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ABSTRACT

1

Recent years have witnessed the emerging of conversational systems, including both physical devices and mobile-based applications. Both the research community and industry believe that conversational systems will have a major impact on human-computer
interaction, and speciﬁcally, the IR/RecSys community has begun to
explore Conversational Search and Recommendation. Conversational
search and recommendation based on user-system dialogs exhibit
major diﬀerences from conventional search and recommendation
tasks in that 1) the user and system can interact for multiple semantically coherent rounds on a task through natural language dialog,
and 2) it becomes possible for the system to understand the user
needs or to help users clarify their needs by asking appropriate
questions from the users directly.
We believe that the ability to ask questions to actively clarify the
user needs is one of the most important advantages of conversational search and recommendation. In this paper, we propose and
evaluate a uniﬁed conversational search/recommendation framework, in an attempt to make the research problem doable under
a standard formalization. Speciﬁcally, we propose a System Ask –
User Respond (SAUR) paradigm for conversational search, deﬁne the
major components of the paradigm, and design a uniﬁed implementation of the framework for product search and recommendation
in e-commerce. To accomplish this, we propose the Multi-Memory
Network (MMN) architecture, which can be trained based on largescale collections of user reviews in e-commerce. The system is
capable of asking aspect-based questions in the right order so as to
understand the user needs, while (personalized) search is conducted
during the conversation, and results are provided when the system
feels conﬁdent. Experiments on real-world user purchasing data
veriﬁed the advantages of conversational search and recommendation against conventional search and recommendation algorithms
in terms of standard evaluation measures such as NDCG.

Among the many techniques that compose an intelligent Web, a
Conversational System (such as Google Now, Apple Siri, and Microsoft Cortana) is one that serves as the direct interactive portal
for end-users, which is expected to revolutionize human-computer
interaction. With recent progress on NLP and IoT, such systems
have also been deployed as physical devices such as Amazon Echo,
opening up more opportunities for applications in a smart home.
Due to users’ constant need to look for information to support
both work and daily life, a Conversational Search System will be
one of the key techniques. Conversational search aims at ﬁnding
or recommending the most relevant information (e.g., web pages,
answers, movies, products) for users based on textual- or spokendialogs, through which users can communicate with the system
more eﬃciently using natural language conversations.
Conversational search and recommendation are technically very
similar in e-commerce settings. Figure 1 shows an example of conversational search for product search/recommendation. In this task,
user-system interactions can be classiﬁed into three stages, i.e.,
initiation, conversation, and display. In the ﬁrst stage, user initiates
a conversation with an initial request, e.g., by telling the system
what category of product she is looking for; in the second stage,
the system asks the user about her preferences on certain product
aspects, estimates user needs based on the feedback, and conducts
search during the conversation. When the system feels conﬁdent
about the results, they will be displayed to the user in the third
stage. However, the second and third stages could be repeated if
the displayed results do not satisfy the user needs.
One may see that every operation during the conversation requires carefully designed models, including question formulation,
user need estimation, and search/recommendation. As explained
later, we develop a uniﬁed framework and provide one of its model
implementations for conversational search in the product domain.
It should be noted that the aspects are automatically extracted, and
the system does not simply ask about the aspects in a random order. Instead, it determines which aspect to ask at each time with
a carefully trained strategy, so that the system can always ask the
most important question to improve its conﬁdence about user needs
and search results, thus the conversation can be kept as short as
possible, and the user needs can be satisﬁed as soon as possible.
Conversational search is closely related to several other research
topics such as dialog systems, traditional web search, and faceted
search. Recent conversational search systems are well integrated
with state-of-the-art dialog system models, and by focusing on
the search task, the system takes advantage of conversations to
understand the user needs accurately. Conversational search also
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INTRODUCTION

search [16], memory networks [32, 38], and dialog systems for machine reading [4, 10, 19, 37] adopted fully-synthetic data for model
training. In this work, we move one step forward by constructing
semi-synthetic data from reviews for model learning.
Based on the above notations and data, the conversational search
and recommendation system aims at learning models for the following two key tasks:
Question Generation: Given the current and previous states
of a conversation, generate the next question to ask. Speciﬁcally, a
generative model is trained by maximizing the probability of each
question in each of the training conversations:
P(Q k +1 |Q 0 , Q 1 , A1 , Q 2 , A2 · · · Q k , Ak )
=P(pk +1 |c, p1 , q 1 , p2 , q 2 · · · pk , qk ), ∀0 ≤ k < K

