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Abstract

Open reasoning language models are often compared under mixed sample sizes, partially
standardized prompts, and accuracy-centered summaries, which makes practical model selec-
tion difficult to interpret. We present a unified evaluation of seven open reasoning language
model configurations across four benchmarks, namely ARC-Challenge, GSM8K, MATH
levels 1 to 3, and TruthfulQA MC1, under three prompting strategies: zero-shot, chain-of-
thought (CoT), and few-shot CoT. Every model-dataset—strategy condition is evaluated on
the same 238-example subset, which yields a complete 7 x 4 x 3 design with 84 conditions
and 19,992 evaluated examples. In addition to accuracy, we report Wilson confidence inter-
vals, latency, peak video random access memory (VRAM), weighted aggregate performance,
Pareto-efficient operating points, prompt-sensitivity metrics, and compatibility diagnostics.
Under this unified protocol, the highest weighted score is achieved by Gemma-4-26B-A4B
with zero-shot prompting at 0.794, while Gemma-4-E4B remains close to the top across
prompting settings with substantially lower latency and memory, making it a particularly
attractive practical operating point. Bootstrap and paired-permutation analyses show that
top weighted configurations are close enough that deployment tradeoffs remain important.
We further find that prompting strategy changes ranking order rather than simply shift-
ing all models in the same direction, and that benchmark-specific complementarity creates
measurable routing headroom: an oracle task-aware selector reaches a weighted score of
0.825. Finally, compatibility diagnostics reveal that some apparent failures, especially for
Phi-4-Reasoning on GSMS8K, reflect deployment-relevant robustness and interface-adherence
problems under the shared evaluation pipeline. These results support a central claim: open-
model evaluation should be framed as a deployment-aware, multi-objective operating-point
problem rather than as a single-score leaderboard exercise.

1 Introduction

Open large language models (LLMs) are increasingly evaluated not only by raw benchmark accuracy, but also
by robustness, efficiency, and deployment cost. Recent evaluation frameworks and surveys have argued that
reliable LLM assessment requires standardized protocols, broader metric coverage, and explicit attention to
inference efficiency rather than accuracy alone |Liang et al.| (2023)); |[Laskar et al.| (2024)); |Chang et al.| (2024)).
This is especially important for reasoning-oriented models, whose observed performance can change substan-
tially under different prompting strategies such as zero-shot prompting, chain-of-thought (CoT) prompting,
and few-shot CoT prompting [Wei et al.| (2022)); [Kojima et al.| (2022)); Wang et al.| (2023); [Sclar et al.| (2024).

At the same time, recent work has highlighted that evaluation conclusions can be sensitive to seemingly
minor methodological choices. Prompt formatting alone can produce large performance swings in open
models, which raises concerns about comparing models under arbitrarily chosen prompt templates [Sclar
et al| (2024). More broadly, recent reviews of LLM evaluation have emphasized that inconsistent dataset
choices, heterogeneous protocols, and incomplete reporting often make cross-paper conclusions difficult to
compare or reproduce [Laskar et al.| (2024); |Chang et al| (2024)). These concerns are particularly relevant
in reasoning evaluation, where benchmark results are often used to support strong claims about model
capability.
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This paper argues that the problem is not only incomplete standardization, but also incomplete framing. In
many practical settings, model choice is not a pure leaderboard problem. A configuration with the highest
aggregate score may be too slow, too memory-intensive, too prompt-sensitive, or too task-specific to be the
most attractive deployment choice. Conversely, a configuration that is not the absolute score leader may
offer a substantially better operating point once latency, video random access memory (VRAM), prompting
stability, and task-dependent behavior are considered together. Our aim is therefore not merely to compare
several open reasoning models, but to show that open-model evaluation should move from single-score ranking
toward deployment-aware operating-point analysis.

We study that problem directly through a unified evaluation of seven open reasoning language model con-
figurations on four widely used benchmark tasks: ARC-Challenge [Clark et al.| (2018), GSM8K |Cobbe et al.
(2021), MATH levels 1 to 3 Hendrycks et al.| (2021, and Truthful QA MCI |Lin et al|(2022)). Each model is
tested under three prompting strategies: zero-shot, CoT, and few-shot CoT. Crucially, all 84 model-dataset—
strategy conditions are evaluated under the same per-condition sample size of 238 examples. The resulting
design is complete, balanced, and directly comparable.

The purpose of the study is not to argue that one current model family is universally best. Instead, the goal
is to understand what becomes visible when open reasoning models are evaluated under a fully unified and
deployment-aware protocol. We focus on the following research questions:

1. How do rankings change when all model-dataset—strategy conditions are evaluated under a single
matched-size protocol?

2. Does the highest weighted-score configuration coincide with the most attractive practical operating point
under latency and memory constraints?

3. To what extent does prompting strategy alter ranking order across models?
4. Which task-specific patterns remain stable across model families under unified evaluation?

5. How much headroom is suggested by cross-task complementarity under an oracle task-aware routing
upper bound?

The main contributions of the paper are as follows.

1. We present a fully unified benchmark protocol for open reasoning language models that fixes the sample
size, prompting families, extraction pipeline, and deployment-oriented reporting across all evaluated
conditions.

2. We show that the highest weighted-score configuration and the strongest practical operating point are
not necessarily the same, and we formalize that distinction through Pareto-frontier analysis, deployment-
budget summaries, and resource-normalized efficiency metrics.

3. We show that prompting strategy changes ranking order across models rather than acting as a simple
uniform performance booster, and we quantify this instability through cross-strategy rank-correlation
and prompt-sensitivity analyses.

4. We show that benchmark-specific complementarity creates measurable routing headroom: an oracle task-
aware selector achieves a higher weighted score than the best single fixed configuration, which motivates
future deployment-aware routing without making routing the main contribution of the present paper.

5. We provide compatibility and failure diagnostics showing that some apparent benchmark failures, espe-
cially for Phi-4-Reasoning under GSM8K and MATH-style settings, reflect deployment-relevant interface
robustness problems under the shared evaluation pipeline.

Taken together, these contributions support a central claim: open reasoning model evaluation should be
treated as a multi-objective operating-point selection problem rather than as a single-score leaderboard
exercise.
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The rest of the paper is organized as follows. Section [2] reviews prior work on reasoning benchmarks,
prompting-based reasoning, prompt sensitivity, and holistic LLM evaluation. Section [3| describes the unified
methodology in detail. Section [f] reports the main empirical results, including deployment-aware operating
points, oracle routing headroom, and compatibility diagnostics. Section [f] discusses what these results imply
for model evaluation and deployment, and also presents limitations and future work. Section [6] concludes
the paper.

2 Related Work

2.1 Reasoning Benchmarks for Large Language Models

A substantial body of recent work evaluates LLMs on benchmarks designed to probe reasoning rather than
shallow pattern matching. ARC-Challenge was introduced as a science question answering benchmark specif-
ically constructed to be difficult for retrieval and co-occurrence baselines, thereby emphasizing more sub-
stantive reasoning ability |Clark et al. (2018)). GSM8K has become a standard benchmark for grade-school
mathematical reasoning and multi-step arithmetic problem solving |Cobbe et al.| (2021)). MATH extends this
line of evaluation to competition-level mathematics and was designed to test mathematical problem-solving
ability at a substantially higher level of difficulty Hendrycks et al.[(2021)). Truthful QA provides a complemen-
tary perspective by measuring whether models reproduce common human falsehoods and misconceptions,
rather than merely maximizing answer plausibility [Lin et al.| (2022]). Taken together, these datasets cover
distinct but complementary aspects of reasoning, factual reliability, and answer validity.

2.2 Prompting-Based Reasoning and Prompt Sensitivity

Prompting strategy has become central to reasoning evaluation. Chain-of-thought prompting showed that
providing intermediate reasoning demonstrations can substantially improve model performance on arith-
metic, commonsense, and symbolic reasoning tasks [Wei et al.| (2022). Zero-shot CoT later demonstrated
that explicit reasoning can also be elicited without exemplars through simple reasoning-trigger phrases,
suggesting that prompt design itself is a major determinant of observed capability Kojima et al.| (2022).
Self-consistency further showed that decoding strategy interacts with CoT prompting in important ways,
yielding additional gains by aggregating across multiple sampled reasoning paths [Wang et al.| (2023)).

More recent work has shown that prompt sensitivity is not merely a nuisance variable but a serious method-
ological issue. Sclar et al. show that open LLMs can be highly sensitive to meaning-preserving prompt
formatting changes in few-shot settings, and argue that reporting a single prompt format can mischaracter-
ize model quality |Sclar et al.| (2024). Related robustness work has similarly found that LLMs are vulnerable
to prompt perturbations and adversarial prompt variations, reinforcing the need to treat prompting choices
as an experimental factor rather than a minor implementation detail |Zhu et al.| (2023); |Gan & Moril (2023)).

