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Abstract

Large language models have shown strong gen-
erative and reasoning capabilities, yet they still
struggle with natural language to first order
logic (NL2FOL) translation due to logical hal-
lucination. We propose LSEG (Logic Struc-
ture and Entropy Guided), a fine-tuning free
framework designed to improve logical consis-
tency during inference. The core idea of LSEG
is to correct hidden state deviation by lever-
aging logical stability across logic preserving
perturbations of the input. Such deviation is
especially harmful in NL2FOL, as even small
drifts can flip quantifier scope or logical opera-
tors, producing formulas that are syntactically
valid yet logically incorrect. First, LSEG con-
structs perturbation-averaged direction vectors
that approximate a stable logical center. Sec-
ond, it derives layer-wise correction directions
by contrasting original and perturbed represen-
tations. Lastly, LSEG uses an entropy-guided
adaptive mechanism to inject these directions
only when the model exhibits unstable or over-
confident reasoning states, thereby preserving
fluency while correcting logical drift. Experi-
ments on the FOLIO and MALLS benchmarks
show that LSEG consistently improves logical
equivalence scores over strong baselines, de-
spite requiring no training or parameter updates.
Further evaluation on LogicLLaMA demon-
strates LSEG’s architecture-agnostic effective-
ness.

1 Introduction

Large language models (LLMs) have achieved
human-competitive performance in natural lan-
guage generation, code understanding, and reason-
ing tasks (Brown et al., 2020; Ouyang et al., 2022;
Wei et al., 2022). Despite these advances, main-
taining precise semantic alignment and formal log-
ical consistency in natural language to first-order
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Figure 1: An example of semantic drift in NL2FOL
translation. The LLM-generated logical form deviates
from the correct logical intent, illustrating a typical case
of inconsistency.

logic (NL2FOL) remains a fundamental challenge.
In this task, LLMs often generate formulas that
are syntactically valid yet logically inconsistent, or
they exhibit semantic drift when translating com-
plex statements (Pan et al., 2023; Xu et al., 2024).
Figure 1 illustrates a representative case in which
subtle representational deviations lead to erroneous
logical forms.

NL2FOL, which aims to map natural language
statements to first-order logic, serves as a bridge
between linguistic understanding and symbolic rea-
soning (Abzianidze, 2017; Bos and Markert, 2005).
Traditional rule-based and grammar-driven meth-
ods (Zettlemoyer and Collins, 2012; Cao et al.,
2019) provided accurate mappings in constrained
domains but suffered from limited scalability. Neu-
ral semantic parsers later framed NL2FOL as
a sequence-to-sequence translation problem (Lu
et al., 2022), enabling end-to-end automation while
still frequently producing syntactically correct yet
semantically misaligned formulas due to the ab-
sence of explicit logical constraints. With the emer-
gence of LLMs, recent work has explored few-shot
prompting, supervised fine-tuning, and reinforce-
ment learning to improve logical translation (Han
et al., 2024; Tian et al., 2021; Yang et al., 2024;
Liu, 2025).

However, even these enhanced LLM-based ap-
proaches struggle to maintain logical consistency,
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especially for sentences requiring fine-grained se-
mantic composition or complex quantifier interac-
tions. This raises a fundamental question: why
do LLMs fail at NL2FOL even when given strong
supervision?

Recent findings suggest that the source of such
errors lies not only in decoding procedures, but
also in representation drift the gradual divergence
of internal hidden states from the intended logical
structure during forward computation(Pan et al.,
2023; Xu et al., 2024; Turner et al., 2023; Zou
et al., 2023). Because NL2FOL is highly sensi-
tive to quantifier scope and operator attachment,
even minor representational deviations can alter
logical relations, resulting in inconsistent formulas.
These observations motivate a shift from external
optimization toward representation level correction,
where internal activations are guided to remain log-
ically aligned throughout generation.

