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ABSTRACT

1

Conversation systems are of growing importance since they
enable an easy interaction interface between humans and
computers: using natural languages. To build a conversation system with adequate intelligence is challenging, and
requires abundant resources including an acquisition of big
data and interdisciplinary techniques, such as information retrieval and natural language processing. Along with the prosperity of Web 2.0, the massive data available greatly facilitate data-driven methods such as deep learning for humancomputer conversation systems. Owing to the diversity of
Web resources, a retrieval-based conversation system will
come up with at least some results from the immense repository for any user inputs. Given a human issued message,
i.e., query, a traditional conversation system would provide
a response after adequate training and learning of how to
respond. In this paper, we propose a new task for conversation systems: joint learning of response ranking featured
with next utterance suggestion. We assume that the new
conversation mode is more proactive and keeps user engaging. We examine the assumption in experiments. Besides,
to address the joint learning task, we propose a novel DualLSTM Chain Model to couple response ranking and next
utterance suggestion simultaneously. From the experimental results, we demonstrate the usefulness of the proposed
task and the eﬀectiveness of the proposed model.

People talk to each other every day. Generally speaking,
having conversations in natural languages is one of the basic
ways to communicate. Since computers become a powerful
tool and closely connected partner to humans, people expect
that we give orders and have conversations with computers
using natural languages. Such a communication interface is
simple, easy, straightforward, and more importantly, humanlike. For years, human-computer conversation systems have
gained much attention for their functional, social, and entertainment roles in real-world applications.
To launch a human-computer conversation system is inevitably diﬃcult and challenging. It is a hardcore problem
which involves interdisciplinary techniques such as information retrieval, natural language processing, and advanced artiﬁcial intelligence. The task requires comprehensive semantics analysis to understand human utterances. The system
needs to respond accordingly, either by organizing terms and
tokens to synthesize new responses (i.e., generation-based
conversation), or ﬁnding existed responses which are deemed
appropriate to reply (i.e., retrieval-based conversation). People work hard on how to maintain relevant, meaningful and
user-engaging conversations between human and computer.
Along with the prosperity of Web 2.0, people get used
to having conversations which are publicly available on the
websites, such as Bulletin Board System (BBS) forums, social media (e.g., Facebook, Twitter ) and community questionanswering platforms (e.g., Baidu Zhidao, Yahoo! Answers).
These resources provide a unique opportunity to build a massive collection of naturally occurring conversations. The big
data propel a fast development of retrieval-based techniques
for conversation studies in the open domain. The merit is
that owing to the diversity on the Web, the system will be
able to retrieve at least some results for any user inputs, and
can be trained to ﬂow naturalistic conversations by learning from large volumes of human-to-human conversations.
In this paper, we focus on research in the retrieval-based
human-computer conversation system in the open domain.
Over time, notable accomplishments in conversation systems have been achieved with tremendous eﬀorts devoted.
People have developed a well-deﬁned paradigm and deploy
it into most of existed conversation systems: given a human
utterance as the query, the computer returns a response. The
standard procedure presumes that humans take the role to
lead a conversation.

CCS CONCEPTS
•Information systems → Retrieval models and ranking; Web applications; Users and interactive retrieval;

KEYWORDS
Response ranking; next utterance suggestion; neural networks; joint learning; conversation system
Permission to make digital or hard copies of all or part of this work
for personal or classroom use is granted without fee provided that
copies are not made or distributed for proﬁt or commercial advantage
and that copies bear this notice and the full citation on the ﬁrst page.
Copyrights for components of this work owned by others than ACM
must be honored. Abstracting with credit is permitted. To copy
otherwise, or republish, to post on servers or to redistribute to lists,
requires prior speciﬁc permission and/or a fee. Request permissions
from permissions@acm.org.
SIGIR’17, August 07-11, 2017, Shinjuku, Tokyo, Japan
© 2017 ACM. 978-1-4503-5022-8/17/08. . . $15.00
DOI: http://dx.doi.org/10.1145/3077136.3080843

