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Abstract

Fine-tuning a Large Language Model (LLM) to trans-
late imprecise, ambiguous natural language into a for-
mal logic language that supports automated reasoning
requires a significant amount of training data. With the
assistance of a large ontology, millions of synthetic
sentences can be generated in natural language with a
corresponding formal representation. A problem arises
in that generated sentences are often nonsensical. De-
tecting and omitting incoherent sentences improves the
quality of the training dataset, and provides useful feed-
back to the ontologist for adding “common sense” rules
to the ontology. Using approximately 6,000 human-
labeled sentences, this research analyzes three methods
for detecting linguistic coherence and conducting high-
precision filtering. The first method makes use of ex-
pected next-token statistics from an LLM. The second
method submits a prompt to an LLM asking it to make
a coherence determination. The third method is a com-
posite of the first two. Our results have dramatically im-
proved synthetic training data quality and are expected
to contribute to significantly better language reasoning
skills.

Introduction

The notable improvement of LLM technology in recent
years has created new opportunities for Natural Language
Processing (NLP). Informal natural language prompts have
proven successful at generating formal programming in-
structions in Java, Python, and numerous other formal lan-
guages. Similarly, automated translation of natural language
into a formal logic representation has shown promise. Fig. 1
shows an example English sentence with its logical equiv-
alent. The ultimate goal of our research is to automate the
translation of natural language sentence into formal lan-
guage and then perform automated reasoning using knowl-
edge previously formalized in a large ontology. For an LLM
to correctly translate and associate an English word with its
correct formal representation in an ontology requires a sig-
nificant amount of training data. Manually generating mil-
lions of unique sentences with their logical equivalent would
be an enormously expensive and time consuming initiative.
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Our method is to synthetically generate sentences. We
select formal terms from a large ontology, along with the
English words they have been mapped to (Niles and Pease
2003). SUMO' is a large-scale formal ontology with ap-
proximately 20,000 concepts and 100,000 human-authored
higher-order logic statements (Niles and Pease 2001; Pease
2011), encompassing numerous specialized domains (Pease
and Benzmiiller 2010). It includes over 6,000 kinds of phys-
ical objects, 1,425 process types, hundreds of social roles,
and over a thousand relationships, each axiomatically de-
fined in first- and higher-order logic. The Knowledge Inter-
change Format for the Standard Upper Ontology (SUO-KIF)
is a logic language with the purpose of formally representing
ontological knowledge in machine-processable form (Pease
2021). We use SUMO terms to build formal SUO-KIF
logic statements and their corresponding English equiva-
lents. Words are placed into sentence templates (or frames),
and their formal counterparts are placed into a logic formula
frame. The simplest version of this is shown in Fig. 2 for il-
lustration. Because the frame structure has well-defined se-
mantics, we can simultaneously generate English sentences
and their equivalent, accurate logic formulas.

John kicks the ball.

(exists (?2J ?K ?B)
(and
(instance ?J Human)
(names "John" ?J)
(instance ?K Kicking)
(instance ?B Ball)
(agent ?K ?J)
(patient ?K ?B)))

Figure 1: English sentence and its equivalent logic formula.

However, unconstrained generation produces many sen-
tences that are linguistically incoherent. Training datasets
with higher linguistically semantic coherence has been
shown to improve LLM performance (Roberts et al. 2019).
Manual filtering is infeasible at scale, motivating the need
for automated coherence discriminators. We study the prob-
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lem of high-precision filtering of synthetically generated
sentences. Given a set of candidate sentences, the goal is
to automatically select a subset that is highly likely to be co-
herent. Since generating synthetic sentences from the large
ontology is relatively low compute, we tolerate a high false
negative rate with low recall in order to preserve the pre-
cision of the final dataset. Thus, precision and incoherent
leakage are more relevant than traditional balanced classi-
fication metrics. We are primarily interested in maximizing
the number of coherent sentences retained, subject to a strict
constraint on incoherent leakage.

