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Abstract 
Introduction. A vast amount of scholarly work is published daily, yet much of it 
remains inaccessible to the general public due to dense jargon and complex 
language. We introduce a reinforcement learning approach that fine-tunes a 
language model to rewrite scholarly abstracts into more comprehensible versions. 

Method. Our approach utilises a carefully balanced combination of word- and 
sentence-level accessibility rewards to guide the language model in substituting 
technical terms with more accessible alternatives, a task which models supervised 
fine-tuned or guided by conventional readability measures struggle to accomplish. 

Analysis. We evaluate our model’s performance through readability metrics, factual 
accuracy assessments and language quality measurements, comparing results 
against supervised fine-tuning baselines. 

Results. Our best model adjusts the readability level of scholarly abstracts by 
approximately six US grade levels—in other words, from a postgraduate to a high 
school level. This translates to roughly a 90% relative improvement over the 
supervised fine-tuning baseline, while maintaining factual accuracy and high-
quality language. 

Conclusion. We envision our work as a step toward bridging the gap between 
scholarly research and the general public, particularly younger readers, and those 
without a college degree. 
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Introduction 
Accessible language in science communication 
At first glance, the daily publication of tens of thousands of scientific papers—many freely 
accessible through open science and open access initiatives—suggests few barriers to knowledge 
dissemination. However, two key facts challenge this perception and show that significant barriers 
remain. A recent survey by the US Department of Education found that more than half of US adults 
aged 16 to 74 (54%, or 130 million people) read at or below a sixth-grade level (Rothwell, 2020). 
Meanwhile, an analysis of the readability of biomedical research abstracts published from 1881 to 
2015 found that scientific writing has become increasingly difficult to read over time (Plavén-Sigray 
et al., 2017). Even when intended to be accessible, scientific abstracts typically require a 
postgraduate level of reading comprehension due to jargon use and sentence structure (Wang and 
Clark, 2024). This discrepancy leaves a significant portion of the population—including young 
readers and adults without advanced degrees unable to fully engage with scientific works, even if 
these are made freely available online. The ‘infodemic’ surrounding COVID-19 highlighted this 
issue: the urgent need for understandable information about the virus clashed with the complex 
presentation of scientific findings—leading many to turn to more digestible but less reliable 
narratives on social media (Wang et al., 2019; Islam et al., 2020; Calleja et al., 2021). 

While the legal and medical fields have long been encouraged to use accessible language as a clear 
conduit for public engagement (Mazur, 2000; Petelin, 2010), momentum for the adoption of 
accessible language within scientific communities has been building, roughly since the start of the 
open science movement (Schriver, 2017). For instance, the National Institutes of Health (NIH) 
advocates for ‘clear and simple’ principles when communicating with audiences with limited health 
literacy, and the Proceedings of the National Academy of Sciences of the United States of America 
(PNAS) requires authors to submit a significance statement accessible to non-experts (Berenbaum, 
2021; Pool et al., 2021). However, there are inherent conflicts between the specialised nature of 
communication among disciplinary peer scholars and the public-oriented dissemination of 
scientific findings. Even assuming that communicating scholarly works in plain language is 
possible, it will inevitably increase the communication cost among domain experts and create 
confusion at the more advanced levels, compared to the use of jargon and technical terms. In an 
era of increasingly specialized scientific research, this conundrum is not easily addressed by 
scientists or disseminators. Hence, given the current landscape, the widespread adoption of 
accessible language in scholarly works is unlikely in the near future. 

In response, we propose addressing the need for communicating scientific findings to a broader 
audience by rewriting scholarly abstracts with simpler words and grammar using language models. 
Since readability is key to comprehending scholarship (Flesch, 1946; DuBay, 2004; Kerwer et al., 
2021), we envision the resulting accessible narratives as paving the way for the ‘last mile’ of science, 
broadening access to scientific understanding and engagement, especially for younger readers and 
those without a university degree. 

Challenges to effective simplification 
Fine-tuning a language model using pairs of abstracts and their accessible versions is the de facto 
method for automating the rewriting of scholarly abstracts into more accessible versions (Xu et 
al., 2015; Goldsack et al., 2022; Joseph et al., 2023). Accordingly, we introduced the Scientific 
Abstract-Significance Statement (SASS) corpus (Wang & Clark, 2024), a dataset composed of paired 
abstracts and significance statements from diverse disciplines, with the latter targeting ‘an 
undergraduate-educated scientist outside their field of specialty’ (Berenbaum, 2021; Pool et al., 
2021). Although the simplified abstracts generated from language models fine-tuned on the SASS 
corpus are approximately three grade levels more readable than the original abstracts, as 
measured by US grade-based readability scores (Wang & Clark, 2024, Sec. 6), the documents are 
still not sufficiently accessible; even the best models produce college-level texts. Additionally, 
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because the vocabulary used in significance statements is often just as complex as that found in 
the abstracts themselves (Wang & Clark, 2024, Sec. 3), the readability improvements are primarily 
due to shorter sentences, and technical terms remain inadequately addressed. 

