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Abstract. Translating natural language into formal logic enables auto-
mated reasoning, yet the syntactic and semantic complexity of natural
text often prevents reliable formalization. This work presents a sentence
simplification framework designed to improve language-to-logic trans-
lation within our language understanding pipeline. Our approach inte-
grates large language models (LLMs) with in-context learning (ICL) and
introduces an adversarial self-checking technique that iteratively detects
and corrects errors. Results show that adversarial self-checking substan-
tially improves output quality, enabling smaller models to outperform
larger models. Across ICL strategies, curated static examples achieved
the best overall performance, while syntactic retrieval outperformed se-
mantic similarity. We further demonstrate that logic-tailored simplifica-
tion, emphasizing clause splitting and pronoun resolution, improves syn-
tactic validity and reduces hallucination rates in downstream logic trans-
lation. Together, these findings establish sentence simplification as a crit-
ical enabler for neuro-symbolic autoformalization, supporting more reli-
able and verifiable Al reasoning in analysis, policy, and decision-making
contexts.
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1 Introduction

Natural language contains ambiguities, nested constructions, and pronouns that
hinder translation into formal logic. This complexity prevents machines from
reasoning reliably about human text, which limits the trustworthiness of arti-
ficial intelligence (AI) systems in high-stakes domains such as policy analysis
or decision support. While AI models can generate fluent text, they are prone
to hallucinations, contradictions, and errors that undermine confidence in their
outputs [1, 2, 3].

The Hybrid Neuro-Ontological Language Understanding (HyNOLU) project
[4] addresses these challenges by developing a pipeline for converting natural
language into the formal language Standard Upper Ontology Knowledge Inter-
change Format (SUO-KIF) [5] using logical symbols from the Suggested Up-
per Merged Ontology (SUMO)?! [6, 7]. Translating into an expressive logic en-
ables formal reasoning with automated theorem provers such as Eprover [8] and
Vampire [9]. YThe architecture combines preprocessing, language-to-logic (L2L)
translation, and logical validation using automated theorem provers (ATPs).
Within this pipeline, sentence simplification plays a critical role by restructuring
complex language into atomic statements that are more tractable for downstream
translation.

This paper focuses on the sentence simplification component of HyNOLU,
which introduces two core contributions:

1. An adversarial self-checking loop in which models iteratively critique and
revise simplifications until an acceptable output is produced.

2. An extension of this approach to a custom corpus designed for L2L sim-
plification, targeting atomic decomposition and pronoun resolution for logic
translation.

Experiments compare multiple large language models (LLMs) and in-context
learning (ICL) strategies, with performance measured using established simpli-
fication metrics such as SARI and METEOR. Results show that adversarial
self-checking consistently improves outcomes and enables smaller models to sur-
pass larger ones. Static ICL examples selected for structural diversity yielded
the strongest results, while syntactic similarity retrieval outperformed semantic
similarity retrieval. Applying the framework to the L2L corpus produced in-
conclusive quantitative results due to the immaturity of downstream translation
models, but qualitative assessment showed promising improvements in atomicity
and pronoun handling.

2 Background

This section situates our work within prior research on sentence simplifica-
tion and introduces the evaluation methods relevant to our experiments. We
briefly review the evolution of simplification techniques, highlight commonly
used datasets and metrics, and discuss recent advances in LLMs and ICL.

! https://www.ontologyportal .org
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2.1 Sentence Simplification Approaches

Early efforts in text simplification were motivated by accessibility and parser
performance, with hand-crafted rule systems targeting operations such as clause
splitting, passive-to-active voice conversion, and lexical substitution [10, 11]. Sta-
tistical machine translation methods followed, modeling simplification as mono-
lingual translation with operations including reordering, substitution, and dele-
tion [12]. Subsequent work explored hybrid frameworks that combined syntactic
transformations with statistical or semantic models [13].

