neural Collaborative Filtering archi-
tecture with explanation and critiquing components. These archi-
tectures not only predict personalized keyphrases for a user and
item but also embed language-based feedback in the latent space
that in turn modulates subsequent critiqued recommendations. We
evaluate the proposed framework on two recommendation datasets
containing user reviews. Empirical results show that our modified
NCF approach not only provides a strong baseline recommender
and high-quality personalized item keyphrase suggestions, but that
it also properly suppresses items predicted to have a critiqued
keyphrase. In summary, this paper provides a first step to unify
deep recommendation and language-based feedback in what we
hope to be a rich space for future research in deep critiquing for
conversational recommendation.

CCS CONCEPTS
• Information systems→Recommender systems; •Comput-
ing methodologies → Neural networks.
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1 INTRODUCTION
Critiquing is a method for conversational (a.k.a. sequential interac-
tive) recommendation that adapts recommendations in response to
user preference feedback regarding item attributes. For example,
in unit critiquing [2], a user might critique a digital camera rec-
ommendation by requesting an item with higher resolution and in
compound critiquing [19, 21], a user might further explore items
that have longer battery life and lower price than an initial recom-
mendation. Further extensions such as incremental critiquing con-
sider the cumulative effect of iterated critiquing interactions [20]
while experience-basedmethods attempt to collaboratively leverage
critiquing interactions from multiple users [17].

While previous work on critiquing has collectively defined an
important subfield of conversational recommender systems, most
of these methods assume a fixed set of known attributes along
with explicit constraint- and utility-based methods for modifying
recommendations w.r.t. critiqued attributes. Though some work has
focused on explanations in critiquing [21] and other work [8, 24]
has respectively explored speech- and dialog-based interfaces for
critiquing-style frameworks, these architectures have nonetheless
assumed that item attributes are explicitly known a priori.

Furthermore, it is important to note that (conversational) rec-
ommendation research has progressed substantially from the un-
derlying techniques that drove historical critiquing-based methods,
many of which are over a decade old [7]. First, from a basic rec-
ommendation perspective, deep-learning based recommendation
methods currently produce state-of-the-art results [10, 14, 23, 27].
Second, recent efforts have focused on conversational recommen-
dation methods that do not assume fixed a priori item attributes,
but rather actively apply explore-exploit strategies on top of latent
factor models [3, 30]. Third, the use of language-based explanations
has also advanced significantly [28]; to name just a few of these
works: McAuley et al. [15] introduces topic extraction methods to
explain and highlight key aspects of recommended items, Zhang
et al. [29] improves explanation understandability by filling key
features of recommended items into template sentences, and Costa
et al. [4] and Li et al. [13] both directly generate text explanations
for recommendations using Recurrent Neural Networks. Yet, given
all of these individual advances in deep recommendation, latent
factor models, and explanation, we are not aware of work that has
combined them in a deep conversational critiquing framework.
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ẑi,j
<latexit sha1_base64="tl5/vrpX/nSmfs35Xe5SeWFP7ZM=">AAAB/3icbVDLSsNAFL2pr1pfUcGNm2ARXEhJRNBlwY3LCvYBTQiT6aQdO5mEmYlQYxb+ihsXirj1N9z5N07aLLT1wMDhnHu5Z06QMCqVbX8blaXlldW16nptY3Nre8fc3evIOBWYtHHMYtELkCSMctJWVDHSSwRBUcBINxhfFX73nghJY36rJgnxIjTkNKQYKS355oE7QipzI6RGQZg95Lmf0dO73DfrdsOewlokTknqUKLlm1/uIMZpRLjCDEnZd+xEeRkSimJG8pqbSpIgPEZD0teUo4hIL5vmz61jrQysMBb6cWVN1d8bGYqknESBniyCynmvEP/z+qkKL72M8iRVhOPZoTBlloqtogxrQAXBik00QVhQndXCIyQQVrqymi7Bmf/yIumcNRy74dyc15t2WUcVDuEITsCBC2jCNbSgDRge4Rle4c14Ml6Md+NjNloxyp19+APj8wfryZac</latexit><latexit sha1_base64="tl5/vrpX/nSmfs35Xe5SeWFP7ZM=">AAAB/3icbVDLSsNAFL2pr1pfUcGNm2ARXEhJRNBlwY3LCvYBTQiT6aQdO5mEmYlQYxb+ihsXirj1N9z5N07aLLT1wMDhnHu5Z06QMCqVbX8blaXlldW16nptY3Nre8fc3evIOBWYtHHMYtELkCSMctJWVDHSSwRBUcBINxhfFX73nghJY36rJgnxIjTkNKQYKS355oE7QipzI6RGQZg95Lmf0dO73DfrdsOewlokTknqUKLlm1/uIMZpRLjCDEnZd+xEeRkSimJG8pqbSpIgPEZD0teUo4hIL5vmz61jrQysMBb6cWVN1d8bGYqknESBniyCynmvEP/z+qkKL72M8iRVhOPZoTBlloqtogxrQAXBik00QVhQndXCIyQQVrqymi7Bmf/yIumcNRy74dyc15t2WUcVDuEITsCBC2jCNbSgDRge4Rle4c14Ml6Md+NjNloxyp19+APj8wfryZac</latexit><latexit sha1_base64="tl5/vrpX/nSmfs35Xe5SeWFP7ZM=">AAAB/3icbVDLSsNAFL2pr1pfUcGNm2ARXEhJRNBlwY3LCvYBTQiT6aQdO5mEmYlQYxb+ihsXirj1N9z5N07aLLT1wMDhnHu5Z06QMCqVbX8blaXlldW16nptY3Nre8fc3evIOBWYtHHMYtELkCSMctJWVDHSSwRBUcBINxhfFX73nghJY36rJgnxIjTkNKQYKS355oE7QipzI6RGQZg95Lmf0dO73DfrdsOewlokTknqUKLlm1/uIMZpRLjCDEnZd+xEeRkSimJG8pqbSpIgPEZD0teUo4hIL5vmz61jrQysMBb6cWVN1d8bGYqknESBniyCynmvEP/z+qkKL72M8iRVhOPZoTBlloqtogxrQAXBik00QVhQndXCIyQQVrqymi7Bmf/yIumcNRy74dyc15t2WUcVDuEITsCBC2jCNbSgDRge4Rle4c14Ml6Md+NjNloxyp19+APj8wfryZac</latexit><latexit sha1_base64="tl5/vrpX/nSmfs35Xe5SeWFP7ZM=">AAAB/3icbVDLSsNAFL2pr1pfUcGNm2ARXEhJRNBlwY3LCvYBTQiT6aQdO5mEmYlQYxb+ihsXirj1N9z5N07aLLT1wMDhnHu5Z06QMCqVbX8blaXlldW16nptY3Nre8fc3evIOBWYtHHMYtELkCSMctJWVDHSSwRBUcBINxhfFX73nghJY36rJgnxIjTkNKQYKS355oE7QipzI6RGQZg95Lmf0dO73DfrdsOewlokTknqUKLlm1/uIMZpRLjCDEnZd+xEeRkSimJG8pqbSpIgPEZD0teUo4hIL5vmz61jrQysMBb6cWVN1d8bGYqknESBniyCynmvEP/z+qkKL72M8iRVhOPZoTBlloqtogxrQAXBik00QVhQndXCIyQQVrqymi7Bmf/yIumcNRy74dyc15t2WUcVDuEITsCBC2jCNbSgDRge4Rle4c14Ml6Md+NjNloxyp19+APj8wfryZac</latexit>
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<latexit sha1_base64="APGLwek1A13R4hZCNQesL1c89kQ=">AAAB9HicbVBNS8NAEJ3Ur1q/qh69LBbBg5REBD0WvHisYD+gDWWz3bZrN5u4OymUkN/hxYMiXv0x3vw3btsctPXBwOO9GWbmBbEUBl332ymsrW9sbhW3Szu7e/sH5cOjpokSzXiDRTLS7YAaLoXiDRQoeTvWnIaB5K1gfDvzWxOujYjUA05j7od0qMRAMIpW8rsjiqnOeqm4eMx65Ypbdecgq8TLSQVy1Hvlr24/YknIFTJJjel4box+SjUKJnlW6iaGx5SN6ZB3LFU05MZP50dn5MwqfTKItC2FZK7+nkhpaMw0DGxnSHFklr2Z+J/XSXBw46dCxQlyxRaLBokkGJFZAqQvNGcop5ZQpoW9lbAR1ZShzalkQ/CWX14lzcuq51a9+6tKzc3jKMIJnMI5eHANNbiDOjSAwRM8wyu8ORPnxXl3PhatBSefOYY/cD5/ACHrkkM=</latexit><latexit sha1_base64="APGLwek1A13R4hZCNQesL1c89kQ=">AAAB9HicbVBNS8NAEJ3Ur1q/qh69LBbBg5REBD0WvHisYD+gDWWz3bZrN5u4OymUkN/hxYMiXv0x3vw3btsctPXBwOO9GWbmBbEUBl332ymsrW9sbhW3Szu7e/sH5cOjpokSzXiDRTLS7YAaLoXiDRQoeTvWnIaB5K1gfDvzWxOujYjUA05j7od0qMRAMIpW8rsjiqnOeqm4eMx65Ypbdecgq8TLSQVy1Hvlr24/YknIFTJJjel4box+SjUKJnlW6iaGx5SN6ZB3LFU05MZP50dn5MwqfTKItC2FZK7+nkhpaMw0DGxnSHFklr2Z+J/XSXBw46dCxQlyxRaLBokkGJFZAqQvNGcop5ZQpoW9lbAR1ZShzalkQ/CWX14lzcuq51a9+6tKzc3jKMIJnMI5eHANNbiDOjSAwRM8wyu8ORPnxXl3PhatBSefOYY/cD5/ACHrkkM=</latexit><latexit sha1_base64="APGLwek1A13R4hZCNQesL1c89kQ=">AAAB9HicbVBNS8NAEJ3Ur1q/qh69LBbBg5REBD0WvHisYD+gDWWz3bZrN5u4OymUkN/hxYMiXv0x3vw3btsctPXBwOO9GWbmBbEUBl332ymsrW9sbhW3Szu7e/sH5cOjpokSzXiDRTLS7YAaLoXiDRQoeTvWnIaB5K1gfDvzWxOujYjUA05j7od0qMRAMIpW8rsjiqnOeqm4eMx65Ypbdecgq8TLSQVy1Hvlr24/YknIFTJJjel4box+SjUKJnlW6iaGx5SN6ZB3LFU05MZP50dn5MwqfTKItC2FZK7+nkhpaMw0DGxnSHFklr2Z+J/XSXBw46dCxQlyxRaLBokkGJFZAqQvNGcop5ZQpoW9lbAR1ZShzalkQ/CWX14lzcuq51a9+6tKzc3jKMIJnMI5eHANNbiDOjSAwRM8wyu8ORPnxXl3PhatBSefOYY/cD5/ACHrkkM=</latexit><latexit sha1_base64="APGLwek1A13R4hZCNQesL1c89kQ=">AAAB9HicbVBNS8NAEJ3Ur1q/qh69LBbBg5REBD0WvHisYD+gDWWz3bZrN5u4OymUkN/hxYMiXv0x3vw3btsctPXBwOO9GWbmBbEUBl332ymsrW9sbhW3Szu7e/sH5cOjpokSzXiDRTLS7YAaLoXiDRQoeTvWnIaB5K1gfDvzWxOujYjUA05j7od0qMRAMIpW8rsjiqnOeqm4eMx65Ypbdecgq8TLSQVy1Hvlr24/YknIFTJJjel4box+SjUKJnlW6iaGx5SN6ZB3LFU05MZP50dn5MwqfTKItC2FZK7+nkhpaMw0DGxnSHFklr2Z+J/XSXBw46dCxQlyxRaLBokkGJFZAqQvNGcop5ZQpoW9lbAR1ZShzalkQ/CWX14lzcuq51a9+6tKzc3jKMIJnMI5eHANNbiDOjSAwRM8wyu8ORPnxXl3PhatBSefOYY/cD5/ACHrkkM=</latexit>

