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ABSTRACT

Language model pre-training has led to state-of-the-art perfor-
mance in text summarization. While a variety of pre-trained trans-
former models are available nowadays, they are mostly trained on
documents. In this study we introduce self-supervised pre-training
to enhance the BERT model’s semantic and structural understand-
ing of dialog texts from social media. We also propose a semi-
supervised teacher-student learning framework to address the com-
mon issue of limited available labels in summarization datasets.
We empirically evaluate our approach on extractive summarization
task with the TWEETSUMM corpus, a recently introduced dialog
summarization dataset from Twitter customer care conversations
and demonstrate that our self-supervised pre-training and semi-
supervised teacher-student learning are both beneficial in compar-
ison to other pre-trained models. Additionally, we compare pre-
training and teacher-student learning in various low data-resource
settings, and find that pre-training outperforms teacher-student
learning and the differences between the two are more significant
when the available labels are scarce.
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1 INTRODUCTION

Automatic dialog summarization systems are useful in many appli-
cations such as summarizing meeting transcripts, media interviews
and customer service conversations, where the goal is to create
a concise version of large amounts of textual data from a multi-
party dialog to help people quickly capture the most important
information. The recent outbreak of the COVID-19 pandemic has
led to exponential growth of online communications on social net-
works such as Facebook or Twitter, and there is an urgent need
for summarization techniques to distill key information from long
dialogs.

Language model pre-training has shown to be beneficial to text
summarization as it improves semantic understanding of natural
language going beyond the meaning of individual words and sen-
tences. Large-scale pre-trained transformers such as BERT [13]
have led to state-of-the-art performance in text summarization [17].
The pre-training of these models is performed on large documents
corpora such as Wikipedia or books which are very different from
dialog texts. Firstly, documents are single-participant while a dialog
contains multiple participants and dynamic interactions between
them [7]. Secondly, the documents used for pre-training are non
topic or domain-specific, while dialogs are often goal-oriented and
domain-specific. These language mismatches can lead to inefficien-
cies in semantic and structural understanding of dialog texts. In this
paper, we introduce self-supervised pre-training to enhance BERT’s
ability to contextualize text representations specifically for goal-
oriented and domain-specific dialogs from posts/replies on social
media which are crucial for the downstream task of summarization.

Furthermore, acquiring labeled data for dialog summarization is
extremely expensive and time consuming. It requires large amounts
of manual annotation to generate dialog-summary pairs so that
each dialog has a summary available to supervise the training of
a model that can produce such summaries to capture dialog high-
lights. The lack of large-scale human annotated dialog-summary
pairs has become one of the main bottlenecks to build dialog summa-
rization models. To mitigate these challenges we introduce a semi-
supervised teacher-student training framework in low-resource
data settings where there are small amount of labels while large-
scale unlabeled data are available.

The contributions of our work include:


https://orcid.org/0000-0002-9420-7285
https://orcid.org/0000-0003-1485-6566
https://orcid.org/0009-0005-8738-9884
https://orcid.org/0009-0000-4445-3480
https://doi.org/10.1145/3543873.3587680
https://doi.org/10.1145/3543873.3587680
https://doi.org/10.1145/3543873.3587680

WWW ’23 Companion, April 30-May 04, 2023, Austin, TX, USA

e We present various self-supervised pre-training methods to
learn the contextualized dialog text representations, upon
which an extractive summarization task can be fine-tuned.

e To the best of our knowledge, we are the first to consider
using a teacher-student framework with limited labels for
social media dialog summarization.

o Benefiting from both self-supervised pre-training and the
teacher-student learning, our model achieves state-of-the-
art results in the dialog extractive summarization task on a
Twitter dialog dataset.

e We also compare pre-training vs teacher-student learning in
various low data-resource settings and find that pre-training
surpasses teacher-student learning, especially when labels
are scarce.

The paper is structured as follows: we first discuss related work
in Section 2 and then describe the self-supervised pre-training
strategies to enhance BERT in Section 3. We then introduce the
teacher-student framework in Section 4. In Section 5 we describe the
datasets, experiments, and implementation details. Section 6 follows
with experimental results and discussions. Finally, we conclude the
paper with a summary and future work in Section 7.