685

INTRODUCTION

Session 6B: Conversations and Question Answering

SIGIR’17, August 7-11, 2017, Shinjuku, Tokyo, Japan

An interesting thought comes to our mind. Since query
suggestion has been demonstrated to be helpful for classic
information retrieval, and a search-based conversation system applies the retrieval paradigm, what if we introduce a
proactive conversation mode with “response ranking” as well
as “next utterance suggestion”? Query suggestion brings information outside of a particular user’s scope and provides
what others might search given the entire dataset, leading to
better search experiences. So can we expect the utterance
suggestion could improve the conversation experiences?
We believe the answer is yes. There are several advantages for a proactive human-computer conversation mode
featured with next utterance suggestion. One typical situation is that the system predicts something that the user is
going to express (similarly as query suggestion might do).
In this scenario, the user just needs to click the suggestion
and it becomes more convenient to talk. Moreover, conversations in the open domain generally do not limit to only
one ground truth response, and people keep an open mind
in chit-chat. By taking next utterance suggestions, users
are able to continue a conversation about new contents that
they might not originally intend to talk about. Thirdly, one
more critical issue is that there can be “stalemates” during a
human-computer conversation [14]. A passive conversation
system cannot break the stalemates but a proactive one can,
by suggesting appropriate next utterances to say. Due to
manifold reasons, we expect better human-computer conversation experiences in the new proactive conversation mode.
We have two questions to answer: 1) does the proposed
new conversation task really work? 2) If the task works, how
to formulate the problem and design a model to solve it?
We brieﬂy formulate the new task. Given a query q, the
conversation system provides a pair of response and suggestion (r,s). r is to respond q, while s is to suggest how the
conversation continues given r. In contrast to the traditional
passive conversation style, the system now provides additional information to attract more user engagement, which is a
“proactive” conversation style. The new mode is featured
with next utterance suggestion and response ranking, simultaneously.
We can decompose the task into several subtasks. The
most straightforward method is to ﬁnd an appropriate response given the query, and then to ﬁnd a good suggestion
given the response in the same way. However, we will show
that the simple solution does not work. For one thing, the
suggestion is not guaranteed to be relevant to the query;
moreover, if a response diverges from the query, a suggestion based on the response would become meaningless.
To this end, we propose a dual recurrent neural network
chains with Long-Short Term Memory (LSTM) units for the
new conversation task, namely Dual-LSTM Chain Model
(Dual-LSTM ). The model formulates two matching chains
for query-response and response-suggestion separately, and
couples the dual chains in an end-to-end joint learning manner. The information across the words is propagated through
chains, and both chains are tangled to fuse input information
via a uniﬁed way, which is a novel insight.

We conduct extensive experiments in a variety of humancomputer conversation setups and evaluation metrics in terms
of p@1, MAP, nDCG and MRR. We run experiments against
several rival algorithms to answer the two questions that we
brought up previously: is the task useful and is the model
eﬀective? The results are positive.
To sum up, we have several contributions as follows:
• To the best of our knowledge, we are the ﬁrst to systematically investigate the proactive conversation mode with
next utterance suggestion. The joint learning problem and
our task formulation are novel1 .
• To solve the joint learning problem, we propose a novel
Dual-LSTM Chain Model based on the recurrent neural networks. The proposed model simultaneously matches a query
with a pair of response and suggestion as the next utterance.
• We conduct extensive experiments to investigate whether
the proactive conversation mode is useful, and to examine
the eﬀectiveness of the Dual-LSTM model. By studying the
phenomenon of the system equipped with the new conversation mode, we have some interesting discoveries.
The rest of the paper is organized as follows. We start
by reviewing related work in Section 2. We introduce the
task statement in Section 3. In Section 4, we describe our
proposed model. We devise experimental setups and evaluations against a variety of baselines and discuss results in
Section 5. We draw conclusions in Section 6.

2

RELATED WORK

For decades, researchers work on human-computer conversation systems. In early days, people generally focus on conversation systems established by rules or templates [30, 34].
The idea is simple and such methods require no data or few
data for training, while instead require a great many human
eﬀorts to create enough handcraft rules or templates to run
the system. To build rule-based systems is costly. Yet a
conversation goes out of scope easily. People begin to pay
more attention to data-driven methods.
From human-driven conversation systems to data-driven
conversation systems, the need for a much bigger amount
of data is substantially increasing. Nowadays, with the prosperity of social media (such as microblogs), forums and other
Web 2.0 resources, people have conversations with each other on the Internet, publicly. It is feasible to collect a very
large amount of human-to-human conversation data [33].
With massive data available, it is intuitive to build a
retrieval-based conversation system as information retrieval
techniques are developing fast. Given a user utterance as a
query, the system searches for candidate responses by certain matching metrics. Leuski et al. build systems to select
the most suitable response to the query from the questionanswer pairs using a statistical language model as crosslingual information retrieval [8]. The database consisting
of a number of question-answer pairs is a key to success [9].
1

Google works on utterance assistance in Allo and Gmail system with
a vision of “responding without typing”. So basically, the technique
only produces a candidate response (w/o a next utterance). Our problem formulation with response-suggestion pairs is quite diﬀerent.
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Researchers propose to augment the database with questionanswer pairs retrieved from plain texts [2, 19].
Another way to build a conversation system is to use language generation techniques. Higashinaka et al. propose to
combine language template generation with the search-based
methods [3]. Ritter et al. have investigated the feasibility of
conducting short text conversation by using statistical machine translation (SMT) techniques, learning from millions
of naturally occurring conversation data in Twitter [21]. In
these approaches, a response is generated from a model, not
retrieved from a repository, and thus it cannot be guaranteed
to be a legitimate natural language text [42].
In recent years, deep neural networks (DNNs, also known
as deep learning) have made a signiﬁcant improvement. DNNs
are highly automated learning machines; they can extract underlying abstract features of data automatically by exploring
multiple layers of non-linear transformation [1]. Prevailing
DNNs for sentence-level modeling include convolutional neural networks (CNNs) and recurrent neural networks (RNNs).
In CNNs, we have a ﬁxed-size sliding window to capture local patterns of successive words [7], whereas RNNs keep one
or a few hidden states, and collect information along the
word sequence in an iterative fashion [39]. Due to a wellknown problem of gradient vanishing/explosion in vanilla
RNN, Long-Short Term Memory (LSTM) and Gated Recurrent Unit (GRU) are proposed to address the issue [20, 28].
With the help of deep learning techniques, generationbased conversation systems are greatly advanced. In general, the conversation system applies the sequence-to-sequence
generation manner [28]. A neural responding machine is proposed for single-turn conversation [24]. Soon, the conversation is extended into multi-turns, with plain contexts [26]
and hierarchical contexts [23, 29]. Researchers gradually introduce various elements into conversation generation, such
as diversity [12], persona [13], topic [38], knowledge [40] and
additional contents [18].
Needless to say, retrieval-based conversation systems are
also greatly advanced using neural networks. A series of information retrieval-based methods are applied to short-text
conversations using microblog data, either for single-turn
conversation [6, 11, 15] or multi-turn conversation [42, 43,
45]. Basically, these methods model sentences using convolutional [4, 15] or recurrent [20, 31] units to construct abstractive representations. Many matching metrics are proposed
for retrieval using deep neural networks. Palangi et al. have
proposed sentence matching based on vector similarities [20].
A recursive schema is later introduced for incremental sentence modeling [31, 32]. Usually, sentences are compared
in a pairwise matching style via word-by-word matchings,
known as sentence pair modeling [4, 41]. The chain-based
matching is also demonstrated to be useful, where the ﬁrst
sentence’s information is available when modeling the second
one [10, 22]. In this paper, we use the chain-based matching
with recurrent units. Auxiliary information such as topics
[37], knowledge [36], and contents [14] can also be incorporated for better retrieval. Although not all of these methods