(a) Explanation

ui
<latexit sha1_base64="lkoqJ/QBqLmNhqvvUNZcKhv04J8=">AAAB9XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLgxmUF+4A2lsl00g6dTMLMjVJC/8ONC0Xc+i/u/BsnbRbaemDgcM693DMnSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wSTm9zvPHJtRKzucZpwP6IjJULBKFrpoR9RHAdhls4GmZgNqjW37s5BVolXkBoUaA6qX/1hzNKIK2SSGtPz3AT9jGoUTPJZpZ8anlA2oSPes1TRiBs/m6eekTOrDEkYa/sUkrn6eyOjkTHTKLCTeUqz7OXif14vxfDaz4RKUuSKLQ6FqSQYk7wCMhSaM5RTSyjTwmYlbEw1ZWiLqtgSvOUvr5L2Rd1z697dZa3hFnWU4QRO4Rw8uIIG3EITWsBAwzO8wpvz5Lw4787HYrTkFDvH8AfO5w9ByJLv</latexit><latexit sha1_base64="lkoqJ/QBqLmNhqvvUNZcKhv04J8=">AAAB9XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLgxmUF+4A2lsl00g6dTMLMjVJC/8ONC0Xc+i/u/BsnbRbaemDgcM693DMnSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wSTm9zvPHJtRKzucZpwP6IjJULBKFrpoR9RHAdhls4GmZgNqjW37s5BVolXkBoUaA6qX/1hzNKIK2SSGtPz3AT9jGoUTPJZpZ8anlA2oSPes1TRiBs/m6eekTOrDEkYa/sUkrn6eyOjkTHTKLCTeUqz7OXif14vxfDaz4RKUuSKLQ6FqSQYk7wCMhSaM5RTSyjTwmYlbEw1ZWiLqtgSvOUvr5L2Rd1z697dZa3hFnWU4QRO4Rw8uIIG3EITWsBAwzO8wpvz5Lw4787HYrTkFDvH8AfO5w9ByJLv</latexit><latexit sha1_base64="lkoqJ/QBqLmNhqvvUNZcKhv04J8=">AAAB9XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLgxmUF+4A2lsl00g6dTMLMjVJC/8ONC0Xc+i/u/BsnbRbaemDgcM693DMnSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wSTm9zvPHJtRKzucZpwP6IjJULBKFrpoR9RHAdhls4GmZgNqjW37s5BVolXkBoUaA6qX/1hzNKIK2SSGtPz3AT9jGoUTPJZpZ8anlA2oSPes1TRiBs/m6eekTOrDEkYa/sUkrn6eyOjkTHTKLCTeUqz7OXif14vxfDaz4RKUuSKLQ6FqSQYk7wCMhSaM5RTSyjTwmYlbEw1ZWiLqtgSvOUvr5L2Rd1z697dZa3hFnWU4QRO4Rw8uIIG3EITWsBAwzO8wpvz5Lw4787HYrTkFDvH8AfO5w9ByJLv</latexit><latexit sha1_base64="lkoqJ/QBqLmNhqvvUNZcKhv04J8=">AAAB9XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLgxmUF+4A2lsl00g6dTMLMjVJC/8ONC0Xc+i/u/BsnbRbaemDgcM693DMnSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wSTm9zvPHJtRKzucZpwP6IjJULBKFrpoR9RHAdhls4GmZgNqjW37s5BVolXkBoUaA6qX/1hzNKIK2SSGtPz3AT9jGoUTPJZpZ8anlA2oSPes1TRiBs/m6eekTOrDEkYa/sUkrn6eyOjkTHTKLCTeUqz7OXif14vxfDaz4RKUuSKLQ6FqSQYk7wCMhSaM5RTSyjTwmYlbEw1ZWiLqtgSvOUvr5L2Rd1z697dZa3hFnWU4QRO4Rw8uIIG3EITWsBAwzO8wpvz5Lw4787HYrTkFDvH8AfO5w9ByJLv</latexit>

vj
<latexit sha1_base64="mbjTfHKCIYrxTq8bRgBXSvCmqwU=">AAAB9XicbVDLSgMxFL2pr1pfVZdugkVwVWZE0GXBjcsK9gHtWDJppo3NZIYkUynD/IcbF4q49V/c+Tdm2llo64HA4Zx7uSfHjwXXxnG+UWltfWNzq7xd2dnd2z+oHh61dZQoylo0EpHq+kQzwSVrGW4E68aKkdAXrONPbnK/M2VK80jem1nMvJCMJA84JcZKD/2QmLEfpNNskD5mg2rNqTtz4FXiFqQGBZqD6ld/GNEkZNJQQbTuuU5svJQow6lgWaWfaBYTOiEj1rNUkpBpL52nzvCZVYY4iJR90uC5+nsjJaHWs9C3k3lKvezl4n9eLzHBtZdyGSeGSbo4FCQCmwjnFeAhV4waMbOEUMVtVkzHRBFqbFEVW4K7/OVV0r6ou07dvbusNZyijjKcwCmcgwtX0IBbaEILKCh4hld4Q0/oBb2jj8VoCRU7x/AH6PMHRNaS8Q==</latexit><latexit sha1_base64="mbjTfHKCIYrxTq8bRgBXSvCmqwU=">AAAB9XicbVDLSgMxFL2pr1pfVZdugkVwVWZE0GXBjcsK9gHtWDJppo3NZIYkUynD/IcbF4q49V/c+Tdm2llo64HA4Zx7uSfHjwXXxnG+UWltfWNzq7xd2dnd2z+oHh61dZQoylo0EpHq+kQzwSVrGW4E68aKkdAXrONPbnK/M2VK80jem1nMvJCMJA84JcZKD/2QmLEfpNNskD5mg2rNqTtz4FXiFqQGBZqD6ld/GNEkZNJQQbTuuU5svJQow6lgWaWfaBYTOiEj1rNUkpBpL52nzvCZVYY4iJR90uC5+nsjJaHWs9C3k3lKvezl4n9eLzHBtZdyGSeGSbo4FCQCmwjnFeAhV4waMbOEUMVtVkzHRBFqbFEVW4K7/OVV0r6ou07dvbusNZyijjKcwCmcgwtX0IBbaEILKCh4hld4Q0/oBb2jj8VoCRU7x/AH6PMHRNaS8Q==</latexit><latexit sha1_base64="mbjTfHKCIYrxTq8bRgBXSvCmqwU=">AAAB9XicbVDLSgMxFL2pr1pfVZdugkVwVWZE0GXBjcsK9gHtWDJppo3NZIYkUynD/IcbF4q49V/c+Tdm2llo64HA4Zx7uSfHjwXXxnG+UWltfWNzq7xd2dnd2z+oHh61dZQoylo0EpHq+kQzwSVrGW4E68aKkdAXrONPbnK/M2VK80jem1nMvJCMJA84JcZKD/2QmLEfpNNskD5mg2rNqTtz4FXiFqQGBZqD6ld/GNEkZNJQQbTuuU5svJQow6lgWaWfaBYTOiEj1rNUkpBpL52nzvCZVYY4iJR90uC5+nsjJaHWs9C3k3lKvezl4n9eLzHBtZdyGSeGSbo4FCQCmwjnFeAhV4waMbOEUMVtVkzHRBFqbFEVW4K7/OVV0r6ou07dvbusNZyijjKcwCmcgwtX0IBbaEILKCh4hld4Q0/oBb2jj8VoCRU7x/AH6PMHRNaS8Q==</latexit><latexit sha1_base64="mbjTfHKCIYrxTq8bRgBXSvCmqwU=">AAAB9XicbVDLSgMxFL2pr1pfVZdugkVwVWZE0GXBjcsK9gHtWDJppo3NZIYkUynD/IcbF4q49V/c+Tdm2llo64HA4Zx7uSfHjwXXxnG+UWltfWNzq7xd2dnd2z+oHh61dZQoylo0EpHq+kQzwSVrGW4E68aKkdAXrONPbnK/M2VK80jem1nMvJCMJA84JcZKD/2QmLEfpNNskD5mg2rNqTtz4FXiFqQGBZqD6ld/GNEkZNJQQbTuuU5svJQow6lgWaWfaBYTOiEj1rNUkpBpL52nzvCZVYY4iJR90uC5+nsjJaHWs9C3k3lKvezl4n9eLzHBtZdyGSeGSbo4FCQCmwjnFeAhV4waMbOEUMVtVkzHRBFqbFEVW4K7/OVV0r6ou07dvbusNZyijjKcwCmcgwtX0IBbaEILKCh4hld4Q0/oBb2jj8VoCRU7x/AH6PMHRNaS8Q==</latexit>

s̃i,j
<latexit sha1_base64="egeHA4onw7ebPpoLpD0CjF+Ge1k=">AAACAXicbVDLSsNAFL3xWesr6kZwM1gEF1ISEXRZcOOygn1AE8JkMmnHTh7MTIQS4sZfceNCEbf+hTv/xkmbhbYeuHA4517uvcdPOZPKsr6NpeWV1bX12kZ9c2t7Z9fc2+/KJBOEdkjCE9H3saScxbSjmOK0nwqKI5/Tnj++Lv3eAxWSJfGdmqTUjfAwZiEjWGnJMw8dxXhAcyfCauSHuSwKL2dn94VnNqymNQVaJHZFGlCh7ZlfTpCQLKKxIhxLObCtVLk5FooRTou6k0maYjLGQzrQNMYRlW4+/aBAJ1oJUJgIXbFCU/X3RI4jKSeRrzvLQ+W8V4r/eYNMhVduzuI0UzQms0VhxpFKUBkHCpigRPGJJpgIpm9FZIQFJkqHVtch2PMvL5LuedO2mvbtRaNlVXHU4AiO4RRsuIQW3EAbOkDgEZ7hFd6MJ+PFeDc+Zq1LRjVzAH9gfP4AgQuXfg==</latexit><latexit sha1_base64="egeHA4onw7ebPpoLpD0CjF+Ge1k=">AAACAXicbVDLSsNAFL3xWesr6kZwM1gEF1ISEXRZcOOygn1AE8JkMmnHTh7MTIQS4sZfceNCEbf+hTv/xkmbhbYeuHA4517uvcdPOZPKsr6NpeWV1bX12kZ9c2t7Z9fc2+/KJBOEdkjCE9H3saScxbSjmOK0nwqKI5/Tnj++Lv3eAxWSJfGdmqTUjfAwZiEjWGnJMw8dxXhAcyfCauSHuSwKL2dn94VnNqymNQVaJHZFGlCh7ZlfTpCQLKKxIhxLObCtVLk5FooRTou6k0maYjLGQzrQNMYRlW4+/aBAJ1oJUJgIXbFCU/X3RI4jKSeRrzvLQ+W8V4r/eYNMhVduzuI0UzQms0VhxpFKUBkHCpigRPGJJpgIpm9FZIQFJkqHVtch2PMvL5LuedO2mvbtRaNlVXHU4AiO4RRsuIQW3EAbOkDgEZ7hFd6MJ+PFeDc+Zq1LRjVzAH9gfP4AgQuXfg==</latexit><latexit sha1_base64="egeHA4onw7ebPpoLpD0CjF+Ge1k=">AAACAXicbVDLSsNAFL3xWesr6kZwM1gEF1ISEXRZcOOygn1AE8JkMmnHTh7MTIQS4sZfceNCEbf+hTv/xkmbhbYeuHA4517uvcdPOZPKsr6NpeWV1bX12kZ9c2t7Z9fc2+/KJBOEdkjCE9H3saScxbSjmOK0nwqKI5/Tnj++Lv3eAxWSJfGdmqTUjfAwZiEjWGnJMw8dxXhAcyfCauSHuSwKL2dn94VnNqymNQVaJHZFGlCh7ZlfTpCQLKKxIhxLObCtVLk5FooRTou6k0maYjLGQzrQNMYRlW4+/aBAJ1oJUJgIXbFCU/X3RI4jKSeRrzvLQ+W8V4r/eYNMhVduzuI0UzQms0VhxpFKUBkHCpigRPGJJpgIpm9FZIQFJkqHVtch2PMvL5LuedO2mvbtRaNlVXHU4AiO4RRsuIQW3EAbOkDgEZ7hFd6MJ+PFeDc+Zq1LRjVzAH9gfP4AgQuXfg==</latexit><latexit sha1_base64="egeHA4onw7ebPpoLpD0CjF+Ge1k=">AAACAXicbVDLSsNAFL3xWesr6kZwM1gEF1ISEXRZcOOygn1AE8JkMmnHTh7MTIQS4sZfceNCEbf+hTv/xkmbhbYeuHA4517uvcdPOZPKsr6NpeWV1bX12kZ9c2t7Z9fc2+/KJBOEdkjCE9H3saScxbSjmOK0nwqKI5/Tnj++Lv3eAxWSJfGdmqTUjfAwZiEjWGnJMw8dxXhAcyfCauSHuSwKL2dn94VnNqymNQVaJHZFGlCh7ZlfTpCQLKKxIhxLObCtVLk5FooRTou6k0maYjLGQzrQNMYRlW4+/aBAJ1oJUJgIXbFCU/X3RI4jKSeRrzvLQ+W8V4r/eYNMhVduzuI0UzQms0VhxpFKUBkHCpigRPGJJpgIpm9FZIQFJkqHVtch2PMvL5LuedO2mvbtRaNlVXHU4AiO4RRsuIQW3EAbOkDgEZ7hFd6MJ+PFeDc+Zq1LRjVzAH9gfP4AgQuXfg==</latexit>