2 RELATED WORK

Automatic summarization can be mainly divided into two paradigms:

extractive and abstractive. Extractive summarization directly selects
and assembles phrases and sentences from the original texts as the
summary, which is more accurate and faithful, while abstractive
methods generate a summary with novel words, which improves the
conciseness and fluency of the summary. Extractive methods have
been proven to be effective by many previous works [4, 21, 29, 30].
Extractive summarization can be modeled as a sentence classifica-
tion problem of predicting which sentences to be included in the
summary.

Recently, the introduction of large-scale pre-trained transformers
such as BERT and GPT-2 [13, 23] has led to state-of-the-art results
in text summarization [17]. Since the initial release of BERT, several
pre-trained transformer encoder variations have been published,
such as Roberta [18], Electra [5], Albert [15], Reformer [14] and
Long-former [2]. Most pre-trained transformer encoders are pre-
trained on text corpora such as Wikipedia, News or Books, which
do not represent the multiparty conversing structure inherent to
a dialog. Conversational-BERT [? ] is a BERT model trained on
several chit-chat type dialog corpora, e.g., Twitter, Reddit, and Face-
book Messages that are neither task-oriented nor domain-specific.
MPC-BERT [9] is another BERT model trained on multi-party con-
versations. However, the conversations are from Ubuntu Internet
Relay Chat logs, a collection of logs from Ubuntu-related chat rooms
where a number of users chat and discuss various topics. These
chat logs are again neither task-oriented nor domain- specific.

Self-supervised pre-training is an emerging topic in recent lit-
eratures [25, 26, 28]. Zhang et al. [28] adopted masked sentence
prediction in pre-training stage for extractive summarization on
large-scale news corpus. Wang et al. [25] introduced self-supervised
learning to capture document-level context in order to train an ex-
tractive summarization with CNN/DM datasets. However, despite
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much effort being devoted to pre-training transformer based en-
coders, there is still a mismatch between the pre-training texts
and the downstream domain-specific dialogs. Gururangan et al.
[10] proposed two pre-training techniques: domain-adaptive pre-
training and task-adaptive pre-training. They have studied across
different domains and shown that a second phase of pre-training
on in-domain datasets leads to performance gains. Additionally,
continued pre-training on the task dataset itself or data relevant to
the task can be helpful too. We investigate both domain-adaptive
pre-training and task-adaptive pre-training on summarization tasks
in further details in this paper.

Even with a pre-trained model, thousands of labels are still typ-
ically needed for task-specific fine-tuning to reach satisfactory
performance. Semi-supervised learning with teacher-student train-
ing is one of the promising paradigms to make use of unlabeled
data to address the shortcomings of lack of large scale labels. In this
framework, a teacher model is first trained on the available labeled
data and then applied on the unlabeled data to generate pseudo
labels. Then a student model is trained on the augmented dataset
with the original labeled data as well as pseudo labeled data, after
which the teacher model is re-initialized with the learned weights of
the student. This training progresses iteratively until convergence.
Such framework has been shown to obtain state-of-the-art perfor-
mance for tasks like neural machine translation [12], name entity
recognition [27], and distillation [20]. Yet it has not been explored
in limited label settings for dialog summarization.

3 SELF-SUPERVISED PRE-TRAINING FOR
DIALOG UNDERSTANDING

Dialog summarization has its unique challenges compared to other
general summarization tasks as it requires wide-coverage natural
language understanding of in-domain knowledge as well as seman-
tic relevance between the speaker and the sentences. We develop
seven self-supervised pre-training strategies to enhance BERT for
the dialog summarization task and potentially other downstream
tasks. To leverage the useful knowledge from the pre-trained BERT,
we do not train a new version of BERT from scratch, but rather
start from the pre-trained BERT-base checkpoint and use our pre-
training methods to enhance the model’s semantic and structural
understanding of dialogs, which will be transferred and benefit on
the summarization task.