To address this challenge, we propose LSEG
(Logic-Structure and Entropy Guided), a fine-
tuning free and plug-and-play framework for im-
proving logical consistency in NL2FOL translation.
LSEG first constructs a stable logical anchor from
logic preserving variants of the input and derives
layer-wise correction directions by contrasting orig-
inal and perturbed representations. Principal com-
ponent analysis is then applied to extract robust
intervention vectors that generalize across exam-
ples. During inference, an entropy-guided adaptive
mechanism selectively injects these correction vec-
tors only when the model exhibits abrupt entropy
drops—signals of over-confident or unstable rea-
soning—thus preserving fluency while correcting
internal drift.

Compared with existing supervised or fine-tuned
approaches, LSEG requires no parameter updates,
introduces minimal computational overhead, and
generalizes across architectures. It provides an
interpretable means of stabilizing hidden-state dy-
namics, achieving a better balance among logical
consistency, semantic stability, and reasoning trans-
parency.

The main contributions of this work are summa-
rized as follows:

* We introduce LSEG, a fine-tuning free,
direction-vector-based framework that cor-
rects internal representation drift and im-
proves logical consistency without any fine-
tuning.

* We propose an entropy-guided adaptive mech-

anism that dynamically adjusts intervention
strength, preventing over-correction and pre-
serving generation fluency.

* We demonstrate significant improvements on
FOLIO and MALLS benchmarks and show
that LSEG generalizes to LogicLLaMA mod-
els, confirming its robustness, interpretability,
and architecture-agnostic applicability.

2 Related Work

Natural Language to First-Order Logic.

The task of NL2FOL aims to convert natural lan-
guage statements into formal logical expressions,
serving as a bridge between linguistic understand-
ing and symbolic reasoning (Abzianidze, 2017; Bos
and Markert, 2005). Early approaches relied on
rule-based and grammar-driven methods, such as
CCG and lambda calculus, which explicitly de-
fined mappings between linguistic structures and
logical forms to achieve precise semantic compo-
sition (Zettlemoyer and Collins, 2012; Cao et al.,
2019). However, these methods heavily depended
on manually crafted rules and exhibited limited
scalability. Later, neural semantic parsers framed
NL2FOL translation as a sequence-to-sequence
task (Lu et al., 2022), achieving end-to-end au-
tomation but often producing syntactically correct
yet semantically inconsistent formulas due to the
lack of explicit logical constraints.

As NL2FOL tasks expanded beyond narrow do-
mains, evaluating logical consistency became in-
creasingly challenging. Early benchmarks lacked
scale and structural diversity, making it difficult
to measure whether models genuinely understood
formal semantics. To enable systematic and com-
prehensive evaluation in open-domain settings, re-
cent datasets such as FOLIO (Han et al., 2024) and
MALLS (Yang et al., 2024) were introduced. With
the rapid development of large language models
(LLMs), researchers began leveraging their strong
linguistic generalization and few-shot learning ca-
pabilities to improve logical translation. Represen-
tative models, including LogicLLaMA (Yang et al.,
2024) and Code4Logic (Liu, 2025), combined rein-
forcement learning and logic-aware fine-tuning to
enhance formal reasoning accuracy. Nevertheless,
these methods still rely on extensive annotation and
high computational cost, and logical inconsistency
remains a persistent issue. Recent studies have
further shown that logical errors often arise from
internal representation drift rather than decoding-
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level mistakes (Pan et al., 2023; Xu et al., 2024;
Yang et al., 2026), motivating a shift from external
optimization toward internal representation guid-
ance.

Representation Steering and Logical Consis-
tency Enhancement

Representation steering has recently emerged as
a promising approach for improving model inter-
pretability and consistency. Studies have demon-
strated that hidden representations of LLMs encode
rich semantic dimensions that can be modulated
via steering vectors to enhance or suppress spe-
cific attributes (Ilharco et al., 2022; Turner et al.,
2023; Meng et al., 2022; Zou et al., 2023; Liu et al.,
2024). These methods typically manipulate inter-
mediate activations through linear interpolation or
directional adjustments, enabling semantic control
without retraining(Xue et al., 2022). At the same
time, entropy-guided mechanisms have been intro-
duced to dynamically evaluate model uncertainty
by monitoring token-level entropy fluctuations, al-
lowing adaptive correction when instability is de-
tected (Das et al., 2025). Together, these works
provide a theoretical foundation for fine-tuning
free interventions that adjust internal representa-
tions to enhance logical consistency. Building upon
these insights, our LSEG framework leverages
perturbation-averaged direction vectors to capture
semantic stability centers and integrates entropy-
guided adaptive decoding for lightweight, inter-
pretable, and architecture-agnostic logical correc-
tion.

