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Why Logical Reasoning Needs Semantics?

Greimas’ Semiotic Square

S1

¬S2 ¬S1

S2

Greimas’ Semiotic Square

Contradictory
Contrary

Implication

S1 S2

¬S2¬S1

NL:
Repayment of debt is always just.

FOL:
∀x (Debt(x) ∧ Repaid(x) → Just(x))

NL:
Repayment of debt is always unjust.  

FOL: 
∀x (Debt(x) ∧ Repaid(x) → ¬Just(x))

Example(Justice)

S1

¬S2 ¬S1

S2

Greimas’ Semiotic Square

Contradictory
Contrary

Implication

NL:
Some repaid debts are unjust.  

FOL: 
∃x (Debt(x) ∧ Repaid(x) ∧ ¬Just(x))

NL:
Some repaid debts are just.  

FOL:
∃x (Debt(x) ∧ Repaid(x) ∧ Just(x))

Unified rules for constructing
contraries and contradictories

By leveraging Greimas’ Semiotic Square, 
LLM can turn hidden semantics into 
explicit logical structure.

How can we reason 
logically when 

meaning itself is 
ambiguous? ?

Key Question
The meaning of 

language depends 
on use, context 

and form of life.

Wittgenstein

Meaning is Contextual Meaning is debated Meaning needs relations

Plato’s Republic Aristotle and Logic

What is justice?
Is repaying debt

always just?

To know the good,
We must know 

what is not.

Premise (P):
Debt is generally seen as a repayable obligation. 
Some debts may lack legitimacy.  Justice 
involves helping friends and avoiding harm. 
Repaying a problematic debt may result in harm.

Raw Input

Question (S): （True/False/Uncertain）
Is the statement 'Repaying one's debts is just' 
always correct?

S1: Repayment of debt is always just.
FOL: ∀x (Debt(x) ∧ Repaid(x) → Just(x))

¬S2: Some repaid debts are just.  
FOL: ∃x (Debt(x) ∧ Repaid(x) ∧ Just(x))

¬S1: Some repaid debts are unjust.  
FOL: ∃x (Debt(x) ∧ Repaid(x) ∧ ¬Just(x))

S2: Repayment of debt is always unjust.  
FOL: ∀x (Debt(x) ∧ Repaid(x) → ¬Just(x))

(1) Semantic Structuring Module

CFG 
Validator

CFG Validator

(2) Logical Reasoning Module

P1: Debt is generally seen as a repayable 
obligation 

FOL: ∀x (Debt(x) → Obligation(x))
Pn: ······  

S1 ¬S2¬S1 S2

Planner
Step 1: Identify the Goal

······
Step n: Conclude the Plan

Solver
Step 1: Identify the Goal

······
Final answer: {True/false/Uncertain}

Reasoning Verification

S1: False ¬S1:True

(3) Reflective Verification Module

Quick Reflection
If S1 ＝True/False ∧ ¬S1 ＝Uncertain    

Deep Reflection

Direct Resolution

Type1: S1 correct → S1
Type2: S1 incorrect → S1 Uncertain

If S1 ＝ Uncertain ∧ ¬S1 ＝ True/False   
Type3: S1 correct → S1 Uncertain
Type4: ¬S1 correct → ¬(¬S1)

If S1 ＝True ∧ ¬S1 ＝True then (2) S2

If S2 ＝True → S1 False else (2) ¬S2

If S1 ＝False ∧ ¬S1 ＝False then (2) S2

Because S2 ⇒ ¬S1 

Because S2 ⇒ ¬S1 
If S2 ＝True → S1 False else

Semantic 
Validator

Translator

Because S1 ⇒ ¬S2
If ¬S2＝False → S1 False else 

S1 is
False

A. Main Results
Table 3: Performance comparison across RepublicQA and other logical reasoning benchmarks. Best results are in
bold, second-best are underlined.

