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Abstract

Syllogistic reasoning serves as a critical diag-
nostic for evaluating whether Large Language
Models (LLMs) perform genuine logical infer-
ence or rely on semantic shortcuts. SemEval-
2026 task 11 explores "content effects"—where
model judgments are biased by world knowl-
edge rather than logical form. Recent work has
illustrated that LLM optimization techniques
have provided substantial performance gains
in mitigating content effect. To contribute to
this research domain, this paper performs a sys-
tematic study of different intervention strate-
gies: zero-shot chain of thought, symbolic rep-
resentation, activation-steering, and supervised
fine-tuning along with prompting optimization
during inference. We achieved the best per-
formance with our largest model (Phi-4 14B)
by fine-tuning with chain of thought distilla-
tion, symbolic abstractions and LLM as opti-
mizer prompting (FT_Optim) evaluated on the
held-out split derived from the training data.
This approach achieved the highest Combined
Smooth Score (CSS) of 31.16. Additionally,
Llama 3.1 provided noteworthy performance
with 31.01 CSS under the same FT_Optim ap-
proach, indicating the performance gain was
LLM-agnostic.

1 Introduction

Understanding whether large language models
(LLMs) can perform content-independent logical
reasoning remains an open challenge in natural lan-
guage understanding research. Prior work (Berto-
lazzi et al., 2024; Eisape et al., 2024) shows that
LLMs often rely on surface-level heuristics or
world knowledge priors rather than genuine de-
ductive reasoning, making them susceptible to con-
tent effects and biased inference. SemEval-2026
Task 11 (Valentino et al., 2026) directly examines
this issue by evaluating how well models can ex-
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ecute syllogistic reasoning across languages and
under varying degrees of content distraction.

Syllogistic reasoning involves deriving a log-
ically valid conclusion from two categorical
premises: (a) a major premise, (b) a minor premise,
and (c) a conclusion statement. For example: All
humans are mortal; All Greeks are humans; there-
fore, All Greeks are mortal. This form of structured
reasoning is conceptually simple yet diagnostic for
distinguishing genuine logical generalization from
semantic or associative shortcuts. Task 11 opera-
tionalizes this evaluation through four subtasks: (1)
syllogistic reasoning in English, (2) syllogistic rea-
soning with irrelevant premises, (3) multilingual
syllogistic reasoning, and (4) multilingual syllo-
gistic reasoning with irrelevant premises. These
settings collectively test a model’s robustness to
linguistic variation and content-based distractions.
Performance is measured using Accuracy, Total
Content Effect (TCE), and the Combined Smooth
Score (CSS). The detailed definitions and formulas
for these metrics are provided in the Appendix D.

The task includes a diverse suite of languages-
English, German, French, Italian, Dutch, Por-
tuguese, Russian, Chinese, Swahili, Bengali, and
Telugu-enabling an investigation into whether lan-
guage models reason consistently across linguistic
structures. Irrelevant premises probe reasoning
robustness by testing whether LLMs can ignore
distractors and focus on the syllogism’s logical
structure.

In this work, we explore four complementary
approaches to improving content-independent log-
ical reasoning: (i) Zero-shot Chain-of-Thought
(ZS CoT) prompting (Kojima et al., 2022); (ii)
kNN-based Conditional Activation Steering (K-
CAST) (Valentino et al., 2025); (iii) symbolic and
abstract representations (including few-shot set-
tings) (Kim et al., 2025; Ranaldi et al., 2025); and
(iv) parameter-efficient fine-tuning with QLoRA us-
ing CoT distillation (Hinton et al., 2015; Dettmers
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et al., 2023; Hu et al., 2022), where reasoning traces
generated by GPT-5.1 serve as the teacher model.

Our goal is to understand how prompting style,
reasoning representations, activation-level control,
and fine-tuning strategies influence LLM perfor-
mance on content-independent logical inference.
Using Phi 4 14B model (FT_Optim) , our sys-
tem achieved a Combined Smooth Score (CSS)
of 36.82 on the submission dataset (subtask 1),
which serves as the official primary ranking metric
for SemEval-2026 Task 11 (32nd place out of 103
teams). This performance corresponds to an Accu-
racy of 89.01% and a Content Effect Bias (TCE)
of 3.12, indicating both strong logical correctness
and high robustness to plausibility-driven distrac-
tions. The low TCE combined with high accu-
racy demonstrates that our approach effectively pro-
motes content-independent reasoning rather than
relying on semantic heuristics.

2 Related Works

Research on logical reasoning in large language
models (LLMs) has increasingly focused on syllo-
gistic inference as a diagnostic testbed for content-
independent reasoning. Early studies showed that
LLMs exhibit content effects, where reasoning ac-
curacy varies with semantic plausibility despite
identical logical form (Lampinen et al., 2024). Sub-
sequent analyses confirmed that models often rely
on heuristic or associative shortcuts rather than
strictly deductive structure (Eisape et al., 2024).
These findings establish syllogistic reasoning as
a controlled setting for probing internal decision
mechanisms.