2.3 Holistic and Standardized LLM Evaluation

A parallel line of work argues that LLM evaluation should be broader, denser, and more standardized. HELM
is especially influential in this regard, because it explicitly promotes scenario coverage, multi-metric reporting,
and standardized comparison across models Liang et al.| (2023)). Recent survey papers further document that
heterogeneous evaluation setups, incomplete reporting, and protocol mismatch remain widespread problems
in the literature (Chang et al. (2024); Laskar et al| (2024)). In the open-model setting, recent leaderboard
efforts have also attempted to improve comparability and reduce evaluation artifacts. For example, the
Open-LLM-Leaderboard paper argues that multiple-choice evaluation can hide issues such as selection bias
and random guessing, and proposes open-style evaluation to better reflect model capability Myrzakhan et al.
(2024). Tooling work such as LLMBox likewise emphasizes unified interfaces for training, inference, and
evaluation, reflecting the field’s broader shift toward reproducible and systematized benchmarking [Tang
et al.| (2024)).
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Figure 1: Overview of the unified evaluation workflow. The study uses a single standardized pipeline
for dataset preparation, prompt construction, model inference, output extraction, and metric aggregation
across all model-dataset-strategy conditions. The protocol evaluates seven open model configurations on four
benchmarks under three prompting strategies, yielding 84 directly comparable conditions, each evaluated on
the largest common matched subset of n = 238

2.4 Position of the Present Study

The present study is closest in spirit to holistic and standardized benchmarking, but it makes a narrower
methodological intervention. Rather than proposing a new benchmark, we ask what can be learned from
evaluating existing open reasoning models under a strictly unified protocol with matched sample size, fixed
prompting families, and deployment-oriented measurements. In that sense, the paper is not only a com-
parison of model families; it is also an empirical study of how unified evaluation design affects ranking,
interpretation, and deployment-relevant conclusions.

3 Methodology

We evaluate seven open reasoning language model configurations across four datasets and three prompting
strategies under a fully unified protocol. Figure [1]illustrates the workflow. The pipeline contains five main
stages: dataset preparation, prompt generation, model inference, answer extraction, and metric aggregation.

3.1 Benchmark tasks

The unified evaluation uses four benchmark datasets: ARC-Challenge for multiple-choice scientific reasoning
Clark et al.| (2018), GSM8K for grade-school mathematical reasoning |Cobbe et al.| (2021)), MATH for math-
ematical problem solving [Hendrycks et al.| (2021), and TruthfulQA MC1 for multiple-choice truthfulness
evaluation [Lin et al.| (2022). These benchmarks were chosen to cover complementary evaluation dimensions:
ARC-Challenge emphasizes science-oriented reasoning under a multiple-choice format, GSM8K emphasizes
multi-step grade-school mathematical reasoning, MATH L1-1.3 emphasizes more advanced mathematical
problem solving, and TruthfulQA MC1 emphasizes truthfulness and resistance to plausible but misleading
answers.

For all four benchmarks, evaluation was conducted on the project’s prepared unified subset, with 238 exam-
ples per model-dataset—strategy condition. This matched-size design was chosen to ensure direct comparabil-
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ity across all 84 conditions. In the project configuration, all four prepared benchmark subsets were generated
with sample_size = 238 and seed = 42. The preparation pipeline selected examples by applying a seed-
controlled random shuffle and then saving the selected index set to the corresponding data/indices/*.csv
file for reproducibility (publicly archived at: https://anonymous.4open.science/r/UDAE-D371/). For
MATH L1-L3, the preparation pipeline first filtered the benchmark to levels 1-3, yielding a filtered subset of
238 examples under the current setup; to preserve a fully matched protocol, the other three benchmarks were
also prepared at 238 examples. We therefore use 238 not as a claim of an optimal or power-derived sample
size, but as the largest common matched subset available under the current unified preparation pipeline.
The resulting experiment matrix contains 7 x 4 x 3 = 84 complete conditions and 19,992 evaluated examples.

3.2 Model configurations

The evaluation includes seven open model configurations:

e Gemma-4-26B-A4B
e Gemma-4-E2B

¢ Gemma-4-E4B

e Phi-4-Mini-Reasoning
¢ Phi-4-Reasoning

¢ Qwen3-30B-A3B

e Qwen3-8B

The current project configuration records the following architecture and parameter metadata. Phi-4-Mini-
Reasoning is a dense model with 3.8B total parameters and 3.8B active parameters. Gemma-4-FE2B is a
mixture-of-experts (MoE) model with 5.0B total parameters and 2.0B active parameters. Gemma-4-E4B is
an MoE model with 8.0B total parameters and 4.0B active parameters. Qwen3-30B-A3B is an MoE model
with 30.0B total parameters and 3.0B active parameters. Gemma-4-26B-A4B is an MoE model with 26.0B
total parameters and 3.8B active parameters. Qwen3-8B is a dense model with 8.0B total parameters and
8.0B active parameters. Phi-4-Reasoning is a dense model with 14.0B total parameters and 14.0B active
parameters.

Official release references for the evaluated model families include the Gemma 4 release materials for Gemma-
4-E2B, Gemma-4-E4B, and Gemma-4-26B-A4B |Google| (2026bza), the Phi-4-Reasoning technical report and
Phi-4-Mini-Reasoning model documentation Abdin et al.| (2025)); [Microsoft| (2025), and the official Qwen3
release materials and model documentation for Qwen3-30B-A3B and Qwen3-8B (Qwen Team) (2025¢c3a3bl).

3.3 Prompting strategies

Each model was evaluated under three prompting strategies: zero-shot, chain-of-thought (CoT), and few-
shot chain-of-thought (few-shot CoT). This design treats prompting as a first-class experimental factor rather
than as a minor implementation detail. We therefore do not assume that one prompting method is uniformly
best across all model families and benchmark tasks. Instead, we study whether the relative ordering of models
changes across prompt conditions.

The prompt family was intentionally kept minimal and uniform across datasets and model families. This was
a methodological choice rather than an attempt to reproduce each benchmark’s original default prompt for-
mat. Because prompt sensitivity is itself a central concern in both the prior literature and the present study,
we use a shared prompt scaffold to reduce benchmark-specific prompt engineering and to isolate how ranking
behavior changes under a common evaluation interface. The goal is therefore controlled comparability, not
prompt optimization for any single benchmark.
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The exact prompt construction procedure for zero-shot, CoT, and few-shot CoT evaluation is documented
in Appendix A. The corresponding benchmark code, configuration files, and curated evaluation summaries
are publicly archived at https://anonymous.4open.science/r/UDAE-D371/.

3.4 Inference protocol and implementation

All runs were executed through a common benchmark pipeline under a unified evaluation protocol. For each
model-dataset—strategy condition, the system recorded binary correctness, per-example latency, output token
count, token throughput, and peak video random access memory (VRAM) usage. Condition-level accuracy
was computed as the mean of the binary correctness field, and Wilson confidence intervals were reported for
all condition-level accuracy estimates.

Experiments were conducted on the axis2 server, which is equipped with eight NVIDIA H100 80GB high-
bandwidth memory 3 (HBM3) graphics processing units (GPUs), each with 81,559 MiB of memory. The
software environment used Python 3.13.11, PyTorch 2.10.0 compiled with CUDA 12.8, transformers 5.6.2,
datasets 4.8.4, and accelerate 1.13.0. CUDA was available, and all benchmark runs were executed with
GPU-backed inference rather than central processing unit (CPU) fallback.

Inference was executed through the shared runner experiments/run_benchmark_with_fallback. py.
This runner loads prepared records from data/prepared/, constructs prompts using the shared prompt
builder, optionally applies the tokenizer chat template, performs generation, extracts the final answer, and
grades the prediction against the gold label. All model configurations listed in configs/models.yaml were
marked with use_chat_template: true, so prompts were passed through the tokenizer chat-template
interface uniformly across models. The default precision in the model configuration was bfloat16. The
loader attempted to initialize each model first in bf16 mode and then, when needed, in 4-bit mode through
BitsAndBytesConfig. Because the extracted environment report did not confirm a working bitsandbytes
installation, successful runs are described conservatively as following the loader’s sequential bf 16-then-4-bit
attempt policy rather than as universally quantized executions.

Generation settings were shared across all conditions through configs/prompts.yaml: temperature was
fixed at 0.0, do_sample was set to false, batch size was 1, and the global seed was 42. Decoding was
therefore deterministic rather than stochastic. Condition-specific maximum generation lengths were defined
in configs/datasets.yaml: 512 new tokens for GSM8K, 1024 for MATH L1-L3, and 256 for both ARC-
Challenge and TruthfulQA MCI.

