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Major Goals: Multi-Perspective Narratives (MPN) are ubiquitous, useful tools for verifying facts from different
alternative narratives; thus, MPNs facilitate more informed decisions by offering a concise overall picture of the
current situation. Assimilation and digestion of such MPNs at a large scale pose significant challenges for users,
making it extremely arduous to filter out reliable information from these MPNs. Despite great progress

made in natural language processing (NLP), computers are still far from being able to accurately analyze multi-
perspective narratives and effectively summarize the common information/overlapping content they provide. In this
project, we will design and develop solutions for this crucial yet relatively unexplored NLP task, which we formally
refer to as Semantic Overlap Summarization (SOS). SOS entails generating a single summary from multiple
alternative narratives that can convey the common information provided

by those narratives. Next, we will design and implement deep self-supervised sequence-to-sequence learning
techniques to solve the SOS task. The reason for choosing a such an approach is that models can be trained in a
mostly unsupervised fashion without requiring a large amount of labeled training data. For rigorous evaluation, we
will create and annotate a benchmark data set with at least 150 narrative pairs and simultaneously develop
appropriate evaluation metrics for the SOS task by levering the semantically powerful sentence encoders.

Major Goal 1: Benchmark Dataset Creation

Although the proposed SOS task is closely related to multi-document summarization (MDS), it is different from
traditional MDS tasks in that the goal is to summarize content with an additional constraint: the overlap criteria (i.e.,
the output should only contain the common information from both input narratives). Because (1) there is no existing
dataset that we can readily use to evaluate the SOS task and (2) Multi-document summarization datasets cannot
be utilized in this scenario since their reference summaries do not follow the semantic overlap constraint, our first
objective is to create a benchmark dataset with gold reference summaries} to be able to evaluate this task
rigorously. Without loss of generality, we will consider exactly two narratives as inputs for the SOS task. Goal 1 will
embrace three sub-tasks:
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1. Create/Collect Multi-Perspective Narrative Data-set
2. Annotate Narrative Pairs with Human-Written Overlap Summaries

3. Conduct Meta-Evaluation of Overlap Summaries against Human Judgements

Major Goal 2: Overlap Summary Generation

Semantic Overlap Summarization (SOS) is a novel and relatively under-explored sequence-to-sequence task which
entails summarizing common information from multiple alternate narratives. One of the major challenges for solving
this task is the lack of existing datasets for supervised training. To address this challenge, we propose a novel data
augmentation technique, which allows us to create large amount of synthetic data for training a sequence-to-
sequence model that can perform the SOS task. This will create an artificial corpus that will facilitate self-
supervised training.

Major Goal 3: Design Appropriate Evaluation Metric

When it comes to evaluation, we propose a new Semantic-F1 (SEM-F1) metric for accurate evaluation, which
computes sentence-level information overlap to be eventually aggregated. The motivation for proposing this new
evaluation metric is the findings in our preliminary study that (1) the popular ROUGE metric is unreliable for
evaluation of the SOS task, while (2) our initial results with sentence-level overlap labels---A (Absent), PP (Partially
Present), or P (Present)---yield higher inter-annotator agreement. Therefore, we propose the SEM-F1 metric which
can infer these overlap labels automatically.

The proposed SEM-F1 is a precision-recall-style evaluation metric based on significant-overlap/partial-overlap/no-
overlap between a pair of sentences in terms of their semantic meaning. To capture this, we define three levels:
Present (P), Partial-Present (PP), and Absent (A) based on a threshold on the semantic similarity score, for each
sentence in the generated narrative with respect to the entire reference narrative (to compute precision) and vice
versa (to compute recall). Next, we will assign an overlap reward as follows: 1 for Present (P), 0.5 for Partial-
Present (PP), and 0 for Absent (A). Finally, these reward scores will be averaged to deliver the precision/recall
scores as well as the corresponding SEM-F1 score (simple harmonic mean) for the particular generated narrative.
This process will continue for all the testing samples and be further averaged to compute the overall SEM-F1 score.

Evaluation Plan:

Evaluation of Goal 1 will be mainly focused on the meta-evaluation of annotated overlap summaries against human
judgments using inter-rater agreement computed by Pearson's Correlation Coefficient. A high inter-rater agreement
measure (>0.7) is considered a high-quality annotation, and the created dataset will be regarded as a good
benchmark for evaluation. On the other hand, Goal 2 (Overlap Summary Generation) evaluation will be performed
using the SEM-F1 (proposed by the Pl, ROUGE and SARI metrics).

Accomplishments: In this project, we studied an important yet relatively unexplored NLP task called Semantic
Overlap Summarization (SOS), which entails generating a single summary from multiple alternative narratives
which can convey the common information provided by those narratives. As no benchmark dataset is readily
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available for this task, we created one by collecting 2,925 alternative narrative pairs from the web and then, went
through the tedious process of manually creating 411 different reference summaries by engaging human
annotators. As a way to evaluate this novel task, we first conducted a systematic study by borrowing the popular
ROUGE metric from text-summarization literature and discovered that ROUGE is not suitable for our task.
Subsequently, we conducted further human annotations to create 200 document-level and 1,518 sentence-level
ground-truth overlap labels. Our experiments show that the sentence-wise annotation technique with three overlap
labels, i.e., Absent (A), Partially-Present (PP), and Present (P), yields a higher correlation with human judgment
and higher inter-rater agreement compared to the ROUGE metric.

Next, we exclusively focused on the automated evaluation of the SOS task using the benchmark dataset. As our
experiments discovered that ROUGE is not suitable for this novel task, therefore, we proposed a new sentence-
level precision-recall style automated evaluation metric, called SEM-F1 (Semantic F1). It is inspired by the benefits
of the sentence-wise annotation technique using overlap labels reported by the previous work. Our results showed
that the proposed automated SEM-F1 metric yields a higher correlation with human judgment and higher inter-rater
agreement compared to the ROUGE metric.

We realized that one of the major challenges associated with implementing a sequence-to-sequence model which
can perform the SOS task is the lack of readily available training data for supervised learning. One may manually
create a training corpus for a particular domain (e.g., news, health etc.) by spending a significant amount of time
and money, yet it is unclear how much it will generalize for other domains. Therefore, an unsupervised approach is
desired to address this problem. Therefore, we designed a new unsupervised data generation technique which can
generate an arbitrarily large number of synthetic training examples for the SOS task. More specifically, given an
arbitrary text corpus from a particular domain, our data generation algorithm can produce an infinite number of SOS
examples of the form {D_A, D_B, (D_A \cap D_B)} where, D_A and D_B are two narratives (in text) and (D_A \cap
D_B) is the desired reference summary of semantic overlap. Although the reference overlap summaries in our
synthetic examples are noisy and do not ensure the high quality of human-written summaries, they can at least
help us train an SOS model in a weakly supervised fashion and allow us to leverage the powerful yet data-hungry
sequence-to-sequence deep learning architectures.

Noteworthy, our main focus was to propose an intelligent way to create a synthetic dataset for training existing
sequence-to-sequence models for the SOS task rather than proposing a new model specifically customized for it.
Therefore, finding the best model to solve the SOS task is an orthogonal goal to our work and hence, out of scope
for this paper. Rather, the goal of this work is to leverage existing pre-trained sequence-to-sequence
summarization models as an approximation of the overlap summary generator and create artificial examples to
further fine-tune such sequence-to-sequence models. As such, it is important to validate whether fine-tuning with
artificial examples are indeed useful for improving the accuracy of the sequence-to-sequence models. To achieve
this, we used the human annotated and verified dataset from our previous work to show the efficacy of sequence-
to-sequence models fine-tuned on our synthetic examples as compared to the pre-trained baseline models with no
fine-tuning.

Through extensive experiments using narratives from the news domain, we showed that the models fine-tuned
using our synthetic dataset provide significant performance improvements over the pre-trained-only baselines and
are close to the models fine-tuned on the golden training data; which essentially demonstrates the effectiveness of
the proposed data augmentation technique.

Training Opportunities: This award funded one Ph.D. student partially to work with the Pl on everything
described in the proposal, including the design, implementation, and validation of the proposed techniques,
applications, and evaluation strategies.
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Results Dissemination: The following publications were presented at premier NLP conferenced during the
reporting period:

1. Naman Bansal, Mousumi Akter, and Shubhra Kanti Karmaker Santu. 2022. Semantic Overlap Summarization
among Multiple Alternative Narratives: An Exploratory Study. In Proceedings of the 29th International Conference
on Computational Linguistics, pages 6195-6207, Gyeongju, Republic of Korea. International Committee on
Computational Linguistics.