Several works systematically benchmark LLMs
on classical syllogisms. Bertolazzi et al. (2024)
characterize LLMs as “soft reasoners,” highlight-
ing inconsistencies across syllogistic figures, while
Seals and Shalin (2024) demonstrate failures when
linguistic content conflicts with logical validity.
Dataset-driven efforts such as NeurBaroco (Ozeki
et al., 2024) and SylloBio-NLI (Wysocka et al.,
2025) extend evaluation to bias-sensitive and
domain-specific settings.

A complementary line of work examines inter-
nal reasoning mechanisms. Kim et al. (2025) iden-
tify activation-level “reasoning circuits” associated
with logical inference in transformers. Building
on this, Valentino et al. (2025) propose activation
steering methods to mitigate content bias without
weight updates.

Another direction explores symbolic or quasi-
symbolic interventions. Ranaldi et al. (2025) intro-
duce quasi-symbolic abstractions to encourage role-
based reasoning, while work on faithful Chain-of-
Thought (CoT) reasoning shows that unconstrained
CoT often produces unfaithful or hallucinated steps
(Lyu et al., 2023; Xu et al., 2024). Hybrid symbolic-
verification approaches further combine LLM gen-
eration with formal checking mechanisms (Quan
et al., 2024).

Together, prior research suggests that (i) LLM
reasoning is systematically influenced by content
and internal activation patterns, and (ii) structural
interventions—such as symbolic abstraction or ac-
tivation steering—can reduce these biases. Our
work builds on these insights by jointly evaluat-
ing symbolic prompting, reflective prompting, and
parameter-efficient symbolic distillation within the
unified evaluation framework of SemEval-2026
Task 11.

3 System Overview & Experiment Details

In this section, we describe the models, data splits,
prompting setups, and training configurations used
to evaluate content-independent syllogistic reason-
ing on SemEval-2026 Task 11.

3.1 Models

We focus on a set of widely used open-source
instruction-tuned LLMs spanning different sizes
and architectures. Unless otherwise stated, we
use the official instruct variants released by the
respective model providers like Llama 3.2 3B In-
struct, Llama 3.1 8B Instruct (Touvron et al., 2023),
Qwen 2.5 3B Instruct, Qwen 2.5 7B Instruct (Qwen
et al., 2025), Phi-4 4B (Phi-4-mini-instruct), and
Phi-4 14B (Abdin et al., 2024). These models are
used both as zero-shot reasoners and as backbones
for activation steering and parameter-efficient fine-
tuning. Variation in model size and architecture
allows us to test whether the observed reasoning
effects generalize across families and scales.

3.2 Dataset and Splits

Our experiments use the English subset (similar to
subtask 1) of the official SemEval-2026 Task 11
training dataset. Each instance consists of two
premises and a conclusion, while Subtasks 2 and 4
include an additional irrelevant premise to test ro-
bustness against distractors. We randomly split the
provided training data into 70% training, 15% vali-
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dation, and 15% test sets (Train-test-data). Train-
ing and validation are used for prompt design and
fine-tuning, while the test set is reserved for fi-
nal evaluation. All text is used as provided, and
tokenization is handled by the respective model
tokenizers. We evaluate Subtasks 3 and 4 via zero-
shot cross-lingual transfer, leveraging the models’
pre-trained multilingual capabilities.

3.3 Prompting & Baselines

Our first set of experiments establishes prompting-
based baselines using Zero-shot Chain-of-Thought
(ZS-CoT) prompting (Kojima et al., 2022). For
each model, we use a standardized instruction that
(i) explains the task (validity judgment over syllo-
gisms), (ii) asks the model to reason step by step,
and (iii) requires an explicit final label (VALID or
INVALID). No task-specific examples are provided
in the context for the zero-shot setting. We evaluate
ZS-CoT, measuring Accuracy, Total Content Effect
(TCE), and Combined Smooth Score (CSS). The
resulting scores serve both as competitive baselines
and as reference points for the impact of activa-
tion steering, symbolic prompting, and fine-tuning.
Following work framing LLMs as token-space op-
timizers (Yang et al., 2024), we interpret ZS-CoT
as an implicit one-step search over reasoning trajec-
tories without iterative refinement. We further test
whether alternative prompts influence this token-
space search.

3.4 Activation Steering Setup

To mitigate content effects, we apply kNN-
based Conditional Activation Steering (K-CAST)
(Valentino et al., 2025) at selected transformer lay-
ers during inference. K-CAST operates without
modifying model weights or altering prompts, in-
stead constructing a datastore of hidden activations
from logically equivalent syllogisms that differ
only in surface content, thereby separating repre-
sentations of logical validity from content plau-
sibility. At inference time, the model’s current
hidden state is compared to this memory using
k-nearest neighbors, and a context-dependent steer-
ing vector is injected at a chosen layer to bias the
representation toward content-independent reason-
ing. Because the intervention is conditional and
dynamically selected rather than static, it selec-
tively corrects plausibility-driven trajectories while
minimally disrupting valid reasoning paths.

