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Abstract

This paper presents a system that adopts several
training and inference strategies for SemEval-
2026 Task 11 Subtask 1, which focuses on bi-
nary classification for content-independent va-
lidity reasoning in syllogistic inference. Build-
ing on fine-tuning of standard language models,
additional approaches were explored, includ-
ing layer-wise deep supervision and in-context
learning. Furthermore, models that had been
previously trained on datasets related to logi-
cal reasoning were adapted to the task through
additional fine-tuning. Finally, refinement was
performed at the inference stage by adjusting
the softmax-based decision threshold of the
selected model. The experimental results il-
lustrate how model selection, training strate-
gies, and threshold adjustment affect not only
validity accuracy but also robustness against
plausibility-driven bias, thereby contributing to
improved logical integrity.

1 Introduction

This paper investigates SemEval-2026 Task 11
(Valentino et al., 2026), which focuses on under-
standing how language models can acquire content-
independent reasoning mechanisms and reduce con-
tent bias that affects logical reasoning across lan-
guages. In particular, this work addresses Sub-
task 1, which evaluates models’ ability to deter-
mine the validity of syllogisms in English. In this
subtask, the evaluation syllogisms are structurally
similar to those in the training data, with relatively
limited noise such as irrelevant premises.

This study begins by fine-tuning several Trans-
former models that have not been additionally
adapted for closely related reasoning tasks, using
the provided training dataset to examine their base-
line performance. Then, extensions are explored
including deep supervision, which assigns differ-
ent importance to selected layers during training,
and in-context learning, which is used to evalu-

ate few-shot inference capability through prompt-
ing. Following these experiments with the general-
purpose Transformer models, models are examined
that have been previously pre-trained on datasets
related to logical reasoning tasks. Each of these
models is further fine-tuned on the task-specific
training data. Finally, decision threshold adjust-
ment is applied to the best-performing configura-
tion identified in our experiments.

The results reveal how different experimental
conditions influence both the models’ ability to rec-
ognize logical validity and their robustness against
content bias, thereby affecting overall logical in-
tegrity. The final system achieved over 95% valid-
ity accuracy by fine-tuning an open-source model
and further refining its predictions through softmax-
based decision threshold adjustment. The code is
available on GitHub1.

2 Background and Previous Work

It has long been debated to what extent language
models can perform logical reasoning in natural
language, motivating a growing body of prior re-
search. Ozeki et al. (2024) investigated the perfor-
mance of large language models (LLMs) on syllo-
gistic reasoning tasks using English and Japanese
datasets originally designed for psychological ex-
periments assessing human reasoning. Their find-
ings showed that LLMs exhibit reasoning biases
similar to those observed in humans, along with
other types of systematic errors. Comparable ob-
servations were reported by Dasgupta et al. (2024),
who interpret such behavior as a reflection of as-
pects of human intelligence that LLMs are expected
to capture. In contrast, there are domains in which
LLMs are required to handle syllogistic structures
more rigorously, such as legal text summarization,
where domain-specific terminology frequently ap-

1https://github.com/Hidetsune/SemEval2026_
Task11.git
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pears and logical consistency is critical (Song et al.,
2025).

Previous studies have also highlighted the con-
tent effect, wherein the plausibility of a text in-
fluences a model’s inference of logical validity
(Bertolazzi et al., 2026). They demonstrated that
plausibility-related representations can causally
bias validity judgments through the use of steering
vectors, and vice versa. Furthermore, activation-
level interventions have been shown to mitigate
such content biases, thereby improving the sepa-
ration between plausibility and logical validity in
model predictions (Valentino et al., 2025).

3 Task Description

SemEval-2026 Task 11 Subtask 1 (Valentino et al.,
2026) is closely aligned with the research direc-
tions discussed in the previous section, as it aims
to investigate the ability of language models to per-
form content-independent logical reasoning.

Regarding the task dataset setup, the organizers
provided two datasets: a training set and a test
set. The training data was used for model fine-
tuning, while the test data was used during the
development phase for experimentation and system
selection. Participants were further instructed to
use the same test data for the final evaluation phase,
as no separate dataset was provided.

