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Abstract

SemEval-2026 Task 11 evaluates the ability
of Large Language Models (LLMs) to per-
form content-independent reasoning through a
novel multilingual syllogistic dataset designed
to measure the "content effect" — the tendency
to conflate semantic plausibility with logical
validity. The competition featured four sub-
tasks, covering English and multilingual set-
tings with both standard and noisy premise sets.
Evaluations of zero-shot baselines reveal that
the content effect is pervasive in open mod-
els, whereas newer versions demonstrate a sig-
nificant shift in performance. Across the sub-
tasks, findings indicate that introducing distract-
ing premises can challenge the models’ ability
to filter misleading information, while multi-
lingual settings amplify their susceptibility to
content biases compared to English. Partici-
pants proposed diverse approaches, including
neuro-symbolic decomposition, fine-tuning and
distillation methods, data augmentation, and
activation steering. While explicit symbolic
verification remains the most reliable strategy,
activation-level interventions and fine-tuning
methods offer promising pathways for internal-
ising formal logic within neural architectures.
Ultimately, the task reinforces the efficacy of
neuro-symbolic approaches and emerging ar-
chitectural trends for logical reliability, while
also highlighting that multilingual setups and
longer contexts still pose significant challenges
to be investigated in future research.1

1 Introduction

The extent to which Large Language Mod-
els (LLMs) can learn generalisable, content-
independent reasoning mechanisms is still largely
disputed in the NLP community (Song et al., 2026;
Seals and Shalin, 2024; Wysocka et al., 2024;

1SemEval-2026 Task 11 website: https://sites.
google.com/view/semeval-2026-task-11. GitHub
repository: https://github.com/neuro-symbolic-ai/
semeval_2026_task_11

Ozeki et al., 2024; Dasgupta et al., 2022; Berto-
lazzi et al., 2024; Eisape et al., 2024; Maraia et al.,
2026b; Mirzadeh et al., 2025). Recent work, for
example, has shown that LLMs suffer from content
biases when assessing or formulating logical argu-
ments — they tend to overestimate the formal va-
lidity of arguments that are compatible with world
knowledge, and underestimate the formal validity
of less plausible arguments (Dasgupta et al., 2022;
Valentino et al., 2026; Kim et al., 2025; Bertolazzi
et al., 2024, 2025; Balappanawar et al., 2025).

This phenomenon, known as the content effect,
suggests that formal reasoning in LLMs is inher-
ently entangled with the world knowledge acquired
during pre-training. Such entanglement contributes
to significant limitations, including susceptibility
to spurious correlations and systematic biases in
decision-making, which ultimately hinder the de-
ployment of LLMs in critical real-world applica-
tions. Because of its impact on reliability, sev-
eral works have proposed solutions for disentan-
gling content from formal reasoning, including
neuro-symbolic frameworks (Quan et al., 2024; Pan
et al., 2023; Kambhampati et al., 2024), prompting
techniques (Lyu et al., 2023; Xu et al., 2024), su-
pervised fine-tuning via symbolic demonstrations
(Ranaldi et al., 2025; Tan et al., 2025), and ac-
tivation steering methods (Valentino et al., 2026;
Maraia et al., 2026a,b; Bertolazzi et al., 2025; Fang
et al., 2026). Despite these efforts, a universal solu-
tion remains elusive. Furthermore, current studies
are predominantly in English, leaving multilingual
settings underdeveloped.

To address and improve our understanding of
this persisting challenge, we proposed SemEval-
2026 Task 11: Disentangling Content and Formal
Reasoning in Large Language Models. This shared
task presents a multilingual evaluation framework
for syllogistic reasoning where models are required
to assess the formal validity of arguments regard-
less of their semantic plausibility. We introduce
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Condition Plausible Implausible

Valid P1: All mammals are animals.
P2: All dogs are mammals.
Conclusion: All dogs are animals.

P1: All birds are reptiles.
P2: All dogs are birds.
Conclusion: All dogs are reptiles.

Invalid P1: All flowers are plants.
P2: All roses are plants.
Conclusion: All roses are flowers.

P1: All planets are round.
P2: All coins are round.
Conclusion: All coins are planets.

Table 1: Examples of syllogistic arguments intersecting formal validity and semantic plausibility. The four quadrants
illustrate the experimental conditions used to measure the content effect: the tendency for models to conflate the
logical structure of an argument (P |= c) with the real-world truth of its premises and conclusion.

a novel dataset spanning 24 syllogistic schemes
across ten diverse languages. The task is structured
into four distinct subtasks:

1. Subtask 1: Syllogistic Reasoning in English,
focuses on predicting the logical validity of
syllogisms independently of semantic plausi-
bility2.

2. Subtask 2: Syllogistic Reasoning with Irrele-
vant Premises in English, challenges model
robustness by requiring the identification of
necessary premises amidst "noisy" or logically
irrelevant statements3.

3. Subtask 3: Multilingual Syllogistic Reasoning,
extends the core validity classification task to
multiple diverse languages 4.

4. Subtask 4: Multilingual Syllogistic Reasoning
with Irrelevant Premises, combines the chal-
lenges of multilingual transfer and robustness
against irrelevant premises 5.

The competition was hosted on Codabench (Xu
et al., 2022), attracting approximately 250 partici-
pants with over 3000 submissions across the sub-
tasks and 35 system description papers.

