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Abstract

In this article, we perform a Benchmark of the
different automatic metrics for the evaluation
of the text summarization task. This had al-
ready been done in the SummEval article [15],
we propose an analysis that completes it. We
reuse the same dataset and consider correla-
tions between automatic metrics and human
metrics not only at the system-level but also
at the level of the type of summary studied
(SumUp-level correlation). Moreover, we will
also compute the Spearman and Pearson cor-
relations and we will include in our analysis
3 new metrics: the Depthscore, the BaryScore
and the InfoLM. The idea is to better under-
stand the relationship between automatic eval-
uation metrics and human metrics for the text
summarization task and thus direct research
into creating metrics that are more correlated
with human metrics.

1 Introduction

Generative Al, particularly natural language gen-
eration (NLG), has emerged as a critical technol-
ogy for applications such as chatbots, customer
service, fairness [9; 22; 1; 3], and content genera-
tion [28; 10; 14; 7; 32; 4; 29; 19] . However, eval-
uating the quality of generated text remains a chal-
lenging task, as it requires extensive human effort
and expertise [30; 8; 31; 6; 26; 16; 2; 27; 11; 17] .
To address this challenge, researchers have devel-
oped various automatic evaluation metrics to mea-
sure the quality of NLG models [? ]. These met-
rics aim to provide a quantitative assessment of
the generated text’s quality and can help stream-
line the development process of NLG models.
The importance of automatic metrics for NLG
models cannot be overstated, as they offer an ef-
ficient and scalable solution to evaluate the qual-
ity of generated text. Moreover, automatic metrics
can provide valuable insights into the strengths

and weaknesses of NLG models, helping re-
searchers and developers identify areas for im-
provement. While automatic metrics have their
limitations and may not always reflect human
judgement accurately, they remain a crucial tool
for evaluating the quality of NLG models and im-
proving their performance.

Overall, the development of effective and reli-
able automatic metrics is crucial for the continued
progress and adoption of generative Al, particu-
larly in the field of natural language generation.
As such, researchers continue to explore and re-
fine automatic metrics to improve their accuracy
and applicability in evaluating the quality of gen-
erated text.

2 Problem Statement

The focus of our study is on the assessment of
the text summarization task. Unlike some tasks
such as classification, there is no obvious way to
measure the performance. Automatic evaluation
is used as a substitute for human evaluation
because it is easy to implement, reproducible, fast
and cheap. An automatic evaluation metric is con-
sidered good when it has a significant correlation
with human scores. There are several automatic
methods to evaluate the performance : Edit
Based, N-gram Based and Embedding-Based.
The idea of this paper is to propose a benchmark
of different automatic evaluation metrics.

There are several strategies to evaluate the rele-
vance of an automatic evaluation metric :

we used a strategy similar to the one implemented
by in [11]. Indeed, the relevance of the automatic
evaluation metrics is evaluated at two levels: at
the system-level and at the Sum-Up level.

Notations: ~ Let’s consider s/ the sum-up

generated by the model M; € M, ..., Ms3 for



the original text j € 1,..., N. m(sf) is the score
associated by a metric m to the sum-up s.

* Sum-up level correlation : The correlation
between m1l and m?2 is evaluated as a loss
or reward for a model, by measuring how
well-suited m1 is with respect to m2. This
is done for each sum-up across all system
outputs, and then the mean is calculated.

* System-level correlation : The suitability of
ml with respect to m2 is measured. This is
done by applying correlation to the mean val-
ues of both metrics across all sum-up for all
systems.

For each of these strategies we will calculate 3
different correlations:

* Kendall’s correlation : non-parametric mea-
sure of the strength and direction of the rela-
tionship between two variables.

* Spearman’s correlation : measure of the
degree of association between two variables,
based on the ranks of the values rather than
the actual values themselves.

* Pearson’s correlation : statistical measure
of the strength and direction of the linear re-
lationship between two continuous variables.

3 Experiments Protocol

We used the dataset proposed by the article [15].
To create the dataset, summaries were generated
on the CNN/DailyMail dataset by 23 recent sum-
mary models. All models were trained on the
CNN/DailyMail news corpus, and the summaries
were generated without any restrictions on the
length using the test split of the dataset. The de-
tailed description of the 23 models can be found
here .