Alternatively, the optimisation of a language model can be guided by a chosen objective in an actor-
critic manner (Ramamurthy et al., 2023). It is intuitive to choose an established document 
readability measure, such as the Automated Readability Index (ARI; see Section 4.2.2), to assess the 
overall readability of the outputs generated by the language model. However, we found that the 
optimisation of language models guided by ARI is highly unstable, often resulting in the production 
of seemingly more accessible versions that still contain many technical terms. Inspired by Riddell 
and Igarashi (2021), we decomposed the measurement of document readability into two distinct 
measures: one at the sentence level and one at the word level. We then prioritized word-level 
accessibility in the optimisation to encourage the model to use more accessible words instead of 
simply shortening sentences. 

Contribution 
Our work aims to serve as a bridge between scholarly works and the general public, particularly 
benefiting younger readers and those without a college degree. 

1. We address the common challenges in science communication by rewriting 
scholarly abstracts at a high school reading level using a language model. 

2. We identify the challenges language models face in properly addressing 
jargon and propose Reinforcement Learning from Accessibility Measures (RLAM) as 
a means to improve the models’ use of accessible terms in their rewrites. RLAM-
trained language models can significantly reduce the reading level of a scholarly 
abstract from a postgraduate level to a high school level, achieving a 3 grade-level 
reduction or about a 90% performance boost compared to models fine-tuned using 
the same corpus. 

3. We observe systematic differences between reinforcement learning models 
guided by different rewards and conclude that disproportionate weights for 
sentence-level rewards contribute to unstable training and lower simplification 
quality. 

Our code, model generations and training logs are available at https://github.com/ Wang-
Haining/RLAM under a permissive licence. 

Scientific abstract-significance statement (SASS) corpus 
We used the scientific abstract significance statement (SASS) corpus in our experiments. This 
corpus is composed of 3,430 abstract-significance statement pairs derived from PNAS and divided 
into training (3,030 samples), validation (200 samples), and test sets (200 samples) (Wang & Clark, 
2024). It covers a wide range of disciplines, ensuring diverse representation across various fields, 
as shown in Figure 1. Corpus statistics are shown in Table 1; refer to Section 4.2 for a detailed 
description of the measures. 
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Section ARI↓ F-K↓ VOA SL↓ WA WL↓ 

Abstract 18.9 (2.8) 19.2 (2.4) -0.43 (0.25) 25.4 (4.9) 12.0 (0.4) 5.3 (0.4) 

Significance 18.1* (3.1) 18.6* (2.7) -0.31* (0.26) 23.9* (5.3) 11.9* (0.4) 5.4* (0.4) 

Table 1. Corpus statistics for the scientific abstract-significance statement (SASS) corpus. Metrics include 
ARI (Automated Readability Index), F-K (Flesch-Kincaid readability test), VOA (log ratio of proportion of 

words found in the VOA1500 vocabulary), SL (average sentence length and number of sentences), WA (word 
accessibility; log frequency per 1 billion tokens in English Wikipedia), and WL (average word length). 

Measures whose names are followed by a down arrow symbol (↓) indicate that lower values correspond to a 
more readable document. Numeric values in parentheses are the corresponding standard deviations. Paired 
t-tests were conducted for each metric comparing the abstracts and significance statements, with p-values 
adjusted using the Bonferroni correction for multiple comparisons. The observed differences in each of the 

measurements are statistically significant after adjusting for the grouped p-values at a 
significance level of 0.05. 

We observed that significance statements are semantically coherent with their corresponding 
abstracts. The corpus statistics indicate that significance statements are more readable than 
abstracts, as shown by lower mean values in the Automated Readability Index (ARI) and Flesch-
Kincaid readability test (F-K). This suggests that the SASS corpus can be useful in simplifying 
scholarly abstracts across diverse disciplines. 

Figure 1. Discipline and readability distributions of abstracts and significance statements found in the 
training set of the Scientific Abstract-Significance Statement corpus. The count of paired samples in 

different disciplines is shown in blue bars on a log10 scale (disciplines with fewer than three samples are not 
shown). Readability is measured using the Automated Readability Index (ARI), which estimates the number 
of years of schooling required to understand a text. On average, abstracts have a readability slightly below 

20 ARI, indicating a post-graduate level. Significance statements are generally more readable than their 
corresponding abstracts. 

