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Abstract

Recent advances in open-domain dialogue sys-
tems rely on the success of neural models
that are trained on large-scale data. However,
collecting large-scale dialogue data is usually
time-consuming and labor-intensive. To ad-
dress this data dilemma, we propose a novel
data augmentation method for training open-
domain dialogue models by utilizing unpaired
data. Specifically, a data-level distillation pro-
cess is first proposed to construct augmented
dialogues where both post and response are
retrieved from the unpaired data. A ranking
module is employed to filter out low-quality
dialogues. Further, a model-level distillation
process is employed to distill a teacher model
trained on high-quality paired data to aug-
mented dialogue pairs, thereby preventing dia-
logue models from being affected by the noise
in the augmented data. Automatic and man-
ual evaluation indicates that our method can
produce high-quality dialogue pairs with di-
verse contents, and the proposed data-level and
model-level dialogue distillation can improve
the performance of competitive baselines.

1 Introduction

Open-domain dialogue systems have attracted
much research attention (Shum et al., 2018; Huang
et al., 2020), thanks to the success of neural gener-
ation models trained with large-scale data. Exist-
ing research has been endeavored to address var-
ious aspects in dialogue systems, such as model-
ing persona (Qian et al., 2018; Zheng et al., 2019;
Zhang et al., 2018), expressing emotion (Zhou
et al., 2018a), or generating knowledge-grounded
dialogues (Ghazvininejad et al., 2018; Zhou et al.,
2018b, 2020).
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Anchor pair
[ Today’s flight seems to be on time. ] ® Response

Post [You are lucky, mine is delayed.

Lucky for you, mine is delayed.

®

Today’s flight is not delayed.
Unpaired

data Lucky guy, but my flight is delayed.

Sounds nice, but mine is delayed.

- @

Pair 1 Today’s flight is not delayed. - Lucky for you, mine is delayed.

Augmented post-response pairs

Pair K Today’s flight is not delayed. ~Sounds nice, but mine is delayed.

Figure 1: Process of constructing augmented post-
response pairs. The sentence in blue rectangle is used
to match the anchor pair and the corresponding re-
sponse is then used to retrieve similar sentences in un-
paired data. Each augmented pair contains two sen-
tences both from unpaired data.

In general, training neural open-domain dialogue
models requires a large amount of high-quality
paired data, e.g., post-response pairs, which are
usually labor-intensive and time consuming to col-
lect. A feasible solution to this data dilemma is to
use data augmentation techniques, which are pop-
ular in various research areas such as computer
vision (Cubuk et al., 2019) or machine transla-
tion (Sennrich et al., 2016). Nevertheless, this tech-
nique is rarely investigated in the study of open-
domain dialogues, and few existing approaches
are specifically designed for either the generation-
based dialogue models (Li et al., 2019) or the
retrieval-based dialogue models (Du and Black,
2018). Moreover, existing data augmentation ap-
proaches only take a set of paired data as input
without considering to utilize unpaired data.

As a matter of fact, high-quality unpaired data,
i.e., non-conversational texts, are generally easier
to collect compared to high-quality dialogue pairs.
Specifically, these unpaired data provide us a rich
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bank of alternative expressions for different con-
tents. It is thus feasible to augment the training
dialogue pairs utilizing sentences extracted from
the unpaired data. As shown in Figure 1, we can
extract various sentences from the unpaired data
that are similar to a given post-response pair (i.e.,
anchor pair). Augmented pairs that carry richer
expressions can be then constructed by combin-
ing these extracted sentences. To the best of our
knowledge, there are no previous studies for open-
domain dialogues that try to construct augmented
dialogue pairs by utilizing retrieved unpaired data.

In this paper, we propose a novel data augmen-
tation method “Dialogue Distillation” to improve
the performance of open-domain dialogue models
by utilizing unpaired data. Our method involves
two phases of distillation. The first phase is at
the data level as it constructs (i.e., distills) post-
response pairs by matching sentences retrieved
from a set of unpaired data. Specifically, given
a set of training pairs {(z;,v;)}, a randomly se-
lected sentence s is firstly used as a query to re-
trieve the most similar x;, and then the correspond-
ing y; are used as queries to retrieve similar s; from
the unpaired data. Augmented pairs (s, s;) are then
constructed and filtered using a ranking module.
Note that different from previous approaches, the
post and response sentences that constitute an aug-
mented pair are both from the unpaired data, which
are human written and thereby fluent and content-
rich. The second phase is at the model-level as it
distills a teacher model using the augmented data.
Specifically, we borrow the idea of knowledge dis-
tillation (Hinton et al., 2015) to first train a teacher
model on a set of high-quality dialogue pairs, and
then distill the dialogue model by mimicking the
distribution produced by the teacher model on the
augmented data to prevent the final dialogue mod-
els from being affected by the noise in the aug-
mented data.

Automatic and manual evaluation results indi-
cate that our data-level distillation process can
produce high-quality post-response pairs that are
content-rich, and our model-level distillation pro-
cess can better utilize these augmented data to im-
prove the performance of both retrieval-based and
generation-based open-domain dialogue models.

Our contributions are summarized as follows:

1) We propose a data-level and model-level dis-
tillation method for open-domain dialogue mod-
els. The data-level distillation constructs new post-

response pairs where both post and response are
retrieved from unpaired data, and the model-level
distillation distills a teacher model trained on high
quality paired data to augmented pairs. To the best
of our knowledge, this is the first attempt to aug-
ment open-domain dialogue pairs by utilizing the
retrieved unpaired data.

2) Automatic and manual evaluation shows that
the augmented pairs produced by our method are
content-rich, and these augmented data can be used
to improve the performance of both generation-
based and retrieval-based dialogue models.

2 Related Work

There are two major categories of open-domain
dialogue models: 1) retrieval-based models, which
retrieve the best matching response from the pre-
collected dialogues (Lu and Li, 2013); and 2)
generation-based models, which decode responses
from a learned distribution (Sutskever et al., 2014;
Vinyals and Le, 2015). Recent advances in these
two categories all focus on DNN-based data-driven
methods (Huang et al., 2020).

