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Abstract

Multi-hop question answering requires compos-
ing multiple pieces of evidence to derive the
correct answer, making it particularly vulnera-
ble to hallucinated intermediate reasoning steps.
A common failure mode arises when neural
generators produce intermediate sentences that
are fluent but logically inconsistent with the
underlying facts, which can subsequently mis-
lead downstream reasoning. In this paper, we
propose ITERLOGIC, an iterative natural logic
verification framework for multi-hop question
answering, which explicitly integrates sym-
bolic verification into the generation process.
Specifically, a neural generator composes can-
didate intermediate sentences from retrieved
facts, while a natural logic verifier evaluates
their logical consistency with the source evi-
dence. Low-scoring candidates are iteratively
rejected and regenerated, allowing the system
to progressively mitigate hallucinated compo-
sitions. This lightweight interaction upgrades
natural logic from a passive scoring component
to an active verification signal that guides in-
termediate sentence generation. Experiments
on QASC, WorldTree, and WikiHop demon-
strate that ITERLOGIC improves answer accu-
racy, highlighting the effectiveness of iterative
verification for reliable multi-hop reasoning.

1 Introduction

Multi-hop question answering (QA) (Jansen et al.,
2018; Welbl et al., 2018; Khot et al., 2020) aims to
answer questions by composing information from
multiple pieces of evidence (Jhamtani and Clark,
2020; Tafjord et al., 2021; Dalvi et al., 2021; Hong
et al., 2022; Fan et al., 2024; Yuan et al., 2024;
Zhang et al., 2024; Chen et al., 2024b; Wang et al.,
2025b), rather than relying on a single supporting
fact. This setting covers a broad range of bench-
marks, including two-hop compositional QA such
as QASC (Khot et al., 2020), explanation-based
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QA such as WorldTree (Jansen et al., 2018), and
document-level multi-hop reading comprehension
such as WikiHop (Welbl et al., 2018). While re-
cent neural models have achieved strong perfor-
mance on these tasks (Islam et al., 2024; Shi et al.,
2025a,¢), multi-hop QA remains challenging due to
the need to explicitly construct intermediate reason-
ing steps that bridge disparate facts in a logically
coherent manner.

A central difficulty in this process lies in the gen-
eration of intermediate reasoning sentences. Mod-
ern neural generators are often capable of produc-
ing fluent and plausible intermediate sentences;
however, such sentences may be logically inconsis-
tent with the underlying evidence or introduce un-
supported concepts (Farquhar et al., 2024; Huang
et al., 2025a; Pandit et al., 2025; Zhang et al., 2025).
These hallucinated intermediate steps can be par-
ticularly harmful in multi-hop QA, as errors intro-
duced at early stages of reasoning tend to propagate
and mislead downstream inference. Existing ap-
proaches (Shi et al., 2025¢; Lee and Lee, 2025) typ-
ically adopt a generate-then-score paradigm, where
intermediate sentences are generated once and eval-
uated afterward. In this setting, symbolic reason-
ing components, when used, often serve as passive
scoring modules without the ability to influence the
generation process itself, limiting their effective-
ness in preventing hallucinations.

To address this limitation, we propose ITER-
LoOGIC, an iterative natural logic verification
framework for multi-hop question answering. In-
stead of treating verification as a post hoc scoring
step, ITERLOGIC tightly integrates natural logic
into the generation loop. Given a pair of retrieved
facts, a neural generator composes candidate in-
termediate sentences, while a natural logic verifier
evaluates their logical consistency with the source
evidence. Candidates that receive low verification
scores are rejected and regenerated, enabling the
system to iteratively refine intermediate sentences
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and progressively eliminate hallucinated composi-
tions. This lightweight interaction allows symbolic
verification to actively guide generation, without
requiring additional supervision.

We evaluate ITERLOGIC on three representa-
tive multi-hop QA benchmarks: QASC (Khot
et al., 2020), WorldTree (Jansen et al., 2018), and
WikiHop (Welbl et al., 2018). Experimental re-
sults show that ITERLOGIC consistently improves
answer accuracy compared to strong baselines,
demonstrating that iterative natural logic verifica-
tion leads to more reliable intermediate reasoning
and more accurate final predictions. Further anal-
ysis indicates that the proposed framework effec-
tively reduces logically inconsistent intermediate
sentences, highlighting the importance of integrat-
ing symbolic verification into the generation pro-
cess for multi-hop reasoning tasks.

Our key contributions can be summarized as
follows:

* We reformulate knowledge composition as a
constrained generation problem, where neural
generation is iteratively guided and filtered by
symbolic natural logic verification.

* We propose ITERLOGIC, an iterative natu-
ral logic verification framework that upgrades
natural logic from a passive evaluator to an
active signal guiding intermediate sentence
generation.

