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Abstract. With the recent development of sequence-to-sequence
framework, generation approach for short text conversation becomes
attractive. Traditional sequence-to-sequence method for short text conversation often suﬀers from dull response problem. Multi-resolution generation approach has been introduced to address this problem by dividing
the generation process into two steps: keywords-sequence generation and
response generation. However, this method still tends to generate short
and dull keywords-sequence. In this work, a new multi-resolution generation framework is proposed. Instead of using the word-level maximum
likelihood criterion, we optimize the sequence-level GLEU score of the
entire generated keywords-sequence using a policy gradient approach in
reinforcement learning. Experiments show that the proposed approach
can generate longer and more diverse keywords-sequence. Meanwhile, it
achieves better scores in the human evaluation.
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Introduction

With the emergence of social media, more and more available conversation data
makes data-driven approaches for conversation possible. Short text conversation
is a simpliﬁed conversation problem: one round of conversation formed by two
short texts, with the former being an initial post from a user and the latter being
a comment given by the computer. This problem is the route towards solving
the conversation problem.
Recently, sequence-to-sequence models with attention mechanisms show
promising results on machine translation and machine summarization [1,2], this
model is also used in short text conversations. One of the apparent advantages
of the sequence-to-sequence approach over the retrieval-based approach is its
ability to generate responses that are not in the corpus.
However, the sequence-to-sequence model cannot generate informative and
diverse responses and tends to reply dull responses [3,4], such as “I think so”,
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“Where is it?” and so on. This phenomenon has various explanations. The traditional sequence-to-sequence model is trained according to the maximum likelihood criterion (MLE), which optimizes the Kullback-Leibler divergence (KLD)
between the true distribution and the distribution given by the model. Minimizing the KLD avoids assigning an extremely small probability to any data
point but assigns a lot of probability mass to the non-data region [5]. For short
text conversation tasks, the generated responses only depend on the mode of the
distribution given by the model. However, there is no guarantee that the true
probability density in the mode of this distribution is high by minimizing the
KLD. So it is likely that the model will generate dull responses, which is rare in
the corpus. Meanwhile, the high perplexity of the responses given the posts also
indicates that the posts do not provide much useful information.
The previous observations analyze the weakness of the model. However, the
fundamental reason why the traditional sequence-to-sequence model generates
dull responses is related to the mechanism of conversation. Unlike machine translation, which transforms the same content from one representation to another,
responding a post contains following several steps. The ﬁrst step is to understand the content of the post. Then, combined with personal experiences, to
decide what to reply. Finally, in the form of natural language to express our
meaning. A successful short text conversation system also should follow these
steps. The sequence-to-sequence model generates dull responses since it does not
explicitly model the second step.
To generate diverse and rich responses, it is necessary to imitate the decision process of the conversation, and additional information should be provided
to the generation step. The keywords in the responses are most likely to be
treated as additional information. [6] proposes a content-introducing approach
to generate responses in a two-step fashion. First, it predicts a single keyword
which is a noun reﬂecting the semantics of the response. Then it uses a modiﬁed encoder-decoder framework to generate the response, explicitly making sure
that the predicted keyword is in the response. Although this approach improves
the richness and diversity of the responses, it is not enough for a single keyword to summarize what the response is talking about. Considering this issue,
multi-resolution recurrent neural network [7] regards a sequence of keywords
as the additional information, which extends the model as two parallel discrete
stochastic processes: a sequence of high-level coarse tokens and a sequence of natural language tokens. In practice, this model ﬁrst generates a sequence of nouns,
then taking the generated noun sequence as the additional input to another
sequence-to-sequence network to generate the natural language response. However, the keywords-sequence generation network encountered the similar problem
as the traditional sequence-to-sequence framework for short text conversation.
The generated keywords-sequence tends to be short and dull. This phenomenon
is also related to MLE.
MLE evaluates how the model ﬁts the data. However, generation task follows
a diﬀerent operating process. First it generates a sequence of tokens, then evaluates it. In this view, the reverse KLD seems to be a better choice [8]. The reverse
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KLD is the KLD between the distribution given by the model Q(x) and the true
distribution P (x), which can be divided into two terms (1). The ﬁrst term uses
the negative log-level true probability density to evaluate the expected quality of
the generated samples. The second term is the entropy of the distribution given
by the model, which would encourage the diversity of the model. However, we
cannot directly optimize this equation, because we do not know P (x).
dKL (Q|P ) = Ex∼Q [− log P (x)] + Ex∼Q [log Q(x)]