3.5 Symbolic Representations

We next investigate whether abstracting away lexi-
cal content helps models focus on logical form. We
prompt the LLMs to derive symbolic representa-
tions in which entities and predicates are mapped to
schematic variables (e.g., All A are B, All B are
C→ All A are C) (Kim et al., 2025; Ranaldi et al.,
2025). We enforce this via few-shot settings, com-
paring their performance against zero-shot prompts
to quantify the benefits and limitations of abstrac-
tion.

3.6 Fine-tuning Protocol

To study whether formal reasoning ability can
be transferred through learning, we perform
parameter-efficient fine-tuning (Dettmers et al.,
2023; Hu et al., 2022) via knowledge distillation
(Hinton et al., 2015). Specifically, we fine-tune
smaller open-weight language models using reason-
ing traces generated by GPT-5.1 (OpenAI, 2025)
as supervision.

Symbolic Distillation: For each training in-
stance, GPT-5.1 is prompted to produce a struc-
tured JSON output consisting of: (i) an explicit
set-theoretic abstraction (e.g., mapping terms to
A,B,C), (ii) formal logical rewriting using ∀, ∃,
→, and ¬, (iii) a short entailment or countermodel
argument, and (iv) a binary validity label. These
teacher-generated traces are treated as gold targets
for student models. The training corpus is curated
from ZS-CoT prompts combined with symbolic
abstraction outputs generated by GPT-5.1, ensur-
ing that supervision reflects content-independent
reasoning rather than world knowledge heuristics.

Optimization Setup: Parameter-efficient fine-
tuning is performed using QLoRA (Dettmers et al.,
2023) (4-bit quantization with LoRA adapters (Hu
et al., 2022)). Models are trained as causal lan-
guage models on the prompt and distilled JSON
output with prompt-token loss masking. Base pa-
rameters are frozen and only low-rank adapters are
updated, enabling efficient symbolic-style reason-
ing transfer with minimal memory.

LLM-as-Optimizer Inference Prompt: At in-
ference time, we additionally evaluate a lightweight
reflective trigger (Yang et al., 2024): We refer to
this variant as FT_Optim. This intervention does
not modify fine-tuned model parameters; instead,
it encourages the model to explicitly follow the
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structured reasoning trajectory learned during dis-
tillation. Empirically(Section 4), this self-reflective
prompt often reduces Total Content Effect (TCE)
and improves Combined Smooth Score (CSS), sug-
gesting improved adherence to formal reasoning
patterns. Model fine-tuning specific hyperparame-
ters are reported in Appendix A.4.

4 Results & Discussions

Results: Across models, parameter-efficient fine-
tuning (see Table 1) achieves the strongest overall
performance. For Llama 3.1 8B, accuracy improves
from 58.33 (ZS-CoT) to 86.11, while TCE de-
creases from 49.15 to 5.17, increasing CSS to 30.55
(from baseline 11.87). Llama 3.2 3B improves
from 57.64 to 78.47 accuracy with a substantial re-
duction in TCE. Fine-tuned Qwen 2.5 7B achieves
the highest overall accuracy (88.19), and fine-tuned
Phi-4 14B attains the highest CSS (30.61; TCE
= 5.13). Few-shot symbolic prompting improves
robustness for Qwen 2.5 7B (TCE = 14.18; CSS =
20.12), though gains are smaller than fine-tuning.
Finally, FT_Optim yields the highest CSS observed
overall (Phi-4 14B: 31.16; TCE = 4.96).

Results Across Subtasks: When focusing exclu-
sively on robustness as measured by Combined
Smooth Score (CSS), fine-tuned models consis-
tently achieve the strongest results. For Subtask
1, the highest CSS is obtained by Phi-4 14B (FT
ZS-CoT), reaching 35.96 with very low content
effect (TCE = 3.13). For Subtask 3, Llama 3.1 8B
(FT ZS-CoT) achieves the overall highest CSS ob-
served across all subtasks (36.42), driven by mini-
mal content sensitivity (TCE = 3.13). In Subtask
4, which involves premise-level reasoning, Phi-
4 14B (FT_Optim) attains the best robustness score
(16.56), suggesting that inference-time reflective
prompting provides additional stability for more
complex structural judgments. See appendix D.4
for further details.

Discussions: The results reveal a clear hierarchy
among reasoning interventions. Symbolic distil-
lation through parameter-efficient fine-tuning con-
sistently yields the largest improvements in both
accuracy and robustness to content effects, suggest-
ing that structured supervision encourages mod-
els to rely on formal reasoning patterns rather
than surface-level semantic heuristics. In con-
trast, prompting-only strategies such as ZS-CoT or
symbolic exemplars produce more variable gains:

while they can partially activate latent reasoning
capabilities, they do not reliably suppress content
bias across models. The reflective trigger used in
FT_Optim further stabilizes reasoning behavior but
is most effective when combined with fine-tuning.
Overall, these findings suggest that mitigating con-
tent effects in LLM reasoning requires modifying
internal representations through structured supervi-
sion, rather than relying solely on inference-time
prompting strategies.

