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Abstract

This paper describes our systems for SemEval-
2026 Task 11, Disentangling Content and For-
mal Reasoning in Language Models. We par-
ticipated in all four subtasks, addressing the
Content Effect—a phenomenon where models
rely on real-world plausibility rather than logi-
cal validity. Existing methods, such as stan-
dard Chain-of-Thought (CoT) prompting or
single-task Supervised Fine-Tuning (SFT), of-
ten struggle to completely decouple content
from reasoning due to the inherent probabilistic
biases in pre-trained models. To address these
limitations, a hybrid neuro-symbolic frame-
work based on the Qwen2.5-14B architecture
is proposed, integrating multi-task instruction
tuning with a robust neuro-symbolic pipeline.
The principal innovation lies in the deploy-
ment of a Reflexion mechanism coupled with
formal verification: natural language argu-
ments are parsed into First-Order Logic (FOL)
and subsequently verified by the Z3 Theorem
Prover. Parsing anomalies are automatically
rectified through an iterative self-correction
module. The proposed system ranked 1st in
Subtasks 1 & 2, 2nd in Subtask 4, and 9th
in Subtask 3, validating its ability to decou-
ple logical validity from content plausibility.
To strictly ensure replicability, the dataset and
codebase are available at https://github.
com/DALUOLUODE/Semeval _2026_task11.

1 Introduction

While Large Language Models (LLMs) demon-
strate remarkable proficiency in text generation
(Brown et al., 2020), their reasoning capabilities
are often predicated on probabilistic patterns and
pre-trained world knowledge rather than rigorous
logical rules. Consequently, a fundamental mis-
alignment often occurs between formal validity
and semantic plausibility (Dasgupta et al., 2024;
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Eisape et al., 2024). To systematically investigate
and mitigate this phenomenon, SemEval-2026 Task
11 (Valentino et al., 2026; Ghosh et al., 2026) was
introduced, challenging systems to disentangle for-
mal reasoning from content biases across multi-
lingual settings. This task fundamentally builds
upon recent mechanistic interpretations of syllo-
gistic inference (Kim et al., 2025) and efforts to
mitigate content effects through fine-grained acti-
vation steering (Valentino et al., 2025).

To mitigate the reliance on pre-trained priors,
strategies such as CoT (Wei et al., 2022; Kojima
et al., 2022; Ranaldi et al., 2025) and SFT have
been proposed. However, purely neural methods
often fail to completely decouple reasoning from
the probabilistic associations of world knowledge.
Furthermore, existing neuro-symbolic (Pan et al.,
2023; Olausson et al., 2023; Quan et al., 2024; Xu
et al., 2024) research is predominantly English-
centric (Wu et al., 2023), leaving a significant gap
in understanding how content biases manifest in
complex multilingual and low-resource environ-
ments.

To address these limitations, a hybrid Neuro-
Symbolic system based on the Qwen2.5-14B ar-
chitecture is proposed. We employ a dual-mode
approach where the model functions both as a se-
mantic parser—translating arguments into FOL for
verification by the Z3 Theorem Prover—and as a
direct reasoning solver.

The contributions of this work are summarized
as follows:

* A high-quality, augmented dataset was con-
structed.  The original dataset was ex-
panded fourfold through structural enhance-
ment, noise injection for retrieval subtasks,
and multilingual translation to simulate low-
resource settings.

* A robust Try-Fix-Verify architecture is intro-
duced. This pipeline incorporates a novel “Re-
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Figure 1: The architecture of the proposed Neuro-Symbolic system.

flexion” mechanism to automatically repair
term mismatches (e.g., “tall” vs. “very tall”)
during parsing, thereby reducing failures in
symbolic execution.

* A Multi-task SFT strategy is implemented.
By unifying structure extraction and logical
reasoning within a single model, the system’s
ability to interpret complex logical structures
is enhanced.

Through this framework, our system achieved
highly competitive results: ranking 1st in Subtasks
1 & 2, 2nd in Subtask 4, and 9th in Subtask 3.
Analyses demonstrate that the Z3 prover drastically
reduces the Total Content Effect (TCE), effectively
disentangling logical validity from semantic plau-
sibility.

The subsequent sections detail the neuro-
symbolic pipeline (Section 2), experimental setup
(Section 3), results and analysis (Section 4), and
conclusions (Section 5).