A first analysis of open-source models tested by
participants reveals a significant disparity between
raw classification accuracy and logical robustness.
Evaluations of zero-shot baselines show that the
content effect remains pervasive in widely used
models such as Llama 3 (Grattafiori et al., 2024)

2Subtask 1 competition: https://www.codabench.org/
competitions/11928/

3Subtask 2 competition: https://www.codabench.org/
competitions/11929/

4Subtask 3 competition: https://www.codabench.org/
competitions/11930/

5Subtask 4 competition: https://www.codabench.org/
competitions/11931/

and Qwen 2.5 (Bai et al., 2023), where high se-
mantic plausibility often overrides logical structure.
Notably, increased parameter scale does not con-
sistently yield higher robustness, as larger models
frequently proved more susceptible to internalizing
pre-training biases. However, newer model gener-
ations, including Qwen 3 (Yang et al., 2025) and
Phi-4 (Abdin et al., 2024), demonstrate a signifi-
cant performance shift, achieving accuracies above
95 with lower content bias.

Participating systems adopted diverse strategies
to address the task which can be categorised into
five main paradigms: (i) pseudo-formal neuro-
symbolic decomposition, (ii) architectural modi-
fications and fine-tuning, (iii) data augmentation
and synthetic generation, (iv) latent-representation
steering, and (v) task-specific heuristics.

While explicit symbolic verification emerged as
the most effective strategy for bypassing the con-
tent effect by delegating inference to deterministic
solvers, neural-based interventions like activation
steering and targeted fine-tuning offer promising
pathways for internalising robust, content-invariant
reasoning directly within the model’s parameters.
However, the shared task also clearly demonstrates
that filtering distracting premises and maintaining
logical consistency across diverse languages re-
main substantial hurdles.

Ultimately, the task outcomes reinforce the re-
liability of neuro-symbolic approaches for logical
reasoning , while highlighting that recent archi-
tectural refinements are beginning to bridge the
gap between plausible and formal reasoning, even
as multilingual setups and longer, noisy contexts
continue to pose significant challenges for future
investigation.
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2 Task Description & Objectives

The primary objective of SemEval-2026 Task 11
is to investigate and improve the capabilities of
LLMs in formal reasoning. Syllogistic reasoning, a
foundational form of deductive logic, serves as the
primary vehicle for this investigation. A syllogism
typically consists of premises and a conclusion,
where the main task is to determine if the conclu-
sion logically follows from the premises.

A core challenge in LLMs’ reasoning is the con-
tent effect, a phenomenon where a model’s judg-
ment of logical validity is biased by the semantic
plausibility of the argument’s content. By present-
ing syllogistic arguments that are either aligned
(plausible) or misaligned (implausible) with world
knowledge, we can measure the model’s ability to
prioritise logical structure over semantic bias. Ta-
ble 1 illustrates the four dimensions investigated in
the task: valid-plausible, valid-implausible, invalid-
plausible, and invalid-implausible.

2.1 Problem Formalization
Formally, the task is defined as a binary classi-
fication problem. Given a syllogistic argument
A = {P, c}, where P = {p1, p2, . . . , pn} is a set
of premises and c is a conclusion, the model must
predict a label y ∈ {V, I} representing the formal
validity of the argument.

• y = V (Valid): The conclusion c is logically
entailed by the premises P such that P |= c.

• y = I (Invalid): The conclusion c does not
logically follow from the premises P .

The fundamental challenge lies in the disen-
tanglement of the validity label y from the se-
mantic plausibility (S) of the argument A, where
S ∈ {true, false} based on real-world knowl-
edge. The content effect occurs when a model’s
prediction of y is erroneously influenced by S.

2.2 Subtasks Overview
The competition is structured into four subtasks
designed to evaluate model capabilities across dif-
ferent languages and complexity levels.

2.2.1 Subtask 1: Syllogistic Reasoning in
English

The goal of this subtask is to determine the formal
validity of syllogisms presented in English. The
task requires models to identify whether a conclu-
sion follows logically from a set of premises based

solely on structural deduction, ignoring the seman-
tic plausibility of the content. Evaluation is based
on the following metrics:

Accuracy (ACC) The percentage of correct va-
lidity predictions across the entire test set.

Intra-Plausibility Content Effect The average
difference in accuracy between valid and invalid
arguments within a specific plausibility group, mea-
suring bias toward a specific validity label.

Cross-Plausibility Content Effect The average
difference in accuracy between plausible and im-
plausible arguments for a fixed formal validity
value, measuring bias toward the semantic truth
of the conclusion.

Total Content Effect (TCE) The mean of the
intra- and cross-plausibility content effects. A
lower TCE indicates that the model relies on logical
structure rather than real-world knowledge.

Combined Score (CS) Ranking is determined by
the ratio of accuracy to the content effect, reward-
ing models that are both correct and robust:

CS =
ACC

1 + ln(1 + TCE)
(1)

2.2.2 Subtask 2: Syllogistic Reasoning with
Irrelevant Premises in English

This subtask evaluates model robustness by intro-
ducing irrelevant or “noisy” premises. Models must
jointly predict the validity of the syllogism and
identify the subset of relevant premises necessary
and sufficient to entail the conclusion. Notably,
in this framework, only valid syllogisms contain
relevant premises. The evaluation employs:

Classification Accuracy (ACC) The percentage
of correct validity predictions.