(2)

where k enumerates from 0 because we generate a question even
when we only have user’s initial request Q 0 .
Search and Ranking: Given the current and previous states of
a conversation, generate a ranking list of items and the conﬁdence
score for each item. Speciﬁcally, a ranking model is trained by
maximizing the probability of the purchased item v j at each stage
for each of the training conversations:
P(v j |Q 0 , Q 1 , A1 , Q 2 , A2 · · · Q k , Ak )
=P(v j |c, p1 , q 1 , p2 , q 2 · · · pk , qk ), ∀0 ≤ k ≤ K

Table 1: A summary of key notations in this work. Note that
all vectors are denoted with bold lowercases.
ui , U
vj, V
M, N
T j , |T j |
Ri j
Q0
c
Q k , Ak
pk , q k
K
D
w t , wt
sτ , sr
ck
pk , qk
mrj
κs , κq

sentences of T j , and the internal states of GRU is deﬁned as,
zt = σ (Wz xt + Uz ht −1 + bz )

(3)

rt = σ (Wr xt + Ur ht −1 + br )

where k also enumerates from 0 because we do a search with only
the initial request Q 0 .

4

MULTI-MEMORY NETWORKS (MMN)

In this section, we propose an implementation of the conversational
search/rec paradigm. Inspired by [17], we propose a Multi-Memory
Network (MMN) architecture for conversational search (shown in
Figure 3), which is a uniﬁed framework that integrates query/item
representation learning and search/question module training into
a single model. In this architecture, each item is represented as
sentence embeddings based on its textual description, and the user’s
initial request – together with the currently collected information
during the conversation – are used to reason over the items based
on attention mechanism, which selects relevant signals to construct
memory for search and question generation.
In the following, we introduce the item and query representations, as well as the memory, search, and question modules one by
one, and then integrate them into a uniﬁed loss function for model
learning. In the end, we further propose a Personalized version of
MMN (i.e., PMMN) for conversational search and recommendation.

4.1

Item Representations

For a product v j , we merge its product description and the textual
reviews it received as its ﬁnal textual description T j . This helps the
search module by enriching the system’s knowledge about products
and reducing the vocabulary mismatch between products and user
queries; and also helps the question module to generate questions
in languages that are familiar to the users.
To generate item representations for v j , we insert an end-ofsentence token after each sentence of the description T j , and then
apply a gated recurrent unit (GRU) layer [7] through T j . In the
following, we use t to index the words and use τ to index the

The i-th user and the set of all users in the system
The j-th item and the set of all items in the system
Number of users M = |U |, and number of items N = |V |
Textual description of item v j and its number of sentences
The textual review that user u i wrote for item v j
The initial request of a conversation
The product category speciﬁed in initial request
The k-th system question and user answer in a conversation
The aspect asked in Q k , and its value answered in Ak
The length (i.e., number of Q A pairs) of a conversation
Dimension of all embedding vectors in this paper
The t -th word and its word embedding vector
The τ -th sentence embedding in textual description T j , and
their weighted summarization in the r -th memory hop
Query embedding until the k-th conversational round
Embeddings of the k -th aspect and value in a conversation
Memory embedding of item v j at the r -th hop
Number of negative samples in search and question modules

h̃t = tanh(Wh xt + Uh (rt ◦ ht −1 ) + bh )

(4)

ht = zt ◦ ht −1 + (1 − zt ) ◦ h̃t
where xt , ht ∈ RD×1 are the input and hidden state output of the
network at time step t, and Wz ,Wr ,Wh , Uz , Ur , Uh ∈ RD×D as well
as bz , br , bh ∈ RD×1 are parameter matrices and bias vectors to be
learned. In our case, we have xt = L[w t ] = wt ∈ RD×1 , where L is
the word embedding matrix to be learned, w t is the t-th word of
the input sequence, and wt is its word embedding in L.
We abbreviate the above computation as ht = GRU (wt , ht −1 ),
and adopt the hidden states ht at all end-of-sentence tokens as the
representation of T j , which are denoted as a sequence of sentence
embeddings s1 , s2 · · · sτ · · · for item v j , as shown in Figure 3. Except
for GRU, one can also use other sequence modeling techniques
such as long-short term memory (LSTM) [15] or recurrent neural
networks (RNN) [28]. We take GRU here for its eﬃciency.