are originally designed for conversation, they are very eﬀective for short-text matching tasks in general. We include
some of them as strong baselines in the experimental setups.
In this paper, we propose a new conversation task of response ranking and next utterance suggestion. The diﬀerence compared with related work is quite clear. The mentioned studies basically rank responses by certain matching
metrics. Most traditional human-computer conversations
are passive: the computers need only to respond. No content will be suggested to continue the conversation. Here
in the new conversation mode, the computers become proactive to suggest next utterances when deemed appropriate.
We investigate the new conversation task and evaluate its
usefulness in the application scenario. Secondly, we propose
a Dual-LSTM Chain Model to couple the joint learning task
in this paper, which is also a novel insight.

3 TASK STATEMENT
3.1 Problem Formulation
The new conversation task contains two hops of retrieval.
Given a query q from the human, the computer would retrieve several candidate responses r to respond. For each
r, the system will retrieve a bunch of candidate suggestions
s as next utterances. The two-hop process is illustrated in
Figure 1. After the two hops of retrieval, we have one query
to several responses, and each response is followed by several
suggestions. We formulate them as triples, each as {q,r,s}.
For each triple of {q, r, s}, we feed them into the proposed neural network framework for sentence representation
learning and semantics matching. The ranking score F(.)
is a learned function from all evidences through an end-toend learning. The best matched r and s will be output in
pairs as an appropriate response and a next utterance suggestion. In contrast to a traditional conversation formulation as
r⋆ = argmaxr F (r|q), we formulate the joint learning task
for a proactive conversation system as follows:
(
)
(r, s)⋆ = argmax F (r, s)|q
(1)
r,s

We decompose the joint learning task into subtasks, and
then analyze the major technical issues for each of them.
Subtask 1 (Response Ranking.) Given a user issued
query q, we retrieve several candidate responses r from the
conversational dataset D. We learn to match r with q.
It is undoubted that the relevance between the query and
the response is a key issue to the joint learning task. If a
selected response is not related to the query, the entire task
might become meaningless. Subtask 1 aims at modeling the
semantic correlation between the query and the response.
Here we apply an LSTM chain to characterize the semantic
relevance and to measure whether a response is appropriate.
Subtask 2 (Suggestion Ranking.) Given a candidate
response r, we retrieve several candidate suggestions s from
the conversation dataset D. We learn to match s with r.
Another key issue for the task is the relevance between
the (selected) suggestion and the (selected) response. Intuitively, if the suggestion is not related to the response, the
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3.2

濥濸瀆瀃瀂瀁瀆濸

濤瀈濸瀅瀌

task would make less sense. This subtask characterizes the
semantic matching between a response and a suggestion. We
can apply another LSTM chain to model the relevance then
decide how likely to give a suggestion as the next utterance.
Yet, these two LSTM chains should not be isolated. Since
the choice of the ﬁrst chain (a response) and the choice of
the second chain (a suggestion) are provided as a pair, both
components need to be somehow coupled together. Moreover, since part of the ﬁrst chain is also part of the second chain, the ﬁrst LSTM chain can have a positive impact
(when appropriately matched), or negative penalty (when
mismatched), on the second LSTM chain. In other words,
the second LSTM chain will be inﬂuenced by an external
“memory” from the ﬁrst LSTM chain and the memory is a
soft gating mechanism for the information propagation.
Subtask 3 (Joint Coupled Learning.) Given the candidate responses r and suggestions s, we learn to couple them
together so as to rank a pair of (r, s) given q.
From subtasks 1 and 2, we can measure the correlations
between a query and a response, as well as a response and
a suggestion. Neither of the matching result will be output
in isolation: they are further coupled through deep neural
networks and we obtain a ﬁnal ranking score for (r,s) pairs.
We believe that training such an end-to-end model to minimize a single objective function, and with minimum reliance
on hand-crafted features, will yield superior performance in
the long run. We introduce the Dual-LSTM Chain Model
by taking into account of the 1) query-response relevance, 2)
response-suggestion relevance, and 3) the joint learning. We
will elaborate the components in Section 4.