r̃i,j
<latexit sha1_base64="MZzcoL3hK+UKhs9ZDXQWniui+Qk=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEIHqQkIuix4MVjBfsBbQibzaZdu9mE3YlQQ36JFw+KePWnePPfuG1z0NYHA4/3ZpiZF6SCa3Ccb6uytr6xuVXdru3s7u3X7YPDrk4yRVmHJiJR/YBoJrhkHeAgWD9VjMSBYL1gcjPze49MaZ7Ie5imzIvJSPKIUwJG8u36ELgIWa4KP+fnD4VvN5ymMwdeJW5JGqhE27e/hmFCs5hJoIJoPXCdFLycKOBUsKI2zDRLCZ2QERsYKknMtJfPDy/wqVFCHCXKlAQ8V39P5CTWehoHpjMmMNbL3kz8zxtkEF17OZdpBkzSxaIoExgSPEsBh1wxCmJqCKGKm1sxHRNFKJisaiYEd/nlVdK9aLpO0727bLScMo4qOkYn6Ay56Aq10C1qow6iKEPP6BW9WU/Wi/VufSxaK1Y5c4T+wPr8ATHXk10=</latexit><latexit sha1_base64="MZzcoL3hK+UKhs9ZDXQWniui+Qk=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEIHqQkIuix4MVjBfsBbQibzaZdu9mE3YlQQ36JFw+KePWnePPfuG1z0NYHA4/3ZpiZF6SCa3Ccb6uytr6xuVXdru3s7u3X7YPDrk4yRVmHJiJR/YBoJrhkHeAgWD9VjMSBYL1gcjPze49MaZ7Ie5imzIvJSPKIUwJG8u36ELgIWa4KP+fnD4VvN5ymMwdeJW5JGqhE27e/hmFCs5hJoIJoPXCdFLycKOBUsKI2zDRLCZ2QERsYKknMtJfPDy/wqVFCHCXKlAQ8V39P5CTWehoHpjMmMNbL3kz8zxtkEF17OZdpBkzSxaIoExgSPEsBh1wxCmJqCKGKm1sxHRNFKJisaiYEd/nlVdK9aLpO0727bLScMo4qOkYn6Ay56Aq10C1qow6iKEPP6BW9WU/Wi/VufSxaK1Y5c4T+wPr8ATHXk10=</latexit><latexit sha1_base64="MZzcoL3hK+UKhs9ZDXQWniui+Qk=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEIHqQkIuix4MVjBfsBbQibzaZdu9mE3YlQQ36JFw+KePWnePPfuG1z0NYHA4/3ZpiZF6SCa3Ccb6uytr6xuVXdru3s7u3X7YPDrk4yRVmHJiJR/YBoJrhkHeAgWD9VjMSBYL1gcjPze49MaZ7Ie5imzIvJSPKIUwJG8u36ELgIWa4KP+fnD4VvN5ymMwdeJW5JGqhE27e/hmFCs5hJoIJoPXCdFLycKOBUsKI2zDRLCZ2QERsYKknMtJfPDy/wqVFCHCXKlAQ8V39P5CTWehoHpjMmMNbL3kz8zxtkEF17OZdpBkzSxaIoExgSPEsBh1wxCmJqCKGKm1sxHRNFKJisaiYEd/nlVdK9aLpO0727bLScMo4qOkYn6Ay56Aq10C1qow6iKEPP6BW9WU/Wi/VufSxaK1Y5c4T+wPr8ATHXk10=</latexit><latexit sha1_base64="MZzcoL3hK+UKhs9ZDXQWniui+Qk=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEIHqQkIuix4MVjBfsBbQibzaZdu9mE3YlQQ36JFw+KePWnePPfuG1z0NYHA4/3ZpiZF6SCa3Ccb6uytr6xuVXdru3s7u3X7YPDrk4yRVmHJiJR/YBoJrhkHeAgWD9VjMSBYL1gcjPze49MaZ7Ie5imzIvJSPKIUwJG8u36ELgIWa4KP+fnD4VvN5ymMwdeJW5JGqhE27e/hmFCs5hJoIJoPXCdFLycKOBUsKI2zDRLCZ2QERsYKknMtJfPDy/wqVFCHCXKlAQ8V39P5CTWehoHpjMmMNbL3kz8zxtkEF17OZdpBkzSxaIoExgSPEsBh1wxCmJqCKGKm1sxHRNFKJisaiYEd/nlVdK9aLpO0727bLScMo4qOkYn6Ay56Aq10C1qow6iKEPP6BW9WU/Wi/VufSxaK1Y5c4T+wPr8ATHXk10=</latexit>

z̃i,j
<latexit sha1_base64="BAlzHS2f9x5tVSy0fpSqjzwSkkU=">AAACAXicbVBNS8NAEN3Ur1q/ol4EL8EieJCSiKDHghePFewHNCFsNpt27WYTdidCDfHiX/HiQRGv/gtv/hs3bQ/a+mDg8d4MM/OClDMFtv1tVJaWV1bXquu1jc2t7R1zd6+jkkwS2iYJT2QvwIpyJmgbGHDaSyXFccBpNxhdlX73nkrFEnEL45R6MR4IFjGCQUu+eeAC4yHN3RjDMIjyh6Lwc3Z6V/hm3W7YE1iLxJmROpqh5ZtfbpiQLKYCCMdK9R07BS/HEhjhtKi5maIpJiM8oH1NBY6p8vLJB4V1rJXQihKpS4A1UX9P5DhWahwHurM8VM17pfif188guvRyJtIMqCDTRVHGLUisMg4rZJIS4GNNMJFM32qRIZaYgA6tpkNw5l9eJJ2zhmM3nJvzetOexVFFh+gInSAHXaAmukYt1EYEPaJn9IrejCfjxXg3PqatFWM2s4/+wPj8AYvfl4U=</latexit><latexit sha1_base64="BAlzHS2f9x5tVSy0fpSqjzwSkkU=">AAACAXicbVBNS8NAEN3Ur1q/ol4EL8EieJCSiKDHghePFewHNCFsNpt27WYTdidCDfHiX/HiQRGv/gtv/hs3bQ/a+mDg8d4MM/OClDMFtv1tVJaWV1bXquu1jc2t7R1zd6+jkkwS2iYJT2QvwIpyJmgbGHDaSyXFccBpNxhdlX73nkrFEnEL45R6MR4IFjGCQUu+eeAC4yHN3RjDMIjyh6Lwc3Z6V/hm3W7YE1iLxJmROpqh5ZtfbpiQLKYCCMdK9R07BS/HEhjhtKi5maIpJiM8oH1NBY6p8vLJB4V1rJXQihKpS4A1UX9P5DhWahwHurM8VM17pfif188guvRyJtIMqCDTRVHGLUisMg4rZJIS4GNNMJFM32qRIZaYgA6tpkNw5l9eJJ2zhmM3nJvzetOexVFFh+gInSAHXaAmukYt1EYEPaJn9IrejCfjxXg3PqatFWM2s4/+wPj8AYvfl4U=</latexit><latexit sha1_base64="BAlzHS2f9x5tVSy0fpSqjzwSkkU=">AAACAXicbVBNS8NAEN3Ur1q/ol4EL8EieJCSiKDHghePFewHNCFsNpt27WYTdidCDfHiX/HiQRGv/gtv/hs3bQ/a+mDg8d4MM/OClDMFtv1tVJaWV1bXquu1jc2t7R1zd6+jkkwS2iYJT2QvwIpyJmgbGHDaSyXFccBpNxhdlX73nkrFEnEL45R6MR4IFjGCQUu+eeAC4yHN3RjDMIjyh6Lwc3Z6V/hm3W7YE1iLxJmROpqh5ZtfbpiQLKYCCMdK9R07BS/HEhjhtKi5maIpJiM8oH1NBY6p8vLJB4V1rJXQihKpS4A1UX9P5DhWahwHurM8VM17pfif188guvRyJtIMqCDTRVHGLUisMg4rZJIS4GNNMJFM32qRIZaYgA6tpkNw5l9eJJ2zhmM3nJvzetOexVFFh+gInSAHXaAmukYt1EYEPaJn9IrejCfjxXg3PqatFWM2s4/+wPj8AYvfl4U=</latexit><latexit sha1_base64="BAlzHS2f9x5tVSy0fpSqjzwSkkU=">AAACAXicbVBNS8NAEN3Ur1q/ol4EL8EieJCSiKDHghePFewHNCFsNpt27WYTdidCDfHiX/HiQRGv/gtv/hs3bQ/a+mDg8d4MM/OClDMFtv1tVJaWV1bXquu1jc2t7R1zd6+jkkwS2iYJT2QvwIpyJmgbGHDaSyXFccBpNxhdlX73nkrFEnEL45R6MR4IFjGCQUu+eeAC4yHN3RjDMIjyh6Lwc3Z6V/hm3W7YE1iLxJmROpqh5ZtfbpiQLKYCCMdK9R07BS/HEhjhtKi5maIpJiM8oH1NBY6p8vLJB4V1rJXQihKpS4A1UX9P5DhWahwHurM8VM17pfif188guvRyJtIMqCDTRVHGLUisMg4rZJIS4GNNMJFM32qRIZaYgA6tpkNw5l9eJJ2zhmM3nJvzetOexVFFh+gInSAHXaAmukYt1EYEPaJn9IrejCfjxXg3PqatFWM2s4/+wPj8AYvfl4U=</latexit>

(b) Critiquing

Figure 1: Proposed CE-(V)NCF architecture. (a) Given user
ui and item vj embeddings as input, the network produces
a joint embedding ẑi, j and an initial rating r̂i, j and expla-
nation ŝi, j via forward propagation. (b) Shaded squares in-
dicate critiqued keyphrase explanations that modulate the
latent space into z̃i, j for subsequent recommendations.

In this work, we aim to revisit the critiquing framework from the
lens of deep-learning based recommendation methods as well as
language-based interaction that can work with fixed a set of inferred
keyphrase attributes. These framework modifications necessitate
two major changes in how we approach critiquing: (1) In deep
learning based systems, user preferences and feedback must both
be represented and manipulated in the same latent embedded space
to provide updated recommendations after critiquing; (2) Language-
based interaction allows for a richer space of interaction than a set
of fixed item attributes, but also introduces issues with subjective
(personalized) judgments of language-based labels, data sparsity,
synonymity, and inherent label uncertainty.

To address issues (1) and (2), we begin by restricting the lan-
guage interaction to a large set of descriptive keyphrases mined
from user reviews. We then propose an end-to-end deep learning
framework with two variants – one deterministic and one prob-
abilistic – that extend Neural Collaborative Filtering (NCF) [10]
with explanation and critiquing components. These architectures
not only infer personalized keyphrase explanations for a user and
item but also embed language-based feedback in the same latent
space as user and item embeddings in order to modulate subsequent
critiqued recommendations.

We evaluate this deep language-based critiquing framework on
two recommendation datasets containing user reviews. We observe
that our modified NCF approach not only provides a strong base-
line recommender and high-quality personalized item keyphrase
suggestions, but that it also properly suppresses items predicted to
have a critiqued keyphrase. We further demonstrate how the varia-
tional probabilistic approach we propose yields the most compatible
co-embeddings of user and item preferences with language-based
critiques due to its KL-divergence regularization of the latent space.
In summary, this paper provides a modern update of the critiquing
framework to combine deep recommendation with language-based
feedback in what we hope to be a rich space for future research.

2 DEEP EXPLANATION AND CRITIQUING
In this paper, we propose an end-to-end deep learning architecture
that produces human understandable recommendation explana-
tions and allows users to critique these generated explanations to

Table 1: Example keyphrases extracted from the review
datasets.We categorize the reasons for better understanding
of the extraction only.

Dataset Reason Type Keyphrases

Head white, tan, offwhite, brown
Beer Malt roasted, caramel, pale, wheat, rye

Color golden, copper, orange, black, yellow
Taste citrus, fruit, chocolate, cherry, plum

Genre rock, pop, jazz, rap, hip hop, R&B
CDs&Vinyl Instrument orchestra, drum

Style concert, opera
Religious chorus, christian, gospel

refine the recommendations (Figure 1). We present two variants of
the proposed model: one deterministic and one probabilistic. Our
discussion begins with the deterministic variant, which provides
the basic intuition underlying our approach. We then generalize
the deterministic model into a variational probabilistic version that
offers better performance for an additional computational cost.

2.1 Deterministic Model: CE-NCF
We present the deterministic model in three parts: explanation gen-
eration, explanation critiquing, and the overall training objective.

2.1.1 Explanation Generation. The key hypothesis of our explain-
able model is that the observed user i and item j ratings ri, j ∈

{0 (dislike), 1 (like)} and binary explanation vector si, j are gener-
ated from the same underlying latent representation z encoded
jointly from the latent user ui and item vj representations.