4.2

Query Representation

By the end of the k-th round of a user-system conversation, we
would have collected the initial request Q 0 (c) and k question-answer
pairs Q 1 (p1 )A1 (q 1 ), Q 2 (p2 )A2 (q 2 ) · · · Q k (pk )Ak (qk ).
To generate the query representation ck at the k-th round, we
construct k + 1 sentences. The ﬁrst sentence is the initial request
Q 0 (c), and each subsequent sentence is the concatenation of the
corresponding aspect-value pair (p, q), as shown in Figure 3.
Similar to item representations, we also insert an end-of-sentence
token at the end of each sentence, and apply the GRU procedure
ht = GRU (wt , ht −1 ) through the sequence. The diﬀerence is that
we adopt the ﬁnal hidden state ck as the query representation (as
shown in Figure 3), which is the same as conventional LSTM/RNN
models without attention, and the ﬁnal hidden state has included
the information embedded in the whole query sequence.
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Figure 3: The Multi-Memory Network (MMN) architecture for conversational search and recommendation, including ﬁve components: query and item representations, the memory module, as well as the question and search modules.
To guarantee vocabulary alignment between query and item
representations, we adopt the same word embedding matrix L and
the same GRU model (i.e., sharing the same parameter matrices and
bias vectors) as used in item representation module.

4.3

Memory Module with Attention Mechanism

Intuitively, not all sentences in the item representation are relevant
to the current search query. As a result, considering all of the
sentence embeddings (i.e., the s vectors) equally would introduce
noise to the search and next question generation tasks. Similar to
previous work on memory networks [17, 24, 32], we introduce an
attention mechanism to construct memory embeddings so that the
system can automatically select important signals from each item
to support the search and question generation.
In our model, the attention mechanism iterates for two hops and
generates two memory embeddings m1j and m2j for each item v j ,
and the two memory embeddings are used for search and question
generation tasks, respectively. Detailed reasons for this two-hop
design are explained in the following.
4.3.1 Attention Weights. We consider generating memory embedding mrj in the r -th hop (r = 1, 2) for item v j . To calculate the
attention weight ωτr for sentence embedding sτ , we adopt the sentence embedding sτ , the current query representation ck , and the
memory embedding of the previous hop mrj −1 as inputs, where
m0j = ck . Speciﬁcally, we concatenate the embeddings as a joint
r −1⊺ ⊺
⊺ ⊺
] ∈ R3D×1 , and adopt a two-layer
embedding zτr = [sτ , ck , mj
feed forward network to calculate the attention weight ωτr ,


⊺
ωτr = σ wω σ Wω zτr + bω + bω
(5)

where Wω ∈ RD×3D , bω and wω ∈ RD×1 , as well as the scalar bω
are parameters to learn, and σ (·) is the sigmoid function. For clarity,
only the signiﬁcant weights are shown in Figure 3.

With the attention weights, we apply the weighted average strategy to get the summarized representation for item v j at hop r :
Õ |T j |
 Õ |T j | r
ωτ
(6)
ωτr sτ
srj =
τ =1

τ =1

where |T j | is the number of sentences in item description T j .
Intuitively, the ﬁrst hop would attend on those sentence embeddings sτ that are relevant to the current query ck , while by taking
m1j into consideration, the second hop would attend on some new
information that is relevant to the signals selected in the ﬁrst hop.
This is why the two hops are used for search and question generation, respectively, which will be analyzed in the following.

4.3.2 Memory Embedding. For high quality search, we expect
the search module to rely on the current query ck and the summarized signals relevant to the query in the ﬁrst hop s1j , which are already conﬁrmed information in this search conversation. However,
estimating the probability of a new aspect to ask in the question
module not only needs the query and its directly relevant signals,
but also the extended new information s2j in the second hop, which
helps to ﬁnd out the feature related to previously asked ones, and
this is why we adopt the two-hop design for the multi-memory
network.
As a result, for item v j we consider the summarized signal srj at
each hop as input vector, and adopt a gated recurrent network to
update the memories. Speciﬁcally, we have,
mrj = GRU (srj , mrj −1 ), r = 1, 2

(7)

where m0j is also initialized as ck , and all the items share the same set
of GRU parameters to learn, but this parameter set is independent
from that used in Eq.(4).
In this way, we generate the search memory m1j and question
memory m2j for each item v j . The whole memory module is generative and thus is diﬀerentiable for model optimization.