Contributions of this work include an analysis of three
LLM-based methods for accomplishing high-precision fil-
tering. The first method analyzes LLM expected word statis-
tics with three classifiers, Logistic Regression (LR), Ran-
dom Forest (RF), and Support Vector Machine (SVM). The
second method involves carefully engineered LLM prompts.
The third method, which we call the cascade method, is a
composite of the first two methods, using the computation-
ally cheaper LR discriminator as a pre-filter before filter-
ing further with the more expensive LLM prompt method.
A sentence diversity analysis ensures that these methods are
not merely retaining trivial sentences.

Subject Verb Object
']
(exists (25 2?2V ?20)
({and

(instance 2V <VerbClass>)
(instance ?5 <SubjectClass>)
(instance 20 <ObjectClass>)
(agent 2V 28)

(patient 2V 20)))

Figure 2: One of many sentence and logic frame structures
employed to generate synthetic sentence and logic pair. Im-
age adapted from (Thompson et al. 2025).

The quality of synthetic training data saw dramatic im-
provements, which is anticipated to yield considerably
stronger, more accurate language reasoning abilities. To our
knowledge, this is the first work to exploit LLMs for auto-
mated filtering to curate a dataset of synthetic English sen-
tence/logic pairs created from a large higher-order ontology.

Related Work

There is a significant body of work in natural language to
logic translation. Foundational studies began with controlled
English and narrow domains. These early studies include
ACE (Fuchs and Schwitter 1996) and CELT (Pease and
Murray 2003). These early projects did not leverage Large
Language Models, and only CELT employed a large gen-
eral ontology. LogAnswer was an early attempt at a ques-
tion and answer system (Furbach et al. 2008) with the help
of a large semantic network. It used large portions of Multi-
Net semantic network (Helbig 2005) and was able to answer
basic queries. Other more recent efforts have used LLMs

to turn natural language into formal logic without an ontol-
ogy (Zheng et al. 2025) (Sutcliffe 2026). Frame structures
have long been used to generate English/Logic pairs from
ontologies (Karp, Peter D 1992), but not on the scale of our
work (millions of sentences). Recently, researchers have de-
veloped a system to translate natural language into First Or-
der Logic using an LLM (Tammet et al. 2024), including
deploying LLMs to assist in generating a synthetic training
dataset with thirty-four thousand sentence/logic pairs (Yang
et al. 2023), with limited linguistic and logical complexity.
Like many statistical Al systems this project provides natu-
ral sounding responses, but also combines a limited ontol-
ogy of a few dozen labels to add some meaning and rea-
soning behind certain responses. Without definitions to an-
chor the meaning of terms used in logic expressions, sym-
bols have meaning only to the extent that they exist in the
current dialogue. This risks semantic mismatch because the
formalizations do not conform to the semantics that people
would assign to those labels. For example, “The party is on
Thursday.” and “The book is on the table.” both feature the
preposition “on” but with a completely different meaning.
Without an ontology to anchor the meaning of the logical
symbols, contradictions can easily be generated. Products
labeled as ontologies vary widely in complexity, but most
are not written in expressive logics. Other upper ontologies
are quite small, with a few dozen to a hundred concepts.
These include BFO (Otte, Beverley, and Ruttenberg 2022)
and DOLCE (Gangemi et al. 2002).

Methodology

Approximately 6,000 sentences were generated as previ-
ously described. Human classifiers were instructed to read
each sentence and annotate as coherent or incoherent.
Across the dataset, 47.2% of sentences were marked coher-
ent. The dataset is randomly shuffled and split into a training
set (80%) and also a test set (20%) for final comparison. Five
discriminators were trained as described below.

