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Recent reasoning-focused large language models (LLMs) (e.g., GPT-o1 and DeepSeek-R1) com-
bine chain-of-thought prompting with reinforcement learning to generate explicit, multi-step
derivations. However, their practical advantages over standard instruction-tuned models remain
underexplored. In this article, we present a comprehensive empirical study to address these gaps.
We compare reasoning-focused and non-reasoning LLMs across several critical dimensions: (1)
their performance on mathematical and general reasoning benchmarks; (2) their generalization
capabilities across 30 sub-disciplines spanning six scientific domains; (3) the qualitative and
quantitative differences in their underlying solution processes; and (4) the impact of model
compression via distillation on core reasoning capabilities. Crucially, to reliably conduct our in-
depth process analysis, we address the critical issue of LLM-as-a-Judge reliability by proposing
and validating a multi-level evaluation framework against human experts. Our experimen-
tal results demonstrate that reasoning-focused models significantly outperform non-reasoning
counterparts on logic-intensive tasks such as mathematics and physics, while the latter remain
competitive on factual or observational problems (e.g., biology, geography). Specifically, our val-
idated process analysis reveals distinct styles: DeepSeek-R1 generates more elaborate reasoning
processes, correlating with greater effectiveness on harder tasks, despite potential redundancy.
In contrast, GPT-o1 exhibits greater conciseness and frequently presents solutions with superior
clarity and efficiency, particularly on simpler problems, while struggling with complex scenarios.
Additionally, reasoning capabilities can be partially preserved through distillation, with distilled
reasoning models consistently outperforming their non-reasoning counterparts across all do-
mains. These findings provide new insights into when and how explicit reasoning contributes to
LLM performance, offering practical guidance for model development and deployment.
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1. Introduction

Large language models (LLMs) have showcased remarkable progress across a wide
range of tasks, from natural language understanding to complex reasoning (Jahin
et al. 2025; Chen et al. 2025; Xiang et al. 2025; Zhang et al. 2025). Prominent models,
such as OpenAI’s GPT series (OpenAI 2023), Alibaba’s Qwen series (Qwen 2024),
Google’s Gemini series (Cloud 2025), MetaAI’s LLaMA series (Grattafiori et al. 2024),
and DeepSeek’s DeepSeek series (DeepSeek-AI 2024, 2025), have not only driven the
evolution of natural language processing (NLP) technologies but also facilitated intelli-
gent solutions for practical applications, significantly influencing the field and shaping
the way we interact with language. Among these, DeepSeek-R1 (DeepSeek-AI 2025) and
GPT-o1 (OpenAI 2024b) stand out as a new class of reasoning-focused LLMs, explicitly
optimized for reasoning-intensive tasks.

Building upon these advances, recent work has categorized LLMs into two broad
classes according to the explicitness of their reasoning:

(1) Reasoning-focused LLMs, or Large Reasoning Models (LRMs) (Xu et al. 2025;
Chen et al. 2025; Li et al. 2025) are designed to perform explicit multi-step reasoning
through long Chain-of-Thought (long CoT) (Wei et al. 2022), often trained via super-
vised fine-tuning (SFT) and reinforcement learning (RL) on curated reasoning data.
Crucially, the specific RL strategies for reasoning typically follow two main paradigms:
result-based supervision, which rewards only the final answer’s correctness (DeepSeek-
AI 2025), and process supervision, which rewards the soundness of each intermedi-
ate step (Lightman et al. 2024). Notable LRMs include GPT-o1 (OpenAI 2024b) and
DeepSeek-R1. To increase the model’s accessibility and practicality, DeepSeek has also
released a series of distilled variants of R1, including both Qwen-based and LLaMA-
based versions, which are optimized for deployment in resource-constrained environ-
ments while preserving the core reasoning capabilities (Guo et al. 2024; Shao et al. 2024).

(2) Non-reasoning LLMs, such as GPT-4o (OpenAI 2023), LLaMA (Grattafiori et al.
2024), DeepSeek-V3, and the Qwen2.5 series (Qwen 2024), rely on general instruction
tuning and next-token prediction (Devlin et al. 2019) without explicit alignment to
reasoning tasks. Their output often contains short or implicit reasoning patterns, lack-
ing the consistency and interpretability required for complex problem solving. While
non-reasoning models excel in naturalistic generation and factual recall, they tend to
underperform in reasoning benchmarks (Min et al. 2024; Qin et al. 2024).