2 System Overview

As illustrated in Figure 1, a hybrid framework
is proposed combining neural semantic parsing
with symbolic verification to disentangle formal
reasoning from content plausibility. The architec-
ture integrates a Neuro-Parser for extracting logical
schemas, a Reflexion Mechanism for structural re-
pair, and a Symbolic Verifier based on FOL. A
Neural Solver serves as a fallback to ensure robust-
ness.

2.1 Data Construction & Augmentation

To surmount the inherent constraints of data
scarcity and to explicitly optimize the model for
complex multilingual and retrieval-augmented rea-
soning scenarios, the original training set was sys-
tematically expanded fourfold to 3,836 instances.
This was achieved through a rigorous pipeline in-
volving JSON-based structural enhancement (via
Gemini 3 Pro), distractor noise injection (1-5 irrel-
evant premises), and multilingual expansion across
11 target languages (via Qwen-MT-Plus). Detailed
procedures and data examples are provided in Ap-
pendix A.

2.2 Multi-task Instruction Tuning

A single unified model was trained to perform
both structural parsing and direct reasoning using
Qwen2.5-14B-Instruct as the base model. To re-
duce memory overhead, the model was loaded with
4-bit quantization and fine-tuned using Low-Rank
Adaptation (LoRA) (Hu et al., 2021).

Task Formulation. The training data was for-
matted into two distinct instruction-based tasks:

1. Parser Task: Guided by
PARSER_INSTRUCTION, the model is trained
to translate natural language input into a strict
JSON schema defining the logical structure.

2. Solver Task: Guided by
SOLVER_INSTRUCTION, the model is trained
to directly predict the validity label and
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Process Flow

Input: All tall people are happy. John is a tall
person. Therefore, John is happy.

Neuro-Parser(Step 1)

Chain
Connected?

REPAIR_INSTRUCTION :

You are an expert Logic Debugger. The syllogism parsing failed because
no valid logic chain was found between the Conclusion's Subject and
Predicate.

This error usually occurs due to:

1. Term Mismatch: e.g., Premise uses "very tall" but Conclusion uses
"tall". You must unify them to the base term (e.g., change both to "tall").
2. Missing Links: A crucial premise was missed or misparsed.

LLM Repair(Step 2)

Data State

Subject: John, Predicate: happy

{
"premises": [
"¥x (TallPeople(x) - Happy(x))",
"TallPerson(3John)"
1,

"conclusion": "Happy(3John)"

¥

Error: Term Mismatch (- “tall people” #  ‘tall person” ).
Heuristic Link Broken.

{

"premises": [
"Vx (TallPerson(x) - Happy(x))",
"TallPerson(3John)"

1,

"conclusion": "Happy(3John)"

}

Result: Valid (UNSAT)

Figure 2: Reflexion mechanism case study.

identify relevant premises based on internal
reasoning.

Training Strategy. To prevent the model from
overfitting to the instruction templates, a response-
only masking strategy was utilized. This technique
ensures that the loss is calculated exclusively on
the generated output (the JSON response), masking
the instruction and input text.

2.3 Neuro-Symbolic Pipeline with Reflexion

As illustrated in Figure 2, the inference process fol-
lows a robust Try-Fix-Verify pipeline. Initially, the
Neuro-Parser generates a JSON representation of
the syllogism structured via PARSER_INSTRUCTION.
A heuristic algorithm is subsequently deployed to
validate the logical chain. Specifically, this module
meticulously identifies the subject (.5), predicate
(P), and the middle term (M) across the parsed
premises, attempting to reconstruct the deductive
linkage. If the S-M-P chain is identified as bro-
ken due to term inconsistencies (e.g., “tall” versus
“very tall”), the Reflexion Mechanism (Shinn et al.,
2023; Madaan et al., 2023) is immediately trig-
gered. Instead of failing immediately, the system
prompts the model with REPAIR_INSTRUCTION to
unify inconsistent terms and regenerate the struc-
ture, thereby resolving parsing errors that would
otherwise block symbolic execution.