濩濼瀅瀇瀈濴濿澳濗瀂濶瀈瀀濸瀁瀇澳濼瀁澳濗

濠濸瀆瀆濴濺濸澳

濥濸瀃濿瀌

濥濸瀆瀃瀂瀁瀆濸

(a) 1st-hop Retrieval

濩濼瀅瀇瀈濴濿澳濗瀂濶瀈瀀濸瀁瀇澳濼瀁澳濗

濠濸瀆瀆濴濺濸澳

濥濸瀃濿瀌

濦瀈濺濺濸瀆瀇濼瀂瀁

(b) 2nd-hop Retrieval

Figure 1: Two hops of retrieval to get responses and
suggestions from the virtual documents given a query.
In general, the retrieval process is to search for the
message part and to return the reply part.

retrieval returns a list of potentially relevant responses and
suggestions out of the corpus given the query. We feed them
into the learned matching model.

4

DUAL-LSTM CHAIN MODEL

To learn the representation and matching is the core component in the retrieval-based conversation system. We establish a joint learning framework. Two LSTM chains combine the ranking evidences and determine the match of a
response-suggestion pair to a query. All ranking evidences
are integrated together through the proposed Dual-LSTM
Chain Model shown in Figure 2.

4.1

LSTM Chain

To be self-contained, we ﬁrst give a quick overview of word
embedding and the neural network structures.
4.1.1 Word Embeddings. In text-related models, a word
generally acts as an atomic unit; thus, the internal relation
between similar words might lose. A typical approach is to
map a discrete word to a dense, low-dimensional, real-valued
vector, called an embedding [17]. Each dimension in the
vector captures some (anonymous) aspect of underlying word
meanings. This process is known as vectorization. Given
enough data, word embeddings can make highly accurate
guesses about the meaning of a particular word. Embeddings
can equivalently be viewed that a word is ﬁrst represented
as a one-hot vector and multiplied by a look-up table [17].
In our model, we ﬁrst vectorize all words using their embeddings, which serve as the foundation of our deep neural
networks. Word embeddings are initialized randomly, and
then tuned during training as part of model parameters.

System Pipeline

We brieﬂy describe the system pipeline and data ﬂow. Roughly, we have an oﬀ-line process and an online process.
Oﬀ-line Process. As mentioned, people now interactively have conversations with each other on the Internet, which
provides a huge thesaurus of conversational data. Therefore
we are able to collect suﬃcient human-to-human conversation data taken from the Web. Users post messages visible
to the public, and then receive replies. Such conversations
do not occur in strict real-time style but they are literally real human conversations which last for one turn or more. We
collect the conversational data (D), stored as “virtual documents” (d), each virtual document as d=(message,reply)
|D|
and D={di }i=1 . The whole corpus is formatted in an inverted index prepared oﬀ-line. Besides, we train the matching
model oﬀ-line to learn human conversations from the data.
Online Process. After taking in a user-issued query, we
apply a standard retrieval process via keyword search from D.
To be more speciﬁc, we search for a message using the query,
and returns the reply as the response to output, as shown
in Figure 1(a). Similarly, we search for a suggestion given
a candidate response using the same conversation repository
D, shown in Figure 1(b). For more details of how to retrieve
responses from a conversational database, interested readers
may refer to more elaborations in [42, 43]. The two-hop of

4.1.2 LSTM Networks. We use the recurrent neural networks (RNNs) with LSTM units to propagate information
along the word sequence. RNNs keep a hidden state vector,
which changes according to the input at each time step.
LSTM is an advanced type of RNN by further using memory cells and gates to learn long term dependencies within
a sequence to address gradient vanishing or explosion problems [20, 28]. LSTM maintains a memory cell that updates
and exposes its content only when deemed necessary. LSTM
models are deﬁned as follows: given a sequence of inputs, an
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Figure 2: Dual-LSTM Chain Model with the ﬁrst LSTM chain to characterize query-response and the second
LSTM chain to characterize response-suggestion. The two LSTM chains are coupled by an external memory
states and a multi-layer perceptron (MLP).
(1)

LSTM associates each position with input, forget, and output gates, denoted as it , ft , and ot respectively. The vector
ct is used to additively modify the memory contents. Given
an input sentence x = {x0 , x1 , . . . , xT }, where xt is the vector of word embedding for individual token (i.e., a word) at
position t in the sentence. LSTM outputs a representation
ht by combining ht−1 and xt for position t, given by
 (1)  

it
σ
[
]
 (1)  
(1)
σ  (W · h(1)
+ b)
(2)
,
x
 ft  =
t
t−1
(1)
σ
ot
[
]
(1)
(1)
(1)
ut = tanh(W · ht−1 , xt
+ b)
(3)
(1)

ct

(1)

= ft
(1)

ht

(1)

(1)

⊙ ct−1 + it
(1)

= ot

(1)

⊙ ut

(4)

(1)

(5)

⊙ tanh(ct )

state hT which indicates the information from the query
and response. As indicated in Section 3.1, the hidden states
(1)
{ht } will be utilized to characterize the other LSTM chain.
(1)
We take the output vector hT as a feature representation
and feed it to a feed-forward neural work for future integration and optimization. The gradients are computed using
the back-propagation algorithm [35].