Data augmentation is an effective approach to
boost the performance of neural models. It has been
explored in various NLP tasks, such as text classi-
fication (Wei and Zou, 2019; Zheng et al., 2020a),
machine reading comprehension (Yu et al., 2018)
and machine translation (Sennrich et al., 2016).
Although proved to be effective, this technique is
rarely investigated in open-domain dialogue mod-
els. Few existing approaches are restricted to only
take the dialogue pairs as their inputs (Li et al.,
2019; Zhao et al., 2017; Cai et al., 2020), whereas
unpaired texts, i.e., sentences without replies, are
not utilized.

Note that the pre-training based methods (Devlin
et al., 2019; Radford et al., 2019; Golovanov et al.,
2019; Zheng et al., 2020b) share a similar motiva-
tion with our study, i.e., to boost the performance
of neural NLP models utilizing unlabeled (i.e., un-
paired) texts. Nevertheless, the data augmentation
method proposed in our study can be regarded as a
supplement to these pre-training approaches. Ex-
periments demonstrate that our method can be used
to improve the performance of dialogue models
even if these models are initialized with strong pre-
trained models.

Our study is also related to the knowledge dis-
tillation method (Hinton et al., 2015), which also
employs a teacher model and tries to minimize
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Figure 2: Framework of data-level distillation. (1) The
sentence S is randomly selected in the unpaired data
D,. (2) A set of posts X1, ..., X, that are similar to
S are retrieved from the paired data D,,. (3) Each cor-
responding response Y; is then used to retrieve m sen-
tences S;1, ..., S, that are similar to Y; from D,,. (4)
Then n x m candidate pairs can be formed by group-
ing S with each sentence: (S,S;;), ¢ = 1,...,n,
7 =1,...,m). (5) A ranking module is used to rank
these candidate pairs.

the KL divergence between the teacher distribu-
tion and the model distribution. The most related
work in this branch compared to ours was done by
Kim and Rush (2016). However, their methods do
not utilize unpaired data, and the augmented data
are decoded from a probability model using beam
search. Whereas our method tries to utilize the un-
paired data, and the augmented data are generated
by aligning human produced sentences.

There are also works that try to utilize retrieved
non-conversational texts to improve the diversity
of the dialogue model (Wu et al., 2019; Cai et al.,
2019; Zhu et al., 2019; Su et al., 2020). However,
most of these studies focus on extracting templates
from these non-conversational texts rather than gen-
erating augmented pairs, and they typically use
specifically designed model structures. Neverthe-
less, the data augmentation method proposed in our
study can be used in combination with any dialogue
models to improve the performance.

3 Data-level Distillation

The data-level distillation in our method aims at
constructing a set of new post-response pairs D,
by matching non-parallel sentences retrieved from

unpaired data D,. Specifically, D, consists of
N post-response pairs: D, = {(X;, Y;)}¥,, in
which X; and Y] is the post and response, respec-
tively, and D,, consists of M non-parallel sen-
tences: D, = {Sz}f\il Note that M is usually
much larger than [V because non-parallel sentences
are generally easier to collect.

Further, the output of our data-level distillation
process is a set of augmented post-response pairs:
D, = {(X/,Y/)}X , in which both the post and
response come from the unpaired dataset D,,, i.e.,
X! e DyandY/ € D, fori=1,..., K.

The data-level distillation involves two major
processes: 1) constructing candidate pairs and 2)
filtering low-quality candidates. The whole frame-
work is shown in Figure 2 and detailed below.

3.1 Constructing Candidate Pairs

We first construct candidate dialogue pairs with the
help of some post-response pairs (X;, Y;) selected
from D,,. The basic intuition is that sentences that
are similar to post X; can usually be responded
with sentences that are similar to the corresponding
response Y;. Candidate dialogue pairs can be then
constructed by anchoring sentences in D,, using
(X3, Y5).

The construction of candidate pairs starts by ran-
domly selecting a sentence S from the unpaired
dataset D,,. We then treat .S as a candidate post, and
it is used to retrieve n posts X; (1 < 7 < n) that are
similar to S from the paired data D). In this study,
the sentence retrieval process is implemented based
on the Okapi BM25 algorithm, which scores the
similarity of input sentences using bag-of-words
features. Then the corresponding n post-response
pairs (X;,Y;) (1 < i < n) are extracted from D,,.
For each response Y;, we further retrieve m sen-
tences S;; (1 < j < m) that are similar to Y; from
the unpaired dataset D,,. These sentences .S;; can
then serve as candidate responses to the original
sentence S, and therefore n x m candidate pairs
(8,8i), 1 < i < n,1 <3 < m)are gener-
ated. Moreover, for each candidate pair (S, S;;),
we name the post-response pair (X;, Y;) in D, that
are used to produce (S, S;j;) as its “anchor pair”
since it anchors the sentences S and S;; from D,,.

Note that we have explored other variants of
the above process, such as treating the initial sen-
tence S as a candidate response rather than a candi-
date post or utilizing more advanced text retrieval
methods to extract similar sentences. However, we
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notice little difference in neither the quality of the
final augmented pairs nor the performance improve-
ment brought to the dialogue models.

3.2 Filtering Candidate Pairs

In order to enhance the quality of the augmented
data, we propose to filter out low-quality pairs us-
ing a ranking module, which calculates a score for
each candidate pair obtained above. Specifically,
high-quality pairs that are fluent and coherent are
expected to receive high scores. In this study, we
implement the score function as a text matching
model, which is built by fine-tuning a pre-trained
BERT model on the paired dataset D,,. Negative
samples are constructed by replacing the original
responses using randomly sampled sentences from
D,. The ranking score for each input pair is calcu-
lated as the matching score produced by the match-
ing model.

In this study, we follow a quite rigorous pol-
icy to select the final augmented pairs in D,. For
each sample sentence .S from D,,, we only extract
the top-1 scored pair (.5, S;;) among all its n x m
candidate pairs, and (S, .S;;) is added to D, only
when its matching score exceeds a certain threshold
7(0.9 < n). We repeat the above procedures with
newly sampled sentences from D, until a desired
number of augmented pairs in D, are obtained. The
whole data-level distillation process in our method
is summarized in Algorithm 1.

Note that the matching model used in the ranking
process can also be directly used to align sentences
from the unpaired dataset D,,. Specifically, for a
sampled sentence S from D,,, we can treat all other
sentences in D,, as its candidate response and select
an augmented pair by ranking all these candidates.
Although theoretically possible, this approach is
practically infeasible considering the large amount
of sentences in D,, and the tremendous computa-
tional load to rank these candidates. Note that previ-
ous works on effective ranking (such as Henderson
et al. (2017, 2020)) can not be directly adapted to
this study because our ranking model does not use
dot-product scoring function.