Premise F1 Score (F1) The macro-averaged F1-
score measuring the model’s ability to correctly
identify the specific subset of relevant premises.

Total Content Effect (TCE) A composite score
measuring the model’s susceptibility to semantic
bias across different plausibility conditions.

Combined Score (CS) Ranking is based on the
ratio of the average (Avg) between Accuracy and
F1 to the penalized content effect:

CS =
Avg(ACC, F1)

1 + ln(1 + TCE)
(2)
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2.2.3 Subtask 3: Multilingual Syllogistic
Reasoning

This subtask extends the binary classification of syl-
logistic validity to a multilingual setting, covering
diverse language families and scripts. The goal is
to assess whether logical reasoning capabilities and
content biases remain consistent across different
languages. Evaluation metrics include:

Classification Accuracy (Acc) The average clas-
sification accuracy across all evaluated languages.

Total Content Effect (TCE) A composite score
measuring the model’s susceptibility to semantic
bias across different plausibility conditions and dif-
ferent languages.

Combined Score (CS) Similarly to Subtask 1,
participants are ranked according to the ratio of
average accuracy to the total content effect:

CS =
Acc

1 + ln(1 + TCE)
(3)

2.2.4 Subtask 4: Multilingual Syllogistic
Reasoning with Irrelevant Premises

This subtask combines multilingual syllogistic rea-
soning with the requirement to filter irrelevant con-
texts. Models must jointly predict logical validity
and identify relevant premises across all target lan-
guages. Only valid syllogisms contain a set of
necessary and sufficient premises. Performance is
measured via:

Classification Accuracy (Acc) The average ac-
curacy for validity prediction across all languages.

Premise F1 Score (F1) The macro-averaged F1-
score for identifying relevant premises across all
languages.

Total Content Effect (TCE) A composite met-
ric measuring susceptibility to semantic bias and
stability across the multilingual corpus.

Combined Score (CS) Similarly to Subtask 2,
ranking is determined by the ratio of the multilin-
gual combined performance (the mean of Acc and
F1) to the content effect:

Score =
Avg(Acc, F1)

1 + ln(1 + TCE)
(4)

2.3 Languages
To evaluate the consistency of the content effect
across diverse linguistic contexts, the competition
encompasses eleven languages representing a vari-
ety of language families, scripts, and resource lev-
els. Subtasks 1 and 2 focus on English (en). Sub-
tasks 3 and 4 expand the evaluation to a multilin-
gual corpus consisting of high-resource languages,
including German (de), Spanish (es), French (fr),
Italian (it), Dutch (nl), Portuguese (pt), Russian
(ru), and Chinese (zh), alongside mid- and low-
resource languages, such as Swahili (sw), Bengali
(bn), and Telugu (te).

3 Dataset Construction

English Dataset We constructed a dataset com-
prising syllogistic arguments following the 24 valid
syllogistic schemes under Aristotelian interpreta-
tion with existential import. The starting point for
constructing the dataset was a collection of syllo-
gistic reasoning problems in English, selected to
maintain controlled logical structures across con-
tent variations. Inspired by previous work in the
field (Bertolazzi et al., 2024; Valentino et al., 2026;
Wysocka et al., 2024), we constructed our dataset
starting from the symbolic logical representation
of the 24 valid schemes and a set of known logical
fallacies from which we derive structured natural
language templates (Appendix A).

We then leveraged the templates to construct
logically valid and invalid arguments (based on
the conclusions) and instantiate them with plausi-
ble and implausible content using Gemini 3.0 Pro
(Team et al., 2023).

syllogism: "All apples are edible
fruits. All edible fruits are fruits.
All apples are fruits"
validity: true
plausibility: true

Subsequently, we use Gemini again to para-
phrase the syllogisms and increase linguistic di-
versity.

syllogism: "It is true that every
apple is an edible fruit. Each edible
fruit , without exception , is a fruit.
Therefore , every apple is a fruit ."
validity: true
plausibility: true

For Subtasks 2 and 4, along with paraphrasing,
we use Gemini to generate a set of logically irrele-
vant premises whose content is semantically similar
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Model Acc ↑ TCE ↓ CS ↑
Qwen 3 14B 97.38 4.23 36.62
Qwen 3 8B 95.81 4.23 36.09
Phi 4 15B 83.33 14.89 22.13
Qwen3 8B 78.00 21.10 19.00
Qwen 2.5 7B Instruct 74.31 31.20 16.62
Gemma3 7B 71.70 29.75 16.20
Qwen 2.5 3B Instruct 65.28 19.86 16.17
Qwen2.5 7B Instruct 67.02 32.69 14.84
Phi-4 4B Mini Instruct 70.83 44.61 14.70
Llama 3.1 8B 64.17 32.15 14.26
Qwen2.5 14B 67.50 44.54 14.01
SmolLM3 3B 56.54 24.51 13.34
Llama 3.2 3B Instruct 57.64 29.81 13.02
Llama 3.1 8B Instruct 58.33 49.15 11.87

Table 2: Reasoning accuracy and content biases of base
language models identified by participants on Subtask 1
without any specific architectural interventions, ordered
by final Combined Score (CS).

to the core syllogistic argument. Finally, we per-
formed a manual validation to maximise quality
and correct errors introduced during the automatic
generation process.