4.4

Search Module

Given the current query ck and the search memory m1j that has
encoded the relevant signals of item v j , we construct a concatenated
⊺
1⊺
embedding zj = [ck , mj ]⊺ , and then employ a two-layer fully
connected network for dimension reduction,


(2)
(2)
(1)
(1) 
(8)
xj = ϕ Ws ϕ Ws zj + bs + bs

where ϕ(·) is the ELU (exponential linear units) activation function
(1)
to avoid vanishing gradients [8], and the parameters are Ws ∈
D
D
(2)
(1)
(2)
RD×2D , bs ∈ RD×1 ,Ws ∈ R 2 ×D and bs ∈ R 2 ×1 . As a result,
D
the compact embedding is xj ∈ R 2 ×1 .
Based on this, we further adopt a softmax output layer to calculate the probability of v j ,
P(v j |ck , m1j ) = Í

⊺

exp(ws xj + bs )
j′

⊺

exp(ws xj ′ + bs )

(9)

D

where the parameter ws ∈ R 2 ×1 and bs is a scalar. We also adopt
a sigmoid function to calculate the conﬁdence score of item v j , i.e.,
⊺
conf(v j ) = σ (ws xj + bs ).
To train the search module, we maximize the probability of the
eventually purchased item of a conversation against other items.
However, directly computing the log-likelihood of item probability
with Eq.(9) is not practical because the denominator requires all the
(thousands or even millions of) items in each iteration. For eﬃcient
training, we adopt the negative sampling strategy to approximate
the softmax probability. Negative sampling was ﬁrst proposed by
Mikolov et al. [23] and has now been extensively used for machine
learning and information retrieval [1, 2, 18].
Suppose v j is the actually purchased item of a training conversation, the basic idea is to randomly sample some unpurchased
items (i.e., items except for v j ) as negative samples to approximate
the denominator of softmax function, and the log-likelihood to be
maximized for item v j until the k-th round of conversation is,

⊺
Lks = log P(v j |ck , m1j ) = log σ ws xj + bs
(10)


⊺
+ κs · Ej ′ ∼Ps log σ − (ws xj ′ + bs )

where k = 0, 1 · · · K, κs is the number of negative samples, and Ps
is the global item popularity distribution raised to 3/4 power [23].
It is interesting to note that the negative sampling strategy actually simulates the practical scenario where we have true negative
feedback, e.g., if we displayed the results to the user but the conversation did not stop (i.e., the user is not satisﬁed with the results),
then we can use the already displayed items as true negatives.

4.5

Question Module

The question module aims at correctly predicting the next question
to ask. To do so, we also train the model to maximize the probability
of the next aspect in a conversation. Given the current query ck , the
word embedding of next aspect pk +1 , and the second-hop memory
m2j of all items, we construct a concatenated embedding,
⊺

 Õ
⊺
N
1
⊺
⊺
2
(11)
zk +1 = ck ,
m
, pk +1
j=1 j
N
where the second term is the average of the second-hop memories
of all items, and in cases where the next aspect contains two or more

words, we average the word embeddings as the aspect embedding
pk +1 . Similar to the search module, we also adopt a two-layer feed
forward neural network for dimension reduction:


(2)
(1)
(1) 
(2)
(12)
xk +1 = ϕ Wq ϕ Wq zk +1 + bq + bq
(1)

where ϕ(·) is also the ELU function, and the parameters are Wq
(1)
R2D×3D , bq

(2)
R2D×1 ,Wq

RD×2D

(2)
bq

RD×1 .

∈
∈
and
∈
softmax output layer for probability estimation is,

∈

Thus the

⊺

exp(wq xk +1 + bq )
P(pk +1 |ck , m21 · · · m2N , pk +1 ) = Í
⊺
k ′ exp(wq xk ′ + bq )

(13)

where wq ∈ RD×1 and bq is a scalar, and the denominator sums
over all of the unasked aspects.
For eﬃciency, we also adopt negative sampling for probability
estimation, and the log-likelihood to maximize for aspect pk +1 is,

q
⊺
Lk = log P(pk+1 |ck , m21 · · · m2N , pk +1 ) = log σ wq xk +1 + bq
(14)


⊺
+ κq · Ek ′ ∼Pq log σ − (wq xk ′ + bq )
where k = 0, 1, 2 · · · K − 1, κq is the number of sampled negative
aspects, and Pq is the global aspect popularity distribution in the
reviews raised to 3/4 power [23].