Pre-processing: Adopting a similar approach as in Liu and Lapata
[17], we pre-process the datasets by adding the “[CLS]" token at the
start and the “[SEP]" token at the end of each sentence. The “[CLS]"
token is used as the sentence representation in the pre-training
tasks as well as downstream extractive summarization task. Let
t; denote the vector of the i-th “[CLS]" token from the top layer,
then t; can be used as the i-th sentence’s representation. Then we
build an extractive summarization model on top of this encoder by
stacking several inter-sentence Transformer layers to capture the
dialog level features for extracting sentences. Finally, a linear layer
is applied to predict whether to choose the sentence to form the
summary.

Sentence mask: The original BERT model has two self-supervised
pre-training objectives: Masked language modeling (MLM) and next
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sentence prediction (NSP) [13]. In the MLM task, a small percent-
age of the input subword tokens are randomly masked, and the
training objective is to predict the original token. For our use case,
we modify this subword masking to sentence masking as our down-
stream task is to select sentences for summarization. We first mask
some sentences within a dialog with probability P¢" and put these
masked sentences into a candidate pool T™. The objective is to
predict the correct sentence from the pool for each masked sen-
tence i within the dialog. We replace the selected sentence i with
a special token “[UNK]" and extract the embedding vector of the
corresponding “[CLS]" token, Dj, as the sentence embedding. Then,
we concatenate all candidate sentences and use the same model to
obtain the sentence embedding S™ for each sentence in the candi-
date pool T™ to calculate the cosine similarity between sentence i
and each candidate sentence j in T™:

(i, j) = cos(D;, ") 8

We use a ranking loss to maximize the margin between the reference
sentence and other sentences:

Im = max{0,y — 0(i, j) + 0(i, k) } 2)

where y is a tunable hyper-parameter, i refers to the masked sen-
tence, j refers to the reference sentence in the candidate pool T™,
while k refers to the rest of sentences in T™.

Speaker mask: Speaker mask can be considered as a special case
of the MLM task in BERT, but instead of masking input subword
tokens, we are masking the special speaker tokens. In our exper-
iments with the TWEETSUMM dataset, we use “CustomerStart"
and “AgentStart” as the special speaker tokens (see Table 1 for an
illustration of the input format). During the self-training, we mask

the speaker tokens with probability P,S,f k using the special token
“[MASK]" and the task is to predict which speaker the selected
speaker token is from.

Sentence replacement: The sentence replacement task is to select
sentences with probability P£¢" in a dialog and replace them with
sentences selected at random from the entire corpus. The model is
trained to predict whether the sentence is replaced.

Sentence switch: The sentence switch task is similar with the
sentence replacement task except for that the sentence is replaced
with another sentence from the same dialog. In other words, each
sentence has a probability of P3¢ to be put in another position
within the same dialog and the object is to predict whether the
sentence is in its original position or not.

Speaker switch: Similar to the sentence switch task, we switch the
special speaker tokens, i.e., “CustomerStart" and “AgentStart". We
randomly select speaker tokens with probability PSSP k and switch it
with its counterpart. The model then predicts whether the speaker
is switched or not.

Sentence insertion: For this task, we randomly select the insertion
positions within a dialog with a pre-defined probability P;:" and
insert sentences randomly selected from the entire corpus into
these positions. This task aims to predict whether each sentence is
from the original dialog or not after the insertion.
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Mixed strategy: We combine the sentence replacement, sentence
switch, and sentence insertion in this task where each dialog has
an equal probability to get one of the three operations (therefore
33.33% probability to get each operation). And the task is to predict
whether each sentence is corrupted or not.

Except for the sentence mask and the speaker mask tasks, binary
cross-entropy loss is used for each of the other five tasks. Through
learning each of the pre-training tasks presented above, the model is
expected to learn contextualized embedding with in-domain knowl-
edge, which will then be used for the down-stream summarization
task. The sentence mask, sentence replacement, sentence switch, and
sentence insertion tasks aim to improve the model’s semantic under-
standing of the sentence in the context of the entire dialog while the
speaker mask and speaker switch tasks aim to enhance the model’s
ability to capture different roles from the dialog.