2. Naman Bansal, Mousumi Akter, and Shubhra Kanti Karmaker Santu. 2022. SEM-F1: an Automatic Way for
Semantic Evaluation of Multi-Narrative Overlap Summaries at Scale. In Proceedings of the 2022 Conference on
Empirical Methods in Natural Language Processing, pages 780—792, Abu Dhabi, United Arab Emirates.
Association for Computational Linguistics.

3. Naman Bansal, Mousumi Akter, and Shubhra Kanti Karmaker Santu. 2022. Learning to Generate Overlap
Summaries through Noisy Synthetic Data. In Proceedings of the 2022 Conference on Empirical Methods in Natural
Language Processing, pages 11765-11777, Abu Dhabi, United Arab Emirates. Association for Computational
Linguistics.

Honors and Awards: 1. Two of the PI's students, Naman Bansal and Mousumi Akter received Auburn University’s
Outstanding Doctoral student award.

2. Two of the PI's students, Souvika Sakar and Mousumi Akter were named 100+ Women Strong Outstanding
Graduate Student Award recipients.

3. A team consisting of the Pl and two of his students became Champion in the “Food for Thought” National NLP
challenge hosted by Coleridge Initiative in collaboration with the US Department of Agriculture.

4. The Pl was appointed as the Communication Chair of ACL Rolling Reviews (ARR) Initiative.
Protocol Activity Status:
Technology Transfer: Nothing to Report
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Abstract

Multi-Perspective Narratives (MPN) are ubiquitous, useful tools for verifying facts from
different alternative narratives; thus, MPNs facilitate more informed decisions by offering a
concise overall picture of the current situation. Assimilation and digestion of such MPNs at
a large scale pose significant challenges for users, making it extremely arduous to filter out
reliable information from these MPNs. Despite great progress made in natural language pro-
cessing (NLP), computers are still far from being able to accurately analyze multi-perspective
narratives and effectively summarize the common information/overlapping content they pro-
vide. In this project, we have designed and developed solutions for this crucial yet relatively
unexplored NLP task, which we formally refer to as Semantic Overlap Summarization (SOS).
SOS entails generating a single summary from multiple alternative narratives that can convey
the common information provided by those narratives. Next, we designed and implemented
deep self-supervised sequence-to-sequence learning techniques to solve the SOS task. The
reason for choosing such an approach is that models can be trained in a mostly unsupervised
fashion without requiring a large amount of labeled training data. For rigorous evaluation, we
will create and annotate a benchmark data set with at least 150 narrative pairs and simulta-
neously develop appropriate evaluation metrics for the SOS task by levering the semantically
powerful sentence encoders.

1 Objectives of this Project

1.1 Problem Definition

For this project, we look deeper into the challenging yet relatively under-explored area of auto-
matic summarization of multiple alternative narratives with different perspectives. To be more
specific, we formally introduce a new NLP task called Semantic Overlap Summarization (SOS)
from multiple alternative narratives and conduct a systematic study of this task by creating a bench-
mark dataset as well as exploring how to evaluate this task accurately. SOS essentially means the



task of summarizing the overlapping information present in multiple alternate narratives by cross-
verifying their information contents against each other. Computationally, our research question is
the following:

Given two distinct narratives N1 and Ny of an event e, how can we automatically generate a
single summary about e which conveys the common information provided by both N, and N5?

Topic:
Abortion

% Left Wing News 6 - Right Wing News gt !

j NS ﬁ

= \
The Supreme Court Monday left in o~ igv% The Supreme Court on Monday
place a Kentucky law requiring abortion - allowedaKentucky abortion law to stand
providers to perform an ultrasound and show Semantic that requires an abortionist to perform an
and describe it to the patient, regardless Overlap ultrasound and ... hear the heartbeat

of the patient's wishes. .... of the fetus before terminating it ....

Supreme Court Leaves Kentucky
Ultrasound Law in Place

Figure 1: A toy example of Semantic Overlap Summarization (SOS) Task (from multiple alter-
native narratives). Here, an abortion issue-related event has been reported by two news media
(left-wing and right-wing). “Green” Text denotes the common information from both news media,
while “Blue” and “Red” text denotes the unique perspectives of left and right wing.

Multiple alternative narratives appear frequently in a variety of domains, including educa-
tion [1]], the health sector [2], businesses intelligence [3]], content analysis [4}|5] and privacy [6].
Therefore, automatic summarization of multiple-perspective narratives has become a pressing need
in this information explosion era and can be highly useful for digesting such multi-narratives at
scale and speed.

Figure[I|shows a toy example of the SOS task, where both articles cover the same event related
to “abortion”. However, they report from different political perspectives, i.e., one from the left
wing and the other from the right wing. For greater visibility, “Left” and “Right” wing reporting
biases are represented by blue and red text, respectively. Green text denotes the common infor-
mation in both news articles. The goal of the SOS task is to generate a summary that conveys the
common/overlapping information provided by the green text.

At first glance, the SOS task may appear similar to a traditional multi-document summarization
task where the goal is to provide an overall summary of the (multiple) input documents. However,
the difference is that, for SOS, the goal is to provide summarized content with an additional con-
straint, i.e., the commonality criteria. There is no current baseline method or an existing dataset
that exactly matches our task; more importantly, it is unclear which one is the right evaluation met-
ric to evaluate this task properly. As a starting point, we frame SOS as a constrained seq-to-seq task
where the goal is to generate a summary from two input documents that convey the overlapping in-
formation present in both input text documents. However, the bigger challenge we need to address
first is the following: 1) How can we evaluate this task? and 2) How to create a benchmark dataset
for this task? To address these challenges, we aim to achieve the following goals and objectives in
this project.



1.2 Objective 1: Benchmark Dataset Creation

Although the proposed SOS task is closely related to multi-document summarization (MDS) [7,8]],
it is different from traditional MDS tasks in that the goal is to summarize content with an additional
constraint: the overlap criteria (i.e., the output should only contain the common information from
both input narratives). Because (1) there is no existing dataset that we can readily use to evaluate
the SOS task and (2) Multi-document summarization datasets cannot be utilized in this scenario
since their reference summaries do not follow the semantic overlap constraint, our first objective
is to create a benchmark dataset with gold reference summaries to be able to evaluate this task
rigorously. Without loss of generality, we will consider exactly two narratives as inputs for the
SOS task. Goal 1 will embrace three sub-tasks:

1. Create/Collect Multi-Perspective Narrative Data-set.
2. Annotate Narrative Pairs with Human-Written Overlap Summaries.

3. Conduct a Meta-Evaluation of Overlap Summaries against Human Judgements.

1.3 Objective 2: Design Appropriate Evaluation Metric

When it comes to evaluation, we propose a new Semantic-F1 (SEM-F1) metric for accurate eval-
uation, which computes sentence-level information overlap to be eventually aggregated. The mo-
tivation for proposing this new evaluation metric is the findings in our preliminary study that (1)
the popular ROUGE metric is unreliable for evaluation of the SOS task, while (2) our initial re-
sults with sentence-level overlap labels—A (Absent), PP (Partially Present), or P (Present)—yield
a higher inter-annotator agreement. Therefore, we propose the SEM-F1 metric, which can infer
these overlap labels automatically.

The proposed SEM-F1 is a precision-recall-style evaluation metric based on significant over-
lap/partial overlap/no overlap between a pair of sentences in terms of their semantic meaning. To
capture this, we define three levels: Present (P), Partial-Present (PP), and Absent (A) based on a
threshold on the semantic similarity score for each sentence in the generated narrative with respect
to the entire reference narrative (to compute precision) and vice versa (to compute recall). Next,
we will assign an overlap reward as follows: 1 for Present (P), 0.5 for Partial-Present (PP), and 0
for Absent (A). Finally, these reward scores will be averaged to deliver the precision/recall scores
as well as the corresponding SEM-F1 score (simple harmonic mean) for the particular generated
narrative. This process will continue for all the testing samples and be further averaged to compute
the overall SEM-F1 score.

1.4 Objective 3: Overlap Summary Generation

Semantic Overlap Summarization (SOS) is a novel and relatively under-explored sequence-to-
sequence task which entails summarizing common information from multiple alternate narratives.
One of the major challenges in solving this task is the lack of existing datasets for supervised train-
ing. To address this challenge, we propose a novel data augmentation technique, which allows us to
create a large amount of synthetic data for training a sequence-to-sequence model that can perform
the SOS task. This will create an artificial corpus that will facilitate self-supervised training.