Type Method RepublicQA Other Benchmarks

Qwen2.5 → GPT-4o → Avg → Pronto → ProofWriter → FOLIO → ProverQA → Avg →

LR Naive 68.50 74.00 71.25 82.00 59.17 60.29 39.60 60.27
CoT 72.00 75.00 73.50 92.40 63.17 68.42 47.20 67.80

AR CR 57.00 71.00 64.00 80.20 58.33 71.57 51.80 65.48
ToT 56.00 69.50 62.75 82.50 64.40 72.54 53.40 68.21

SR Logic-LM 70.00 73.50 71.75 91.89 63.82 71.93 62.40 72.51
SymbCoT 76.00 80.50 78.25 95.20 64.67 70.59 57.20 71.92

AR+SR Aristotle 74.50 82.50 78.50 94.80 63.23 68.68 56.20 70.73
LogicAgent 82.50 (+6.50) 87.00 (+4.50) 84.75 (+6.25) 97.80 (+2.60) 71.95 (+7.28) 79.90 (+7.97) 68.60 (+6.20) 79.56 (+7.05)

icAgent achieves an average improvement of 7.05
points over the best baseline, with consistent gains
on Pronto (+2.60), ProofWriter (+7.28), FOLIO
(+7.97), and ProverQA (+6.20). These results
show that the proposed framework transfers ro-
bustly beyond RepublicQA and delivers superior
performance on diverse logical QA benchmarks.

5.3 Ablation Study
To evaluate the contribution of our method, we
conduct four sets of ablation experiments aimed at
answering the following key questions:

1. How effective is each stage in our reasoning
framework?

2. What is the impact of FOL representations
and natural language descriptions on reason-
ing performance?

3. How do different components affect compu-
tational efficiency?

4. How do semantic and logical complexity in-
teract?

Q1: Impact of Core Reasoning Stages. To ad-
dress Q1, we conduct ablation studies on each of
the three core stages in our method. Specifically:

• For Stage 1 (Semantic Structuring), we dis-
able the construction of the Greimas semiotic
square and retain only the proposition matching
the original proposition.

• For Stage 2 (Logical Reasoning), we remove
the planning process and directly attempt to
solve the proposition without intermediate step.

• For Stage 3 (Reflective Verification), we re-
move both Quick Reflection and Deep Reflection,
and instead apply a rule-based Direct Resolution
mechanism. Specifically, the model selects the
final verdict by combining the base resolution
strategy 2 with the supplemental decision rule:

Table 4: Ablation results under different configurations.

Setting ProofW. FOLIO ProverQA RepublicQA* Avg

w/o Square 65.17 72.06 56.60 76.50 67.58
w/o Plan 62.17 69.61 75.00 72.00 69.70
w/o Reflect 67.50 76.12 63.40 78.50 71.38
Ours 71.95 79.90 68.60 82.50 75.74

S1 =






S1, if S1 ↑= Uncertain ↓ ¬S1 = Uncertain
¬(¬S1), if S1 = Uncertain ↓ ¬S1 ↑= Uncertain
S1, if S1 = ¬S1 ↔ {True, False}

(3)

The ablation results in Table 4 demonstrate
that each component in our framework contributes
meaningfully to the overall performance. Remov-
ing the semiotic square stage causes a substantial
decline, with the average accuracy dropping from
75.74 to 67.58 (-8.16). This indicates that analyz-
ing propositions from multiple semantic perspec-
tives, including contraries and contradictions, is
critical for handling complex meanings. Excluding
the reflective verification stage results in a smaller
decrease to 71.38 (-4.36), suggesting that earlier
reasoning stages already yield relatively reliable
conclusions. Interestingly, removing the plan-
ning stage improves performance on ProverQA
(from 68.60 to 75.00, +6.40); however, this re-
moval leads to sharp declines on the other three
datasets (-9.78 on ProofWriter, -10.29 on FOLIO,
-10.50 on RepublicQA), reducing the average (ex-
cluding ProverQA) from 77.78 to 70.94 (-6.84).
We observed that ProverQA gold chains typically
involve 6–9 reasoning steps, while our planner of-
ten generates trajectories exceeding 10 steps. This
suggests the existence of a reasoning complexity
threshold, beyond which over-extended reasoning
depth may impair performance, pointing to an im-
portant direction for future research.
Q2: Impact of FOL and Natural Language In-
puts. To assess the individual roles of FOL and
natural language inputs, we run ablations that re-
move either the FOL representations or the natural
language statements, as shown in Figure 4a.

LogicAgent: Three-stage Semantic-aware reasoning RepublicQA: A benchmark for 
semantic-aware logical reasoning

600 examples

Abstract philosophy： Classical Philosophy Books

True | False | Uncertain

Contrary & Contradictory forms
Table 2: Benchmark semantic complexity comparison.
A complete benchmark comparison is provided in Ap-
pendix Table 7.

Benchmark Total FKGL→ TTR→ MTLD→ UBR→ Contr.→
(Concept.) (Lexical Diversity) (Struct.)