* We demonstrate the effectiveness of ITER-
LoGIC on multiple multi-hop QA bench-
marks, showing improved accuracy and more
reliable reasoning. Our method yields compa-
rable performance across benchmarks.

2 Preliminaries

2.1 Problem Setup

Given a question ) and a set of candidate an-
swers {01, ..., o}, the goal is to select the correct
answer by composing information from multiple
pieces of external evidence.

For each candidate answer o;, a retrieval module
identifies a set of relevant facts from an external
knowledge source. Following prior work (Khot
et al., 2020; Shi et al., 2025c¢), we focus on fact-
pair composition, where pairs of retrieved facts
(f1, f2) are combined to support reasoning in a
principled manner. The central challenge addressed
in this work is to generate intermediate sentences

Relation: Name Example Set Theoretic Definition
=: Equivalence couch = sofa T=y
C: Forward Entailment tulip = flower TCy
2: Reverse Entailment flower 2 tulip TDyY
A: Negation true A false cny=Gnrzuy=U
{': Alternation sunflower || tulip zny=Przuy#U

mammal -« nonhuman
banana # ocean

: Cover
4: Independence

zny#Irzuy=U
All other cases

Table 1: A set £ of seven logical relations proposed by
MacCartney and Manning (MacCartney and Manning,
2009).

that validly compose such fact pairs while avoiding
hallucinated content that is not logically supported
by the evidence.

2.2 Natural Logic

Natural Logic (Nairn et al., 2006; MacCartney and
Manning, 2009; Angeli et al., 2016; Sanchez, 2016;
Shi et al., 2021, 2025b) investigates how logical
inference can be carried out directly within natu-
ral language itself, rather than through an external
symbolic formalism. Unlike traditional approaches
based on first-order logic, this framework treats
syntactic structures as primary carriers of semantic
information and performs reasoning without ex-
plicit translation into abstract logical expressions.
The underlying intuition can be traced back to Aris-
totle’s syllogistic tradition (Rose, 1965), which al-
ready emphasized inference patterns grounded in
linguistic form.

A central contribution of natural logic is the rela-
tional calculus proposed by MacCartney and Man-
ning (2009). This calculus defines a set of seven
semantic relations, £ = {=,C,3, A, [l, -, #},
which serve as the basic units for reasoning. As
reported in Table 1, these relations encode equiva-
lence, entailment, contradiction, and various forms
of semantic independence between expressions,
thereby providing a rich vocabulary for modeling
meaning comparisons in text. Together with this
relational system, monotonicity theory (MacCart-
ney and Manning, 2009; Icard III and Moss, 2014)
plays a crucial role by describing how semantic
relations interact with linguistic environments. De-
pending on whether a context is upward or down-
ward monotone, an existing relation may either be
preserved or systematically transformed, as exem-
plified in Table 2.

In practice, reasoning under the natural logic
framework follows a compositional procedure
(MacCartney and Manning, 2009; Angeli and Man-
ning, 2014; Feng et al., 2020; Shi et al., 2025a).
Sentence pairs are first decomposed into aligned
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Table 2: The projection function ¢ projects an input re-
lation r into a different relation under downward mono-
tonicity.

textual segments that correspond to each other se-
mantically. Pairwise relations are then assigned to
these segments, after which contextual monotonic-
ity is applied to propagate local inferences through
the sentence structure. By composing the resulting
relations across all aligned components, the model
ultimately determines the global inference relation
holding between the two sentences.

3 Methods

We present ITERLOGIC, an iterative natural logic
verification framework for multi-hop question an-
swering. ITERLOGIC is designed to reduce hal-
lucinated intermediate reasoning steps by tightly
integrating symbolic verification into the genera-
tion process. Instead of generating intermediate
sentences once and scoring them afterward, ITER-
LOGIC enables a verifier to actively control gener-
ation through iterative rejection and regeneration.
The overall architecture of ITERLOGIC is depicted
in Figure 1.

3.1 Knowledge Selection

Answering a compositional question requires in-
tegrating information from multiple pieces of ex-
ternal knowledge. To this end, we retrieve pairs
of supporting facts from an external knowledge
base K. For each candidate answer o;, we trans-
form the question—answer pair into a declarative
hypothesis 5;, following standard multiple-choice
QA formulations. The hypothesis S; serves as the
query to initiate a two-stage information retrieval
procedure. This process follows the general strat-
egy introduced by Khot et al. (2020) and is im-
plemented with ElasticSearch (Gormley and Tong,
2015). In the first stage, an initial fact f; is re-
trieved from /C based on its relevance to .S;. In the
second stage, a complementary fact fs is retrieved
conditioned on fi.

3.2 Intermediate Sentence Generation

Given a fact pair (f1, f2), the generator produces a
candidate intermediate sentence:

s = G(f1, fo), (D

where ¢ denotes the iteration index. The generator
G is implemented using a pretrained large language
model. To encourage diversity across iterations,
we vary decoding randomness when regeneration
is triggered.

