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Abstract

Existing text simplification metrics face chal-
lenges ranging from limited datasets to a re-
liance on references. To address this, we
propose a Panel of Language Models as a
reference-free metric that removes the need
for extensive training data. The panel uses
exclusively pretrained language models and
therefore benefits from their extensive dataset,
deeper understanding of language, and poten-
tial future advances. We show that this metric
is competitive with, and in some cases outper-
forms, existing metrics in human correlation.
Furthermore, we find that it is more consistent
than even human annotators in scoring simplifi-
cation quality on certain dimensions.

1 Introduction

In text simplification, a system is asked to make
some provided text easier to read. While there
are many valid simplifications, the output should
preserve the meaning of the original sentence and
remain fluent. However, this flexibility brings its
own challenges; it is difficult to measure simplicity
because of the many possible answers. In addi-
tion to this, simplicity is to some extent subjective,
with each individual finding different texts easier
to read. A strong metric should therefore be able to
accurately score a wide variety of edits while being
general enough to not overly penalize stylistic or
subjective choices.

Current metrics generally fall into one of four
categories. They can be reference-based or
reference-free, where reference-based means they
require some number of pre-written simplifications
to compare to. Independently, they can also be
static or learnable. Learnable metrics generally
train or fine-tune some language models to perform
scoring, while static metrics do not. Historically,
both reference-based and reference-free static met-
rics were common, such as FKGL (Flesch, 1948)

or SARI (Xu et al., 2016). In recent years, learn-
able metrics such as LENS (Maddela et al., 2023)
have become more common.

While reference-based metrics remain common,
they important limitations. Most obviously, they re-
quire a dataset of human-provided simplifications,
which is often expensive to acquire. In more spe-
cialized fields, such as law or medicine, this may
not always exist. For systems that target these
fields, evaluating with a reference-based metric is
more difficult. (Joseph et al., 2023).

Static metrics generally perform well across a
large range of subjects but may be more inaccu-
rate due to their dependence on factors like word
occurrence. However, these metrics require large
datasets of annotated simplifications; LENS, for ex-
ample, was trained on under 2500 samples. Thus,
they tend to perform poorly on data that is out-of-
distribution.

To address these issues, we introduce a panel
of language models as a reference-free metric for
text simplification. Unlike existing model-based
metrics, our panel does not need fine-tuning. Thus,
it understands texts from a variety of subjects and
is not limited by the availability and domain of
specialized training data. It also does not need
references, because the training data of the model
contains information on what a good simplification
looks like. In this paper, we show that our met-
ric has higher correlation with human judgment
and matches or exceeds current metrics in all cate-
gories.

2 Panel of Language Models

2.1 Overview

The task is as follows: Given some source sentence
c, target simplification t, and if needed some set of
references r1, ..., rn, compute a real-valued scalar
that represents the quality of the simplification q.
We do not use r1, ..., rn as our metric is reference-



less, although other metrics often do. Instead, we
first construct a prompt P = [Ipre; c; Imid; t; Ipost]
by concatenation (;). While Imid and Ipost are pri-
marily formatting and punctuation, Ipre can be any
natural language instruction that elicits some score
s from the model. We take these instructions and
query multiple language models J1, ..., Jn, k times
each, to collect a set of scores S = s1,1, ..., sn,k,
and aggregate the results into some final score
sf = f(S). We experiment with multiple instruc-
tions, model sizes, and aggregation methods.

2.2 Instructions
As we are asking the model to evaluate a pair
of simplifications through inference, the instruc-
tions, particularly Ipre, heavily influences the per-
formance of the model. We focus on three aspects
of design: The main task description, the examples,
and the provided rationale.

First, we consider the main task description.
While the primary component of this is a straight-
forward description of the text simplification evalu-
ation task, we find that using a persona - "You are
an expert professional linguist" - results in slightly
more accurate readings. We also find that including
detailed notes on what constitutes a "good simplifi-
cation" and potential mistakes generally improves
performance. While we could optimize our prompt
further, for the sake of fair comparison we instead
keep it similar to existing literature and the instruc-
tions they provide to human editors. We do make
some minor edits based on the exact dataset we
are evaluating on, particularly with respect to the
aspects that the model is supposed to emphasize.