Despite the recent surge in reasoning-capable models, there remains limited em-
pirical evidence comparing these models under controlled conditions. In particular,
GPT-o1 and DeepSeek-R1, two prominent reasoning models that are thought to exem-
plify these different RL approaches, have rarely been thoroughly compared. Moreover,
few studies have examined these models alongside their non-reasoning counterparts
(e.g., DeepSeek-V3, GPT-4o). Consequently, it remains unclear when reasoning align-
ment can bring tangible benefits, how the underlying reasoning chains differ, whether
such capabilities can be retained after compression, and to what extent explicit reasoning
improves cross-domain generalization.

This challenge is further exacerbated by the lack of reliable methodologies for
evaluating reasoning quality. Although using LLMs as automated judges (LLM-as-a-
Judge) is common practice, this method often suffers from significant reliability and
validity issues, including susceptibility to various biases, inconsistency across runs,
and a frequent failure to adhere to complex instructions (Zheng et al. 2023; Wang
et al. 2024a). This limitation becomes especially evident when evaluating qualitative
aspects of the reasoning process, such as the soundness of an inference, the coherence
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of an argument, or the clarity of an explanation. Without rigorous, human-validated
rubrics for such complex, qualitative judgments, there is little empirical support for the
reliability of these LLM-based evaluators, thereby raising serious concerns about the
validity of their assessments (Chehbouni et al. 2025).

To address these fundamental gaps, we design and conduct a series of multi-
dimensional experiments aimed at answering the following research questions:

• Task-level advantage: On which specific tasks do reasoning-focused
models truly outperform non-reasoning ones, and on which do they fall
short?

• Reasoning process difference: How do the reasoning chains of GPT-o1
and DeepSeek-R1 differ in depth, redundancy, and self-consistency?

• Compression effect: To what extent do distilled variants (e.g.,
R1-Distill-Qwen/LLaMA) retain the reasoning skill of the parent model?

• Cross-domain generalization: Does the capacity for explicit reasoning
enhance a model’s ability to generalize across diverse domains?

To this end, this article presents a novel empirical study of DeepSeek-R1, GPT-o1,
the distilled variants of DeepSeek-R1, and other state-of-the-art reasoning and non-
reasoning LLMs. Specifically, we contribute the following:

• We provide a broad and systematic empirical comparison between
reasoning-focused and non-reasoning LLMs across a diverse set of domains and
tasks, including mathematics, science, code generation, strategic question
answering, and temporal reasoning. Crucially, this also includes a
comprehensive analysis of cross-domain generalization across 30 scientific
sub-domains to understand how explicit reasoning benefits broader
adaptability. This comparison is uniquely strengthened by a controlled
experiment leveraging the Qwen3 model series (Yang et al. 2025), which
allows us to isolate the specific impact of the explicit reasoning process by
comparing its thinking and non-thinking modes.

• We propose, define, and validate a rigorous evaluation framework for
assessing the quality of reasoning processes. By creating a detailed,
operationalized rubric and performing a human annotation study to
calibrate the reliability of our automated metrics, we address a critical
methodological flaw in current LLM-as-a-Judge research.

• We conduct a deep multi-dimensional comparative analysis of DeepSeek-R1
and GPT-o1. This analysis moves beyond simple accuracy metrics to
examine their underlying characteristics, such as solution complexity,
logical coherence, and token efficiency, thereby uncovering their
respective strengths and limitations in problem-solving.

• We analyze the reasoning retention and trade-offs in distilled variants of
DeepSeek-R1, comparing models like R1-Distill-Qwen and
R1-Distill-LLaMA to their full-scale counterpart. This allows us to
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examine which aspects of reasoning degrade under compression and
what remains transferable.

Through these detailed empirical comparisons, our work contributes new insights
distinct from prior reviews or surveys, and clarifies how and when explicit reasoning
benefits LLM performance. The rest of this article is organized as follows: Section 2
introduces the key models involved in this study, including their architectures and rea-
soning capabilities. Section 3 details our experimental design, research questions, and
the benchmarks utilized. Section 4 presents our multi-level evaluation framework and,
critically, the results of its rigorous human-in-the-loop validation. Section 5 presents
benchmarking results from existing evaluations and our controlled experiments. Sec-
tion 6 provides an in-depth empirical study of DeepSeek-R1 and GPT-o1, including
reasoning granularity, complexity, and evaluation using multiple LLM-based judges.
Section 7 examines model generalization across domains, comparing reasoning and
non-reasoning models across 30 scientific sub-domains, and across key general-purpose
reasoning tasks. Section 8 presents a broader discussion of our findings and future
research directions. Finally, Section 9 concludes the article.