5 Ablation Studies

To identify which components improve content-
independent reasoning, we conduct ablations along
three axes: representation, prompting, and super-
vision. For representation, we compare natural-
language syllogisms with symbolic abstractions
(mapping entities to schematic variables such as
A,B,C), using the same reasoning template. This
tests whether removing lexical content reduces
TCE and improves structural consistency. Sym-
bolic abstraction reduces total content effect across
most model families and sizes (except Llama 3B
& Phi 14B). For prompting, without parameter up-
dates, we evaluate: (i) ZS-CoT, (ii) LLM-Optim
prompting (reflective trigger). These settings iso-
late whether structured exemplars or self-reflection
alone can mitigate content effects. LLM-Optim
prompting alone doesn’t help in reducing content
effect but helps in boosting the accuracy. For su-
pervision, we fine-tune models using symbolic rea-
soning traces generated by larger models. An ad-
ditional FT_Optim variant applies the reflective
prompt at inference time. This separates improve-
ments from training-time symbolic transfer and
those from inference-time stabilization.

6 Limitations

While our study compares multiple approaches to
content-independent reasoning, several limitations
remain. A practical limitation is that some runs
did not consistently satisfy the strict output schema
required for evaluation in subtasks (2 & 4) with
irrelevant-premise annotations. Activation steering
showed limited improvements in our experiments.
We hypothesize this is due to the small datastore
size and the sensitivity of steering vectors to layer
selection. Moreover, results are based on syllo-
gistic reasoning as a controlled testbed and may
not directly transfer to more complex reasoning
tasks. Finally, because LLM generation is inher-
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Model Metric ZS-CoT LLM-Optim FS-Symbolic K-CAST FT (ZS) FT_Optim

Llama 3.2 3B Instruct
Acc 57.64 60.14 46.48 60.42 78.47 79.17
TCE 29.81 27.68 37.69 46.88 15.86 6.37
CSS 13.02 13.81 9.98 12.41 20.52 26.41

Llama 3.1 8B Instruct
Acc 58.33 61.97 55.56 63.19 86.11 84.03
TCE 49.15 49.23 28.68 45.83 5.17 4.53
CSS 11.87 12.60 12.65 13.04 30.55 31.01

Qwen 2.5 3B Instruct
Acc 65.28 70.14 62.50 77.78 73.91 75.89
TCE 19.86 29.01 25.75 28.99 11.99 13.22
CSS 16.17 15.93 14.58 17.67 20.74 20.76

Qwen 2.5 7B Instruct
Acc 74.31 75.00 74.83 79.86 88.19 82.52
TCE 31.20 35.51 14.18 20.59 8.00 6.99
CSS 16.62 16.31 20.12 19.61 27.59 26.80

Phi-4 4B Mini-Instruct
Acc 70.83 70.63 58.33 48.61 81.94 72.92
TCE 44.61 50.64 33.93 50.00 14.25 20.15
CSS 14.70 14.28 12.81 9.86 22.00 18.00

Phi-4 14B
Acc 83.33 79.86 82.64 50.00 86.11 86.81
TCE 14.89 21.45 16.37 50.00 5.13 4.96
CSS 22.13 19.42 21.44 10.14 30.61 31.16

Table 1: Test-set performance for syllogistic validity judgment under different reasoning interventions for Train-test-
data. Results are reported using Accuracy (↑), Total Content Effect (TCE, ↓), and Combined Smooth Score (CSS,
↑). Columns correspond to the following strategies: standard Zero-Shot Chain-of-Thought prompting (ZS-CoT);
LLM-Optim prompting, which adds a lightweight self-reflection trigger to encourage more deliberate reasoning;
Few-Shot Symbolic prompting (FS-Symbolic), where demonstrations show abstraction of natural-language terms
into symbolic variables (e.g., A, B, C). K-CAST activation steering(single layer); and parameter-efficient fine-tuning
(FT). FT (ZS) denotes parameter-efficient fine-tuning evaluated using standard ZS-CoT decoding at inference time,
while FT_Optim further applies the self-reflection trigger prompt during decoding.

ently stochastic, outputs may vary across runs de-
pending on sampling settings and random seeds.