With the advent of neural architectures, encoder—decoder models and rein-
forcement learning systems such as DRESS [14] achieved state-of-the-art results,
optimizing directly for simplicity, fluency, and meaning preservation. More re-
cently, controllable models such as ACCESS [15] introduced explicit simplifi-
cation parameters, while LLMs have demonstrated strong zero- and few-shot
capabilities across simplification tasks [16].

2.2 Datasets and Metrics

Simplification research has relied heavily on corpora aligned between complex
and simple sentences. Early resources such as PWKP [12] and Newsela [17]
enabled supervised training, though quality and availability were limiting fac-
tors. The TurkCorpus [18] introduced multiple human references per sentence,
improving evaluation reliability. Building on this, the ASSET corpus [19] en-
couraged diverse edits across splitting, paraphrasing, and reordering, and has
become a standard benchmark for modern systems. In this work, we also intro-
duce a custom corpus tailored for L2L translation, designed to emphasize atomic
decomposition and pronoun resolution.

Evaluation of simplification quality has traditionally relied on n-gram overlap
metrics such as BLEU [20], ROUGE [21], and METEOR [22]. However, these
metrics often fail to capture structural or semantic improvements. The SARI
metric [18] addresses this gap by directly evaluating addition, deletion, and reten-
tion operations relative to the source and reference sentences. Our experiments
therefore evaluate simplification quality using a full suite of metrics, including
BLEU, ROUGE, METEOR, SARI, BERTScore [23|, and FrugalScore [24].

2.3 Large Language Models and In-Context Learning

The emergence of LLMs such as GPT [25] and T5 [26] has transformed simpli-
fication research. These models can perform simplification without task-specific
fine-tuning, guided instead by ICL. Recent work shows that even a handful of
curated examples can match or surpass fine-tuned baselines [27, 16]. This mo-
tivates our systematic evaluation of ICL strategies, comparing static example
sets, syntactic retrieval, and semantic retrieval.
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2.4 Adversarial Self-Checking

Beyond initial generation, feedback mechanisms can improve output reliability.
Recent studies in self-refinement and adversarial prompting demonstrate that
iterative critique-revision cycles reduce hallucinations and improve factuality
[28]. However, their application to text simplification has been limited. Our work
adapts this paradigm by introducing an adversarial self-checking loop: models
are prompted to critique their own simplifications, propose corrections if needed,
and iterate until the output is acceptable.

2.5 Research Gap

Despite decades of progress, most simplification research focuses on human read-
ability. Few works evaluate simplification explicitly for downstream reasoning or
logic translation. Our contribution addresses this gap by systematically compar-
ing ICL strategies and adversarial self-checking across multiple LLM backbones,
and by extending the framework to an L2L corpus tailored for logic translation.

3 Methodology

We designed a sentence simplification pipeline aimed at improving downstream
L2L translation within the HyNOLU framework. The pipeline was evaluated
in two primary experiments: (1) benchmarking multiple ICL strategies against
human-crafted simplifications in the ASSET corpus [19], and (2) assessing logic-
tailored simplification on a custom corpus optimized for atomic decomposition
and pronoun resolution.

3.1 ASSET Sentence Simplification Corpus

The ASSET corpus served as our primary benchmark, providing 2,000 validation
and 359 test sentences, each paired with ten human-crafted simplifications. Mul-
tiple references increase evaluation reliability by capturing diverse simplification
strategies. The validation set served as the pool of examples selected for ICL. To
extend beyond human readability, we constructed a small custom corpus for L2L
tasks, emphasizing clause splitting and pronoun resolution to reduce ambiguity
in logic translation.

3.2 Model Selection

The models selected for testing represent a spectrum of size, architecture,
and quantization strategy. Smaller models such as mistral:7b-instruct-fpl6
and 1lama3.1:8b-instruct-q8_0 were included to evaluate performance in
resource-constrained environments where memory and compute are limited.
Larger models such as 1lama3.3:70b-instruct-q4_K_M and phi4:14b-fpl6
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were chosen to test whether scaling parameter count and precision con-
sistently yields improvements in simplification quality. The inclusion of
mistral-nemo:12b-instruct-2407-fp16 provides a middle ground between ef-
ficiency and capacity, highlighting trade-offs between runtime, resource usage,
and output quality.