4.2

Dual-LSTM Chain

We incorporate another LSTM chain for response-suggestion
matching. The gist is similar to the ﬁrst LSTM chain. Additionally, the ﬁrst LSTM chain has an impact by propagating
information through a soft gating mechanism on the second
LSTM chain. We will ﬁrst explain the external “memory”
from the ﬁrst LSTM chain. We formulate a relevance vector
through a gating cell into the neural network units in the
second LSTM chain so as to control information fusion.

where b indicate the bias and ⊙ denotes element-wise multiplication. σ(·) = 1+e1 −· is a known as a sigmoid function.
Intuitively, the forget gate controls the amount of which each
unit of the memory cell is erased, the input gate controls how
much each unit is updated, and the output gate controls the
exposure of the memory state, which is stored in the internal
memory cell.
For a pairwise matching, two sentences are matched via
a transformation of an aﬃnity matrix through parameters
trained and learned from the network. In this paper, we use
the chain-based matching through information propagated
in the LSTM sequence. Such a method has been proved
eﬀective for matching and alignments [10, 22].
(1)
In this way, we obtain a series of state {ht } with a super(1)
script
from the ﬁrst LSTM chain, and the ﬁnal hidden

4.2.1 External Memories. We use external memories con(1)
structed by history hidden states {ht } from the ﬁrst LSTM
chain between the query and the response, which is:
(1)

(1)

(1)

M = {h1 , h2 , . . . , hT }
(1)

where ht is the hidden state at time t emitted by the ﬁrst
LSTM chain. The memory blocks M are used to store the
external information for matching. Hence, the history information can be read from the memory block. We denote a
relevance vector (denoted as r) from external memories as
ri , which can be computed by soft attention mechanisms:
ri =

T
∑
1
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where α represents the attention distribution over the external memory states M.
The attention signal can be calculated as:
(
(1)
(2)
(2) )
αij = Softmax ϕ(hj , xi , hi−1 )

(1)

(7)

where
[
]
(1)
(2)
(2)
(1)
(2)
(2)
ϕ(hj , xi , hi−1 ) = vT tanh(W · hj , xi , hi−1 + b) (8)
W are weight matrices, v is weight vector and vT denotes
its transpose. Here we use superscripts (1) and (2) to denote
the vectors from the ﬁrst LSTM chain and the second LSTM
chain respectively. The score is based on how to control the
information fusion from the query-response relevance. The
attention schema is parametrized as a neural network which
is jointly trained with all the other components [22, 24].
4.2.2 Gating Cell. With additional information of the external memory blocks, we have more evidence to measure the
relevance between a response and a suggestion. The information from the ﬁrst LSTM sequence is maintained and passed
along for further judgments of the second LSTM chain. Our
motivation is to propagate “reliable” relevance evidence from
the ﬁrst LSTM chain to measure the second one. To this end,
we design a gating cell to read relevance memories into the
second LSTM chain.
The gating cell is to control the information fusion into the
second LSTM chain: relevance evidence can pass through
the gate and irrelevant evidence shall not. In this way, the
semantic relevance from the ﬁrst chain implicitly performs
as the clue for the selection of the second chain. Starting
from the original vectors, at each time step the cell decides
the alignment with the ﬁrst LSTM chain, and decides what
information should be retained for future time steps and
discards the others. This cell plays the role of gating relevant
information fusion, and the semantic clues can be integrated
into the second LSTM chain smoothly.
We add a new gating cell, and the relevance information
is incorporated into the LSTM units. The cells read the relevance vector, and decides whether or how to use the external
memory from the ﬁrst LSTM chain into the second one.
 (2)  

it
σ
 (2)  
[
]
 ft   σ 
 (W · h(2) , x(2) , rt + b) (9)
 (2)  = 
t
t−1

σ
 ot 
σ
gt
(2)

ut
(2)

ct

]
[
(2)
(2)
= tanh(W · ht−1 , xt , rt + b)
(2)

= ft

(2)

ht

(2)

(2)

⊙ ct−1 + it
(2)

= ot

(2)

⊙ ut

+ gt ⊙ rt

(2)

⊙ tanh(ct )

Coupled Chains
(2)

Now we have two ﬁnal states denoted as hT and hT from
the Dual-LSTM chains. We concatenate both vector representations together, and feed the concatenated vector to an
ensuing network for further information mixing. Vector concatenation for matching is also applied in various studies like
[44], which is eﬀective yet of low complexity order.
The joint vector is then passed through a 3-layer, fullyconnected, feed-forward neural network, also known as multilayer perceptron (MLP) [1], which allows rich interactions.
The network enables to extract features automatically, starting from lower-level representations to higher-level ones, till
the system provides an overall judgment of the appropriateness for the query, response, and suggestion triple.
We have two options to formulate the task-speciﬁc output. We can formulate the whole task as a ranking problem.
For ranking tasks, the outputs are scalar matching scores.
We can also formulate the task as a classiﬁcation problem,
when the outputs are the probabilities of the diﬀerent classes,
which are computed by the softmax function on the matching vectors. In this paper, we use the ﬁrst formulation of
a ranking problem. A single neuron outputs the matching
score of both components. As mentioned, F((r, s)|q) is in R;
the ﬁnal scoring neuron is essentially a linear regression.
Here we apply hinge loss to train the proposed network.
Given a triple of positive sample (q, r+ , s+ ) in the training
set, we randomly sample a negative instance r− and/or s− .
The objective is to maximize the scores of positive samples
while minimizing that of the negative samples. Concretely,
we would like the score of positive samples F(+) to be as
least the score of negative samples F (−) plus a margin ∆.
Thus, the training objective is to
minimize
θ