Method 1: Expected-Token Discriminators

Overview. Our first method leverages token-level statis-
tics from pretrained language model. For each sentence,
we first compute expected next-token statistics. Then, three
models were generated based on these statistics: Logistic
Regression (LR), Random Forest (RF), and Support Vec-
tor Machine (SVM). Each model outputs a real-valued co-
herence score. LR and calibrated SVM/RF scores are in-
terpreted as probability estimates and thresholded for ac-
cept/reject decisions. For classification, each model’s prob-
ability threshold was tuned to maximize precision while
meeting statistical levels of confidence.

Feature Extraction Process. Features were extracted
from each synthetic sentence using a teacher-forced to-
ken probability approach, where each token position ¢ re-
ceives as input all preceding tokens and produces logits over
the vocabulary, implemented in Python with the Hugging-
Face Transformers library. The LLaMA 3.2 model (meta-
Ilama/Llama-3.2-3B) served as the base language model for



computing token-level statistics. Llama 3.2 was chosen be-
cause it is capable, but small enough to more quickly process
numerous prompts. Each sentence was first tokenized using
the LLaMA 3.2 tokenizer. Then the tokenized sequence was
passed through the model in teacher-forcing mode. Token-
level log probabilities log p(¢;|t<;) were extracted by apply-
ing log-softmax to the output logits and gathering the prob-
ability assigned to each observed token. Per-token surprisal
values were computed as s; = — log p(t;|t<;), measured in
nats (natural logarithm) (Wilcox et al. 2023). Finally, from
these surprisal values and the token sequence, sentence fea-
tures were calculated.

The extraction pipeline processed sentences sequentially,
computing the following features: n_tokens (total num-
ber of tokens in the sentence), avg_n1l1 (overall surprisal),
P95 and p99 (95th and 99th percentile of per-token sur-
prisal), max_surp (maximum token surprisal in the sen-
tence), spike_frac_35 (fraction of tokens whose sur-
prisal exceeds a threshold of 3.5 nats), spike_frac_50
(fraction of tokens whose surprisal exceeds 5.0 nats), rep_
lgram (proportion of repeated unigrams within the sen-
tence), topl_prob_mean (mean probability assigned by
the model to its most likely token at each position), topl_
minus_true_mean (mean difference between the prob-
ability of the model’s top-ranked token and the probability
of the observed token), digit_ratio (fraction of charac-
ters that are numeric digits), and upper_ratio (fraction
of uppercase characters). Together, these features character-
ize both sentence-level fluency and localized irregularities,
enabling effective discrimination between coherent and in-
coherent synthetic outputs.

Precision Confidence using Wilson LCB. Observed data
across all features is noisy, without a sharp division be-
tween coherent and incoherent sentences. This is illustrated
in Fig. 3, the t-Distributed Stochastic Neighbor Embedding
(t-SNE) chart. The noisiness of the data indicates that high-
precision discriminators will result in a smaller subset of
selected sentences. Because of this, the measured precision
p = %EFP can be overly optimistic when the number of
accepted examples n = TP + FP is small. To enforce con-
servative high-precision, we compute the Wilson score 95%
lower confidence bound (LCB) on precision. Other confi-
dence interval metrics break down when n is small, or preci-
sion is close to the boundary of 0 or 1. Wilson LCB discounts
high observed precision that is supported by only a few ac-
cepted examples, thus as n grows, the LCB approaches the
measured precision (Brown, Cai, and DasGupta 2001).

Precision Constrained Threshold Calibration All three
methods (LR, SVM, RF) employed k-fold cross-validation
threshold selection on the training set to stabilize threshold
selection. For each fold, models were trained on k — 1 folds
and validated on the held-out fold. All three classifiers were
trained to produce a predicted probability of coherence for
each sentence z: p(x) = P(coherent | x). To convert these
probabilities into binary accept/reject decisions, probability
thresholds ¢ in ¢ € [0, 1] from 0.0 to 1.0 at steps of 0.005
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Figure 3: t-SNE visualization of sentence feature vectors (12
token-level statistics; n=750), revealing noisy separation and
challenging classification boundaries.