4 DIALOG SUMMARIZATION WITH
TEACHER-STUDENT TRAINING AND
CONFIDENCE WEIGHTS

Since extractive summary annotation is only available for a small
subset of a large corpus of in-domain dialog data, the goal is to
use a teacher-student training framework to make use of both
the small annotated dataset for training and validation, as well
as the large unlabeled data. A fully-supervised model (teacher) is
first trained on the few-shot annotated data and used to generate
pseudo labels for the large scale unlabeled in-domain dataset. We
propose an approach to improve teacher-student training with con-
fidence weights. Re-weighting noisy labels with different weighting
schemes has been explored in previous work including meta learn-
ing and rationale extraction [3, 24]. We propose a definition of
confidence weights specifically for our extractive summarization
task. Let P;; denote the probability of sentence i being selected
for summary for dialog j estimated by the teacher model, and
Qij € {0,1} denote if sentence i is predicted as summary for dialog
Jj. We choose the sentences with top 4 predicted probabilities in
one dialog as its summary. So Q;; are defined as
01 = {1 if P;j is in top 4 among P. ; 3)

0 otherwise.

Then we define the confidence weight of each sentence, C;;, and
each dialog, C;, as

Cij = PijQij + (1 = Pij)(1 = Qij) (4)
Cj= > .(Cij)/n; 5)
in1

Cij reflects how confident the teacher model is about the predicted
label. And the confidence weight for an entire dialog C; is calcu-
lated by the mean of C;jjs for individual sentences in this dialog. The
pseudo-labeled data is sampled based on their confidence weights
and augmented with the original labeled data to be used to train
a student model. This weighted augmentation explicitly accounts
for the teacher’s confidence on the generated pseudo-labels with
re-weighting to focus more on the pseudo-labeled samples that the
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Table 1: An example of a customer agent dialog and its ex-
tractive summary

CustomerStart My watchlist is not updating with new episodes.
CustomerStart ~ Any idea why?

AgentStart Apologies for the trouble, Norlene! We’re looking into this.
AgentStart In the meantime, try navigating to the episode manually.
CustomerStart  Tried logging out/back in, that didn’t help

AgentStart Sorry!

AgentStart We assure you that our team is working hard to investigate,

and we hope to have a fix ready soon!
CustomerStart ~ Thank you!
CustomerStart ~ Some shows updated overnight, but others did not...
AgentStart We definitely understand, Norlene.
AgentStart For now, we recommend checking the show page as the new
episodes will be there
CustomerStart  As of this morning, the problem seems to be resolved.
CustomerStart ~ Watchlist updated overnight with all new episodes.
CustomerStart ~ Thank you for your attention to this matter!
CustomerStart  Ilove Hulu

AgentStart Awesome!
AgentStart That’s what we love to hear.
AgentStart If you need anything else, we’ll be here to support!

Extractive summary

CustomerStart My watchlist is not updating with new episodes.

AgentStart We assure you that our team is working hard to investigate,
and we hope to have a fix ready soon!

AgentStart For now, we recommend checking the show page as the new
episodes will be there

AgentStart If you need anything else, we’ll be here to support!

teacher is more confident on compared to the less certain ones dur-
ing teacher-student training. The teacher-student training sched-
ules are repeated till a convergence criterion is satisfied. At each
iteration, the model parameters learnt from the previous iteration
are used to initialize the current teacher model before re-training
the model on the augmented data to learn the new parameters.

5 EXPERIMENTS AND EVALUATION

To demonstrate the advantages of our proposed pre-training meth-
ods and teacher-student learning in applications with limited labels,
we conduct various experiments on the recently released TWEET-
SUMM dataset [6] for the real-world use case of customer service
dialog summarization. In this section we describe the experimental
setup and discuss implementation and evaluation details.

5.1 TWEETSUMM Dataset

In the real-world scenario of customer service chat, a customer
contacts a support center to ask for help or raise complaints and a
human agent tries to solve the issues. A short summary at the end
of each conversation can help other agents quickly grasp the core
content of a dialog without needing to review the entire transcripts.
Providing automatic dialog summaries has thus become one of the
most important features in a customer service system.
Traditionally, public data and resources on customer service di-
alogs were very scarce due to customer data privacy concerns and
intellectual property protection. However, this situation changed
when the Customer Support On Twitter dataset was made available
on Kaggle!. It is a large scale dataset based on conversations be-
tween customers and customer support agents on Twitter.com [11].