Upon successful extraction, the Symbolic Ver-

ifier translates the logical structure into FOL for
the Z3 Theorem Prover. Validity is determined
via proof by contradiction: the system asserts the
premises and the negation of the conclusion; if
73 (De Moura and Bjgrner, 2008) returns UNSAT,
the argument is logically valid. In cases where
symbolic verification fails (e.g., due to unresolv-
able parsing errors or timeouts), a Fallback Strat-
egy is employed, reverting to the neural solver
(SOLVER_INSTRUCTION) to ensure a robust end-to-
end prediction.

3 Experimental Settings

3.1 Evaluation Metrics

We strictly adopt the official evaluation metrics de-
fined for SemEval-2026 Task 11 (Valentino et al.,
2026), including Accuracy (ACC), Premise F1-
score, Total Content Effect (TCE), and the unified
primary Ranking Score.

3.2 Baselines

We compare our method against Zero-shot Prompt-
ing (Kojima et al., 2022), CoT (Wei et al., 2022),
and a standard SFT baseline that predicts validity
directly without the symbolic pipeline. Unless oth-
erwise stated, all trainable baselines were trained
on the same 3,836-instance augmented training set
described in Section 2.1, so that the comparison
isolates the contribution of the neuro-symbolic in-
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ference pipeline rather than differences in training
data scale.

3.3 Implementation Details

We fine-tuned Qwen?2.5-14B-Instruct (4-bit quan-
tized) using LoRA (r = 16, o = 32) via the Un-
sloth library' for efficient training. Training used a
batch size of 8, learning rate 2 x 10~%, and 5 epochs
with a response-only mask. Inference temperature
was set to 0.01 to ensure deterministic JSON gen-
eration. Experiments were conducted on a single
NVIDIA GeForce RTX 3090 (24GB) GPU.

4 Experimental Results

4.1 Main Results on the Official Test Set

As summarized in Tables 1 and 2, the proposed
Neuro-Symbolic architecture achieved the highest
ranking scores. Crucially, substantial gains in ro-
bustness are demonstrated: in Subtask 4, the TCE
dropped significantly from 14.65 (Standard SFT)
to 1.26 (Ours). It is empirically demonstrated that
formally verifying the logic via the Z3 solver effec-
tively disentangles reasoning from content plausi-
bility.

4.2 Ablation Study

To verify the contribution of key components—
namely the Reflexion Mechanism and the Symbolic
Solver—an ablation study was conducted on the
Subtask 4 Official Test Set.

Effect of Reflexion Mechanism. As shown in
Table 3, enabling the Reflexion mechanism resulted
in a significant improvement in the primary Rank-
ing Score and Premise F1. By successfully resolv-
ing term inconsistencies via the Try-Fix loop, the
system can process more instances through the rig-
orous symbolic solver. In the w/o Reflexion setting,
these instances would fail the heuristic check and
trigger the fallback strategy, leading to a higher
TCE and lower overall robustness.

Effect of Symbolic Solver (Z3). To verify the
structural necessity of the Symbolic Solver mod-
ule, we performed an ablation by removing the Z3
verification component entirely (effectively reduc-
ing the pipeline to a pure neural model, equivalent
to the Standard SFT baseline). For this experi-
ment, the Reflexion mechanism was deactivated in
both settings to ensure a direct comparison of the
reasoning engines’ inherent capabilities.

"https://github.com/unslothai/unsloth

As presented in Table 3, the results indicate a
fundamental difference in how the models han-
dle content bias. The Pure SFT model, while
achieving competitive Accuracy, exhibits a signif-
icantly higher TCE (14.65 vs. 3.04). This sug-
gests that the pure neural model relies more heav-
ily on content plausibility shortcuts. In contrast,
the Neuro-Symbolic approach (even without Re-
flexion) achieves a much lower TCE, confirm-
ing that translating natural language into First-
Order Logic effectively shields the reasoning pro-
cess from content interference. Consequently, the
Neuro-Symbolic approach yields a superior Rank-
ing Score.