7 Future Work

Future work will extend this analysis to broader
classes of logical inference, including propositional
reasoning (Evans et al., 2018), relational reason-
ing (Sinha et al., 2019; Li et al., 2017), and rule-
based or theorem-proving settings (Campero et al.,
2018; Rocktäschel and Riedel, 2017). Such ex-
tensions will help determine whether the benefits
of symbolic abstraction, activation steering, and
fine-tuning generalize beyond syllogistic logic. Fu-
ture work will improve constrained decoding and
schema-aligned generation to ensure reliable eval-
uation on subtasks (2 & 4) requiring structured
premise-level outputs. In addition, we intend to
explore alternative activation steering methods be-
yond K-CAST and investigate multi-layer steer-
ing strategies to determine whether coordinated
interventions across transformer blocks can pro-
duce more stable and scalable reductions in con-
tent bias. Furthermore, future work will examine
whether these interventions remain effective and

stable when applied to larger-scale models.

8 Conclusion

We investigated content-independent syllogistic
reasoning in the SemEval-2026 Task 11 framework
across six LLMs, comparing zero-shot, symbolic,
activation-steering, and fine-tuning interventions.
Our results show that distillation-based fine-tuning
using symbolic abstraction reasoning traces pro-
vides the most robust gains, and Phi-4 14B achiev-
ing the overall best result with 86.81% accuracy
and a 4.96 TCE. Combining fine-tuning with a
lightweight self-reflection trigger (FT_Optim) fur-
ther stabilized reasoning trajectories, yielding our
highest CSS of 31.16. While ZS-CoT is a vi-
able baseline, symbolic prompting provides the
strongest training-free gains for large-scale models.
Overall, we identify a clear trade-off: fine-tuning
offers the most reliable robustness and correctness,
whereas symbolic prompting and activation steer-
ing serve as efficient, low-cost alternatives for large
and resource-constrained settings respectively.
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A Fine-Tuning Details

A.1 Distillation Data Generation
We construct the fine-tuning dataset using a teacher-
student distillation setup. A strong proprietary lan-
guage model (GPT-5.1) is prompted to solve syllo-
gistic validity tasks using explicit formal reasoning.

For each syllogism, the teacher model is in-
structed to: (i) rewrite the argument using abstract
set-theoretic notation, (ii) reason about validity by
checking for the existence of a countermodel, and
(iii) output a structured JSON object containing a
reasoning trace (thought_process), a binary va-
lidity label (validity), and a concise justification
(reason).

The gold validity label provided in the dataset
is enforced during generation, even in cases where
the teacher identifies a semantic countermodel.
This ensures consistency with the task definition
while preserving exposure to explicit countermodel-
based reasoning.

All teacher outputs are stored and used as su-
pervision for student models. No filtering or post-
editing of reasoning traces is applied.

A.2 Fine-tuning Objective and Loss Masking
Student models are fine-tuned as causal language
models on sequences formed by concatenating the
instruction prompt and the teacher-generated JSON
output. To prevent the model from learning to
reproduce the prompt, we apply loss masking over
all prompt tokens.

Formally, given token sequence x =
(x1, . . . , xT ) and label sequence y = (y1, . . . , yT ),
loss is computed only for positions corresponding
to the JSON output, while prompt positions are
assigned an ignore index. This training strategy
encourages the model to learn structured reasoning
and decision generation rather than prompt
memorization.

A.3 QLoRA Configuration
All student models are fine-tuned using QLoRA,
loading the base model weights in 4-bit NF4
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Model Tr BS Ev BS Acc Ep LR
Llama 3.1 8B 2 2 8 50 2.0×10−4

Llama 3.2 3B 8 8 4 50 2.0×10−4

Qwen2.5 3B 6 6 4 50 2.0×10−4

Qwen2.5 7B 2 2 8 50 2.0×10−4

Phi 4 4B 6 6 4 50 2.0×10−4

Phi 4 14B 2 2 8 50 1.5×10−4

Table 2: Model-specific hyperparameters for QLoRA
distillation fine-tuning. Tr BS = training batch size, Ev
BS = evaluation batch size, Acc = gradient accumulation
steps, Ep = epochs.

quantized form with double quantization. LoRA
adapters are inserted into both attention and MLP
projection layers. The following modules are
adapted: q_proj, k_proj, v_proj, o_proj,
gate_proj, up_proj, down_proj. The LoRA
rank is set to r = 64 with scaling factor α = 16 and
dropout 0.05. All base model parameters remain
frozen throughout training.

A.4 Training Hyperparameters

Table 2 summarizes the model-specific hyperpa-
rameters used for fine-tuning. Batch size and gradi-
ent accumulation are adjusted per model to accom-
modate GPU memory constraints while keeping
the effective batch size comparable across settings.

A.5 Optimization Details

We use the paged_adamw_8bit optimizer with
a cosine learning-rate schedule and warmup ra-
tio 0.03. Gradient checkpointing and mixed-
precision training (FP16) are enabled for mem-
ory efficiency. Models are evaluated every 100
steps, and the best checkpoints are selected based
on validation loss. All experiments are conducted
on NVIDIA GPU(GeForce RTX 3090) with suffi-
cient memory to support 4-bit quantized training.
Code link: https://github.com/johnny22245/
SemEval-2026-Task-11.git

B Prompt Details

B.1 Zero-Shot CoT

Figure 1 illustrates the zero-shot chain-of-thought
(ZS-CoT) prompting template used as a baseline in
our experiments. The prompt instructs the model to
analyze each syllogism using explicit step-by-step
reasoning and to produce a structured JSON output
containing a reasoning trace, a binary validity judg-
ment, and a concise justification. No task-specific
fine-tuning or supervision is applied in this setting;
models are evaluated directly using the prompt at

inference time. This baseline serves as a reference
point for assessing the impact of other experiments
on formal reasoning performance.