3.3 Natural Logic Verifier

The natural logic verifier in ITERLOGIC is responsi-
ble for assessing whether a generated intermediate
sentence is logically consistent with a given source
fact. This verification process is grounded in span-
level natural logic reasoning and proceeds through
three stages: span chunking and alignment, logical
relation prediction, and deterministic inference via
an automaton.

Span Chunking and Alignment. Given a gen-
erated sentence and a source fact, we first seg-
ment both texts into a sequence of spans using
the chunker (Akbik et al., 2019). To ensure seman-
tic completeness, spans that do not contain content
words are merged with adjacent spans. Follow-
ing chunking, we align spans between the gener-
ated sentence and the source fact. We formulate
span alignment as an optimal bipartite matching
problem and solve it using the Hungarian algo-
rithm (Crouse, 2016). This alignment produces
a set of span pairs {(s1, 1), .-, (Sn, Sn)}, where
each pair corresponds to semantically related text
segments.

Logical Relation Prediction. For each aligned
span pair (s, $p,), the verifier predicts a probabilis-
tic distribution over a predefined set of natural logic
relations £. We employ a DeBERTa-based classi-
fier fine-tuned for natural logic inference (Shi et al.,
2021), which outputs:

py, = softmax(DeBERTa(sy,, 5,)), 2)

where p], denotes the probability assigned to each
logical relation for the n-th span pair. Because
the validity of natural logic relations depends on
contextual monotonicity, we further project the pre-
dicted relations according to their monotonicity en-
vironments. To this end, we fine-tune a monotonic-
ity classifier following the method of Rozanova
et al. (2021). This projection maps each predicted
relation to its contextually valid counterpart, yield-
ing updated probabilities pf;.

Deterministic Inference. The sequence of pro-
jected logical relations is then evaluated using a
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Figure 1: Overview of the proposed ITERLOGIC framework.

deterministic finite automaton (DFA), which ag-
gregates local span-level relations into a global
inference decision. The overall verification score
is computed as the product of the probabilities of
the projected relations:

p=]]r:.
n

While the original NaturalL.I framework (Angeli
and Manning, 2014) employs a multi-state DFA to
distinguish entailment, contradiction, and unknown
outcomes, ITERLOGIC adopts a simplified automa-
ton with two terminal states: entailment and contra-
diction. This binary design streamlines verification
and provides a sharper signal for controlling iter-
ative regeneration, making it particularly suitable
for intermediate sentence validation and answer
selection.

3)

3.4 [Iterative Verification and Regeneration

To assess the validity of a composed sentence
s, the verifier computes natural logic consistency
scores between s(*) and each source fact:

pr =V ),

p2=V(s" | fa),
where each probability reflects the likelihood that
s® is logically supported by the corresponding fact
under natural logic constraints.

We aggregate the two probabilities into a single
composition score using a log-sum formulation:

&)

4

Score(s") = log(p1) + log(ps).

Compared to averaging-based alternatives, this
formulation amplifies weak logical support and pro-
vides a more discriminative signal for iterative re-
jection. Given the composition score, ITERLOGIC
applies a simple yet effective rejection criterion. If
Score(s(t)) falls below a predefined threshold, the
candidate sentence is rejected and a new sentence
is generated. The iterative process is defined as:

s* = arg max Score(s")),

x

(6)

where T denotes the maximum number of gener-
ation attempts. In our experiments, the threshold
is fixed to 0.5, and the maximum number of gen-
eration attempts is set to 5. This rejection-based
interaction allows ITERLOGIC to progressively fil-
ter out hallucinated compositions without requir-
ing explicit error annotations. Crucially, regenera-
tion is formulated as sampling from the language
model, rather than as a diagnostic-feedback loop.
This design keeps the framework lightweight, re-
quires neither model retraining nor verifier-specific
prompt engineering, and avoids propagating poten-
tially noisy span-level rationales into the generation
process. Instead, the verifier constrains the output
by selecting candidates with stronger logical sup-
port.

3.5 Hypothesis Entailment Scoring

After obtaining a logically consistent intermediate
sentence through iterative natural logic verification,
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ITERLOGIC evaluates how well the validated sen-
tence supports a candidate answer. For each option
0;, we evaluate how well the validated sentence
supports the corresponding hypothesis S;.