4.3 Analysis

Cross-Lingual Robustness and Generalization.
Instead of relying on language-specific logical
structures, our system employs a translation-based
parsing strategy where the Neuro-Parser normal-
izes input from diverse languages into a unified
English-based JSON schema. As observed in Ta-
ble 2, this approach demonstrates remarkable sta-
bility. When transitioning from the monolingual
English setting (Subtask 2) to the complex multi-
lingual setting (Subtask 4), the Ranking Score actu-
ally increased from 46.23 to 49.51, despite the in-
creased task difficulty. While the Accuracy showed
a moderate decline (from 98.96% to 90.10%), the
system maintained a high level of robustness. This
improvement in the final score is driven by a su-
perior TCE reduction in the multilingual setting
(1.26 vs. 2.13), indicating that the Neuro-Symbolic
pipeline effectively decouples reasoning from lin-
guistic surface forms (Clark et al., 2020; Bertolazzi
et al., 2024). By separating the linguistic represen-
tation (handled by the Parser) from the reasoning
engine (handled by Z3), the system avoids the com-
mon pitfall where low-resource languages suffer
from degraded reasoning capabilities due to insuffi-
cient pre-training data. However, we acknowledge
a trade-off: while our system excelled in noisy en-
vironments (Subtask 4), its lower ranking in the
clean multilingual subtask (Subtask 3) suggests
that the current pipeline may be less effective when
symbolic verification is applied to already fluent
multilingual inputs. One plausible explanation is
that the strict verification stage can reject some
cases that a purely neural model would answer cor-
rectly. A more fine-grained error analysis is needed
to determine whether the main source of errors
comes from parsing, translation normalization, or
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Subtask 1 (English)

Subtask 3 (Multilingual)

Model

ACC TCE Score ACC TCE Score
Zero-shot (Qwen2.5) 61.26 41.67 12.89 63.02 42.71 13.19
CoT 85.86 20.17 21.19 80.21 12.50 22.26
Standard SFT 98.95 1.04 57.74 9375 8.33 28.99
Ours (Neuro-Symbolic) 100.00 0.00 100.00 94.79 6.25 31.80

Table 1: Main results on the official test set for binary validity classification (Subtasks 1 & 3). Note that the Ranking

Score is based on ACC and TCE.

Subtask 2 (English Retrieval)

Subtask 4 (Multilingual Retrieval)

Model

ACC TCE F1 Score ACC TCE F1 Score
Zero-shot (Qwen2.5) 58.33 4271 1232 739 5469 4271 13.02 7.09
CoT 81.77 12.09 82.16 2295 7448 25.60 72.99 17.22
Standard SFT 92.19 1146 81.77 24.69 8281 14.65 65.62 19.79
Ours (Neuro-Symbolic) 98.96 2.13 98.96 46.23 90.10 126 89.58 49.51

Table 2: Main results on the official test set for validity classification with premise retrieval (Subtasks 2 & 4). Note

that the Ranking Score considers Premise F1.

Subtask 4 (Multilingual Retrieval)

Model
ACC TCE F1 Score
Ours (Full) 90.10 1.26 89.58 49.51
w/o Reflexion 88.54  3.04  84.38 36.09
w/o Symbolic  82.81 14.65 65.62 19.79

Table 3: Comprehensive ablation results on the official
test set of Subtask 4.

conservative symbolic filtering.

Retrieval Capability under Noise. In Subtasks
2 and 4, the critical challenge is distinguishing
between logically necessary premises and irrele-
vant noise (distractors). The results in Table 2 re-
veal a significant disparity in the Premise F1-score
between the Standard SFT baseline (65.62) and
our Neuro-Symbolic approach (89.58) in the mul-
tilingual setting. This performance gap highlights
the structural advantage of the symbolic pipeline.
The Standard SFT model operates end-to-end and
often hallucinates relevance based on semantic
similarity—mistaking noisy premises that are top-
ically related to the conclusion for logically rel-
evant ones. In contrast, our pipeline utilizes the
7.3 Theorem Prover to construct a formal proof by
contradiction. The heuristic linkage and symbolic
verification processes inherently act as a rigorous
filter: premises that do not contribute to the deduc-
tive chain connecting the Subject and Predicate are

automatically excluded. Consequently, the set of
relevant premises identified by our system is de-
rived from logical necessity rather than statistical
probability, leading to superior precision even in
high-noise environments.

5 Conclusion

In this paper, we present a system for SemEval-
2026 Task 11 that disentangles formal validity from
content plausibility in multilingual syllogistic rea-
soning. By integrating multi-task SFT with a neuro-
symbolic pipeline, we combine the semantic flexi-
bility of Large Language Models with the rigor of
theorem proving.