4.6

The Uniﬁed MMN Architecture

Let Ii j be the indicator function to indicate if there is a training conversation between user ui and item v j , and let Ki j be the length of
the conversation, i.e., ui → Q 0 | Q 1A1 , Q 2A2 · · · Q Ki j AKi j | v j , then
the ﬁnal Multi-Memory Network (MMN) architecture for conversational search optimizes the following uniﬁed objective function,
Ki j
KÕ
i j −1
© Õ s
qª
Ii j · λs
Lk + λ q
Lk ® + λ Θ kΘk22
(15)
i, j
k =0
« k=0
¬
q
where Lks and Lk are the search and question prediction objective
functions (Eq.(10) and (14)), respectively, λs , λq , λ Θ are regularization coeﬃcients, and Θ is the set of parameters in the model.
Intuitively, we train the model by maximizing the probability
of correctly predicting the true item and the next question at each
round of each conversation, and we apply an ℓ2 regularizer to the
parameters. Because the whole framework is generative beginning
from the word embeddings to the search and question prediction
results, so the whole framework is easily trainable based on stochastic gradient descent methods. Speciﬁcally, we initialize the word
embeddings with Google word2vec, and adopt stochastic gradient
descent (SGD) for model training.
Once we have the trained the conversation model, the system
can generate the next question to ask by selecting the candidate
aspect of the highest probability (Eq.(13)) in each round, and also
conduct search by ranking the items in descending order of item
probability (Eq.(9)). If the conﬁdence of the top item is higher than
a threshold, then the top-n results will be displayed to the user.

L=

4.7

Õ

Personalized Multi-Memory Network

An important nature of product search and recommendation is personalization [2], because diﬀerent users may care about diﬀerent
aspects even for the same product, and they may prefer diﬀerent
items even under the same conversation. To model the inherent

Table 2: Basic statistics of the experimental datasets, where ℓ(Request) is the average length of initial requests, and the number
of reviews is also the total number of conversations because each review is transformed into a conversation.
Training/Testing
Dataset
#Users #Items #Reviews #Aspect #Value #AV pairs #Request ℓ(Request)
#Conversations #Relevant Items per Conv
Electronics 142,421 53,278 365,341
479
500 475,020
989
6.40 255,739/109,602
1.21 ± 0.62/1.13 ± 0.26
CDs & Vinyl 64,847 60,405 427,031
514
747 659,737
694
5.71 298,922/128,109
2.82 ± 5.88/1.46 ± 1.26
Kindle Store 56,847 53,907 285,104
164
359 367,159
4,603
7.07 199,573/85,531
1.94 ± 3.63/1.62 ± 2.21
Cell Phones 21,615 9,292
52,178
325
402
68,709
165
5.93 36,525/15,653
1.66 ± 1.32/1.24 ± 0.16
14
12
log (# Conversations)

personalized preferences of users, we slightly modify the MMN architecture to propose a personalized version of the model (PMMN).
Speciﬁcally, we introduce an embedding vector ui for user ui . In
the search and the question modules, we include the corresponding
user embedding when constructing the concatenated vector zj (used
in Eq.(8)) and zk +1 (in Eq.(11)). The user embeddings are randomly
initialized and the whole model is still trained with SGD.

10
8

Kindle Store
CDs & Vinyl
Electronics
Cell Phones

6
4
2

5 EXPERIMENTS
5.1 Dataset Description
As in previous work on product search and recommendation tasks
[2, 35], we adopt the Amazon product dataset [22] as the experimental corpus. It includes millions of customers and products, and
rich metadata such as reviews, product descriptions and multi-level
product categories. The dataset includes 24 sub-datasets of diﬀerent product types. In this work, we adopt four product category
datasets for experiments, which are Electronics, CDs & Vinyl, Kindle
Store, and Cell Phones. The ﬁrst three are large-scale datasets while
the last one is a smaller dataset to test our model performance
with particularly sparse data. Basic statistics of the datasets are
shown in the ﬁrst block of Table 2. We adopt the aspect-value pair
extraction toolkit by Zhang et al [44, 45] to extract the pairs for
each dataset. Then, each review is converted into a conversation
ui → Q 0 | Q 1A1 , Q 2A2 · · · Q K AK | v j based on the pairs mentioned
in the review (as in Section 3)1 . The number of aspects and value
words, and the number of aspect-value pairs on each dataset are also
shown in Table 2, and Figure 4 shows the number of conversations
over the length of conversation for each dataset.

5.2

Experimental Setup

5.2.1 Initial Request Construction. Intuitively, if we adopt the
same top-level product category (e.g., “Cell Phone”) as the initial
request for all conversations in a dataset, then the non-personalized
MMN model will produce the same predicted aspect sequence and
search results for all testing conversations, which makes the system less useful in practice. Though the PMMN model will predict
diﬀerent aspects for diﬀerent conversations, we still want the nonpersonalized MMN to reﬂect the fact that users may specify diﬀerent
requests when initiating a conversational search.
We follow the three-step paradigm of product search [2, 35] to
construct the initial request Q 0 for a conversation. 1) we extract
the multi-level category information of item v j from the metadata,
2) we concatenate the terms as a topic string, and 3) stopwords
and duplicate words are removed from the string. The number of
constructed initial requests and their average length are in Table 2.
1 Dataset

can be accessed at http://yongfeng.me/dataset

0
0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18
Length of Conversation