1.5 Evaluation Goal

Evaluation of Goal 1 will be mainly focused on the meta-evaluation of annotated overlap sum-
maries against human judgments using inter-rater agreement computed by Pearson’s Correlation
Coefficient. A high inter-rater agreement measure (>0.7) is considered a high-quality annotation,
and the created dataset will be regarded as a good benchmark for evaluation. On the other hand,
Goal 3 (Overlap Summary Generation) evaluation will be performed using the SEM-F1 (proposed
by the PI, ROUGE, and SARI metrics).

2 Findings of this Project

2.1 Findings under Objective 1
2.1.1 Benchmark Dataset Creation

We collected data from |/AllSides.com. AllSides is a third-party online news forum that exposes
people to news and information from all sides of the political spectrum so that the general people
can get an “unbiased” view of the world. To achieve this, AllSides displays each day’s top news
stories from news media widely known to be affiliated with different sides of the political spectrum,
including “Left” (e.g., New York Times, NBC News), and “Right” (e.g., Townhall, Fox News)
wing media. AllSides also provides its own factual description of the reading material, labeled as
“Theme” so that readers can see the so-called “neutral” point-of-view. Table[I] gives an overview
of the dataset statistics created by crawling from AllSides.com, which consists of news articles
(from at least one “Left” and one “Right” wing media) covering 2,925 events in total and also
having a minimum length of “theme-description” to be 15 words. Given two narratives (“Left”
and “Right”), we used the theme description as a proxy for ground-truth reference summaries. We
divided this dataset into testing data (described next) and training data (remaining samples) [see
Table[I]]. Table 2] shows the different attributes of the same AllSides dataset.

AllSides Dataset: Statistics

Split  #words (per docs) #sents (per docs) #words (per reference) #sents (per reference)

Train 1613.69 66.70 67.30 2.82
Test 959.80 44.73 65.46/38.06/21.72/32.82  3.65/2.15/1.39/1.52

Table 1: Statistics for the Training and Testing dataset. Two input narratives are concatenated to
compute the statistics. Four numbers for reference (#words/#sents) in the Test split correspond to
the 4 reference overlap summaries. Our test dataset contains 137 samples, wherein each sample
has 4 ground truth references. Out of these 4 references, one summary is provided by AllSides,
and 3 of them were manually written by 3 human annotators. Thus, we generated 3 x 137 = 411
references in total.

Testing Dataset and Human Annotation{]: We engaged human volunteers to thoroughly anno-
tate our testing samples (narrative pairs) in order to create multiple reference overlap summaries



https://www.allsides.com

Feature | Description

theme headlines by AllSides
theme-description | news description by AllSides
right/left head right/left news headline
right/left context | right/left news description

Table 2: Overview of dataset scraped from AllSides. AllSides is licensed under a Creative Com-
mons Attribution-NonCommercial 4.0 International License.

for each pair. This helped in creating a comprehensive testing benchmark for more rigorous eval-
uation. Specifically, we randomly sampled 150 narrative pairs describing 150 unique events (each
pair consists of one narrative from the “Left” wing and one from the “Right” wing, thus 300 nar-
ratives in total) and then asked 3 humans to write a summary of common information present in
both narratives describing each of the 150 events.

After the first round of annotations, we immediately observed a discrepancy among the three
annotators in terms of the real definition of “common/overlapping information”. For example, one
annotator argued that the reference summary should be non-empty as long as there is an overlap
between two narratives along at least one of the SWIH facets (Who, What, When, Where, Why,
and How), while another annotator argued that overlap in only one facet is not enough to decide
whether there is indeed enough semantic overlap between the two narratives and reference sum-
mary should be left empty in such cases. As an example, one of the annotators wrote only “Donald
Trump” as the reference summary for a couple of cases where the actual narratives were substan-
tially different except for “Donald Trump” being the only common entity, while others had those
cases marked as “empty”.

To mitigate this issue, we only retained the narrative pairs where at least two of the annota-
tors wrote a minimum of 15 words as their reference summaries, assuming that a human-written
summary will contain 15 words or more only in cases where there is indeed a significant over-
lap between the two original narratives. This filtering step gave us a test set with 137 narrative
pairs where each sample had 4 reference summaries, one from AllSides and three from human
annotators, resulting in a total of 548 reference summaries.

2.1.2 Evaluating SOS Task using ROUGE

As ROUGE [9]] is the most popular metric used today for evaluating summarization tasks, we first
conducted a case study with ROUGE as the evaluation metric for the SOS task. For methods, we
experimented with multiple SoTA pre-trained abstractive summarization models as naive base-
lines for Semantic-Overlap Summarizer (SOS). These models are: 1) BART [10], fine-tuned on
CNN and multi-English Wiki news datasets, 2) Pegasus [11], fine-tuned on CNN and Daily Mail
dataset, and 3) TS [[12]], fine-tuned on multi-English Wiki news dataset. As our primary goal is to
construct a benchmark dataset for the SOS task and explore how to accurately evaluate this task,
experimenting with only 3 abstractive summarization models is not a barrier to our work. Propos-
ing a custom method fine-tuned for the Semantic-Overlap task is an orthogonal goal to this work
and we leave it as future work. Also, we shall use the phrases “summary” and “overlap-summary”
interchangeably from here. To generate the summary, we concatenate a narrative pair and feed it
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directly to the model.

For evaluation, we first evaluated the machine-generated overlap summaries for the 137 man-
ually annotated testing samples using the ROUGE metric by following the procedure mentioned
in [9] to compute the ROUGE-F’ scores against multiple reference summaries. More precisely,
since we have 4 reference summaries, we got 4 precision, recall pairs which are used to com-
pute the corresponding F3 scores. For each sample, we took the max of these four F scores and
averaged them out across the test dataset (see Table [3).

Model R1 R2 RL

BART 40.73 2597 29.95
T5 38.50 24.63 27.73
Pegasus 46.36 29.12 37.41

Table 3: Average ROUGE-F} Scores for all the test models across test dataset. For a particular
sample, we take the maximum value out of the 4 F); scores corresponding to the 4 reference sum-
maries.

Implementation Details: For generating summaries, we used off-the-shelf models in our ex-
periments with default settings for summarization task following the Huggingface repo. Apart
from this, we set the min and max length parameters to 10 and 300, respectively, based on our
dataset. All the models are publicly available with details of the source. For ROUGE computa-
tion, we followed the implementation from the HuggingFace repo| with the following parameters:
{use_stemmer = True, bootstrap_aggregation = False}. Apart from this, we just used a sen-
tence tokenizer from nltk library with English to create the input tokens. So, most of the method
and ROUGE implementations are already publicly available. As such, there was no training in-
volved in our experiments, but we still made use of the GPU (NVIDIA Quadro RTX 5000 with
16 GB of memory) to generate summaries using these models. Table 4 shows the summarization
models and the number of parameters used in our experiments.

Model #Parameters

BART ~ 406 M
T5 ~ 223 M
Pegasus ~ 571 M

Table 4: Models and their corresponding number of parameters used in our experiments.

Results and Findings: We computed Pearson’s correlation coefficients (using the scipy package)
between each pair of ROUGE-F} scores obtained using all of the 4 reference overlap summaries
(3 human written summaries and 1 AllSides theme description) to test the robustness of ROUGE
metric for evaluating the SOS task. The corresponding correlations are shown in table[5] For each
annotator pair, we report their maximum (across 3 models) correlation value. The average correla-
tion value across annotators is 0.36, 0.33 and 0.38 for R1, R2 and RL, respectively, suggesting that
the ROUGE metric demonstrates high variance across multiple human-written overlap-summaries
and thus, unreliable.



https://github.com/huggingface/transformers/blob/de8b06f9bf908ef1e6317ecb1f74a02313eee72e/examples/research_projects/seq2seq-distillation/utils.py#L417
https://github.com/huggingface/transformers/tree/main/examples/research_projects/seq2seq-distillation
https://github.com/huggingface/transformers/blob/048443db863214aef9c8341517b427edced63c81/examples/research_projects/seq2seq-distillation/utils.py#L489
https://docs.scipy.org/doc/scipy/reference/stats.html

Pearson’s Correlation Coefficients

R1 R2 RL
L L I I I I I I I
I, 0.62 — 0.65 — 0.69 —
Iz 03 038 — 0.27 037 — 027 044 —
14 0.17 034 0.34 0.14 0.33 0.21 0.18 0.35 0.33
Average 0.36 0.33 0.38

Table 5: Max (across 3 models) Pearson’s correlation between the / ROUGE scores correspond-
ing to different annotators. Here I; refers to the i*" annotator where i € {1,2, 3,4} and the “Aver-
age” row represents the average correlation of the max values across annotators. Boldface values
are statistically significant at p-value < 0.05. For 5 out of 6 annotator pairs, the correlation values
are quite small (< 0.50), thus, implying the poor inter-rated agreement with regards to the ROUGE
metric.