System: You are a logic engine. Analyze the syllogism
below.
User: Syllogism: {{syllogism}}
Instructions: (1) In thought_process: Let’s think step
by step.
(2) Output validity (true/false).
(3) Output a concise reason.
Assistant: [model generates JSON]

Figure 1: Zero-shot chain-of-thought (ZS-CoT) prompt-
ing template used as the baseline for syllogism validity
reasoning.

B.2 Symbolic representations

Figure 2 presents the structured formal-reasoning
prompt used in our experiments. The prompt en-
forces an explicit decomposition of syllogistic rea-
soning into abstraction, formalisation, explanation,
and final answering stages. By requiring models
to translate natural language arguments into sym-
bolic representations and to reason about logical
entailment step by step, this prompt encourages
systematic formal analysis rather than surface-level
pattern matching.

B.3 Few-Shot Settings

Figure 3 shows the few-shot prompting template
used in our evaluation. The prompt provides
demonstration examples illustrating the expected
structured output format and the intended focus on
formal validity rather than real-world plausibility.
At inference time, we instantiate the placeholder
with a fixed set of demonstrations and append the
test syllogism, then evaluate the model’s predicted
validity based on its generated response.

C K-CAST Steering Hyperparameters

We evaluate K-CAST using activation-based steer-
ing with a k-nearest-neighbor datastore. For each
model, hidden representations ϕ(x) are extracted
from a single transformer block and stored along-
side their gold labels (valid/invalid) from the
training split. Class-wise means are computed,
and the steering direction is defined as ∆c =
µvalid − µinvalid.

For each model, we perform a grid of 25 abla-
tions, corresponding to all combinations of five
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Use only logical form (ignore real-world meaning).
Follow these steps:
S1: abstract to A,B,C with All/No/Some.
S2: FOL for P1,P2,C using ∀, ∃, →, and ¬.
S3: 1-3 steps: entailment or countermodel.

Figure 2: Structured formal-reasoning prompt used
for syllogism validity evaluation.

transformer layers and five steering scales. Can-
didate layers are selected from the last five blocks
{-8, -7, -6, -5, -4}. The steering scale α is sampled
uniformly at random from the range [−3, 3] to ob-
tain five fixed values, which are reused across all
layers for that model.

At inference time, a forward hook is registered
at the selected layer to apply the K-CAST steerer
parameterized by (k, α). Predictions are obtained
by comparing the final-token logits for the tokens
“valid” and “invalid”. For each model, the best-
performing (layer, α) pair is selected based on val-
idation accuracy and subsequently used for evalua-
tion on the test split. Unless otherwise stated, we
use k=32 nearest neighbors. Table 3 reports all
25 layer–α ablations per model; we select the best
configuration by validation accuracy and use it for
test evaluation.

D Evaluation Metrics for Subtask 1

We evaluate content-independent syllogistic rea-
soning using three complementary metrics: Over-
all Accuracy (ACC), Total Content Effect (TCE),
and the Primary Ranking Metric, referred to as
the Combined Smooth Score (CSS). These metrics
jointly measure logical correctness and robustness
to content-based bias.

D.1 Overall Accuracy (ACC)

Overall Accuracy measures the proportion of ex-
amples for which the model correctly predicts the
gold validity label:

ACC =
1

N

N∑

i=1

I(ŷi = yi),

where N is the total number of syllogisms, yi is
the gold label, ŷi is the model prediction, and I(·)
denotes the indicator function. ACC captures ba-
sic logical competence but does not account for
sensitivity to plausibility or semantic content.

D.2 Total Content Effect (TCE)

Total Content Effect quantifies a model’s suscep-
tibility to content-based bias by measuring accu-
racy variation across different logical–plausibility
conditions. Let C denote the set of four content
conditions in the English subtask, and let ACCc be
the accuracy under condition c. TCE is defined as:

TCE =
1

|C|
∑

c∈C

∣∣ACCc − ACC
∣∣ ,

ACC =
1

|C|
∑

c∈C
ACCc.

Lower TCE values indicate stronger invariance
to plausibility manipulations and greater content-
independent reasoning.

D.3 Primary Ranking Metric: Combined
Smooth Score (CSS)

The official ranking metric combines accuracy and
robustness into a single score:

CSS =
ACC

1 + ln(1 + TCE)
.

This formulation rewards high accuracy while
smoothly penalizing content sensitivity, favoring
models that are both correct and robust to semantic
distractions.

