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Initial experiment
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Dataset
ParaRev test set
e 258 pairs of revised paragraphs
e 2 annotations/paragraph
o =516 datapoints

Original paragraph

(I'he central novelty of our work is in realizing\

that by learning a discrete representation, we

can perform structured search on two levels.
To ensure that the discrete latent space is

We evaluated 6 revision models with the
similarity metrics
e no edits baseline achieve the highest scores
e Approach conducting minimal edits also
achieve strong scores

Gold revised paragraph

The central novelty of our work is in realizing
that by learning a discrete representation, we
can perform structured search on two levels.

We introduce two ablative baselines, which

necessary, we introduce two ablative

baselines, which replace the VQ-VAE with
\ either a generic autoencoder or a VAE. Y,

Original paragraph

ﬁhe central novelty of our work is in realizing\
that by learning a discrete representation, we
can perform structured search on two levels. >
To ensure that the discrete latent space is
necessary, we introduce two ablative Instruction

Make this

K either a generic autoencoder or a VAE.
paragraph shorter.

baselines, which replace the VQ-VAE with [

Original paragraph ] Model B

Fl'he central novelty of our work is in realizing\
that by learning a discrete representation, we >
can perform structured search on two levels. To|
ensure that the discrete latent space is
necessary, we introduce two ablative

baselines, which replace the VQ-VAE with
K either a generic autoencoder or a VAE. W,

autoencoder or a VAE. Choice: A

replace the VQ-VAE with either a generic A: 36.15; B: 17.82
N J

Generated revised paragraph

( The central novelty of our work is that by \
learning a discrete representation, we can
perform structured search on two levels. To
ensure that the discrete latent space is
necessary, we introduce two ablative
baselines, which replace the VQ-VAE with
\ either a generic autoencoder or a VAE. )

Generated revised paragraph

Our work's novelty lies in utilizing a discrete
representation to support two-level structured
search. We verify the necessity of the discrete

latent space through two ablative baselines:
replacing VQ-VAE with a generic autoencoder

or VAE.
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Limitations of Similarity-based Metrics

1. Redundancy and Correlation Among Metrics

meaningful changes.

Resulting in evaluation bias:
Making no revision at all or minimal edits will often result in a higher score than making

Most metrics are highly correlated, providing redundant information.
2. Metrics only capture surface similarity

Reflect how closely a model replicates the reference revision, rather than evaluating BLEU

the quality of the revision itself.
3. Substantial revisions are penalised

The more a revision deviates from the original paragraph, the lower its score. METEOR

The metrics do not reward substantial, qualitative improvements.
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SARI and GLEU stand out as exceptions, and are the only ones to consider the source.
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Results

Avg. LLM choice 0.496
Avg. LLM likert  0.338
ParaPLUIE 0.477
BETS 0.437
BLANC 0.312
Bertscore 0.395
SARI 0.416
GLEU 0.448
ROUGE-L 0.373
Random 0.264
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Rewriting

Proposed Alternative Evaluation
1.Instruction following: LLM-as-a-judge
2.Similarity to gold: SAR| or GLEU
3.Meaning-preservation: ParaPLUIE
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From Related NLP Domains
Input: Original + Generated

BETS: Text simplification

BLANC: Summarization
ParaPLUIE: Paraphrase detection

LLM-as-a-judge

Input: Original + Generated (+ Golqd)

Based on the 3 manual evaluation criteria
LLM-choice (Yes/No + Pairwise comparison)
LLM-Likert (Generating Scores)

Findings

e ParaReval, a dataset of human pairwise
evaluations of generated revisions

e Traditional similarity metrics alone fail to
accurately evaluate text revision

e An alternative evaluation method
composed of 3 complementary metrics