2.1.3 Creating a Benchmark Dataset with More Accurate References

As the ROUGE metric is unstable across multiple reference overlap summaries, an immediate
question is: Can we come up with a better metric than ROUGE? To investigate this question, we
started by manually assessing the machine-generated overlap summaries to check first whether
humans agree among themselves or not, i.e., whether human annotators can reach a consensus or
not.

Assigning a Single Numeric Score: As an initial trial, we decided to first label 25 testing samples
using two human annotators (we refer to them as label annotators, L., and Ly). Both label anno-
tators read each of the 25 narrative pairs as well as the corresponding system-generated overlap
summary (generated by fine-tuned BART) and assigned a numeric score between 1-10 (inclusive).
This number reflects their judgment/confidence about how accurately the system-generated sum-
mary captures the actual overlap of the two input narratives. Note that, the reference overlap
summaries were not included in this label annotation process and the label-annotators judged the
system-generated summary exclusively with respect to the input narratives. To quantify the agree-
ment between human scores, we computed the Kendall rank correlation coefficient (or Kendall’s
Tau) between two annotator labels since these are ordinal values. We used an open-source scipy
package for computing Kendall’s Tau correlation. However, to our disappointment, the correla-
tion value was 0.20 with the p-value being O.Qﬂ This shows that even human annotators are
disagreeing among themselves and we need to come up with a better labelling guideline to reach a
reasonable agreement among the human annotators.

On further discussions among annotators, we realized that one annotator only focused on the
precision of the output overlap summaries, whereas the other annotator took both precision and
recall into consideration. Therefore, subsequently, we decided to assign two separate scores for
precision and recall.

Precision-Recall Inspired Double Scoring: This time, three label annotators (L, L, and L3) as-
signed two numeric scores between 1-10 (inclusive) for the same set of 25 system-generated sum-

’The higher p-value means that the correlation value is insignificant because of the small number of samples.
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maries. These numbers represented their belief about how precise the system-generated summaries
were (the precision score) and how much of the actual ground-truth overlap information was cov-
ered by the same (the recall score). Also, note that labels were assigned exclusively with respect
to the input narratives only. As the assigned numbers represent ordinal values (i.e. can’t be di-
rectly used to compute the Fi score), we computed Kendall’s rank correlation coefficient among
the precision scores and recall scores separately for all the annotator pairs. The corresponding
correlation values can be seen in table [0 As we notice, there is definitely some improvement
in agreement among annotators compared to the one-number annotation. However, the average
correlation is still 0.33 and 0.41 for precision and recall, respectively, much lower than 0.5 (the
random baseline).

Human agreement in terms of Kendall’s Tau
for Double Scoring

Precision Recall
L, L, L, L,
L, 0.52 — 0.37 —
L; 0.18 0.29 0.31 0.54
Average 0.33 0.41

Table 6: Kendall’s rank correlation coefficients among the precision and recall scores for pairs of
human annotators (25 samples). L; refers to the i** label annotator.

Sentence-wise Scoring: From the previous trials, we realized the downsides of assigning one/two
numeric scores to judge an entire system-generated overlap summary. Therefore, as a next step,
we decided to assign overlap labels (defined below) to each sentence within the system-generated
overlap summary and use those labels to compute the overall precision and recall.

Overlap Labels: Label annotators (L, L, and L3) were asked to look at each machine-generated
sentence separately and determine if the core information conveyed by it is absent (A), partially
present (PP) or present (P) in any of the four reference summaries (provided by [y, I, I3 and
1) and respectively, assign the label A, PP or P. More precisely, annotators were provided with
the following instructions: if the human feels that there is more than 75% overlap (between each
system-generated sentence and any reference-summary sentence), assign label P, else if the human
feels there is less than 25% overlap, assign label A, otherwise, assign label PP. This sentence-wise
labelling was done for 50 different samples (with 506 sentences in total for system and reference
summary), which resulted in a total of 3 x 506 = 1, 518 sentence-level ground-truth labels.

To create the overlap labels (A, PP or P) for precision, we concatenated all 4 reference sum-
maries to make one big reference summary and asked label-annotators (L, Lo, and L3) to use it
as a single reference for assigning the overlap labels to each sentence within machine generated
summary. We argue that if the system could generate a sentence conveying information that is
present in any of the references, it should be considered a hit. For recall, label-annotators were
asked to assign labels to each sentence in each of the 4 reference summaries separately (provided
by (/1, I3, I3 and 1)), with respect to the machine summary.



Human agreement in terms of Kendall’s Tau
Sentence-wise Scoring

Precision Recall
L L L, L,
L, 0.68 — 0.75 —
L; 0.59 0.64 0.69 0.71
Average 0.64 0.72

Table 7: Average precision and recall Kendall rank correlation coefficients between sentence-wise
annotation for different annotators. L; refers to the i** label annotator. All values are statistically
significant (p<0.05).

Inter-Rater-Agreement: After annotating each system-generated sentence (for precision) and ref-
erence sentence (for recall) with the labels (A, PP or P), we used the Kendall rank correlation co-
efficient to compute the pairwise annotator agreements among these ordinal labels. Table [/|shows
that the correlations for both precision and recall are > 0.50, signifying higher inter-annotator
agreement.

Label from Annotator B| P PP A
Label P 1 05 0
from An- PP 05 1 0
notator A A 0 0 1

Table 8: Reward matrix used to compare the labels assigned by two label annotators for a given
sentence and helps to compute the agreement between the annotator pairs.

Human agreement in terms of Reward function

Precision Recall
L, L, L, L,
L, 0.81 £0.26 — 0.85+0.11 —
L; 0.79+0.26 0.70£0.31 0.80+0.16 0.77 £0.17
Average 0.77 0.81

Table 9: Average precision and recall reward scores (mean =+ std) between sentence-wise annota-
tion for different annotators. L; refers to the i*" label-annotator.

Reward-based Inter-Rater-Agreement: Alternatively, we defined a reward matrix (Table
which is used to compare the label of one annotator (say annotator A) against the label of an-
other annotator (say annotator B) for a given sentence. This reward matrix acts as a form of
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correlation between two annotators. Once the reward has been computed for each sentence, one
can compute the average precision and recall rewards for a given sample and accordingly, for the
entire test dataset. The corresponding reward scores can be seen in Table 9] Both precision and
recall reward scores are high (> 0.70) for all the different annotator pairs, thus signifying, a high
inter-label-annotator agreement.

We believe, one of the reasons for higher reward/Kendall scores could be that sentence-wise
labelling puts a lesser cognitive load on the human mind allowing them to be more consistent in
contrast to the single or double score(s) for the entire overlap summary and, therefore, shows high
agreement in terms of human interpretation. A similar observation was noted in [/13]].

2.2 Findings under Objective 2
2.2.1 Semantic-F1: an Automated Metric

Human evaluation is costly and time-consuming. Thus, one needs an automatic evaluation metric
for large-scale experiments. But, how can we devise an automated metric to perform the sentence-
wise precision-recall style evaluation discussed in the previous section? To achieve this, we pro-
pose a new evaluation metric called SEM-F;. The details of our SEM-F; metric are described
in algorithm [I] and the respective notations are mentioned in table [I0] F, scores are computed
by the harmonic mean of the precision (pV') and recall (rV') values. Algorithm [I] assumes only
one reference summary but can be trivially extended for multiple references. As mentioned pre-
viously, in the case of multiple references, we concatenate them for precision score computation.
Recall scores are computed individually for each reference summary and later, an average recall is
computed across references.

The basic intuition behind SEM-F; is to compute the sentence-wise similarity (e.g., cosine
similarity between two sentence embeddings) to infer the semantic overlap between a system-
generated sentence and a reference sentence from both precision and recall perspectives and then,
combine them into the F; score.

Notations Description
Sa Machines generated summary
Sr Reference summary

T = (t;,t,) Tuple representing the lower and upper threshold
values (between 0 and 1).