2. LLM Paradigms and Model Descriptions

This section introduces the specific models selected for our experimental analysis.
Instead of attempting to comprehensively catalog all existing LLMs, we focus on a
representative subset of models that allows us to systematically investigate reasoning
capabilities and generalization performance under controlled conditions.

2.1 Model Architecture and Training
2.1.1 Common Transformer Architectures. Both DeepSeek and OpenAI’s GPT models fun-
damentally build upon the transformer architecture introduced by Vaswani et al. (2017).
This architecture relies on self-attention mechanisms to process input sequences and has
proven remarkably effective across natural language processing tasks (Zhao, Zhang,
and Zong 2023). Despite their common foundation, significant architectural variations
exist between model families.

The typical Transformer-based LLM architecture includes token embeddings, po-
sitional encodings, multiple layers of self-attention mechanisms, feed-forward neural
networks, and normalization layers (Touvron et al. 2023). The decoder-only architecture
has become the dominant approach for generative language models, though encoder-
decoder architectures remain relevant for certain specialized applications.

2.1.2 Variations in Training Data, Optimization Objectives, and Scale. Although pre-training
datasets for proprietary models remain undisclosed, open-weight architectures offer
valuable insights into data composition. Foundation models like DeepSeek-V3 are pre-
trained on massive corpora enriched with mathematical and code-oriented content to
establish robust baseline capabilities (DeepSeek-AI 2024, 2025). Crucially, during post-
training, reasoning-focused models such as DeepSeek-R1 utilize hundreds of thousands
of curated reasoning trajectories generated via rejection sampling to cultivate explicit
multi-step deduction (DeepSeek-AI 2025). In contrast, non-reasoning models are pri-
marily aligned using diverse human-annotated conversations and general instruction-
following examples to ensure broad applicability (Ouyang et al. 2022).
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Beyond the underlying data, optimization objectives have evolved from sim-
ple next-token prediction to more sophisticated approaches. Models like DeepSeek-
R1 incorporate specialized loss functions that explicitly reward reasoning pathways
(DeepSeek-AI 2025; Guo et al. 2024), while others use reinforcement learning from
human feedback or reinforcement learning from AI feedback to align outputs with
human preferences or designated reasoning patterns (Ouyang et al. 2022).

Scale variations between models significantly impact performance characteristics.
The parameter counts range from more compact 7B-8B parameter models designed
for resource-constrained environments to larger 70B+ parameter versions optimized
for maximum capability (Hoffmann et al. 2022). The relationship between scale and
reasoning capability is not strictly linear, with architectural innovations and training
methodology sometimes enabling smaller models to outperform larger ones on specific
reasoning tasks (Jiang et al. 2023).

2.2 Reasoning-focused vs. Non-reasoning LLMs

LLMs can be broadly categorized into reasoning-focused and non-reasoning architec-
tures, a distinction that has become increasingly important in the evolution of LLM
capabilities.

Reasoning-focused LLMs are explicitly designed to demonstrate enhanced logical
reasoning, multi-step problem-solving, and complex inference capabilities (Zhong et al.
2024; Yax, Anlló, and Palminteri 2024; Yu et al. 2024; Sun et al. 2023). LLMs in this
category include the OpenAI o1 and o3 series, DeepSeek-R1, Gemini 2.0 Flash Thinking,
and Grok 3. These models attempt to mimic human-like cognitive processes by incor-
porating specialized training procedures that promote systematic analysis, hypothesis
testing, and structured problem-solving. Operationally, this reasoning manifests as
the generation of a long CoT trajectory. This CoT mechanism enables the models to
manipulate abstract concepts, establish causal relationships, and articulate intermediate
logical derivations before producing a final solution (Wei et al. 2022; Chen et al. 2025).

Non-reasoning LLMs, by contrast, excel at tasks requiring extensive knowledge
retrieval, pattern recognition, and generation based on probabilistic continuations of
text (Zhao et al. 2023). Example models in this category include GPT-4o, Claude 3.5
Sonnet, DeepSeek-V3, and the Qwen 2.5 series (Qwen 2024), among others. These mod-
els leverage statistical correlations within their training data to produce contextually
appropriate responses without necessarily engaging in explicit reasoning processes.
Their strength lies in efficient information retrieval, linguistic fluency, and the ability to
generate coherent and contextually relevant content across diverse domains. While they
may exhibit emergent reasoning abilities at sufficient scale, their architecture and train-
ing methodology are not specifically optimized for step-by-step reasoning processes.