(1)

However, the reverse KLD is similar to the policy gradient approach in reinforcement learning [9] if we regard the cumulative rewards in reinforcement learning as the approximated log-level true probability density. Policy gradient approach optimizes the policy to get the maximum expected cumulative rewards,
which is similar to the ﬁrst term of (1). This approach suﬀers from high variance
and ineﬃcient explorations. The entropy term prevents it from being radical
[10]. The most important element of the reinforcement learning is the reward,
which provides the training signal. For machine translation, we can use BLEU
as the reward function. However, for short text conversation, there is no good
automated evaluation method. There are two reasons that BLEU is not a good
metric to evaluate the quality of the responses. First, for open domain conversation, the responses are diverse from semantic level to expression level, and
several references cannot contain all the variabilities. Second, when the model is
incapable of generating very good responses, it is easier for the model to focus on
promoting non-essential similarities, such as stop words, tone phrases and so on,
and it is not worth generating a meaningful word that is highly likely not in the
references. However, if we optimize the BLEU score on the keywords-sequence
level, it can compensate the second drawback of optimizing the BLEU score on
the natural language responses, and avoid the disadvantage of MLE. This approach only keeps essential words left, which helps the model generate diverse
responses. Meanwhile, BLEU score has some undesirable properties when used
for a single sentence, since it was designed as a corpus measure. GLEU score [11]
is more suitable for measuring sentence level similarity, which is consistent with
BLEU score in corpus level.
In this work, a new multi-resolution generation framework is proposed.
Instead of using the word-level maximum likelihood criterion, we optimize the
sequence-level GLEU score of the entire generated keywords-sequence using a
policy gradient approach in reinforcement learning. It successfully overcomes
the drawback of MLE, generates long and more diverse keywords-sequences,
thus generating better natural language responses.

2

Model Architecture

Our approach follows the framework of the multi-resolution method [7], which
consists of two steps. The ﬁrst is the keyword-sequence generation step, which
uses a sequence-to-sequence network to generate keywords-sequence. The second is the natural language response generation step, which takes the keywordssequence as an additional input to another sequence-to-sequence network to generate the natural language response. In the training step, the keyword-sequence,
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which is the output of the ﬁrst step and one of the inputs of the second step, is
the ground truth extracted from the corresponding response. In the generation
step, the keyword-sequence for the second step is the output of the ﬁrst step.
Considering the unsatisfying result of the MLE training for the keywordssequence generation, we train the keywords-sequence generation network with
the GLEU-guided policy gradient approach.
2.1

Network Structure for Keywords-Sequence Generation

The ﬁrst step is to generate keywords-sequence. The input of the model is a post,
and the output of the model is a sequence of keywords. We use the sequenceto-sequence network with the attention mechanism to model the relationship
between the post and the keywords-sequence.
In sequence-to-sequence generation tasks, each input X is paired with a
sequence of tokens to predict: Y = y1 , y2 , ..., yn . Each token is a word, and the
last token yn is a special token <eos>, which represents the end of a sentence.
The network sequentially predicts tokens until generate <eos>.
Denote Xi and Yi as the i-th post and response in the corpus. mi and li
are the lengths of Xi and Yi . xit and yti are the t-th words in Xi and Yi . The
maximum likelihood criterion is minimizing:
−

n

i=1

log P (Yi |Xi ) = −

li
n 


i
log p(yti |xi1 , xi2 , ..., ximi , y1i , y2i , ..., yt−1
)

(2)

i=1 t=1

The encoder is a one-layer bidirectional long short-term memory (LSTM)
[12]. We concatenate the last hidden vector of each direction of the encoder as
the initial hidden vector of the decoder. Traditional sequence-to-sequence model
encodes the information of the post into a ﬁxed-size vector, which cannot encode
suﬃcient information when the post is long. To solve this issue, the attention
mechanism is introduced in [13]. We also apply this method. Our decoder has
two LSTM cells, which are connected in series rather than in parallel. Denote
enc
the hidden vector and the cell vector of the encoder as henc
t , ct . Denote the
,
hidden vector and the cell vector of the two LSTM cells of the decoder as hdec1
t
dec2
dec2
,
h
,
c
.
Denote
the
operations
of
the
two
LSTM
cells
in
the
decoder
cdec1
t
t
t
as f dec1 , f dec2 . The hidden vector and the cell vector of the ﬁrst LSTM cell in
time step t is computed according to
dec2
hdec1
, cdec1
= f dec1 (yt−1 , hdec2
t
t
t−1 , ct−1 )