We also observed that word accessibility (i.e., log frequency per 1 billion tokens found in English 
Wikipedia) and average word length suggest that significance statements can be less accessible at 
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the word level than are their corresponding abstracts. Although the log ratio of words found in the 
VOA1500 vocabulary is slightly lower than in the corresponding abstracts, these 1,500 words are 
very basic and include a high proportion of function words. Considering that significance 
statements use approximately 1.5 fewer words on average, the increased use of VOA words may be 
a consequence of the higher use of function words to maintain grammaticality. 

Reinforcement learning from accessibility measures 
Language modelling via proximal policy optimisation 

At the core of our approach is language modelling with Proximal Policy Optimisation (PPO) 
(Schulman et al., 2017) guided by two accessibility measures. A causal language model trained on 
large corpora can generate the next token based on the current sequence, which is useful in the 
context of reinforcement learning for developing a policy model that determines the most 
appropriate next token to maximize the expected return in terms of document readability. 

The process begins with an input sequence s0 = (a0, a1,..., ai), where each ai is from 

a set of tokens W, and s0 represents an abstract formatted in a simple template. The language model 
πθ then generates a0, a1,..., aT−1 ∼ πθ (· | st), creating its accessible version until the maximum number 
of tokens T is reached, either due to the context length or an end-of-sentence token: 

𝑇𝑇−1 

𝜋𝜋𝜃𝜃(𝑎𝑎0, 𝑎𝑎1, … , 𝑎𝑎𝑇𝑇−1) = �𝜋𝜋𝜃𝜃 �𝑎𝑎𝑡𝑡�𝑠𝑠𝑡𝑡� (1) 
𝑡𝑡=0 

Our objective is to learn a policy model that, given an abstract, models the joint probability of 
tokens leading to a high reward in terms of accessibility while maintaining semantic coherence. 
Formally, this is expressed as: 

𝑇𝑇−1 

𝐽𝐽(𝜋𝜋𝜋𝜋) = 𝔼𝔼𝜏𝜏~𝜋𝜋𝜃𝜃 ��(𝑟𝑟(𝑠𝑠𝑡𝑡 , 𝑎𝑎𝑡𝑡 ) − 𝛽𝛽KLKL(𝜋𝜋𝜋𝜋(𝑎𝑎𝑡𝑡 | 𝑠𝑠𝑡𝑡 ) ∥ 𝜋𝜋𝜃𝜃SFT(𝑎𝑎𝑡𝑡 | 𝑠𝑠𝑡𝑡 )))� (2) 
𝑡𝑡=0 

Here, J(πθ) represents the expected return when following policy πθ. The reward r(st, at) is estimated 
for each time step t in the trajectory τ = (s0,a0,s1,a1,..., sT−1,aT−1), where st is the sequence of tokens at 
time t, formed as the concatenation of s0 and the tokens a0,a1,...,at−1. This formula iteratively 
computes the rewards given the current sequence st and the token at chosen by the policy. The βKL-
weighted KL divergence term KL(πθ(at | st) ∥  πθSFT(at | st)) is applied at every step of sequence 
generation to ensure the policy does not deviate significantly from the supervised fine-tuned 
model. This is crucial because, without such a constraint, the policy model might quickly learn to 
output whatever the reward model favours to maximize its return, which can lead to undesirable 
behaviours. For instance, the model might repeatedly output a frequent word (‘is is is ...’), achieving 
a high reward based solely on accessibility measures but lacking meaningful content. Following 
Stiennon et al. (2020), βKL is dynamically adjusted by targeting a specific KL divergence between πθ 

and πθSFT using a capped proportional controller in logarithmic space. The benefit of using a 
dynamic KL control, as opposed to a fixed one, is that it allows the model to adapt more flexibly to 
different stages of training, accommodating varying levels of KL divergence between the policy 
and SFT model. 

In practice, we fine-tune the policy model in an actor-critic manner: while the policy model (the 
actor) generates sequences of tokens based on the current sequence st, the critic is an additional 
linear layer that takes the output of the language model’s last layer and produces a scalar for time 
step t, estimating the expected cumulative reward of producing the token at, noted as Vρ(at). The 
problem is reduced to optimising at every step the expected cumulative reward of taking action at 
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in state st and following the policy πθ thereafter (Vρ(st+1) = Vρ(st,at)), compared to the expected 
cumulative reward of being in state s (Vρ(st)), termed as the advantage dt = Vρ(st+1) − Vρ(st). 

We used the final reward of the entire generation (see Section 3.3) and back-propagate it through 
the sequence using Temporal Difference (TD) and Generalised Advantage Estimation (GAE) to 
estimate the advantage of each token: 

𝑇𝑇 

𝑑𝑑𝑡𝑡 = � (𝛾𝛾𝜆𝜆)𝑡𝑡′−𝑡𝑡 (𝑟𝑟𝑇𝑇 + 𝛾𝛾𝑉𝑉𝜌𝜌(𝑠𝑠𝑡𝑡′+1) − 𝑉𝑉𝜌𝜌 (𝑠𝑠𝑡𝑡′)) (3) 
𝑡𝑡′=𝑡𝑡 

where γ is the discount factor for future rewards, λ controls the bias-variance trade-off, and rT is 
the final reward, which, in our case, is a linear combination of two accessibility measures. Vρ is 
trained by minimizing the square error loss; see Equation 5. 