ProntoQA 500 6.78 0.448 13.93 0.852 0.00
FOLIO 204 6.62 0.569 33.54 0.805 0.30
ProofWriter 600 1.25 0.193 11.31 0.513 0.00
ProverQA 500 8.44 0.616 34.84 0.774 0.13
RepublicQA 600 11.94 0.685 74.81 0.929 0.70

+41.5% +11.2% +114.7% +9.0% +133.3%

To address this gap, we construct RepublicQA,
a benchmark designed to jointly capture logical
depth and semantic breadth reasoning.
Benchmark Construction. RepublicQA draws
from classical philosophical and ethical traditions
that explore justice, morality, agency, and knowl-
edge. These sources, characterized by dialogical
inquiry and abstract argumentation, provide natu-
rally ambiguous propositions and opposing stances
suitable for evaluating advanced logical and se-
mantic reasoning. We extracted propositions and
contextual premises manually, with double annota-
tion by two graduate students to ensure logical and
semantic consistency.
Complexity Comparison. RepublicQA introduces
abstract propositions with deeper logical dependen-
cies, balanced True/False/Uncertain distributions,
and contexts requiring the integration of multiple
philosophical concepts. To characterize its com-
plexity, we group our measurements into three cat-
egories: (1) Conceptual Complexity (primary in-
dicator), reflected by FKGL; (2) Lexical Diversity
(secondary indicators), captured by TTR, MTLD,
and UBR; and (3) Structural Contrast (support-
ing dimension), describing the organization of con-
trary construction. Table 2 shows that RepublicQA
achieves the strongest performance across all in-
dicators, with contrary-construction patterns far
exceeding those of existing benchmarks, highlight-
ing its emphasis on abstraction, semantic depth,
and non-template reasoning. These properties un-
derscore its suitability for evaluating reasoning un-
der ambiguity and high-level conceptual interac-
tions. Details of these metrics are provided in
Appendix D.4, with additional information about
RepublicQA in Appendix D.

5 Experiment

5.1 Settings
We evaluate our framework on two fronts. First,
we assess its performance on our proposed Repub-

licQA benchmark using different baseline models,
verifying that the benchmark is broadly applicable
for benchmarking logical reasoning. Second, to
test the generalizability of our method, we con-
duct evaluations on established logical QA bench-
marks, including ProntoQA, ProofWriter, FOLIO,
and ProverQA. The experimental setup includes
the following components:
Benchmarks. We evaluate on four established log-
ical reasoning benchmarks: ProntoQA (Saparov
and He, 2022) (5-hop subset), ProofWriter (Tafjord
et al., 2020) (depth-5, OWA setting), FOLIO (Han
et al., 2022) (full expert-curated split), and
ProverQA (Qi et al., 2025) (hard split with 500
examples, 6–9 reasoning steps). Detailed bench-
mark descriptions are provided in Appendix C.1.
Baselines. We compare LogicAgent with five rep-
resentative baselines: Naive Prompting, Chain-of-
Thought (CoT) (Wei et al., 2022), Cumulative rea-
soning (CR) (Zhang et al., 2023), Tree-of-Thought
(ToT) (Yao et al., 2023), Logic-LM (Pan et al.,
2023), SymbCoT (Xu et al., 2024b), and Aristo-
tle (Xu et al., 2024a). Detailed baseline introduc-
tions are provided in Appendix C.2.
Model. For RepublicQA, we evaluate with both
the locally deployed qwen2.5:32b (Yang et al.,
2025a) and GPT-4o (Hurst et al., 2024), ensuring
robustness across open and closed source LLMs.
For other benchmarks, we adopt qwen2.5:32b as
the base model. In all experiments, the decoding
temperature is fixed at 0.
Symbolic Toolkit. To verify the syntactic validity
of FOL forms, we employ the nltk (Bird, 2006)
library for CFG-based structural checking.

5.2 Comparison with SOTA
Table 3 presents the main results from which we
can draw several observations.

Our RepublicQA highlights the unique chal-
lenges of semantic ambiguity. On RepublicQA,
Logic-LM performs comparably to the naive base-
line, indicating that tool-augmented methods bring
little advantage when facing symbolic and seman-
tic ambiguity. In contrast, our LogicAgent achieves
the best performance on both Qwen2.5-32B (82.50)
and GPT-4o (87.00), surpassing the strongest base-
line by an average of 6.25 points. This confirms
that RepublicQA effectively stresses reasoning un-
der ambiguity, and that our method is best suited
to address these challenges.