This diverse set enables a fair comparison across different scales of LLMs,
helping to determine whether smaller, instruction-tuned models coupled with
targeted prompting strategies can rival or even outperform larger, more resource-
intensive alternatives.

3.3 In-Context Learning Strategies

Each input sentence was simplified by prepending demonstrations in
the form Original: <original sentence> /n Simplified: <simplified
sentence>, enabling the LLM to learn the transformation pattern. For each in-
put, we selected the reference simplification with the greatest degree of sentence
splitting, ensuring maximal decomposition for guiding the model. We tested four
ICL strategies:

— Static: a fixed, hand-curated set of diverse simplifications.

— Random: randomly selected examples.

— Semantic Retrieval: nearest-neighbor search using Sentence-BERT em-
beddings [29].

— Syntactic Retrieval: retrieval based on tree edit distance between depen-
dency parses [30].

The semantic method often retrieved sentences that were similar in meaning but
structurally irrelevant, whereas syntactic retrieval favored structurally aligned
but semantically unrelated sentences. Both dynamic strategies were compared
against the static baseline. Figure 1 illustrates the retrieval process.

Similarity Search
(Semantic or Syntactic)

Top k Similar
Sentence Pairs
Parallel
Corpus

Y

[ Original Sentence ]—)[ Simplify ]—)[Simplified Sentence]

Fig. 1. ICL Retrieval Process

3.4 Adversarial Self-Checking Loop

To mitigate hallucinations and information loss, we implemented an adversarial
self-checking loop, shown in Figure 2. After generating a simplification, a sepa-
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rate model instance critiqued it for three error types: added information, missing
information, or unacceptable meaning change. The critique returned a JSON ob-
ject with recommendations, which was fed back to the original model for revision.
This process iterated until the critique accepted the output or a maximum retry
threshold was reached. Adjusting the model temperature up to 0.5 improved
convergence by preventing repetitive loops. Only 1lama3.1:8b-instruct-q8_0
and mistral:7b-instruct-£fp16 were tested in this adversarial configuration, in
order to evaluate whether smaller models could be improved for use in resource-
constrained environments.

Detected Issues

No Issues
Detected

Simplification
Candidate

A
Simplify

Hallucination

iginal Sent
Original Sentence Checker

Return Approved
Simplification

Fig. 2. Adversarial Simplification Loop

3.5 L2L Tailored Simplification

Human-oriented simplifications in the ASSET corpus often remain too complex
for logic translation, particularly in cases with pronouns or coordinated noun
phrases. To address this, we created handcrafted L2L examples that decompose
sentences into atomic statements aligned with training data for logic models. For
example:

Original: The tornado destroyed 20 homes, left 30 others severely
damaged, injured one person, and caused power outages.

ASSET Corpus Simplification: The tornado destroyed 20 homes
and damaged 30. It injured one person, and caused power outages.

L2L Simplification: The tornado destroyed 20 homes. The tornado
damaged 30 homes. The tornado injured one person. The tornado caused
a power outage for 30 people.

We further applied pronoun resolution to ensure referential grounding before

SUO-KIF translation, using a lightweight LLM-based resolver.

3.6 Evaluation Metrics

Generated simplifications were evaluated against ASSET corpus references using
the following metrics:

— system output against references and against the input sentence (SARI) [18§]
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metric for evaluation of translation with explicit ordering (METEOR) [22]
— BLEU [20]

— ROUGE [21]

BERTScore

FrugalScore

For L2L evaluation, simplified and original sentences were translated into
SUO-KIF using fine-tuned T5 and LLaMA models, and outputs were assessed
for syntax validity, hallucinated terms, and aggregate validity scores.

4 Results

We evaluated 359 test sentences from the ASSET corpus using multiple LLMs
and ICL configurations. Simplification quality was measured with BLEU, ME-
TEOR, ROUGE-L, SARI, BERTScore, and FrugalScore. We then applied a
logic-tailored pipeline on 105 complex sentences to test downstream L2L trans-
lation effects.