https://www.kaggle.com/datasets/thoughtvector/customer-support- on-twitter
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Table 2: Dataset Descriptive Statistics

Overall Customer Agent

Customer Support on Twitter Dataset (70,191 dialogs)

Vocabulary size 285337 234222 94150
Avg # turns per dialog 8.0 43 3.7
Avg # sentences per turn 2.2 1.9 2.5
Avg # words per sentence 9.5 10.5 8.7
TWEETSUMM Dataset (1,100 dialogs)
Vocabulary size 21759 15981 10515
Avg # turns per dialog 10.2 5.5 4.7
Avg # sentences per turn 2.1 1.3 2.4
Avg # words per sentence 9.7 10.4 9.0

Extractive Summary Dataset (3,056 summaries)

Vocabulary size 13982 9971 7211
Min # sentences per summary | 2 1 1
Max # sentences per summary | 12 8 8
Avg # sentences per summary | 4.3 2.1 2.2
Avg # words per sentence 15.6 16.0 15.2

This dataset is the first publicly available dataset for real-world cus-
tomer support which consists of 3 million tweets from 20 big com-
panies such as Amazon, Apple, Uber, Delta, Spotify, etc. Feigenblat
et al. [6] randomly sampled 1,100 dialogs to be manually annotated
for summaries to construct and release the TWEETSUMM dataset?.
Annotators were instructed to highlight the most salient sentences
in the dialog for extractive summarization labeling, and 3 annota-
tions from 3 annotators were collected per dialog, therefore about
3300 extractive summaries were collected to form the extractive
dataset. We discard dialogs with less than 6 or greater than 20 turns.
Then we add “AgentStart"” or “CustomerStart" at the beginning of
each turn as a mark of speaker. Since the dialogs are extracted from
twitter threads, there are many tweet links in the data. We replace
all the links with a specific token “TweetLinkToken". In our final
dataset, we have a total of 3056 dialog and extractive summary
pairs. Table 1 presents an example of a customer agent dialog and
its extractive summary and Table 2 presents the descriptive statis-
tics of the dataset. We split the 3,056 dialogs and their associated
summaries into approximately 80% for training, 10% for validation,
and 10% for testing.

5.2 Baselines

We compare our methods with the following two baselines:

LEAD-4. Feigenblat et al. [6] did an analysis on the positions
of the sentences selected for extractive summaries in the labeled
dataset and found that in 85% of dialogs sentences from the first
customer turn were selected and in 52% of the dialogs sentences
from the first agent turn were selected. This pattern corroborates
with a typical customer service dialog which starts with a cus-
tomer describing an issue or asking a question, followed by several
conversation rounds for more context, and ends with the agent

Zhttps://github.com/guyfe/Tweetsumm
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taking actions to resolve the issue or escalating to another channel.
Therefore, the LEAD-4 model which selects the first two sentences
from the customer side and the first two sentences from the agent
side should be considered a competitive baseline, especially for
summarizing customer issues.

PreSumm. The PreSumm model [17] is similar to our approach
where an encoder creates sentence representations, upon which a
classifier layer predicts a binary label for each sentence indicating
whether it is selected to form the summary. While PreSumm uses
vanilla BERT as the sentence encoder we use an enhanced BERT
model which is obtained by pre-training using self-supervised tasks
that are suitable for dialog summarization.

5.3 Implementation and Training Details

The training process consists of two phases. First, we use the pre-
training tasks to enhance BERT. All our experiments start from the
publicly available ‘bert-base-uncased’ version. After pre-training
we further fine-tune the model for summarization on the TWEET-
SUMM dataset.

For training we use the AdamW optimizer[19] with a batch size
of 16, an input sequence length of 512, dropout rate of 0.1 and a
learning rate from le-6 to le-7. For self-supervised pre-training,
we train the model until the train loss converges or reaches the
maximum epoch of 20. We fine-tune the resulting model for sum-
marization task until the validation loss converges or reaches the
maximum training epoch of 20. We set P3<", Pf,fk, pien, pser, ngk,
and P3e% to 0.5.