The second aspect is the examples we provide to
the model. The vast majority of existing literature
agree that few-shot learning generally improves the
performance of model outputs. We therefore pro-
vide examples of different simplifications and their
corresponding scores. To do this, we use examples
provided in the human annotation instructions from
the Newsela-LikeRT (Maddela et al., 2021) dataset.
These examples are identical for all datasets, with
only the score changing. In some cases, this does
result in a less diverse distribution of examples, but
we find that this is somewhat mitigated by provid-
ing the model with similar instructions to human
raters.

The last design aspect we focus on is the ratio-
nale. In order to provide an accurate score, we ask
the model to first note down what each simplifica-
tion does well and what it does poorly, and then

reason through the rating in a manner similar to
chain-of-thought. We provide sample rationale for
each of the examples given to the model. While
the examples were from prior work, we find that
they are not directly usable due to formatting. They
also do not explain as much as would be neces-
sary for the model to make a strong decision. We
therefore elaborate on each of the ratings, noting
down problems such as grammar mistakes, inac-
curate connotations, and the use of difficult words.
These explanations are also written such that the
details are first and build towards the final score;
the model is therefore encouraged to start with raw
observations and build towards a final evaluation.

2.3 Model Selection
Because we are using language models in in-
ference, model choice is much more open than
previous work. As we do not need access to
weights, we could use the most cutting-edge
models available. However, metrics should be
relatively accessible, and we therefore limit our
selection to smaller open-weight models. Recent
studies have also shown that multiple small models
can perform better than larger ones in an evaluation
context, while being cheaper (Verga et al., 2024).
With these criterion in mind, we ultimately settle
on Ministral 8B (Mistral AI Team, 2024), Llama
3.1 8B (Dubey et al., 2024), and Gemma 2 9B
(Team, 2024) as our panel of judges. While we do
experiment with larger models and find marginal
improvements, we find that they are not worth the
performance cost (Table 1).

Model Fluency Meaning Simplicity

Llama 3.1 8B 0.482 0.565 0.342
Ministral 8B 0.497 0.586 0.313
Gemma 2 9B 0.550 0.592 0.381
Phi-3 14B 0.580 0.596 0.306
Gemma 2 27B 0.562 0.546 0.362
Qwen 2.5 32B 0.586 0.646 0.372

Table 1: Comparison of various models on Newsela-
LikeRT. All models are instruct variants. Note that these
are somewhat seed-dependent due to randomness in sam-
pling.

2.4 Aggregation
In our experiments, we generally run each of the 3
judging language models twice on the same point,
for a total of 6 scores from 1 through 5. These
generations were done with a temperature of 0.1
to decrease randomness while leaving room for
different reasoning each time. We experiment with



both the mean and median of the scores, and find
that the mean generally performs better; the median
is in 0.5-point intervals and does not differentiate
between scores well. Thus, we have n = 3, k = 2,
and f(S) = ΣS/(n · k).

3 Experiments

We evaluate our panel on Newsela-LikeRT (Table
2). Other common datasets, such as SimpEval2022
and WikiDA, were publicly released prior to the
training cutoffs of the models and the results could
be contaminated; on the other hand, Newsela is
private and likely not included in training data.

3.1 Newsela-LikeRT

Metric Fluency Meaning Simplicity

FKGL 0.193 0.305 -0.050
BLEU 0.333 0.261 0.121
SARI 0.234 0.122 0.101
BERTScore 0.389 0.295 0.206
LENSk=3 0.621 0.432 0.362

Panel of LMs 0.574 0.636 0.411

Human Annotators 0.543 0.587 0.460

Table 2: Pearson correlation coefficients with human
scores on Newsela-LikeRT. Best values are bolded and
second best is underlined. Average agreement among
human annotators also provided as reference.

The Newsela dataset is composed of around 440
simplification pairs. Each pair has three separate
scores: fluency/grammar, meaning, and simplicity.
Multiple human raters annotated each pair along
each of the three dimensions, with the average
in each dimension used as the final rating. This
dataset is additionally of a relatively high quality,
as they are sourced from news articles.