The final dataset consists of 960 training exam-
ples and 192 test examples in English for Subtask
1 and 192 for Subtask 2, equally distributed be-
tween valid-plausible, valid-implausible, invalid-
plausible, and invalid-implausible arguments.

Multilingual Dataset To evaluate multilingual
transfer, we expanded the dataset into nine addi-
tional languages spanning diverse families, scripts,
and resource levels (Section 2.3). The multilin-
gual dataset is generated starting from English ex-
amples, translating them via GPT-4o (Hurst et al.,
2024). To ensure that the logical structures were
preserved, we implemented a rigorous three-stage
quality-control pipeline. This process included
structural guards, an automatic back-translation
validation step evaluated via SBERT cosine simi-
larity (Reimers and Gurevych, 2019), and a final
bilingual human review to verify the faithful ren-
dering of quantifiers and the strict isomorphism of
logical forms. A total of 192 test examples were
generated for each Subtask.

4 Results

The competition was hosted on Codabench (Xu
et al., 2022), attracting approximately 250 partici-
pants with over 3000 submissions across the sub-
tasks and 35 system description papers. Here, we
highlight the main findings and trends emerging
from the shared task.

4.1 Content Effect in Language Models

To evaluate the baseline logical integrity of current
open-source architectures, we analyse the content
effects exhibited by various model families and
sizes as reported by participants using zero-shot or
standard prompting without specialised interven-
tions. The results, summarised in Table 1, reveal
a significant disparity between raw classification
accuracy and the ability to maintain structural rea-
soning under semantic pressure.

Across the majority of mid-sized models, such as
the Llama-3.1 and Qwen-2.5 series, we observe a
pervasive entanglement of logic and belief. For in-
stance, while Llama-3.1-8B achieves a respectable
accuracy of 64.17 , its high Total Content Effect
(TCE) of 32.15 leads to a significantly lower final
score of 14.26. This trend is even more pronounced
in the Qwen-2.5-14B base model, where a higher
accuracy of 67.50 is undermined by a TCE of 44.54,
resulting in a lower overall score than its 8B Llama
counterpart. These results suggest that increasing
parameter count within the same architectural gen-
eration does not necessarily yield a proportional
increase in logical robustness.

However, the data also highlights a notable gen-
erational shift in reasoning capabilities with the
emergence of the Qwen-3 and Phi-4 families. The
Qwen-3 14B and 8B models demonstrate a step-
change in performance, achieving accuracies above
95 with remarkably low TCE values (4.23). This
leads to primary scores (36.62 and 36.09, respec-
tively) that are more than double those of previous-
generation models. Similarly, Phi-4 15B exhibits
a strong balance between performance and bias re-
sistance, with an accuracy of 83.33 and a TCE of
14.89. These outliers suggest that recent advance-
ments in pre-training data curation or architectural
refinements may be successfully prioritizing struc-
tural invariance over semantic pattern matching.

Finally, the performance of smaller models, such
as SmolLM3-3B (ACC: 56.54, TCE: 24.51) and
Llama 3.2 3B Instruct (ACC: 57.64, TCE: 29.81),
indicates that while small-scale models struggle
with the complexity of the syllogistic task, they
do not necessarily exhibit higher content bias than
their 7B or 14B predecessors. Notably, Qwen 2.5
3B Instruct achieves a score of 16.17, nearly match-
ing the 7B Gemma3, primarily due to its relatively
low TCE of 19.86. Collectively, these findings
confirm that while content-independent reasoning
remains a challenge, newer architectural iterations
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(a) Subtask 1 (b) Subtask 2

(c) Subtask 3 (d) Subtask 4

Figure 1: Distribution of methodological paradigms adopted by participating systems for Subtasks 1 and 2. The
radar chart shows the number of papers employing each type of approach.

are beginning to bridge the gap between semantic
understanding and logical deduction.

4.2 Methodological Paradigms

The submissions to the shared task adopted a wide
range of strategies for disentangling formal log-
ical validity from semantic plausibility. Despite
their methodological diversity, most systems can
be grouped into a small number of paradigms ac-
cording to how they attempt to mitigate the con-
tent effect. Broadly, we identify five families of
approaches: (i) pseudo-formal approaches based
on neuro-symbolic task decomposition, (ii) archi-
tectural approaches that modify the model or its

training process, (iii) data-based approaches rely-
ing on augmentation and synthetic data generation,
(iv) latent-representation interventions such as acti-
vation steering, and (v) other heuristic strategies.

The distribution of architectural trends and strate-
gies adopted by the participants across the different
subtasks is illustrated in Figure 1.