(3)

The attention weight at,u is the attention over the u-th hidden vector of the
encoder at the t-th moment, which is computed by a two-layer neural network
g. The input of the attention network is the hidden vector of the encoder in each
time step and the current hidden vector of the ﬁrst LSTM cell in the decoder
(4). The attention weight at,∗ is used for calculating the context vector ctxt (5),
which is fed to the second LSTM cell (6). The hidden vector of the second LSTM
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cell hdec2
is used for predicting token and initializing the hidden vector of the
t
ﬁrst LSTM cell in the next time step.
dec1

enc

expg(ht ,hu )
at,u = m
g(hdec1
,henc
u )
t
u=1 exp
ctxt =

t


at henc
t

(4)

(5)

1

hdec2
, cdec2
= f dec2 (ctxt , hdec1
, cdec1
)
t
t
t
t
2.2

(6)

GLEU-Guided Policy Gradient Training

Usually, the sequence-to-sequence network is trained with MLE. However, as
discussed before, MLE is unsuitable for generation task. Thus, we apply the
policy gradient approach [9] instead.
For a given post p, there is a list of references ref1 , ref2 , ..., refn . Assume
that the network has already generated a sequence of tokens y1 , y2 , ..., yi−1 ,
and is going to generate yi . In this case, the state is the collections of p and
y1 , y2 , ..., yi−1 , the action is yi . We use GLEU score to evaluate the similarity
between the references and the hypothesis. In order to avoid the sparsity of the
reward signal, we do not just give the nonzero reward at the last time step. The
reward of taking action yi is designed to be the diﬀerence of the GLEU score of
the hypothesis and the references before and after yi is generated.
r(si , ai ) = r(yi , p, y1 , y2 , . . . , yi−1 )
= GLEU ([ref1 , ref2 , . . . , refn ], [y1 , y2 , . . . , yi ])

(7)

− GLEU ([ref1 , ref2 , . . . , refn ], [y1 , y2 , . . . , yi−1 ])
The goal of the policy gradient approach is to ﬁnd a policy π(at |st ) which
can maximize the expected return (8). In the sequence generation task, π(at |st )
is equal to P (yt |p, y1 , y2 , . . . , yt−1 ).
J(π) = Es1 ,a1 ,···∼π [Σ∞
t=1 r(st , at )]
= Σa1 ,s2 ,a2 ,... π(a1 , s2 , a2 , s3 , . . . |s1 )Rs1 ,a1 ,s2 ,a2 ,...

(8)

Rs1 ,a1 ,s2 ,a2 ,... is the cumulative reward of the state-action trajectory.
RsT ,aT ,sT +1 ,aT +1 ,... = Σ∞
t=T r(st , at )

(9)

Denote the parameters of the policy π as θ. Using the likelihood ratio trick,
the gradient of the expected return J is
∇θ J(θ) = Σa1 ,s2 ,a2 ,... ∇θ π(a1 , s2 , a2 , s3 , . . . |s1 ; θ)Rs1 ,a2 ,s2 ,...
= Σa1 ,s2 ,a2 ,... π(a1 , s2 , a2 , s3 , . . . |s1 ; θ)
∇θ log π(a1 , s2 , a2 , s3 , . . . |s1 ; θ)Rs1 ,a2 ,s2 ,...
= Es1 ,a1 ,s2 ,···∼π ∇θ log π(a1 , s2 , a2 , s3 , . . . |s1 ; θ)Rs1 ,a2 ,s2 ,...

≈ Σ∞
t=1 ∇θ log π(at |st ; θ)Rst ,at ,st+1 ,...