We formulate the hypothesis into a deep-learning framework as
shown in Figure 1(a), in which the model is first trained to encode
a user embedding ui and item embedding vj pair into an initial
latent representation ẑi, j via an encoding function fe . Then, the
prediction function fr and fs generate the probability of a “like”
interaction r̂i, j ∈ [0, 1] and explanation ŝi, j for this user-item pair,
respectively. To summarize, our model consists of three functions:

ẑi, j = fe (ui , vj ), ŝi, j = fs (ẑi, j ), and r̂i, j = fr (ẑi, j ) . (1)

The above formulation is general in terms of explanation types;
the explanation could be a list of similar items or stated reasons
in natural language. In this paper, we use a list of keyphrases ex-
tracted from reviews since they are informative and interpretable,
i.e., the keyphrases we will mine from user reviews are intended
to reflect precise reasons for liking or disliking an item. As such,
keyphrases also support a simple interaction mechanism that en-
ables users to express disagreement (or agreement) with a personal-
ized keyphrase explanation for the recommendation and hence, cri-
tique the recommendation. Table 1 shows some examples of the ex-
tracted keyphrases from the BeerAdvocate and Amazon CDs&Vinyl
review datasets we experiment with in this paper.

2.1.2 Explanation Critiquing. The purpose of explanation critiquing
is to refine the recommendation based on a user’s interaction with
the explanations. Intuitively, critiquing enables users to correct the
“static” tastes learned during training so that the recommendation
system can better match current user preferences.

In our model (Figure 1(b)), the critiquing process augments the
latent representation, which in turn modifies the ratings to better
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Figure 2: Probabilistic GraphicalModel view of the proposed
CE-(V)NCFmodel. Action node ci represents a critiquing ac-
tion of user i that modifies the predicted explanation si, j
into critiqued explanation s̃i, j . The dashed arrow denotes
posterior inference after critiquing.

suit the user’s current preferences. Technically, this can be achieved
via an inverse function,

z̃i, j = f −1s (s̃i, j ) (2)

where s̃i, j represents the critiqued explanation and f −1s is the in-
verse function of fs . Unfortunately, the inverse function f −1s may
not exist in general. Inspired by the autoencoder [1], we propose a
work-around by learning an approximation f̃ −1s through minimiz-
ing the reconstruction loss of the latent representation.

As previously noted, the predicted explanations can be critiqued
by “disagreeing” with a subset of keyphrases as demonstrated in
Figure 1. Precisely, the critiquing steps are summarized as follows:

(1) The prediction function fs (z) maps the latent representa-
tion into rating and explanation predictions for each recom-
mended item to a particular user.

(2) The user takes a critiquing action by indicating which expla-
nations they disagree with, effectively “zeroing out” these
keyphrases in ŝi, j .

(3) An inverse prediction function f −1s (z) projects the critiqued
explanation back to the latent representation.

(4) Finally, the model updates the rating and explanation for
each user-item pair as follows:

s̃i, j = fs (z̃i, j ), and r̃i, j = fr (z̃i, j ) . (3)

To re-rank items based on the new rating predictions, critiquing is
applied to explanations of all items recommended to the user.

In addition, to flexibly control the degree of critiquing, we smooth
critiqued updates to the latent space as a linear combination of the
critiqued latent representation and the initial latent representation:

z̃i, j = ρẑi, j + (1 − ρ)z̃i, j , (4)

where ρ ∈ [0, 1] represents a hyperparameter that balances the
impact of the critique on the initial latent representation.

2.1.3 Training Objective. We now train the previously discussed
framework end-to-end by jointly minimizing the objective

minL =min
∑
i, j

L0(ri, j , fr ◦ fe (ui , vj ))

+ λ1
∑
i, j

L1(si, j , fs ◦ fe (ui , vj ))

+ λ2
∑
i, j

L2(fe (ui , vj ), f̃ −1s ◦ fs ◦ fe (ui , vj ))

+ λ3 | |θ | |
2
2 ,

(5)

where L0 represents the rating prediction loss, L1 represents the
explanation prediction loss, L2 represents the latent representation
loss, and θ represents the trainable parameters in the encoding and
prediction functions. λ1, λ2, and λ3 are hyperparameters.

Intuitively,L0 andL1 are supervised objectives where the latent
features ui , vj are pretrained (cf. next section) and the labels si, j
and ri, j are given. L2 is an autoencoding objective which encour-
ages the model to learn latent user-item representations that are
both explainable and recoverable from the explanation inverse, i.e.,
f̃ −1s ◦ fs . All three objectives share the latent encoding function fe ,
which serves as a strong mutual regularizer to limit overfitting of
parameters in fe by any one objective. Moreover, the loss functions
L1 and L2 share the explanation generation function fs that form
another mutual regularizer over the parameters of fs .

We refer to this deterministic model as Critiquable and Explain-
able Neural Collaborative Filtering (CE-NCF). While the CE-NCF
model supports arbitrary loss functions L0, L1 and L2, we simply
use Mean Squared Error (MSE) for all three objectives since it keeps
the range of L2 compatible with L0 and L1, and proved to be more
stable in training than mixing MSE with cross-entropy losses.

2.1.4 User and Item Embeddings. In previous sections, we assumed
that the user and item representations are accessible as pretrained
embeddings.While there aremanyways to pretrain the embeddings
(see [18, 26]), in this paper, we apply randomized singular value
decomposition (SVD) [6] on the user-item interaction matrix

U = PΣ
1
2 V = QΣ

1
2 PΣQT = SVD(R) (6)

to initialize the embeddings. However, since the network jointly
predicts both the user-item interaction probability and the corre-
sponding explanations, fixed SVD embeddings learned purely from
interaction matrix are unlikely to yield accurate joint predictions.
As such, the embeddings are fine-tuned during end-to-end training.

2.2 Variational Probabilistic Model: CE-VNCF
In this section, we generalize the proposed deterministic CE-NCF
model to a probabilistic generative model (Figure 2). Concretely, we
maximize the amortized variational lower-bound of the following
log marginal likelihood:1

log
∏
i, j

p(ri, j , si, j |ui , vj , s̃i, j )

≥
∑
i, j

Eq(zi, j |ui ,vj )[logp(ri, j |zi, j)]

L0

+
∑
i, j

Eq(zi, j |ui ,vj )[logp(si, j |zi, j)]

L1

+
∑
i, j

Eq(zi, j |ui ,vj )[logp(zi, j |s̃i, j )]

L2

−
∑
i, j

KL[q(zi, j |ui , vj )| |p(zi, j)]

+ λ | |θ | |22 ,
(7)

where latent distributions p(zi, j), q(zi, j |ui , vj ), and p(zi, j |s̃i, j ) are
assumed to be Gaussian. On the feedforward pass, we sample zi, j
conditioned on ui and vj ; we then set s̃i, j = fs (zi, j ) required
to determine the loss in L2 and complete a gradient step. The
effect of setting the explanation equal to the critique encourages
invertibility of the explanation and critiquing process – if the

1A full derivation of (7) and training details are given in the online Appendix.
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<latexit sha1_base64="HLTzDD3N/lVeEDmey1oqj9Ssz04=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPBi8cWTFtoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8MBVcG9f9dkobm1vbO+Xdyt7+weFR9fikrZNMMfRZIhLVDalGwSX6hhuB3VQhjUOBnXByN/c7T6g0T+SDmaYYxHQkecQZNVZqeYNqza27C5B14hWkBgWag+pXf5iwLEZpmKBa9zw3NUFOleFM4KzSzzSmlE3oCHuWShqjDvLFoTNyYZUhiRJlSxqyUH9P5DTWehqHtjOmZqxXvbn4n9fLTHQb5FymmUHJlouiTBCTkPnXZMgVMiOmllCmuL2VsDFVlBmbTcWG4K2+vE7aV3XPrXut61rDLeIowxmcwyV4cAMNuIcm+MAA4Rle4c15dF6cd+dj2VpyiplT+APn8wd1M4yj</latexit><latexit sha1_base64="HLTzDD3N/lVeEDmey1oqj9Ssz04=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPBi8cWTFtoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8MBVcG9f9dkobm1vbO+Xdyt7+weFR9fikrZNMMfRZIhLVDalGwSX6hhuB3VQhjUOBnXByN/c7T6g0T+SDmaYYxHQkecQZNVZqeYNqza27C5B14hWkBgWag+pXf5iwLEZpmKBa9zw3NUFOleFM4KzSzzSmlE3oCHuWShqjDvLFoTNyYZUhiRJlSxqyUH9P5DTWehqHtjOmZqxXvbn4n9fLTHQb5FymmUHJlouiTBCTkPnXZMgVMiOmllCmuL2VsDFVlBmbTcWG4K2+vE7aV3XPrXut61rDLeIowxmcwyV4cAMNuIcm+MAA4Rle4c15dF6cd+dj2VpyiplT+APn8wd1M4yj</latexit><latexit sha1_base64="HLTzDD3N/lVeEDmey1oqj9Ssz04=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPBi8cWTFtoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8MBVcG9f9dkobm1vbO+Xdyt7+weFR9fikrZNMMfRZIhLVDalGwSX6hhuB3VQhjUOBnXByN/c7T6g0T+SDmaYYxHQkecQZNVZqeYNqza27C5B14hWkBgWag+pXf5iwLEZpmKBa9zw3NUFOleFM4KzSzzSmlE3oCHuWShqjDvLFoTNyYZUhiRJlSxqyUH9P5DTWehqHtjOmZqxXvbn4n9fLTHQb5FymmUHJlouiTBCTkPnXZMgVMiOmllCmuL2VsDFVlBmbTcWG4K2+vE7aV3XPrXut61rDLeIowxmcwyV4cAMNuIcm+MAA4Rle4c15dF6cd+dj2VpyiplT+APn8wd1M4yj</latexit><latexit sha1_base64="HLTzDD3N/lVeEDmey1oqj9Ssz04=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPBi8cWTFtoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8MBVcG9f9dkobm1vbO+Xdyt7+weFR9fikrZNMMfRZIhLVDalGwSX6hhuB3VQhjUOBnXByN/c7T6g0T+SDmaYYxHQkecQZNVZqeYNqza27C5B14hWkBgWag+pXf5iwLEZpmKBa9zw3NUFOleFM4KzSzzSmlE3oCHuWShqjDvLFoTNyYZUhiRJlSxqyUH9P5DTWehqHtjOmZqxXvbn4n9fLTHQb5FymmUHJlouiTBCTkPnXZMgVMiOmllCmuL2VsDFVlBmbTcWG4K2+vE7aV3XPrXut61rDLeIowxmcwyV4cAMNuIcm+MAA4Rle4c15dF6cd+dj2VpyiplT+APn8wd1M4yj</latexit>

1
<latexit sha1_base64="HLTzDD3N/lVeEDmey1oqj9Ssz04=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPBi8cWTFtoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8MBVcG9f9dkobm1vbO+Xdyt7+weFR9fikrZNMMfRZIhLVDalGwSX6hhuB3VQhjUOBnXByN/c7T6g0T+SDmaYYxHQkecQZNVZqeYNqza27C5B14hWkBgWag+pXf5iwLEZpmKBa9zw3NUFOleFM4KzSzzSmlE3oCHuWShqjDvLFoTNyYZUhiRJlSxqyUH9P5DTWehqHtjOmZqxXvbn4n9fLTHQb5FymmUHJlouiTBCTkPnXZMgVMiOmllCmuL2VsDFVlBmbTcWG4K2+vE7aV3XPrXut61rDLeIowxmcwyV4cAMNuIcm+MAA4Rle4c15dF6cd+dj2VpyiplT+APn8wd1M4yj</latexit><latexit sha1_base64="HLTzDD3N/lVeEDmey1oqj9Ssz04=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPBi8cWTFtoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8MBVcG9f9dkobm1vbO+Xdyt7+weFR9fikrZNMMfRZIhLVDalGwSX6hhuB3VQhjUOBnXByN/c7T6g0T+SDmaYYxHQkecQZNVZqeYNqza27C5B14hWkBgWag+pXf5iwLEZpmKBa9zw3NUFOleFM4KzSzzSmlE3oCHuWShqjDvLFoTNyYZUhiRJlSxqyUH9P5DTWehqHtjOmZqxXvbn4n9fLTHQb5FymmUHJlouiTBCTkPnXZMgVMiOmllCmuL2VsDFVlBmbTcWG4K2+vE7aV3XPrXut61rDLeIowxmcwyV4cAMNuIcm+MAA4Rle4c15dF6cd+dj2VpyiplT+APn8wd1M4yj</latexit><latexit sha1_base64="HLTzDD3N/lVeEDmey1oqj9Ssz04=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPBi8cWTFtoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8MBVcG9f9dkobm1vbO+Xdyt7+weFR9fikrZNMMfRZIhLVDalGwSX6hhuB3VQhjUOBnXByN/c7T6g0T+SDmaYYxHQkecQZNVZqeYNqza27C5B14hWkBgWag+pXf5iwLEZpmKBa9zw3NUFOleFM4KzSzzSmlE3oCHuWShqjDvLFoTNyYZUhiRJlSxqyUH9P5DTWehqHtjOmZqxXvbn4n9fLTHQb5FymmUHJlouiTBCTkPnXZMgVMiOmllCmuL2VsDFVlBmbTcWG4K2+vE7aV3XPrXut61rDLeIowxmcwyV4cAMNuIcm+MAA4Rle4c15dF6cd+dj2VpyiplT+APn8wd1M4yj</latexit><latexit sha1_base64="HLTzDD3N/lVeEDmey1oqj9Ssz04=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPBi8cWTFtoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8MBVcG9f9dkobm1vbO+Xdyt7+weFR9fikrZNMMfRZIhLVDalGwSX6hhuB3VQhjUOBnXByN/c7T6g0T+SDmaYYxHQkecQZNVZqeYNqza27C5B14hWkBgWag+pXf5iwLEZpmKBa9zw3NUFOleFM4KzSzzSmlE3oCHuWShqjDvLFoTNyYZUhiRJlSxqyUH9P5DTWehqHtjOmZqxXvbn4n9fLTHQb5FymmUHJlouiTBCTkPnXZMgVMiOmllCmuL2VsDFVlBmbTcWG4K2+vE7aV3XPrXut61rDLeIowxmcwyV4cAMNuIcm+MAA4Rle4c15dF6cd+dj2VpyiplT+APn8wd1M4yj</latexit>

