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Outline

O Do NLG metrics map onto evaluation of explanations?

O Analysis of automatic metrics and whether they correlate with human judgements

O Examples of Good/Bad Explanations based on these metrics for the ExBAN corpus

O Analysis of linguistic features and whether they correlate with human judgements
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Automatic Evaluation of NL Explanations

O Explanations are a core component of human interaction, e.g. robotics, deep learning

O Strong focus on evaluation methods, common practice for NLG researchers

O Can we adopt existing NLG Metrics? Do they capture properties of explanations?



The EXBAN Corpus

The ExBAN Corpus (Explanations for BAyesian Metworks)
consists of NL Explanations collected in a two step process:

1. NL explanations were produced by human subjects

* Total number of participants: 84

2. In a separate study, these explanations were rated on
a 7-point Likert scale, in terms of Informativeness and Clarity

* Total number of explanations: 250
* Total number of participants: 97
* Total number of ratings: 2910

o
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Diagram 2
Ref: “If it gets cloudy, it can rain or the sprinkler

may get activated. Whenever it rains or the
sprinkler gets activated, the grass gets wet.”
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NLG Evaluation Methods

O Human NLG Evaluation Metrics:

o Informativeness (Novikova et al., 2018)

o Clarity (Belz and Kow, 2009; van der Lee et al., 2017)

O Automatic NLG Evaluation Metrics: BLEU, ROUGE, METEOR, BERTScore and BLEURT



Results; Correlation of Automatic Metrics with Human Evaluation

Clarity
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Informativeness

Metric Diagram 1 Diagram 2 Diagram 3  All Diagrams
BLEU-1 0.27 0.25 0.41* 031*
BLEU-2 0.24 0.27 0.44* 0.33*
BLEU-3 0.15 0.23 0.39 0.26*
BLEU-4 0.02 0.21 0.13 0.13
SacreBleu  0.24 0.30 0.40* 0.30*
METEOR  0.11 -0.04 0.16 0.09
Rouge- 1 0.27 0.24 0.41* 0.29*
Rouge-2 0.11 0.29 0.48* 0.29*
Rouge-L  0.29 0.28 0.34 0.20%
BERTScore [0.37 0.21 0.52% 0.37+ }
BLEURT LO.ZS 0.38 0.58* 0.39+ J

Significance of correlation: “*” denotes p-values < 0.05

Metric Diagram 1 Diagram 2 Diagram 3  All Diagrams
BLEU-1 0.25 0.09 0.34 0.24%*
BLEU-2 0.24 0.15 0.41% 0.22
BLEU-3 0.01 0.10 0.31 0.14
BLEU-4 -0.01 0.09 0.18 0.10
SacreBleu  0.16 0.15 0.38 0.23
METEOR  0.17 0.13 0.30 0.21
Rouge-1 0.20 0.11 0.29 0.20
Rouge-2 0 0.24 0.46* 0.22
Rouge-L 0.21 0.09 0.33 0.21
BERTScore | 0.33 0.23 0.43%* 0.33*
BLEURT | 0.26 0.22 0.53* 0.34%

Significance of correlation: “*”” denotes p-values < 0.05
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Results; Correlation of Automatic Metrics with Human Evaluation

Word-overlap metrics, such as BLEU (B), METEOR (M) and ROUGE (R)
o presented low correlation with human ratings

o they rely on word overlap and are not invariant to paraphrases

BERTScore (BS) and BLEURT (BRT)
o outperformed other metrics
o produced higher correlation with human ratings than other metrics

o seem to capture some relevant facts of explanations



Good and Bad Examples of Explanations

The alarm is triggered by a burglary or an earthquake.

Bl B2 B3 B4 SB M R1 R2 RL BS BRT Inf. | Clar.
0.19 | 0.12 0 0 0.05 ] 0.23 | 0.25 | 0.09 | 0.12 | 0.51 | 0.52 7 7
Sensors = Alarm = prevention or ALERT.
Bl B2 B3 B4 SB M R1 R2 RL BS BRT | Inf. | Clar.
0.06 0 0 0 0.01 | 0.04 0 0 0 0 0 1 1

Diagram 1

Ref: “In the event of either burglary or earthquake
the alarm will call lohn or Mary.”

The words that
represents the nodes
of a BN graphical

model representation,
are bolded.
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Linguistic Features

Table 1. Linguistic features

Total_words

total number of words

Sentence_Length

average sentence length

number of nouns per explanation
(NN - singular common nouns,

Nr-Nouns NNS - plural common nouns,

NNP - proper noun)
WDT number of wh-determiners which
CC number of coordinating conjunctions
Avg_thidf average ti-idf score of content words

Height_tree

depth of syntactic embedding

Length _tree

the number of children it has

Nr_ NNP - 0.05 -0.21
wDT - 0.04 0.06
cC- 040 0.15
Inf. (Mo) - 0.31 = 0.29
Inf. (Med) - 0.30 0.30
Clar. (Mo) - 0.06 0.06
Clar. (Med) - 0.06 0.05
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Conclusions and Future Work

O Finding accurate measures is challenging, particularly for explanations

O For future work, we plan to investigate the pragmatic and cognitive
processes underlying explanations

o argumentation, reasoning, causality, and common sense

O The ExBAN corpus and this study will inform the development of NLG
algorithms for NL explanations from graphical representations.



< Thank you for your attention!

ExBAN Corpus
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