Given the selected intermediate sentence s* as-
sociated with option o;, we compute a hypothesis-
level entailment score that measures whether s*
entails S;. This step is performed using the natu-
ral logic verifier, which outputs a probability dis-
tribution over entailment labels. We denote the
entailment probability as:

gi = V(Sl | 8*). (7)

We pair the question with each candidate choice
to construct M input sequences, where the se-
quence corresponding to the correct answer is
treated as a positive instance, and all remaining
sequences are treated as negative instances. For
each input sequence, the model predicts the prob-
abilities of the positive and negative classes, de-
noted as §;" and §; , respectively. Based on these
predictions, we define the training objective using
a binary cross-entropy loss over all candidates:

M
L= —2 (0;r logg);r +o0; logg)i_)
i=1
; ®)

> logiy,

=1, 1#gold

= —log g);ﬂd —

where gold denotes the index of the correct answer.
The label indicators oj and o, are defined as fol-
lows: if the i-th candidate is the correct answer,
then o) = 1and o; = 0; otherwise, o = 0 and

o, =1

4 Experimental Settings
4.1 Datasets

We evaluate our approach on three benchmark
datasets that require retrieving and synthesizing
external facts for multiple-choice question answer-
ing: QASC (Khot et al., 2020), WorldTree (Jansen
et al., 2018), and WikiHop (Welbl et al., 2018). De-
tailed descriptions of these datasets are provided in
Appendix A.

4.2 Baselines

Large Language Models. We evaluate two
categories of large language models: propri-
etary API-based models and open-weight mod-
els. For the former, we use GPT-3.5 and GPT-
4 via the OpenAl API (OpenAl, 2022; Achiam

et al., 2023), specifically gpt-3.5-turbo-1106
and gpt-4-1106-preview. For the latter, we con-
sider representative open-weight LLMs, includ-
ing LLAMA 2 (Touvron et al., 2023), LLAMA 3
(Al@Meta, 2024), Vicuna (Chiang et al., 2023),
ChatGLM (Du et al., 2022), Baichuan (Yang et al.,
2023), Mistral (Jiang et al., 2023), Gemma (Mes-
nard et al., 2024), Qwen (Bai et al., 2023), and Flan-
TS5 (Chung et al., 2024). To ensure fair comparison,
we use chat-oriented variants with parameter sizes
comparable to our model.

Fine-tuned Models. We additionally compare
against fine-tuned baselines trained on the tar-
get datasets, including BERT,;.4. (Devlin et al.,
2019), RoBERTa.¢. (Liu et al., 2019), and
DeBERTa,,4 (He et al., 2023). We further include
TEAM (Ghosal et al., 2022), a strong baseline that
formulates MCQA as a binary classification prob-
lem using DeBERTa-large. In addition, we com-
pare with several neural-symbolic reasoning ap-
proaches. NeuNLI (Shi et al., 2021) integrates nat-
ural logic into neural inference, while DILR (Wang
and Pan, 2022) performs first-order logical reason-
ing over query-relevant facts. We also consider FI-
NAL (Shi et al., 2025a), which combines first-order
logic with natural logic for question answering. Fi-
nally, we include Dual-NeSy (Shi et al., 2025c), a
dual-system framework that employs fast, heuristic
reasoning for knowledge composition and struc-
tured, multi-step symbolic reasoning for deliberate
logical verification. Details of the evaluation met-
rics and implementation settings are provided in
Appendix A.

S Experimental Results and Analysis

5.1 Main Results

Table 3 reports the performance of ITERLOGIC
on QASC, WorldTree, and WikiHop. Overall,
ITERLOGIC achieves strong and consistent results
across all three benchmarks, outperforming prior
neuro-symbolic and neural baselines.

On QASC, ITERLOGIC attains an accuracy of
90.43%, establishing the best performance among
all compared models. This result demonstrates
the effectiveness of iterative natural logic verifica-
tion in two-hop compositional question answering.
Compared to previous neuro-symbolic approaches
such as FINAL and Dual-NeSy, ITERLOGIC fur-
ther improves accuracy by enforcing logical con-
sistency during generation rather than relying on
one-shot verification. On WorldTree, ITERLOGIC
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‘WorldTree Accuracy (%)

WikiHop Accuracy (%)