When predicting summaries for a new dialog, we use the model
to obtain the scores for each sentence and use the top 4 sentences
with the highest scores to form the summary. The choice of top 4
sentences is based on the descriptive statistics reported in Table 2
that the average length of the ground truth extractive summaries
in TWEETSUMM is 4 sentences. During sentence selection we use
Trigram Blocking [22] to reduce redundancy where a candidate
sentence is skipped if there already exists a sentence in the summary
that trigram overlaps with this candidate. Trigram Blocking ensures
that no two similar sentences are selected for summarization at the
same time to maximize diversity in the summary.

6 RESULTS

We evaluate the quality of summarization using ROUGE [16]. We
report unigram and bigram overlap (ROUGE-1 and ROUGE-2) as
a means of assessing informativeness and the longest common
sub-sequence (ROUGE-L) as a means of assessing fluency.

The results from the proposed self-supervised pre-training meth-
ods and teacher-student learning are summarized in Table 3. The
first block in the table includes the LEAD-4 baseline and the Pre-
Summ baseline. The second block includes extractive models fine-
tuned for summarization on the TWEETSUMM dataset after ap-
plying various self-supervised pre-training strategies to enhance
BERT. The third block in the table presents the performance of
semi-supervised teacher-student learning (TSL), and the fourth
block presents the results where both the enhanced BERT and
teacher-student learning are applied. All of our proposed methods
have consistently outperformed baselines for all settings by up
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Table 3: ROUGE F-1 Score results on TWEETSUMM test set

Method R-1(%) R-2(%) R-L(%)
Baselines

LEAD-4 53.43 42.78 52.81

PreSumm 66.07 57.91 65.45

Self-supervised Pre-training (SSPT)

Sentence mask 6734  59.55  66.82
Speaker mask 66.11  57.88  65.46
Sentence replacement 69.01 61.91 68.57
Sentence switch 68.91 61.70  68.42
Speaker switch 6843  60.98  67.94
Sentence insertion 68.93 61.64 68.46
Mixed strategy 69.54  62.67  69.08
Semi-supervised Teacher-Student Learning (TSL)
TSL 67.38 59.45 66.87
SSPT + TSL
Sentence mask + TSL 68.35 60.60 67.84
Speaker mask + TSL 68.04  60.56  67.51
Sentence replacement + TSL  69.32  62.26  68.87
Sentence switch + TSL 68.84 61.56 68.31
Speaker switch + TSL 68.17  60.79  67.72
Sentence insertion + TSL 69.11 61.82 68.65
Mixed strategy + TSL 69.97 6298 69.51

to 3.91% in R-1, 5.07% in R-2, and 4.06% in R-L when comparing
to the PreSumm model. The best performance is achieved by the
Mixed strategy + TSL model across all ROUGE scores, demonstrat-
ing that both self-supervised pre-training on in-domain dataset
and teacher-student training to leverage large-scale unlabeled data
have an incremental positive impact on the summarization task
performance.

6.1 Self-supervised Pre-training (SSPT) Results

On the other hand, not all self-supervised pre-training tasks yield
equal results. The sentence level tasks perform better than the
speaker level tasks. This could be due to the fact that the sentence
level tasks are better at helping the model understand the dialog
context, and the speaker level tasks are too easy for the pre-training
models as their accuracy reaches 99% quickly. Furthermore, mask-
ing methods (both sentence mask and speaker mask) show the least
favorable results compared to other methods. This is because the
task of masking methods is different from the downstream sum-
marization task with a binary cross-entropy loss. One of the main
benefits of self-supervised pre-training is faster convergence. We
plot the ROUGE scores on the development set during the fine-
tuning phase in Figure 1, which demonstrates that not only do
the summarization models built upon the enhanced BERT yield
superior results, they also converge faster than that built upon
the original BERT. Specifically, the baseline PreSumm model takes
15 epochs to converge, the speaker mask model takes 12 epochs
to converge, while all other pre-training tasks take less than 10
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epochs to converge during the summarization fine-tuning phase.
For clarity, we only plot ROUGE-1 F1 scores in this figure and in-
clude the plots for ROUGE-2 and ROUGE-L in the Appendix, which
have shown a very similar trend. This demonstrates that a good
pre-trained encoder could dramatically save time and resources for
downstream tasks.