0
<latexit sha1_base64="k+eAahHboMiSibYjiJgad5pIiKI=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKcyKoMeAF48JmAckS5id9CZjZmeXmVkhhHyBFw+KePWTvPk3TpI9aGJBQ1HVTXdXmEphLKXfXmFjc2t7p7hb2ts/ODwqH5+0TJJpjk2eyER3QmZQCoVNK6zETqqRxaHEdji+m/vtJ9RGJOrBTlIMYjZUIhKcWSc1aL9coVW6AFknfk4qkKPeL3/1BgnPYlSWS2ZM16epDaZMW8Elzkq9zGDK+JgNseuoYjGaYLo4dEYunDIgUaJdKUsW6u+JKYuNmcSh64yZHZlVby7+53UzG90GU6HSzKLiy0VRJolNyPxrMhAauZUTRxjXwt1K+Ihpxq3LpuRC8FdfXietq6pPq37julKjeRxFOINzuAQfbqAG91CHJnBAeIZXePMevRfv3ftYtha8fOYU/sD7/AFzr4yi</latexit><latexit sha1_base64="k+eAahHboMiSibYjiJgad5pIiKI=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKcyKoMeAF48JmAckS5id9CZjZmeXmVkhhHyBFw+KePWTvPk3TpI9aGJBQ1HVTXdXmEphLKXfXmFjc2t7p7hb2ts/ODwqH5+0TJJpjk2eyER3QmZQCoVNK6zETqqRxaHEdji+m/vtJ9RGJOrBTlIMYjZUIhKcWSc1aL9coVW6AFknfk4qkKPeL3/1BgnPYlSWS2ZM16epDaZMW8Elzkq9zGDK+JgNseuoYjGaYLo4dEYunDIgUaJdKUsW6u+JKYuNmcSh64yZHZlVby7+53UzG90GU6HSzKLiy0VRJolNyPxrMhAauZUTRxjXwt1K+Ihpxq3LpuRC8FdfXietq6pPq37julKjeRxFOINzuAQfbqAG91CHJnBAeIZXePMevRfv3ftYtha8fOYU/sD7/AFzr4yi</latexit><latexit sha1_base64="k+eAahHboMiSibYjiJgad5pIiKI=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKcyKoMeAF48JmAckS5id9CZjZmeXmVkhhHyBFw+KePWTvPk3TpI9aGJBQ1HVTXdXmEphLKXfXmFjc2t7p7hb2ts/ODwqH5+0TJJpjk2eyER3QmZQCoVNK6zETqqRxaHEdji+m/vtJ9RGJOrBTlIMYjZUIhKcWSc1aL9coVW6AFknfk4qkKPeL3/1BgnPYlSWS2ZM16epDaZMW8Elzkq9zGDK+JgNseuoYjGaYLo4dEYunDIgUaJdKUsW6u+JKYuNmcSh64yZHZlVby7+53UzG90GU6HSzKLiy0VRJolNyPxrMhAauZUTRxjXwt1K+Ihpxq3LpuRC8FdfXietq6pPq37julKjeRxFOINzuAQfbqAG91CHJnBAeIZXePMevRfv3ftYtha8fOYU/sD7/AFzr4yi</latexit><latexit sha1_base64="k+eAahHboMiSibYjiJgad5pIiKI=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKcyKoMeAF48JmAckS5id9CZjZmeXmVkhhHyBFw+KePWTvPk3TpI9aGJBQ1HVTXdXmEphLKXfXmFjc2t7p7hb2ts/ODwqH5+0TJJpjk2eyER3QmZQCoVNK6zETqqRxaHEdji+m/vtJ9RGJOrBTlIMYjZUIhKcWSc1aL9coVW6AFknfk4qkKPeL3/1BgnPYlSWS2ZM16epDaZMW8Elzkq9zGDK+JgNseuoYjGaYLo4dEYunDIgUaJdKUsW6u+JKYuNmcSh64yZHZlVby7+53UzG90GU6HSzKLiy0VRJolNyPxrMhAauZUTRxjXwt1K+Ihpxq3LpuRC8FdfXietq6pPq37julKjeRxFOINzuAQfbqAG91CHJnBAeIZXePMevRfv3ftYtha8fOYU/sD7/AFzr4yi</latexit>

fs(z)
<latexit sha1_base64="6dF61HvOZqW+/rCBBcCHJXhXgu4=">AAAB+HicbVDLSsNAFL2pr1ofjbp0M1iEuimJFHRZcOOygn1AG8JkOmmHTiZhZiK0oV/ixoUibv0Ud/6NkzYLbT0wcDjnXu6ZEyScKe0431Zpa3tnd6+8Xzk4PDqu2ienXRWnktAOiXks+wFWlDNBO5ppTvuJpDgKOO0F07vc7z1RqVgsHvUsoV6Ex4KFjGBtJN+uhr6qDyOsJ0GYzRdXvl1zGs4SaJO4BalBgbZvfw1HMUkjKjThWKmB6yTay7DUjHC6qAxTRRNMpnhMB4YKHFHlZcvgC3RplBEKY2me0Gip/t7IcKTULArMZB5RrXu5+J83SHV462VMJKmmgqwOhSlHOkZ5C2jEJCWazwzBRDKTFZEJlpho01XFlOCuf3mTdK8brtNwH5q1llPUUYZzuIA6uHADLbiHNnSAQArP8Apv1tx6sd6tj9VoySp2zuAPrM8flROS+A==</latexit><latexit sha1_base64="6dF61HvOZqW+/rCBBcCHJXhXgu4=">AAAB+HicbVDLSsNAFL2pr1ofjbp0M1iEuimJFHRZcOOygn1AG8JkOmmHTiZhZiK0oV/ixoUibv0Ud/6NkzYLbT0wcDjnXu6ZEyScKe0431Zpa3tnd6+8Xzk4PDqu2ienXRWnktAOiXks+wFWlDNBO5ppTvuJpDgKOO0F07vc7z1RqVgsHvUsoV6Ex4KFjGBtJN+uhr6qDyOsJ0GYzRdXvl1zGs4SaJO4BalBgbZvfw1HMUkjKjThWKmB6yTay7DUjHC6qAxTRRNMpnhMB4YKHFHlZcvgC3RplBEKY2me0Gip/t7IcKTULArMZB5RrXu5+J83SHV462VMJKmmgqwOhSlHOkZ5C2jEJCWazwzBRDKTFZEJlpho01XFlOCuf3mTdK8brtNwH5q1llPUUYZzuIA6uHADLbiHNnSAQArP8Apv1tx6sd6tj9VoySp2zuAPrM8flROS+A==</latexit><latexit sha1_base64="6dF61HvOZqW+/rCBBcCHJXhXgu4=">AAAB+HicbVDLSsNAFL2pr1ofjbp0M1iEuimJFHRZcOOygn1AG8JkOmmHTiZhZiK0oV/ixoUibv0Ud/6NkzYLbT0wcDjnXu6ZEyScKe0431Zpa3tnd6+8Xzk4PDqu2ienXRWnktAOiXks+wFWlDNBO5ppTvuJpDgKOO0F07vc7z1RqVgsHvUsoV6Ex4KFjGBtJN+uhr6qDyOsJ0GYzRdXvl1zGs4SaJO4BalBgbZvfw1HMUkjKjThWKmB6yTay7DUjHC6qAxTRRNMpnhMB4YKHFHlZcvgC3RplBEKY2me0Gip/t7IcKTULArMZB5RrXu5+J83SHV462VMJKmmgqwOhSlHOkZ5C2jEJCWazwzBRDKTFZEJlpho01XFlOCuf3mTdK8brtNwH5q1llPUUYZzuIA6uHADLbiHNnSAQArP8Apv1tx6sd6tj9VoySp2zuAPrM8flROS+A==</latexit><latexit sha1_base64="6dF61HvOZqW+/rCBBcCHJXhXgu4=">AAAB+HicbVDLSsNAFL2pr1ofjbp0M1iEuimJFHRZcOOygn1AG8JkOmmHTiZhZiK0oV/ixoUibv0Ud/6NkzYLbT0wcDjnXu6ZEyScKe0431Zpa3tnd6+8Xzk4PDqu2ienXRWnktAOiXks+wFWlDNBO5ppTvuJpDgKOO0F07vc7z1RqVgsHvUsoV6Ex4KFjGBtJN+uhr6qDyOsJ0GYzRdXvl1zGs4SaJO4BalBgbZvfw1HMUkjKjThWKmB6yTay7DUjHC6qAxTRRNMpnhMB4YKHFHlZcvgC3RplBEKY2me0Gip/t7IcKTULArMZB5RrXu5+J83SHV462VMJKmmgqwOhSlHOkZ5C2jEJCWazwzBRDKTFZEJlpho01XFlOCuf3mTdK8brtNwH5q1llPUUYZzuIA6uHADLbiHNnSAQArP8Apv1tx6sd6tj9VoySp2zuAPrM8flROS+A==</latexit>

f�1
s (s̃)

<latexit sha1_base64="s33a2wGLOLk9b7nD8kFtCeVQ90U=">AAACBXicbVBNS8NAEJ34WetX1KMegkWoB0sigh4LXjxWsB/QxLDZbNqlm03Y3Qgl5OLFv+LFgyJe/Q/e/Ddu2h609cHA470ZZuYFKaNS2fa3sbS8srq2Xtmobm5t7+yae/sdmWQCkzZOWCJ6AZKEUU7aiipGeqkgKA4Y6Qaj69LvPhAhacLv1DglXowGnEYUI6Ul3zyKfHmfnzlF3VWUhSR3Y6SGQZTLojj1zZrdsCewFokzIzWYoeWbX26Y4CwmXGGGpOw7dqq8HAlFMSNF1c0kSREeoQHpa8pRTKSXT74orBOthFaUCF1cWRP190SOYinHcaA7yxvlvFeK/3n9TEVXXk55minC8XRRlDFLJVYZiRVSQbBiY00QFlTfauEhEggrHVxVh+DMv7xIOucNx244txe1pj2LowKHcAx1cOASmnADLWgDhkd4hld4M56MF+Pd+Ji2LhmzmQP4A+PzB5BVmI0=</latexit><latexit sha1_base64="s33a2wGLOLk9b7nD8kFtCeVQ90U=">AAACBXicbVBNS8NAEJ34WetX1KMegkWoB0sigh4LXjxWsB/QxLDZbNqlm03Y3Qgl5OLFv+LFgyJe/Q/e/Ddu2h609cHA470ZZuYFKaNS2fa3sbS8srq2Xtmobm5t7+yae/sdmWQCkzZOWCJ6AZKEUU7aiipGeqkgKA4Y6Qaj69LvPhAhacLv1DglXowGnEYUI6Ul3zyKfHmfnzlF3VWUhSR3Y6SGQZTLojj1zZrdsCewFokzIzWYoeWbX26Y4CwmXGGGpOw7dqq8HAlFMSNF1c0kSREeoQHpa8pRTKSXT74orBOthFaUCF1cWRP190SOYinHcaA7yxvlvFeK/3n9TEVXXk55minC8XRRlDFLJVYZiRVSQbBiY00QFlTfauEhEggrHVxVh+DMv7xIOucNx244txe1pj2LowKHcAx1cOASmnADLWgDhkd4hld4M56MF+Pd+Ji2LhmzmQP4A+PzB5BVmI0=</latexit><latexit sha1_base64="s33a2wGLOLk9b7nD8kFtCeVQ90U=">AAACBXicbVBNS8NAEJ34WetX1KMegkWoB0sigh4LXjxWsB/QxLDZbNqlm03Y3Qgl5OLFv+LFgyJe/Q/e/Ddu2h609cHA470ZZuYFKaNS2fa3sbS8srq2Xtmobm5t7+yae/sdmWQCkzZOWCJ6AZKEUU7aiipGeqkgKA4Y6Qaj69LvPhAhacLv1DglXowGnEYUI6Ul3zyKfHmfnzlF3VWUhSR3Y6SGQZTLojj1zZrdsCewFokzIzWYoeWbX26Y4CwmXGGGpOw7dqq8HAlFMSNF1c0kSREeoQHpa8pRTKSXT74orBOthFaUCF1cWRP190SOYinHcaA7yxvlvFeK/3n9TEVXXk55minC8XRRlDFLJVYZiRVSQbBiY00QFlTfauEhEggrHVxVh+DMv7xIOucNx244txe1pj2LowKHcAx1cOASmnADLWgDhkd4hld4M56MF+Pd+Ji2LhmzmQP4A+PzB5BVmI0=</latexit><latexit sha1_base64="s33a2wGLOLk9b7nD8kFtCeVQ90U=">AAACBXicbVBNS8NAEJ34WetX1KMegkWoB0sigh4LXjxWsB/QxLDZbNqlm03Y3Qgl5OLFv+LFgyJe/Q/e/Ddu2h609cHA470ZZuYFKaNS2fa3sbS8srq2Xtmobm5t7+yae/sdmWQCkzZOWCJ6AZKEUU7aiipGeqkgKA4Y6Qaj69LvPhAhacLv1DglXowGnEYUI6Ul3zyKfHmfnzlF3VWUhSR3Y6SGQZTLojj1zZrdsCewFokzIzWYoeWbX26Y4CwmXGGGpOw7dqq8HAlFMSNF1c0kSREeoQHpa8pRTKSXT74orBOthFaUCF1cWRP190SOYinHcaA7yxvlvFeK/3n9TEVXXk55minC8XRRlDFLJVYZiRVSQbBiY00QFlTfauEhEggrHVxVh+DMv7xIOucNx244txe1pj2LowKHcAx1cOASmnADLWgDhkd4hld4M56MF+Pd+Ji2LhmzmQP4A+PzB5BVmI0=</latexit>