3.2 Results

We report our method’s correlations with human
scores in each of the dimensions in table 2. Depend-
ing on the target dimension, we provide slightly dif-
ferent instructions to the models: The instructions
mention word difficulty when measuring simplic-
ity and run-on sentences when measuring fluency.
This targeted approach focuses the model on the
aspects that are most important. Our panel shows
stronger correlation with human judgment than ex-
isting metrics on simplicity, which is generally un-
derstood to be the most important of the three. Our
panel also performs well on meaning, and is com-
petitive with current best metrics on fluency.

3.3 Model Selection

We find that while choice of model has a generally
large impact on correlation, model size does not.
The table below shows the correlation of various
models, ordered by size; while variation is large,
there is no clear relation between size and perfor-
mance. One potential caveat, however, is that our
experiments used more samples for smaller models
(k = 3 or more) compared to larger ones (k = 2)
due to computational constraints; it is possible that
this made larger models more susceptible to noise
or that the more discrete nature of the score - which
by necessity can only be in increments of 0.167 as
opposed to the 0.0833 of smaller models - made
the linear fit less accurate.

3.4 Instructions

In addition to this, we experiment with zero-shot,
one-shot, and few-shot instructions. We find that
zero-shot often results in outputs that do not fol-
low the instructions, showing that the human an-
notation directions do not adapt well to LLM-style
instructions and may need to be rewritten. On
the other hand, we saw minimal differences be-
tween 1-shot and few-shot outputs. When eval-
uating Gemma 2 9B using 1-shot, its simplicity
correlation was 0.388, compared to 0.381 for few-
shot; while this differs across models, we generally
see little change in scores if any. The lack of dif-
ference between providing a single high-scoring
simplification and providing a range of different
scores shows that the extra samples do not provide
information that the model does not already know.
Instead, it may be possible to gain increased per-
formance by designing samples specifically for the
aspects that the model often fails to consider.

4 Related Work

Existing text simplification metrics broadly fall into
two categories: static and learnable metrics. Tradi-
tional metrics were static, and often depended on
word or n-gram occurrence. Examples of this in-
clude SARI (Xu et al., 2016) and BLEU (Papineni
et al., 2002). Even earlier approaches included
FKGL (Flesch, 1948), which is still commonly
used to this day. This computes text simplicity
based solely on syllable and word counts in sen-
tences. However, these metrics are not designed for
the text simplification task, having been adapted
from other fields; recent work has shown that this
has its limitations (Sulem et al., 2018; Tanprasert



and Kauchak, 2021).
More recently, work has been done on using lan-

guage models to measure text simplicity. While ini-
tially designed for semantic similarity, BERTScore
(Zhang et al., 2019) has been used to measure some
aspects of text simplification. More recent work,
such as LENS (Maddela et al., 2023), REFeREE
(Huang and Kochmar, 2024), and SLE (Cripwell
et al., 2023), have trained smaller models (such as
RoBERTa) to predict scores. While they perform
relatively well, they are also limited by the need to
collect datasets with human ratings. SLE circum-
vents this by using a combination of Newsela data
- already labeled by difficulty - and interpolation
with FKGL, but this dataset is also constrained by
the generalization of the former and performance
of the latter.

Our work builds on language model inference
techniques. We base our reasoning on chain-of-
thought (Wei et al., 2022), adopted to a classifica-
tion task, and use few-shot learning (Brown, 2020);
in particular, one-shot learning greatly improves
performance. Lastly, we use models as evaluators,
which have previously shown performance compet-
itive with, and in some cases superior to, human
judgement (Bohnet et al., 2022). Additionally, pre-
trained models are able to generalize better than
their fine-tuned counterparts (Huang et al., 2024).
However, one main drawback is that these mod-
els tend to prefer their own outputs (Panickssery
et al., 2024). To counteract this, we use juries as
proposed by Verga et. al. to improve performance
while decreasing hardware requirements and costs
(Verga et al., 2024).

5 Conclusion

We propose the adoption of a Panel of Language
Models as a text simplification metric. By using
language models as judges, our metric is far more
adaptable to unconventional simplifications and re-
quire no specialized data. We show that the results
of this metric are promising and are competitive
with human annotators in correlating with each
other.

5.1 Future Work

Work remains to be done in the model instructions,
where we found that few-shot examples do not
provide a significant improvement, contrasting with
existing literature; we hope to perform an analysis
of potential causes. Furthermore, we believe there

are improvements to be made in model selection
and sampling technique.
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