4 Model-level Distillation

A straightforward way to improve a dialogue model
with the augmented dialogue data is to directly
merge the original paired data D, with D,. How-
ever, this naive approach may lead to sub-optimal
performance since the augmented pairs in D, might

Algorithm 1 Data-level distillation process

Input: A set of unpaired data D,={S;}<,, a set of paired
data D,={(X;,Yi)}}_,, a threshold .
Output: Augmented dialogue pairs D,={ (X}, Y7)}X,.
1: D, < Empty set
2: while |D,| < K do

3: D, < Empty set

4: Sample a sentence S ~ D,,.

5:  Retrieve n posts { X;}7—; that are similar to .S in D,.
6:  Get the responses {Y; };—; for {X;}i-; from D,,.

7:  foreachY; do

8: Retrieve m sentences {.S;;}7~; that are similar to

Y; in D,.

9: D, < D, U{(S, SLJ> ;":1
10:  end for _
11:  Calculate the ranking score for each pair in D,,.

12:  Extract the top-1 scored pair (5, S;;) from D,,.
13:  if The ranking score of (S, S;;) exceeds 1 then
14: Do < Da U{<S7 S7J>}

15:  endif

16: end while

not be as high-quality as these human-crafted pairs
in D). In this study, we apply the model-level
distillation in the training process to prevent the
dialogue models from being affected by the noise
in D,. This approach can be used in both retrieval-
based and generation-based dialogue models.

4.1 Retrieval-based Dialogue Model

A retrieval-based dialogue model produces re-
sponses by retrieving a best matching sentence
from the pre-collected dialogue dataset. Its key
component is a matching function Py (1| X, Y") that
predicts whether a response Y matches a given
post X. Specifically, I € {0, 1} is a matching label,
where [ = 1 means Y is a proper response for X
and [ = 0 otherwise. The model parameters 6 can
be learned by optimizing a negative log likelihood
(NLL) loss defined as

Lyn—nu(0) = — (1 = )logPy(0[X,Y)

— TlogPy(1|X,Y) W

In this study, we formalize the matching function
using the BERT model (Devlin et al., 2019; Whang
et al., 2020). A teacher model Py, (I|X,Y") is first
obtained by optimizing the NLL loss £,,_(6;)
on the paired dataset D,,. After the training is com-
pleted, the teacher model is fixed and used to com-
pute a knowledge distillation (KD) loss (Kim and
Rush, 2016) as

1
Ln—ra(0) = =Y Py, (i|X,Y) - logPy(i| X,Y).

=0
2
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The final matching model is trained on the follow-
ing loss:

Lyi(0) = Lp—nii(0) + amLm—ra(6),  (3)

where the loss £(6) is evaluated using D, | D,
and o, 1s used to balance these two losses.

4.2 Generation-based Dialogue Model

A generation-based dialogue model tries to capture
the distribution of the response sentences Y given
the post sentence X, i.e., Py (Y |X'), which can be
formalized as

1Yl

Po(YIX) = [ Ps(yily<i» X), (4)
=1

where |Y] is the length of Y, yo; = y1 -+~ i1 is
the token sequence before y;. The model parame-
ters ¢ can be learned by optimizing the NLL loss:

Y]
Lo—nu(¢) = = _1ogPy(yily<i, X).  (5)

i=1
In this study, we parameterize the dialogue gener-
ation model using the Transformer-based encoder-
decoder framework (Vaswani et al., 2017; Golo-
vanov et al., 2019; Zheng et al., 2020b). Similar
to the retrieval-based approach, a teacher model is
first obtained by optimizing the NLL loss £,
on the paired dataset D), and the trained teacher

model is used to compute a KD loss as

Y1 VI

Ly—ki(P) = — Z Z Py, (yi = jly<i, X)

i=1 j=1
X 10gP¢(yl = j‘y<i7X)7

(6)

where |V| denotes the size of the vocabulary and
¢y 1s the parameter of the teacher model, which is
fixed.

The final loss for the generation model is:

La(9) = Ly—nu(®) + gLy (o), (1)

where the loss L (0) is evaluated using D), | D,
and oy is used to balance these two losses.

5 Experiment

5.1 Dataset

The evaluation of our method is performed on a cor-
pus collected from Weibo'. Specifically, the paired

'https://www.weibo.com

data D), contains 300K post-response pairs, which
are made up of Weibo posts and their following
replies. All these pairs are manually filtered with
annotators by removing ungrammatical sentences
and incoherent dialogues. The unpaired data D,,
contains about 2 million posts on Weibo that do
not have replies. Non-fluent sentences in D,, are
filtered out using a set of heuristic rules. Further,
two additional sets of paired data are also prepared
to validate and test the dialogue models, with 10K
and 5K pairs respectively. These dialogue pairs
are collected and manually filtered using the same
criterion as D,,.

5.2 Implementation Details

Data-level Distillation: We implement the re-
trieval module in Section 3.1 using the Lucene li-
brary 2, and set the value of both n and m to 5. The
matching model used in Section 3.2 is fine-tuned
with D,, for three epochs based on the pretrained
BERT-base model (Devlin et al., 2019). The hyper-
parameter setting of the matching model follows
the work of Devlin et al. (2019).

Model-level Distillation: For the retrieval-
based dialogue model, the matching model used in
Section 3.2 is directly used as the teacher model to
calculate the KD loss (Eq. 2). The final retrieval-
based dialogue model is initialized with the pre-
trained BERT-base weights and fine-tuned using
the loss in Eq. 3 for 2 epochs on D, |JD,. The
value of a,,, in Eq. 3 is set to 1.

For the generation-based dialogue model, the
encoder and decoder share the same set of param-
eters, which is initialized using a pretrained GPT
model (Wang et al., 2020). The teacher model uses
the same architecture and it is fine-tuned using the
paired dataset D), for 15 epochs on the NLL loss
(Eq. 5). The final generative dialogue model is first
initialized using the pre-trained GPT weights and
fine-tuned using the loss in Eq. 7 for 50 epochs on
D, and D,. The value of o, in Eq. 7 is set to 1.
Moreover, the GPT model used in the initialization
phase is trained on a corpus collected from various
Chinese novels. This corpus contains about 0.5
billion tokens and a character-level vocabulary of
size 13,084.