Mpg Sentence embedding model

pV,rV Precision, Recall value for (S¢, Sg) pair

Table 10: Table of notations for algorithm

Reliability Testing The SEM-F; metric computes cosine similarity scores between sentence pairs
from both precision and recall perspectives. To verify whether the SEM-F; metric correlates with
human judgement, we further converted the sentence-wise cosine similarity scores into Presence
(P), Partial Presence (PP) and Absence (A) labels using user-defined thresholds as described in
algorithm [2] This helped us to directly compare the SEM-F, inferred labels against the human
annotated labels.

We leveraged state-of-the-art sentence embedding models to encode sentences from both the
model-generated summaries and the human-written reference summaries. To be more specific,
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Algorithm 1 Semantic-F; Metric
Given Sg, SR, ME
rawyy, raw,y < COSINESIM(Sq, Sg, ME) > Sentence-wise precision and recall values
pV < MEAN(raw,y)
rV < MEAN(raw,y)
2xpV xrV
5. fi ¢
hi pV +1rV
6: return (fi,pV,rV)

bl e

1: procedure COSINESIM(Sg, Sr, ME)
2: lg <No. of sentences in Sg

3: [r +No. of sentences in Si

4: init: cosSs < zeros|lg, lg]; i < 0
5: for each sentence sG in S do

6: Es < Mg(sG);j <0

7: for each sentence sR in Sy do
8: ESR — ME(SR)

9: cosSsli, j| < Cos(Esq, Esr)
10: end for
11: end for
12: x < Row-wise-max(cosS's)
13: y < Column-wise-max(cosS's)

14: return (x,y)
15: end procedure

Algorithm 2 Threshold Function

1: procedure THRESHOLD(rawS's,T)
2 initialize Labels < ||

3 for each element e in rawS's do
4 if e > t,% then

5: Labels.append(P)

6 else if t,% < e < t,% then
7 Labels.append(PP)

8

9

else
: Labels.append(A)
10: end if
11: end for
12: return Labels

13: end procedure

we experimented with 3 sentence encoder models: Paraphrase-distilroberta-base-v1 (P-vI) [14],
stsb-roberta-large (STSB) [14] and universal-sentence-encoder (USE) [15]. Along with the var-
ious embedding models, we also experimented with multiple threshold values used to infer the
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Machine-Human Agreement in terms of Kendall Rank Correlation

T = (2575 T=(3565 T=(45"75) T =(5565) T=(5575 T=(5580) T =(60,80)

Sentence Embedding: P-vl

Precision L1 0.55 0.6 0.58 0.59 0.57 0.56 0.54
Re- L, 0.61 0.67 0.63 0.67 0.64 0.67 0.68
ward Ls 0.54 0.62 0.56 0.64 0.6 0.56 0.52
Recall Li 0.53 0.64 0.66 0.62 0.61 0.62 0.59
Re- L, 0.55 0.64 0.67 0.63 0.63 0.64 0.61
ward L; 0.54 0.65 0.64 0.66 0.65 0.65 0.61

Sentence Embedding: STSB

Precision L1 0.57 0.67 0.58 0.66 0.6 0.57 0.58
Re- L, 0.66 0.63 0.65 0.63 0.7 0.63 0.6
ward L; 0.56 0.57 0.58 0.56 0.59 0.57 0.56
Recall L. 0.55 0.65 0.64 0.62 0.62 0.61 0.59
Re- L, 0.56 0.65 0.65 0.63 0.63 0.64 0.63
ward | 0.54 0.59 0.61 0.57 0.58 0.57 0.54

Sentence Embedding: USE

Precision L1 0.58 0.62 0.6 0.61 0.59 0.62 0.65
Re- L, 0.68 0.7 0.68 0.68 0.68 0.7 0.73
ward L, 0.66 0.67 0.65 0.64 0.63 0.53 0.56
Recall Li 0.53 0.59 0.56 0.61 0.62 0.61 0.6
Re- L, 0.54 0.6 0.61 0.62 0.64 0.64 0.62
ward L, 0.52 0.6 0.58 0.61 0.61 0.6 0.6

Table 11: Average Precision and Recall Kendall Tau between label-annotators (L;) and automat-
ically inferred labels using SEM-F,. The results are shown for different embedding models and
multiple threshold levels 7" = (#;,t,,). For all the annotators L; (i € {1,2, 3}), correlation numbers
are quite high (> 0.50). Moreover, the reward values are consistent/stable across all 5 embedding
models and threshold values. All values are statistically significant at p-value<0.05.

sentence-wise overlap labels: presence (P), partial presence (PP) and absence (A), in order to
simulate different user preferences and accordingly, report the sensitivity of the metric with re-
spect to different thresholds. These thresholds are: (25, 75), (35,65), (45,75), (55, 65), (55, 75),
(55,80), (60,80). For example, the threshold range (45, 75) means that if the similarity score <
45%, infer the label “absent”, else if the similarity score > 75%, infer the label “present” and else,
infer the label “partially-present”. Next, we computed the average precision and recall rewards
for 50 samples annotated by label-annotators (L;) and the labels inferred by SEM-F; metric. For
this, we repeated the same procedure as in Table [9] but this time compared human labels against
“SEM-F,” inferred labels. The corresponding results are shown in[I2] As we can notice, the aver-
age reward values are consistently high (> 0.50) for all the 3 label-annotators (L;). Moreover, the
reward values are stable across all the 3 embedding models and threshold values, signifying that
SEM-F, is indeed robust across various sentence embeddings and thresholds used.

Following the procedure in Table [/, we also compute Kendall’s Tau between human label
annotators and automatically inferred labels using SEM-F,. Our results in table Table are
consistent with both reward-based inter-rater-agreement (Table [9) and Kendall rank correlation -
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Machine-Human Agreement in terms of Reward Function

T = (2575 T=(3565 T=(45"75) T =(5565) T=(5575 T=(5580) T =(60,80)

Sentence Embedding: P-vl

PrecisionL1  0.73 £0.27 0.81£0.25 0.77+£0.26 0.85£0.23 0.80 £0.24 0.77£0.24 0.77 £0.26
Re- L, 0.72+0.30 0.73+£0.29 0.73+£0.30 0.78 £0.27 0.79£0.27 0.75£0.26 0.73£0.29
ward Ly 0.81+0.23 0.86 £0.21 0.79+£0.24 0.78 £0.28 0.74 £0.28 0.69 £0.28 0.69 £ 0.27

Recall L; 0.66+0.19 0.79£0.16 0.75£0.16 0.76 £0.18 0.71£0.17 0.66 £0.17 0.61 £0.18
Re- L, 0.67%£0.19 0.78 £0.16 0.76 £0.15 0.73£0.19 0.72£0.18 0.70 £0.18 0.65£0.21
ward L; 0.66+0.15 0.72+£0.17 0.68£0.17 0.68 £ 0.22 0.64 £0.20 0.59 £0.19 0.57£0.20

Sentence Embedding: STSB

PrecisionL1  0.75£0.29 0.75£0.29 0.75£0.29 0.75£0.29 0.75£0.29 0.75£0.30 0.75£0.23
Re- L, 0.63+0.32 0.63£0.31 0.63£0.32 0.63 £0.31 0.63 £ 0.32 0.64 +£0.32 0.64 £0.32
ward L; 0.814+0.23 0.82+£0.23 0.81+£0.23 0.82£0.23 0.81£0.23 0.81+£0.22 0.81 +£0.22

Recall Li 0.66=£0.21 0.67£0.21 0.66 £ 0.21 0.68 £0.21 0.67 +£0.21 0.65 £ 0.21 0.66 = 0.21
Re- L, 0.57+0.20 0.58£0.21 0.57£0.20 0.59 £0.20 0.59 £0.20 0.58 £0.20 0.58 £0.21
ward L; 0.67+0.19 0.67£0.20 0.67£0.19 0.68 £ 0.20 0.68 £0.19 0.67 £0.18 0.68 £0.18

Sentence Embedding: USE

PrecisionL1 0.76 £0.29 0.77£0.30 0.78 £0.27 0.80 £0.28 0.80 £0.27 0.77+£0.27 0.80+0.27
Re- L, 0.69+0.32 0.66 £0.32 0.71£0.30 0.68 £ 0.30 0.72£0.30 0.76 £0.29 0.78 £0.29
ward L; 0.82+0.24 0.85£0.22 0.85+£0.23 0.86 £0.21 0.85£0.23 0.82£0.23 0.78 £0.25

Recall L; 0.64+0.19 0.67£0.19 0.68£0.19 0.70 £0.21 0.69 £0.22 0.64 £0.20 0.65 +£0.21
Re- L, 0.62+0.19 0.63£0.20 0.66 £ 0.18 0.66 +0.21 0.68 +0.20 0.68 £0.19 0.69 £0.21
ward L; 0.64+0.16 0.68 £0.19 0.66 = 0.16 0.69 £0.20 0.65£0.19 0.60 £0.17 0.60 £ 0.18

Table 12: Average Precision and Recall reward/correlation (mean =+ std) between label-annotators
(L;) and automatically inferred labels using SEM-F,. The results are shown for different embed-
ding models and multiple threshold levels 7" = (¢;,t,). For all the annotators L; (i € {1,2,3}),
correlation numbers are quite high (> 0.50). Moreover, the reward values are consistent/stable
across all 5 embedding models and threshold values.