We used the Proximal Policy Optimisation (PPO) (Schulman et al., 2017) clipped surrogate objective 
with importance sampling to more efficiently use offline samples to update the online policy. 
Importance sampling corrects for the discrepancy between the behaviour policy that generated 
the samples and the current policy by weighting the samples using the ratio of their probabilities 
under both policies. The PPO algorithm introduces a clipping mechanism to balance exploration 
and exploitation while preventing large, potentially harmful updates to the policy, see Equation 4. 
The whole RLAM algorithm is illustrated in Algorithm 1. 

Algorithm 1 Training with Reinforcement Learning from Uncombined Accessibility Measures. The 
policy model is updated using the PPO clipped surrogate objective (Eq. 4), and the value model is 
updated by minimising a square-error objective (Eq. 5). 

1: Input: initial policy model πθSFT, randomly initiated value head Vρinit, final reward function rT for 

the last token, weighted by βKL for KL divergence term; task prompts X; hyperparameters γ,λ,∼�

2: πθ ← πθSFT, Vρ ← Vρinit 

3: for step = 1,..., M do 

4: Sample a batch {s0}n from X 

5: Sample output sequences {a0, a1,..., aT−1}n ∼ πθ (· | s0) for each prompt s0 in the batch ⊳ Eq. 1 

6: Compute final reward rT for each sampled output sequence {a0, a1,...,aT−1}n.          ⊳Sec. 3.3 

7: Distribute the final reward rT to each token in the sequence through GAE ⊳ Eq. 3 
8: Compute advantages {𝑑𝑑𝑡𝑡 |𝑠𝑠𝑡𝑡 } 𝑇𝑇−1 

𝑡𝑡=0 , value targets �𝑉𝑉𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 (𝑠𝑠𝑡𝑡 )� 
𝑇𝑇−1 for each sequence with 𝑡𝑡=0 

Vρ and compute KL divergence penalty KLt = KL (πθ (at | st) ∥ πθSFT (at | st)) 

9: for PPO iteration = 1,..., µ do 
10: Update the policy model by maximizing the PPO clipped surrogate objective with KL penalty: 
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𝑛𝑛 𝑇𝑇 
1 1 (𝑎𝑎𝑡𝑡 |𝑠𝑠𝑡𝑡 )𝜋𝜋𝜃𝜃online 𝜋𝜋← arg max � � min � (𝐴𝐴𝑡𝑡 − 𝛽𝛽KLKL𝑡𝑡 ),

𝜃𝜃 𝑛𝑛 𝑇𝑇 𝜋𝜋𝜃𝜃offline�𝑎𝑎𝑡𝑡�𝑠𝑠𝑡𝑡�𝑛𝑛=1 𝑡𝑡=1 

𝜋𝜋𝜃𝜃online 
(𝑎𝑎𝑡𝑡 |𝑠𝑠𝑡𝑡 )clip � , 1 − 𝜖𝜖, 1 + 𝜖𝜖� (𝐴𝐴𝑡𝑡 − 𝛽𝛽KLKL𝑡𝑡 )� (4) 

𝜋𝜋𝜃𝜃offline�𝑎𝑎𝑡𝑡 �𝑠𝑠𝑡𝑡� 

11: end for 
12: Update the value model by minimizing a square-error objective: 

𝑛𝑛 𝑇𝑇 

𝜌𝜌← arg min 
1 
� 

1 
�(𝑉𝑉𝜌𝜌(𝑠𝑠𝑡𝑡 ) − 𝑉𝑉targ(𝑠𝑠𝑡𝑡 ) )2 (5) 

𝜌𝜌 𝑛𝑛 𝑇𝑇 
𝑛𝑛=1 𝑡𝑡=1 

13: end for 
14: Output: πθ 

Adaptive Kullback–Leibler controller 
Following Ziegler et al. (2019, Sec. 2.2), we dynamically adjust βKL to target a specific KL divergence 
value, KLtarget, using a log-space proportional controller. 

The update rule is: 

KL�𝜋𝜋𝜃𝜃 , 𝜋𝜋𝜃𝜃SFT� − KLtarget = 𝛽𝛽KL𝑡𝑡 ��1 + 𝐾𝐾𝛽𝛽 . clip � , −0.2, 0.2�� 𝛽𝛽KL𝑡𝑡+1 KLtarget 

where Kβ is the proportional gain, set to 0.01. 