Model QASC Accuracy (%)
Easy Challenge Overall Publisher Developer Country Record_label Average
Open-weight LLMs 6B/7B/8B
Baichuan2-Chat-7B (Yang et al., 2023) 45.43 72.18 54.12 66.56 38.89 34.48 62.89 22.97 39.81
LLAMA 2-CHAT-7B (Touvron et al., 2023) 33.26 64.38 45.88 58.62 37.04 24.14 41.75 42.76 36.43
Vicuna-7B (Chiang et al., 2023) 48.37 75.20 58.76 70.09 51.85 48.28 71.13 20.49 47.94
ChatGLM2-6B (Du et al., 2022) 41.52 76.37 56.70 70.25 42.59 37.93 72.68 40.64 48.46
ChatGLM3-6B (Du et al., 2022) 56.20 81.72 68.04 7747 72.22 58.62 73.71 59.72 66.07
Mistral-7B-Instruct-v0.2 (Jiang et al., 2023) 60.76 82.42 74.23 79.87 64.81 51.72 72.68 64.66 63.47
Mistral-7B-Instruct-v0.3 (Jiang et al., 2023) 5891 82.77 76.03 80.67 64.81 51.72 77.32 67.84 65.43
Gemma-7B-it (Mesnard et al., 2024) 64.13 85.33 72.16 81.23 61.11 51.72 69.59 41.70 56.03
Gemma-1.1-7B-it (Mesnard et al., 2024) 66.20 90.45 81.70 87.73 62.96 48.28 71.65 38.16 55.26
Qwen-7B-Chat (Bai et al., 2023) 66.85 87.19 67.53 81.07 51.85 44.83 68.04 42.05 51.69
Qwenl.5-7B-Chat (Bai et al., 2023) 72.61 91.85 78.35 87.65 66.67 51.72 75.77 65.72 64.97
LLAMA 3-8B-INSTRUCT (AI@Meta, 2024) 71.30 91.50 80.41 88.05 62.96 48.28 76.29 55.83 60.84
Open-weight LLMs 11B/13B
Baichuan2-Chat-13B (Yang et al., 2023) 56.63 82.07 68.04 77.71 44.44 34.48 50.00 33.92 40.71
LLAMA 2-CHAT-13B (Touvron et al., 2023) 41.52 65.89 47.42 60.14 55.56 51.72 64.43 62.19 58.48
Vicuna-13B (Chiang et al., 2023) 58.80 82.89 69.85 78.83 62.96 41.38 73.71 44.52 55.64
FLAN-T5-11B (Chung et al., 2024) 78.91 88.94 79.64 86.05 59.26 48.28 72.16 70.67 62.59
LLMs API
GPT-3.5 (OpenAl, 2022) 77.72 94.76 89.43 93.10 64.81 65.52 75.77 71.02 69.28
GPT-4 (Achiam et al., 2023) 86.52 95.34 91.24 94.07 75.93 68.97 79.38 72.44 74.29
Finetuned Models

BERT)4,gc (Devlin et al., 2019) 73.15 52.62 31.96 46.19 87.04 75.86 78.87 80.57 80.59
ROBERTa;y.¢. (Liu et al., 2019) 73.26 57.04 35.05 50.20 88.89 75.86 81.96 81.63 82.09
DeBERTa;4,4 (He et al., 2023) 85.65 81.61 65.72 76.66 90.74 79.31 82.47 83.39 83.98
TEAM-DeBERTa (Ghosal et al., 2022) 89.35 88.82 78.87 85.73 88.89 79.31 82.99 83.04 83.56
DILR-DeBERTa (Wang and Pan, 2022) 47.66 59.14 47.68 55.57 88.89 82.76 84.54 83.75 84.99
NeuNLI-DeBERTa (Shi et al., 2021) 88.15 89.87 79.12 86.53 90.74 82.76 84.02 83.04 85.14
FINAL (Shi et al., 2025a) 90.33 91.97 81.70 88.77 94.44 86.21 85.05 85.51 87.80
Dual-NeSy (Shi et al., 2025¢) 89.02 91.73 83.25 89.09 92.59 89.66 85.57 84.81 88.16
ITERLOGIC (Ours) 90.43 91.97 83.76 89.41 94.44 89.66 86.08 85.87 89.01

Table 3: Performance results on the QASC, WorldTree and WikiHop datasets. The best results achieved by open
source models are marked in bold. The best results across all models are marked in underline.

achieves an overall accuracy of 89.41%, with par-
ticularly strong performance on the challenge sub-
set (83.76%). These results indicate that iterative
verification is particularly effective in more chal-
lenging multi-hop settings, as evidenced by the im-
provement on the WorldTree challenge subset. On
WikiHop, ITERLOGIC consistently outperforms
both open-weight and finetuned baselines across
all four subtasks. It achieves the best average ac-
curacy of 89.01%. This suggests that the proposed
framework generalizes well in multi-hop reasoning
scenarios.

These results show that ITERLOGIC provides a
robust and general solution for multi-hop question
answering. By integrating natural logic verifica-
tion into an iterative generation loop, ITERLOGIC
yields more reliable intermediate reasoning and
consistently improves answer accuracy across di-
verse multi-hop QA benchmarks.

5.2 Ablation Study

To validate the effectiveness of the natural logic
verifier, we conduct an ablation study on the
WorldTree dataset by replacing it with an alter-
native neural NLI scorer while keeping all other
components unchanged.

As shown in Table 4, the ablation results demon-
strate the importance of both the iterative rejection—

Model WorldTree Accuracy (%)
Easy Challenge Overall
ITERLOGIC (Ours) 91.97 83.76 89.41
w/o iteration 91.37 83.25 89.09
w/o verifier 91.62 79.90 87.97

Table 4: Ablation study on the WorldTree dataset.

regeneration mechanism and the natural logic veri-
fier. Removing iteration, which reduces the frame-
work to one-shot generation followed by verifica-
tion, decreases overall accuracy from 89.41% to
89.09%. This result shows that regeneration is not
merely redundant resampling; rather, it gives the
verifier multiple opportunities to filter out unsup-
ported intermediate sentences and select a more
logically consistent candidate.