Random Reference Random Output Actual
SEM-F Scores SEM-F Scores SEM-F Scores

P-V1 STSB USE P-V1 STSB USE P-V1 STSB USE

BART 0.16 0.21 0.22 021 027 0.27 0.65 0.67 0.67
TS 0.17 021 0.23 020 0.26 0.26 0.58 0.60 0.60
Pegasus 0.15 0.20 0.22 0.19 026 0.26 0.59 0.60 0.62

Average 0.16 0.21 0.22 020 0.26 0.26 0.61 0.62 0.63

Table 13: SEM-F} Scores and Random Baselines

based inter-rater-agreement (Table ; the correlation values are > (.50 with little variation along
various thresholds for both precision and recall.

SEM-F1 Scores and Distinguishability: Here, we present the actual SEM-F, scores for the three
models (BART, T5 and Pegasus) along with scores for two random baselines: 1) Random Refer-
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Pearson’s Correlation Coefficients

P-V1 STSB USE
L L I I I I I I I
I, 0.69 — 0.65 — 0.71 —
Iz 040 050 — 050 052 — 051 054 —
14 0.33 044 0.60 0.33 0.36 0.56 0.37 042 0.66
Average 0.49 0.49 0.54

Table 14: Max (across 3 models) Pearson’s correlation between the SEM- F} scores corresponding
to different annotators. Here I; refers to the i*" annotator where i € {1,2,3,4} and “Average”
row represents average correlation of the max values across annotators. All values are statistically
significant at p-value < 0.05.

ence, 2) Random Output.

Random Reference: Here, the model-generated summary is compared against a random reference
to compute SEM-F; scores. The random selection is done by sampling a reference summary from
the pool of remaining 136 x 4 = 544 references.
Random QOutput: In this case, a randomly generated output is compared against actual human-
written reference summaries to compute SEM-F; scores. The random selection is done by sam-
pling a machine-generated output from the pool of remaining 136 machine-generated outputs.

As reported in table abstractive summarization models achieve approximately 40-45 per-
cent improvement over the random baseline scores suggesting SEM-F; can indeed distinguish the
“good” from the “bad”.

Pearson Correlation for SEM-F1: Following the case-study based on ROUGE, we computed the
Pearson’s correlation coefficients between each pair of raw SEM-F,; scores obtained using each of
the 4 reference summaries. The corresponding correlations are shown in Table [I4] For each an-
notator pair, we report the maximum (across 3 models) correlation value. The average correlation
value across annotators is 0.49, 0.49 and 0.54 for P-V1, STSB, USE embeddings, respectively,
suggesting a clear improvement over ROUGE.

2.3 Findings under Objective 3
2.3.1 Synthetic Training Data Generation

Our basic idea is to divide a given document D into two parts D, and D, such that there is a non-
empty overlap between D; and D in terms of the sentences they contain, i.e., D1 Dy = Do(# ¢)
and Dy U Dy = D (constraint I). Here the N and U operators are classical set operators, 1.e., they
mean intersection and union in terms of the set of sentences and should not be confused with SOS
output (Np). Now, consider {{D;, D2}, Do} as our training sample where the unordered pair
{D, D5} is the input to our SOS model and D, is the target overlap summary. If we naively
train a model on such samples, it will simply learn to copy the repeated sentences (D) and would
fail terribly in a real testing scenario. Also, identifying repeated sentences is a trivial task and
training a seq-to-seq model for this has no practical value. Indeed, true semantic overlap should be
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Figure 2: Synthetic Training Data Generation for Semantic Overlap

written in an abstract fashion, which is a much harder computational task than identifying repeated
sentences.

Now, assume we have a perfect abstractive summarizer Mg and using it, we generate sum-
maries for each of the documents D;, Dy and Dp. More specifically, we generate summaries
S1, S5 and Sp which would contain the core information content of the original documents D+, Do
and Do, respectively. Although Dy, D, and Do have some repeated sentences between them by
definition, assuming a perfect abstractive summarizer, one can expect that S;, Sy and Sp will most
likely have no repeated sentence as they have been transformed through an abstractive summarizer.
The assumption of a perfect abstractive summarizer also means that Sp will only have the com-
mon information present in both S; and S5. In other words, Sp can be regarded as a true semantic
overlap of S; and S5 and at the same time, 57, S; and Sp will have minimal lexical overlap. Thus,
having {{S1, S2}, So} as our synthetic sample will be perfect for training a seq-to-seq model with
{S1, So} being the input and Sp, as the target semantic overlap.

However, in the absence of a perfect summarizer, we hypothesize that a reasonable abstractive
summarizer pre-trained on a particular domain will be able to generate a large number of noisy
synthetic training examples in the form of {{5}, 52}, So} and subsequently, fine-tuning a seq-to-
seq model using such noisy data will still help us in learning to generate overlap summaries. One
nice benefit of our data generation technique is that a large number of synthetic samples can easily
be generated from a domain-specific corpus of documents. By partitioning a single document into
two overlapping segments and then introducing non-linearity through an abstractive summarization
model, we propose a simple yet effective synthetic data generation technique for training the SOS
task.

This process is described in algorithm [3] and visually presented in Figure 2 We use two ba-
sic heuristics methods to split the document into two halves, namely SEQUENTIALSPLIT and
RANDOMSPLIT such that the constraint I holds. In the Sequential Split, we simply divide doc-
ument D into two halves (D; and Ds) while keeping some common sentences among both of
them. For example, for a common percentage value p (say 50), we choose the first 75 percent of
the sentences as [, and the last 75 percent as document Ds. On the other hand, in Random Split,
we randomly select some common sentences (C's) and randomly divide the remaining sentences
into two halves, say H; and H,. To generate D, we combine/concatenate C's and H; while keep-
ing the original order of sentences in D intact. Similarly, for Dy, we combine Cs and H, while
maintaining the original order.
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Algorithm 3 Generate Synthetic Data.

1: given Document D, Abstractive Summarization Model Mg, Overlap Percentage p, Split Type spt
2: D1, Dy, Do < SPLIT(spt, D, p)

3: S1,89,50 < Mg(D1), Ms(D3), Ms(Do)

4: return {S1, S2}, So

procedure SPLIT(spt, Doc, p)
if spt is sequential then
return <— SEQUENTIALSPLIT(Doc, p)
else if spt is random then
return <— RANDOMSPLIT(Doc, p)
end if
end procedure

AN A Sl ey

procedure SEQUENTIALSPLIT(D, p)
dy < First %% of sentences in D
do + Last %% of sentences in D
do < Middle p% of sentences in D
return (di,d2,do)

SANIE AN i S e

end procedure

procedure RANDOMSPLIT(Doc, p)
dint < Pop p% of random sentences from D
h1, he <~ Randomly partition D — d;,¢ in two halves
di < CONCAT(h, dp) w.r.t. original order
dy < CONCAT(hg, dp) w.r.t. original order
return (dy,ds, do)
end procedure

A A ol ey

2.3.2 Initial Qualitative Inspection

We started with a simple text dataset, i.e., the WikiHow dataset [16], to test whether our synthetic
data generation process for semantic overlap is indeed going to work. To generate the synthetic
reference summaries, we used the PEGASUS model [11]], a state-of-the-art abstractive summariza-
tion model. Row from Table [15[shows that the sentences in turquoise and yellow colour have
indeed been summarized in the orange sentences in the output summary (Sp).