Reward function 
The reward function evaluates the overall quality of the output (sT). After the initial failures of 
testing a traditional readability measure (i.e., ARI) as the criterion, we decided to use a balance of 
two accessibility measures: average sentence length in words and word accessibility, adopted from 
Riddell and Igarashi (2021), to guide the optimisation. 

Word accessibility reward A word’s accessibility is approximated by how frequently it appears in 
a large reference corpus. We chose the English Wikipedia corpus due to its domain similarity and 
applied a Moses tokenizer, yielding a vocabulary of 14.6 million types from a total of 3.6 billion 
tokens. If a token is among the most common 100,000 types, we report its frequency per billion 
tokens as its accessibility measure. Otherwise, we estimate its frequency using ridge regression 
with an ℓ2-norm coefficient equal to 1.0. This model allows us to make serviceable estimates of the 
frequency of arbitrary tokens, including tokens that do not appear in the reference corpus. This 
model takes as input the token’s length in Unicode code points, its byte unigrams, byte bigrams, 
and byte trigrams. The model estimates the token’s log frequency per 1 billion tokens. We used the 
natural logarithm of frequencies per billion tokens as the measure of word accessibility. For 
example, the accessibility score for ‘big’ is 11.8, while ‘colossal’ scores 7.3. Despite being comparable 
in meaning, the model’s production of the latter will receive fewer rewards. Coefficient βwa is to 
control the scale of the credit given for word accessibility. 
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We have faithfully followed the experiment of Riddell and Igarashi (2021) with three differences. 
First, our reference corpus is the English Wikipedia, whereas the original study used the Common 
Crawl News corpus. Second, we did not discard duplicated sentences as Riddell and Igarashi (2021) 
did, because we found that sentence duplication is not common in Wikipedia. Third, the original 
study reported word inaccessibility scores by negating the logarithm of frequency per billion. We 
report accessibility, without negation, because it is more naturally suited to serve as a reward. Refer 
to Riddell and Igarashi (2021, pp. 1186–1187) for the training of the ridge regression. 

Sentence length reward Sentence length is also determined by a Moses tokeniser, which preserves 
hyphenation and splits contractions. For the Moses rule-based tokeniser, we use the sacremoses 
Python package. We negate the value of sentence length for intuitive calculation of the rewards 
for optimisation. 

Experiment setup 
Training 
We initialised the policy models πθ by adopting the Gemma-2B checkpoint reported in Wang and 
Clark (2024) (πθSFT). The original Gemma-2B was trained on three trillion tokens, consisting of 
publicly available data as well as proprietary datasets comprising ‘primarily English data from web 
documents’ (Mesnard et al., 2024). The specific checkpoint we adopted was fine-tuned using the 
SASS corpus in a straightforward manner. It was chosen for its strong performance for 
simplification quality, faithfulness, and relatively compact size. 

The two accessibility rewards were weighted as follows: the word accessibility reward was set to 
βWA = 4.0, and we report two models with different βSL values of 0.05 and 0.2. Because word 
accessibility is in logarithmic space, we subtracted 10 from the average word accessibility of the 
output and reset any values lower than 10 to 0 to keep them within a reasonable range. For adaptive 
control of the per-token semantic reward, we started with an initial βKL = 0.2 and targeted a KL 
divergence of 8.0 nats during the training course, capping it in the range between 0.15 and 0.25. 
We used a micro batch size of 4, with each sequence used to run the PPO algorithm for 4 epochs 
using importance sampling, with gradient accumulation steps set to 4. We used a clip range of 0.2 
for the policy gradient and value function estimation to ensure stability. The value function 
coefficient was set to 0.1. The optimisation used standard AdamW optimiser parameters (β1 = 0.9, 
β2 = 0.999, ∼�= 1 × 10−8) (Kingma and Ba, 2015; Loshchilov and Hutter, 2017). The learning rate was 
fixed at 1×10−6. The training was conducted on 2 H100 (80GB) GPUs using mixed precision training 
in bfloat16. The sampling temperature was set to 0.7 in the rollout phase. Following Huang et al. 
(2024), we assigned unfinished rollouts (indicated by the missing end of sequence token) with a 
fixed low score to encourage the model to generate complete simplified narratives. We also report 
a model trained as dictated by ARI (i.e., RLARI; described in Section 1.2), with all other parameters 
kept the same as those guided by the accessibility measures. We tested other hyperparameters for 
guiding the optimisation of RLARI in pilot studies but obtained similar results. 

We performed multiple runs for each reinforcement learning process and selected the checkpoint 
to report based on a balance of semantic retention and ARI score obtained on the validation set. 
We observed that the readability of the generated text on the validation set often began to decline 
rapidly after plateauing for a while, typically accompanied by a surge in the standard deviation of 
average word accessibility among sentences. This signals that the language model was sacrificing 
language quality and semantic relevance for extra improvements in readability. Therefore, we 
reported the checkpoint immediately before such instability occurred. 