Our LogicAgent generalizes effectively across
several mainstream reasoning benchmarks. Log-

Ba
sic

s

Semantic 
complexity

Comparison

Finding 1: Semantic Structuring improves  
both RepublicQA and standard logical benchmarks

Table 3: Performance comparison across RepublicQA and other logical reasoning benchmarks. Best results are in
bold, second-best are underlined.

Type Method RepublicQA Other Benchmarks

Qwen2.5 → GPT-4o → Avg → Pronto → ProofWriter → FOLIO → ProverQA → Avg →

LR Naive 68.50 74.00 71.25 82.00 59.17 60.29 39.60 60.27
CoT 72.00 75.00 73.50 92.40 63.17 68.42 47.20 67.80

AR CR 57.00 71.00 64.00 80.20 58.33 71.57 51.80 65.48
ToT 56.00 69.50 62.75 82.50 64.40 72.54 53.40 68.21

SR Logic-LM 70.00 73.50 71.75 91.89 63.82 71.93 62.40 72.51
SymbCoT 76.00 80.50 78.25 95.20 64.67 70.59 57.20 71.92

AR+SR Aristotle 74.50 82.50 78.50 94.80 63.23 68.68 56.20 70.73
LogicAgent 82.50 (+6.50) 87.00 (+4.50) 84.75 (+6.25) 97.80 (+2.60) 71.95 (+7.28) 79.90 (+7.97) 68.60 (+6.20) 79.56 (+7.05)

icAgent achieves an average improvement of 7.05
points over the best baseline, with consistent gains
on Pronto (+2.60), ProofWriter (+7.28), FOLIO
(+7.97), and ProverQA (+6.20). These results
show that the proposed framework transfers ro-
bustly beyond RepublicQA and delivers superior
performance on diverse logical QA benchmarks.

5.3 Ablation Study
To evaluate the contribution of our method, we
conduct four sets of ablation experiments aimed at
answering the following key questions:

1. How effective is each stage in our reasoning
framework?

2. What is the impact of FOL representations
and natural language descriptions on reason-
ing performance?

3. How do different components affect compu-
tational efficiency?

4. How do semantic and logical complexity in-
teract?

Q1: Impact of Core Reasoning Stages. To ad-
dress Q1, we conduct ablation studies on each of
the three core stages in our method. Specifically:

• For Stage 1 (Semantic Structuring), we dis-
able the construction of the Greimas semiotic
square and retain only the proposition matching
the original proposition.

• For Stage 2 (Logical Reasoning), we remove
the planning process and directly attempt to
solve the proposition without intermediate step.

• For Stage 3 (Reflective Verification), we re-
move both Quick Reflection and Deep Reflection,
and instead apply a rule-based Direct Resolution
mechanism. Specifically, the model selects the
final verdict by combining the base resolution
strategy 2 with the supplemental decision rule:

Table 4: Ablation results under different configurations.

Setting ProofW. FOLIO ProverQA RepublicQA* Avg

w/o Square 65.17 72.06 56.60 76.50 67.58
w/o Plan 62.17 69.61 75.00 72.00 69.70
w/o Reflect 67.50 76.12 63.40 78.50 71.38
Ours 71.95 79.90 68.60 82.50 75.74

S1 =






S1, if S1 ↑= Uncertain ↓ ¬S1 = Uncertain
¬(¬S1), if S1 = Uncertain ↓ ¬S1 ↑= Uncertain
S1, if S1 = ¬S1 ↔ {True, False}

(3)

The ablation results in Table 4 demonstrate
that each component in our framework contributes
meaningfully to the overall performance. Remov-
ing the semiotic square stage causes a substantial
decline, with the average accuracy dropping from
75.74 to 67.58 (-8.16). This indicates that analyz-
ing propositions from multiple semantic perspec-
tives, including contraries and contradictions, is
critical for handling complex meanings. Excluding
the reflective verification stage results in a smaller
decrease to 71.38 (-4.36), suggesting that earlier
reasoning stages already yield relatively reliable
conclusions. Interestingly, removing the plan-
ning stage improves performance on ProverQA
(from 68.60 to 75.00, +6.40); however, this re-
moval leads to sharp declines on the other three
datasets (-9.78 on ProofWriter, -10.29 on FOLIO,
-10.50 on RepublicQA), reducing the average (ex-
cluding ProverQA) from 77.78 to 70.94 (-6.84).
We observed that ProverQA gold chains typically
involve 6–9 reasoning steps, while our planner of-
ten generates trajectories exceeding 10 steps. This
suggests the existence of a reasoning complexity
threshold, beyond which over-extended reasoning
depth may impair performance, pointing to an im-
portant direction for future research.
Q2: Impact of FOL and Natural Language In-
puts. To assess the individual roles of FOL and
natural language inputs, we run ablations that re-
move either the FOL representations or the natural
language statements, as shown in Figure 4a.