3 Methodology

3.1 Problem Definition

The goal of NL2FOL is to map a natural language
sentence x to a logically equivalent first order ex-
pression y. We formalize this transformation as a
conditional generation problem:

y= argrr;axpe(y’ | @), (1)

where 6 denotes model parameters. Let h(!)(z)
denote the hidden representation at layer /.
Logical hallucination arises when h(!) () drifts
away from an internal state that preserves the in-
tended logical structure of the input, such as quan-
tifier scope and operator attachment. In NL2FOL,
even small representational deviations may alter
quantifier scope or logical relations and lead to in-
consistent formulas. For example, a slight shift in

internal logical structure can incorrectly swap quan-
tifier scope in sentences such as “Every student
read a book”, changing the meaning from “each
student read some (possibly different) book™ to
“there exists one book that every student read”. Re-
cent studies suggest that such errors often originate
from representation drift during forward computa-
tion rather than decoding mistakes, causing hidden
states to gradually misalign with the intended logi-
cal structure.

3.2 Framework

To address the challenges above, we propose
LSEG(Logic-Structure and Entropy Guided), a
fine-tuning free and plug and play framework
equipped with entropy guided adaptive decoding.
LSEG consists of two complementary stages: (1)
construction of logical correction directions, and
(2) entropy guided inference control. Figure 2 pro-
vides an overview of the pipeline.

The observations above indicate that the core
difficulty is not surface level generation, but main-
taining a stable logical anchor within the model’s
internal representations. Accordingly, LSEG in-
troduces an explicit logical reference so that hid-
den states remain aligned with the intended logical
structure during forward computation. With this
reference, corrective perturbations can be applied
directly to internal activations to counteract logical
displacement and stabilize reasoning.

This motivates a representation level solution:
instead of retraining the model or imposing ad-
ditional decoding constraints, we directly correct
hidden state drift by realigning internal activations
toward a logic-aligned region at inference time.
Our objective is therefore to estimate and apply
corrective perturbations that reduce logical incon-
sistency during inference without modifying model
parameters.

Concretely, LSEG operates in two stages:

1. Direction Vector Construction: building log-
ical correction directions using perturbation
based representation contrast.

2. Entropy Guided Inference Control: selec-
tively injecting these directions based on en-
tropy signals that indicate unstable reasoning
states.

This design ensures that correction signals are de-
rived from logic preserving perturbations and that
interventions occur only when the model becomes
internally unstable.
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Figure 2: Overall framework of the proposed LSEG method. (a) Direction Vector Construction derives logical
correction directions from logic preserving variants. (b) Entropy Guided Inference dynamically injects these

directions based on entropy change.

3.3 Logical Direction Construction

Given an input sentence x, we construct a set of
n logically equivalent variants {x}, 25, ... 2}
using lightweight logic-preserving perturbations,
such as synonym substitution or minor syntactic
reshaping. Importantly, these perturbations are de-
signed to keep the target logical form unchanged
under the NL2FOL schema, even if surface word-
ing differs. In practice, we generate perturbations
from a small curated calibration set: we manu-
ally select 50 sentences whose logical structures
are relatively complex or information-rich (e.g., in-
volving multiple quantifiers, negation, implication
or conditionals, and multi-clause compositions),
and rewrite each sentence into n surface-diverse
variants using a large language model with explicit
constraints that the logical structure must remain
unchanged, including quantifier scope, operator at-
tachment, and predicate—argument relations. We
then perform a lightweight manual check and dis-
card any rewrite that introduces logical ambiguity
or changes the intended logical form. For exam-
ple, for “Every student read a book”, acceptable
rewrites include “Each student has read at least one
book™ or “For every student, there exists a book
that the student read”, while “There is a book that
every student read” is rejected because it changes
the quantifier scope.