Evaluation 
We evaluated the simplified texts generated by the language models trained with the 
reinforcement learning framework using 200 abstracts from the SASS corpus test set for 
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simplification. Though advanced decoding methods might further refine the quality of the outputs, 
we used multinomial sampling with the temperature set to zero to intentionally produce the most 
deterministic outputs. This approach helped us better understand the modelling of accessible 
language and made it easier for us to identify potential quirks. We assessed the quality of the 
generated simplified abstracts both quantitatively and qualitatively. Quantitatively, we measured 
the generated texts based on their semantic retention and accessibility using established relevance 
measures as well as readability and accessibility metrics. 

Semantic retention 
BERTScore calculates the cosine similarity between each token in the candidate sentence and each 
token in the reference sentence using contextual embeddings from a pre-trained language model; 
its results align well with human judgement on semantic similarity evaluation (Zhang et al., 2019). 
It is not directly influenced by lexical overlap, making it more suitable for evaluating simplification 
systems than are metrics that rely on matching words, such as BLEU (Papineni et al., 2002). For 
our evaluation, we used embeddings from the 18th layer of a BERT-large-uncased model and 
reported the F1 score. This choice is based on prior findings indicating that the 18th layer yields a 
strong Pearson correlation (0.72) on the WMT16 To-English benchmark (Zhang et al., 2019). 

Simplification and accessibility 
Accessibility can be measured with respect to the overall simplification quality (SARI); readability 
(ARI and Flesch-Kincaid); and other straightforward document complexity measures, including 
average sentence length, word accessibility (i.e., log frequency per 1 billion tokens found in English 
Wikipedia), the log ratio of its proportion of VOA Special English words (1,517 types in total), and 
average word length. 

SARI (System output Against References and against the Input sentence) is specifically designed to 
evaluate text simplification (Xu et al., 2016). It aims to measure how well a simplified text retains 
the original meaning while improving readability. SARI provides a balanced measure of how well a 
text simplification system performs by focusing on the necessary operations of adding, deleting, 
and retaining words. 

ARI and Flesch-Kincaid readability tests assign a numerical score to text that reflects the US grade 
level required for comprehension. Lower scores (1–13) indicate content suitable for kindergarten 
through twelfth grade, with each score corresponding to a subsequent grade level. Scores in the 
range of 14–18 suggest college-level readability, ranging from first- to senior-year content 
appropriateness. Higher scores (19 and above) are associated with advanced college education. 
Both measures use average sentence length. Flesch-Kincaid uses syllables per word, while ARI uses 
characters per word for its linear combination with sentence length. 

We harvested VOA Special English vocabulary comprising 1,517 unique words (VOA1500). We 
included VOA Special English Word Book Sections A-Z, Science Programs, and Organs of the Body 
hosted on Wikipedia (Wikimedia Foundation, 2024). We calculate the ratio of words that appear in 
the VOA1500 to those that do not, then report the natural logarithm of this ratio for each generated 
sample. Values above 0 indicate that the text contains more Special English words than non-
Special English words, and a higher value indicates a greater presence of ‘easy’ words. 

Language quality, faithfulness, and completeness 
We manually examined 5% of all generated samples, corresponding to a randomly chosen subset 
of the test set from the SASS corpus. Each generation is annotated with respect to language quality, 
faithfulness, and completeness using a rubric of Good, Acceptable, and Poor. We focused on 
fluency and grammaticality and hand-picked both good and problematic examples when 
evaluating language quality. For the evaluation of faithfulness, we conduct close readings to assess 
the extent to which a simplified abstract remains factually faithful to the original narrative. If 
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uncertainty arises, we consult the corresponding manuscript, as our abstract simplification system 
must avoid producing misinformation. Completeness is also a key consideration, as it is essential 
to include the main findings and implications of the research for the general public, since this is 
the primary goal of scientific dissemination. 

Findings and discussion 
Quantitative assessment 
Table 2 summarises the performance of Gemma-2B, tuned in different ways, when evaluated on 
the test set of the SASS corpus. The first scenario is the supervised fine-tuned baseline (SFT), which 
performs next-token prediction on the SASS corpus training set. 

The second and third scenarios are reinforcement learning through PPO guided by ARI (RLARI) or 
accessibility measures (RLAM). We assessed the generation quality by considering both semantic 
retention and simplification, specifically using BERT score (BS), SARI, ARI, Flesch-Kincaid 
readability test (F-K), the log ratio of words in the VOA1500 vocabulary (VOA), sentence length (SL), 
word accessibility (WA), and word length (WL). A one-tailed paired t-test was conducted for each 
metric to compare observations between the reinforcement learning and supervised fine-tuning 
baselines, assuming improvement in document readability. Bonferroni correction was applied to 
each set of tests to maintain a family-wise significance level of 0.05. 