were evaluated. For a given threshold ¢, a sentence was ac-
cepted as coherent if p(x) > t. For each ¢, we evaluate the
resulting accepted set and compute the Wilson 95% lower
confidence bound on precision. We select the threshold that
maximizes the achievable lower bound on true precision,
yielding the strongest conservative precision guarantee sup-
ported by the data. For example, the highest attainable Wil-
son lower confidence bound for LR occurred at ¢ = 0.81,
meaning that we are 95% confident that the true precision is
at least 0.81. The final threshold was chosen as the median
of the thresholds selected across folds, and incorporated into
the final decision rules for each discriminator.

Logistic Regression Discriminator A LR discriminator
was trained using gradient descent with L2 regularization on
features derived from expected-token statistics. After thresh-
old calibration the learned coefficients were transformed
from standardized space back to raw feature space for ef-
ficient computation. The final deployed discriminator is im-
plemented as a linear rule in raw feature space:

keep sentence if Z afry+c > 0,
fer

where x¢ is the raw feature value and F is the retained
feature set.

Random Forest Discriminator We evaluate an RF coher-
ence discriminator trained on the same expected-token fea-
tures. RF provides a group of decision trees capable of cap-
turing higher-order feature interactions that are not express-
ible by a single linear decision boundary. The RF discrim-
inator was trained using a standard method of using deci-
sion trees with bootstrap aggregation. Each tree was trained
on a random sample of the training data and a random sub-
set of features at each split, to improve robustness to feature
noise. Input features and training set were identical to the LR



training. As with the other discriminators, training was per-
formed exclusively on the training set, using human labels.
Rather than relying on the RF’s default decision rule, RF
produces a posterior probability estimate p(y = 1 | z) for
each sentence, representing the fraction of trees voting for
the coherent class (using 500 trees) (Pedregosa et al. 2011).
After threshold selection, the RF model was retrained on the
full training set.

Support Vector Discriminator We evaluate a Support
Vector Machine (SVM) classifier trained on the same
expected-token feature representation. The SVM discrimi-
nator was implemented using a radial basis function (RBF)
kernel. Prior to training, all feature dimensions were stan-
dardized to zero mean and unit variance using statistics com-
puted on the training folds only. Standardization is neces-
sary for SVMs to ensure that features with different numeric
scales contribute comparably to the kernel distance compu-
tation. Although SVMs typically rely on a fixed decision
boundary, our approach is training to output probabilistic
scores via Platt scaling, enabling threshold-based decision
making rather than fixed margin classification (Pedregosa et
al. 2011).

Method 2: Prompt-Based LLM Discriminator

As a baseline, we evaluate a prompt-based discriminator us-
ing an Ollama-hosted LLaMA 3.2 model. Each sentence is
presented to the model with a classification prompt request-
ing a binary coherence judgment.” The model’s response is
parsed into an accept/reject decision. Unlike Method 1, this
approach relies entirely on the direct text generation of the
LLM and does not expose intermediate probabilistic signals
or allow explicit calibration of decision thresholds.

Method 3: Cascade Discriminator (Composite
Method)

Prompt-based LLM discriminators have been observed in
our implementation to run approximately 20 times longer
than expected-token discriminators, though this ratio may
vary depending on hardware, batch size, and specific deploy-
ment configurations. As will be shown experimentally, the
Prompt-Based LLM Discriminator demonstrated excellent
precision. By using a Method 1 discriminator as a pre-filter,
and then sending the resulting set to the Prompt-Based LLM
Discriminator, we can increase precision, but with a tradeoff
of a lower acceptance rate.

Experiments

We run two experiments: the first to compare and contrast
performance of our various discriminators, and the second
to investigate sentence diversity of filtered sentences.

Experiment 1: Classifier Comparison

In the first experiment the test set is evaluated on 1,200
human-labeled sentences by each of our five discriminators.