Table 3: Performance comparison across RepublicQA and other logical reasoning benchmarks. Best results are in
bold, second-best are underlined.

Type Method RepublicQA Other Benchmarks

Qwen2.5 → GPT-4o → Avg → Pronto → ProofWriter → FOLIO → ProverQA → Avg →

LR Naive 68.50 74.00 71.25 82.00 59.17 60.29 39.60 60.27
CoT 72.00 75.00 73.50 92.40 63.17 68.42 47.20 67.80

AR CR 57.00 71.00 64.00 80.20 58.33 71.57 51.80 65.48
ToT 56.00 69.50 62.75 82.50 64.40 72.54 53.40 68.21

SR Logic-LM 70.00 73.50 71.75 91.89 63.82 71.93 62.40 72.51
SymbCoT 76.00 80.50 78.25 95.20 64.67 70.59 57.20 71.92

AR+SR Aristotle 74.50 82.50 78.50 94.80 63.23 68.68 56.20 70.73
LogicAgent 82.50 (+6.50) 87.00 (+4.50) 84.75 (+6.25) 97.80 (+2.60) 71.95 (+7.28) 79.90 (+7.97) 68.60 (+6.20) 79.56 (+7.05)

icAgent achieves an average improvement of 7.05
points over the best baseline, with consistent gains
on Pronto (+2.60), ProofWriter (+7.28), FOLIO
(+7.97), and ProverQA (+6.20). These results
show that the proposed framework transfers ro-
bustly beyond RepublicQA and delivers superior
performance on diverse logical QA benchmarks.

5.3 Ablation Study
To evaluate the contribution of our method, we
conduct four sets of ablation experiments aimed at
answering the following key questions:

1. How effective is each stage in our reasoning
framework?

2. What is the impact of FOL representations
and natural language descriptions on reason-
ing performance?

3. How do different components affect compu-
tational efficiency?

4. How do semantic and logical complexity in-
teract?

Q1: Impact of Core Reasoning Stages. To ad-
dress Q1, we conduct ablation studies on each of
the three core stages in our method. Specifically:

• For Stage 1 (Semantic Structuring), we dis-
able the construction of the Greimas semiotic
square and retain only the proposition matching
the original proposition.

• For Stage 2 (Logical Reasoning), we remove
the planning process and directly attempt to
solve the proposition without intermediate step.

• For Stage 3 (Reflective Verification), we re-
move both Quick Reflection and Deep Reflection,
and instead apply a rule-based Direct Resolution
mechanism. Specifically, the model selects the
final verdict by combining the base resolution
strategy 2 with the supplemental decision rule:

Table 4: Ablation results under different configurations.

Setting ProofW. FOLIO ProverQA RepublicQA* Avg

w/o Square 65.17 72.06 56.60 76.50 67.58
w/o Plan 62.17 69.61 75.00 72.00 69.70
w/o Reflect 67.50 76.12 63.40 78.50 71.38
Ours 71.95 79.90 68.60 82.50 75.74

S1 =






S1, if S1 ↑= Uncertain ↓ ¬S1 = Uncertain
¬(¬S1), if S1 = Uncertain ↓ ¬S1 ↑= Uncertain
S1, if S1 = ¬S1 ↔ {True, False}

(3)

The ablation results in Table 4 demonstrate
that each component in our framework contributes
meaningfully to the overall performance. Remov-
ing the semiotic square stage causes a substantial
decline, with the average accuracy dropping from
75.74 to 67.58 (-8.16). This indicates that analyz-
ing propositions from multiple semantic perspec-
tives, including contraries and contradictions, is
critical for handling complex meanings. Excluding
the reflective verification stage results in a smaller
decrease to 71.38 (-4.36), suggesting that earlier
reasoning stages already yield relatively reliable
conclusions. Interestingly, removing the plan-
ning stage improves performance on ProverQA
(from 68.60 to 75.00, +6.40); however, this re-
moval leads to sharp declines on the other three
datasets (-9.78 on ProofWriter, -10.29 on FOLIO,
-10.50 on RepublicQA), reducing the average (ex-
cluding ProverQA) from 77.78 to 70.94 (-6.84).
We observed that ProverQA gold chains typically
involve 6–9 reasoning steps, while our planner of-
ten generates trajectories exceeding 10 steps. This
suggests the existence of a reasoning complexity
threshold, beyond which over-extended reasoning
depth may impair performance, pointing to an im-
portant direction for future research.
Q2: Impact of FOL and Natural Language In-
puts. To assess the individual roles of FOL and
natural language inputs, we run ablations that re-
move either the FOL representations or the natural
language statements, as shown in Figure 4a.