Summary: ACC measures correctness, TCE iso-
lates content effects, and CSS provides a balanced
criterion for model comparison. All results re-
ported in this work use these metrics unless stated
otherwise.

D.4 Sub-task Results

Note on Unreported Scores in Subtasks 2 and
4: Some configurations are marked with “–” in
Subtask 2 and selected Subtask 4 settings. These
runs produced outputs that could not be reliably
evaluated due to generation failures rather than rea-
soning errors. In several cases, the models entered
repetitive generation loops (e.g., repeated \n or \t
tokens), resulting in incomplete or truncated re-
sponses that did not contain the required structured
fields. Because Subtask 2 requires strict structured
premise identification with exact field-level match-
ing, and Subtask 4 expects a fixed output schema,
such malformed outputs could not be parsed by the
official evaluation script. These cases are therefore
reported as unreported (“–”) for transparency.
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Model Layer α=2.3774 α=−1.0460 α=−1.8372 α=2.0123 α=−0.4846

Llama 3.1 8B −8 0.4167 0.6528 0.6667 0.4444 0.6250
Llama 3.1 8B −7 0.4167 0.6528 0.6597 0.4583 0.6250
Llama 3.1 8B −6 0.4306 0.6528 0.6528 0.4653 0.6250
Llama 3.1 8B −5 0.4236 0.6528 0.6597 0.4583 0.6181
Llama 3.1 8B −4 0.4306 0.6458 0.6528 0.4653 0.6181

Llama 3.2 3B −8 0.4792 0.5625 0.6111 0.5000 0.5486
Llama 3.2 3B −7 0.4931 0.5625 0.6111 0.5000 0.5486
Llama 3.2 3B −6 0.4722 0.5694 0.6042 0.5000 0.5486
Llama 3.2 3B −5 0.4722 0.5694 0.6042 0.4931 0.5486
Llama 3.2 3B −4 0.4722 0.5694 0.6042 0.4931 0.5486

Qwen 2.5 3B −8 0.3125 0.7292 0.7500 0.3681 0.7292
Qwen 2.5 3B −7 0.2778 0.7500 0.7708 0.2917 0.7361
Qwen 2.5 3B −6 0.2917 0.7431 0.7500 0.3264 0.7292
Qwen 2.5 3B −5 0.2847 0.7361 0.7569 0.3194 0.7292
Qwen 2.5 3B −4 0.3125 0.7361 0.7361 0.3264 0.7292

Qwen 2.5 7B −8 0.3958 0.6875 0.7500 0.4097 0.6667
Qwen 2.5 7B −7 0.4028 0.7083 0.7639 0.4097 0.6806
Qwen 2.5 7B −6 0.3542 0.7153 0.7986 0.3611 0.6806
Qwen 2.5 7B −5 0.3542 0.7361 0.8056 0.3681 0.6806
Qwen 2.5 7B −4 0.3889 0.7083 0.7639 0.4028 0.6667

Phi 4 4B −8 0.4861 0.4861 0.4861 0.4861 0.4861
Phi 4 4B −7 0.4861 0.4861 0.4861 0.4861 0.4861
Phi 4 4B −6 0.4861 0.4861 0.4861 0.4861 0.4861
Phi 4 4B −5 0.4722 0.4861 0.4861 0.4861 0.4861
Phi 4 4B −4 0.4653 0.4861 0.4861 0.4861 0.4861

Phi 4 14B −8 0.4861 0.4861 0.5000 0.4861 0.4861
Phi 4 14B −7 0.4861 0.4861 0.5000 0.4861 0.4861
Phi 4 14B −6 0.4931 0.4931 0.5000 0.4861 0.4861
Phi 4 14B −5 0.4931 0.4931 0.5069 0.4931 0.4861
Phi 4 14B −4 0.4931 0.4931 0.5069 0.4931 0.4861

Table 3: K-CAST validation accuracy across 25 hyperparameter settings per model.

Model (FT Variant) Subtask 1 Subtask 2 Subtask 3 Subtask 4
Acc TCE CSS Acc CSS Acc TCE CSS Acc F1 TCE CSS

Llama 3.1 8B (ZS) 84.29 14.87 22.39 – – 88.02 3.13 36.42 66.67 14.56 12.99 11.16
Llama 3.1 8B (+Opt) 85.34 12.77 23.56 – – 86.46 4.69 31.57 64.58 13.28 16.18 10.13
Llama 3.2 3B (ZS) 70.68 8.75 21.56 – – 77.60 8.06 24.22 60.94 16.54 18.37 9.77
Llama 3.2 3B (+Opt) 67.54 7.71 21.34 – – 75.52 8.97 22.89 62.50 21.94 16.20 10.98
Qwen 2.5 3B (ZS) 71.98 4.35 26.89 – – 75.00 6.67 24.70 – – – –
Qwen 2.5 3B (+Opt) 71.58 4.71 26.10 – – 83.33 7.08 26.97 – – – –
Qwen 2.5 7B (ZS) 90.00 5.47 31.38 – – 80.10 13.38 21.85 – – – –
Qwen 2.5 7B (+Opt) 86.63 6.24 29.07 – – 78.42 4.94 28.19 – – – –
Phi-4 4B (ZS) 70.53 15.63 18.51 – – 75.00 18.96 18.78 – – – –
Phi-4 4B (+Opt) 71.58 17.15 18.36 – – 69.27 16.00 18.07 52.08 4.16 7.72 8.88
Phi-4 14B (ZS) 86.91 3.13 35.96 – – 91.15 5.16 32.34 – – – –
Phi-4 14B (+Opt) 85.86 7.29 27.56 – – 88.54 6.16 29.83 77.08 10.42 4.17 16.56