Replacing the natural logic verifier with a stan-
dard NLI scorer further reduces the overall accu-
racy to 87.97%, with a more substantial 3.86-point
drop on the Challenge subset. This degradation
highlights the importance of natural logic verifica-
tion for assessing logical consistency during inter-
mediate composition. Unlike standard NLI scoring,
the natural logic verifier produces explicit logical
consistency scores that directly guide rejection and
regeneration, providing a structured control signal
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WorldTree Accuracy (%)

Model QASC Accuracy (%)
Easy Challenge Overall

DeepSeek-R1-Distill-LLaMA-8B (Guo et al., 2025) 71.52 85.68 69.59 80.67
DeepSeek-R1-Distill-Qwen-7B (Guo et al., 2025) 68.70 87.66 73.45 83.24
Mistral-7B-Instruct-v0.3 (Jiang et al., 2023) 75.43 88.01 77.58 84.76
LLAMA 3-8B-INSTRUCT (Al@Meta, 2024) 72.93 90.22 79.90 87.01
Qwen-7B-Chat (Bai et al., 2023) 77.07 91.15 78.09 87.09
Gemma-1.1-7B-it (Mesnard et al., 2024) 77.61 91.15 79.12 87.41
LLAMA 3.1-8B-INSTRUCT (AI@Meta, 2024) 78.15 92.08 79.12 88.05
ITERLOGIC (Ours) 90.43 91.97 83.76 89.41

Table 5: Accuracy (%) on the QASC and WorldTree dataset using LoRA fine-tuned large language models.

Model QASC Accuracy (%) WikiHop Accuracy (%)

Publisher Developer Country Record_label Average
DeepSeek-R1 (Guo et al., 2025) 85.33 77.78 82.76 82.47 84.81 81.96
ol-preview (OpenAl, 2024) 87.28 85.19 79.31 81.96 86.22 83.17
ITERLOGIC (Ours) 90.43 94.44 89.66 86.08 85.87 89.01

Table 6: Accuracy (%) of the ol-preview and DeepSeek-R1 on the QASC and WikiHop dataset.

for filtering out fluent but unsupported candidates
before they influence final answer selection.

5.3 Performance Comparison between
ITERLOGIC and LoRA-Finetuned Models

To further assess the effectiveness of the proposed
framework, we compare ITERLOGIC with large lan-
guage models fine-tuned using LoRA (Low-Rank
Adaptation) (Hu et al., 2022). LoRA introduces
low-rank decompositions into the model weight ma-
trices and updates only the newly added parameters
while freezing the original weights, substantially
reducing the computational costs of fine-tuning.
Under this setting, we evaluate ITERLOGIC and
LoRA-finetuned models on the same datasets using
identical evaluation metrics.

Table 5 reports the accuracy of LoRA-finetuned
large language models on the QASC and
WorldTree test sets, including Mistral-7B-Instruct-
v0.3 (Jiang et al., 2023), Gemma-1.1-7B-it (Mes-
nard et al., 2024), Qwen-7B-Chat (Bai et al.,
2023), LLAMA 3-8B-INSTRUCT (Al@Meta,
2024), LLAMA 3.1-8B-INSTRUCT (Al@Meta,
2024), and DeepSeek-R1-Distill (Guo et al., 2025).
Note that we do not include LoRA-based experi-
ments on the WikiHop dataset. This is because,
under the zero-shot evaluation setting, the required
supporting knowledge is already provided in the in-
put prompts, making additional parameter-efficient
fine-tuning unnecessary.

The results show that on the QASC test set,

ITERLOGIC achieves an accuracy of 90.43%, sub-
stantially outperforming all LoRA-finetuned base-
lines. For example, Mistral-7B-Instruct attains only
75.43% accuracy, and models from the DeepSeek-
R1 series also underperform relative to our ap-
proach. On the WorldTree test set, ITERLOGIC
consistently delivers strong performance across
the easy subset, the challenge subset, and the full
dataset. In particular, it achieves an accuracy of
83.76% on the challenge subset, demonstrating its
superior ability to compose external knowledge
and perform logical verification in complex reason-
ing scenarios, where other models suffer from per-
formance degradation. Overall, while LoRA fine-
tuning generally improves the accuracy of large
language models, ITERLOGIC achieves higher per-
formance without relying on parameter-efficient
fine-tuning. By leveraging a complementary neuro-
symbolic architecture, ITERLOGIC demonstrates
greater stability and robustness in multi-step rea-
soning tasks, surpassing LoRA-finetuned large lan-
guage models.

5.4 Performance Comparison between
ITERLOGIC and Reasoning Models

Table 6 presents a comparative evaluation of
ITERLOGIC against two reasoning models, ol-
preview (OpenAl, 2024) and DeepSeek-R1 (Guo
et al., 2025), on the QASC test set and the WikiHop
validation set.

