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Abstract

Text simplification requires reliable automatic evaluation, yet existing learnable metrics such as LENS and
LENS-SALSA are specialized and costly to develop. Moreover, it remains unclear how these metrics compare to using
large language models (LLMs) as evaluators. Exploring this question is important because LLM-based evaluation
could make simplification research and deployment more flexible and easier to adapt than training new task-specific
metrics for each setting. In this work, we empirically compare several small, open-weight instruction-tuned LLMs with
LENS and LENS-SALSA in both reference-based and reference-free evaluation settings. We measure their alignment
with human judgments across multiple datasets. Our results provide insight into when small LLMs can serve as
effective evaluators and when specialized metrics remain preferable, informing the design of future evaluation
pipelines for text simplification and related text generation tasks.

Lay Summary: The evaluation of text simplification output remains a great challenge in terms of building reusable
evaluation corpora and evaluation measures. Traditional reference-based evaluations are imprecise as references
only cover one or a few possible simplifications. Learned measures still require extensive labeled data for training,
and may not generalize to new domains. LLM-based evaluation presents a pragmatic alternative in case no extensive
references are available. In this paper, we systematically compare these evaluation approaches against human ratings.
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1. Introduction Llama-3.1-8B-Instruct. Specifically, we investi-
gate LLM’s performance against LENS in both

Text simplification aims to make content more ac-  reference-based and reference-free settings. We
cessible while preserving its original meaning. Re-  evaluate: (1) LENS-SALSA (metric without refer-
liable evaluation of simplification quality is there-  ences) against LLM judges without references and
fore essential for both system development and  (2) LENS (metric with references) against LLM
deployment. Traditionally, evaluation relies on hu-  judges with access to references. Finally, we com-
man judgments, which are expensive and time-  pute correlations between LLM-assigned scores
consuming. To address this, automatic metrics  and human judgments to assess alignment with
such as LENS (Maddela et al.,, 2023) and its  human evaluation.
reference-free variant LENS-SALSA (Heineman
e:t al., 2023) have_ .bee.n proposed as It_earnable met- 2. LLMs as Judges
rics for text simplification. These metrics attempt to

approximate human judgments using supervised  \ye investigate whether small instruction-tuned

models trained on ann.otated data. large language models (LLMs) can serve as au-
Recent advances in large language models  tomatic judges of text simplification quality. Un-
(LLMs) have used generative models as evalua-  |ike supervised evaluation metrics that are explicitly

tors (Gao et al., 2025). Instead of relying on task-  trained for simplification assessment, these models
specific learned metrics, LLMs are prompted to act  perform evaluation through prompting at inference
as judges and directly assign quality scores. This  time. Specifically, the models are asked to assess
raises an important question: how well do relatively  key aspects of simplification quality, including flu-
small instruction-tuned LLMs perform as judges ency, meaning preservation, and Simp”city_

of simplification quality compared to specialized We experiment with the following open-weight
learnable metrics like LENS? instruction-tuned LLMs:
In this work, we investigate whether small, open-
weight LLMs can serve as reliable simplification * Phi-3-mini-4k-Instruct
judges. We focus on three popular open-source
models: Microsoft’s Phi-3-mini-4k-Instruct, Al- Thttps://huggingface.co/microsoft/

ibaba Cloud’s Qwen2.5-7B-Instruct, and Meta’s Phi-3-mini-4k-instruct
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https://huggingface.co/microsoft/Phi-3-mini-4k-instruct
https://huggingface.co/microsoft/Phi-3-mini-4k-instruct

* Qwen2.5-7B-Instruct?
+ Llama-3.1-8B-Instruct®

These models range from approximately 3.8B to 8B
parameters and were selected to represent com-
pact open-weight models that remain practical for
research and deployment settings.

3. Methodology

Non-learnable evaluation metrics are commonly
used to assess text without additional training. For
example, BLEU (Bilingual Evaluation Understudy)
(Papineni et al., 2002) measures n-gram overlap
between candidate and reference texts, focusing
on precision but lacking semantic sensitivity. SARI
(System Output Against References and against
the Input sentence) (Xu et al., 2016) evaluates the
quality of added, deleted, and retained words, bet-
ter capturing meaning preservation and simplicity.
BERTScore (Zhang et al., 2019) uses contextual
embeddings to measure semantic similarity, mak-
ing it more robust to paraphrasing. Readability
metrics such as FKGL (Flesch—Kincaid readability
tests) (Kincaid et al., 1975) estimate the education
level required to understand the text.