0.7 4

=}
o

model
PreSumm

| Sentence mask

=}
wn

= Speaker mask

Rouge-1 F1 score

- Sentence replacement
- Sentence switch

- Speaker switch

0.4 Sentence insertion

Mixed strategies

01 2 3 45 67 8 91011 1213 14 15 16 17 18 19 20
epoch

Figure 1: ROUGE-1 during the summarization fine-tuning
phase

6.2 SSPT + TSL

The results in Table 3 also demonstrate how our proposed self-
supervised pre-training on in-domain dataset and teacher-student
learning strategies compliment each other. When pre-training does
not yield significant improvement, the teacher-student learning
would be especially beneficial where useful information is gained
from the student models. On the other hand, if large performance
improvements are achieved during pre-training, then the additional
benefit of additional teacher-student training is lower. For exam-
ple, compared to the PreSumm baseline, adding pre-training with
speaker mask task only yields 0.01% increase in R-L (from 65.45% to
65.46%), while teacher-student learning yields an additional 2.05%
increase (from 65.46% to 67.51%). On the contrary, pre-training
with mixed strategy brings a significant 3.63% gain in R-L from the
PreSumm model (from 65.45% to 69.08%), but additional teacher-
student learning has yielded merely another 0.43% gain in R-L. This
shows that in practice when there is enough computing resources,
there are advantages to apply both strategies to ensure optimal
performance.

6.3 SSPT vs TSL in low-resource data settings

In reality, most summarization settings have the challenge of limited
labels due to the fact that high-quality annotated data for summa-
rization is both time consuming and expensive to obtain. Hence
we now compare self-supervised pre-training vs semi-supervised
teacher-student learning in different low-resource data setups with
limited labels. We use the performance on the downstream sum-
marization task for this comparison. First, we investigate the effect
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Table 4: SSPT results in the very low- (50 labels) and low- (500
labels) resource settings

Method R-1(%) R-2(%) R-L(%)
50 labels
PreSumm 48.13 36.89 47.46
Sentence mask 56.27  46.07  55.61
Speaker mask 49.26  37.45  48.58
Sentence replacement  60.16 51.15 59.52
Sentence switch 57.38  46.76  56.53
Speaker switch 57.01  46.55  56.20
Sentence insertion 60.87 50.44  59.97
Mixed strategy 59.64  50.16  58.90
500 labels
PreSumm 63.73 54.63 63.02
Sentence mask 67.19  59.16  66.60
Speaker mask 6544  57.07  64.81
Sentence replacement  66.10 57.75 65.51
Sentence switch 67.30  59.37  66.70
Speaker switch 66.53  58.53  65.99
Sentence insertion 67.82  60.26  67.26
Mixed strategy 69.37  62.10  68.90

of various pre-training objectives in both very low- (50 labels) and
low (500 labels) resource settings and the results are presented
in Table 4. We notice that the magnitude of performance gain is
much more significant with 50 labels compared to 500 labels or the
full 3056 labels as presented in Table 3. Specifically, the magnitude
of performance gain after pre-training with the mixed strategy
compared to the PreSumm baseline is 11.51% in R-1, 13.27% in R-2
and 11.44% in R-L with 50 labels, while 5.64% in R-1, 7.47% in R-2,
5.88% in R-L with 500 labels, and 3.47% in R-1, 4.76% in R-2 and
3.63% in R-L with the full 3056 labels. This shows that the benefit of
self-supervised pre-training is especially pronounced when labels
are scarce. And even more impressively, the mixed strategy model
using only 500 labels has already outperformed the baseline Pre-
Summ model which is directly fine-tuned on the entire 3056 labels
without any no pre-training, where the former achieves 69.37% in
R-1, 62.10% in R-2, and 68.90% in R-L while the latter yields 66.07%
in R-1, 57.91% in R-2, and 65.45% in R-L. Furthermore, the ROUGE
scores achieved by the mixed strategy model using 500 labels are
comparable to the ROUGE scores from the mixed strategy model
using the full 3056 labels as presented in Table 3, further demon-
strating that self-supervised pre-training is an extremely effective
technique when labels are scarce.