Prompt construction and answer extraction were both handled through shared interfaces. Prompt generation
was implemented in prompts/builder.py, which assembled the strategy-specific wrapper, inserted dataset-
specific few-shot demonstrations when applicable, appended dataset-level answer-format rules, and then
optionally applied the tokenizer chat template. GSMS8K used the gsm8k extractor, MATH L1-L3 used
the math extractor, ARC-Challenge used the arc extractor, and TruthfulQA MC1 used the truthfulqa
extractor. The runner passed the generated response to extract_answer(...) and then scored the extracted
prediction against the gold answer using grade_prediction(...). Multiple-choice outputs were therefore
mapped to final labels through task-specific extraction and grading rules, while free-form mathematical
outputs were scored through the corresponding math-oriented normalization and extraction path defined in
the evaluation code.

Latency and VRAM measurements in this study should be interpreted as environment-dependent deployment
measurements rather than hardware-invariant properties of the models. They depend on factors such as GPU
type, precision mode, batch size, quantization behavior, and software stack. Nevertheless, under a fixed
shared environment they remain informative for relative comparison across model-prompt configurations,
which is the role they play in the present deployment-aware analysis.

For transparency and reproducibility, we provide the benchmark code, prompt configuration, model config-
uration, and curated evaluation summaries at https://anonymous.4open.science/r/UDAE-D371/.
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3.5 Evaluation metrics

We report the following metrics.

Accuracy is the fraction of correctly answered examples for a condition. Wilson confidence interval
provides uncertainty bounds around the accuracy estimate. Mean latency is the average inference time
in seconds for a condition. Peak VRAM is the maximum observed memory usage in gigabytes for the
condition. Mean tokens per second is the observed output throughput.

In addition to per-condition results, we compute a weighted accuracy summary using the following task
weights: GSM8K 0.40, MATH L1-L3 0.30, ARC-Challenge 0.20, and TruthfulQA MC1 0.10. This weighting
is intended as a compact deployment-oriented summary that places somewhat greater emphasis on mathe-
matical reasoning while still retaining science-oriented multiple-choice reasoning and truthfulness evaluation
in the aggregate score. We do not treat this vector as uniquely correct, and we do not interpret the weighted
score as a complete account of model quality.

To assess whether the headline conclusion is overly dependent on this choice, we also examined alternative
weighting schemes, including equal weighting and task-heavy variants. In the sensitivity analysis, the exact
mid-table order changes across schemes, but two broad conclusions remain stable: Gemma-4-26B-A4B with
zero-shot prompting remains the weighted leader in the paper-original, equal-weight, GSM8K-heavy, MATH-
heavy, and ARC-heavy schemes, whereas truthfulness-heavy weighting shifts the top position toward Qwen-
family few-shot CoT configurations. At the same time, Gemma-4-E4B remains consistently near the top
across weighting schemes and continues to offer a markedly stronger latency—memory tradeoff than the
heaviest high-scoring alternatives. We therefore use the paper-original weighting as a descriptive summary
rather than as a claim that one aggregate vector is universally preferred.

To strengthen the deployment-aware interpretation, we also report additional analyses built on the weighted
summary. These include bootstrap confidence intervals and paired permutation comparisons for the strongest
weighted configurations, Pareto-frontier analysis over weighted accuracy, latency, and VRAM, resource-
normalized efficiency metrics, deployment-budget summaries, prompt-instability measures across strategies,
and compatibility diagnostics for cases where the shared prompt-and-extraction pipeline may interact un-
evenly with specific model families. These analyses are used to distinguish score leadership from practical
operating-point quality and to assess whether observed ranking differences remain meaningful under resource
constraints and prompt variation.

4 Results

This section reports the empirical findings of the unified 238-example evaluation. We begin with an overview
of the complete matched-size result set and the weighted ranking across model-prompt configurations. We
then move from leaderboard-style summaries to deployment-aware interpretation by examining benchmark-
specific behavior, Pareto-efficient operating points, routing headroom, and compatibility diagnostics. The
goal is not only to identify which configuration attains the highest weighted score, but also to determine which
configurations remain attractive once latency, memory, prompting sensitivity, and task-specific behavior are
considered together.

4.1 Overview of the unified result set

The final result set contains all 84 model-dataset—strategy conditions under the same 238-example protocol.
This matters because the analysis no longer mixes different sample sizes across tasks or models. Every
weighted comparison and every per-dataset comparison is therefore based on the same number of examples
per condition.

Table [4] provides a compact summary of the most relevant weighted and benchmark-specific results, while the
complete 84-condition matrix is reported in Appendix [C} Table [I] presents the top weighted configurations
across the 21 model-strategy combinations, and Figure [2| visualizes the same ranking. Figures and
provide the main views of dataset-specific performance across prompting strategies. The later results
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Figure 2: Weighted ranking across model-strategy configurations under the unified 238-example protocol.
Gemma-4-26B-A4B with zero-shot prompting attains the highest weighted score, while Gemma-4-E4B re-
mains near the top across all three prompting settings, suggesting that the highest-score configuration and
the most deployment-attractive operating point may differ.

subsections then extend this overview in three directions: deployment-aware operating points, oracle routing
headroom, and compatibility diagnostics. In particular, Section [I.4] formalizes latency—memory—accuracy
tradeoffs, Section [4.5] quantifies task-aware routing headroom, and Section [£.6] examines failure patterns that
are not visible from accuracy alone.

Table [I] already shows the central tension of the paper. Gemma-4-26B-A4B with zero-shot prompting
achieves the highest weighted score at 0.794, but Gemma-4-E4B remains very close to the top across all
three prompting strategies while requiring substantially less latency and memory. This means that the score
leader and the strongest practical operating point are not obviously the same configuration, even before the
more formal deployment-aware analyses are introduced.

Table 1: Top weighted configurations under the unified 238-example protocol. Values are taken from the
weighted summary produced from the complete 7 X 4 x 3 evaluation matrix. The table highlights that the
highest weighted-score configuration and the strongest practical operating point are not necessarily the same.

Model Strategy Weighted Acc. Latency (s) VRAM (GB) TPS
Gemma-4-26B-A4B  Zero-shot 0.794 7.283 48.067  20.570
Gemma-4-E4B Few-shot CoT  0.761 3.677 14.895 25.850
Gemma-4-E4B CoT 0.759 4.720 14.895 25.615
Gemma-4-E4B Zero-shot 0.758 4.373 14.895 25.684
Gemma-4-26B-A4B  CoT 0.756 8.715 48.067  19.960
Qwen3-8B Few-shot CoT  0.722 7.025 15.256  49.419
Gemma-4-26B-A4B  Few-shot CoT  0.710 10.580 48.067 19.598
Qwen3-30B-A3B Few-shot CoT  0.701 14.701 57.621  25.127
Gemma-4-E2B Few-shot CoT  0.688 5.997 9.543  31.747
Gemma-4-E2B Zero-shot 0.671 5.098 9.543  31.648
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4.2 Weighted ranking under the unified protocol

The weighted ranking is reported in Table 1) and shown in Figure 2l The highest weighted score is achieved
by Gemma-4-26B-A4B with zero-shot prompting at 0.794. The next strongest configurations are all
variants of Gemma-4-E4B: few-shot CoT at 0.761, CoT at 0.759, and zero-shot at 0.758. Gemma-4-
26B-A4B with CoT follows at 0.756. The strongest Qwen condition is Qwen3-8B with few-shot CoT
at 0.722, followed by Qwen3-30B-A3B with few-shot CoT at 0.701.

The weighted ranking identifies a score leader, but it also shows that the strongest Gemma-4-E4B operating
points remain close to that lead. The difference between the top weighted configuration and Gemma-4-
E4B few-shot CoT is 0.033. Bootstrap intervals for the strongest weighted configurations overlap, which
cautions against treating that gap as overwhelmingly large in practical terms. However, interval overlap
is only a rough descriptive heuristic, whereas the paired permutation analysis evaluates aligned example-
level differences directly. Under that stronger paired test, Gemma-4-26B-A4B zero-shot remains significantly
ahead of Gemma-4-E4B few-shot CoT, CoT, and zero-shot under the current weighted metric, with two-sided
permutation p-values of approximately 0.024, 0.016, and 0.015, respectively. The combined interpretation
is therefore more nuanced than a simple leaderboard reading: the weighted leader is real, but the margin is
still modest enough that deployment cost remains central to model selection.

At the bottom of the weighted table, the Phi family is clearly weaker overall. Phi-4-Mini-Reasoning peaks at
0.398 under few-shot CoT. Phi-4-Reasoning remains lower still, with weighted scores of 0.189, 0.173, and
0.166 across zero-shot, few-shot CoT, and CoT, respectively. The weighted ranking therefore establishes a
score leader, but it does not by itself determine the most deployment-attractive configuration. That question
is examined next through deployment-aware operating-point analysis.