At first we worked on pre-process data thanks
to a script that we ran on the dataset provided by
[15]. This allowed us to obtain the correlation at a
system-level. In a second step, we refined the anal-
ysis on a smaller set of metrics by also calculating
the Sum-Up level correlation. We also calculated
the Spearman and Pearson correlations in addition
to the Kendall correlation. For this second part,
the rouge-1, rouge-2, meteor, bertscore and blue
metrics are kept. We introduce 3 new ones: Depth-
Score [26], BaryScore [8] and InfoLM [11]. Here

is a more detailed description of the metrics for
which we have done further analysis:

* Meteor : computes an alignment between
candidate and reference sentences by map-
ping unigrams in the generated summary
to 0 or 1 unigrams in the reference, based
on stemming, synonyms, and paraphrastic
matches. Precision and recall are computed
and reported as a harmonic mean.

* Rouge-1 : refers to the overlap of unigrams
(each word) between the system and refer-
ence summaries.

* Rouge-2 : refers to the overlap of bi-
grams between the system and reference
summaries.

* Bleu : is a corpus-level precision-focused
metric which calculates n-gram overlap be-
tween a candidate and reference utterance
and includes a brevity penalty. It is the pri-
mary evaluation metric for machine transla-
tion.

* BertScore : computes similarity scores by
aligning generated and reference summaries
on a token-level. Token alignments are com-
puted greedily to maximize the cosine sim-
ilarity between contextualized token embed-
dings from BERT.

e BaryScore : is a multi-layers metric based
on pretrained contextualized representations.
Similar to MoverScore, it aggregates the lay-
ers of Bert before computing a similarity
score.

* Depthscore : is a single layer metric based
on pretrained contextualized representations.
Similar to BertScore, it embeds both the can-
didate and the reference using a single layer
of Bert to obtain discrete probability mea-
sures. Then, a similarity score is computed
using a specific pseudo metric.

* InfoLLM : InfoLM is a metric based on a pre-
trained language model (PLM). Given an in-
put sentence S mask at position i, the PLM
outputs a discret probability distribution over
the vocabulary. The second key ingredient
of InfoLM is a measure of information that
computes a measure of similarity between the
aggregated distributions.


https://cs.nyu.edu/~kcho/DMQA/
https://github.com/Yale-LILY/SummEval#data

Models were evaluated and reviewed by both
crowd-sourced and expert judges, resulting in a
collection of human annotations. These annota-
tions were obtained by scoring 100 randomly se-
lected articles from the CNN/DailyMail test set,
with each summary being evaluated by 5 crowd-
sourced and 3 expert workers to ensure the accu-
racy and quality of the annotations. The judges
were then asked to rate each summary on a scale
of 1 to 5 (with higher scores indicating better qual-
ity) based on four different dimensions. Below is a
more detailed description of each of these dimen-
sions:

* Coherence : refers to the ability of the sen-
tences to flow logically and build upon each
other to create a cohesive summary.

* Consistency : the factual alignment between
the summary and the summarized source.
It penalizes summaries that contained fabri-
cated facts that were not supported by the
source material.

* Fluency : the quality of individual sentences.
Can be assessed based on factors such as
readability, clarity, and grammatical correct-
ness.

* Relevance : The summary has to avoid re-
dundancies and excess details that could de-
tract from the summary’s effectiveness. Eval-
uators penalized summaries that contained
unnecessary or redundant information.

In our case, in order to extract a human metric
from each summary, we average the scores given
by the experts for this human metric. To simplify
the problem we do not take into account the turker
annotations. Also in this idea of ease of imple-
mentation, for each summary and each automatic
evaluation metric, we take into account a single
reference to calculate the score. The InfoML met-
ric is not taken into account in the following exper-
iments because it took a long time to implement.
Nevertheless it is included in the provided code, so
it is possible to implement it thanks to our reposi-
tory.

4 Results

In this section, we assess the suitability of current
automated metrics for Summarization evaluation.
‘We will not comment on the results obtained with

the data already processed, as this would mean re-
producing the analysis carried out by [15]. Never-
theless these results are presented in the code as-
sociated with the project. As we said before, our
analysis is done from two points of view: system-
level and sum-up level. Correlation results show
several trends.

4.1 System-level correlation with human

judgements

metrics | coherence | consistency | fluency| relevance

meteor| 0.35 0.42 0.57 | 0.58

rouge-| 0.2 0.57 0.58 | 0.58

1

rouge- | 0.35 0.55 0.58 | 0.58

2

bleu 0.1 -0.13 0.18 | 0.2

bert 0.28 -0.28 - 0.016
0.008

barry | 0.03 0.20 - -0.10
0.04

depth | 0.28 -0.28 - 0.016
0.008

Table 1: Kendall’s tau correlation of human metrics
with automatic metrics on a System-level

The results obtained for the system-level view-
point are presented in the table above. For each
human metric, the most important correlation with
the automatic evaluation metrics is highlighted in
bold. The majority of metrics show a correla-
tion with human criteria that is either weak (below
25%) or moderate (between 25% and 50%). The
effectiveness of metrics is constant across all cri-
teria. Metrics with weaker capabilities will exhibit
low correlation across the board, whereas metrics
with greater strength will demonstrate uniformly
superior performance. 3 automatic evaluation
metrics stand out from the others and show signif-
icant correlations: meteor, rouge-1 and rouge-2.