Experimental results show that our system
achieves competitive accuracy while substantially
reducing the TCE, ranking 1st in Subtasks 1 & 2,
2nd in Subtask 4, and 9th in Subtask 3. These re-
sults confirm that formal verification is an effective
way to mitigate belief bias in logical tasks (Ozeki
etal., 2024). Our framework also identifies relevant
premises robustly under noise and remains stable
across diverse linguistic settings.

For future work, we plan to scale the model from
14B to 72B to improve multilingual parsing, com-
pare the framework with other neuro-symbolic sys-
tems such as LINC and Logic-LM, and extend the
symbolic engine to support richer logical forms
such as modal logic.
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A Data Construction & Augmentation
Details

As outlined in Section 2.1, the official training
dataset was expanded fourfold to optimize the
model for complex multilingual and retrieval-
augmented reasoning scenarios. This appendix
provides the detailed procedures and concrete data
examples for each step of the pipeline.

A.1 Detailed Pipeline Procedures

Step 1: Structural Enhancement. To estab-
lish a high-quality baseline schema, the original
959 unstructured English syllogisms were trans-
formed into a rigorous JSON format. This initial

extraction—explicitly delineating premises, con-
clusions, quantifiers, subjects, and predicates—was
facilitated via Gemini 3 Pro and subsequently sub-
jected to manual verification. This ensures the foun-
dational logic chain is flawlessly structured before
any noise or translation is applied.

Step 2: Noise Injection. A “Rich Noise Pool”
of unique source premises was extracted from the
structurally enhanced data. For retrieval subtasks, a
heuristic script randomly selected 1 to 5 irrelevant
premises (distractors) from the pool and injected
them into each instance. The original indices of
the logically necessary premises were recorded as
the relevant_premises array, which serves as the
ground truth for Subtasks 2 and 4.

Step 3: Multilingual Expansion. To support
cross-lingual subtasks and simulate low-resource
settings, the English dataset was translated into
the remaining 11 official target languages (Ger-
man, Spanish, French, Italian, Dutch, Portuguese,
Russian, Chinese, Swahili, Bengali, and Telugu).
The Qwen-MT-Plus API was utilized with a round-
robin strategy (lang_idx = idx % 11) to distribute
the target languages evenly across the generated
instances.

Final Dataset Composition. The final dataset
comprises four balanced subsets (959 instances
each) perfectly aligned with the SemEval subtasks:
(1) English Clean, (2) English Noisy, (3) Multilin-
gual Clean, and (4) Multilingual Noisy. This yields
a total of 3,836 diverse training instances.

A.2 Data Transformation Examples

The following examples illustrate the step-by-step
transformation of a single training instance through
our augmentation pipeline.

1. Original Official Data (English Clean): The
original data provides only the raw text, validity,
and plausibility labels.

{

"id": "e",

"syllogism”: "All cars are a type of
vehicle. No animal

is a car. Therefore, no

animal can be a vehicle.”,

"validity”: false,

"plausibility”: true
}
2. After Structural Enhancement: The system
extracts the logic schema into a response object,
identifying the Subject, Predicate, and Quantifier
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for each premise.

{
"schema": {
"premises”: [
{"original_index": @, "quant"”: "All",
"subj": "car”, "pred": "vehicle"},
{"original_index": 1, "quant": "No",
"subj": "animal"”, "pred”: "car"}
1,
"conclusion”: {
"quant”: "No", "subj": "animal”,
"pred”: "vehicle"
}
}
}

3. After Noise Injection (English Noisy): Irrele-
vant premises (e.g., about soda and celestial bodies)
are randomly injected. The relevant_premises
array records the indices of the core logical compo-
nents.

{
"augmented_syllogism”: "Nothing that is
a soda is a juice.
All cars are a type of vehicle.
Anything that is a sun
is a celestial body. No animal is
a car. Therefore,
no animal can be a vehicle.”,
"relevant_premises”: [6, 7],
"validity"”: false
}
4. After Multilingual Expansion (Multilingual
Noisy): The entire text is translated into a target
language (e.g., French) while maintaining the orig-
inal schema and validity labels, ensuring the model
learns content-independent formal reasoning.

{
"lang”: "French",
"new_syllogism”: "Rien de ce qui est un
soda n'est un jus.
Toutes les voitures sont un type de
véhicule. Tout ce
qui est un soleil est un corps
céleste. Aucun animal
n’est une voiture. Par conséquent,
aucun animal ne
peut étre un véhicule.”
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