Pseudo-formal approaches: neuro-symbolic
task decomposition and theorem provers. A
large portion of submissions adopts a pseudo-
formal paradigm in which the reasoning process is
decomposed into two stages: natural language in-
terpretation followed by formal logical verification.
In these systems, a language model is typically
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ID Authors Approach Acc TCE CS

Subtask 1

46 (Luo et al., 2026) P+D 100 0 100
60 (Fu et al., 2026) P+A 100 0 100
82 (Li et al., 2026) D 100 0 100
89 (Advani, 2026) P 100 0 100

104 (Tran et al., 2026) A+D 100 0 100
141 (Wang et al., 2026) P+A 100 0 100
156 (Shaikh et al., 2026) P+A 100 0 100
248 (Muhamad et al., 2026) P 100 0 100
256 (R and Chopra, 2026) P+A 100 0 100
466 (Butas et al., 2026) P+A+D 100 0 100
305 (Księżniak, 2026) P+A+D 97,91 0,02 95,81
184 (Huiskens et al., 2026) S 98,75 1,58 50,60

18 (Sharma et al., 2026a) P 97,38 3,10 50,24
10 (Setu and Malhotra, 2026) A+D 94,27 3,21 48,74

208 (Grimaldi, 2026) P 96,34 1,02 46,57
204 (Ayman et al., 2026) P 98,95 2,13 46,43
441 (Petersen et al., 2026) P 95,29 2,15 44,47
469 (Krishnasamy, 2026) P+A 94,24 2,08 44,30
160 (Tratzsch et al., 2026) S 82,30 2,08 42,19
365 (Akinfaderin and Diallo, 2026) P 94,30 2,85 41,88
431 (Gogu et al., 2026) P+A 98,43 3,19 40,45

72 (de Rijke et al., 2026) P+A 96,34 3,12 39,86
206 (Chen et al., 2026) A+D 96,86 3,19 39,81
461 (Kartáč et al., 2026) P 95,29 3,21 39,08

79 (Faisal and Chowdhury, 2026) P 93,19 3,12 38,56
303 (Memar et al., 2026) A+D 82,72 3,12 34,22
351 (Chowdhury et al., 2026) P+A+S 86,81 4,60 31,16
353 (Sunil Saumya and Sai Reddy, 2026) A+D 79,06 4,17 29,92
274 (Gupta et al., 2026a) P+H 91,58 7,33 28,08
319 (Abi Akl et al., 2026) P+A 90,58 8,55 27,81
344 (López-Ponce et al., 2026) P+A+D 72,25 11,77 20,37
309 (Thiyagarajaa and Thenmozhi, 2026) P 71,73 11,84 20,19

31 (Takahashi, 2026) D 72,80 31,60 16,20

Subtask 3

156 (Shaikh et al., 2026) P+A 100 0 100
248 (Muhamad et al., 2026) P 100 0 100
256 (R and Chopra, 2026) P+A 100 0 100

60 (Fu et al., 2026) P+A 95,30 0,17 92,59
46 (Luo et al., 2026) P+D 96,35 1.0 56,97

466 (Butas et al., 2026) P+A+D 98,44 1,09 56,71
19 (Sharma et al., 2026b) H 90,62 10,42 50,52

251 (Gupta et al., 2026b) P 95,83 5,21 33,91
141 (Wang et al., 2026) P+A 94,79 6,25 31,80
461 (Kartáč et al., 2026) P 93,75 6,25 31,45
441 (Petersen et al., 2026) P+H 88,02 6,38 29,36
206 (Chen et al., 2026) A+D 91,67 11,46 26,02

Table 3: Performance Comparison for Subtask 1 (English) and 3 (Multilingual) ordered by Combined Score (CS).
For Subtask 1 we only report the top 15 approaches in the ranking. The full results available in the Appendix. P:
Pseudo-formal approaches (neuro-symbolic task decomposition, theorem provers); A: Architectural approaches
(training, fine-tuning, distillation); D: Data-based approaches (augmentation, synthetic generation); S: Latent
representation steering; H: Other heuristic approaches.

used to extract or normalise the logical structure of
a syllogism (e.g., quantifier type, subject and predi-
cate terms, or first-order logic representations). The
resulting representation is then passed to a deter-
ministic symbolic procedure that evaluates logical
validity. Typical implementations include mapping
syllogisms to Aristotelian A/E/I/O forms and ver-
ifying membership in the 24 valid moods and fig-
ures, translating statements into first-order logic
and applying automated theorem provers, or check-
ing satisfiability over Venn-style set representations.
Some systems further extend this paradigm to mul-
tilingual settings through translation modules or
structural consistency checks across multiple rep-
resentations.

Architectural approaches: training, fine-tuning,
and distillation. Another group of submissions
focuses on modifying the architecture or the learn-
ing procedure of neural models in order to encour-
age structure-based reasoning. These approaches
include supervised fine-tuning of transformer mod-
els on syllogistic datasets, parameter-efficient train-
ing methods such as LoRA (Hu et al., 2022) or
QLoRA (Dettmers et al., 2023), and knowledge
distillation from stronger teacher models that gen-
erate structured reasoning traces. Several systems
also explore ensemble or role-based architectures
in which multiple model instances perform com-
plementary reasoning roles (e.g., a “believer” and
a “skeptic”) and combine their predictions through
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ID Authors Approach Acc F1 TCE CS

Subtask 2

141 (Wang et al., 2026) P+A 100 100 0 100
156 (Shaikh et al., 2026) P+A 100 100 0 100

60 (Fu et al., 2026) P+A 96,84 94,21 1,13 54,43
466 (Butas et al., 2026) P+A+D 96,88 95,83 1,17 54,24
248 (Muhamad et al., 2026) P 98,94 95,43 2 46,31

89 (Advani, 2026) P 95,26 99,47 2,94 41,08
461 (Kartáč et al., 2026) P 97,37 96,84 3,30 39,49
441 (Petersen et al., 2026) P 95,79 92,37 3,26 38,43