See Appendix A for more details of the model
setting and reproduction guidance. The data and
code for all experiments can be downloaded from

*https://lucene.apache.org/core/
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the link3.

5.3 Evaluating Augmented Dialogue Pairs
5.3.1 Baselines

We first evaluate the quality of the augmented pairs
generated by our Data-Level (DL) distillation pro-
cess. Three different matching thresholds 7 in Al-
gorithm 1 are tested, i.e., n = 0.90, 0.95, 0.99. Sev-
eral strong baselines are also compared:

CVAE: A CVAE-based model as proposed by Li
et al. (2019) is trained on the paired data D,,. Aug-
mented pairs are generated by sampling different
latent codes.

BT: Augmented pairs are generated by Back
Translating (i.e., translate Chinese to English and
then translate back to Chinese) the post sentences
of the dialogue pairs in D,,. The translation is done
via the Google Translate APL.

SP: A variant of our method is implemented by
first Sampling a post-response Pair (X,Y") from
D,, and then retrieving a best-matching post and
response from the unpaired data D,, using X and
Y as the query, respectively. An augmented pair
is constructed by pairing the retrieved post and
response sentence without the ranking process.

Note that there are two major differences be-
tween the baseline SP and our data-level distillation
process: 1) the baseline SP starts with a dialogue
pair (X,Y’) sampled from D, rather than a candi-
date post sampled from D,,; 2) The ranking process
is not used in the baseline SP to further filter the
candidate pairs.

5.3.2 Maetrics

The automatic evaluation of augmented dialogue
pairs uses the following metrics: 1) Distinct (Li
et al., 2016) is used to measure the proportion of
unique n-grams in the augmented dialogue pairs
(n=1,2,3,4); 2) Novelty (Wang and Wan, 2018) is
used to measure the proportion of new n-grams in
the augmented dialogue pairs (n=1,2,3,4), i.e., n-
grams that are covered by the augmented dialogue
pairs but are not shown in the paired dataset D,,. A
higher novelty score means the augmented dialogue
pairs contain more “novel” contents.

Manual evaluation is also used to evaluate the
quality of augmented dialogue pairs. Three anno-
tators are employed to rate these pairs from two
aspects: 1) Fluency (Flu.): whether the augmented

*https://github.com/njuzrs/dialogue_
distillation

pairs are fluent; 2) Coherency (Coh.): whether the
response is coherent with the post so that they make
a plausible dialogue pair. The rating scale for each
measure is of (0, 1, 2), in which O means worst and
2 best.

5.3.3 Results

Each data augmentation method introduced above
are used to generate 300K augmented dialogue
pairs, and on which automatic evaluation is per-
formed. Further, manual evaluation is carried out
on 200 dialogue pairs that are randomly sampled
from these augmented data, and the inter-rater
agreement between annotators is measured using
the Fleiss’s kappa ~ (Randolph, 2005). The &
value for Fluency and Coherency is 0.69 (substan-
tial agreement), and 0.42 (moderate agreement),
respectively. Note that this evaluation is purely
regarding the augmented dialogue data, without
considering any dialogue model training.

The evaluation results in Table 1 demonstrate
that the augmented dialogue data produced by our
method outperform all the baselines in almost all
the metrics. We can further observe that: 1) Our
method obtains similar scores on all the metrics
compared to these human-produced and filtered
dialogue pairs in D,,. This indicates that the aug-
mented dialogue pairs generated by our method
are of high quality. We present some examples
of the augmented pairs together with their asso-
ciated anchor pairs in Table 2. 2) The matching
threshold 7 can be used to trade off between the
coherency and diversity of the augmented dialogue
pairs. Specifically, a higher n value improves Flu-
ency and Coherency scores but hurts Distinct and
Novelty scores of the augmented pairs.

5.4 Evaluating Dialogue Models
5.4.1 Baselines

We evaluate the benefit of the augmented dia-
logue data in both retrieval-based and generation-
based dialogue models. Specifically, 300K aug-
mented dialogue pairs are generated using these
three baselines introduced in Section 5.3.1, and
the model-level distillation process as introduced
in Section 4 is used to train the dialogue models.
We denote these three dialogue model baselines as
CVAE+ML, BT+ML, and SP+ML, respectively.
Note that the notation “ML” means that the Model-
Level distillation is used. Moreover, besides com-
paring to different data augmented methods as in-
troduced in Section 5.3.1, several other competitive
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Model Distinct-1,2,3,4 Novelty-1,2,3,4 Flu. Coh.
CVAE 0.178% 09.40% 34.54% 60.73%| 00.25% 08.47F 25.45% 40.62%| 1.529% 0.862%
BT 0.193% 12.42% 43.43% 70.38%| 03.07F 21.66% 35.28% 45.18%| 1.771F 1.408"
SP 0.228 11.56% 37.76% 57.73%| 18.48% 46.65% 73.56% 87.79%| 1.839% 0.777*
DL 7=0.90 0.226% 13.72 4824 76.21 | 23.76 55.95 80.64 92.10 | 1.835F 1.183%
DL 7=0.95 0.224% 13.44% 47.51% 75.55%| 22.81F 55.51% 80.37% 91.97%| 1.8567 1.358%
DL 7=0.99 0.213% 12.61% 45.06% 72.87F| 21.59% 54.40' 79.69' 91.62%| 1.877 1.428
Dy(human)  0.199 13.51 47.70 75.52 N/A 1.868 1.617

Table 1: Automatic and manual evaluation on the quality of augmented pairs produced by different methods. The
bottom row corresponds to the human filtered dialogue pairs in D,,. The best results are in bold, and the second
best results are underlined (except “human”). Significant tests between the best model and others were performed

using t-test. T and I indicates p-value < 0.01 and 0.001, respectively.

Augmented pairs

Associated anchor pairs from D,,

Post I’'m almost moved to cry (F& C 42BN HEEE 1)
Resp What happened there? (& 4T 24 HEWE? )

I am so moved today! (%5 REEHNEHREET 1)
What happen (& 4T 4 5)

Post 1 like it, men should be like this GXIEFEW « B AFIZIXEE) 1 like this types of man (EXGXFEAIE A)

Resp 1 like it too, just as you do (FRtLEW . BRIR—FF)

Your taste is just like mine (/5 4 REFEENAT—HE)

Post 1 liked to play it when I was young (/N EAR E XX D)

Resp I have also played, it’s so cute (B/nEEItid, REANE)

My favorite toy in kindergarten (%)) LIz E ¥ ITHY)
I have also played, lol (FZ LT k)

Table 2: Example pairs produced by the proposed data augmentation method. The associated anchor pairs are also

shown. More examples are shown in Appendix B

dialogue model baselines are also tested:

Teacher: Training the dialogue models on the
paired data D,, with the NLL loss. Note that this
setting produces the teacher models used in Sec-
tion 4.