On the QASC dataset, ITERLOGIC achieves an
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accuracy of 90.43%, surpassing the strongest rea-
soning baseline, ol-preview (87.28%), by 3.15 per-
centage points. This margin indicates that ITER-
LoGIC is more effective at distinguishing correct
answers from closely related distractors in com-
monsense reasoning tasks where misleading op-
tions are prevalent. In contrast, the performance of
DeepSeek-R1 on QASC may be attributed to the
adversarial noise intentionally introduced in this
dataset, which can lead to over-reasoning during
inference. For example, for the question “What are
used for observing materials up close?”, DeepSeek-
R1 incorrectly selects “light” as the answer and
justifies it by claiming that “Light is critical as it
illuminates the specimen, enhancing visibility.” Al-
though this explanation appears semantically plau-
sible, it fails to establish a correct correspondence
with the requirement of “observing materials at
close range,” resulting in over-reasoning rather than
valid evidential support.

On the WikiHop dataset, ITERLOGIC demon-
strates consistently strong performance across four
subtasks, namely publisher, developer, country,
and record label, achieving an average accuracy
of 89.01%. This result exceeds the best average
accuracy among the two reasoning models, 83.17%
achieved by ol-preview, by 5.84 percentage points.
These findings indicate that the proposed frame-
work exhibits strong adaptability and robustness in
multi-domain reasoning scenarios.

5.5 Case Study

Natural logic verification is particularly useful
when a generated intermediate sentence is semanti-
cally relevant but not fully supported by the exter-
nal fact. For example, given the fact “Plants grow
faster when exposed to sunlight”, the generated sen-
tence “Plants grow faster because sunlight directly
increases plant mass” shares closely related con-
cepts, such as sunlight and plant growth. A holis-
tic semantic scorer may therefore assign it a high
score. However, the generated sentence introduces
an unsupported causal mechanism. The source fact
only states that sunlight exposure is associated with
faster plant growth, but does not entail that sun-
light directly increases plant mass. By comparing
aligned spans and their logical relations, the natural
logic verifier can identify this unsupported addition
and reject the candidate. This case illustrates how
span-level logical evaluation enables the verifier to
identify unsupported intermediate reasoning steps
that holistic semantic similarity may overlook.

6 Related Work

Neuro-Symbolic Reasoning. Neuro-symbolic
approaches (Qi et al., 2025; Wang et al., 2025a;
He et al., 2025; Liang et al., 2026) aim to combine
the flexibility of neural models with the rigor of
symbolic reasoning. Natural logic, in particular,
enables inference directly over linguistic surface
forms without translating text into formal logical
representations, and has been successfully applied
to interpretable question answering and textual in-
ference (Angeli and Manning, 2014; Angeli et al.,
2016; Shi et al., 2021). Prior work (Shi et al.,
2025c¢) integrates natural logic as a scoring mech-
anism, but treats it as a passive component that
does not influence generation. In contrast, ITER-
Logic tightly integrates natural logic verification
into the generation loop, allowing symbolic reason-
ing to actively guide the rejection and regeneration
of intermediate candidates.

Iterative Refinement in Reasoning Systems. It-
erative refinement has recently emerged as an ef-
fective strategy for improving reasoning reliabil-
ity in language models (Klein and Nabi, 2021;
Quan et al., 2024; Wang and Yu, 2025; Xiao et al.,
2025; Lin et al., 2025; Huang et al., 2025b), includ-
ing self-refinement and verification-guided gen-
eration. Unlike approaches that rely on model
self-consistency or heuristic feedback (Wang et al.,
2023; Aggarwal et al., 2023; Chen et al., 2024a;
Jiang et al., 2025), ITERLOGIC employs an explicit
symbolic verifier grounded in natural logic, provid-
ing a principled and lightweight control signal in
the generation process. This design enables more
reliable intermediate reasoning without additional
supervision or task-specific fine-tuning.

7 Conclusions

We proposed ITERLOGIC, an iterative natural logic
verification framework that integrates symbolic ver-
ification directly into the generation process for
multi-hop question answering. By enabling nat-
ural logic to reject logically inconsistent interme-
diate sentences and regenerate improved alterna-
tives, ITERLOGIC effectively reduces hallucinated
reasoning steps. Experiments on three datasets
show consistent improvements over strong neural
and neuro-symbolic baselines, particularly in chal-
lenging multi-hop settings. These results highlight
the importance of iterative verification for reliable
multi-step reasoning.
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Limitations

The effectiveness of ITERLOGIC depends on the
quality of retrieved evidence, and failures in re-
trieval may limit the benefits of iterative verifica-
tion. In addition, the natural logic verifier primarily
captures lexical and entailment-level consistency,
and may not fully handle implicit knowledge be-
yond the given evidence. Finally, the iterative rejec-
tion and regeneration process introduces additional
computational overhead compared to single-pass
generation.
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A Appendix: Experimental Settings

A.1 Datasets

QASC (Khot et al., 2020) is a multiple-choice sci-
ence question answering dataset designed to as-
sess commonsense and scientific reasoning. It con-
tains 9,980 questions, each with one correct answer
and seven distractors, including four adversarial
choices. Answering QASC questions requires re-
trieving and composing justification sentences from
a large knowledge base containing 17.2 million
facts.