18 (Sharma et al., 2026a) P 82,11 99,47 9,89 26,80
469 (Krishnasamy, 2026) P+A 85,79 86,32 11,16 24,60
431 (Gogu et al., 2026) P+A 97,37 9,47 3,12 22,10

Subtask 4

141 (Wang et al., 2026) P+A 90,10 89,58 1,26 49,51
461 (Kartáč et al., 2026). P 84,90 83,42 1,37 45,20
248 (Muhamad et al., 2026) P 90,63 90,10 3 37,88
156 (Shaikh et al., 2026) P+A 89,06 89,06 2,89 37,38
466 (Butas et al., 2026) P+A 91,15 90,10 5,34 31,83

60 (Fu et al., 2026) P+A 85,94 87,50 5,43 30,31
441 (Petersen et al., 2026) P 77,08 64,15 6,07 23,89

19 (Sharma et al., 2026b) H 74,48 77,60 9,55 22,66

Table 4: Performance Comparison for Subtask 2 (English) and 4 (Multilingual) ordered by Combined Score (CS).
P: Pseudo-formal approaches (neuro-symbolic task decomposition, theorem provers); A: Architectural approaches
(training, fine-tuning, distillation); D: Data-based approaches (augmentation, synthetic generation); S: Latent
representation steering; H: Other heuristic approaches.

voting or confidence aggregation mechanisms.

Data-based approaches: augmentation and syn-
thetic generation. A complementary line of
work attempts to reduce semantic shortcuts by mod-
ifying the training data rather than the reasoning
mechanism itself. These approaches introduce var-
ious forms of data augmentation, including replac-
ing lexical entities with symbolic placeholders, gen-
erating pseudo-words, creating counterfactual syl-
logisms, or synthesising additional examples that
preserve logical structure while altering semantic
content. By exposing models to structurally equiv-
alent but semantically diverse examples, these sys-
tems aim to discourage reliance on real-world plau-
sibility cues and instead promote structure-based
generalisation.

Latent representation interventions through
steering. A smaller set of submissions attempts
to mitigate content bias by intervening directly in
the internal representations of language models.
Rather than retraining the model or introducing
symbolic reasoning modules, these methods apply
inference-time techniques such as activation steer-
ing or kNN-based conditioning (Valentino et al.,
2026). By modifying hidden activations or con-
ditioning predictions on structurally similar exam-
ples, these approaches guide the model toward rea-

soning patterns that prioritize logical structure over
semantic plausibility while preserving the underly-
ing model parameters.

Other heuristic approaches. Finally, a few sys-
tems employ heuristic reasoning strategies that do
not fit neatly into the previous categories. These
approaches often combine rule-based components,
adaptive inference procedures (translating to En-
glish as pivot), or task-specific heuristics designed
to improve robustness without relying on symbolic
reasoning or extensive retraining.

4.3 Results Across Subtasks

4.3.1 Impact of Distracting Premises
Subtask 1 evaluates the formal validity of syllo-
gisms presented in English. In this setting, sev-
eral systems achieve perfect performance, reaching
100% accuracy with zero Content Effect (TCE),
which results in the maximum Combined Score
(CS) of 100. These top-performing systems are
predominantly based on pseudo-formal approaches
or combinations of pseudo-formal and architectural
methods, often complemented with data-based
strategies. This indicates that structured reason-
ing pipelines and explicit decomposition are highly
effective when the task is restricted to a single lan-
guage and controlled conditions.
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Subtask 2 evaluates model robustness by intro-
ducing irrelevant or “noisy" premises. Models must
jointly predict the validity of the syllogism and
identify the subset of relevant premises necessary
and sufficient to entail the conclusion. Table 6
shows that in Subtask 2, two systems still achieve
perfect performance, reaching 100% accuracy and
F1 with 0% Total Content Effect (TCE). As in
Subtask 1, the best results are obtained by pseudo-
formal and architectural approaches, indicating that
structured reasoning pipelines and model adapta-
tions are highly effective when the task requires
consistent inference across adversarial configura-
tions. However, systems without these structural
interventions exhibit increased susceptibility to ir-
relevant premises, highlighting that filtering neces-
sary premises presents a notable challenge.

Subtask 3 extends the binary classification of
syllogistic validity to a multilingual setting, cover-
ing diverse language families and scripts. While
a few systems still maintain perfect performance,
most approaches exhibit a noticeable degradation
compared to the English baseline.

In Subtask 4, performance drops across all met-
rics. While many systems still maintain relatively
high accuracy and F1 scores (often between 85%
and 91%), the presence of multilingual distracting
information leads to a higher TCE, which signifi-
cantly reduces the Combined Score. For instance,
systems that achieve around 90% accuracy may
still exhibit TCE values between 3 and 5, reflecting
increased susceptibility to irrelevant premises. This
suggests that the main challenge in Subtask 4 is not
purely logical reasoning but the ability to filter and
ignore misleading information when it is presented
in languages that are different from English.

In general, approaches combining pseudo-
formal reasoning with architectural adaptations re-
main the most robust overall, whereas heuristic
strategies show greater sensitivity to content-based
interference.