Latent Space
<latexit sha1_base64="5aasFFWLagFsv4a5NNmbMTVvKrE=">AAAB/HicbVDLSgNBEOz1GeNrNUcvg0HwFHZF0GPAiwcPEc0DkiXMTnqTIbMPZmbFZYm/4sWDIl79EG/+jZNkD5pYMFBUdfd0l58IrrTjfFsrq2vrG5ulrfL2zu7evn1w2FJxKhk2WSxi2fGpQsEjbGquBXYSiTT0Bbb98dXUbz+gVDyO7nWWoBfSYcQDzqg2Ut+u9DQ+6vyGaow0uUsow0nfrjo1ZwayTNyCVKFAo29/9QYxS0MzggmqVNd1Eu3lVGrOBE7KvVShmTymQ+waGtEQlZfPlp+QE6MMSBBL88wKM/V3R05DpbLQN5Uh1SO16E3F/7xuqoNLL+dRkprb2PyjIBVEx2SaBBlwiUyLzBDKJDe7EjaikjJt8iqbENzFk5dJ66zmOjX39rxad4o4SnAEx3AKLlxAHa6hAU1gkMEzvMKb9WS9WO/Wx7x0xSp6KvAH1ucP89SU5A==</latexit><latexit sha1_base64="5aasFFWLagFsv4a5NNmbMTVvKrE=">AAAB/HicbVDLSgNBEOz1GeNrNUcvg0HwFHZF0GPAiwcPEc0DkiXMTnqTIbMPZmbFZYm/4sWDIl79EG/+jZNkD5pYMFBUdfd0l58IrrTjfFsrq2vrG5ulrfL2zu7evn1w2FJxKhk2WSxi2fGpQsEjbGquBXYSiTT0Bbb98dXUbz+gVDyO7nWWoBfSYcQDzqg2Ut+u9DQ+6vyGaow0uUsow0nfrjo1ZwayTNyCVKFAo29/9QYxS0MzggmqVNd1Eu3lVGrOBE7KvVShmTymQ+waGtEQlZfPlp+QE6MMSBBL88wKM/V3R05DpbLQN5Uh1SO16E3F/7xuqoNLL+dRkprb2PyjIBVEx2SaBBlwiUyLzBDKJDe7EjaikjJt8iqbENzFk5dJ66zmOjX39rxad4o4SnAEx3AKLlxAHa6hAU1gkMEzvMKb9WS9WO/Wx7x0xSp6KvAH1ucP89SU5A==</latexit><latexit sha1_base64="5aasFFWLagFsv4a5NNmbMTVvKrE=">AAAB/HicbVDLSgNBEOz1GeNrNUcvg0HwFHZF0GPAiwcPEc0DkiXMTnqTIbMPZmbFZYm/4sWDIl79EG/+jZNkD5pYMFBUdfd0l58IrrTjfFsrq2vrG5ulrfL2zu7evn1w2FJxKhk2WSxi2fGpQsEjbGquBXYSiTT0Bbb98dXUbz+gVDyO7nWWoBfSYcQDzqg2Ut+u9DQ+6vyGaow0uUsow0nfrjo1ZwayTNyCVKFAo29/9QYxS0MzggmqVNd1Eu3lVGrOBE7KvVShmTymQ+waGtEQlZfPlp+QE6MMSBBL88wKM/V3R05DpbLQN5Uh1SO16E3F/7xuqoNLL+dRkprb2PyjIBVEx2SaBBlwiUyLzBDKJDe7EjaikjJt8iqbENzFk5dJ66zmOjX39rxad4o4SnAEx3AKLlxAHa6hAU1gkMEzvMKb9WS9WO/Wx7x0xSp6KvAH1ucP89SU5A==</latexit><latexit sha1_base64="5aasFFWLagFsv4a5NNmbMTVvKrE=">AAAB/HicbVDLSgNBEOz1GeNrNUcvg0HwFHZF0GPAiwcPEc0DkiXMTnqTIbMPZmbFZYm/4sWDIl79EG/+jZNkD5pYMFBUdfd0l58IrrTjfFsrq2vrG5ulrfL2zu7evn1w2FJxKhk2WSxi2fGpQsEjbGquBXYSiTT0Bbb98dXUbz+gVDyO7nWWoBfSYcQDzqg2Ut+u9DQ+6vyGaow0uUsow0nfrjo1ZwayTNyCVKFAo29/9QYxS0MzggmqVNd1Eu3lVGrOBE7KvVShmTymQ+waGtEQlZfPlp+QE6MMSBBL88wKM/V3R05DpbLQN5Uh1SO16E3F/7xuqoNLL+dRkprb2PyjIBVEx2SaBBlwiUyLzBDKJDe7EjaikjJt8iqbENzFk5dJ66zmOjX39rxad4o4SnAEx3AKLlxAHa6hAU1gkMEzvMKb9WS9WO/Wx7x0xSp6KvAH1ucP89SU5A==</latexit>

Key-phrase Space
<latexit sha1_base64="XrKWTsqGvmCiJ4xsAcqVSHnKCcM=">AAACAHicbVC7SgNBFJ2NrxhfUQsLm8Eg2Bh2RdAyYCPYRDQPSEKYndxNhszOLjN3xWVJ46/YWChi62fY+TdOHoUmHhg4nHMfc48fS2HQdb+d3NLyyupafr2wsbm1vVPc3aubKNEcajySkW76zIAUCmooUEIz1sBCX0LDH16N/cYDaCMidY9pDJ2Q9ZUIBGdopW7xoI3wiNkNpKfxQNtB9C5mHEbdYsktuxPQReLNSInMUO0Wv9q9iCchKOSSGdPy3Bg7GdMouIRRoZ0YsJOHrA8tSxULwXSyyQEjemyVHg0ibZ9COlF/d2QsNCYNfVsZMhyYeW8s/ue1EgwuO5lQcYKg+HRRkEiKER2nQXtCA0eZWsK4FvavlA+YZhxtZgUbgjd/8iKpn5U9t+zdnpcq7iyOPDkkR+SEeOSCVMg1qZIa4WREnskreXOenBfn3fmYluacWc8++QPn8wfXY5Z9</latexit><latexit sha1_base64="XrKWTsqGvmCiJ4xsAcqVSHnKCcM=">AAACAHicbVC7SgNBFJ2NrxhfUQsLm8Eg2Bh2RdAyYCPYRDQPSEKYndxNhszOLjN3xWVJ46/YWChi62fY+TdOHoUmHhg4nHMfc48fS2HQdb+d3NLyyupafr2wsbm1vVPc3aubKNEcajySkW76zIAUCmooUEIz1sBCX0LDH16N/cYDaCMidY9pDJ2Q9ZUIBGdopW7xoI3wiNkNpKfxQNtB9C5mHEbdYsktuxPQReLNSInMUO0Wv9q9iCchKOSSGdPy3Bg7GdMouIRRoZ0YsJOHrA8tSxULwXSyyQEjemyVHg0ibZ9COlF/d2QsNCYNfVsZMhyYeW8s/ue1EgwuO5lQcYKg+HRRkEiKER2nQXtCA0eZWsK4FvavlA+YZhxtZgUbgjd/8iKpn5U9t+zdnpcq7iyOPDkkR+SEeOSCVMg1qZIa4WREnskreXOenBfn3fmYluacWc8++QPn8wfXY5Z9</latexit><latexit sha1_base64="XrKWTsqGvmCiJ4xsAcqVSHnKCcM=">AAACAHicbVC7SgNBFJ2NrxhfUQsLm8Eg2Bh2RdAyYCPYRDQPSEKYndxNhszOLjN3xWVJ46/YWChi62fY+TdOHoUmHhg4nHMfc48fS2HQdb+d3NLyyupafr2wsbm1vVPc3aubKNEcajySkW76zIAUCmooUEIz1sBCX0LDH16N/cYDaCMidY9pDJ2Q9ZUIBGdopW7xoI3wiNkNpKfxQNtB9C5mHEbdYsktuxPQReLNSInMUO0Wv9q9iCchKOSSGdPy3Bg7GdMouIRRoZ0YsJOHrA8tSxULwXSyyQEjemyVHg0ibZ9COlF/d2QsNCYNfVsZMhyYeW8s/ue1EgwuO5lQcYKg+HRRkEiKER2nQXtCA0eZWsK4FvavlA+YZhxtZgUbgjd/8iKpn5U9t+zdnpcq7iyOPDkkR+SEeOSCVMg1qZIa4WREnskreXOenBfn3fmYluacWc8++QPn8wfXY5Z9</latexit><latexit sha1_base64="XrKWTsqGvmCiJ4xsAcqVSHnKCcM=">AAACAHicbVC7SgNBFJ2NrxhfUQsLm8Eg2Bh2RdAyYCPYRDQPSEKYndxNhszOLjN3xWVJ46/YWChi62fY+TdOHoUmHhg4nHMfc48fS2HQdb+d3NLyyupafr2wsbm1vVPc3aubKNEcajySkW76zIAUCmooUEIz1sBCX0LDH16N/cYDaCMidY9pDJ2Q9ZUIBGdopW7xoI3wiNkNpKfxQNtB9C5mHEbdYsktuxPQReLNSInMUO0Wv9q9iCchKOSSGdPy3Bg7GdMouIRRoZ0YsJOHrA8tSxULwXSyyQEjemyVHg0ibZ9COlF/d2QsNCYNfVsZMhyYeW8s/ue1EgwuO5lQcYKg+HRRkEiKER2nQXtCA0eZWsK4FvavlA+YZhxtZgUbgjd/8iKpn5U9t+zdnpcq7iyOPDkkR+SEeOSCVMg1qZIa4WREnskreXOenBfn3fmYluacWc8++QPn8wfXY5Z9</latexit>

Figure 3: Conceptualization of themapping between a 2D la-
tent representation and a 2D keyphrase representation. The
green solid line shows the latent to keyphrase space map-
ping and the dashed line shows the inverse after a critique
zeroes out a keyphrase (red dashed projection to axis).

critique was the same as the explanation then we should recover
the same embedding that produced the explanation to begin with.
During variational training, all parameters of p and q are learned
and the SVD-initialized embeddings ui and vj are fine-tuned.

We call this probabilistic extension the Critiquable and Explain-
able Variational Neural Collaborative Filtering (CE-VNCF). The net-
work architecture of the probabilistic extension is identical to the
deterministic model, and the three expectation terms in Equation 7
correspond to the three components of the deterministic objective
in Equation 5, where the conditional probability q(zi, j |ui , vj ) of
the deterministic model is simply the delta distribution. The key
difference is that the Kullback-Leibler (KL) divergence [12] term
in Equation 7 provides an additional soft constraint on the latent
representation. This constraint encourages the high density area
of the latent embedding distribution to be close to the origin (illus-
trated in Figure 3). This property enables the critiquing loop to be
stable and encourages the post-critique latent embedding to remain
in a domain compatible with the original embedding. We further
explore these properties on real data in Section 3.4.1 and Figure 4.