This distinction is not binary but rather exists on a spectrum, with many modern
models incorporating elements of both paradigms (Bubeck et al. 2023). The categoriza-
tion is further complicated by the emergence of reasoning capabilities as an emergent
property at scale, even in models not explicitly designed for reasoning tasks.

2.3 Overview of Models

To facilitate a systematic comparison, we select representative models from both
reasoning-focused and non-reasoning LLMs. The chosen models differ in architecture,
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training objectives, and deployment scope, and include both proprietary and open-
source systems. Specifically, we consider:

• Reasoning-focused models, including proprietary models such as
GPT-o1, the open-source DeepSeek-R1, and its distilled variants.

• Non-reasoning models, including DeepSeek-V3 and GPT-4o, which are
tuned for general-purpose tasks without explicit reasoning alignment.

• A controllable model series, Qwen3, which can operate in both thinking
and non-thinking modes, providing a unique testbed for controlled
experiments.

In the following subsections, we provide an overview of each model, highlighting
its architecture, training strategy, and relevance to our comparative analysis.

2.3.1 DeepSeek-R1. DeepSeek-R1 represents a significant advancement in reasoning-
focused language models. Its architecture incorporates specialized attention mecha-
nisms that enhance multi-step logical inference capabilities (Liu et al. 2024). The model
demonstrates particular strength in mathematical reasoning, algorithmic problem-
solving, and tasks requiring structured logical deduction. This capability stems from
both architectural innovations and the composition of its training data, which includes
a substantial proportion of scientific and technical content (DeepSeek-AI 2025).

The training methodology of DeepSeek-R1 is distinct in its adoption of a result-
based reward paradigm, which primarily assesses the correctness of the final answer.
This reward mechanism encourages the model to explore valid reasoning paths without
being overly constrained by demonstration formats. DeepSeek-R1 achieves state-of-the-
art or near state-of-the-art performance on a diverse range of reasoning benchmarks.
This includes mathematical evaluations such as GSM8K, MATH, and AIME, as well
as coding and complex scientific reasoning tasks like LiveCodeBench and GPQA Di-
amond. Its empirical strength lies in its ability to carry out multi-step symbolic ma-
nipulation, algebraic reasoning, and structured problem-solving, which reflects both
architectural enhancements and multi-stage training strategies.

2.3.2 GPT-o1. OpenAI’s GPT-o1 represents a significant evolution in enhancing sys-
tematic reasoning. While its specific architectural details remain proprietary, OpenAI’s
official report states that the model is trained using a large-scale reinforcement learning
algorithm designed to teach it how to productively use its chain of thought. Through this
RL process, GPT-o1 learns to refine its thinking process, try different problem-solving
strategies, and recognize and correct its own mistakes (OpenAI 2024b).

Although the exact nature of GPT-o1’s reinforcement learning paradigm remains
undisclosed, available evidence and community consensus suggest an alignment with
process-based reward methodologies (Lightman et al. 2024). It is also often speculated
that its ability to explore different reasoning paths involves mechanisms analogous
to Monte Carlo Tree Search (MCTS) (Christiano et al. 2017; Zhou et al. 2023). In our
study, we categorize GPT-o1 as a model whose training appears heavily influenced
by reinforcing a sound and traceable reasoning process. GPT-o1 balances high-quality
reasoning with broad knowledge coverage, maintaining strong performance not only
on benchmark reasoning tasks but also on general QA and language understanding
benchmarks.
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2.3.3 DeepSeek-V3. DeepSeek-V3 (DeepSeek-AI 2024) represents an alternative approach
that prioritizes extensive knowledge retrieval and contextual memory over specialized
reasoning mechanisms. The model is built on a Mixture-of-Experts (MoE) Transformer
architecture (Dai et al. 2024), where a subset of experts is activated per token, enabling
the model to scale to over 100B parameters effectively while keeping inference efficient.
Beyond this architecture, DeepSeek-V3 uses an auxiliary-loss-free strategy and a multi-
token prediction training objective to enhance its capabilities.

Through pre-training on large diverse and high-quality tokens, DeepSeek-V3 excels
at knowledge-intensive tasks. Importantly, DeepSeek-V3 also serves as the founda-
tion model for DeepSeek-R1. Through supervised fine-tuning on reasoning-focused
datasets and reinforcement learning, DeepSeek-R1 builds on DeepSeek-V3’s language
and knowledge capabilities to gain strong reasoning capability.