Model βSL βWA ARI↓ F-K↓ SARI VOA SL↓ WA WL↓ BS 

SFT - - 15.5 
(3.0) 

16.5 
(2.6) 

39.1 
(5.0) 

-0.26 
(0.30) 

20.6 
(4.1) 

11.9 
(0.5) 

5.2 (0.4) 0.64 
(0.06) 

RLARI - - 12.6* 
(2.9) 

14.3* 
(2.5) 

40.1* 
(4.8) 

-0.17* 
(0.31) 

16.4* 
(3.7) 

12.0 
(0.5) 

5.0* 
(0.4) 

0.64 
(0.05) 

RLAM 0.05 4.0 13.5* 
(2.8) 

14.8* 
(2.4) 

39.8 
(5.1) 

0.08* 
(0.29) 

21.0 
(4.2) 

12.7* 
(0.5) 

4.8* 
(0.4) 

0.62 
(0.06) 

RLAM 0.2 4.0 12.5* 
(2.9) 

14.0* 
(2.5) 

39.8 
(5.0) 

-0.01* 
(0.32) 

17.7* 
(3.4) 

12.4* 
(0.5) 

4.9* 
(0.4) 

0.63 
(0.05) 

Table 2. Comparison of Gemma-2B’s performance across three approaches: the supervised fine-tuned 
baseline (SFT), reinforcement learning guided by ARI (using an intermediate checkpoint before significant 
policy gradient instability was observed, RLARI), and reinforcement learning guided by two accessibility 

measures (RLAM). SFT was fine-tuned using the Scientific Abstract-Significance Statement (SASS) corpus. 
The columns labelled βWA and βSL pertain specifically to RLAM, where the rewards for average word 

accessibility and sentence length are balanced. The inference on the test split from SASS uses multinomial 
sampling. Metrics ARI, F-K, SARI, VOA, SL, WA, WL, and BS stand for Automated 

Readability Index, Flesch-Kincaid readability test, log ratio of VOA1500 vocabulary, sentence length, word 
accessibility, word length, and BERTScore (F1), respectively. Measures followed by a down arrow symbol (↓) 

indicate that lower values are better. Numeric values in parentheses are the corresponding standard 
deviations. A paired two-tailed t-test was performed on observations of each measure between each model 
and the original abstracts. At a model-wise p-value of 0.05, measures that differ significantly from the SFT 

baseline are marked with an asterisk. 

We observe that reinforcement learning models trained with different rewards exhibit a notable 
reduction in reading level, bringing abstracts down to high school levels. The model directly guided 
by ARI (RLARI) achieves an ARI of 12.6, while the most performant model guided by accessibility 
measures (RLAM, βSL = 4.0 and βWA = 0.2) reaches 12.5, both aligning with the readability level 
expected for individuals who have completed K-12 education (approximately ARI 13). However, 
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RLARI and RLAM models achieve these readability improvements in different ways. For RLAM 
models, better readability is achieved mostly through improved token-level accessibility. RLAM 
models show an increase in word accessibility from 0.5 to 0.8 compared to the supervised baseline. 
This increase in the natural logarithm suggests that words generated by RLAM models are, on 
average, 1.6 to 2.2 times more frequent in the English Wikipedia corpus than those generated by 
the SFT model. In comparison, RLARI’s 0.1-unit increase in word accessibility, although observed, 
does not result in a statistically significant change in word frequency compared to the SFT model. 
Similarly, the log ratio of the VOA1500 vocabulary in the RLAM models shows a significant 
improvement, with log ratios ranging from −0.02 to 

0.08. This implies that for every 100 non-VOA1500 (or more complex) words generated, RLAM 
models can produce approximately 99 to 106 VOA1500 basic words. In contrast, the SFT and RLARI 
models exhibit VOA log ratios of −0.26 and −0.17, respectively, indicating that for every 100 non-
VOA1500 words generated, these models produce only around 77 (84) VOA1500 words. The average 
word length in characters for RLAM models ranges from 4.8 to 4.9, slightly shorter than RLARI’s 
and outperforming SFT. Overall, the above evidence suggests that RLAM models achieve better 
readability by using more common, simpler, and shorter words. 

On the other hand, the RLARI model achieves better readability by producing much shorter 
sentences, with only a marginal boost in word-level accessibility. The RLARI model has the shortest 
average sentence length of 16.4 words, significantly outperforming the SFT model. In comparison, 
a significantly shorter average sentence length is only observed when RLAM’s sentence length 
reward coefficient (βSL) exceeds 0.08. We also observed that, in pilot studies, if βSL is set to a higher 
value, such as 0.5, the model’s optimisation will collapse after only a few hundred steps, similar to 
what we consistently observed in the optimisation of RLARI models. The improvement in the RLARI 
model’s word-level accessibility is inconsistent: while we observed significant gains in the VOA log 
ratio and word length, the word accessibility measure did not show statistically significant 
improvement after a Bonferroni correction. That said, although RLARI uses more VOA basic words 
and shorter words, their frequency in the English Wikipedia corpus is not high enough to result in 
a significant increase in word accessibility compared to the SFT baseline. 