4.1 Simplification Performance

Top Configurations Of the 67 unique configurations tested, the adversarial
self-checking pipeline paired with 11ama3.1:8b achieved the highest overall per-
formance, surpassing larger models such as phi4:14b and 1lama3.3. The top
ten scoring configuration are displayed in Table 1.

Table 1. Top-performing configurations with associated average simplification metrics.

Model ICL Type / Size|SARI|FrugalScore BERTScore ROUGE-L METEOR BLEU
llama3.1:8b_adv|dynamic_tree / 5 | 0.47 0.60 0.98 0.84 0.89 0.76
phid:14b-fp16  |static / 5 0.48 0.59 0.97 0.81 0.87 0.72
llama3.3 static / 5 0.48 0.59 0.97 0.81 0.86 0.73
llama3.3 static / 10 0.48 0.58 0.97 0.80 0.86 0.72
phi4:14b-fp16 static / 10 0.48 0.59 0.97 0.80 0.86 0.71
llama3.1:8b static / 5 0.46 0.58 0.97 0.81 0.86 0.73
llama3.1:8b dynamic_tree / 1 | 0.45 0.57 0.97 0.81 0.83 0.75
llama3.1:8b static / 1 0.46 0.58 0.97 0.80 0.86 0.72
phid:14b-fp16 dynamic_tree / 5 | 0.46 0.57 0.97 0.80 0.84 0.71
llama3.1:8b static / 10 0.46 0.58 0.97 0.79 0.84 0.70

Model-Level Comparison Averaging across all ICL strategies, smaller quan-
tized models outperformed larger ones on multiple metrics. The results are dis-
played in Table 2. The 1lama3.1:8b model achieved the highest BLEU and
ROUGE-L, while phi4:14b led in SARI and METEOR.
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Table 2. Average simplification performance by model.
Model SARI|Frugal BERT ROUGE-LMETEOR|BLEU
llama3.1:8b 0.44 0.56 0.97 0.79 0.82 0.71
phi4:14b 0.46 | 0.57 0.97 0.78 0.83 0.67
llama3.3 0.45 0.54 0.97 0.77 0.81 0.68
mistral-nemo| 0.42 | 0.55 0.97 0.76 0.78 0.65
mistral:7b 0.41 0.51 0.97 0.74 0.75 0.61

ICL Strategy and Size Static examples with handpicked diversity yielded
the strongest results (Table 3). Syntactic retrieval also performed well, while
semantic retrieval offered no advantage over random selection.

Table 3. Average performance by ICL type.

ICL Type |[SARI|Frugal BERT ROUGE-LMETEOR | BLEU
static 0.45 | 0.56 | 0.97 0.78 0.82 0.68
syntactic_tree| 0.44 | 0.55 | 0.97 0.78 0.80 0.68
random 0.43 | 0.54 | 0.97 0.77 0.79 0.66
semantic_sim | 0.44 | 0.55 | 0.97 0.76 0.79 0.65
none 0.40 | 0.51 | 0.96 0.72 0.74 0.59

As shown in Table 4, a single in-context example provided major improve-
ments over zero-shot. Beyond five examples, gains plateaued.

Table 4. Average performance by ICL size.

Size|SARI|Frugal BERT ROUGE-L METEOR | BLEU
10 | 0.45 | 0.56 | 0.97 0.78 0.81 0.67
5 | 044 | 0.56 | 0.97 0.78 0.81 0.67
1 | 043 | 054 | 0.97 0.77 0.79 0.66
0 | 040 | 0.51 0.96 0.72 0.74 0.59

Adversarial Self-Checking The adversarial loop (Table 5) yielded the
strongest results overall. Crucially, it elevated smaller models above larger base-
lines, demonstrating that structured feedback can substitute for scale.
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Table 5. Adversarial self-checking results (syntactic_tree / size 5).