The training dataset was provided in JSON for-
mat, with each instance consisting of an id, a syl-
logism, a validity label, and a plausibility label.
The dataset was balanced with respect to validity,
containing 480 samples for each of the true and
false classes. For the test dataset, only the id and
syllogism fields were provided, and participants
were required to infer the corresponding validity
label for each syllogism. The task evaluates model
performance using the following metrics.

Overall Accuracy (ACC). Overall Accuracy,
which is referred to as validity accuracy later in
this paper, measures the proportion of syllogisms
for which the model correctly predicts logical valid-
ity. This metric reflects the model’s basic capability
to perform logical reasoning.

Total Content Effect (TCE). Total Content Ef-
fect quantifies the extent to which plausibility influ-
ences validity judgments. Specifically, it is defined
as the average difference in accuracy across four
logical–plausibility conditions in English. Lower
TCE values indicate higher logical integrity, mean-

ing that the model is less susceptible to content-
based bias.

Combined Score. The Combined Score, which
is used for official ranking, is defined as:

Combined Score =
ACC

ln(1 + TCE)
(1)

This metric rewards high validity accuracy while
smoothly penalizing content bias, thereby favor-
ing models that are both accurate and robust to
plausibility-driven effects.

4 System Description

The system is organized as a multi-stage pipeline.
First, several general-purpose models are adapted
to the task by fine-tuning them on the provided
training data, establishing baseline systems without
prior specialization for closely related reasoning
problems. Next, two extensions are incorporated:
deep supervision, which assigns differentiated im-
portance to selected layers during training, and
in-context learning, which enables few-shot infer-
ence through prompt-based conditioning. In addi-
tion, models that have been previously trained on
datasets related to logical reasoning are included
and further fine-tuned using the task-specific data.
Based on performance comparisons across these
configurations, the final stage applies softmax-
based decision threshold adjustment to the best-
performing model to refine its prediction behavior.

5 Experimental Setup

5.1 Comparison of Models
In the initial stage of our experiments, the follow-
ing models were fine-tuned and evaluated to iden-
tify an appropriate baseline: BERT (Devlin et al.,
2019), TwHIN-BERT (Zhang et al., 2022), and
GPT-2 (Radford et al., 2019). Three model fam-
ilies were used to compare the effects of model
architecture and pre-training domain on this task.
BERT was chosen as the main benchmark because
it represents a standard Transformer-based encoder
model (Devlin et al., 2019). GPT-2 was included
as a decoder-only alternative to examine how an
autoregressive model performs in comparison with
encoder-based models (Qiu et al., 2020).

The influence of pre-training domain was further
examined through TwHIN-BERT, which had been
trained mainly on social media text (Zhang et al.,
2022). Although syllogistic reasoning is a formal
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logical task, each sample in this dataset still con-
sists of short premises and a brief conclusion. In
this respect, the overall input style remains short
and compact, which is not entirely unrelated to
the sentence patterns often found in online posts.
This makes TwHIN-BERT a meaningful compar-
ison point for observing whether logical relations
can still be captured by a model trained on informal
text.

All models were fine-tuned on the original train-
ing data, with hyperparameters individually set for
each model and variant. Early stopping was ap-
plied, with the number of training epochs ranging
from one to five and a patience of two epochs. Ta-
ble 1 presents the development set results for all
models and variants, together with the correspond-
ing hyperparameter settings.

As shown in Table 1, BERT-base-uncased
achieved the highest performance among all eval-
uated models. In particular, its validity accuracy
was approximately 4 % higher than that of TwHIN-
BERT-base and nearly 10 % higher than that of
GPT-2-medium. These results indicate that rela-
tively simple models are better suited to this task,
where the main objective is to determine the va-
lidity of syllogisms rather than to process broad
semantic knowledge.