For each wvariant xg, the model produces

hidden representations across L layers:
{h(l)(x;)a"wh(l/)(x;)}- At each layer [, we

compute the logic-anchored mean representation

as:
Z n® )

The original representation is:

loglc -

l
B = h (@), 3)

We then define the logic displacement vector at
layer [ as:

B0 @ @

logic orig*

AN —

Intuitively, A() captures how the representation
of the original input should shift to better align
with a logic-stable internal state implied by logi-
cally equivalent variants. Averaging across logic-
preserving perturbations reduces lexical and syntac-
tic noise while retaining invariant logical structure,
producing a robust direction for correcting logical
drift.

3.4 Layer-wise Intervention Vector Extraction

To obtain correction directions that generalize
across examples, we collect displacement vectors

{Agl), ce Aglv)} from training samples and per-
form principal component analysis at each layer:

where PCA denotes the first principal component.
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The vector v() captures the dominant pattern of
logical deviation at layer [, providing a statistically
stable correction direction. This is preferred over
random perturbations or gradients because PCA
isolates consistent displacement trends across sam-
ples. Empirically, mid-to-upper transformer layers
show the strongest drift, and thus interventions fo-
cus primarily on these layers.

3.5 Entropy-Guided Intervention Mechanism

During inference, LSEG regulates when and where
to apply correction vectors using token-level en-
tropy as an internal stability signal. At decoding
step ¢ and layer [, we first obtain a layer-specific
token distribution by projecting the hidden state
hgl) to vocabulary logits using the shared output
projection (i.e., the same unembedding matrix as
the final LM head) and applying softmax:

pgl) = SOftmaX(Wouthgl) ) ) (6)

where W,; denotes the output projection matrix.
We then compute the layer-wise entropy as:
l l !
Ht( ) — _ Z:p]E,)g logp;,)c. (7)
k

Entropy change between adjacent layers is de-
fined as:

AHY = g — g, @®)
and its standardized variation is:

20 = —AHt(l) — R ©)
! oAH

where uag and oa g are the mean and standard
deviation of A H used for normalization.
We treat layers with large-magnitude entropy

fluctuations as unstable:
Lo={l]]2"] > 7} (10)

For each | € L;, we compute the intervention
strength as:

AHWY
Q] = Omax ‘ : ’ I (11D
maXjer, |AH”|
The updated hidden state is:
n =1 + . (12)

Entropy thus serves as an internal diagnostic
signal: when reasoning is stable, layer-wise entropy
variations diminish and the intervention strength
naturally decays toward zero.

Algorithm 1 LSEG: Logic Structure and Entropy
Guided Inference for NL2FOL

1: Input: Language model fy, dataset {z;} Y,

2: Generate perturbations {z}}! , for each x;

3: Compute layer wise displacements AW

4: ngform PCA to obtain intervention vectors
v
for each decoding step ¢ do

Compute Ht(l) and zt(l)

7: Identify unstable layers £; = {[ | ]zlfl)| >

T}
g:

> W

for all layers

for! € L; do
: Compute o
10: Update hgl) — hgl) + o)
11: end for
12: end for

3.6 Algorithm

Algorithm 1 summarizes the full LSEG procedure.
The direction vectors {v()} are estimated offline
for each target model using a small calibration set
and reused across inputs without parameter up-
dates. During inference, entropy dynamics deter-
mine when and where to inject the learned direc-
tions, allowing LSEG to operate as a lightweight
and architecture-agnostic plug-in.

4 Experiments

4.1 Comparison with State-of-the-Arts

Datasets and Evaluation. We evaluate LSEG
on two standard benchmarks for NL2FOL: (1)
FOLIO (Han et al., 2024), a large-scale human-
annotated dataset covering quantifiers, negation,
implication, and conditional structures; and (2)
MALLS (Yang et al., 2024), a synthetic dataset
generated by GPT-4 that includes deeper composi-
tional semantics and long-distance dependencies.
The evaluation metric is Logical Equivalence (LE),
which measures whether the generated and refer-
ence logical forms are logically equivalent after
normalization.