Next, we switched to the CNN-DailyMail dataset [|1/]] since it is more in line with our AllSides
testing dataset. We used the same process to generate synthetic samples as before, but this time,
we observed an issue with the default settings of the PEGASUS model. Specifically, we found
fabricated information in the S output summary which is not at all present in inputs S; and S,
(red sentences in table row [I5.2)). This mainly happened because Do, the input document to the
PEGASUS model, was too small and we were simply expecting larger summaries from short input
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Table 15: Qualitative analysis of generated synthetic samples. Turquoise, yellow and orange color
shows the common information among 57, Sy and Sy respectively. The red colour marks some of
the issues described in @ (...) denotes the sentences which for not shown for brevity.

‘ Sl S2 SO
WikiHow Sample
... Make a list of all of your artis- .
. . Keep all of your receipts and ex-
tic connections and contacts.<n> . Keep track of all of your ex-
. penses organized.<n>Calculate
Keep track of all of your business . penses.<n>Calculate the cost of
the cost of each piece you .
15.1 | expenses.<n>Calculate the cost of each piece you make.<n>Keep up
. make.<n>Research  the  market .
each piece you make.<n>Stay up . with the market.<n>Remember that
. for your work.<n>Price your work S
to date on the art market in your time is money.
. carefully.<n>
area.<n>Devote time to your art.
CNN DailyMail Dataset: Fabricated Information
The investigation began back in
Dr. Anthony Moschetto is charged . . December, Wh?n unde?cover i
. .. h Two other men - - identified as cers began buying heroin and oxy-
in what authorities say was a failed . .
.. James Chmela, 43, and James codone pills from Moschetto in what
scheme to have another physician . . . .
. Kalamaras, 41 - - were named as was initially a routine investiga-
hurt or killed.<n>Moschetto,54, . . — —
. accomplices.<n>Police officers tion into the sale of prescription
pleaded not guilty to all charges . . . . .
allegedly  discovered  approxi- drugs, officials said.<n>During the
15.2 | Wednesday..He was released after R .
. o mately 100 weapons at Moschetto’s course of the undercover operation,
posting $2 million bond and surren-
. . home.<n>Moschetto allegedly told however, Moschetto also sold the
dering his passport.<n>Two other . . : :
. T officers during one buy that he officers two semiautomatic assault
men - identified as James Chmela, . . ..
needed dynamite to "blow up a weapons as well as ammunition,
43, and James Kalamaras, 41 - - e R K
. building prosecutors said.<n> Police officers
were named as accomplices. - .
allegedly discovered approximately
100 weapons at . . .
CNN DailyMail Dataset:
Sample generated by controlling the length of output summaries. This helps in controlling the information fabrication issue
... Avideo was posted on YouTube
showing a man identified by his
Al-Saeedni is the leader of a | colleagues as Arrigoni.<n>Arrigoni
group that may have been inspired | was from the northern Italian re- The abductors may have been in-
by al Qaeda, an Italian activist | gion of Lombardy.<n> ... He was spired by al Qaeda, an Italian ac-
says.<n>The activist was also a | also working as a freelance jour- tivist says.<n>Arrigoni was from
freelance  journalist.<n>Arrigoni | nalist.<n> ... "Vittorio Arrigoni is the northern Italian region of Lom-
was from the northern Italian | a hero of Palestine," said a state- bardy.<n>He was working as a free-
region of Lombardy.<n> He was | ment released by a Palestinian hu- lance journalist.<n> The Palestinian
153 working in Gaza as a humani- | man rights official.<n> ... Al- Centre for Human Rights calls him a
| tarian activist.<n>. .. Atrrigoni | Saeedni is the leader of a group that hero of Palestine.<n> A video of Ar-
was also working as a freelance | may have been inspired by al Qaeda, rigoni was posted on YouTube.<n>
journalist.<n>He was from the | an official said.<n>The video was The activist’s fate was unknown un-
northern Italian region of Lom- | posted hours after a man identified til his colleagues saw a video of
bardy.<n> WARNING GRAPHIC | by his colleagues as Arrigoni was him.<n>The video was posted hours
IMAGES.<n> The video was posted | seen.<n>The grisly outcome came after a man identified as Arrigoni
on YouTube on Thursday night.<n> | hours after a video was posted on was taken.
YouTube showing a man identified
by his colleagues as Arrigoni.<n>
documents.

To mitigate this issue, we tried to control the length of the generated summaries (S, S, and
So) so that the chances of information fabrication in the output (overlap) summary are low. The
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samples produced from this approach can be seen in Table row [I5.3] with length parameters set
as follows: 200-300 words for S7, So and 50-100 words for Sp. Based on manual inspection, we
found that the generated synthetic samples are satisfactory and thus, we stick with these settings
for all the future experiments in the paper.

2.3.3 Quantitative Analysis

After the initial qualitative evaluation, we performed a quantitative evaluation of our synthetic data.
First, we generated 4 variations of the synthetic dataset, which we call Rand35, Rand50, Seq35,
Seq50 for the respective split-type (Sequential or Random) and overlap-percentage (35% or 50%)
values.

Next, we computed the semantic similarity between synthetic summary pairs, i.e., the simi-
larity between {57, So}, {S1, S0} and {53, So}. The aim is to understand the impact of split-
type and overlap-percentage parameters on the generation process. For semantic similarity, we
utilized three sentence embedding models namely, Paraphrase-distilroberta-base-v1 (P-vI) [14]],
stsb-roberta-large (STSB) [14] and universal-sentence-encoder (USE) [15] and computed cosine
similarity between the sentences of the two documents. The similarity between the two documents
is computed as follows -

= > mazi{cosine(A;, By)} + o= 3, max;{cosine(A;, B;)}
2
where A; and B; are the vectors corresponding to the i and j* sentence in documents A and
B with m and n sentences respectively. As we notice in Table there is indeed enough overlap

between synthetic summary pairs with 50% of variants showing higher overlap on the expected
lines.

2.3.4 Further Validation by Humans

Following [|18}/19], we further involved human judges to evaluate the quality of generated synthetic
samples. Humans evaluated the synthetic overlap summaries along the four dimensions: Coher-
ence, Consistency, Fluency, Relevance; as done by [18,20,21]]. We slightly modified the definition
of Consistency and Relevance to fit our SOS task. Coherence and Fluency evaluate the quality of
a document on its own, whereas, Consistency and Relevance evaluate the overlap summary given
the input document pairs and is analogous to precision and recall, respectively. More details about
them are provided below.

Coherence: It represents the collective quality of all sentences. This dimension aligns with the
DUC quality question [22] of structure and coherence whereby the generated summary/document
should be well-structured and well-organized. It should not just be a heap of related information
but should build from sentence to sentence to a coherent body of information about a topic.
Fluency: It represents the quality of individual sentences. Again following DUC quality guide-
lines, the sentences in the generated summary should have no formatting problems, capitalization
errors or ungrammatical sentences (e.g., fragments, missing components) that make the text diffi-
cult to read.

Relevance: It checks whether the important overlapping content from the source documents has
been selected and is similar to recall. The overlap summary should include only important infor-
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USE Rand-35 Seq-35 Rand-50 Seq-50

{S1,9} 055 0.51 059 056
{S1, S0} 0.59 0.6 0.63 0.61
{S2,S0} 059 056 062 06l

Average 0.57 0.56 0.61 0.59
P-V1 Rand-35 Seq-35 Rand-50 Seq-50

{S1,5} 056 053 0.61 0.57
(31,5} 06 0.61 0.64  0.63
(S, 50} 06 057 063 0.63

Average 0.59 0.57 0.63 0.61
STSB Rand-35 Seq-35 Rand-50 Seq-50

{S1,9) 058 055 062  0.59
{S1,50} 061 0.63 0.65 0.64
(S5, 50} 061 059 065 0.64

Average 0.6 0.59 0.64 0.62

Table 16: Sentence-wise Similarity scores between document pairs for various synthetic datasets.

mationf)| from the source documents. Annotators were told to penalize overlap summaries which
contain redundancies and excess information.
Consistency: A factually consistent overlap summary should contain only statements that are there
in both the input documents. Annotators were told to penalize the overlap summary that contains
hallucinated facts. It is similar to precision.

In summary, Coherence and Fluency evaluate a given document individually whereas Consis-
tency and Relevance evaluate the overlap summary given the input documents pair.

Si1 Sz  So
Coherence 4.13 4.23 4.28
Fluency 4.48 447 4.65
Consistency - - 393
Relevance - - 3.87

Table 17: Average (across 20 samples and 3 annotators) human evaluation scores (on a scale of
1-5) of the synthetic samples across 4 dimensions.