2.3.4 GPT-4o. GPT-4o is OpenAI’s general-purpose LLM designed to handle text, image,
and audio inputs while integrating vast knowledge with remarkable fluency and speed
(OpenAI 2024). Although its exact training procedures remain undisclosed, it is widely
understood to rely on supervised fine-tuning and reinforcement learning from human
feedback to align with user preferences for helpfulness, informativeness, and fluency
(Shelby et al. 2023).

While GPT-4o can generate step-by-step explanations when explicitly prompted, it
is fundamentally categorized as a versatile foundation model rather than a reasoning-
specialized one. Thus, its default responses tend to favor direct answers over ex-
plicit reasoning trajectories. Consequently, although excelling on knowledge-intensive
benchmarks, it is generally less robust than reasoning-focused models on tasks re-
quiring sustained symbolic manipulation, formal deduction, or complex mathematical
reasoning.

2.3.5 Distilled DeepSeek-R1 Models. Distilled models with reduced parameters serve a
crucial role in the LLM ecosystem by enabling deployment in resource-constrained
environments. The distillation process typically involves the smaller student model
learning to mimic the output distributions of the larger teacher model across a care-
fully selected set of training examples (Hinton, Vinyals, and Dean 2015; Xu et al.
2024b). DeepSeek Team released distilled 1.5B, 7B, 8B, 14B, 32B, 70B variants of the
DeepSeek-R1 based on Qwen2.5 and LLaMA3 series (DeepSeek-AI 2025). These mod-
els undergo a two-stage distillation process: (1) offline distillation from the teacher
model’s CoT outputs; and (2) result-reward RL fine-tuning, mirroring the original R1
pipeline.

As reported in DeepSeek-AI (2025), these distilled models perform exceptionally
well on benchmarks and significantly outperform previous open-source models and
are comparable to o1-mini. Additionally, they offer significantly reduced inference cost
and memory consumption compared to DeepSeek-R1. They are thus attractive for
deployment scenarios where reasoning capability is needed but full-scale models are
impractical.

2.3.6 Qwen3 (Thinking vs. Non-Thinking). A critical challenge in comparing reasoning and
non-reasoning models lies in isolating the specific effects of reasoning-focused tuning.
To address this challenge, our study utilizes the Qwen3 series of models, which has
integrated two distinct operational modes within a unified framework. This built-in,
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Table 1
Overview of key models.

Model Paradigm Key Features RL Strategy Primary Strengths
DeepSeek-R1 Reasoning-focused Reflective reasoning and

self-verification steps for
math and coding

Result-based
(Final answer accuracy)
+ Format rewards

Advanced problem-solving,
math competitions,
subject-based QA

GPT-o1 Reasoning-focused Proprietary large-scale
Transformer; partial
reliance on short CoT
for multi-step tasks

Process-based reward
+ MCTS (speculated)

General-purpose NLP;
smaller math problems;
code explanations

DeepSeek-V3 Non-Reasoning Mixture-of-Experts SFT only Factual QA;
Long-context tasks

GPT-4o Non-Reasoning
(multimodal)

Proprietary architecture;
Multimodal

User preference
alignment

General-purpose QA;
multimodal input

Distilled
DeepSeek-R1
Models

Reasoning-focused Distilled from
DeepSeek-R1

Distillation+
DeepSeek-R1 pipeline

Efficient reasoning under
low resources

Qwen3 Controllable
(Reasoning /
Non-Reasoning)

Unified framework
with switchable
operational modes

Hybrid RL (Rule-based,
Model-based, &
Preference)

Flexible for complex
reasoning and rapid QA

dual-mode capability allows us to guide the exact same model to operate in two distinct
ways (Yang et al. 2025):

• Thinking mode: When engaged for complex problem-solving, this mode
activates the model’s multi-step reasoning capabilities. The model first
generates an explicit CoT before producing the final answer.

• Non-thinking mode: In this mode, the model performs as a conventional
instruction-tuned LLM, delivering rapid and direct responses.

By embedding these two modes within the exact same model, this framework
enables a rigorously controlled comparison. It allows us to isolate and measure the
performance gains specifically attributable to the explicit reasoning process, making
Qwen3 a uniquely valuable resource for our study.

Table 1 presents a comparative overview of the six models discussed above. It
summarizes their design paradigm, key features, reinforcement learning strategies, and
primary strengths, highlighting the distinguishing characteristics among the models.