WorldTree (Jansen et al., 2018) is also a multiple-
choice science question answering dataset. The
dataset consists of 2,459 questions, each with four
candidate answers, only one of which is correct,
and is partitioned into Easy and Challenge subsets.
Solving WorldTree questions relies on a knowledge
base of approximately 10,000 commonsense and
scientific facts for constructing explanatory reason-
ing chains.

WikiHop (Welbl et al., 2018) is a multi-hop read-
ing comprehension dataset that requires aggregat-
ing evidence from multiple documents. Each ques-
tion is formulated as a query of the form p(e, X),
where e denotes a given entity, X is the target en-
tity to be predicted from a candidate set C', and p
represents the query relation. We evaluate Wiki-
Hop across four domains: publisher, developer,
country, and record_label, each with separate
training and development splits. Since the test set
is not publicly available, we report results on the
development set. Dataset statistics are summarized
in Table 7 and Table 8.

Train-Dev-Test Split QASC WorldTree

Easy Challenge Overall

Train (# of questions) 8,134 708 278 986
Dev (# of questions) 926 158 68 226
Test (# of questions) 920 859 388 1,247

Table 7: Statistics of the QASC and WorldTree datasets.

Train-Dev Split WikiHop

Publisher Developer Country Record_label
Train (# of questions) 509 267 742 2,305
Dev (# of questions) 54 29 194 283

Table 8: Statistics of the WikiHop dataset.

A.2 Baselines

While LLMs are commonly evaluated using cloze
prompting, this strategy may underperform in
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multiple-choice question answering (MCQA) set-
tings (Robinson and Wingate, 2023). Following
prior work on multiple-choice prompting (Robin-
son and Wingate, 2023), we adopt the prompt tem-
plates shown in Table 9. A unified prompt is used
for QASC and WorldTree. For WikiHop, where
performance was initially poor, we introduce a
modified prompt that explicitly incorporates the
provided knowledge and separates the query from
candidate answers, reflecting the dataset’s triplet
structure.

Prompt Template for QASC and WorldTree

Choose the best answer to the following multiple-choice
question delimited by triple backticks. And give the reason
for your choice. Provide them in JSON format with the
following keys: Answer, Reason.

**[question with multiple choices] ™"

Prompt Template for Wikihop

Assuming you know the following knowledge.
Knowledge:" " " [knowledge] " ".

Choose the best answer to the following query from the
candidates. And give the reason for your choice. Provide
them in JSON format with the following keys: Answer,
Reason.

Query: """ [query] "

Candidates: " ° " [candidates] """

One-shot Prompt Template for Intermediate Sen-
tence Generation

The insect is small in size. [AND] Seeing small things
is difficult. [ENTAIL] Seeing a small insect is difficult.
[EOS]

**“factl [AND] fact2 [ENTAIL] " *°

Table 9: Prompts used for different datasets and inter-
mediate sentence generation.

A.3 Evaluation Metrics and Implementation
Details

Model performance is evaluated using accuracy
across all datasets, following standard practice in
prior work (Shi et al., 2025a). For ITERLOGIC, the
intermediate-sentence generator G is implemented
with LLAMA 3-8B-INSTRUCT (Al@Meta, 2024).
During regeneration, we sample with a tempera-
ture of 0.7 and set max_new_tokens to 50, which
provides moderate generation diversity while keep-
ing intermediate sentences concise. We employed
the pre-trained DeBERTa-large model (He et al.,
2023), which has a hidden dimension of 1024. The
model and training pipeline were implemented us-
ing the Transformers library (Wolf et al., 2020).

Fine-tuning was performed with the AdamW opti-
mizer (Loshchilov and Hutter, 2019), using an ini-
tial learning rate of 1 x 1075, Training was carried
out for 50 epochs on RTX PRO 6000 GPUs with
96 GB of memory. For both QASC and WorldTree,
we selected the checkpoint achieving the best per-
formance on the development set and report results
on the test set.

B Appendix: Iteration Budget

Regarding sensitivity to the iteration budget, the
maximum iteration count in ITERLOGIC acts as an
upper bound on regeneration attempts rather than
as a directly optimized parameter. In practice, the
process can terminate once a candidate satisfies
the verifier criterion, so the budget mainly controls
how many additional opportunities the generator
has to recover from an initially weak composition.
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