For semantic coherence with the human-written significance statements, the BERT scores from 
the reinforcement learning models are not significantly worse than those of the SFT model. This 
finding suggests that the generations from the reinforcement learning models are likely to remain 
semantically faithful and that the reinforcement learning process does not significantly degrade 
language quality, at least up to the point before unstable optimisation signals were observed. SARI 
scores from the reinforcement learning models are significantly, yet only marginally, better than 
those of the SFT baseline. Since SARI is a measurement of a combination of deletions, additions, 
and retention operations, a straightforward explanation is not available. However, the higher SARI 
scores confirm the greater simplification quality of the reinforcement learning models, which is 
likely due to a combination of simpler words and shorter sentences. 

Qualitative analysis 
We annotated 5% of the generated simplified abstracts from reinforcement learning models 
guided by ARI (RLARI) and accessibility measures (RLAM, with βWA = 4.0 and varying βSL values) with 
respect to language quality, faithfulness, and completeness, as shown in Figure 2. The test 
abstracts included three from biological sciences and one each from chemistry; mathematics; 
evolutionary biology; environmental sciences; ecology; economic sciences; and earth, 
atmospheric, and planetary sciences. 
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Figure 2. We annotated 5% of the generated outputs from reinforcement learning models 
guided by ARI (RLARI) and accessibility measures (RLAM, with βWA = 4.0 and 

two different βSL values). 

Regarding overall quality, we found that reinforcement learning-trained models generally 
produced high-quality language. Compared to the SFT generations, RLAM outputs are often 
shorter and more semantically complete, due to the imposed token budget for newly generated 
content (241 tokens, the length of the longest significance statement in the training set). The main 
shortcoming is the presence of small trailing phrases that often deflate readability scores, such as 
‘(PsycINFO Database Record),’ ‘(show more),’ and ‘All rights reserved.’ The first artefact is also found 
in the SFT model generations and is hypothesised to be carried over from the corpora that Gemma-
2B was previously exposed to, as this pattern does not appear in the SASS corpus. An informal 
review of the remaining generations suggests that this phenomenon is amplified, appearing even 
in samples without such trailers in the SFT generations. The latter two artefacts were newly 
observed and are caused by the reinforcement learning processes. Where any of these issues 
appear, we annotate them as ‘Acceptable,’ even though the generations are otherwise fluent and 
grammatical. We also found that the proportion of these artefacts steadily increases as training 
continues, and they are usually found in only a subset of samples across different experiments. 

In assessments of faithfulness, we did not find any models hallucinating in the generations we 
examined. However, in informal examinations, we did find that reinforcement learning 
checkpoints may hallucinate by generating simple but overly hedging or short expressions when 
over-optimised. Generations from RLARI-trained models often remain unfinished, but they retain 
the main gist of the abstract. Although we do not observe trailer phrases in the RLARI-generated 
texts like those found in the RLAM models, this issue frequently arises in other RLARI runs. 
Subsequent checkpoints often exhibit similar problems and tend to deteriorate rapidly once the 
model starts cutting corners. This typically occurs shortly before the training process completely 
fails. However, the reported checkpoint happens to miss this characteristic. 

Conclusion 
To improve the accessibility of scientific literature to the general public, we implemented 
reinforcement learning techniques to guide language models, extending beyond the traditional 
cross-entropy objective. Our study demonstrates that carefully balancing accessibility measures 
at the word and sentence levels can effectively guide Gemma-2B in simplifying scholarly abstracts, 
outperforming the supervised fine-tuning baseline by a large margin. This approach achieves these 
improvements without compromising language quality or faithfulness and mitigates the 
supervised fine-tuning model’s tendency to overemphasise research implications. The best model 
trained using our method successfully adjusts the readability level of scholarly abstracts by 
approximately six US grade levels in other words, from a postgraduate to a high school level. 
Compared to the supervised fine-tuning model, the words generated by the model trained via our 
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approach are proven to be more common (1.6 to 2.2 times more frequent), easier (with more VOA 
basic words), and shorter (by 0.3 to 0.4 characters). This improvement addresses a key limitation 
of existing corpora, in which the target distribution (i.e., significance statements) often does not 
adequately prioritise the accessibility of word choice. We hope this work contributes to bridging 
the gap between scholarship and a broader audience, advancing the understanding and 
development of better simplification systems, and ultimately fostering a more informed and 
engaged society. 
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