Table 4: Results across all subtasks for fine-tuned (FT) models evaluated with ZS-CoT (ZS) and LLM-Optim (+Opt).
Subtasks 1 & 3 report Accuracy, TCE, and CSS; Subtask 4 reports Accuracy, F1 over premises, TCE, and CSS. †

† Scores are from post-evaluation runs and may slightly differ from the official evaluation results due to stochastic LLM
generation and environment differences. – Denotes unreported scores for runs where outputs could not be reliably

parsed/evaluated due to format inconsistencies under the required structured prediction setting.

E Decoding Strategy and Inference
Pipeline

All inference experiments are performed using the
vLLM framework, which enables efficient large-

scale generation with optimized GPU memory man-
agement. GPU resources are configured by setting
the CUDA_VISIBLE_DEVICES environment variable.
In our setup, inference runs across two GPUs using
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tensor parallelism, allowing the model to distribute
computation while maintaining synchronized de-
coding.

We use deterministic decoding settings to en-
sure stable and comparable outputs across models.
The temperature is set to 0.0 and top-p to 1.0, pro-
ducing fully deterministic generation. The maxi-
mum generation length is limited to 1024 tokens.
A repetition penalty of 1.1 is applied to discour-
age repetitive loops. In addition, a small list of
blocked tokens is provided through the bad_words
parameter to prevent pathological generation pat-
terns occasionally observed during long reasoning
traces.

To enforce structured outputs, we use guided de-
coding supported by vLLM. Model responses are
constrained to follow a predefined JSON schema
with three fields: thought_process, validity,
and reason. The schema is defined using a Pydan-
tic model and automatically converted to JSON for-
mat. During decoding, the guided decoding mech-
anism ensures that generated tokens remain con-
sistent with this structure, which reduces format-
ting errors and simplifies downstream evaluation.
Prompt inputs are processed in batches and dis-
tributed across parallel workers to maximize GPU
utilization. Each prompt is mapped to a unique
identifier, and generated outputs are returned in the
same order to preserve alignment with the evalua-
tion dataset.

Finally, generated outputs are parsed and vali-
dated against the expected schema. If all required
fields are present, the response is converted to struc-
tured JSON format. If parsing fails or required keys
are missing, the instance is flagged while preserv-
ing the raw model output(used for manual pars-
ing for evaluation). This ensures robustness dur-
ing large-scale inference while maintaining consis-
tency for evaluation.

Example 1
Syllogism:
Every wolf is a mammal.
Nothing that is a mammal is a reptile.
Therefore, no reptile is a wolf.

S1: P1: All A are B.
P2: No B are C.
C : No C are A.

S2: P1: ∀x(A(x) → B(x))
P2: ∀x(B(x) → ¬C(x))
C : ∀x(C(x) → ¬A(x))

S3: From P2: B → ¬C.
Contraposition: C → ¬B.
With P1 (A → B), derive C → ¬A.

Validity: Valid
Reason: A ⊆ B and B ∩ C = ∅ → C ⊆ ¬A.

Example 2
Syllogism:
No paintings are machines.
Some sculptures are paintings.
Thus, some sculptures are machines.

S1: P1: No A are B.
P2: Some C are A.
C : Some C are B.

S2: P1: ∀x(A(x) → ¬B(x))
P2: ∃x(C(x) ∧ A(x))
C : ∃x(C(x) ∧ B(x))

S3: From P2 obtain x with C ∧ A.
P1 forces ¬B.
No entailment to C ∧ B.

Validity: Invalid
Reason: Countermodel exists.

Example 3
Syllogism:
No robots are trees.
All appliances are robots.
Therefore, some appliances are trees.

S1: P1: No B are C.
P2: All A are B.
C : Some A are C.

S2: P1: ∀x(B(x) → ¬C(x))
P2: ∀x(A(x) → B(x))
C : ∃x(A(x) ∧ C(x))

S3: A → B and B → ¬C imply A → ¬C.
Hence ¬∃x(A(x) ∧ C(x)).
Conclusion contradicts this.

Validity: Invalid
Reason: Premises entail no A are C.

Figure 3: Structured formal reasoning examples pro-
duced under the logical abstraction prompt.
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