4.2 Sum-Up level correlation with human

jugements
metrics | coherence | consistency | fluency| relevance
meteor| 0.10 0.14 0.10 | 0.20
rouge-| 0.1 0.15 0.07 | 0.22
1
rouge- | 0.08 0.15 0.08 | 0.18
2
bleu 0.05 0.04 0.03 | 0.11
bert 0.18 0.005 0.07 | 0.12
barry | -0.04 -0.09 - -0.14

0.08

depth | 0.18 0.005 0.08 | 0.13

Table 2: Kendall’s tau correlation of human metrics
with automatic metrics on a SumUp-level

The results obtained for the Sum-Up level view-
point are presented in the table above. The corre-
lations at the Sum-Up level are lower than at the
system level, ranging from 0% to 22% for most
measures. Therefore, while the metrics are poor
estimators of human criteria at the summary level,
they can be relevant and useful for comparing sys-
tems. At the Sum-Up level, no one metric seems to
particularly stand out. Indeed it depends on the hu-
man metric considered: for coherence the Depth-
Score and the BertScore perform well, for consis-
tency it is rouge-1 and rouge-2, for fluency meteor
and for relevance red-1.

4.3 Pairwise correlation for all automatic
metrics

meteor 100
rouge-1 2 100

rouge-2 87 82 100

bleu

bert

Figure 1: Pairwise Kendall’s Tau correlations for all
automatic evaluation metrics system level

System-level analysis : We notice that the Me-
teor metric is strongly correlated to the rouge-1
and rouge-2 metrics. The rouge-1 metric is highly
correlated with the rouge-2 metric which seems
coherent because their calculation is very simi-
lar. Although blue is n-gram based like rouge-1
and rouge-2, it is not highly correlated with them.
On the other hand it has a high correlation with
the BaryScore. The BertScore also appears to be
highly correlated with the DepthScore.
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Figure 2: Pairwise Kendall’s Tau correlations for all
automatic evaluation metrics Sum-Up level

Sum-up level analysis : The system level anal-
yses are still valid except for the correlation be-
tween blue and BaryScore which seems less im-
portant.

4.4 Influence of the correlation used on the
final ranking

We place ourselves in the system-level to study
the influence of the type of correlation. For each
type of correlation, when we display the ranking
of the 5 best performing metrics according to
each human criterion, the rankings are identical
for Kendall and Spearman for coherence, con-
sistency and relevance and almost identical for
fluency. On the other hand, there are significant
differences between these two correlations and
the Pearson correlation. Indeed, for example,
for coherence, the Pearson correlation ranks the
first three metrics as follows: bert, depth and blue
while the Spearman and Kendall correlations lead
to the following rankings: meteor, red-2, bert.
The only common metric in this top 3 is the bert



metric. We can try to explain this difference by
the fact that the Pearson correlation measures
the linear correlation between two continuous
variables. It assumes a normal distribution and
that the relationship between the two variables
is linear. On the other hand, the Spearman and
Kendall correlations measure the correlation
between two variables without making any as-
sumption about the distribution or the shape of the
relationship between the two. These measures are
therefore less sensitive to outliers and non-linear
relationships. To overcome this decision problem
it is possible to rely on the Kemeny consensus
[20] which allows to combine several rankings
i to form a common order of preference, which
minimizes the sum of the deviations between the
individual rankings and the common order.

We have implemented this algorithm for the
human metrics coherence and relevance and
we obtain the following top 3, for coherence:
BertScore, Meteor and rouge-2 for relevance:
Meteor, rouge-2 and rouge-1.

5 Discussion/Conclusion

To conclude, we proposed a study of various au-
tomatic evaluation metrics for the summarization
task. We attempted to supplement the existing
metric by adopting two viewpoints: a Sum-Up
level viewpoint and a system-level viewpoint, by
adding three new metrics and calculating three
different correlations which we combine to obtain
a final ranking.

There are certain aspects that could be improved
to increase the robustness of the results obtained
[12; 25; 21; 24; 5; 18; 13; 23] . Specifically, we
only use expert ratings for human metrics, and
we calculate scores for each summary based on
a single reference only. It may be interesting to
investigate the influence of these parameters. The
project code is available here.
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