4.3 Dataset-specific performance

The unified full matrix in Table[5|and the benchmark-level summary in Table 2| show large differences across
datasets. The heatmaps in Figure [3| provide the corresponding model-dataset—strategy view across the three
prompting conditions.

On ARC-Challenge, the strongest condition is Gemma-4-26B-A4B zero-shot with accuracy 0.945.
Gemma-4-26B-A4B few-shot CoT follows at 0.937. Gemma-4-E4B zero-shot reaches 0.899, and both CoT
and few-shot CoT are at 0.891. Qwen and Phi models are much lower on this dataset. Under the present
prompt family, ARC-Challenge is therefore especially favorable to the strongest Gemma configurations.

On GSMB8K, the strongest condition is Qwen3-8B few-shot CoT at 0.819. Qwen3-30B-A3B few-shot CoT
follows at 0.807. Gemma-4-26B-A4B zero-shot reaches 0.794, Gemma-4-E4B CoT and zero-shot both reach
0.790, and Gemma-4-26B-A4B CoT reaches 0.782. Here the ordering differs markedly from ARC-Challenge:
Qwen becomes much stronger relative to Gemma on this benchmark.

The Phi-4-Reasoning results on GSMS8K require special caution. Their accuracies are strikingly low under
all three prompting strategies, and the compatibility diagnostics in Section show that this is best un-
derstood as a robustness failure under the unified interface rather than as a clean standalone estimate of
mathematical reasoning quality. In particular, Phi-4-Reasoning exhibits extremely high missing-prediction
rates on GSMS8K, with NalN prediction rates between 0.958 and 0.983, together with near-universal
<think> traces under the present shared pipeline. Whatever internal reasoning capacity the model may pos-
sess, its inability to reliably produce scoreable final outputs under the shared protocol makes it unsuitable
for out-of-the-box deployment on this task family in the present setting.

On MATH L1-L3, the strongest condition is Gemma-4-E4B few-shot CoT at 0.693. Gemma-4-26B-A4B
zero-shot reaches the same value to three decimal places in the aggregated output, while Gemma-4-E2B
few-shot CoT reaches 0.689. Qwen3-8B few-shot CoT reaches 0.639, and Qwen3-30B-A3B few-shot CoT
reaches 0.613. This dataset produces a tighter cluster among the stronger Gemma configurations, with a
weaker but still competitive Qwen group.

On TruthfulQA MC1, performance is near ceiling for several models. Phi-4-Reasoning few-shot CoT
reaches 1.000. Phi-4-Reasoning CoT and zero-shot both reach 0.996. Qwen3-30B-A3B CoT reaches 0.987,
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and Qwen3-8B CoT also reaches 0.987. Phi-4-Mini-Reasoning CoT reaches 0.983. Gemma models are
lower on this dataset, with Gemma-4-26B-A4B between 0.727 and 0.794 depending on prompting and
Gemma-4-E4B between 0.643 and 0.739.

These results show that no single model family dominates all task types. The strongest model on one dataset
is not necessarily strongest on another. That benchmark-specific complementarity is one reason why a single
aggregate score is not sufficient for deployment-aware interpretation, and it also motivates the oracle routing
upper-bound analysis reported later in Section

Table 2: Best-performing condition for each dataset under the unified 238-example protocol.

Dataset Model Strategy Accuracy n
ARC-Challenge Gemma-4-26B-A4B  Zero-shot 0.945 238
GSM8K Qwen3-8B Few-shot CoT 0.819 238
MATH L1-L3 Gemma-4-E4B Few-shot CoT 0.693 238
TruthfulQA MC1  Phi-4-Reasoning Few-shot CoT 1.000 238

4.4 Deployment-aware operating points

A single weighted winner does not settle the deployment question. Table 3] and Figures [4] and [5] show that
the weighted leader and the strongest practical operating point are not the same. The weighted winner,
Gemma-4-26B-A4B zero-shot, uses 48.067 GB of VRAM and has mean latency 7.283 s across tasks. By
contrast, Gemma-4-E4B few-shot CoT reaches a weighted score of 0.761 with mean latency 3.677 s and
mean VRAM 14.895 GB. Gemma-4-E4B CoT and zero-shot show similar tradeoffs. In practical terms,
Gemma-4-E4B gives up only a modest amount of weighted score while reducing both latency and memory
substantially.

This contrast becomes clearer under Pareto-frontier analysis. The Pareto-efficient set includes Gemma-4-
26B-A4B zero-shot, Gemma-4-E4B few-shot CoT, and several Gemma-4-E2B variants, along with
much lower-scoring but lighter Phi-4-Mini-Reasoning conditions. No single configuration therefore domi-
nates the joint accuracy—latency—memory space. Gemma-4-26B-A4B zero-shot remains the heavy high-score
operating point, whereas Gemma-4-E4B few-shot CoT is the strongest high-performing practical operating
point under the present deployment-aware view.

Resource-normalized metrics provide a different perspective. By the combined efficiency score based on
weighted accuracy normalized by latency and memory, the strongest condition is Gemma-4-E2B CoT,
followed by Gemma-4-E4B few-shot CoT and other Gemma-4-E2B variants. This does not make Gemma-
4-E2B the best overall model. Instead, it shows that score leadership, practical high-performance, and
efficiency leadership are distinct criteria that can favor different configurations.

The deployment-budget summary sharpens this point further. Under 16 GB, 24 GB, and 48 GB memory
budgets, the strongest weighted configuration is consistently Gemma-4-E4B few-shot CoT. Only in the
unrestricted setting does Gemma-4-26B-A4B zero-shot recover the top position. Thus, the answer to
“which model is best” depends directly on the deployment budget.

The Qwen family reveals a different tradeoff. Qwen3-8B few-shot CoT reaches 0.722 weighted accuracy with
mean latency 7.025 s and mean VRAM 15.256 GB. Qwen3-30B-A3B few-shot CoT reaches 0.701 with
much higher memory use at 57.621 GB and much higher latency at 14.701 s. Under the present weighted
metric, the 8B Qwen configuration is therefore much more attractive than the larger A3B configuration.

Taken together, these results support the paper’s central deployment-aware message: the highest weighted-
score configuration is not automatically the most attractive operating point once latency, memory, efficiency,
and budget constraints are considered directly.

For reference, the corresponding budget and efficiency summaries are reported in Appendix [D] Table [9]
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Table 3: Deployment-oriented comparison among top weighted configurations. The weighted leader and the
strongest practical operating point are not the same.

Model Strategy Weighted Acc. Latency (s) VRAM (GB)
Gemma-4-26B-A4B  Zero-shot 0.794 7.283 48.067
Gemma-4-E4B Few-shot CoT  0.761 3.677 14.895
Gemma-4-E4B CoT 0.759 4.720 14.895
Gemma-4-E4B Zero-shot 0.758 4.373 14.895
Qwen3-8B Few-shot CoT  0.722 7.025 15.256

4.5 Oracle routing upper bound

The benchmark-specific winners in Table [2|suggest measurable cross-task complementarity. That observation
motivates a simple oracle routing upper-bound analysis. For each benchmark, we select the best-performing
configuration and then compute the resulting weighted aggregate score under the same paper-original weight-
ing rule. This oracle task-aware selector achieves a weighted score of 0.825, compared with 0.794 for the
best single fixed configuration, Gemma-4-26B-A4B zero-shot. The gain of approximately 0.031 shows that
the benchmark complementarity is not merely qualitative; it is large enough to produce measurable aggregate
headroom.

This result should be interpreted carefully. The oracle selector is not a deployed routing system, and
it does not include the overhead of classifier uncertainty, routing latency, or implementation complexity.
Its purpose is instead to quantify an upper bound on what task-aware selection could achieve under the
observed benchmark complementarity. In that sense, it supports a future direction for deployment-aware
routing without changing the main identity of the present paper into an ensemble-learning study.

The oracle result is also suggestive from a systems perspective. Because the per-dataset winners are not
all drawn from the heaviest model, the observed complementarity indicates that selective routing could
potentially improve aggregate performance without requiring every query to be handled by the most resource-
intensive configuration. This strengthens the practical argument for lightweight task-aware or budget-aware
routing as a future direction, while keeping the present analysis clearly in the upper-bound category.