This tendency can also be seen clearly in the
lower performance of BERT-large compared with
BERT-base. One likely explanation is overfitting,
given the relatively limited size of the training data.
Larger models also tend to absorb a wider range
of factual and contextual knowledge during pre-
training, which may cause them to rely more on
whether a statement appears plausible in everyday
terms than on its actual logical validity (Lampinen
et al., 2024). In other words, increasing model size
alone does not necessarily improve performance on
tasks that require strict formal reasoning. The same
pattern was observed in the comparisons between
TwHIN-BERT-base and TwHIN-BERT-large, as
well as between GPT-2 and GPT-2-medium, sug-
gesting that this tendency is not specific to BERT.
This trend is also in line with previous studies re-
porting that relatively lightweight models can still
perform reasonably well in specialized linguistic
classification tasks (Takahashi et al., 2024, 2025).

5.2 Deep Supervision
To examine whether emphasizing specific layers
could be associated with performance differences,
deep supervision was applied to the BERT-base-

uncased model, which achieved the highest perfor-
mance in the initial experiments. Auxiliary losses
were introduced in deep supervision, in which dif-
ferent coefficients are assigned to selected layers,
thereby encouraging these layers to play a more
prominent role during fine-tuning.

Let LCE denote the cross-entropy loss function,
and let z(l) be the output logits of the l-th Trans-
former layer, with l = 1, . . . , 12. The loss com-
puted from the final layer is defined as:

Lmain = LCE

(
z(12), y

)
(2)

where y denotes the ground-truth label.
To incorporate deep supervision, auxiliary losses

are additionally computed from a subset of inter-
mediate and upper layers. Let S denote the set of
supervised layers, and let wl be the coefficient as-
signed to layer l ∈ S . The auxiliary loss is defined
as:

Laux =
∑

l∈S
wl LCE

(
z(l), y

)
(3)

The overall training objective is given by

L = Lmain + αLaux (4)

where α is a scalar hyperparameter controlling the
contribution of the auxiliary losses.

Layer-wise coefficients wl were introduced to
control the contribution of auxiliary losses across
Transformer layers during fine-tuning, such that
layers from the middle to the upper part of the
network were given progressively larger roles.
No auxiliary loss was applied to lower layers
(l = 1, . . . , 5), while progressively larger weights
were assigned to higher layers to emphasize task-
relevant representations.

Specifically, Layers 6–12 were weighted as
(0.2, 0.3, 0.4, 0.6, 0.8, 1.0, 1.0), and all preceding
layers were assigned zero. The scalar hyperparam-
eter α was varied between 0.1 and 0.3, while all
other hyperparameters and the early stopping strat-
egy followed those used for BERT-base-uncased.
Results are reported in Table 2.

As shown in Table 2, higher validity accuracy
was observed for all tested values of α, with the
highest value obtained at α = 0.1, which was ap-
proximately 2.6% higher than that of the baseline
setting. However, the content effect metric also in-
creased by approximately 3 to 4 points, resulting in
a lower combined score overall. These results sug-
gest that while deep supervision can be associated
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Model LR Epoch Batch Size Weight Decay Warmup Steps Combined Score (↑) Validity Acc. (↑) Content Effect (↓)
BERT-base-uncased 2e-5 5 16 0.01 17 23.1 75.4 8.64
BERT-large-uncased 1e-5 4 8 0.01 34 16.7 72.3 26.6
TwHIN-BERT-base 2e-5 2 16 0.01 17 19.8 71.2 12.5
TwHIN-BERT-large 1e-5 1 8 0.01 34 16.3 66.0 20.3
GPT2 5e-6 3 8 0.01 34 18.2 67.0 13.5
GPT2-medium 3e-6 4 4 0.01 68 16.1 66.0 21.4

Table 1: Performance comparison across different model choices

α Epoch Combined (↑) Validity Acc. (↑) Content Effect (↓)
0.1 2 21.5 78.0 12.9
0.2 2 21.5 76.4 11.8
0.3 2 21.3 77.5 12.9

Table 2: Results across auxiliary loss weights α

Combined Score (↑) Validity Accuracy (↑) Content Effect (↓)
16.2 72.8 31.6

Table 3: Results of in-context learning using Qwen3-4B

with higher task-specific accuracy, it may simul-
taneously reduce the model’s ability to maintain
logical consistency.