We asked 3 humansf_f] to rate the summaries on a Likert scale from 1 to 5 (higher better) for 20
synthetic samples across the above specified 4 dimensions. For a given sample, a human would

3The reason to say important information is that our task is constrained summarization. So we are not expecting
the overlap summary to have all the common facts from input documents pair.
4All graduate students with research experience in NLP.
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assign 2 labels (Coherence and Fluency) for 3 documents (S, Sa, So) and another two labels
(Consistency and Relevance) for Sp given the input documents pair {S;, S2}, i.e. 8 numbers or
labels per sample. In total, we had 20 x 8 x 3 = 480 labels annotated by humans. As we notice
in Table|17/] the generated samples are on average rated a score > 4 across Coherence and Fluency
and ~ 4 across Consistency and Relevance. These numbers are consistent with the prior results for
the Pegasus model as reported by [18].

2.3.5 Experiments and Results

We aim to show the efficacy of our synthetic data generation technique rather than proposing a new
specialized solution for the SOS task. Thus, we leverage off-the-shelf abstractive summarization
models as a proxy for SOS models and simply, fine-tune them using our synthetic examples.

Baseline Models: We experimented with multiple SOTA pre-trained abstractive summarization
models. These models are 1) DistilBart [23]], distilled version of BART [10], 2) Distill-PEGASUS
[23]], distilled version of PEGASUS [11], and 3) TS [12] fine-tuned on multi-english Wiki news
dataset. To generate the target overlap summary, we concatenate the two input documents A & B
and B ® A (where @ represents concatenation operation) and feed them as two separate examples
to the model.

Along with single document summarizers, we also experimented with a multi-document sum-
marizer, Hi-MAP [24] (with default settings), since this is the only model trained in a supervised
fashion compared to other available models [25,26].

Implementation Details: In the case of Single Document Summarizers (SDS), we froze all the
encoder layers and positional embeddings and only fine-tuned the decoder layers. All the 3 models
were trained for 4 epochs and other hyper-parameters were set to their default values following
the HuggingFace repo. On the other hand, Multi-Document Summarizer (MDS) was trained for
10,000 steps with default parameter settings following the official repository. The ASr (AllSides
training data) was used as the validation set to avoid over-fitting.

For testing, we report the average ROUGE-F; score [9]] (from 137 samples) by comparing the
machine-generated overlap summaries against the four human-written reference summaries.

Fine-Tune with CNN Synthetic Data: We took 1000 documents from the CNN/DailyMail dataset
and created 4 versions of synthetic datasets as described in section[2.3.3] We also created one more
synthetic dataset by using 10K sample from CNN/DailyMail, we call it Rand50-10K (random split
with 50% overlap). As a whole, we call these datasets, CNN Synthetic Datasets. Initially, we only
experimented with the DistilBart model. We observed that none of the models trained on CNN
Synthetic Datasets shows any improvement over the baseline performance (Raw scores for each
model are presented below in the appendix, table[I8).

Fine-tune with AllSides Synthetic Data: Due to the lack of success with CNN dataset, we hy-
pothesized that the reason for this is the difference in data distribution, i.e., AllSides testing data is
different from CNN the DailyMail dataset. To test this, we created the synthetic dataset using the
AllSides training set (AST). More specifically, we only took individual articles into consideration
and used our synthetic data generation algorithm to create synthetic samples (random split with
50% overlap). To be very clear, we never look at the ground truth overlap summary or “theme-
description”.
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DistilBart R1 R2 RL

Baseline 0.44992 0.28450 0.36472
Seq35 0.45236 0.28433 0.36315
Rand35 0.44927 0.28124 0.36181
SeqS0 0.45276 0.28500 0.36374
Rand50 0.44977 0.28136 0.36167

Rand50-10K 0.44977 0.28136 0.36167

Table 18: ROUGE Scores for baseline DistilBart compared to the one fine-tuned on CNN Synthetic
Datasets.

R1 R2 RL

B 045 028 0.36
FT 048 034 041

0.46 0.30 0.38
FT 047 033 0.40

B 039 026 0.28
FT 047 032 0.38

B 039 024 0.26
FT 047 032 0.39

Distil-Bart

Distill-Pegasus

TS

Hi-Map

Table 19: ROUGE Scores using AllSides Synthetic Dataset. B is the model and FT is the fine-
tuned model. All FT models perform better than B models across all the 3 ROUGE metrics with
statistically significant performance improvements (p-value < 0.05).

The model performance in the test set is reported in table [I9] for all the representative models.
All the 4 models fine-tuned using AllSides Synthetic Dataset outperform their baseline variants
across all the 3 ROUGE metrics (p-value < 0.05). This shows that our synthetic data generation
can indeed help in learning to generate Overlap Summaries.

Fine-tune with Golden Training Data: Next, we wanted to quantify how bad is training with
noisy synthetic data compared to training with high-quality golden data for our SOS task. Fortu-
nately, we do have ~2750 training samples (ASy dataset) from AllSides. Therefore, we selected
2000 samples for training/fine-tuning the 4 models and the remaining samples are used for vali-
dation. Then we conducted training on this golden dataset to report the upper bound of ROUGE
scores. As we notice in table models trained on the synthetic dataset suffer little accuracy loss
compared to the models trained on the gold dataset. More surprisingly, for Distil-Pegasus and Hi-
Map, our synthetic data significantly outperformed training with golden data, demonstrating the
effectiveness of noisy synthetic examples for training an SOS model.

Fine-tune with Augmented Data: We also tested the performance of models fine-tuned on the
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R1 R2 RL

FI-S 048 034 041
Distil-Bart FTI-G 054 0.38 047
FT-A 051 0.36 0.44

FI-S 047 033 0.40
Distill-Pegasus FT-G 0.47 0.31 0.39
FT-A 048 0.34 0.41

FI-S 047 032 0.38
TS FT-G 0.53 0.36 0.46
FT-A 048 0.33 0.41

FI-S 047 032 0.39
Hi-Map FI-G 039 0.20 0.32
FT-A 050 035 0.44

Table 20: Comparison of ROUGE Scores for models fine-tuned on AllSides Gold data (FT-G) VS
AllSides Synthetic Data (FT-S) VS Augmented Data (FT-A).

augmented data, i.e., gold + synthetic data, by combining the 2K all sides gold samples from the
previous experiment with all synthetic data. This new augmented data is used to fine-tune all 4
models and their respective rouge scores are reported in Table 20} As expected, FT-A models
consistently perform better than FT-S models across all 3 rouge metrics. However, when com-
pared with FT-G models, FT-A models perform just like FT-S models. More specifically, for
Distill-Pegasus and Hi-Map models, FT-A performed better than FT-G models. We believe this
phenomenon occurs because our augmented data contains a lot more (noisy) synthetic samples
compared to gold samples (> 50%).

3 Final Words

In 2018, the PI introduced the vision of SOFSAT (Set-like Operator based Framework for Semantic
Analysis of Text) [27], where he imagined a novel framework that can support set-like operators
(TextIntersect/Overlap, TextUnion, and TextDifference) for semantic analysis of MPNs. After
joining Auburn as a tenure-track assistant professor, the PI started the actual design and develop-
ment of the original SOFSAT idea; as a first step, he focused on the TextIntersect/Overlap operator
by framing it as a constrained summary generation task, where the constraint is the commonality
criteria between two narratives.

As no benchmark dataset was readily available for the Overlap generation task, we created one
by collecting 2, 925 alternative narrative pairs from the web and then went through the tedious pro-
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cess of manually creating 411 different reference summaries by engaging human annotators [28].
For evaluating the performance of Overlap summary generation task, we proposed a new precision-
recall style evaluation metric, called SEM-F} (Semantic F}). Experimental results show that the
proposed SEM-F; metric yields a higher correlation with human judgment as well as higher inter-
rater-agreement compared to the traditional ROUGE metric, which has been recently accepted by
EMNLP 2022 [29]]. One of the major challenges in generating Overlap summaries is the lack
of existing datasets for supervised training. To address this challenge, we proposed a novel data
augmentation technique, which allows us to create a large amount of synthetic data for training a
seq-to-seq model that can perform the semantic overlap generation task. Through extensive ex-
periments using narratives from the news domain, we showed that the models fine-tuned using the
synthetic dataset provide significant performance improvements over the pre-trained vanilla sum-
marization techniques and are close to the models fine-tuned on the golden training data, which
essentially demonstrates the effectiveness of our proposed data augmentation technique for training
seq-to-seq models. This work has already been accepted to EMNLP 2022 [30].
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