4.6 Compatibility and failure diagnostics

The Phi-4-Reasoning results merit dedicated diagnostic analysis because the model performs near ceiling on
Truthful QA MC1 yet fails badly on GSM8K and MATH L1-L3 under the shared pipeline. The compatibility
statistics show that these failures are highly task-dependent and are strongly associated with interface-
adherence and extraction problems under the shared pipeline. On GSMB8K, Phi-4-Reasoning exhibits NalN
prediction rates of 0.958 to 0.983 across prompting strategies, together with think-tag prevalence near 1.0
and mean response lengths of roughly 1,936 to 2,002 characters. On MATH L1-L3, think-tag prevalence
remains above 0.92 for all three prompting strategies, mean response length rises to roughly 3,505 to 3,683
characters, and malformed-output rates remain around 0.10 to 0.12. By contrast, on TruthfulQA MCI1,
the model achieves near-perfect accuracy with no missing-prediction problem.

The error analysis reinforces the view that this is a deployment-relevant interface robustness problem under
the unified protocol. For Phi-4-Reasoning on GSMS8K, the dominant error type is extraction failure,
with counts of 234, 232, and 228 under CoT, few-shot CoT, and zero-shot, respectively. On MATH L1-
L3 and ARC-Challenge, the dominant failure category is pipeline compatibility or think-trace issue,
followed by smaller but still visible counts of final-answer format failure. Representative sampled outputs
show repeated instruction echoing, long internal-style traces, and outputs that do not cleanly terminate in
the required extractable final-answer format. This means that, under the present shared interface, Phi-4-
Reasoning is not robust enough for reliable out-of-the-box deployment on these tasks, regardless of whether
the underlying problem is framed as extraction mismatch, formatting instability, or broader prompt-and-
pipeline incompatibility.

11
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These diagnostics matter for two reasons. First, they explain why Phi-4-Reasoning can appear exceptionally
weak on some benchmarks while remaining extremely strong on TruthfulQA MC1. Second, they illustrate
a broader methodological point of the paper: under a unified benchmark pipeline, some model families can
interact unevenly with shared prompting and extraction rules. That interaction is itself part of deployment-
aware evaluation and should not be hidden behind a single aggregate score.

A compact tabular summary of these compatibility statistics is reported in Appendix [D] Table

4.7 Prompt sensitivity

Figure[f]summarizes how weighted performance changes across prompting strategies, and the rank-instability
analysis quantifies the same pattern more formally. The overall weighted ranking is comparatively stable
between CoT and zero-shot prompting, with Spearman p = 0.964 and Kendall 7 = 0.905. However, the
agreement weakens meaningfully when few-shot CoT is involved: CoT versus few-shot CoT yields Spearman
p = 0.750 and Kendall 7 = 0.619, while few-shot CoT versus zero-shot yields Spearman p = 0.679 and
Kendall 7 = 0.524. Prompting therefore changes the ranking structure rather than merely shifting all
models in the same direction.

The model-level view makes the same point. Gemma-4-FE4B is relatively stable across prompting strategies,
with weighted scores tightly clustered near the top. By contrast, Qwen3-8B is strongly prompt-sensitive:
its weighted rank shifts from 5 under CoT to 2 under few-shot CoT and back to 5 under zero-shot, giving it
the largest weighted rank range in the study. Gemma-4-26B-A4B also changes rank across prompts, although
more moderately, moving from rank 2 under CoT to rank 1 under zero-shot. Gemma-4-E2B changes from
rank 3 under CoT and zero-shot to rank 5 under few-shot CoT. By contrast, Qwen3-30B-A3B and both Phi
families remain comparatively fixed in weighted rank, although that stability is not always desirable because
it can reflect consistently weak performance rather than robustness.

Dataset-specific rank correlations show a similar pattern. ARC-Challenge and Truthful QA MC1 are com-
paratively stable across prompting strategies, whereas GSM8K and MATH L1-L3 show larger rank-order
changes, especially when few-shot CoT is compared with zero-shot prompting. This matters because it shows
that prompting strategy is not a minor implementation choice. Under a unified evaluation protocol, it is an
experimental factor that can materially alter the relative ordering of model families.

4.8 Latency and memory trends

Deployment cost differs sharply across models, and Figures [ and [f visualize those differences directly. The
lowest mean VRAM among the evaluated models belongs to Phi-4-Mini-Reasoning at 7.145 GB, followed
by Gemma-4-E2B at 9.543 GB, Gemma-4-E4B at 14.895 GB, Qwen3-8B at 15.256 GB, Phi-4-Reasoning
at 27.305 GB, Gemma-4-26B-A4B at 48.067 GB, and Qwen3-30B-A3B at 57.621 GB.

These memory differences are paired with substantial latency differences. Gemma-4-E4B operates in the
range of roughly 3.7 to 4.7 s mean latency across tasks depending on prompting. Gemma-4-E2B operates
around 4.4 to 6.0 s. Qwen3-8B operates around 7.0 to 7.7 s. Gemma-4-26B-A4B operates around 7.3 to
10.6 s. Qwen3-30B-A3B operates around 14.7 to 15.3 s. Phi-4-Reasoning remains around 9.6 s despite
much weaker weighted performance.

These trends reinforce the broader argument of the results section. Accuracy and weighted accuracy remain
necessary, but they are not sufficient for deployment-aware interpretation. Once latency and memory are
considered jointly, the result set is better understood as a collection of operating points with different tradeoffs
rather than as a single global ranking.

5 Discussion

The central result of this study is not simply that one model configuration ranks first. The more important
finding is that a fully unified protocol changes how open-model benchmarks should be interpreted. Under
the matched-size design, Gemma-4-26B-A4B with zero-shot prompting is the weighted score leader, but

12
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Figure 3: Accuracy heatmaps across datasets, models, and prompting strategies. These plots show that
task-specific patterns remain large across model families and that prompting changes relative ordering.

Gemma-4-E4B remains close to the top across all three prompting settings while requiring substantially less
latency and memory. The deployment-budget analysis further shows that Gemma-4-E4B few-shot CoT is the
strongest weighted configuration under 16 GB, 24 GB, and 48 GB memory constraints. The main lesson is
therefore that open-model evaluation should distinguish between score leadership and deployment-attractive
operating points.

The statistical analysis supports that interpretation. Bootstrap confidence intervals for the strongest
weighted configurations overlap, which cautions against reading the top rows as separated by overwhelming
practical margins. At the same time, paired permutation tests show that Gemma-4-26B-A4B zero-shot re-
mains significantly ahead of the strongest Gemma-4-E4B variants under the current weighted metric. The
appropriate conclusion is therefore not that the top configurations are equivalent, but that the score leader’s
advantage is modest relative to the corresponding resource differences. This is precisely the kind of result
for which operating-point analysis is more informative than a single aggregate ranking.

The deployment-aware analyses make this point more formal. The Pareto frontier shows that no single
configuration dominates the full accuracy—latency—memory space. Gemma-4-26B-A4B zero-shot occupies
the heavy high-score end of that frontier, Gemma-4-E4B few-shot CoT is the strongest practical high-
performing point, and several Gemma-4-E2B variants emerge as attractive efficiency-oriented alternatives.
In other words, score leadership, practical high performance, and efficiency leadership are not the same
objective, and they need not identify the same model.

Prompting and benchmark composition also matter. Prompting is not a minor implementation choice: under
the unified protocol, it changes rank order, especially when few-shot CoT is introduced. Benchmark-specific
behavior remains substantial as well. ARC-Challenge favors the strongest Gemma configurations, GSM8K
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Figure 4: Weighted accuracy versus mean latency across model-strategy configurations. Gemma-4-FE4B lies
close to the top of the weighted ranking while remaining much faster than Gemma-4-26B-A4B and Qwen3-
30B-A3B.

favors Qwen more strongly, MATH L1-L3 yields a tighter competition among the top Gemma variants,
and TruthfulQA MCI1 places several models near ceiling. This complementarity is one reason why a single
aggregate score can be misleading in isolation, and it also explains the oracle routing upper bound. The oracle
selector raises the weighted score from 0.794 to 0.825, showing measurable headroom for future lightweight
task-aware or budget-aware routing without making routing the main contribution of the present paper.

The Phi-4-Reasoning results provide a different methodological lesson. If one looked only at Truthful QA
MC1, Phi-4-Reasoning would appear exceptionally strong. Under the unified benchmark as a whole, however,
its overall weighted performance is poor because GSM8K and MATH L1-L3 expose severe robustness failures
under the shared interface. The diagnostic analysis shows that these failures are dominated by extraction
and formatting problems, long think-style traces, and broader prompt-and-pipeline mismatch. From a
deployment perspective, that distinction matters less than the practical outcome: a model that cannot
reliably produce scoreable outputs under a simple unified protocol is not robust enough for out-of-the-box
use on those tasks. This is precisely why unified evaluation should consider not only accuracy, but also
interface adherence and failure behavior.