B. Ablation Results C. Semantic Difficulty / Reasoning Hops

(a) Input modalities (FOL vs. Statement). (b) Reasoning efficiency.

Figure 4: Ablation studies: (a) input modalities and (b) reasoning efficiency.

(1) Removing FOL severely impairs symbolic
reasoning. Across all four benchmarks, removing
FOL causes large accuracy drops, whereas remov-
ing natural language leads to only minor degra-
dation. ProofWriter (71.95 → 33.33), FOLIO
(79.90 → 34.31), and ProntoQA (97.80 → 49.00).
ProverQA shows a smaller decrease (68.60 →
60.20), likely because its natural language descrip-
tions convey relatively clear semantic–logical struc-
ture, making it less dependent on explicit FOL rep-
resentations.

(2) RepublicQA relies more heavily on natural
language semantics. When natural language input
is removed and only FOL is provided, accuracy
decreases substantially 82.50 → 55.50, whereas
removing FOL leads to a smaller drop to 71.00.
This reflects RepublicQA’s higher semantic com-
plexity, which arises from implicit assumptions,
shifting definitions, and pragmatic dependencies
embedded in philosophical discourse that are not
fully recoverable through symbolic logic alone.

(3) Best performance emerges from integrat-
ing both modalities. The highest performance
across all five datasets is obtained only when both
modalities are used, confirming that FOL provides
essential symbolic constraints even in semantically
complex settings. Overall, natural language con-
tributes interpretability and contextual grounding,
while FOL ensures inferential precision; their inte-
gration supports more accurate and robust reason-
ing across diverse tasks.

Q3: Impact on Computational Efficiency. We
measure per-sample processing time under vari-
ous ablation settings on RepublicQA. As shown in

Table 5: Semantic Difficulty vs. Logical Depth.

Hop→ FOLIO ProofWriter ProverQA RepublicQA

Acc.↑ FK Acc.↑ FK Acc.↑ FK Acc.↑ FK→

4 0.5161 6.45 0.6029 1.65 0.5636 8.27 0.4286 12.99
5 0.4474 7.72 0.4634 1.60 0.4231 8.40 0.3125 14.68
6 0.3750 7.35 0.4000 1.38 0.2500 7.40 0.0000 17.70

Figure 4b, removing planning achieves the largest
speedup (-37.1%), reflecting the cost of orchestrat-
ing multi-step reasoning. Excluding FOL (woFOL)
also reduces processing time by 35.4%, highlight-
ing the overhead of symbolic deduction. Smaller
reductions are observed when removing natural
language statements (-15.5%) or reflective verifica-
tion (-9.5%). Similar trends hold for ProofWriter,
FOLIO and ProverQA, with planning and FOL as
the main bottlenecks. For ProverQA, runtime is
instead dominated by reasoning chain length, as
removing FOL or statements has little effect.

Q4: Semantic–Logical Interplay. As shown in
Table 5, we analyze semantic variation and accu-
racy trends across different hop depths.

(1) Accuracy uniformly declines with greater
logical depth. Across four datasets, accuracy
decreases steadily as hop count increases: FO-
LIO (0.5161 → 0.3750), ProofWriter (0.6029 →
0.4000), ProverQA (0.5636 → 0.2500), and Repub-
licQA (0.4286 → 0.0000).

(2) Prior benchmarks decouple semantic
complexity from logical depth. In FOLIO,
ProofWriter, and ProverQA, logical depth increases
with hop count, but semantic complexity remains
nearly constant. For example, FKGL varies

Finding 2:  Semiotic Square is crucial 
in LogicAgent

Finding 3: Semantic difficulty 
amplifies logical difficulty

S1

¬S2 ¬S1

S2

Greimas’ Semiotic Square

Contradictory
Contrary

Implication