2Prompt and code for experiments described in this paper
canbe foundathttps://github.com/ontologyportal/
sumonlp/tree/master/src/weirdness_detector

The test set was not used in the training of any of the clas-
sifiers. Given the high-precision filtering objective of this
work, we report the following evaluation metrics. We use the
number of true positives, false positives, true negatives, and
false negatives (TP, FP, TN, and FN) to compute standard
measures of recall, precision and F1 as well as the following

* Coherent-kept rate, the fraction of all sentences that
are bot}Pl) coherent and accepted: Coherent-kept =
T

TP+FN+TN+FP*

* Incoherent leakage, 1 — precision, the fraction of ac-

cepted sentences that are incoherent: Leakage = TP#EFP.

We emphasize incoherent leakage and precision are the
most critical metrics, as they directly measure the contami-
nation rate of the accepted corpus.

Results. Table 1 displays classifier performance. The sys-
tem is designed such that recall is intentionally sacrificed in
order to guarantee corpus quality. Consequently, balanced
metrics such as F1 are less diagnostic than precision, leak-
age, and coherent-kept rate.Results reveal a trade-off be-
tween precision and coherent-kept rate. LR demonstrated
the highest precision and lowest leakage rate of any Method
1 discriminator. However, RF and SVM were comparable.
The prompt-based discriminator had better precision, but
kept a lower percentage of coherent sentences. The Cascade
methods each had 100% precision on our test set, albeit re-
turning a very small set of coherent sentences. The prompt
model appears to be conservative, and the cascade further re-
stricts acceptance, reducing false positives at the expense of
recall. Because the cascade accepts a very small number of
sentences, these precision estimates have high variance and
should be interpreted cautiously.

Experiment 2: Sentence Diversity of Filtered
Sentences

A potential failure of high-precision filtering is that a dis-
criminator might preferentially retain only short, formu-
laic, repetitive sentences, or otherwise negatively reduce the
training set distribution. Additionally we want to ensure we
have good coverage of terms from our ontology for training
a language to logic translator. To evaluate whether this oc-
curs, we compare distributional diversity statistics between
the sentences selected by each discriminator and the unfil-
tered synthetic corpus. We report three complementary mea-
sures. Sentence length is summarized by the average token
count per sentence, AvgTok Lexical diversity is measured
using the type-token ratio (TTR),
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where V is the set of unique tokens in S. Higher TTR indi-
cates greater lexical variety normalized by corpus length. To
approximate semantic diversity of a filtered set, we compute
the mean pairwise cosine similarity between sentence repre-
sentations in Term Frequency-Inverse Document Frequency
(TF-IDF) space. Given TF-IDF vectors x; and x;, cosine

TTR =


https://github.com/ontologyportal/sumonlp/tree/master/src/weirdness_detector
https://github.com/ontologyportal/sumonlp/tree/master/src/weirdness_detector

Method Precision Recall F1 Coherent-kept Leakage
LR 0.771 0.130 0.223 0.0617 0.229
RF 0.760 0.195 0.310 0.0926 0.240
SVM 0.657 0.192 0.297 0.0909 0.343
Prompt-based LLaMA 3.2 0.905 0.100 0.180 0.0475 0.095
Cascade (Prompt A LR) 1.000 0.032 0.061 0.0150 0.000
Cascade (Prompt A RF) 1.000 0.039 0.074 0.0183 0.000
Cascade (Prompt A SVM) 1.000 0.040 0.078 0.0192 0.000

Table 1: Comparison of coherence filtering methods on the held-out test set.

similarity is defined as cos(x;,X;) = 74, and the re-
i j

ported value is the mean similarity over all sentence pairs
in the filtered set. Lower values indicate greater semantic
diversity, and point to a greater diversity of terms selected
from the ontology. Together, these metrics allow us to assess
whether precision-oriented filtering collapses into trivial or
repetitive patterns.