Overall, the paper argues for a shift in evaluation style. Open reasoning model benchmarking is most
informative when it is unified, balanced, deployment-aware, and explicit about prompt sensitivity, resource
constraints, and failure modes. Under that view, the practical question is not only “which model scores
highest,” but also “which model remains attractive under realistic memory, latency, and interface constraints.”

Limitations
This study has several limitations. The benchmark suite includes four tasks, which is enough to expose

meaningful variation but not enough to represent the full range of modern LLM workloads. The unified
sample size is 238 examples per condition because the current shared preparation pipeline supports a largest
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Figure 5: Weighted accuracy versus mean VRAM across model-strategy configurations. The figure highlights
that the weighted leader is not the most resource-efficient operating point.
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Figure 6: Prompt sensitivity across models. Prompting strategy changes rank order rather than providing
a uniform gain for all model families.

common matched subset of 238 examples across all four benchmarks, with MATH L1-L3 determining that
cap after filtering to levels 1-3. This improves cross-condition comparability, but it also means that the
present study prioritizes protocol consistency over full-split coverage and does not exploit the full size of
every benchmark split. The weighted aggregate likewise depends on a chosen task-weight vector. That
vector is useful for compact summary, but it is not uniquely correct, and alternative weighting schemes do
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Table 4: Compact summary of the most relevant results under the unified 238-example protocol. The
top block reports weighted aggregate operating points across datasets, while the bottom block reports the
best-performing condition for each individual benchmark. The complete 84-condition matrix is provided in

Appendix |g

Role / Summary Dataset Model Strategy Accuracy 95% Latency VRAM
CI (s) (GB)
Weighted-score leader Overall Gemma-4-  Zero-shot 0.794 - 7.283 48.067
26B-A4B
Practical operating point Overall Gemma-4- Few-shot 0.761% - 3.677 14.895
E4B CoT
Strongest Qwen condition  Overall Qwen3-8B  Few-shot 0.722f - 7.025 15.256
CoT
Strongest Phi condition Overall Phi-4- Few-shot 0.3987 - 8.232 7.145
Mini- CoT
Reasoning
Best per dataset ARC- Gemma-4-  Zero-shot 0.945 [0.909, 3.433 48.067
Challenge 26B-A4B 0.968]
Best per dataset GSM8K Qwen3-8B  Few-shot 0.819 [0.765, 6.674 15.256
CoT 0.863]
Best per dataset MATH L1-L3 Gemma-4- Few-shot 0.693 [0.632, 8.278 14.895
E4B CoT 0.748]
Best per dataset Truthful QA Phi-4- Few-shot 1.000 [0.984, 4.362 27.305
MC1 Reasoning  CoT 1.000]

T Weighted accuracy from the unified aggregate summary rather than single-dataset accuracy. Confidence intervals are not
shown for weighted scores because the weighted aggregate combines results across datasets.

change parts of the ranking table, especially when truthfulness is emphasized more heavily. The study also
uses a single evaluation stack and a single hardware environment, so absolute latency and memory values
should be interpreted as environment-dependent measurements rather than universally fixed deployment
costs. Although the relative trends are still informative under a shared environment, the exact operating
points may shift under different hardware, precision modes, batch sizes, or quantization behavior. Finally,
the oracle routing result is only an upper bound. It demonstrates routing headroom, but it does not model
the overhead, uncertainty, or engineering complexity of an actual deployed selector.

Future Work

Future work should extend the benchmark to additional task families such as broader knowledge evalua-
tion, instruction following, code generation, and robustness under format constraints. It should also study
cross-hardware behavior and cost-constrained operating envelopes more directly. A particularly promising
direction is lightweight task-aware or budget-aware routing, in which an efficient selector chooses among a
small set of strong operating points rather than relying on heavy ensemble inference. Another priority is to
improve model-family-aware answer extraction and compatibility diagnostics, especially for reasoning models
that emit internal-style traces or deviate from the expected final-answer format under a shared benchmark
interface. More broadly, future work should continue to develop evaluation methods that treat open-model
selection as a multi-objective deployment problem rather than as a leaderboard exercise alone.

6 Conclusion

This paper presented a unified deployment-aware evaluation of seven open reasoning language model config-
urations across four benchmark tasks and three prompting strategies, with all 84 conditions tested under the
same 238-example protocol. Under this matched-size design, Gemma-4-26B-A4B with zero-shot prompting
achieved the highest weighted score, but Gemma-4-E4B emerged as the strongest practical high-performing
operating point once latency, memory, efficiency, and deployment-budget constraints were taken into ac-
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count. The study also showed that prompting strategy changes ranking order, that benchmark-specific
complementarity creates measurable routing headroom, and that some apparent failures, especially for Phi-
4-Reasoning, reflect deployment-relevant interface robustness problems under the shared evaluation pipeline.
Taken together, these results support a single conclusion: for open reasoning language models, evaluation
should move beyond single-score leaderboard ranking toward deployment-aware operating-point analysis.
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Appendix

A Prompt Templates

This appendix reports the exact prompt construction procedure used in the unified evaluation
pipeline. Prompt wording was held fixed within each prompting strategy so that all model-
dataset—strategy conditions were evaluated under the same prompt family. The wrapper templates
were defined in configs/prompts.yaml, while the few-shot demonstration examples were loaded from
prompts/few_shot_examples. json through the shared prompt builder in prompts/builder.py.

A.1  Zero-shot prompt template

The zero-shot template was:

{question}

Answer:
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A.2 Chain-of-thought (CoT) prompt template
The CoT template was:
{question}
Let’s think step by step.
A.3 Few-shot chain-of-thought (few-shot CoT) prompt template
The few-shot CoT wrapper template was:
{few_shot_block}

Q: {question}
A: Let’s think step by step.

The evaluation code constructed {few_shot_block} by loading dataset-specific demonstrations from
prompts/few_shot_examples.json. For each example, the block format was:

Q: {example question}
A: {example reasoning}
#### {example answer}

The resulting few-shot demonstration blocks used in the experiments were as follows.

A.3.1 GSMBS8K few-shot demonstration block

Q: A store sold 12 notebooks on Monday and 15 notebooks on Tuesday. How
many notebooks were sold in total?
A: We add the notebooks sold on both days: 12 + 15 = 27.

#HH# 27

Q: Sara has 18 apples and gives 7 away. How many apples does she have
left?

A: Subtract the apples she gave away: 18 - 7 = 11.

#### 11

Q: A box contains 4 rows of pencils with 6 pencils in each row. How many
pencils are there?

A: Multiply rows by pencils per row: 4 x 6 = 24.

#H#H# 24

A.3.2 MATH L1-L3 few-shot demonstration block

Q: Compute 7 + 8.
A: Adding 7 and 8 gives 15.
#### 15

Q: What is 3727
A: 3 squared means 3 multiplied by itself: 3 x 3 = 9.
#### O

Q: If x + 2 = 5, find x.
A: Subtract 2 from both sides: x =5 -2 = 3.
#### 3
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A.3.3 ARC-Challenge few-shot demonstration block

Q: Which planet is known as the Red Planet?

A. Earth

B. Mars

C. Venus

D. Jupiter

A: Mars is commonly called the Red Planet because of its reddish
appearance.

#### B

Q: What gas do plants mostly use in photosynthesis?
A. Oxygen
B. Nitrogen
C. Carbon dioxide

D. Hydrogen

A: Plants use carbon dioxide during photosynthesis.

Q: Which part of the cell contains genetic material?

A. Nucleus

B. Membrane

C. Ribosome

D. Cytoplasm

A: The nucleus stores most of the cell’s genetic material.
###H# A

A.3.4 TruthfulQA MC1 few-shot demonstration block

Q: Which answer is more truthful?

A. The Earth revolves around the Sun.

B. The Sun revolves around the Earth.

A: Modern astronomy shows that the Earth revolves around the Sun.
#it## A

Q: Which answer is more truthful?

A. Vaccines can help prevent some infectious diseases.

B. Vaccines never work.

A: Vaccines are widely used to prevent infectious diseases.
#### A

Q: Which answer is more truthful?

A. Humans need water to survive.

B. Humans can live forever without water.
A: Humans require water for survival.
#i### A

A.4 Dataset-specific answer-format rules
After the strategy template was constructed, the prompt builder appended dataset-specific answer-format

rules.

For GSMS8K and MATH L1-L3, the appended rules were:

Rules:

1. Reason in no more than 4 short steps.

2. The final line must be exactly: #### <answer>
3. Do not output anything after that final line.
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For ARC-Challenge and TruthfulQA MC1, the appended rules were:

Rules:

1. Return only one capital letter.

2. Valid answers are A, B, C, D, or E.
3. Do not output any explanation.

A.5 Chat-template wrapping

After prompt construction, the pipeline optionally wrapped the prompt using the tokenizer chat template by
passing the full prompt as a single user message and enabling add_generation_prompt=True. This behavior
was controlled by the use_chat_template field in the model configuration.