LSEG is evaluated under fixed decoding settings
in our implementation, and it is applied purely dur-
ing inference without any fine-tuning or parameter
updates. In this paper, LSEG is implemented on
the Qwen-3 8B model (Yang et al., 2025).
Compared Methods. We compare LSEG against
recent state-of-the-art (SOTA) logical translation
systems, which can be categorized into two groups:
(1) supervised models such as LogicLLaMA (Yang
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Model FOLIO LE (%) MALLS LE (%) Training Cost
Flan-T5 (Chung et al., 2024) 70.67 68.45 Instruction Tuning
Claude-1 (Perez et al., 2023) 74.47 77.46 API

GPT-4 (Achiam et al., 2023) 85.53 84.38 API
LogicLLaMA (Yang et al., 2024) 84.90 81.34 Supervised + RLHF
Symbol-LLM-13B (Xu et al., 2024) 91.59 89.41 Supervised
Code4Logic (CodeGeeX) (Liu, 2025) 84.77 85.81 Few-shot
Code4Logic (GPT-3.5-Turbo-16k) (Liu, 2025) 92.67 90.92 Few-shot (API)
Qwen-3 8B (baseline, our setup) 88.00 89.70 -

LSEG (Ours, Qwen-3 8B) (Yang et al., 2025) 92.01 91.34 Fine-tuning Free

Table 1: Logical Equivalence (LE) results on FOLIO and MALLS. Scores for prior baselines are taken from
Code4Logic (Liu, 2025) (and the original cited papers) for reference. The Qwen-3 8B baseline and LSEG are
evaluated under the same prompt, decoding, and evaluation pipeline in our implementation.

et al., 2024) and Symbol-LLM (Xu et al., 2024),
which incorporate explicit logical supervision or
symbolic constraints; and (2) few-shot code gen-
eration methods, represented by Code4Logic (Liu,
2025), which reformulate NL2FOL translation
as Python code generation and evaluate multi-
ple LLM backbones. In addition, we include
instruction-tuned general-purpose models such as
Flan-T5 (Chung et al., 2024), Claude-1 (Perez et al.,
2023), and GPT-4 (Achiam et al., 2023) as baseline
references.

Results and Analysis. Table 1 reports the Logical
Equivalence (LE) scores on FOLIO and MALLS.
Existing state-of-the-art models mainly achieve per-
formance gains through supervised fine-tuning or
code-based reasoning. While these approaches im-
prove logical consistency, they require additional
training resources or costly API access and often
depend on specific architectures. In contrast, LSEG
requires no training and operates purely during in-
ference by applying perturbation-averaged direc-
tion vectors with entropy-guided adaptive control.
This lightweight and model-agnostic framework
steers hidden representations toward logic-aligned
regions, effectively mitigating logical hallucina-
tions without compromising fluency. The results
demonstrate that LSEG, implemented on Qwen-3
8B, achieves LE scores comparable to or exceeding
those of existing SOTA methods under fine-tuning
free conditions, highlighting its efficiency, transfer-
ability, and general applicability.

4.2 Cross-Model Validation and Effectiveness

Objective. To further assess the generality of
LSEG beyond the Qwen-3 8B backbone used
in Table 1, we apply it to LogicLLaMA (Yang

et al., 2024), a logic-supervised model built on the
LLaMA-2 architecture with 7B and 13B check-
points. Since LogicLLaMA is trained with su-
pervised data and RLHF objectives for NL2FOL,
this experiment tests whether an inference-time,
training-free intervention can still provide addi-
tional gains under a different architecture and train-
ing paradigm.

Setup. We directly apply LSEG to the released
LogicLLaMA-7B and LogicLLaMA-13B check-
points without any further training or parameter
updates. We evaluate on the same FOLIO and
MALLS benchmarks as in Table 1, using Logical
Equivalence (LE) as the evaluation metric. Unless
otherwise noted, we follow the official inference
and evaluation pipeline provided by LogicLLaMA
for these checkpoints. During decoding, LSEG
injects layer-wise intervention vectors and modu-
lates the intervention strength based on layer-wise
entropy variations.