Figure 4: Statistical distribution of the number of conversations over the length of conversations on four datasets.
5.2.2 Train-Test Split. For each user, we randomly select 70%
of his/her reviews to construct training conversations, while the
remaining 30% conversations are taken for testing.
To evaluate the search performance with multiple (instead of
just one) relevant items, same as [2], those items that are purchased
by the user and belong to the initial request are considered as
relevant to the conversation. The number of training and testing
conversations as well as the average number of relevant items per
conversation are shown in the last block of Table 2.
5.2.3 Baselines. We take the following representative product
search or recommendation methods as baselines:
• QL: The query likelihood model by Ponte and Croft [25], which
is a language modeling approach by ranking documents with the
log-likelihood of the query in the document’s language models.
• LSE: The latent semantic entity model [35], which is an important latent space model for non-personalized product search.
• HEM: The hierarchical embedding model [2] for personalized
product search. We take the best reported HEM implementation
(i.e., using non-linear projected mean for query embedding) and
use personalization weight λ = 0.5 for comparison.
• HFT: The Hidden Factors and Topics model for recommendation with textual reviews [21]. The original model is not designed
for top-n recommendation, for fair comparison, we apply Bayesian
personalized ranking on top of HFT for better top-n performance.
• EFM: The Explicit Factor Model for explainable recommendation [44], which also adopts textual reviews for recommendation.
For all of the product search baselines we take the initial request
as query for search, which is consistent with the experimental settings in [35] and [2]. For our own model, we experiment with both
the non-personalized (MMN) and personalized (PMMN) versions.
5.2.4 Evaluation Measures. For the evaluation of next question
generation, we calculate the Hit Ratio of predicting n aspects at
conversation round k (HR@n, k). Speciﬁcally, when predicting for
the k-th round in a conversation, we rank the candidate aspects by

Table 3: Performance comparison on item retrieval tasks, where MAP and MRR are calculated with top 100 items while NDCG
is calculated with top 10 items. Starred numbers (∗) are best baseline performances, + and ‡ denote signiﬁcant improvements
against LSE and HEM respectively for Fisher randomization test [30] with p ≤ 0.1. Bolded numbers are the best performances.
Dataset
Electronics
CDs & Vinyl
Kindle Store
Cell Phones
Methods MAP
MRR
NDCG MAP
MRR
NDCG MAP
MRR
NDCG MAP
MRR
NDCG
QL
LSE
HEM
HFT
EFM
MMN
PMMN