Model SARI|Frugal BERT ROUGE-L METEOR|BLEU
llama3.1:8b__adv| 0.47 | 0.60 | 0.98 0.84 0.89 0.76
mistral:7b_adv | 0.45 | 0.56 | 0.97 0.79 0.83 0.71

4.2 Logic-Tailored Simplification

We observed that logic-tailored simplification yielded more atomic and pronoun-
resolved structures. For example:

Original Sentence: Saint Martin is a tropical island in the northeast
Caribbean, approximately 300 km (186 miles) east of Puerto Rico.
Original Simplification: Saint Martin is a tropical island in the north-
east Caribbean. It is approximately 300 km east of Puerto Rico.
L2L-Tailored:

— Saint Martin is a tropical island.

— Saint Martin is in the northeast Caribbean.

— Saint Martin is approximately 300 km (186 miles) east of Puerto

Rico.

Each L2L-Tailored sentences contain minimal numbers of facts, facilitating
simpler logic statements needed to formally represent sentences. Further research
is needed to quantitatively assess this impact. Table 6 shows slight improvements
in syntax validity of natural language sentences translated into formal SUO-KIF.

Table 6. SUO-KIF results before vs. after logic-tailored simplification.

Model/Input |Validity %|Avg. Terms
LitGPT Orig 94.3 15.0
LitGPT Simpl 95.2 17.9
T5-FLAN Orig 93.3 154
T5-FLAN Simpl 95.0 19.1

5 Discussion

The results highlight three main findings.

5.1 ICL Strategies

Static examples outperformed other strategies, underscoring the value of curated
demonstrations with structural diversity. Syntactic retrieval proved more useful
than semantic similarity, confirming that structural alignment matters more than
meaning for simplification. Zero-shot was weakest, showing that even minimal
in-context guidance substantially improves performance.
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5.2 Adversarial Loop

The self-checking loop produced the largest gains, especially for smaller mod-
els. By iteratively identifying hallucinations and meaning shifts, models refined
their own outputs without external supervision. This allowed 11ama3.1:8b and
mistral:7b to outperform much larger models, suggesting that feedback mech-
anisms can substitute for scale in resource-constrained environments.

5.3 Logic-Tailored Simplification

Quantitative SUO-KIF improvements were modest, but qualitative inspection
showed clearer agent—patient roles in generated SUO-KIF, better pronoun reso-
lution in simplified sentences, and more atomic decomposition. These traits align
closely with the needs of symbolic translation, even if current downstream L2L
models lack the strength to fully capitalize on the improvements.

5.4 Limitations

There are several limitations with the adversarial approach. First, automatic
metrics penalize simplifications that diverge lexically from references, even if
they are subjectively better. Second, the ASSET corpus contains noisy or mal-
formed sentences, limiting reliability. Third, logical fluency remains challenging,
since over-splitting sentences risks losing temporal or causal relations. Future
work should explore better L2L evaluators, curated corpora, and adaptive sim-
plification strategies.

6 Conclusion

This work introduced a sentence simplification framework for Language-to-Logic
(L2L) tasks. Through extensive benchmarking of multiple LLMs and ICL strate-
gies using both traditional and modern evaluation metrics, we demonstrated the
value of careful model and prompt design. An adversarial self-checking loop fur-
ther enabled smaller models to outperform larger ones, while experiments showed
that syntactic alignment in ICL selection is more effective than semantic simi-
larity. In addition, logic-tailored simplification yielded qualitative improvements
in SUO-KIF generation, highlighting the benefits of domain-specific adaptation.

Future work should focus on evaluation methods that integrate human judg-
ment with automated scoring, the construction of larger and cleaner simplifi-
cation corpora beyond ASSET, and the development of stronger L2L models
capable of leveraging atomic simplifications. By combining syntactic retrieval
for ICL with adversarial self-checking, this research advances the creation of
explainable and verifiable reasoning pipelines. Although challenges remain, the
proposed framework provides a concrete step toward trustworthy L2L transla-
tion.
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