5.3 In-context Learning
In-context learning was explored as a non-fine-
tuning approach to examine the performance of
few-shot inference. Specifically, Qwen3-4B (Yang
et al., 2025) was employed, and one quarter of the
training data provided by the organizers was ran-
domly sampled and incorporated into the prompt
as in-context examples.

The prompt was formulated as follows:

Determine the validity (true or false) of
the syllogism “{syllogism}”.
Refer to the examples provided below
and respond with “true” or “false”.
{in_context_text}

Here, syllogism denotes the input text to be in-
ferred, and in_context_text represents a JSON-like
formatted set of sampled examples with their cor-
responding labels (true or false). The results are
summarized in Table 3.

Although the validity accuracy of 72.8% is not
markedly inferior to that of most models reported
in the initial experiments (Table 1), the content
effect exhibits higher values than those of any of
these models, indicating lower logical integrity.

5.4 Use of Task-specific Models
In addition to the baseline models, models were
investigated that had been pre-trained or fine-tuned

on logical reasoning–related tasks and were there-
fore expected to be better aligned with the present
task. Specifically, this experiment employed
DeBERTa-base-long-nli (Sileo, 2024), RoBERTa-
large-wanli (Liu et al., 2022), and BART-large-mnli
(Lewis et al., 2020; Yin et al., 2019) models with
prior fine-tuning on logical reasoning–related tasks.
These pretrained models were further fine-tuned
on the dataset provided for this task in order to
adapt them more effectively to the characteristics
of the present task. As in the baseline experiments,
the hyperparameters were individually adjusted ac-
cording to the architecture and scale of each model.
Early stopping was applied in all cases. In this
experiment, the patience value was increased from
two to three epochs to allow for more cautious con-
vergence. In addition, the maximum number of
training epochs was set to ten for the pretrained
DeBERTa-base model and seven for the pretrained
BART-large model. Table 4 summarizes the results
obtained from this experiment.

Focusing on validity accuracy, all three ap-
proaches achieved higher scores than the base-
line fine-tuning of BERT-base-uncased. In par-
ticular, fine-tuning DeBERTa-base-long-nli and
BART-large-mnli resulted in validity accuracies
exceeding 94%. In contrast, RoBERTa-large-wanli
exhibited relatively lower performance than the
other two approaches across all evaluation metrics.
With respect to the content effect, DeBERTa-base-
long-nli and BART-large-mnli yielded lower values,
suggesting that these models are less influenced
by surface plausibility when determining validity.
This tendency also contributed to higher combined
scores.

5.5 Thresholding
In the final stage of experiments, softmax-based
thresholding was applied to the model predictions,
using DeBERTa-base-long-nli, which achieved the
highest performance in the preceding experiments.
Let K represent the total number of classes, and let

z = (z1, z2, . . . , zK) ∈ RK (5)
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Model LR Epoch Batch Size Weight Decay Warmup Steps Combined Score (↑) Validity Acc. (↑) Content Effect (↓)
DeBERTa-base-long-nli 2e-5 4 16 0.01 16.9 36.2 96.3 4.26
RoBERTa-large-wanli 1e-5 3 8 0.01 33.8 20.6 77.5 15.0
BART-large-mnli 1e-5 3 4 0.01 67.5 31.4 94.2 6.41

Table 4: Performance comparison across different task-specific models

Threshold Combined Score (↑) Validity Acc. (↑) Content Effect (↓)
0.40 31.9 95.8 6.38
0.50 36.2 96.3 4.26
0.60 39.3 95.8 3.21
0.70 39.1 95.3 3.21

Table 5: Performance comparison across thresholds

denote the vector of unnormalized scores produced
by the model. The softmax transformation is de-
fined as:

softmax(zk) =
exp(zk)∑K
j=1 exp(zj)

(6)

for each class index k ∈ {1, . . . ,K}. This trans-
formation converts the raw model outputs into a
categorical probability distribution over the K pos-
sible classes, ensuring that each value lies in the
interval [0, 1] and that the probabilities sum to one.