0.276
0.242
0.304∗
0.258
0.271
0.275+
0.312‡

0.278
0.245
0.306∗
0.262
0.276
0.278+
0.314‡

0.305
0.246
0.322∗
0.278
0.285
0.296+
0.328‡

Electronics

0.009
0.011
0.026∗
0.022
0.025
0.018
0.034‡

0.011
0.013
0.033∗
0.026
0.027
0.021+
0.037‡

0.013
0.014
0.032∗
0.028
0.030
0.022+
0.039‡

CDs & Vinyl

0.25

0.009
0.022
0.033
0.029
0.034∗
0.027
0.038‡

0.011
0.025
0.037∗
0.034
0.037∗
0.031+
0.041‡

0.012
0.022
0.038
0.036
0.040∗
0.028+
0.044‡

0.078
0.106
0.118∗
0.035
0.078
0.112
0.122

Kindle Store

0.20

0.20

0.081
0.108
0.120∗
0.041
0.085
0.112
0.124

0.084
0.098
0.148∗
0.043
0.106
0.127+
0.155‡

Cell Phones

0.30

0.12

0.25

0.10

0.10

Hit Ratio

0.15

Hit Ratio

Hit Ratio

Hit Ratio

0.15
0.20
0.15

0.08
0.06
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Figure 5: Hit ratio of question prediction on four datasets. The x-axis means predicting the k-th aspect in a conversation, and
y-axis is HR@n, where n = 1, 3, 5 corresponds to each line: green △ line for n=1, blue ◦ line for n=3, and red  line for n=5. Solid
lines are results of MMN, and dashed lines are for PMMN. Improvements of PMMN from MMN are signiﬁcant with p ≤ 0.1.
probability (Eq.(13)) and adopt the top-n of them as the prediction
list, and a list is considered ‘hit’ if the true aspect is within the list.
To evaluate the search/rec results at conversation round k, we
adopt mean average precision (MAP@k), mean reciprocal rank
(MRR@k), and normalized discounted cumulative gain (N DCG@k),
where MAP and MRR are calculated based on top 100 items, and
NDCG is calculated based on top 10 items. Notice that, the parameter k here is not the length of result list but the number of rounds
of conversation, which enumerates from 1 to 5.
Intuitively, MRR indicates the expected number of items a user
has to explore before ﬁnding the ﬁrst right item. Note that using top
100 items to calculate MAP and MRR does not mean that our system
has to display 100 items to users, the setting is only for convenience
to avoid baselines from nearly zero MAP or MRR scores.
5.2.5 Parameter Settings. We primarily set the coeﬃcients λs =
λq = 1, and λ Θ = 0.005 in Eq.(15). Embedding size D is set as 300,
and in Section 5.6 we tune D to other choices to see its eﬀect. We
set the number of negative samples κs = κq = 5 in Eq.(10) and (14).
The initial learning rate is 0.5 and gradually decreases in training.
We use SGD with batch size 200, and use global norm clip with 5
for stable training.

5.3

Evaluation of Question Prediction

We ﬁrst brieﬂy report the performance of the question prediction
component in this subsection, so as to provide an intuition about
how the predicted aspects are close to the true aspects mentioned
in user reviews. And in the following subsections, we will focus on
conversational search and recommendation performance.
For computational eﬃciency, we randomly sample 20 items to
calculate the average second-hop memory in Eq.(11). The performance of question prediction under diﬀerent choices of n, k pairs

are shown in Figure 5, where k is the round of conversation (i.e., we
predict the k-th aspect), and n means our model adopts the top-n
predicted aspects at each round. Each line in the ﬁgure shows how
the performance changes with k under a certain n for the MMN
and PMMN models.
We see that predicting more aspects (changing n) at a time increases the hit ratio, which is intuitive. We also see that when the
number of predictions n is ﬁxed, the performance tends to increase
with k, namely, with the progress of the conversation. This is because when the conversation progresses, those aspect-value pairs
collected from previous conversation rounds give us more information about the user needs at this conversation, which helps our
model to generate more comprehensive query representations for
better performance in the question module.
We also see that the model relies on large-scale training conversations to achieve satisfactory prediction performance. For example,
on the Electronics, CDs & Vinyl, and Kindle Store datasets, HR@5, 5
score can reach around 20% ∼ 30% (the score for Kindle Store dataset
is high partly due to its smaller aspect prediction space), while for
the Cell phone dataset it is around 12%. This implies that large-scale
conversation data is needed so as to train (deep) memory networks
for practical conversational search and recommendation system.
Finally, PMMN achieved signiﬁcantly better performance than
the non-personalized MMN. This veriﬁes our assumption that product search and recommendation tasks can be very personalized,
because users may have diﬀerent vocabulary preferences, and may
care about diﬀerent aspects even for the same product.

5.4

Evaluation of Search/Rec Performance

In this section, we set the length of conversation k = 3 and study
the search and recommendation performance of diﬀerent models.
Performance under diﬀerent conversation length settings will be
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Figure 6: Performance of (P)MMN with diﬀerent choices of
conversation length k. Dashed lines are baseline methods.

Figure 7: Performance of (P)MMN with diﬀerent choices of
embedding size D. Dashed lines are baseline methods.

analyzed in the next subsection. Table 3 shows the results of both
baselines and our models.
Among the baselines, we see that the unigram QL approach
achieved comparable performance with the learning-based models
(LSE, HEM, HFT, EFM) on Electronics and Cell Phones datasets, while
on CDs & Vinyl and Kindle Store the learning-based models are
signiﬁcantly better than the unigram approach. This observation is
in accordance with the ﬁndings in [2]. Empirically, the language
of user reviews on electronic devices and cell phones are more
consistent with the product properties and aspects, while on music
and books, the reviews are more about the user’s personal feelings
and understandings about the content or plot. As a result, the QL
model could suﬀer more from the vocabulary mismatch problem
on the CDs and Kindle Store datasets. This observation implies the
advantage of word/query embedding in latent space models, which
has the power of detecting semantic relations between words or
phrases to alleviate vocabulary mismatch.
Overall, by considering user modeling for personalized product
search, HEM is better than the non-personalized LSE model, with
the best baseline performance on all datasets. When comparing our
models with the baselines, we see that MMN is better than LSE on all
datasets except for the Cell Phones dataset, where the improvements
are not signiﬁcant. Furthermore, PMMN is signiﬁcantly better than
the best baseline HEM.
The power of MMN against LSE mainly comes from two aspects.
First is the advantage of conversational search over classical retrieval paradigms. In conversational search, the system has the
opportunity to actively ask questions and get responses from the
user, so as to collect more information and clarify the user intents.
The collected information – represented as the aspect-value pairs in
this work – can be encoded into the original query in the query representation module, which enhances the systems’s understanding
of the user needs. Second, not all the sentences in item description
are equally important for a given search task, and in the MMN
architecture, attention mechanism is leveraged so that the model
can select and focus on important signals for better search and
recommendation.
On the other hand, the fact that MMN did not compare favorably with HEM further suggests the importance of personalization
in product search and recommendation, because user preferences
may be very diﬀerent even on the same product category. However, by enhancing our model to a personalized version, the PMMN
approach is better than HEM. Except for the two advantages introduced above, another factor is that we adopted GRU for query and
item representation learning, which has been shown to be more
eﬀective than standard tanh RNN [7], and has the power of learning