AP: Training dialogue models only on the
Augmented Pairs D, with the NLL loss.

UP+PreT: First fine-tuning the pre-trained GPT
(with the NLL loss in Eq. 5) or BERT-base model
(with the MLM loss (Devlin et al., 2019)) on the
UnPaired Data D,,, and then using these fine-tuned
weights to initialize the dialogue models, which are
further fine-tuned on D), with the NLL loss.

NP+ML: Sampling 300K pairs from a set of
Weibo dialogues that are not manually filtered and
use these “Noisy Pairs” as the augmented pairs.
The model-level distillation process introduced in
Section 4 is used to train this baseline.

We denote our method as DL+ML since it trains
the dialogue model using both the data-level and
model-level distillation. The threshold 7 in Al-
gorithm 1 is set to 0.95 for a better trade-off be-
tween the coherency and diversity of the augmented
data. Further, we also test another method to work
with data-level distillation (i.e., utilizing D, | Dp):
DL+PreT, i.e., first pre-train the dialogue model

on D, and then fine-tune on D), with the NLL loss.

Further, we also performed several ablation tests
on our method to validate the effect of each com-
ponent: 1) training dialogue models on D, | J D,
using only the NLL loss, i.e., without the model-
level distillation (w/o ML); 2) training dialogue
models only on the paired data D), using £,(#) or
L:(9), i.e., the data-level distillation are not used
(w/o DL); 3) training dialogue models on the aug-
mented data D, using Ly/(0) or L (o), i.e., the
paired data D,, are not used (w/o PD); 4) generat-
ing D, without the ranking module (w/o0 Ranking),
i.e., the candidate pairs are used as the augmented
data without filtering.

Note that all the baselines and ablation models
are initialized with pre-trained GPT or BERT-base
weights.

5.4.2 Metrics

The retrieval-based dialogue models are evaluated
using the following metrics: 1) Mean Average
Precision (MAP): the average rank of the refer-
ence responses; 2) R10@Ek: the recall of the refer-
ence response being in the top-k ranked candidates
(k=1,2,5) when given 10 candidates in total.

The generation-based dialogue models are eval-
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uated both automatically and manually. Specifi-
cally, the following automatic metrics are used: 1)
Perplexity (PPL) which measures how the model
fits the test data; 2) BLEU which evaluates the
overlap of n-grams (n=1,2) between the generated
and reference responses; 3) Distinct (Dist.) mea-
sures the proportion of unique n-grams in the gener-
ated responses (n=1,2). Manual evaluation is also
performed for the generated dialogue responses
following the same protocol as introduced in Sec-
tion 5.3.2.

Model MAP Rp@Q1 R0@2 R,,@5
Teacher 80.2 69.7 821 95.1
AP 76.5 65.1 78.0 92.1
UP+PreT 80.6 703 826 953
NP+ML 80.8 70.5 829 952
CVAE+ML 803 69.8 825 949
BT+ML 80.3 69.8 820 952
SP+ML 804 70.0 820 952
DL+PreT 80.7 70.2 8277 953
DL+ML 81.0 70.8 83.1 953
w/o ML 804 699 825 95.0
w/o DL 80.5 70.1 823 95.1
w/o PD 79.5 689 813 94.1
w/o Ranking 80.5 70.1 82.5 952

Table 3: Automatic evaluation for retrieval-based dia-
logue models with different training and data augmen-
tation methods.

5.4.3 Results

Automatic evaluation for each dialogue model is
performed on 5K test data (see Table 3 and Table 4
for the results), and manual evaluation is performed
using 200 pairs that are randomly sampled from
these test data (see Table 5 for the results). The
 value for the Fluency and Coherency annotation
is 0.9 (substantial agreement) and 0.56 (moderate
agreement), respectively.

Our method outperforms all the baselines in al-
most all the metrics for both retrieval-based and
generation-based dialogue models. We can fur-
ther observe that: 1) The dialogue models that uti-
lize unpaired data D,, (e.g. DL+ML, DL+PreT,
UP+PreT) generally outperform the models that
are only trained on D,, (e.g., Teacher, CVAE+ML).
This demonstrates that utilizing unpaired data is
more effective at improving the performance of
dialogue models; 2) Training the dialogue models

Model PPL  BLEU-1,2  Dist.-1,2
Teacher 23.9% 12.25% 6.61F 3.83% 29.69%
AP 50.0f 10.86% 5.52F 3.29% 23.37%
UP+PreT 24.0% 12.60 6.81" 3.99% 30.50*
NP+ML 23.1% 11.63% 6.25% 3.99% 28.47%
CVAE+ML  23.9% 12.27% 6.59% 3.73% 26.75¢
BT+ML 23.8% 11.93% 6.48% 3.84% 27.38%
SP+ML 23.6% 12.47% 6.74% 4.04 30.66%
DL+PreT 23.7% 12,66 6.92 3.95% 30.30*
DL+ML 22.6 12.42% 6.93 4.13 31.39
w/o ML 23.3% 12.30% 6.65% 4.06 30.89*
w/o DL 23.5% 12.547 6.88 3.96% 29.79%
w/o PD 26.7F 11.08% 5.86% 3.48% 26.84%
w/o Ranking 22.8% 12.54% 6.78% 3.90% 28.93%

Table 4: Automatic evaluation results for generation-
based dialogue models with different training and data
augmentation methods. Significance tests between the
best model and others were performed using t-test with
booststrap resampling (Koehn, 2004). { and I indicates
p-value < 0.005 and 0.001, respectively.

on the merged data D, | J D,, without utilizing the
model-level distillation (i.e., w/o ML) brings little
or no performance improvements compared to di-
rectly training on D, (i.e., Teacher). This verifies
the effectiveness of the model-level distillation pro-
cess proposed in our method; 3) When the model-
level distillation is employed, the augmented data
produced by our data-level distillation process (i.e.,
DL+ML) can better improve the performance of
dialogue models compared to the augmented data
produced by other data augmentation methods (e.g.
CVAE+ML, NP+ML, SP+ML, BT+ML). This ver-
ifies the effectiveness of the data-level distillation
process proposed in our study.