In this work, we use two evaluation settings
to compare LLM judges with existing learnable
and non-learnable automatic metrics. We use the
LENS* and LENS-SALSA?® checkpoints released
on HuggingFace to evaluate simplification perfor-
mance using the top-k outputs, reporting results
for k = 3. We use the corresponding code® for our
experiments and present our results in the same
manner as Maddela et al. (2023), additionally in-
cluding results from our LLM-based models.

Reference-free. In the reference-free setting, the
model receives the original complex sentence and
the simplified candidate. The model is prompted to
assess the quality of the simplification by assigning
scores based on three criteria: meaning preserva-
tion, fluency, and simplicity. This setup mirrors the
reference-free evaluation paradigm used by metrics
such as LENS-SALSA.

Reference-based. In the reference-based set-
ting, the model receives the original complex
sentence, the simplified candidate, and one or

2https://huggingface.co/Qwen/QwenZ.
5-7B-Instruct

3https://huggingface.co/meta—llama/Llama—3.
1-8B-Instruct

*https://huggingface.co/davidheineman/lens

Shttps://huggingface.co/davidheineman/
lens-salsa

6https://github.com/Yao—Dou/LENS
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more human-written reference simplifications. The
model is asked to evaluate the quality of the candi-
date simplification while considering the reference
simplifications as guidance for expected outputs.
This setup corresponds to traditional reference-
based evaluation used by metrics such as LENS.

3.1.

Each setting produces scalar quality scores. We
compute Pearson correlation for datasets with con-
tinuous human ratings and Kendall 7-like correla-
tion for ranking-based datasets. Alignment with
human judgments is used as the primary measure
of evaluation quality.

Scoring and Correlation

4. Experiments

4.1.

We evaluate across three benchmark datasets:

Datasets

» SimpEvalyj,: Human rankings of simplifica-
tions evaluated using a Kendall 7-like correla-
tion. (Maddela et al., 2023)

» Wiki-DA: Direct assessment scores for fluency,
meaning, and simplicity. (Alva-Manchego
et al., 2021)

* Newsela-LIKERT: Human Likert-scale ratings
across grammaticality, meaning preservation,
and simplicity. (Maddela et al., 2021)

These datasets cover both ranking-based and
direct scoring evaluation paradigms.

4.2. Evaluation Settings

We compare:
1. Reference-free LLM judges vs LENS-SALSA.
2. Reference-based LLM judges vs LENS.

All correlations are computed against human rat-
ings provided in the respective datasets.

5. Results

Table 1 presents the correlation between automatic
metrics and human judgments in the reference-
based setting. LENS achieves the highest correla-
tions overall, particularly on Wiki-DA and Newsela-
LIKERT. However, several LLM judges obtain com-
petitive results on SimpEval and Wiki-DA, suggest-
ing that instruction-tuned models can approximate
dedicated evaluation metrics when provided with
references.

Table 2 reports the reference-free evaluation re-
sults. LENS-SALSA shows strong performance


https://huggingface.co/Qwen/Qwen2.5-7B-Instruct
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SimpEvalygos Wiki-DA Newsela-Likert

Metric / Model Para  Split All Fluency Meaning Simplicity Fluency Meaning Simplicity
FKGL -0.397 -0.318 -0.331 0.084 0.185 0.037 0.169 0.293 -0.053
BLEU 0.048 -0.054 -0.033 0.460 0.622 0.438 0.333 0.261 0.121
SARI 0.206 0.140 0.149 0.335 0.534 0.366 0.234 0.122 0.101
BERTScore 0.238 0.085 0.106 0.642 0.699 0.622 0.389 0.295 0.206
LENS (k=3) 0.429 0.333 0.331 0.807 0.660 0.750 0.621 0.431 0.362

LLM Judges (with references)

Qwen2.5-7B-Instruct  0.818 0.358 0.457 0.630 0.716 0.680 0.458 0.393 0.265
Llama-3.1-8B-Instruct  0.333 0.320 0.358 0.618 0.761 0.639 0.379 0.313 0.208
Phi-3-mini-4k-Instruct  0.130 0.347 0.325 0.605 0.689 0.639 0.506 0.371 0.259

Table 1: Comparison between traditional automatic metrics from the LENS paper and LLM judges (with
references). Pearson correlations with human ratings are reported. Higher values indicate better alignment
with human evaluation. Best results are in bold and second best are underlined.