(10)
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The gradient of the expected return is estimated based on a single rollout
trajectory according to the policy π. We sample the keyword one by one until
sample <eos>. During training, we sample multiple trajectories at the same time
to reduce uncertainty. Policy gradient approach suﬀers from high variance, slow
convergence and ineﬃcient exploration. It tends to learn an extreme policy, which
is harmful for exploration. So, as introduced in [10], we add a weighted entropy
term to prevent the policy from being extreme and encourage exploration, which
also encourages the diversity of the generated keywords-sequence.
∞
∇θ J(θ) ≈ Σ∞
t=1 ∇θ log π(at |st ; θ)Rt − γΣt=1 ∇θ Σa π(a|st ; θ) log π(a|st ; θ)

2.3

(11)

Response Generation

The response generation network generates the natural language response given
the post and the keywords-sequence. The network architecture is very similar to
the keywords-sequence generation network with only several diﬀerence. In the
response generation network, the output is the natural language response, but
the keywords-sequence becomes another input besides the post. The keywordssequence is encoded by a bidirectional LSTM. The hidden vector of the keyword
sequence is concatenated with the hidden vector of the post to be the initial
hidden vector of the decoder. The attention network is still focusing on the post.
We still train the response generation network according to MLE.

3
3.1

Experiments
Data Set

We evaluate our approach on a Chinese weibo corpus. We blend the training
corpus of the STC1 [14] and STC2, remove similar post-response pairs (since
the corpus of the STC1 and the STC2 partially coincide), and segment the posts
and responses by LTP [15]. Since one post may correspond to several responses,
to avoid over-emphasizing some posts, we also truncate the post-response pairs
if the corresponding post appears more than 100 times. We split part of the
remaining data into the training set and the validation set. The training set has
1713277 post-response pairs and 155435 distinct posts. The validation set has
86295 post-response pairs and 8674 distinct posts. The test set has 100 distinct
posts. The training set, the validation set, and the test set share no posts. We
construct the vocabulary independently for the post and the response. Any word
that appears in more than ﬁve diﬀerent posts is included in the post vocabulary.
Any word that appears in more than 25 diﬀerent responses is included in the
response vocabulary. Others are replaced by a special symbol <unk>. Keywordssequence shares the same vocabulary with the response vocabulary, although
only part of the words can be used as keywords. The size of the post vocabulary
is 33187, and the size of the response vocabulary is 39278.
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Training Details

For the keywords-sequence generation network and the natural response generation network, the dimension of the word-embedding is 512, and the dimension
of the hidden vector is 1024. We use the ADAM optimizer [16] to train the
network. The learning rate is 0.0005 for the supervised learning and 0.00005
for the policy gradient approach. The validation set is used for early stopping.
Diﬀerent from [7], the part-of-speech (POS) of the acceptable keywords are not
limited to nouns. Nouns, verbs, and adjectives can be the keyword unless it is
in the stop-word list. The stop-word list has more than one thousand words.
The reason that we accept words of more POS as the keyword is that nouns
cannot represent the whole response. Sometimes, a good response may not contain nouns. However, it contains at least one of the nouns, verbs or adjectives.
In our experiment, we also compare diﬀerent POS limitation of the keywords.
When calculating the GLEU score, we only count unigram and bigram overlaps.
From our point, bigram can represent the relationship between continuous keywords, but trigram is unnecessary for calculating keywords-sequences similarity.
Before training the keywords-sequence generation network with policy gradient
approach, the parameter is initialized according to the MLE. The entropy term
weight is set to 0.0002. We sample 64 trajectories for one post at the same time.
3.3

Evaluation Methods

It is still very tough to automatically evaluate the generative conversation system. Traditional metrics used to evaluate machine translation or machine summarization, such as BLEU, ROUGE, are not suitable for open domain conversation system. Given this observations, we perform the human evaluation. There
are ﬁve volunteers to annotate the results of the test set, which consists of 100
distinct posts. All the volunteers are familiar with this ﬁeld. We follow the evaluation criterion of the STC2 task. The basic requirement is that the response is
acceptable as a natural language text and is logically connected to the original
post. The advanced requirement is that the response provide new information in
the eye of the originator of the post and the assessor can judge the comment by
reading nothing other than the post-response pair. If the basic requirement is not
met, the label is “L0”. If the basic requirement is met, but the advanced requirement is not met, the label is “L1”. If the basic requirement and the advanced
requirement are met, the label is “L2”. Meanwhile, to tackle dull response problem, we add a special label “LC” to represent the dull response. Although the
dull response does not conﬂict with the basic requirement, it would make the
conversation boring. When calculating the ﬁnal score of the system, “L2” counts
two points, “L1” counts one point, “L0” and “LC” counts zero.
3.4