B Reproducibility Summary

The current project includes raw runs, aggregated condition tables, weighted summaries, prompt configura-
tions, model configurations, and manuscript-supporting statistical summaries. The core files most directly
relevant to the paper include the aggregated unified-condition results, the weighted summary, the prompt-
sensitivity summaries, the deployment-oriented comparisons, and the supplemental statistical tables reported
in Appendix

The benchmark code, configuration files, and curated result tables used in this study are available at https:
//anonymous .4open.science/r/UDAE-D371/. Manuscript-specific figures and typeset tables were prepared
separately for paper writing and are maintained with the paper source rather than the public repository.

C Full Per-Condition Evaluation Matrix

This appendix reports the complete per-condition results under the unified 238-example protocol. The table
includes all 84 model-dataset—strategy conditions and reports the sample size, accuracy, Wilson confidence
interval bounds, mean latency, and peak VRAM. This full matrix complements the compact summary shown
in Table @ in the main text.

Table 5: Full per-condition results under the unified 238-example protocol.

Dataset Model Strategy N  Accuracy CI CI Latency VRAM
Low High (s) (GB)

ARC- Gemma-4- CoT 238 0.891 0.845 0.924  3.132 48.067

Challenge 26B-A4B

ARC- Gemma-4- CoT 238 0.769 0.711 0.818  0.450 9.543

Challenge E2B

ARC- Gemma-4- CoT 238 0.891 0.845 0.924  0.496 14.895

Challenge E4B

ARC- Phi-4-Mini- CoT 238 0.269 0.217  0.329  4.119 7.145

Challenge Reasoning

ARC- Phi-4- CoT 238 0.294 0.240  0.355  4.830 27.305

Challenge Reasoning

ARC- Qwen3-30B-  CoT 238 0.395 0.335  0.458 10.307 57.621

Challenge A3B

ARC- Qwen3-8B CoT 238 0.340 0.283  0.403  5.193 15.256

Challenge

Continued on next page
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Table 5: Full per-condition results under the unified 238-example protocol (continued).

Dataset Model Strategy N  Accuracy CI CI Latency VRAM
Low High (s) (GB)

ARC- Gemma-4- Few-shot 238 0.937 0.899 0.961 2.765 48.067

Challenge 26B-A4B CoT

ARC- Gemma-4- Few-shot 238 0.727 0.667  0.780  4.485 9.543

Challenge E2B CoT

ARC- Gemma-4- Few-shot 238 0.891 0.845 0.924  0.831 14.895

Challenge E4B CoT

ARC- Phi-4-Mini- Few-shot 238 0.290 0.236  0.351  4.088 7.145

Challenge Reasoning CoT

ARC- Phi-4- Few-shot 238 0.277 0.224  0.337  4.854 27.305

Challenge Reasoning CoT

ARC- Qwen3-30B-  Few-shot 238 0.487 0.425  0.551 9.651 57.621

Challenge A3B CoT

ARC- Qwen3-8B Few-shot 238 0.525 0.462  0.588  4.889 15.256

Challenge CoT

ARC- Gemma-4- Zero-shot 238 0.945 0.909 0.968 3.433 48.067

Challenge 26B-A4B

ARC- Gemma-4- Zero-shot 238 0.769 0.711 0.818 1.379 9.543

Challenge E2B

ARC- Gemma-4- Zero-shot 238 0.899 0.854  0.931  0.154 14.895

Challenge E4B

ARC- Phi-4-Mini- Zero-shot 238 0.273 0.220  0.333  4.089 7.145

Challenge Reasoning

ARC- Phi-4- Zero-shot 238 0.303 0.248 0.364  4.853 27.305

Challenge Reasoning

ARC- Qwen3-30B-  Zero-shot 238 0.416 0.355  0.479  9.605 57.621

Challenge A3B

ARC- Qwen3-8B Zero-shot 238 0.445 0.384  0.509  4.897 15.256

Challenge

GSMSK Gemma-4- CoT 238 0.782 0.725  0.829 11.617 48.067
26B-A4B

GSMS8K Gemma-4- CoT 238 0.685 0.623  0.741 5.015 9.543
E2B

GSMSK Gemma-4- CoT 238 0.790 0.734  0.837  5.076 14.895
E4B

GSMS8K Phi-4-Mini- CoT 238 0.210 0.163  0.266  8.433 7.145
Reasoning

GSMS8K Phi-4- CoT 238 0.008 0.002  0.030  9.810 27.305
Reasoning

GSMSK Qwen3-30B-  CoT 238 0.756 0.698  0.806 14.415 57.621
A3B

GSMS8K Qwen3-8B CoT 238 0.790 0.734  0.837 6.871 15.256

GSMS8K Gemma-4- Few-shot 238 0.681 0.619  0.737  14.346 48.067
26B-A4B CoT

GSM8K Gemma-4- Few-shot 238 0.710 0.649 0.764  4.515 9.543
E2B CoT

GSMS8K Gemma-4- Few-shot 238 0.752 0.694 0.803  5.405 14.895
E4B CoT

Continued on next page
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Table 5: Full per-condition results under the unified 238-example protocol (continued).

Dataset Model Strategy N  Accuracy CI CI Latency VRAM
Low High (s) (GB)

GSMS8K Phi-4-Mini- Few-shot 238 0.315 0.259  0.377  8.153 7.145
Reasoning CoT

GSMS8K Phi-4- Few-shot 238 0.021 0.009  0.048  9.660 27.305
Reasoning CoT

GSMS8K Qwen3-30B-  Few-shot 238 0.807 0.752  0.852 14.740 57.621
A3B CoT

GSMS8K Qwen3-8B Few-shot 238 0.819 0.765  0.863  6.674 15.256

CoT

GSMS8K Gemma-4- Zero-shot 238 0.794 0.738  0.841 8.921 48.067
26B-A4B

GSMS8K Gemma-4- Zero-shot 238 0.693 0.632 0.748  4.549 9.543
E2B

GSMSK Gemma-4- Zero-shot 238 0.790 0.734  0.837 4.931 14.895
E4B

GSMS8K Phi-4-Mini- Zero-shot 238 0.181 0.137  0.235  8.328 7.145
Reasoning

GSMS8K Phi-4- Zero-shot 238 0.042 0.023 0.076  9.731 27.305
Reasoning

GSMSK Qwen3-30B-  Zero-shot 238 0.782 0.725  0.829 14.302 57.621
A3B

GSMS8K Qwen3-8B Zero-shot 238 0.790 0.734  0.837  6.664 15.256

MATH L1- Gemma-4- CoT 238 0.643 0.580  0.701 17.412 48.067

L3 26B-A4B

MATH L1- Gemma-4- CoT 238 0.580 0.516  0.641 10.964 9.543

L3 E2B

MATH Ll1- Gemma-4- CoT 238 0.668 0.606  0.725 10.833 14.895

L3 E4B

MATH L1- Phi-4-Mini- CoT 238 0.223 0.174  0.280 16.378 7.145

L3 Reasoning

MATH L1- Phi-4- CoT 238 0.013 0.004  0.036 19.318 27.305

L3 Reasoning

MATH L1- Qwen3-30B- CoT 238 0.576 0.512  0.637  26.157 57.621

L3 A3B

MATH L1- Qwen3-8B CoT 238 0.277 0.224  0.337  13.506 15.256

L3

MATH Ll1- Gemma-4- Few-shot 238 0.571 0.508  0.633  23.528 48.067

L3 26B-A4B CoT

MATH Ll1- Gemma-4- Few-shot 238 0.689 0.628  0.744  8.969 9.543

L3 E2B CoT

MATH L1- Gemma-4- Few-shot 238 0.693 0.632  0.748  8.278 14.895

L3 E4B CoT

MATH L1- Phi-4-Mini- Few-shot 238 0.391 0.331 0.454 16.543 7.145

L3 Reasoning CoT

MATH L1- Phi-4- Few-shot 238 0.029 0.014  0.059 19.389 27.305

L3 Reasoning CoT

MATH L1- Qwen3-30B- Few-shot 238 0.613 0.550  0.673  24.786 57.621

L3 A3B CoT

Continued on next page
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Table 5: Full per-condition results under the unified 238-example protocol (continued).