∑

max {0, ∆ + F(+) − F (−)} + λ∥θ∥22

(13)

where we add an ℓ2 penalty with coeﬃcient λ for all the
parameters θ which are weight and bias values optimized by
the network from all ranking evidences.
As our model is (almost) everywhere diﬀerentiable, the
parameters of the networks are optimized with stochastic
gradient descent using the back prorogation algorithm to
compute the gradients. The gradients can be propagated
all the way back through coupling, matching, and individual
sentence modeling. In this way, heterogeneous information
can be incorporated organically with our model under the
uniﬁed deep framework. According to the objective function
to optimize in Equation (13), it is suﬃcient to learn the
model by computing the gradients with respect to the model
parameters. The computation for these gradients can be
decomposed using chain rules.

(10)
(11)

4.4

(12)

Model Variants

Our proposed model has some natural connections to existed
neural network models for conversation tasks. We add some
more discussions about the model variants.

After updating the new LSTM units, the hidden state of
(2)
hT will be passed as the output of the second LSTM chain.
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5.2

Model Degeneration. We have two LSTM chains to feed
into the MLP function. If we just omit the semantic matching which comes from the second LSTM chain, the model
degenerates to a traditional matching method for the standard human-computer conversation without next utterance
suggestion. In other words, a model for the standard humancomputer conversation is part of our proposed model.
Another degeneration is that we separate the proposed
model into two isolated LSTM chains without any coupling
structures. We use the ﬁrst chain to match a query and a
response, and use the second chain to match a response and
a suggestion. The model degenerates into a Chain-LSTM
model [10], which is the most intuitive way to tackle the
proactive conversation mode with response ranking and next
utterance suggestion. Although not coupled, two isolated
chains still provide two ranking lists for either responses or
suggestions. We include the model in experimental analysis.
Model Extension. There are two typical scenarios for conversations: single-turn conversation and multi-turn conversation with “context” information from a session [42, 43].
Since the proactive conversation mode with response ranking and next utterance suggestion is quite a new study, we
start from the basic single-turn conversation scenario to verify its usefulness: the matching is measured among a triple
of a query, a response and suggestion.
It is exciting to see that with small extensions, the proposed model will be compatible with the multi-turn conversation scenario. We can encode the contexts into the ﬁrst
LSTM chain as people generally do [23, 26]. The information from the ﬁrst LSTM chain can still be propagated to
the second LSTM chain, the Dual-LSTM model can be used
for multi-turn conversation scenarios. We leave further investigations as our future work.

5

5.3

Evaluation

For evaluation, we need to examine the eﬀectiveness of the
new conversation task and the proposed Dual-LSTM model.
We need to demonstrate the proposed Dual-LSTM method
is eﬀective for the task. To this end, we evaluate the appropriateness of the response and the suggestion given a particular query. Since we can automatically construct training/testing sets, we evaluate based on 11,097 test cases. We
hire annotators on a crowdsourcing platform to judge the appropriateness of top-10 ranked response and suggestion pairs
from diﬀerent methods for each test case. Each sample was
judged by annotators via majority voting based on appropriateness. “1” denotes appropriateness and “0” indicates
otherwise.
The evaluation design consists two parts: the evaluation
interfaces are shown in Figure 3. The annotator will ﬁrst
be shown two sentences s1 and s2 . They are asked whether
the s2 is good to respond s1 . In this way, we obtain the
matching results for either query-response (recorded as Type
I evaluation results) or response-suggestion (denoted as Type
II evaluation results). We keep the appropriate pairs when
s1 is the query and s2 is a response. Next s3 is added into
the evaluation, and annotators are asked to judge whether
s3 is appropriate given both s1 and s2 . We know whether
s3 is a good suggestion given s1 and s2 (denoted as Type III
evaluation). Other triples are annotated as inappropriate.
Given the ranking lists with scores, we evaluated the performance in terms of precision@1 (p@1), mean average precision (MAP) [27], and normalized discounted cumulative gain
(nDCG) [5]. Since the system outputs the highest ranked results, p@1 is the precision at the 1st position, and should
be the most natural way to indicate the fraction of suitable
result among the top-1 triple retrieved. We also provide
the top-10 ranking list for all test queries using nDCG and
MAP, which test the potential for a system to provide more
than one appropriate triples. We aimed at selecting as many

EXPERIMENTS AND EVALUATION

The objectives of our experiments are 1) to examine whether
the new proactive mode with a next utterance suggestion is
useful in human-computer conversation systems, and 2) to
verify the eﬀectiveness the Dual-LSTM model for the task.

5.1

Hyperparameters

We use 128-dimensional word embeddings, and they were
initialized randomly and learned during training. As our
dataset is in Chinese, we performed standard Chinese word
segmentation. We maintained a vocabulary of 177,044 phrases by choosing those with more than 2 occurrences.
The LSTM units have 128 hidden units for each dimension. We used stochastic gradient descent (with a mini-batch
size of 100) for optimization, gradient computed by standard
back propagation. Initial learning rate was set to 0.8, and
a multiplicative learning rate decay was applied. The above
parameters were chosen empirically. We used the validation
set for early stopping.
During the experiments, a suggestion will be provided
when the matching score of the triple exceeds a threshold
(empirically set as 0.9 in this study). Otherwise, we still use
the traditional conversation mode since we do not provide
suggestions all the time with low conﬁdence.