semantic relations between sentences than non-linear projected
mean used in HEM. Although it is shown in [2] that projected
mean is better than RNN for HEM because the keyword queries
(same as the initial requests in this work) do not have complicated
compositional meanings, but in this work we do need to capture
the complex semantic relations between the aspects and values, as
well as among the sentences in item descriptions.

5.5

Eﬀect of Conversation Length

In this section, we study the performance of (P)MMN under diﬀerent
conversation length k from 0 to 5, where k = 0 means we conduct
search using only the initial request with no aspect-value pairs.
Results on Electronics and CDs & Vinyl datasets are shown in Figure
6, and observations on Kindle Store and Cell Phones are similar.
We see that both the performance of MMN and PMMN increase
with the progress of the conversation, which is intuitive because
with more aspect-value pairs for query representation learning,
the model can learn user preferences more accurately, and gain a
higher probability to ﬁnd the right item with more information
describing the user needs.
We also see that when k = 0, MMN and PMMN could be better
than LSE and HEM respectively on some of the datasets. In this case,
our models leverage the initial request for query representation
learning and search, which is the same as the baselines, and both
MMN and PMMN degenerate to non-conversational search models.
This observation indicates the advantage of our multi-memory
architecture for user, item, and query modeling, which can extract
word/sentence semantic relations based on GRU sequential learning,
and select important signals from reviews with attention modeling.

5.6

Eﬀect of Embedding Size

We further study the eﬀect of embedding size D for (P)MMN and
the latent space baselines LSE and HEM. Speciﬁcally, we ﬁx conversation length k = 3 as in Section 5.4, and tune the embedding
size in each method from 100 to 500. We did not include HFT and
EFM here because their optimal embedding size is much smaller
(within 50). The results on Electronics and Kindle Store are shown
in Figure 7 for reference.
We ﬁnd that the performance regarding embedding size D vary
on diﬀerent datasets. On the Electronics and CDs & Vinyl datasets,
the performance tends to increase at ﬁrst and then tends to drop,
where the best performance is achieved when D = 300 ∼ 400. While
on the Kindle Store and Cell Phones datasets, the best performance
is achieved when D = 100, and increasing D does not help to gain
better performance.

6

CONCLUSIONS AND FUTURE WORK

In this paper, we propose to conduct conversational search and
recommendation based on emerging conversational devices and
systems. We believe that one of the most important advantages of
conversational search and recommendation against conventional
approaches is that the system can actively ask appropriate questions
so as to understand the user needs – a fundamental goal of search
and recommendation systems. As a result, we proposed a system
ask – user respond (SAUR) paradigm towards conversational search
and recommendation.
Based on this paradigm, we further proposed a multi-memory
network architecture as well as its personalized version for conversational search and recommendation, which integrates the power of
both sequential modeling and attention mechanisms. Experiments
in the Amazon e-commerce scenario based on real-world user purchase datasets veriﬁed the performance of our approach against
state-of-the-art product search and recommendation baselines.
The research on conversational search and recommendation is
still in its initial stage, and this work is just one of our ﬁrst steps
towards intelligent conversational systems, where there is much
room for future work and improvements. In this work, we assumed
the user-system conversation to be about aspect-value pairs, while
in the future, it is necessary for the system to perform more ﬂexible
conversations and to handle unexpected user responses appropriately. Except for the product search and recommendation scenario
in this work, the proposed paradigm may also be extended to other
conversational search and recommendation scenarios, such as conversational academic search, legal search, medical search, or even
general web search, and it may even be applied to tasks beyond
search and recommendation, such as conversational question answering based on intelligent devices.
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