Results. Table 2 displays the results of our diversity ex-
periment. The average token length does drop somewhat as
sentences are filtered, however TTR shows that the diversity
of sentences is not reduced to trivial, repetitive sentences.
While TF-IDF cosine similarity of sentences does increase
from the baseline of all 6,000 test sentences, it is still very
low, and sentence diversity does not collapse.

Method Avg tok. TTR TF-IDF cos.
All sentences (baseline) 7.74 0.118 0.0088
RF 6.19 0.244 0.0140
SVM 6.13 0.289 0.0114
LR 6.01 0.291 0.0164
Prompt-based LLaMA 3.2 6.55 0.340 0.0116
Cascade (Prompt A LR) 5.86 0.416 0.0220
Cascade (Prompt A RF) 6.09 0.388 0.0179
Cascade (Prompt A SVM) 5.70 0.485 0.0143

Table 2: Diversity statistics. TTR measures normalized lex-
ical diversity (higher is more diverse). TF-IDF cosine is the
mean sampled pairwise similarity (lower is more diverse).

Discussion of Results

These results show that token-level signals provide a solid
basis for coherence filtering. Prompt-based discriminators
can achieve extremely low leakage but are opaque, diffi-
cult to calibrate, and computationally expensive at scale. In
contrast, the expected-token approach yields simpler mod-
els over a small number of features, enabling fast inference,
explicit threshold control, and principled tradeoff selection.

Future Work

Results are model-specific and may vary with different base
language models or generation procedures. Additionally, the
prompt-based discriminator was evaluated using a single
prompt; alternative prompts may yield different tradeoffs.
A diversity study should more thoroughly investigate dis-
tributional shift introduced by high-precision filtering, in-
cluding Kullback-Leibler (KL) divergence. KL divergence

measures more generically whether the filtered set approx-
imates the full (ground truth) distribution of desired sen-
tences sufficiently well. Given the stated goal of high pre-
cision filtering, a semantic shift is expected, thus analysis
behind any shift, and ultimate impact to logic translation ca-
pabilities is essential. A more interesting result may be ob-
tained by capturing not only that a sentence violates com-
mon sense, but the exact reason for common sense viola-
tion, and adding preventative logic constraints. For example,
“John eats the boat dock.” violates the constraint that people
only eat food (outside of metaphor, which is handled by our
metaphor translator (Singley, Pease, and Thompson 2025)).
More complex restrictions are possible, and would add to
the common-sense knowledge in SUMO, improving the ca-
pabilities of the reasoning system, as well as our ability to
translate language to logic. As part of the final sentence gen-
eration pipeline, created sentences can then be tested against
an automated theorem prover, which can provably demon-
strate sentence incoherence. This will comprise a significant
phase of our future work.

Conclusion

This work addresses a critical challenge in automated natu-
ral language to formal logic translation: ensuring the quality
of synthetically generated training data. We demonstrated
that LLM-based coherence filtering can dramatically im-
prove the quality of synthetic sentence-logic pairs, provid-
ing a scalable solution to what would otherwise require pro-
hibitively expensive manual curation. Our comparative anal-
ysis reveals important tradeoffs between precision, compu-
tational efficiency, and coverage. Expected-token discrim-
inators offer fast filtering with explicit threshold control,
achieving 77% precision. The prompt-based discriminator
achieves 90% precision at reduced throughput. The cas-
cade method demonstrates perfect precision on our test set,
though at significantly reduced recall. Critically, our diver-
sity analysis confirms that high-precision filtering maintains
lexical and semantic variety rather than collapsing to triv-
ial patterns. By establishing a methodology for precision-
constrained filtering with explicit confidence bounds, we
provide a framework applicable to any synthetic data gener-
ation pipeline where quality dominates quantity. The meth-
ods presented here are expected to yield substantially better
performance in synthetic sentence generation, natural lan-
guage inference, data to text generation, among other natural
language reasoning tasks.
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