To examine the effect of thresholding on model
behavior, the decision threshold was varied across
four settings, ranging from 0.4 to 0.7 in increments
of 0.1. The comparative results are presented in
Table 5.

While the validity accuracy reached its maxi-
mum at a threshold of 0.50, its variation across
different threshold values remained limited, with
differences within 1.0%. In contrast, the content
effect exhibited a clear decreasing trend, reduc-
ing from 6.38 at a threshold of 0.40 to 3.21 at
0.60. These results suggest that validity accuracy
is relatively insensitive to the choice of decision
threshold, whereas the degree to which the model’s
predictions are influenced by plausibility can be
controlled through threshold adjustment, thereby
improving the model’s logical integrity in this task.

6 Results and Discussion

During the evaluation phase, no separate test
dataset was provided, and the same data used for
development was employed for final submission.
Based on development results, the DeBERTa-base-
long-nli model fine-tuned on the task dataset with
a decision threshold of 0.60 was submitted, achiev-
ing a combined score of 39.3, validity accuracy of
95.8%, and content effect of 3.21. It ranked 28th
out of 45 teams.

Overall, the experiments indicate that while tech-
niques such as deep supervision and in-context
learning did not yield direct performance im-
provements, models previously tuned for validity-
oriented reasoning tasks can achieve high va-
lidity accuracy when further fine-tuned on this
dataset. Moreover, decision threshold adjustment
was shown to affect the model’s reliance on plau-
sibility, highlighting its role in mitigating content
bias and improving logical integrity.

7 Limitations and Future Work

One limitation of this study is that deep supervi-
sion was explored using only a single configuration
of layer-wise coefficients with three values of the
scaling factor α, primarily emphasizing later lay-
ers. While this design targets task-specific repre-
sentations, applying auxiliary losses to lower layers
could encourage the model to capture more general
structural properties of the input, whose potential
contributions remain to be investigated.

A second limitation concerns the number of ex-
amples included in the prompt for in-context learn-
ing. Due to computational constraints, only a quar-
ter of the training data was sampled and incorpo-
rated. Future work could examine how varying
the number of such examples affects model perfor-
mance, as well as explore prompt tuning beyond
example selection. Additionally, models that ex-
plicitly generate reasoning steps, such as chain-
of-thought–style approaches, may provide further
insights into the model’s decision process.

A third limitation of this study lies in the rel-
atively limited exploration of data-level analysis
and preprocessing. For instance, simple data clean-
ing procedures, such as punctuation removal, might
have contributed to improved performance. In addi-
tion, data augmentation strategies, including back-
translation or the incorporation of external data,
were left for future work. Further preprocessing
techniques, such as lemmatization, could also be
considered, particularly given that a basic model
achieved relatively reasonable performance among
the general-purpose models evaluated.
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8 Conclusion

This work systematically examined multiple
training and inference strategies for content-
independent validity reasoning. Several general-
purpose models were first fine-tuned on the task
dataset as baselines, followed by experiments with
deep supervision and in-context learning. Models
previously trained on data related to logical reason-
ing were then further fine-tuned on the same task
dataset, and the best-performing configuration was
refined through softmax-based decision threshold
adjustment.

The results indicate that the BERT-base-uncased
performed reasonably among standard models,
while deep supervision improved validity accuracy
at the cost of reduced logical integrity. In contrast,
fine-tuning a model that had been pre-trained on
logical reasoning–related datasets achieved high
validity accuracy, and decision threshold adjust-
ment further reduced content effect without affect-
ing accuracy, suggesting improved robustness to
plausibility-driven bias. Future work may explore
a broader range of experimental configurations, in-
cluding exploration of data-level analysis and more
diverse layer-wise weighting strategies.
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