Results

Figure 1 shows how the GLEU score of the generated keywords-sequences varies
with the progress of the training. From this ﬁgure, we can see the average GLEU
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score of the keywords-sequences generated by sampling on the training and validation set, and the average GLEU score of the ﬁrst or the ﬁrst ten keywordssequences generated by beam search on the validation set. The starting point is
the MLE system. Although the network is initialized with supervised training,
the initial average GLEU score of the keywords-sequences generated by sampling on the validation set is rather low. This is because the diﬀerence in the
probability between a good keywords-sequence and a bad keywords-sequence is
too small to get a reasonable keywords-sequence by sampling. However, beam
search can make up for this to some extent since beam search is not as random as
sampling. For the average GLEU score of the ﬁrst keywords-sequence generated
by beam search on the validation set, it rises from 0.221 to 0.235. In the training
step, we use sampling to generate samples, because it can provide randomness.
However, In the generation step, we use beam search since it can generate better
keywords-sequences.

Fig. 1. Learning curve

Figure 2 shows the length and diversity statistics of the keywords-sequences
on the validation set, which consists of 8674 distinct posts. The responses are generated by beam search. For each post, we count the result of the ﬁrst response and
the ﬁrst ten responses. The x-axis is the number of training samples. The starting
point of the x-axis is the MLE system. The ﬁrst ﬁgure shows the number of distinct keywords-sequences. The second ﬁgure shows the number of distinct words.
The last ﬁgure shows the average length of the generated keywords-sequences.
Our method can generate longer and more diverse keywords-sequences. Although
it seems that the word level diversity of our approach is worse than baseline,
our method can utilize the combination of keywords rather than generating
rare words. We think this property is good for the response generation. Longer
keywords-sequences also mean the responses will contain more information.
Table 1 shows the results of the human evaluation. “S2SA” is the attention
based sequence-to-sequence baseline. “MR” means the multi-resolution framework. “NOUN” means only accepting nouns as keywords while “NVA” means
accepting nouns, verbs, and adjectives as the keywords. “MLE” means using
supervised training method to train the keywords-sequence generation network.
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Fig. 2. Diversity and length statistics of keywords-sequences

“RL” means using policy gradient approach to train the keywords-sequence generation network. “NVA” is better than “NOUN” because it can generate less
“L0” responses. This result veriﬁes our judgment that nouns representation is
not enough. Policy gradient approach does not achieve a better result on nouns
level keywords-sequence since the nouns-level keywords-sequence is usually short,
the GLEU-guided training method does not exert its strength. The policy gradient approach achieves a better result on “NVA” level keywords-sequence.
Table 1. Human evaluation

3.5

Model

L2

L1

L0

LC

Score

S2SA

18.8 12.2 54.4 14.6 0.498

MR+NOUN+MLE 35.4 13.8 49.0

1.8 0.846

MR+NVA+MLE

35.0 16.8 43.0

5.2 0.868

MR+NOUN+RL

35.8 12.6 48.8

2.8 0.842

MR+NVA+RL

37.0 16.8 40.2

6.0 0.908

Case Study

We provide case studies in Table 2. For each post, we show the top three
keywords-sequences and the corresponding responses. MLE tends to generate short keywords-sequence. GLEU-guided policy gradient approach generates
longer and more coherent keywords-sequence. This observation is consistent with
the length and diversity statistics in Fig. 2.
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4

Conclusion

Multi-resolution approach splits the generation task into two steps, the
keywords-sequence generation step, and the natural language generation step.
This approach was introduced to solve the dull response problem. Although this
approach relieves the pressure of response generation and adds to the diversity of
responses, it still tends to generate short and dull keywords-sequence. To tackle
this problem, we apply the GLEU-guided policy gradient training, which overcomes the drawbacks of the maximum likelihood criterion and generates long
and diverse keywords-sequence. The proposed method achieves better results in
the human evaluation.
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