During the critiquing stage, the probabilistic model produces
updated rating and explanation predictions

argmaxri, j ,si, j Eq(zi, j |ui ,vj , s̃i, j )[logp(ri, j , si, j , |zi, j )], (8)

by conditioning on the posterior latent representation distribution
q(zi, j |ui , vj , s̃i, j ). Specifically, the posterior distribution is a conve-
nient closed-form product of two Gaussian distributions from the
initial user-item embedding and the critiqued explanation inversion

q(zi, j |ui , vj , s̃i, j )

= q(zi, j |ui , vj )

N(µui ,vj ,σui ,vj )

p(zi, j |s̃i, j )

N(µsi, j ,σsi, j )

= N

(σ 2
ui ,vj µui ,vj + σ

2
si, j µsi, j

σ 2
ui ,vj + σ

2
si, j

,
σ 2
ui ,vjσ

2
si, j

σ 2
ui ,vj + σ

2
si, j

)
,

(9)

where the posterior mean is a linear combination of the means of
the original Gaussians weighted by their posterior variance.

Comparing the posterior latent believe update in Equation 9 and
the deterministic latent belief update in Equation 4, we see that the

Table 2: Summary of datasets. We selected 40 keyphrases
for CDs&Vinyl and 75 keyphrases for BeerAdvocate. Cover-
age shows the percentage of reviews/comments that have at
least one selected keyphrase.

Dataset # Users # Items # Reviews Sparsity Keyphrase
Coverage

Keyphrase
Average Counts
(per Review)

Beer
(BeerAdvocate) 6,370 3,668 263,278 1.1268% 99.29% 7.7256

CDs&Vinyl
(Amazon) 6,056 4,395 152,670 0.5736% 75.48% 2.1969

former deterministic latent belief update is simply a special case of

the latter posterior update, where specifically ρ =
σ 2
ui ,vj

σ 2
ui ,vj +σ

2
si, j

.

3 EXPERIMENTS
Now we proceed to evaluate the previously proposed CE-(V)NCF
models in order to answer the following questions:

• Do the additional CE-(V)NCF training objectives for expla-
nation and critiquing hurt recommendation performance
compared to NCF and other state-of-the-art recommenders?

• Are CE-(V)NCF models able to produce reasonable explana-
tions for their recommendations?

• Are CE-(V)NCF models effective on re-ranking recommen-
dation by critiquing explanations?

• Which proposed model performs better, the variational prob-
abilistic CE-VNCFmodel or the deterministic CE-NCFmodel?

All code to reproduce these results is publicly available on Github.2

3.1 Experiment Settings
3.1.1 Dataset. We evaluate the proposed CE-(V)NCF models on
two publicly available datasets: BeerAdvocate [15] and Amazon
CDs&Vinyl [9, 16]. Each of the datasets contains more than 100,000
reviews and product rating records. For the purpose of Top-N rec-
ommendation, we binarize the rating column of both datasets with
a rating threshold τ . In CDs&Vinyl, the threshold is τ > 3 out of 5.
Due to the fact that people tend to rate positively in BeerAdvocate,
we define the rating threshold τ > 4 out of 5.

The datasets do not contain preselected keyphrases. Hence, we
used the following generic processing steps to extract candidate
keyphrases from the reviews to be used for explanation and cri-
tiquing for each dataset:

(1) Extract separate unigram and bigram lists of high frequency
noun and adjective phrases from reviews of the entire dataset.

(2) Prune the bigram keyphrase list using a Pointwise Mutual In-
formation (PMI) threshold to ensure bigrams are statistically
unlikely to have occurred at random.

(3) Represent each review as a sparse 0-1 vector indicating
whether each keyphrase occurred in the review.

While keyphrases are fixed, their usage for items is highly person-
alized. Table 2 shows overall dataset statistics for our experiments.

2https://github.com/wuga214/DeepCritiquingForRecSys

https://github.com/wuga214/DeepCritiquingForRecSys
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3.1.2 Evaluation Metrics. We evaluate the proposed framework
from three quantitative perspectives: Top-N recommendation per-
formance, Top-K explanation performance, and critiquing effective-
ness. Metrics for each are discussed in the following subsections.
General Recommendation For Top-N recommendation perfor-
mance, we compare the proposed methods with state-of-the-art
recommenders on five metrics: MAP@N, Precision@N, Recall@N,
R-Precision, and NDCG [11].
Explanation Generation For Top-K explanation generation per-
formance, we report NDCG@K, MAP@K, Precision@K, and Re-
call@K for predicted keyphrases that a user would use to describe
an item; results were evaluated on held-out test reviews that were
not trained on. We compare our results with the ranked list of most
popular keyphrases for each user (UserPop) and the most popular
keyphrases for each item (ItemPop) to show that our explanation
methods are both item-specific and personalized.
Critiquing Effectiveness Since the proposed CE-(V)NCF models
are latent models where keyphrase explanations for (previously un-
reviewed) recommended items are personalized for a user, there is
no explicit ground truth for the evaluation of critiquing. Therefore,
we propose a novel evaluation metric called Falling MAP (F-MAP).

Given a set of items S = {Itemj | j ∈ {1 · · ·n}}, and a critiquable
keyphrase k , if k is in the Top-K explanation prediction of item j
for user i , we say the item j belongs to the item set Sik . Ideally, after
user’s i critique on k , we would want the rank of any affected items
Sik to “fall” (move further down the ranked list) from the Top-N
item recommendation list for user i after critiquing.

Using Sik as a surrogate to label ground truth “relevance” in
a standard Mean Average Precision (MAP) metric, Falling MAP
measures the ranking difference of the affected items set Sik before
and after critiquing keyphrase k . Specifically,

F-MAP(i,k,N ) = MAP@N before
Sik

−MAP@N after
Sik
, (10)

where N is the number of items to be recommended and Sik is
cached before critiquing (i.e., keyphrases for items should not
change after critiquing). We would expect the rank of items in
Sik to fall after critiquing. In summary, a positive F-MAP indicates
that the critique had the intended effect on the latent embedding that
negatively impacted both the rating and rank for the items most likely
to have the critiqued explanation. In our experiments, we average
F-MAP(i,k,N ) over 1,000 user and keyphrase pairs.

3.1.3 Candidate Methods for General Performance Comparison. We
compare general recommendation performance of the proposed
framework with five state-of-the-art models including NCF:

• POP: Most popular items – not user personalized but an
intuitive baseline to test the claims of this paper.

• PureSVD [5]: A similarity based recommendation method
that constructs a similarity matrix through SVD decomposi-
tion of the implicit rating matrix.

• CDAE [27]: Collaborative Denoising Autoencoder – specifi-
cally optimized for implicit feedback recommendation tasks.

• BPR [22]: Bayesian Personalized Ranking – explicitly opti-
mizes pairwise rankings.

• NCF [10]: Neural Collaborative Filtering. State-of-the-art
deep learning based recommender.

Table 3: Best hyperparameter setting for each algorithm.

Domain Algorithm Optimizer r λ Iteration* α β η

CDAE Adam 100 0.00001 300 0.0001 0.0 —
BPR Adam 50 0.00001 30 — — 1

PureSVD — 100 1.0 10 — — —
NCF Adam 200 0.0001 300 0.001 — 5

Beer E-NCF Adam 200 0.0001 300 0.001 — 5
CE-NCF Adam 200 0.0001 300 0.001 — 5
VNCF Adam 100 0.00005 300 0.001 0.1 5
E-VNCF Adam 100 0.00005 300 0.0005 0.1 5
CE-VNCF Adam 200 0.00005 300 0.001 0.1 5

CDAE Adam 200 0.00001 300 0.0001 0.0 —
BPR Adam 200 0.0001 30 — — 1

PureSVD — 200 1.0 10 — — —
NCF Adam 100 0.0001 300 0.0005 — 5

CDs&Vinyl E-NCF Adam 100 0.001 300 0.0005 — 5
CE-NCF Adam 100 0.001 300 0.0005 – 5
VNCF Adam 200 0.00005 300 0.0001 0.1 5
E-VNCF Adam 200 0.00005 300 0.0001 0.1 5
CE-VNCF Adam 200 0.0001 300 0.0001 0.1 5

* For PureSVD, iterations in this table means the number of randomized SVD iterations.
For BPR, CDAE, NCF, E-NCF, CD-NCF, VNCF, E-VNCF and CE-VNCF, iteration shows
the number of epochs that processed over all users.

• E-NCF: Explainable NCF removes the critiquing loop from
CE-NCF. This is one ablation of the CE-NCF model.

• CE-NCF: Full deterministic version of the proposed model.
• VNCF: Variational Extension of NCF model. This is one ab-
lation of the CE-VNCF model that removes both explanation
and critiquing.

• E-VNCF: Explainable-VNCF removes the critiquing loop
from CE-VNCF. This is one ablation of the CE-VNCF model.

• CE-VNCF: Full variational probabilistic version of CE-NCF.

All NCF model architectures use: (1) Encoding network fe : fully
connected network (FCN) with ReLU activation. For all VNCF vari-
ants, the mean prediction passes through a ReLU activation, while
the log-std prediction passes through a Tanh activation to restrict
its range. (2) Rating prediction network fr and key-phrase predic-
tion network fs : FCN with linear activation. (3) Inverse key-phrase
prediction network f̃ −1s : FCN with ReLU activation (same as fe ).

All experiments use 50% train, 20% validation, and 30% test data
splits. Table 3 presents best hyperparameters tuned on validation
data for each algorithm.3 Corruption Rate β corresponds to a ran-
dom zeroing of inputs (ui , vj ) inspired by CDAE [27]. Negative
samples η corresponds to the number of uniformly randomly se-
lected negative samples used for each positively sampled item.

3.2 Recommendation Performance
Before we evaluate the explanation and critiquing ability of the pro-
posed models, we first need to confirm the proposed models achieve
acceptable recommendation performance compared to state-of-the-
art recommender systems.

Table 4 and 5 show the general recommendation performance
comparison between the proposed models and various baselines.
In the table, we make the following key observations:

3Hyperparameter tuning methodology is provided in the online Appendix.
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Table 4: Results of Amazon CDs&Vinyl dataset. We omit the error bars since the confidence interval is in 4th digit.

Model R-Precision NDCG MAP@5 MAP@10 MAP@20 Precision@5 Precision@10 Precision@20 Recall@5 Recall@10 Recall@20

POP 0.0078 0.0277 0.0096 0.0094 0.0088 0.0099 0.0087 0.0079 0.0088 0.0164 0.0317
CDAE 0.009 0.0313 0.0115 0.0113 0.0105 0.0115 0.0107 0.0094 0.0108 0.0206 0.0365
BPR 0.0621 0.1527 0.0719 0.0625 0.0524 0.0612 0.0489 0.0384 0.0751 0.116 0.1755

PureSVD 0.0681 0.1511 0.078 0.0678 0.0559 0.0671 0.0523 0.0389 0.0846 0.128 0.1821
NCF 0.06356 0.15688 0.07166 0.0634 0.05388 0.06272 0.05128 0.0399 0.07912 0.1253 0.18872

E-NCF 0.06442 0.1587 0.07218 0.06386 0.05436 0.06288 0.05162 0.04074 0.07922 0.12604 0.19084
CE-NCF 0.06266 0.15592 0.07058 0.06296 0.0536 0.06296 0.0512 0.0401 0.07806 0.12396 0.18724

VNCF 0.06716 0.16526 0.07398 0.06552 0.05576 0.06514 0.05304 0.04154 0.08326 0.13262 0.20102
E-VNCF 0.06736 0.16532 0.07394 0.06558 0.0559 0.06482 0.05324 0.04168 0.08328 0.13358 0.20152
CE-VNCF 0.06588 0.16388 0.07246 0.06468 0.05524 0.06398 0.053 0.04146 0.0811 0.13134 0.1996

Table 5: Results of Beer review dataset. We omit the error bars since the confidence interval is in 4th digit.

Model R-Precision NDCG MAP@5 MAP@10 MAP@20 Precision@5 Precision@10 Precision@20 Recall@5 Recall@10 Recall@20

POP 0.0022 0.006 0.0027 0.0026 0.0028 0.0025 0.0024 0.0031 0.0009 0.0021 0.007
CDAE 0.0369 0.0886 0.0462 0.0427 0.0387 0.0424 0.0377 0.0328 0.0284 0.0491 0.0858
BPR 0.0349 0.0849 0.0421 0.039 0.0359 0.0379 0.035 0.0314 0.0258 0.0472 0.0839

PureSVD 0.0355 0.0812 0.0453 0.041 0.0365 0.0404 0.0346 0.0303 0.0279 0.0465 0.0788
NCF 0.0357 0.08723 0.04376 0.041 0.0377 0.04083 0.037 0.03266 0.02839 0.05173 0.08873

E-NCF 0.03643 0.08963 0.04609 0.04313 0.03933 0.04256 0.03863 0.0334 0.03106 0.0551 0.09299
CE-NCF 0.03726 0.0899 0.04656 0.04333 0.03946 0.04296 0.03866 0.03363 0.03143 0.05443 0.09153

VNCF 0.0436 0.10809 0.0539 0.0508 0.0466 0.0509 0.04576 0.04003 0.0367 0.0646 0.1099
E-VNCF 0.044 0.1084 0.0542 0.0507 0.04636 0.05036 0.0454 0.03973 0.0368 0.0647 0.1101
CE-VNCF 0.0441 0.1084 0.0538 0.0507 0.0467 0.0501 0.0464 0.0402 0.0358 0.0651 0.1108

Table 6: Explanation Quality of CDs&Vinyl review dataset. We omit the error bars since the confidence interval is in 4th digit.