4.3.2 English vs. Multilingual Performance
Comparing the strictly English environments (Sub-
tasks 1 and 2) with the multilingual environments
(Subtasks 3 and 4) highlights clear performance dis-
parities. Multilingual inputs significantly increase
the difficulty of the task.

In Subtask 3, accuracy remains relatively high
for several systems, often above 90%, but this im-
provement is frequently accompanied by a higher
TCE, indicating a stronger influence of content

expressed in different languages. For example, sys-
tems achieving over 90% accuracy may still exhibit
TCE values between 5 and 11, substantially lower-
ing their Combined Score. Overall, the comparison
suggests that the multilingual setting can substan-
tially affect robustness to content biases.

This confirm that controlling for content effect
becomes increasingly important as tasks expand to
multilingual and more heterogeneous settings.

5 Related Work

Recent research has demonstrated that Large Lan-
guage Models (LLMs) exhibit content effects in
formal reasoning tasks, mirroring cognitive biases
that may align or differ from those observed in
humans (Dasgupta et al., 2022; Valentino et al.,
2026; Kim et al., 2025; Mondorf and Plank, 2024;
Seals and Shalin, 2024; Eisape et al., 2024). These
effects arise when the semantic plausibility of a
problem influences the model’s reasoning process,
often leading to correct conclusions for plausible
statements and systematic errors for implausible
but logically valid ones (Bertolazzi et al., 2024).

The foundational work by (Dasgupta et al., 2022)
showed that LLMs perform better on reasoning
tasks when the content aligns with world knowl-
edge. In their experiments, models were signif-
icantly more accurate on syllogistic tasks when
the conclusions were semantically plausible, even
when this plausibility conflicted with the actual log-
ical validity of the argument. This indicates a bias
toward material reasoning — reasoning grounded
in semantic associations — rather than formal rea-
soning based strictly on logical rules. Further
work (Bertolazzi et al., 2024, 2025; Valentino et al.,
2026; Maraia et al., 2026b; Kim et al., 2025; Bal-
appanawar et al., 2025) systematically evaluated
LLMs on a broad suite of tasks and found that per-
formance dropped sharply for arguments that con-
tradicted commonsense knowledge. This reliance
on content plausibility suggests that LLMs are sus-
ceptible to semantic interference, failing to uphold
the norms of formal logic when they conflict with
prior knowledge or beliefs.

Despite these advancements, the current litera-
ture remains significantly limited in its linguistic
scope (Ando et al., 2023; Maraia et al., 2026a). Ex-
isting studies have focused almost exclusively on
English, leaving a critical gap in our understanding
of whether these biases are universal or vary across
different linguistic and cultural contexts.
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6 Conclusion

The results of SemEval-2026 Task 11 provide a
comprehensive diagnosis of formal reasoning in
Large Language Models (LLMs).

The tasks revealed that open language mod-
els can be biased by a significant content effect,
with architectures such as Llama-3.1 and Qwen-2.5
demonstrating a systematic tendency to conflate
semantic plausibility with logical validity. While
newer model generations like Qwen-3 and Phi-4
exhibit a notable shift toward structural logic, the
entanglement of world knowledge and formal de-
duction remains a fundamental characteristic of
current pre-training objectives across languages.

Methodologically, the competition established
that the content effect can be alleviated through di-
verse strategies, most notably via neuro-symbolic
pipelines that delegate inference to deterministic
solvers. Simultaneously, advancements in latent-
representation steering, data augmentation, and
fine-tuning demonstrate that models can be effec-
tively nudged toward prioritising structural features
without external symbolic components. However,
the pronounced performance drop observed in Sub-
tasks 2 and 4 when faced with "logical noise"
indicates that identifying and filtering necessary
premises amidst distracting information remains
a challenge. Furthermore, the contrast in perfor-
mance between the English and multilingual sub-
tasks highlights that cross-lingual transfer substan-
tially amplifies a model’s susceptibility to these
semantic biases.

While the current results demonstrate that
content-independent reasoning is achievable in
modern LLMs, this work serves primarily as a
starting point for future research. Evaluating the
content effect in more challenging reasoning sce-
narios, particularly those involving multilingual
setups, increased premise counts, and greater con-
textual complexity, will be essential to developing
models that are truly robust and unbiased in real-
world and high-stakes environments.
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Kasner, Mateusz Lango, and Ondřej Dušek. 2026.
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A Syllogistic Schemes

Here is the list of the 24 valid syllogistic schemes
adopted to construct the dataset:

Figure 1

Schema: Barbara (AAA -1)
Premise 1: All <B> are <A>
Premise 2: All <C> are <B>
Conclusions: All <C> are <A>

Schema: Barbari (AAI -1)
Premise 1: All <B> are <A>
Premise 2: All <C> are <B>
Conclusions: Some <C> are <A>

Schema: Celarent (EAE -1)
Premise 1: No <B> are <A>
Premise 2: All <C> are <B>
Conclusions: No <C> are <A>

Schema: Celaront (EAO -1)
Premise 1: No <B> are <A>
Premise 2: All <C> are <B>
Conclusions: Some <C> are not <A>

Schema: Darii (AII -1)
Premise 1: All <B> are <A>
Premise 2: Some <C> are <B>
Conclusions: Some <C> are <A>

Schema: Ferio (EIO -1)
Premise 1: No <B> are <A>
Premise 2: Some <C> are <B>
Conclusions: Some <C> are not <A>