Results. Table 2 reports the LE scores before and
after applying LSEG. LSEG yields consistent im-
provements for both model sizes. The absolute
gains are around one point, suggesting that LSEG
provides complementary benefits even for logic-
tuned models.

Model FOLIO LE (%) MALLS LE (%)
LogicLLaMA (7B) 84.12 81.98
LogicLLaMA + LSEG (7B) 85.24 83.06
LogicLLaMA (13B) 85.81 82.37
LogicLLaMA + LSEG (13B) 86.90 83.48

Table 2: Logical Equivalence (LE) results of Logi-
cLLaMA before and after applying LSEG on FOLIO
and MALLS. All results are obtained using the official
evaluation scripts. LSEG operates entirely during infer-
ence without any fine-tuning or additional training data.
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Analysis. These results indicate that LSEG consis-
tently improves logical equivalence across model
scales and across a different backbone family. In-
tuitively, the perturbation-anchored intervention
vectors help correct subtle representation drift in
logic-relevant layers, while the entropy-guided gat-
ing reduces the risk of over-correction by activating
interventions only when internal confidence shifts
sharply. Overall, LSEG behaves as a plug-and-play
inference-time module that can complement both
general-purpose LLMs and logic-supervised mod-
els.

4.3 Ablation Study

To better understand the contribution of each com-
ponent in LSEG, we conduct ablation experiments
focusing on two major design choices: (1) the
entropy-guided adaptive scheduling mechanism,
and (2) the transformer layers at which interven-
tion is applied. All experiments are performed on
Qwen-3 8B using the FOLIO dataset, and we report
Logical Equivalence (LE) as the evaluation metric.
Entropy-Guided Adaptive Scheduling. We com-
pare LSEG with and without the entropy-guided
activation mechanism. The fixed-strength vari-
ant injects a constant perturbation throughout de-
coding, while the full LSEG activates interven-
tion only when a significant entropy drop is de-
tected. As shown in Table 3, removing entropy
guidance causes a noticeable reduction in LE on
both datasets, indicating that uniform-strength in-
tervention tends to over-correct high-confidence
states. Entropy-guided LSEG maintains fluency
while providing more stable correction.

Variant FOLIO LE (%) MALLSLE (%)
w/o Entropy Guidance (fixed o) 90.42 90.11
LSEG (fixed schedule) 91.02 90.83
LSEG (entropy-guided, full) 92.01 91.34

Table 3: Ablation on entropy-guided adaptive schedul-
ing. Entropy-based triggering provides the most stable
and consistent improvement.

Layer-Wise Injection Analysis. To understand
where LSEG is most effective, we partition the
transformer into non-overlapping depth intervals
of four layers and apply LSEG only within a sin-
gle interval in each run. Table 4 reports Logical
Equivalence (LE) on FOLIO and MALLS, and
Figure 3 overlays both datasets in a single plot
for easier comparison. We observe that injecting
in shallow layers typically degrades performance
(e.g., LO-3), which is consistent with the intuition

Layerwise LSEG Intervention on FOLIO and MALLS

91 4

/\\/\.
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834
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Figure 3: Layer-wise LSEG intervention on FOLIO
and MALLS (combined). Shallow-layer injection re-
duces LE, while mid-to-upper layers yield the largest
gains; entropy-guided full LSEG achieves the best per-
formance on both benchmarks.

that early layers mainly encode lexical and local
syntactic features and are more sensitive to repre-
sentation perturbations. In contrast, the strongest
single-interval gains emerge in mid-to-upper lay-
ers, with L20-23 and L.28-31 yielding substantial
improvements on both benchmarks, suggesting that
logic-relevant information is consolidated later in
the network and that these layers are also where
larger entropy fluctuations tend to occur during de-
coding. Finally, enabling entropy-guided LSEG
across all layers achieves the best overall results,
indicating that combining layer-wise intervention
with adaptive triggering produces more stable and
effective corrections.