Model NDCG@5 NDCG@10 NDCG@20 MAP@5 MAP@10 MAP@20 Precision@5 Precision@10 Precision@20 Recall@5 Recall@10 Recall@20

UserPop 0.1236 0.154 0.2225 0.1012 0.0886 0.0762 0.0932 0.069 0.065 0.1438 0.2118 0.4184
ItemPop 0.1385 0.1653 0.2313 0.108 0.0946 0.0797 0.1047 0.0716 0.065 0.1654 0.2259 0.4259

E-NCF 0.4717 0.5476 0.6101 0.359 0.2895 0.2199 0.2761 0.1925 0.1249 0.527 0.696 0.8729
CE-NCF 0.4736 0.5555 0.6186 0.3621 0.292 0.2226 0.2742 0.196 0.1266 0.5241 0.7066 0.885

E-VNCF 0.4797 0.5605 0.624 0.3668 0.2948 0.2245 0.2777 0.1968 0.1272 0.5291 0.7097 0.8892
CE-VNCF 0.486 0.5662 0.627 0.3702 0.2986 0.227 0.2835 0.1995 0.1274 0.5397 0.7183 0.8892

Table 7: Explanation Quality of Beer review dataset. We omit the error bars since the confidence interval is in 4th digit.

Model NDCG@5 NDCG@10 NDCG@20 MAP@5 MAP@10 MAP@20 Precision@5 Precision@10 Precision@20 Recall@5 Recall@10 Recall@20

UserPop 0.0506 0.0809 0.1355 0.0707 0.0709 0.0739 0.0701 0.0744 0.0817 0.0428 0.0908 0.2026
ItemPop 0.0516 0.0805 0.1366 0.0743 0.0719 0.0731 0.0665 0.07 0.0806 0.0412 0.0868 0.202

E-NCF 0.30476 0.402 0.48456 0.42038 0.3774 0.31566 0.37838 0.3082 0.21954 0.25424 0.4096 0.57608
CE-NCF 0.29468 0.39048 0.47466 0.40684 0.36656 0.30838 0.36772 0.3014 0.21746 0.24586 0.39866 0.56854

E-VNCF 0.3307 0.44362 0.53848 0.45468 0.41122 0.3478 0.4104 0.34266 0.24596 0.27696 0.45843 0.65022
CE-VNCF 0.3181 0.42786 0.52282 0.4401 0.3981 0.33768 0.39698 0.33254 0.2415 0.26574 0.4417 0.63348

(1) Neural Collaborative Filtering (NCF), as the base model we
build our proposed variants on, is a competitive recommen-
dation algorithm in comparison to other state-of-the-art
recommendation algorithms.

(2) Compared to the basic NCF model, our proposed variants
show competitive performance in terms of all metrics, which
shows that the additional training objectives for explana-
tion and/or critiquing do not have a negative impact on the
recommendation performance.

(3) The variational probabilistic inference models consistently
outperform the deterministic models, showing the potential
benefit of its KL-divergence regularizer, discussed shortly.

(4) For Amazon CD&Vinyl dataset, PureSVD outperforms all
NCF based algorithms, which shows classic algorithms are
often still competitive with state-of-the-art deep learning
algorithms. Nonetheless NCF methods typically perform
better on the Beer data set and the NCF architecture directly
facilitates the latent critiquing models explored in this paper.
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(a) CE-VNCF (b) CE-NCF Case 1 (c) CE-NCF Case 2

Figure 4: PCA 2D dimension reduction of latent representation z on the CDs&Vinyl dataset. Blue points show the distribu-
tion of the latent embedding before critiquing. Orange points show the distribution of the latent embedding after critiquing.
(a) Shows a typical case for CE-VNCF training that projects the critiqued explanations back to the center of the same general
latent space prior to critiquing. (b) Shows one training case where CE-NCF projects the critiqued explanations back to an
off-center position from the general latent space prior to critiquing. (c) Shows a failure case of CE-NCF where the critiqued
projection nearly collapses to a single point. We conjecture that the KL-Divergence regularization with an isotropic Gaussian
for the latent z of CE-VNCF helps ensure critiqued projections remain origin-centered and helps prevent point mass collapse.
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Figure 5: Falling MAP versus Critiquing Models (higher is
better). Error bars show the standard deviation. CE-NCF per-
forms very poorly on CDs&Vinyl.

3.3 Explanation Prediction Performance
Table 6 and 7 show the keyphrase prediction performance compari-
son between the proposed models and popularity based baselines.
The results show the proposed models outperform the user-wise
and item-wise popularity prediction by more than 3 times on NDCG
and MAP, and more than 2 times on Precision and Recall. Impres-
sively, the proposed models are able to retrieve 88% percent of
relevant keyphrases within the Top-20 explanations on CDs&Vinyl
dataset that has around different 50 keyphrases.

Comparing to the critiquable models CE-(V)NCF and explainable
models E-(V)NCF, we notice the explanation performance increased
on CDs&Vinyl dataset but decreased on the Beer dataset. Consider-
ing the keyphrase sparsity of training data shown in Table 2, we
conjecture that the latent reconstruction objective of critiquable
models would help regularize the latent expression when keyphrase
data is sparse, butmay over-constrain learning when the keyphrase
data is more dense.

3.4 Critiquing Performance
Figure 5 shows the F-MAP performance of our proposed critiquing
models on both datasets. For the Beer dataset, we noticed that
both CE-VNCF and CE-NCF show an anticipated positive F-MAP,
where the rank of critiquing-affected items has dropped. CE-VNCF
shows better performance over its deterministic simplified version
on all three Top-N metrics, especially the case of N=20, where the
performance of CE-VNCF doubles that of CE-NCF.

In contrast to the success of our models on the Beer dataset, we
notice a higher variance in performance on the CDs&Vinyl dataset.
Considering the statistical summary of this dataset in Table 2, we
believe this variance stems from the higher sparsity of keyphrase
observations, which makes it harder for each model to accurately
predict personalized keyphrases. Figure 5(b) shows that CE-VNCF
performs well as the rank of critique-affected items drops as ex-
pected. CE-NCF, on the other hand, completely fails on this dataset.
The dramatic performance difference between the deterministic
(CE-NCF) and variational probabilistic (CE-VNCF) models moti-
vates us to better understand the reasons for these differences in
the following section.

3.4.1 Latent Representation Analysis. Figure 4 illustrates the pre-
and-post-critiquing latent representations in CE-VNCF and CE-
NCF on the CDs&Vinyl dataset. The latent representations were
dimensionally-reduced using PCA and the central region reflects
an area of high density. Ideally, the latent codes should remain in
the same general area to ensure that fr (z) and fs (z) remain valid.

Figure 4 (a) shows that for CE-VNCF, the latent representations
after critiquing remain roughly in the same region as the original
latent representations prior to critiquing. This observation is consis-
tent with our hypothesis (Figure 3) that the KL divergence plays a
crucial role in encouraging the reconstructed latent representations
to remain in a valid region of latent space.

In contrast, Figure 4 (b) shows that the latent representation for
CE-NCF is slightly shifted from the high density area of the original
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Table 8: User Case Study on the Beer and CDs&Vinyl review datasets.

Dataset Good
Example? User ID Top Item Recommended Initial Explanations Critiqued

Keyphrase
Refined Top

Item Recommended New Explanations

✓ 672 Aecht Schlenkerla Rauchbier Urbock Smoke, Bready, Brown Smoke Piraat Ale Sweet, Fruit, Gold
Beer ✓ 433 ∅lfabrikken Porter Smooth, Chocolate, Black Black Brooklyn Brown Ale Smooth, Brown, Sweet

- 2794 10 Commandments Honey, Sugar, Sweet Sweet Heady Topper Fruit, Grapefruit, Orange

✓ 3602 In The Zone Pop, Dance, R&B Dance Under My Skin Pop, Rock, Punk
CDs&Vinyl ✓ 828 Sgt. Pepper’s Lonely Hearts Club Band Rock, Pop, Ballad Ballad Life After Death Rap, Hip Hop, Rock

✗ 2362 Rhythm Nation R&B, Pop, Dance Dance Confessions R&B, Pop, Techno

latent distribution. In this case, it would appear that hyperparameter
tuning chose a weak regularizer that allowed the post-critique
embedding to occupy a different space than the original embedding,
leading to mismatched embeddings.

Even worse, Figure 4 (c) shows a complete failure case of CE-
NCF, where the reconstructed latent representation after critiquing
is nearly collapsed onto a single point. In this case, we observe
in contrast that the CE-VNCF would be much less likely to let
this happen since the KL-divergence regularization of CE-VNCF’s
latent space with an isotropic Gaussian prefers a non-collapsed
latent distribution, an insight empirically illustrated by the broad
distribution of the latent embedding of CE-VNCF in Figure 4 (a).

In summary, our investigation of the latent space distribution of
pre- and post-critiqued embeddings suggests that the KL-Divergence
regularization with an isotropic Gaussian of CE-VNCF helps pre-
vent latent space pathologies of skewed or collapsed post-critiqued
embeddings that appear evident in CE-NCF. And these potential
pathologies – effectively incompatibility between the pre- and post-
critiqued latent embeddings –would then help explain the relatively
poor critiquing performance evaluation of CE-NCF compared to
CE-VNCF observed in Figure 5.

3.5 Case Study
To qualitatively evaluate the performance of the critiquing in a
real environment, we simulated multiple use-cases of the proposed
model (CE-VNCF) on the two review datasets. Table 8 shows six
representative examples we encountered during our investigation.
The examples were manually categorized as good/bad examples
based on analyzing product details and reviews on the BeerAdvocate
and Amazon websites.

For the Beer dataset, we see in the first example that the model
recommends Aecht Schlenkerla Rauchbier Urbock to user 672 with
keyphrase explanations: Smoke, Bready and Brown. The BeerAd-
vocate website lists the following comment for Aecht Schlenkerla
Rauchbier Urbock : “Deep brown in color with some light seeping
through when held up to the light. There’s an inch of creamy and
dense beige foam on top. . . . I’m tasting that sweet, dark malt and then
the smoked flavor kicks in and lingers after the finish. . . . ”, which
demonstrates that the generated explanation accurately reflects the
beer’s properties. We then chose to critique the keyphrase Smoke,
resulting in a refined top recommendation with attributes Sweet
and Fruit, which are contrasting tastes to Smoke. In the second ex-
ample, we critiqued the color Black and the refined recommended
beer has a different color Brown, but the same Smooth mouthfeel of
the initial recommendation.

Turning our attention to the CDs&Vinyl dataset, in the first
example, the model recommends the album In the Zone. After cri-
tiquing Dance, the model recommends Under My Skin, which is
primarily a Pop album without the Dance attribute. In the second
example, critiquing the keyphrase Ballad yields Life After Death,
which is not a Ballad but remains a Rock album; one of the guest
artists of Life After Death is DMC who produces rap rock.

The above anecdotal examples demonstrate that critiquing with
CE-VNCF can yield reasonable refined recommendations. Although
general performance was good on the two datasets, we observed
several unsatisfactory cases exemplified by the last examples in
Table 7. For CDs&Vinyl, even though the Dance keyphrase was
critiqued, the refined recommendation was Usher’s album Confes-
sions which is Techno, a form of electronic dance music. Here, the
model failed to infer that Techno is a subclass of Dance, which is
a taxonomic inference not directly supported by our latent model.
We see a similar effect in the third example of the Beer dataset; all of
the top-three keyphrases suggest that the original recommendation
10 Commandments is a sweet-tasting beer. The only critiqued target
is Sweet and none of the original keyphrases are preserved in the
refined recommendation. Nevertheless, Heady Topper possesses
similar keyphrases and has the following online review: “A sweet
and fruity IPA with a slight bitterness at the finish.”. An interesting
future direction is to leverage latent explanation and critiquing
methods that can reason about implications between keyphrases.

4 CONCLUSION
In this paper, we proposed two novel end-to-end deep learning
frameworks – one deterministic and one probabilistic – that ex-
tended Neural Collaborative Filtering (NCF) [10] recommendation
with explanation and critiquing components. On two datasets, we
observed that both frameworks provide strong recommendation
performance and high-quality personalized item keyphrase sug-
gestions, but that the variational probabilistic method CE-VNCF
performs best on the critiquing evaluation. To explain this latter
result, we analyzed how the KL-divergence regularizer of CE-VNCF
yielded the most compatible co-embeddings of user and item prefer-
ences with language-based critiques. Our framework can be readily
applied to various domains and extended to other collaborative
interactive settings such as group recommendation and item gener-
ation [25]. Overall, we hope this work provides a rich foundation
for future extensions of deep language-based critiquing in con-
versational recommender systems, e.g., leveraging more complex
deep explanation and language-based feedback structure as well as
multi-step sequential interactions and active learning methods.
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