SimpEvalsyz2 Wiki-DA Newsela-Likert
Metric / LLM Para  Split All Fluency Meaning Simplicity Fluency Meaning Simplicity
LENS-SALSA 0.263 0.212 0.229 0.701 0.676 0.640 0.497 0.356 0.284
Qwen2.5-7B-Instruct -0.353 0.117 -0.028 0.648 0.802 0.682 0.510 0.572 0.272

Llama-3.1-8B-Instruct 0.333 0.500 0.083 0.586 0.740 0.620 0.428 0.520 0.233
Phi-3-mini-4k-instruct (**) 0.000 0.000 0.000 0.021 0.026 0.051 0.000 0.000 0.000

Table 2: Correlation between automatic evaluators and human judgments across simplification datasets.
LENS-SALSA is a dedicated reference-free metric. LLM judges operate without references. Best values
are in bold; second best are underlined.

across datasets, while LLM judges demonstrate  liability and stability. Future work could explore
varying levels of correlation with human judgments.  improved prompting strategies, calibration meth-
These findings suggest that LLM-based evaluation  ods, or hybrid approaches that combine LLM-based
may provide a flexible alternative to specialized  evaluation with learned metrics to further improve
metrics, although performance depends on both  automatic evaluation for text simplification.

the dataset and evaluation dimension.

7. Limitations and future work
6. Conclusion
This study focuses on sentence-level simplification
In this work, we investigated whether small iy English but does not address document-level
instruction-tuned large language models can serve  gyaluation or other languages. Additionally, we re-
as automatic evaluators for text simplification. We  gtrict our analysis to relatively small open-weight
compared three open-weight LLM judges with ded- | | Ms and do not compare against larger propri-
icated simplification evaluation metrics, including etary models. Future work could explore strate-
LENS and its reference-free variant LENS'SALSA, gies for LLM judgeS, pairwise preference prompt_
across three benchmark datasets. ing, or training smaller evaluation models using
The experiments show that LLM judges can LLM-generated supervision.
achieve moderate correlations with human judg-
ments and, in some cases, approach the per-
formance of traditional metrics, particularly in Acknowledgments
reference-based evaluation settings. However, spe-
cialized metrics such as LENS and LENS-SALSA  Jan Bakker and Jaap Kamps are supported by
remain more consistent and generally achieve the Netherlands Organization for Scientific Re-
stronger correlations with human evaluation. search (NWO NWA # 1518.22.105). Jaap Kamps
These findings suggest that while small LLMs  is also supported by the University of Amsterdam
can provide flexible and lightweight evaluation sig-  (Al4FinTech program) and ICAI (Al for Open Gov-
nals, dedicated metrics still offer advantages in re-  ernment Lab). Views expressed in this paper are
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A. Appendices
A1,

The following prompts were used to instruct the lan-
guage models to evaluate the quality of simplified
sentences. The Reference-Free prompt is based
on the instructions given to human annotators to
rate simplifications by (Maddela et al., 2023). The
Reference-Based makes use of the simplification,
the original text, and the reference to grade.

LLM Evaluation Prompts

LLM Evaluation Prompt (Reference-Free)

You are an evaluator specialized in text simplification that
scores how well a simplified sentence improves on an original
sentence.

Assign an integer score from 0-100:

100 - Fully simplified, fluent, preserves core meaning

75 - Somewhat simpler, mostly fluent, meaning close

50 - Simpler, somewhat fluent, meaning similar

25 - Equally simple, some fluency, meaning lost

@ - Completely unreadable

Higher scores indicate better meaning preservation, fluency,
and simpler wording.

Return:

1) "score: X" (0-100)

2) Short explanation (1-2 sentences)

Original: """<original>"""

Simplified: """<simplified>"""

LLM Evaluation Prompt (Reference-Based)

You are an evaluator for text simplification. Rate how well
the simplification improves on the original.

When a REFERENCE is provided, treat it as a gold-standard
simplification and compare the candidate to both the original
and the reference.

Scoring rules:

100 - Fully simplified, fluent, preserves core meaning and
aligns with reference

75 - Somewhat simpler, mostly fluent, meaning close

50 - Simpler, somewhat fluent, meaning similar

25 - Equally simple, some fluency, meaning lost

0 - Completely unreadable

Return:

1) "score: X" (0-100)

2) Short explanation

Original: """<original>"""

Reference: '<reference>"""

Simplified: """<simplified>"""
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