3. Experimental Design and Benchmarks

3.1 Research Questions

Our empirical investigation is driven by the following research questions:

RQ1: How do reasoning-focused models differ from non-reasoning models in performance
across diverse tasks? This question aims to investigate the necessity and utility of ex-
plicit reasoning capabilities in LLMs. By comparing reasoning-focused models (e.g.,
DeepSeek-R1, GPT-o1) with non-reasoning models (e.g., DeepSeek-V3, GPT-4o), and a
controlled experiment using the Qwen3 series, we examine whether explicit reasoning
plays a critical role in achieving superior performance across different tasks.
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RQ2: What are the qualitative and quantitative differences in the reasoning processes of
DeepSeek-R1 and GPT-o1 on reasoning tasks? This question moves beyond final-answer
accuracy to dissect the underlying problem-solving behaviors. We investigate how the
solution paths of DeepSeek-R1 and GPT-o1 diverge in terms of step granularity, logical
consistency, error types, and token efficiency. To ensure the reliability of this analysis,
we conduct our evaluation using a rigorously defined and human-validated framework
(detailed in Section 4).

RQ3: To what extent can the reasoning ability of DeepSeek-R1 be preserved through model
distillation? Smaller models distilled from DeepSeek-R1 (e.g., 7B and 8B variants) offer
a promising path for deploying reasoning capabilities in resource-constrained environ-
ments. This investigation focuses on two key aspects: (1) how much of DeepSeek-R1’s
original reasoning performance is preserved through distillation, and (2) whether the
reasoning knowledge distilled from DeepSeek-R1 can be used to enhance non-reasoning
based models.

RQ4: To what extent do reasoning capabilities generalize across diverse domains? Recent
reasoning-focused models, such as DeepSeek-R1 and GPT-o1, have been extensively op-
timized on mathematical reasoning datasets. This raises an important question: Does a
model’s proficiency in mathematics serve as a direct predictor of its performance across
adjacent scientific disciplines (e.g., physics, chemistry, biology) and general-purpose
tasks like coding, temporal reasoning, and commonsense inference? Addressing this
clarifies whether enhanced mathematical reasoning constitutes a core, transferable ca-
pability or whether success across these varied domains depends more fundamentally
on specialized, domain-specific adaptations beyond general reasoning abilities.

3.2 Experimental Design and Benchmarks

To address our research questions, we designed a multi-dimensional experimental
comparison examining model capabilities across three primary axes:

(1) Overall performance comparison: Contrasting reasoning versus
non-reasoning models using both aggregated public benchmarks and a
controlled experiment with the Qwen3 series to isolate the impact of
explicit reasoning.

(2) In-depth process analysis: A detailed qualitative and quantitative
comparison of the solution processes of DeepSeek-R1 and GPT-o1,
conducted using our validated evaluation framework.

(3) Cross-domain generalization: Evaluating model performance across 30
scientific sub-domains and key general-purpose reasoning tasks.

To comprehensively evaluate performance, our study employs a suite of bench-
marks organized into general-purpose, mathematical, and scientific reasoning cate-
gories.
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3.2.1 General-purpose Reasoning Benchmarks. We incorporate three benchmarks represent-
ing distinct facets of general-purpose reasoning:

• HumanEval (Chen et al. 2021): A widely used benchmark for evaluating
code generation. It consists of 164 hand-written programming problems,
each with a function signature, docstring, and several unit tests. Models
are tasked with completing the function body.

• StrategyQA (Geva et al. 2021): A challenging question-answering
benchmark designed to test a model’s ability to perform multi-step,
inferential reasoning over commonsense and world knowledge. The
dataset contains yes/no questions where the reasoning process is not
explicitly provided and must be inferred.

• TimeBench (Chu et al. 2024): A comprehensive benchmark for evaluating
temporal reasoning. It aggregates multiple datasets into a suite of tasks
that assess a model’s understanding of temporal expressions, event
ordering, duration, and causality.

3.2.2 Mathematical Reasoning Benchmarks. We evaluate mathematical reasoning perfor-
mance using four well-established datasets, each covering different levels of difficulty
and mathematical domains:

• GSM8K (Cobbe et al. 2021): A dataset of 8,500 grade school math word
problems requiring multi-step reasoning, which has become a standard
benchmark for evaluating LLM mathematical reasoning capabilities.

• MATH (Hendrycks et al. 2021b): A collection of 12,500 challenging
mathematics problems drawn from competitions, covering algebra,
geometry, probability, and other advanced topics. It tests deeper
mathematical reasoning beyond arithmetic.

• OlympiadBench (He et al. 2024): A collection of mathematical olympiad
problems designed to test advanced problem-solving capabilities and
creative mathematical reasoning. It represents some of the most
challenging problems for current LLMs.

• AIME 2024 (AI-MO 2024): The most recent American Invitational
Mathematics Examination problems, providing contemporary
mathematical reasoning challenges not included in model training data,
given our models’ knowledge cutoff dates.