6 Conclusion

This paper presents a novel dialogue distillation
method that consists of two processes, i.e., 1) a
data augmentation process to construct new post-
response pairs from unpaired data and 2) a model
distillation process that distills a teacher model
trained on the original data to the augmented data.
Automatic and manual evaluation shows that our
method can produce high-quality post-response
pairs that are both coherent and content-rich, which
can be further used to improve the performance of
competitive baselines. Our method may inspire
other research in low-resource NLP tasks.
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Model Flu. Coh.
Teacher 1.968% 1.432¢
AP 1.985 1417
UP+PreT  1.957%  1.500
NP+ML 1.967F 1.473t
CVAE+ML 1.977f 14751
BT+ML 1.957%  1.503
SP+ML 1.973"  1.453%
DL+PreT 1975  1.492f
DL+ML 1.993 1.518

Table 5: Manual evaluation for generation-based dia-
logue models. Significant tests between the best model
and others were performed using t-test. T and I indicate
p-value < 0.05 and 0.01, respectively.

Acknowledgments

This work was jointly supported by the NSFC
projects (Key project with No. 61936010 and regu-
lar project with No. 61876096), and the Guogiang
Institute of Tsinghua University, with Grant No.
2019GQGI1. We thank THUNUS NEXT Joint-Lab
for the support.

References

Deng Cai, Yan Wang, Wei Bi, Zhaopeng Tu, Xiaojiang
Liu, Wai Lam, and Shuming Shi. 2019. Skeleton-to-
response: Dialogue generation guided by retrieval
memory. In Proceedings of the 2019 Conference
of the North American Chapter of the Association
for Computational Linguistics: Human Language
Technologies, Volume 1 (Long and Short Papers),
pages 1219-1228, Minneapolis, Minnesota. Associ-
ation for Computational Linguistics.

Hengyi Cai, Hongshen Chen, Yonghao Song, Cheng
Zhang, Xiaofang Zhao, and Dawei Yin. 2020. Data
manipulation: Towards effective instance learning
for neural dialogue generation via learning to aug-
ment and reweight. In Proceedings of the 58th An-
nual Meeting of the Association for Computational
Linguistics, pages 6334-6343, Online. Association
for Computational Linguistics.

Ekin D Cubuk, Barret Zoph, Dandelion Mane, Vijay
Vasudevan, and Quoc V Le. 2019. Autoaugment:
Learning augmentation policies from data. In Pro-
ceedings of CVPR.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and
Kristina Toutanova. 2019. Bert: Pre-training of deep
bidirectional transformers for language understand-
ing. In Proceedings of NAACL.

Wenchao Du and Alan Black. 2018. Data augmenta-
tion for neural online chats response selection. In

Proceedings of the 2018 EMNLP Workshop SCAI:
The 2nd International Workshop on Search-Oriented
Conversational Al, pages 52-58, Brussels, Belgium.
Association for Computational Linguistics.

Marjan Ghazvininejad, Chris Brockett, Ming-Wei
Chang, Bill Dolan, Jianfeng Gao, Wen-tau Yih, and
Michel Galley. 2018. A knowledge-grounded neural
conversation model. In Proceedings of AAAL

Sergey Golovanov, Rauf Kurbanov, Sergey Nikolenko,
Kyryl Truskovskyi, Alexander Tselousov, and
Thomas Wolf. 2019. Large-scale transfer learning
for natural language generation. In Proceedings of
the 57th Annual Meeting of the Association for Com-
putational Linguistics, pages 6053—-6058, Florence,
Italy. Association for Computational Linguistics.

Matthew Henderson, Rami Al-Rfou, Brian Strope, Yun-
hsuan Sung, Laszlo Lukacs, Ruigi Guo, Sanjiv Ku-
mar, Balint Miklos, and Ray Kurzweil. 2017. Effi-
cient natural language response suggestion for smart
reply. arXiv preprint arXiv:1705.00652.

Matthew Henderson, Ifiigo Casanueva, Nikola MrkSsié,
Pei-Hao Su, Tsung-Hsien Wen, and Ivan Vulié.
2020. Convert: Efficient and accurate conversa-
tional representations from transformers. arXiv
preprint arXiv:1911.03688.

Geoffrey Hinton, Oriol Vinyals, and Jeff Dean. 2015.
Distilling the knowledge in a neural network. In Pro-
ceedings of NIPS Deep Learning Workshop.

Minlie Huang, Xiaoyan Zhu, and Jianfeng Gao. 2020.
Challenges in building intelligent open-domain dia-
log systems. ACM Transactions on Information Sys-
tems.

Yoon Kim and Alexander M. Rush. 2016. Sequence-
level knowledge distillation. In Proceedings of the
2016 Conference on Empirical Methods in Natu-
ral Language Processing, pages 1317-1327, Austin,
Texas. Association for Computational Linguistics.

Philipp Koehn. 2004. Statistical significance tests
for machine translation evaluation. In Proceed-
ings of the 2004 Conference on Empirical Meth-
ods in Natural Language Processing, pages 388—
395, Barcelona, Spain. Association for Computa-
tional Linguistics.

Jiwei Li, Michel Galley, Chris Brockett, Jianfeng Gao,
and Bill Dolan. 2016. A diversity-promoting ob-
jective function for neural conversation models. In
Proceedings of the 2016 Conference of the North
American Chapter of the Association for Computa-
tional Linguistics: Human Language Technologies,
pages 110-119, San Diego, California. Association
for Computational Linguistics.

Juntao Li, Lisong Qiu, Bo Tang, Dongmin Chen,
Dongyan Zhao, and Rui Yan. 2019. Insufficient data
can also rock! learning to converse using smaller
data with augmentation. In Proceedings of AAAL

3457


https://doi.org/10.18653/v1/N19-1124
https://doi.org/10.18653/v1/N19-1124
https://doi.org/10.18653/v1/N19-1124
https://doi.org/10.18653/v1/2020.acl-main.564
https://doi.org/10.18653/v1/2020.acl-main.564
https://doi.org/10.18653/v1/2020.acl-main.564
https://doi.org/10.18653/v1/2020.acl-main.564
https://doi.org/10.18653/v1/W18-5708
https://doi.org/10.18653/v1/W18-5708
https://doi.org/10.18653/v1/P19-1608
https://doi.org/10.18653/v1/P19-1608
https://doi.org/10.18653/v1/D16-1139
https://doi.org/10.18653/v1/D16-1139
https://www.aclweb.org/anthology/W04-3250
https://www.aclweb.org/anthology/W04-3250
https://doi.org/10.18653/v1/N16-1014
https://doi.org/10.18653/v1/N16-1014

Zhengdong Lu and Hang Li. 2013. A deep architecture
for matching short texts. In Proceedings of NIPS.