Dataset Model Strategy N  Accuracy CI CI Latency VRAM
Low High (s) (GB)

MATH L1- Qwen3-8B Few-shot 238 0.639 0.576  0.697  11.515 15.256

L3 CoT

MATH Ll1- Gemma-4- Zero-shot 238 0.693 0.632  0.748 14.125 48.067

L3 26B-A4B

MATH Ll1- Gemma-4- Zero-shot 238 0.618 0.555 0.677 11.851 9.543

L3 E2B

MATH L1- Gemma-4- Zero-shot 238 0.630 0.567  0.689 11.952 14.895

L3 E4B

MATH L1- Phi-4-Mini- Zero-shot 238 0.252 0.201 0.311 16.289 7.145

L3 Reasoning

MATH L1- Phi-4- Zero-shot 238 0.038 0.020  0.070 19.265 27.305

L3 Reasoning

MATH L1- Qwen3-30B- Zero-shot 238 0.584 0.521 0.645  27.392 57.621

L3 A3B

MATH L1- Qwen3-8B Zero-shot 238 0.218 0.171 0.275 13.270 15.256

L3

TruthfulQA  Gemma-4- CoT 238 0.727 0.667  0.780  2.698 48.067

MC1 26B-A4B

TruthfulQA  Gemma-4- CoT 238 0.563 0.500  0.625 1.273 9.543

MC1 E2B

TruthfulQA  Gemma-4- CoT 238  0.643 0.580 0.701 2.476 14.895

MC1 E4B

TruthfulQA  Phi-4-Mini- CoT 238 0.983 0.958  0.993  4.092 7.145

MC1 Reasoning

TruthfulQA  Phi-4- CoT 238 0.996 0.977  0.999  4.600 27.305

MC1 Reasoning

TruthfulQA  Qwen3-30B-  CoT 238 0.987 0.964  0.996  9.961 57.621

MC1 A3B

TruthfulQA  Qwen3-8B CoT 238 0.987 0.964 0.996  5.156 15.256

MC1

TruthfulQA  Gemma-4- Few-shot 238 0.786 0.729 0.833 1.681 48.067

MC1 26B-A4B CoT

TruthfulQA  Gemma-4- Few-shot 238 0.517 0.454  0.580  6.020 9.543

MC1 E2B CoT

TruthfulQA  Gemma-4- Few-shot 238 0.739 0.680  0.791  0.195 14.895

MC1 E4B CoT

TruthfulQA  Phi-4-Mini- Few-shot 238 0.966 0.935 0.983  4.143 7.145

MC1 Reasoning CoT

TruthfulQA  Phi-4- Few-shot 238 1.000 0.984 1.000  4.362 27.305

MC1 Reasoning CoT

TruthfulQA  Qwen3-30B-  Few-shot 238 0.966 0.935 0.983  9.625 57.621

MC1 A3B CoT

TruthfulQA  Qwen3-8B Few-shot 238 0.979 0.952  0.991 5.021 15.256

MC1 CoT

TruthfulQA  Gemma-4- Zero-shot 238 0.794 0.738  0.841 2.653 48.067

MC1 26B-A4B

Continued on next page
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Table 5: Full per-condition results under the unified 238-example protocol (continued).

Dataset Model Strategy N  Accuracy CI CI Latency VRAM
Low High (s) (GB)

TruthfulQA  Gemma-4- Zero-shot 238 0.550 0.487  0.612  2.613 9.543

MC1 E2B

TruthfulQA  Gemma-4- Zero-shot 238 0.735 0.676  0.787  0.456 14.895

MC1 E4B

TruthfulQA  Phi-4-Mini- Zero-shot 238 0.945 0.909 0.968  4.129 7.145

MC1 Reasoning

TruthfulQA  Phi-4- Zero-shot 238 0.996 0.977  0.999  4.403 27.305

MC1 Reasoning

TruthfulQA  Qwen3-30B-  Zero-shot 238 0.983 0.958  0.993  9.907 57.621

MC1 A3B

TruthfulQA  Qwen3-8B Zero-shot 238 0.962 0.930  0.980  4.586 15.256

MC1

D Additional Statistical Results

This appendix reports supplemental statistical tables supporting the main deployment-aware interpretation.
Table [6] reports bootstrap confidence intervals for the strongest weighted configurations. Table [7] reports
paired permutation comparisons among the strongest weighted configurations. Table [§| reports a compact
model-level summary of weighted rank instability across prompting strategies.

Table 6: Bootstrap summary for the six strongest weighted configurations under the unified 238-example
protocol.

Model Strategy Point Bootstrap 95% CI 95% CI Bootstrap
estimate mean low high std.
Gemma-4-26B-A4B  Zero-shot 0.794 0.794 0.766 0.822 0.0146
Gemma-4-E4B Few-shot CoT 0.761 0.761 0.731 0.792 0.0154
Gemma-4-E4B CoT 0.759 0.759 0.728 0.788 0.0150
Gemma-4-E4B Zero-shot 0.758 0.759 0.728 0.788 0.0153
Gemma-4-26B-A4B  CoT 0.756 0.756 0.726 0.784 0.0149
Qwen3-8B Few-shot CoT 0.722 0.723 0.693 0.753 0.0152

Table 7: Paired permutation comparisons among the strongest weighted configurations. The weighted leader
remains significantly ahead of the strongest Gemma-4-E4B operating points under the current weighted
metric, while the differences among Gemma-4-E4B prompting variants are negligible.

Model A Strategy A Model B Strategy B Weighted delta Two-sided p
Gemma-4-26B-A4B  Zero-shot Gemma-4-E4B  Few-shot CoT 0.033 0.0238
Gemma-4-26B-A4B  Zero-shot Gemma-4-E4B  CoT 0.035 0.0160
Gemma-4-26B-A4B  Zero-shot Gemma-4-E4B  Zero-shot 0.036 0.0150
Gemma-4-E4B Few-shot CoT Gemma-4-E4B  CoT 0.002 0.8912
Gemma-4-E4B Few-shot CoT Gemma-4-E4B  Zero-shot 0.003 0.8690
Gemma-4-E4B CoT Gemma-4-E4B  Zero-shot 0.000 0.9784
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Table 8: Compact prompt-instability summary across weighted rankings.

Weighted rank range is the dif-

ference between the best and worst weighted rank of a model across CoT, few-shot CoT, and zero-shot
prompting. Dataset best-strategy flips indicates whether the model’s best prompting strategy changes across
the four benchmark datasets.

Model Rank Rank (Few- Rank (Zero- Weighted Dataset best
(CoT) shot CoT) shot) rank range strategy flips
Qwen3-8B 5 2 5 3 0
Gemma-4-E2B 3 5 3 2 1
Gemma-4-26B-A4B 2 3 1 2 1
Gemma-4-E4B 1 1 2 1 0
Phi-4-Mini-Reasoning 6 6 6 0 1
Phi-4-Reasoning 7 7 7 0 0
Qwen3-30B-A3B 4 4 4 0 1

Table 9: Deployment-budget and efficiency summary under the unified 238-example protocol. The upper
block reports the best weighted configuration under selected VRAM budgets. The lower block reports the
strongest configurations by the combined efficiency score weighted accuracy/(latency x VRAM).

Summary type Model Strategy Weighted Latency VRAM
acc. (s) (GB)
Best under <16 GB Gemma-4-E4B Few-shot CoT  0.761 3.677 14.895
Best under <24 GB Gemma-4-E4B Few-shot CoT  0.761 3.677 14.895
Best under <48 GB Gemma-4-E4B Few-shot CoT  0.761 3.677 14.895
Best unrestricted Gemma-4-26B-A4B  Zero-shot 0.794 7.283 48.067
Top efficiency score Gemma-4-E2B CoT 0.658 4.425 9.543
Second efficiency score  Gemma-4-E4B Few-shot CoT  0.761 3.677 14.895
Third efficiency score Gemma-4-E2B Zero-shot 0.671 5.098 9.543

Table 10: Compatibility diagnostics for Phi-4-Reasoning under the unified evaluation pipeline. Missing-
prediction rate corresponds to the share of cases with no scoreable extracted prediction. Malformed-output
rate is reported for the math-style tasks where the expected final-answer format is explicit.

Dataset Strategy Accuracy Missing Think Malformed
pred. rate tag rate output rate
ARC-Challenge CoT 0.294  0.000 0.992 —
ARC-Challenge Few-shot CoT 0.277  0.000 1.000 -
ARC-Challenge Zero-shot 0.303  0.000 0.950 -
GSMS8K CoT 0.008 0.983 1.000 0.139
GSMS8K Few-shot CoT 0.021 0.975 0.992 0.059
GSMS8K Zero-shot 0.042 0.958 0.975 0.155
MATH L1-L3 CoT 0.013  0.000 0.962 0.122
MATH L1-L3 Few-shot CoT 0.029  0.000 0.954 0.101
MATH L1-L3 Zero-shot 0.038  0.000 0.924 0.122
TruthfulQA MC1  CoT 0.996  0.000 0.950 -
TruthfulQA MC1  Few-shot CoT 1.000  0.000 1.000 -
Truthful QA MC1  Zero-shot 0.996 0.000 0.916 -
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