From each benchmark, we carefully select a representative subset of problems to
ensure a balanced evaluation. These subsets are chosen for their broad coverage of
mathematical domains, and representation of different complexity levels, ensuring a
comprehensive assessment of LLMs’ symbolic manipulation, logical reasoning, and
problem-solving abilities (Pradipta Gema et al. 2024; Setlur et al. 2024; Zhang et al. 2024).
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3.2.3 Scientific Benchmarks. To assess reasoning and generalization in specialized sci-
entific domains, we use several domain-specific benchmarks that go beyond general
pretraining knowledge:

• GPQA Diamond (Rein et al. 2024): A subject-structured benchmark
designed to evaluate factual and reasoning performance across
science-heavy academic disciplines. It contains high-quality,
curriculum-aligned multiple-choice questions organized into hierarchical
subject and subfield groupings, allowing fine-grained assessment of
model capabilities in domain-specific contexts.

• SuperGPQA (M-A-P Team 2025): A newly developed benchmark
containing graduate-level questions across multiple disciplines, designed
specifically to test the upper bounds of LLM capabilities in specialized
knowledge domains.

These datasets are particularly relevant to RQ4, as they enable us to examine
whether models trained with mathematical or general reasoning supervision gener-
alize effectively to structured, discipline-specific tasks. To facilitate this analysis, we
constructed a subject-organized test set by sampling from both GPQA and SuperGPQA
across six core scientific domains (mathematics, physics, chemistry, astronomy, geogra-
phy, and biology), with five subfields under each. This enables detailed performance
analysis at both the domain and subdomain levels.

3.3 Data Contamination and Considerations

A potential challenge in evaluating LLMs is data contamination, where benchmarks
used for evaluation may have been inadvertently included in the models’ vast pre-
training corpora (Xu et al. 2024a; Deng et al. 2024). While complete elimination is
difficult for Web-scale models, we used several mitigation strategies:

• Use of recent benchmarks: We included benchmarks created after the
likely knowledge cutoff dates of the evaluated models, specifically AIME
2024 and the SuperGPQA dataset (M-A-P Team 2025). Problems from
these sources are highly unlikely to have been part of the models’
pre-training data, offering a cleaner signal of genuine reasoning
capabilities.

• Focus on process-level analysis: A significant portion of our analysis
evaluates process-level metrics (e.g., step consistency, complexity) rather
than just final answer accuracy. While final answers might be memorized,
consistently reproducing a specific, multi-step reasoning process is
substantially harder, making this analysis less susceptible to
contamination.

• Inclusion of diverse and specialized benchmarks: Our evaluation suite
includes 30 fine-grained scientific sub-domains from GPQA and
SuperGPQA. The niche and specific nature of many of these problems
makes them less likely to have been prevalent in standard pre-training
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mixtures compared with canonical benchmarks like GSM8K, further
reducing the risk of direct memorization.

Despite these mitigation efforts, we acknowledge that potential conceptual overlap
between our benchmarks and the models’ training data cannot be entirely ruled out.
This remains an inherent limitation of current LLM evaluations.

4. Definition and Validation of the Evaluation Framework

To reliably answer our research questions, particularly those requiring an in-depth anal-
ysis of the quality of reasoning processes (RQ2), we must first establish a trustworthy
evaluation framework. As LLMs are increasingly adopted as evaluators in reasoning
analysis research (Wei et al. 2022; Lightman et al. 2024), valid concerns over evaluation
soundness and reliability have grown (Wei et al. 2025). In our work, LLMs perform
complex analytical tasks, including decomposing solution narratives and scoring their
quality at both a step-by-step and holistic level. Since these LLM-based evaluations
support several key findings in this article, we conducted a rigorous validation study
to assess their reliability. This framework serves to validate all LLM-based evaluation
components, ensure reproducibility, and clarify the reliability of our automated judg-
ments.

4.1 Defining the Evaluation Protocol

The foundation of our framework is a comprehensive protocol that specifies the objects
of analysis, the evaluation dimensions, and the automated tools used for measurement.

4.1.1 Core Concepts: Reasoning vs. Solution Process. A core aspect of our study is the fine-
grained analysis of a model’s problem-solving narrative. We distinguish between two
key components of this narrative, as illustrated in Figure 1.

• Reasoning Process: This refers to the model’s intermediate, exploratory
thinking before it commits to a structured solution. It includes
self-reflection, hypothesis testing, and error correction that may or may
not directly appear in the final output.