Qiao Qian, Minlie Huang, Haizhou Zhao, Jingfang
Xu, and Xiaoyan Zhu. 2018. Assigning personal-
ity/profile to a chatting machine for coherent conver-
sation generation. In IJCAI, pages 4279-4285.

Alec Radford, Karthik Narasimhan, Tim Salimans, and
Ilya Sutskever. 2018. Improving language under-
standing by generative pre-training. OpenAl Blog.

Alec Radford, Jeffrey Wu, Rewon Child, David Luan,
Dario Amodei, and Ilya Sutskever. 2019. Language
models are unsupervised multitask learners. OpenAl
Blog, 1(8).

Justus J Randolph. 2005. Free-marginal multirater
kappa (multirater k [free]): An alternative to fleiss’
fixed-marginal multirater kappa. Online submission.

Rico Sennrich, Barry Haddow, and Alexandra Birch.
2016. Improving neural machine translation mod-
els with monolingual data. In Proceedings of the
54th Annual Meeting of the Association for Compu-
tational Linguistics (Volume 1: Long Papers), pages
86-96, Berlin, Germany. Association for Computa-
tional Linguistics.

Heung-Yeung Shum, Xiao-dong He, and Di Li. 2018.
From eliza to xiaoice: challenges and opportunities
with social chatbots. Frontiers of Information Tech-
nology & Electronic Engineering, 19(1):10-26.

Hui Su, Xiaoyu Shen, Sanqgiang Zhao, Xiao Zhou,
Pengwei Hu, Randy Zhong, Cheng Niu, and
Jie Zhou. 2020. Diversifying dialogue genera-
tion with non-conversational text. arXiv preprint
arXiv:2005.04346.

I Sutskever, O Vinyals, and QV Le. 2014. Sequence to
sequence learning with neural networks. Advances
in NIPS.

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob
Uszkoreit, Llion Jones, Aidan N Gomez, Lukasz
Kaiser, and Illia Polosukhin. 2017. Attention is all
you need. In Proceedings of NIPS.

Oriol Vinyals and Quoc Le. 2015. A neural conversa-
tional model. ICML Deep Learning Workshop.

Ke Wang and Xiaojun Wan. 2018. Sentigan: Gener-
ating sentimental texts via mixture adversarial net-
works. In Proceedings of IJCAI.

Yida Wang, Pei Ke, Yinhe Zheng, Kaili Huang, Yong
Jiang, Xiaoyan Zhu, and Minlie Huang. 2020. A
large-scale chinese short-text conversation dataset.
In NLPCC.

Jason W Wei and Kai Zou. 2019. Eda: Easy data aug-
mentation techniques for boosting performance on
text classification tasks. In Proceedings of EMNLP.

Taesun Whang, Dongyub Lee, Chanhee Lee, Kisu
Yang, Dongsuk Oh, and HeuiSeok Lim. 2020. An
effective domain adaptive post-training method for
bert in response selection. In Interspeech.

Yu Wu, Furu Wei, Shaohan Huang, Yunli Wang, Zhou-
jun Li, and Ming Zhou. 2019. Response generation
by context-aware prototype editing. In Proceedings
of the AAAI Conference on Artificial Intelligence,
volume 33, pages 7281-7288.

Adams Wei Yu, David Dohan, Minh-Thang Luong, Rui
Zhao, Kai Chen, Mohammad Norouzi, and Quoc V
Le. 2018. Qanet: Combining local convolution with
global self-attention for reading comprehension. In
Proceedings of ICLR.

Saizheng Zhang, Emily Dinan, Jack Urbanek, Arthur
Szlam, Douwe Kiela, and Jason Weston. 2018. Per-
sonalizing dialogue agents: I have a dog, do you
have pets too? In Proceedings of the 56th An-
nual Meeting of the Association for Computational
Linguistics (Volume 1: Long Papers), pages 2204—
2213, Melbourne, Australia. Association for Com-
putational Linguistics.

Tiancheng Zhao, Allen Lu, Kyusong Lee, and Max-
ine Eskenazi. 2017. Generative encoder-decoder
models for task-oriented spoken dialog systems with
chatting capability. In Proceedings of SIGdial,
pages 27-36.

Yinhe Zheng, Guanyi Chen, and Minlie Huang. 2020a.
Out-of-domain detection for natural language under-
standing in dialog systems. [EEE/ACM Transac-
tions on Audio, Speech, and Language Processing,
28:1198-1209.

Yinhe Zheng, Guanyi Chen, Minlie Huang, Song
Liu, and Xuan Zhu. 2019. Personalized dialogue
generation with diversified traits. arXiv preprint
arXiv:1901.09672.

Yinhe Zheng, Rongsheng Zhang, Xiaoxi Mao, and
Minlie Huang. 2020b. A pre-training based per-
sonalized dialogue generation model with persona-
sparse data. In Proceedings of AAAIL

Hao Zhou, Minlie Huang, Tianyang Zhang, Xiaoyan
Zhu, and Bing Liu. 2018a. Emotional chatting ma-
chine: Emotional conversation generation with inter-
nal and external memory. In Proceedings of AAAL

Hao Zhou, Tom Young, Minlie Huang, Haizhou Zhao,
Jingfang Xu, and Xiaoyan Zhu. 2018b. Com-
monsense knowledge aware conversation generation
with graph attention. In Proceedings of IJCAI, pages
4623-4629.

Hao Zhou, Chujie Zheng, Kaili Huang, Minlie Huang,
and Xiaoyan Zhu. 2020. KdConv: A Chinese
multi-domain dialogue dataset towards multi-turn
knowledge-driven conversation. In Proceedings of
the 58th Annual Meeting of the Association for Com-
putational Linguistics, pages 7098-7108, Online.
Association for Computational Linguistics.