Dataset

We use the data which contain a large number of human conversations crawled from open Web, where the users publish
a message visible to the public, and then receive a bunch
of subsequent replies to their utterances. We conducted data ﬁltering and cleaning procedures by removing extremely
short utterances and those of low linguistic quality.
We constructed another conversation dataset of 1,606,583
samples to train the proposed model, 357,018 for validation,
and 11,097 for testing. It is important that the dataset for
learning does not overlap with the data for retrieval: we
strictly comply with the machine learning regime. For each
training and validation sample, we randomly chose inappropriate responses and/or suggestions to obtain a negative sample. Validation was based on the model accuracy.

691

Session 6B: Conversations and Question Answering

SIGIR’17, August 7-11, 2017, Shinjuku, Tokyo, Japan

瀆濄 澻濐澳瀄瀈濸瀅瀌澼澳澳
瀆濅 澻濐澳瀅濸瀆瀃瀂瀁瀆濸澼澳澳

澷濦濣濫濘濧濣濩濦濗濝濢濛澔濈濕濧濟澔濄濕濦濨澔澦

澷濦濣濫濘濧濣濩濦濗濝濢濛澔濈濕濧濟澔濄濕濦濨澔澥
ͳ ሺൌሻ

ͳ ሺൌሻ

ʹሺൌሻ

ͳ ሺൌሻ

ʹሺൌሻ

ʹሺൌሻ

5.4

ͳ ሺൌሻ

ʹሺൌሻ

͵ሺൌሻ

ͳ ሺൌሻ

ʹሺൌሻ

ͳ ሺൌሻ

ʹሺൌሻ

͵ሺൌሻ

Figure 3: Interfaces for crowdsourcing evaluations.
In Crowdsourcing Task 1, annotators are asked to
judge whether a second sentence s2 is appropriate to
the ﬁrst sentence s1 . Next we ﬁlter the results from
Task 1, and keep the samples when s1 is a test query
and appropriateness judged as yes for Task 2. In
Task 2, annotators judge whether the third sentence
s3 is appropriate given the matched s1 and s2 .

appropriate candidates as possible into the top-10 list and
rewarding methods that return suitable triples on the top.
Formally, the metrics are computed as follows.
nDCG@i =

k
1 ∑ 1 ∑ 2ψi − 1
|T | q∈T Z i=1 log(1 + i)

where T indicates the testing query set, k denotes the top-k
position in the ranking list, and Z is a normalization factor
obtained from a perfect ranking. ψi is the relevance score
for the i-th candidate reply in the ranking list (i.e., 1: appropriate, 0: inappropriate).
MAP is computed by
MAP =

5.5

Overall Performance

We conduct the appropriateness evaluation to see the performance of all methods. We have three types of results from
the crowdsourcing evaluations. We measure the appropriateness between a query and a response (Type I), the appropriateness between a response and a suggestion (Type II), and
most importantly, the appropriateness between a query and
a (response, suggestion) pair (Type III). For baselines, they
do not have the coupling component, thus we adapt two separate matchings for query-response and response-suggestion.
The results are shown in three rows in Table 1.
Okapi BM25 represents the standard keyword-based retrieval method. The performance for BM25 is moderate,
not surprising. In general, BM25 only utilizes the shallow
representation of individual terms, while it is less capable to
capture the deep semantics inside sentences.
Deep learning systems are demonstrated to have stronger
capabilities to learn the abstractive representation [1, 7, 25].
The deep learning algorithm groups clearly outperform the
shallow learning method. Measuring the interactions of each
and every terms from the two sentences at every position
can be ascribed as a classic matching style, either as a convolutional baseline ARC-II, or recurrent baseline MV-LSTM.
Word-to-word matching in every position is better than the

k
1 ∑ 1 ∑
Pi × ψi
|T | q∈T Nq i=1

Here Nq is the number of appropriate candidates selected,
and Pi is the precision at i-th position.
Since we use real triplets collected from multi-turn humanhuman conversations for testing, we also have the human
result added in the ranked list after matching. We include
the Mean Reciprocal Rank (MRR) evaluation computed as:
MRR =

Competing Algorithms

We include several algorithms as baselines to compare. Since
our proposed approach is technically a retrieval method, we
mainly focus on retrieval-based conversation system. For
fairness we use the same pre-processing procedure and the
same data for all algorithms. Given a query, the systems
return matched responses and suggestions accordingly.
• Okapi BM25. We include the standard retrieval technique to rank candidates. For each utterance, we retrieve
the most relevant results using BM25 model [16].
• ARC-II. There are many convolutional kernel based sentence matching method [4, 15]. The ARC-II approach is a
typical neural network based method with convolutionary
layers which construct sentence representations and produce
the ﬁnal matching scores via a MLP layer [4].
• LSTM-RNN. A sentence is encoded as a vector representation by the last hidden state from an LSTM-RNN sequence.
Two sentences are matched by cosine similarity in pairs [20].
• MV-LSTM. MV-LSTM is a deep architecture for wordto-word matching of two sentences with multiple positional
sentence representations by LSTM sequences [31].
• Chain-LSTM. The Chain-LSTM indicates another matching style. When concatenated as a chain, the ﬁrst sentence
helps to model the second one. The information from both
sentences interweaves sentence modeling and matching [10].
• Dual-LSTM. We propose the Dual-LSTM Chain Model
based on several novel insights: two matchings are modeled
by two LSTM chains, and the dual chains are coupled by
joint learning through deep neural networks. We have some
model variants and we discuss the analysis in Section 5.6.