Layer Range FOLIO LE (%) MALLS LE (%)
Base (no LSEG) 88.00 89.70
LO-L3 83.20 87.50
L4-L7 87.92 89.12
L8-L11 88.63 89.84
L12-L15 88.21 89.55
L16-L19 87.44 89.31
L20-L23 91.12 90.96
L24-1.27 89.52 90.20
L28-131 91.08 90.93
L32-L36 90.02 89.28
Full LSEG (entropy-guided) 92.01 91.34

Table 4: Layer-wise ablation of LSEG. The strongest
gains appear in mid-to-upper layers (L20-L31), and
full entropy-guided LSEG achieves the final best perfor-
mance.

4.4 Layer Entropy Profiling

To better understand where uncertainty changes
arise during NL2FOL decoding, we profile to-
ken entropy across transformer layers. For each
decoding step ¢ and layer [, we obtain a layer
specific token distribution by projecting the hid-

den state h,gl) to vocabulary logits with the shared
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Average Entropy Across Layers

Layer Index

Figure 4: Average token entropy across transformer lay-
ers, computed from layer specific token distributions
and averaged over generated tokens on 30 randomly
sampled inputs. Entropy collapses in mid to upper lay-
ers, consistent with the layers where LSEG interventions
are most effective.

output projection and applying softmax, pﬁ” =

softmax(Wouthgl)). We then compute layer en-
tropy as Ht(l) =—> pgl,)g log pill)g We randomly
sample 30 inputs and average Ht(l) over generated
tokens only (excluding the prompt). All runs use
greedy decoding .

Figure 4 shows that entropy remains relatively
high and changes slowly in early layers, but ex-
hibits a pronounced collapse in the mid to upper
layers and stays low thereafter. This depth region
aligns with the layers that yield the largest gains
in our layer range ablation (Table 4), suggesting
that logic relevant decisions become consolidated
deeper in the network and that large entropy shifts
concentrate in those layers. Overall, this diagnos-
tic analysis supports LSEG’s design choice to use
layer wise entropy fluctuations as an internal insta-
bility signal and to prioritize interventions in mid
to upper transformer layers.

5 Conclusion

This work introduces LSEG, a lightweight and fine-
tuning free framework for improving logical consis-
tency in natural language to first-order logic trans-
lation. LSEG constructs logical correction direc-
tions from perturbation-averaged representations
and applies them adaptively during inference using
entropy-based uncertainty signals. This design al-
lows the method to operate as a plug-and-play mod-
ule that can be inserted into existing large language
models without parameter updates or additional
supervision.

Experiments on FOLIO and MALLS demon-
strate that LSEG substantially enhances logical

equivalence while maintaining fluent generation,
achieving performance comparable to or exceed-
ing state-of-the-art systems despite requiring no
training. Additional evaluation on LogicLLaMA
further shows that LSEG generalizes across dif-
ferent model architectures, serving as a broadly
applicable inference-time correction mechanism.
Ablation studies confirm the importance of both
entropy-guided scheduling and layer-wise inter-
vention, highlighting that logic-relevant informa-
tion consolidation occurs primarily in mid-to-upper
transformer layers where LSEG is most effective.

Overall, LSEG offers a simple and effective
approach for mitigating logical hallucination in
NL2FOL translation. Future work includes extend-
ing LSEG to other structured reasoning tasks, ex-
ploring more fine-grained uncertainty signals, and
integrating LSEG with symbolic or code-based rea-
soning frameworks to further improve reliability in
high-stakes applications.

Limitations

LSEG is an inference time intervention approach,
and its effectiveness depends on several practical
factors.

First, the method relies on logic preserving sur-
face variations to estimate stable correction direc-
tions. Although these variations are designed to
preserve the underlying logical form, there can be
cases where surface changes interact with task spe-
cific annotation conventions or parsing schemas,
which may reduce the precision of the estimated
directions.

Second, LSEG uses layer level uncertainty dy-
namics to decide when to intervene. While entropy
based signals provide a lightweight proxy for in-
ternal instability, they are not a perfect indicator
of logical correctness. Certain inputs may exhibit
stable entropy patterns while still containing subtle
semantic errors, and conversely some entropy fluc-
tuations may reflect benign variability rather than
genuine logical drift.
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