Next, we experiment with different labeled and unlabeled sum-
marization data sizes for teacher-student learning. In Table 5, we
show the results of ROUGE evaluated on the annotated test set for
different models. In the very low resource setup where there are
only 50 labels, we notice that adding more unlabeled data to train
the student model leads to very small gains, while when there are
500 labels, adding more unlabeled data proves to be more effective.
This is expected as the majority of information is retrieved from
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Table 5: TSL results in different labeled and unlabeled data
sizes

labeled:unlabeled R-1(%) R-2(%) R-L(%)

50 labels
50:50 48.51 37.20 47.76
50:500 49.04 37.65 48.24
50:5000 49.12 37.56 49.29
50:50000 49.31 37.69 49.42
500 labels
500:50 51.24 39.75 50.37
500:500 58.96 48.32 58.19
500:5000 66.04 57.96 65.41
500:50000 67.77 59.45 67.14

labels therefore semi-supervised teacher-student learning can only
be effective when there is a reasonable amount of labeled data.

When we compare the results for 50 labels between Table 4
and Table 5, as well as 500 labels between these two tables, it is
clear that given the same amount of labels, pre-training techniques
outperform the teacher-student learning technique and the differ-
ences between the two are more significant when the available
labeled data are extremely limited. This observation indicates a
more efficient knowledge transfer for in-domain self-supervised
pre-training compared to teacher-student learning. Therefore, un-
der computational or time constraints, we recommend choosing
pre-training with a mixed strategy as a lightweight technique, as it
has demonstrated a clear advantage and benefits especially when
annotated summarization labels are scarce.

7 CONCLUSION AND FUTURE WORK

In this paper we showed the benefits of seven self-supervised meth-
ods to enhance an off-the-shelf pre-trained BERT (sentence mask,
speaker mask, sentence replacement, sentence switch, speaker
switch, sentence insertion, and mixed strategy) as well as a teacher-
student framework for extractive dialog summarization with limited
labels. The self-supervised pre-training process helps the model
to capture a better semantic relevance between speaker and the
sentences compared to other BERT models trained on documents,
which can be crucial for the downstream summarization task to
preserve the most important information in the whole dialog. The
teacher-student learning helps to make use of the unlabeled data
to address the shortcomings of lack of large scale labels. Our exper-
iments on the TWEETSUMM corpus indicate that our a combina-
tion of self-supervised pre-training and teacher-student learning
leads to substantial improvement in ROUGE scores compared to
direct fine-tuning. The resulting models demonstrate clear superior
performance and converge faster when learning on the summa-
rization task. The best performance is achieved by mixing multiple
pre-training tasks combined with Teacher Student Learning model
across all ROUGE scores, demonstrating that both self-supervised
pre-training on in-domain dataset and teacher-student training to
leverage large-scale unlabeled data have an incremental positive
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impact on the summarization task performance. Therefore in prac-
tice when there is enough computing resources, there are clear
advantages to apply both strategies to ensure optimal performance.
Furthermore, in our investigation in different data resource settings,
we found that pre-training is more effective than teacher-student
learning, especially in low resource settings.

We believe there is still much room for future improvements
and our work will help foster further research in the real world
scenario of summarizing for goal oriented dialog texts. In this work
we focused on extractive summarization and leave abstractive sum-
marization to future work. Previous work has shown that the com-
bination of extractive and abstractive objectives can help generate
better summaries [8]. An interesting direction is to explore a two-
stage approach where the extractive and the abstractive stages
share the same encoder. In our experiments, we only used the ‘bert-
base-uncased’ model. It will inspire more investigation into other
language models such as GPT2, Roberta, and T5. It will also be
worthwhile to explore whether starting pre-training with a differ-
ent version of bert model, such as Conversation-bert leads to faster
convergence. In this paper, we have shown that not all pre-training
tasks are equal and our pre-training strategy with a mixture of
different tasks produced the best performance. In future works, we
can explore the direction of reinforcement learning where we can
learn a policy to decide which pre-training task to perform at each
step that maximizes the “reward function” which is the downstream
summarization performance.
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Figure 2: ROUGE-2 during the summarization fine-tuning
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