1 ∑
1
|T | q∈T rank(q)

where rank(q) is the position of the human result from the
real triplet within the candidate ranking list.
Unlike MAP and nDCG, which examine the ranks of appropriate candidates, Mean Reciprocal Rank (MRR) focuses
on evaluating the capability of retrieval systems to ﬁnd (perhaps) the best result which means the positive triples created
by humans in our dataset. MRR is useful but does not test
the full capability because there can be multiple appropriate
utterances to continue a conversation.
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Table 1: Appropriateness results of Type I, II, and
III evaluations. Bold fonts indicate the acceptance
of improvement hypothesis for the joint learning task
(shown in gray rows) by Wilcoxon test at a signiﬁcance level of 0.01. nDCG means nDCG@10.
Model
Okapi BM25

ARC-II

LSTM-RNN

MV-LSTM

Chain-LSTM

Dual-LSTM

p@1
0.272
0.259
0.138
0.394
0.387
0.255
0.338
0.351
0.206
0.435
0.410
0.269
0.416
0.422
0.261

MAP
0.253
0.226
0.126
0.294
0.291
0.201
0.283
0.300
0.195
0.322
0.313
0.251
0.328
0.316
0.246

nDCG
0.302
0.284
0.187
0.421
0.415
0.278
0.371
0.366
0.233
0.409
0.414
0.267
0.429
0.410
0.298

MRR
0.169
0.156
0.091
0.232
0.217
0.142
0.228
0.237
0.128
0.308
0.301
0.168
0.301
0.307
0.183

I
II
III
I
II
III
I
II
III
I
II
III
I
II
III

0.431
0.442
0.425

0.339
0.326
0.315

0.441
0.437
0.419

0.312
0.319
0.303

I
II
III

Table 2: Component analysis for model variants.
Model

MAP
0.326
0.320
0.248

nDCG
0.432
0.428
0.313

MRR
0.304
0.310
0.216

I
II
III

-Cell

0.426
0.430
0.392

0.333
0.331
0.299

0.438
0.422
0.401

0.308
0.317
0.289

I
II
III

Dual-LSTM

0.431
0.442
0.425

0.339
0.326
0.315

0.441
0.437
0.419

0.312
0.319
0.303

I
II
III

-MLP

and 2) the coupling MLP layer, separately. We observe that
performance drops compared to the full Dual-LSTM model.
The results are shown in Table 2.
This phenomenon indicates both coupling designs are useful for the joint learning task. The performance drops when
we remove the gating cell, which explains that cells are used
as soft attention from external memories. The performance
drops even more when we remove the MLP layer, since the
MLP layer directly mingles information from two chains together. We also have an interesting observation that compared with the Chain-LSTM method, the model variant with
an MLP layer (i.e., -Cell ) performs better even for the response ranking subtask. We assume that seeing the information from the “future” conversations helps ranking, which is
another justiﬁcation for the proactive conversation mode.

matching from a single position (i.e., LSTM-RNN ), which
concurs the observation in [31].
The single Chain-LSTM method is regarded as another
matching regime, and is demonstrated to be useful in other
matching tasks such as entailment [22]. We have similar
observations. The MRR score indicates that this method is
good at capturing information ﬂows through a conversation.
For all baselines, shallow or deep, pairwise or single-chain
matching, responses and suggestions are isolated. There is
no guarantee for baselines to couple both components in order to avoid conversation divergence from the query. Our
proposed method performs well for Type I and II tasks, and
it combines two isolated components together and shows an
overwhelming improvement in Type III task. It is as expected: the information from the ﬁrst match should be used to
keep a response and the following suggestion in line.

5.6

p@1
0.422
0.425
0.271

6

CONCLUSION

In this paper, we propose a novel conversation mode between
humans and computers, featured with both response ranking
and next utterance suggestion.
We propose a joint learning model for the new conversation task. Since we have two components of responses and
suggestions to rank, we formulate a Dual-LSTM Chain Model to characterize each component and couple them together
with deep neural networks. We examine the eﬀect of the
proposed model against a series of baselines. Our method
consistently outperforms the baselines in terms of p@1, MAP,
nDCG, and MRR. We also investigate experiments to analyze diﬀerent components in Dual-LSTM.
To sum up, our contributions are that 1) we propose a
new conversation paradigm, 2) a novel joint learning model,
and 3) to verify the usefulness of the task and the model.
This work opens to several interesting directions of future
studies, such as next utterance suggestions for multi-turn
conversations with session contexts available. We leave the
idea as the future work for further investigations.

Discussions

Now we have validated that our proposed model is good
to tackle the task. Next we will take a closer look at the
components, the structure and diﬀerent model variants for
more analysis and discussions.
5.6.1 Analysis. We have two LSTM chains, and we check
the model with diﬀerent components and variants. For the
Dual-LTSM family, the ﬁrst variant is to degenerate the full
model into two isolated LSTM chains, which is exactly the
Chain-LSTM model included in the baselines. We omit this
variant due to strict page limits. We also degenerate the
model by removing 1) the gating cell with external memories
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