Figure 2

Schema: Camestres (AEE -2)
Premise 1: All <A> are <B>
Premise 2: No <C> are <B>
Conclusions: No <C> are <A>

Schema: Camestros (AEO -2)
Premise 1: All <A> are <B>
Premise 2: No <C> are <B>
Conclusions: Some <C> are not <A>

Schema: Cesare (EAE -2)
Premise 1: No <A> are <B>
Premise 2: All <C> are <B>
Conclusions: No <C> are <A>

Schema: Cesaro (EAO -2)
Premise 1: No <A> are <B>
Premise 2: All <C> are <B>
Conclusions: Some <C> are not <A>

Schema: Baroco (AOO -2)
Premise 1: All <A> are <B>
Premise 2: Some <C> are not <B>
Conclusions: Some <C> are not <A>

Schema: Festino (EIO -2)
Premise 1: No <A> are <B>
Premise 2: Some <C> are <B>
Conclusions: Some <C> are not <A>

Figure 3

Schema: Darapti (AAI -3)
Premise 1: All <B> are <A>
Premise 2: All <B> are <C>
Conclusions: Some <C> are <A>

Schema: Datisi (AII -3)
Premise 1: All <B> are <A>
Premise 2: Some <B> are <C>
Conclusions: Some <C> are <A>

Schema: Disamis (IAI -3)
Premise 1: Some <B> are <A>
Premise 2: All <B> are <C>
Conclusions: Some <C> are <A>

Schema: Felapton (EAO -3)
Premise 1: No <B> are <A>
Premise 2: All <B> are <C>
Conclusions: Some <C> are not <A>

Schema: Bocardo (OAO -3)
Premise 1: Some <B> are not <A>
Premise 2: All <B> are <C>
Conclusions: Some <C> are not <A>

Schema: Ferison (EIO -3)
Premise 1: No <B> are <A>
Premise 2: Some <B> are <C>
Conclusions: Some <C> are not <A>

Figure 4

Schema: Bamalip (AAI -4)
Premise 1: All <A> are <B>
Premise 2: All <B> are <C>
Conclusions: Some <C> are <A>

Schema: Camenes (AEE -4)
Premise 1: All <A> are <B>
Premise 2: No <B> are <C>
Conclusions: No <C> are <A>

Schema: Camenos (AEO -4)
Premise 1: All <A> are <B>
Premise 2: No <B> are <C>
Conclusions: Some <C> are not <A>

Schema: Dimaris (IAI -4)
Premise 1: Some <A> are <B>
Premise 2: All <B> are <C>
Conclusions: Some <C> are <A>

Schema: Fesapo (EAO -4)
Premise 1: No <A> are <B>
Premise 2: All <B> are <C>
Conclusions: Some <C> are not <A>

Schema: Fresison (EIO -4)
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Premise 1: No <A> are <B>
Premise 2: Some <B> are <C>
Conclusions: Some <C> are not <A>

For invalid syllogisms, we construct examples of
logical fallacies instantiating the following tem-
plates:

Schema: Undistributed Middle (A-A-A
variation)

Premise 1: All <A> are <B>
Premise 2: All <C> are <B>
Conclusions: All <C> are <A> | No <C>

are <A> | Some <C> are <A>

Schema: Undistributed Middle (A-I-I
variation)

Premise 1: All <A> are <B>
Premise 2: Some <C> are <B>
Conclusions: Some <C> are <A> | All <C>

are <A>

Schema: Illicit Major (A-E-E variation)
Premise 1: All <B> are <A>
Premise 2: No <C> are <B>
Conclusions: No <C> are <A>

Schema: Illicit Major (A-O-O variation)
Premise 1: All <B> are <A>
Premise 2: Some <C> are not <B>
Conclusions: Some <C> are not <A>

Schema: Illicit Minor (A-A-A variation)
Premise 1: All <B> are <A>
Premise 2: All <B> are <C>
Conclusions: All <C> are <A>

Schema: Illicit Minor (I-A-A variation)
Premise 1: Some <A> are <B>
Premise 2: All <B> are <C>
Conclusions: All <C> are <A>

Schema: Affirmative Conclusion from
Negative Premise (E-A-A variation)

Premise 1: No <A> are <B>
Premise 2: All <C> are <B>
Conclusions: All <C> are <A>

Schema: Affirmative Conclusion from
Negative Premise (E-A-I variation)

Premise 1: No <B> are <A>
Premise 2: All <C> are <B>
Conclusions: Some <C> are <A>

Schema: Affirmative Conclusion from
Negative Premise (O-A-I variation)

Premise 1: Some <B> are not <A>
Premise 2: All <B> are <C>
Conclusions: Some <C> are <A>

Schema: Two Negative Premises (E-E-E
variation)

Premise 1: No <A> are <B>
Premise 2: No <C> are <B>
Conclusions: No <C> are <A> | Some <C>

are <A>

Schema: Two Negative Premises (E-E-O
variation)

Premise 1: No <B> are <A>
Premise 2: No <B> are <C>
Conclusions: Some <C> are not <A> | No <

C> are <A>

Schema: Two Negative Premises (E-O-O
variation)

Premise 1: No <A> are <B>
Premise 2: Some <C> are not <B>
Conclusions: Some <C> are not <A>
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