3458


https://doi.org/10.18653/v1/P16-1009
https://doi.org/10.18653/v1/P16-1009
https://arxiv.org/abs/2008.03946
https://arxiv.org/abs/2008.03946
https://doi.org/10.18653/v1/P18-1205
https://doi.org/10.18653/v1/P18-1205
https://doi.org/10.18653/v1/P18-1205
https://doi.org/10.18653/v1/2020.acl-main.635
https://doi.org/10.18653/v1/2020.acl-main.635
https://doi.org/10.18653/v1/2020.acl-main.635

Qingfu Zhu, Lei Cui, Wei-Nan Zhang, Furu Wei, and
Ting Liu. 2019. Retrieval-enhanced adversarial
training for neural response generation. In Proceed-
ings of the 57th Annual Meeting of the Association
for Computational Linguistics, pages 3763-3773,
Florence, Italy. Association for Computational Lin-
guistics.

A Implementation Details of Dialogue
Models

Retrieval-based dialogue model: For the
retrieval-based dialogue models, we implement the
matching models by fine-tuning the BERT-base
model (Devlin et al., 2019), which contains 12
Transformer layers with 768-dimensional hidden
states. The feed-forward layer’s inner states are
3,072 dimensions, and the multi-head attention
layer involves 12 attention heads. The vocabulary
size is 21,128, and the max sequence length is set
to 512. We use the Adam optimizer (5; = 0.9,
Bo = 0.999 and € = 10~®) with a learning rate of
2e-5, the batch size is set to 32 and the warm-up
step is set to 2000. Moreover, We fine-tune both
the teacher and student models for three epochs.

Generation-based dialogue model: For the
generation-based dialogue models, we share the
weights of the encoder and decoder in each di-
alogue model and initialize these weights using
a pre-trained GPT model (Radford et al., 2018).
Specifically, the GPT model we used is pre-trained
on a dataset collected from a set of Chinese nov-
els that cover various genres (including Comedy,
Romance, Mystery). The final pre-training corpus
contains about 0.5 billion tokens. Moreover, we
use the character-level vocabulary of size 13,084,
and the context length is set to 512. Our model
contains a total number of 191.01M parameters,
and the pre-training process lasts for a week on 8
GTX1080Ti GPUs.

When fine-tuning our dialogue models, the
teacher model is trained for 15 epochs (about 12
hours), and the student model is trained for 50
epoch (about 40 hours) on 4 GTX1080Ti GPUs.
Moreover, the batch size is set to 128, and the max-
imum learning rate is 6.25e-5. The training starts
with a warm-up step of 1,000, and the learning rate
is annealed proportionally to the inverse square
root of the step number. The Adam optimizer is
used with the parameter 81 = 0.9, 82 = 0.98 and
¢ = 1079, In the inference phase, we use the beam
search with size 5. The length penalty is set to 1.6,
and the maximum decoded sequence length is set
to 50.

Note that because the pre-training approach is
utilized in our model and baselines, we inherit most
of the hyper-parameter settings from the previous
studies of the pre-training model Radford et al.
(2018); Devlin et al. (2019), and skip the hyper-
parameter tuning process. Moreover, for fair com-
parisons, we use a fixed set of the hyper-parameters
in all our experiments (including all the ablation
models and the Transformer-based baselines).

B More Augmented Dialogues Pairs

We provide more examples of the augmented pairs
together with their associated anchor pairs in Ta-
ble 6.
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Augmented pairs

Associated anchor pairs from D,,

post  Iam in Taiyuan, 24 years old, want to go to the Czech I am in Nanjing, 20 years old, want to go to the Czech
BEAERIR, 24%, BEHER) FAEER, — %, BEER)

resp I am in Henan, 22 years old, want to go to Lijiang I am in Nanjing, 22 years old, want to go to Canada
FAEF ., 22%, BEWIL) FAERR, 228, BEMER)

post This love is strange and I can’t understand. I can’t understand.
CXHZFEE, TTIEHEE. ) (EatrsEdi)

resp It’s not difficult to understand. They just need it. Then don’t understand.

(PR, MRRFE.) FRRAZLESR)
post Completely denied the claim that clothes make the man ... Clothes make the man

resp It’s not true that clothes make the man! Man makes clothes!

(FEEBE T NBEAREGX M UE)

(NFERFEXIE B | BTN )

(NFEACEE T SRR

Clothmg is for beauties

BRI R

post It seems wrong... The person I dreamed of do not miss me... I think I will never find someone who treats me like you do

CEFGRATIE, . 5 AR AE TR ) (HAB T ST e R R R AT A T
resp As long as you know I miss you As long as you know
(RFEERREF, AR T) (RFEREF)
post Life is short, we should have fun. Life is short and we should have fun
NETEH, TETER-) (NAETEHFE XINTR)
resp That makes sense, good morning! That makes sense
(UL EE, R (VLRI Bt S I E 3R )
post Men are really not easy. Sisters, be considerate’ To be honest, it’s not easy.
GEMIELOAESW - HERITRE—T! (E OIS W)
resp It ’s not easy to do anything, is it? Nothing is easy
W 2B G, NEL) (ftr 2 A5 W)
post It is always difficult to make a choice What is the most difficult problem? Choose it
(NX T3 B A RHERY) (B HMERIERIE 1 4 22E 50
resp It is hard to give up your greed rather than worry The most difficult problem is that you have to give up
CRARSZ BN B 2 5T B O TE) (BB B B CENMEAF)
post Why are you always laughing so happily! Why are you so happy
(R E LB/ LF TR ) (FUROIEIX A L)
resp Laugh when you are happy. Laugh later when you are not. I’ll be unhappy later. I am enjoying my time
FLTHEAF LT HSILEE.) (R LA O T IR TA])
post It’s really cozy. I also want to go home I really want to go home. Go back to my cozy island
(AR . MFEEKT) (JFAR B oK, [ PN B )
resp It’s almost New Year, when are you on holiday? When will you learn? Coming back for New Year
(BT, A1 A BRHERURYE? ) (BB 2 B UR Y HR R S FE )
post That’s right. Work is the most annoying thing Work is the most annoying thing
(ULRIEXT o B 2 MEERITIRT) (BEA 2 B St PR M)
resp I hate meetings. Meetings lead to overtime work! Meeting is more annoying than work

@ RIF 2, FFEUmdE! )

(L RN RAETF2)

Table 6: Augmented pairs produced by our data augmentation method. The associated anchor pairs are also given.

3460