• Solution Process: This refers to the explicit steps the model presents to
derive the final answer. This begins when the model transitions from
reasoning to constructing a concrete solution, which is the primary object
of our step-level quality evaluation.

4.1.2 Evaluation Dimensions and Rubric. The evaluation of multi-step reasoning is an
active area of research, with existing approaches often focusing on a single level of
granularity. Some methods evaluate the final outcome, such as the correctness of the
final answer (Cobbe et al. 2021). Another significant line of work analyzes the reasoning
steps (Xia et al. 2025), using techniques like parsing-based methods (Prasad et al. 2023),
embedding-based metrics (Golovneva et al. 2023), or process reward models (Lightman
et al. 2024). A third approach makes holistic judgments about the entire reasoning process,
often through prompting-based methods (Zeng et al. 2025; Wang et al. 2025).
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Figure 1
The illustration of Reasoning Process and Solution Process.

However, these approaches tend to operate in isolation, lacking a unified frame-
work that systematically connects fine-grained, step-level properties to the overall
solution quality. To address this gap, this article proposes and empirically validates a
multi-level evaluation framework. We create a comprehensive evaluation framework
by defining two distinct but interconnected levels of analysis:

• The micro-level: Designed to assess the atomic properties of individual
reasoning steps, such as their logical consistency and correctness.

• The macro-level: Designed to evaluate the holistic qualities of the entire
solution, such as its overall efficiency and conceptual soundness.

This dual-level structure allows us to not only judge the final output but also
diagnose the specific strengths and weaknesses within the reasoning process itself. The
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Table 2
Rubric for human annotation and LLM evaluation.

Evaluation Level Dimension Scoring Rubric

Micro-Level Logical 2 (Highly Consistent): The step’s deduction strictly and explicitly follows from
(single step) Consistency the preceding steps or given premises.

1 (Basically Consistent): The step is logically sound but requires the reader to
infer a minor, obvious connection.
0 (Inconsistent): The step represents a logical leap, a contradiction, or is based
on unstated assumptions.

Correctness 1 (Correct): The mathematical operation, formula application, or logical
deduction is entirely correct.
0 (Incorrect): The step contains any mathematical or logical error.

Step Clarity 2 (Very Clear): The language and notation are unambiguous, professional, and
easy to understand.
1 (Basically Clear): The step is understandable, but its phrasing or
conciseness could be improved.
0 (Unclear): The step is confusing, vague, or uses ambiguous terminology.

Redundancy
& Efficiency

1 (Necessary & Efficient): The step is essential and does not take an
unnecessarily convoluted path.
0 (Redundant or Inefficient): The step repeats previous information or takes an
obviously inefficient detour

Macro-Level Answer 1 (Correct): The final answer is completely correct and meets format

(complete solution) Accuracy requirements.
0 (Incorrect): The final answer is incorrect or in the wrong format.

Reasoning
Step
Accuracy

2 (Good): The core method and logical chain are correct, with at most minor,
non-critical flaws.
1 (Acceptable): The core method is generally correct, but the process has no-
ticeable logical gaps or several minor errors that undermine its rigor.
0 (Poor): The solution contains at least one major logical or conceptual error
that derails its validity, or is fundamentally wrong.

Solution
Efficiency

2 (Good): The solution path is direct and does not contain obvious inefficient
behaviors. The method used is standard and appropriate for the problem, even
if it might not be the most clever possible solution.
1 (Acceptable): The solution path can be followed, but it includes obvious in-
efficient behaviors (e.g., conducting large-scale brute force enumeration when
available formulas can be used; taking unnecessary long detours).
0 (Poor): The solution path is extremely convoluted and inefficient. The method
is absurdly complex for the problem, demonstrating a clear lack of strategic
insight.

Step Clarity 2 (Good): The presentation is well-structured and easy to follow. The reader
can understand the logic effortlessly.
1 (Acceptable): The solution is understandable but requires significant
effort from the reader to connect the steps or decipher the notation.
0 (Poor): The presentation is messy, disorganized, or confusing, making
the logic nearly impossible to reconstruct.

Mathematical
Concept
Application

2 (Good): Correctly identifies and flawlessly applies the core mathematical
concept(s). A minor error in application is acceptable if the core concept is right.
1 (Acceptable): Uses a concept from the correct general field, but applies the
wrong specific theorem/method (conceptual confusion).
0 (Poor): Applies a concept from a completely inappropriate field of mathemat-
ics, or fails to apply any recognizable concept.

complete rubric for both levels, presented in Table 2, serves as the annotation guide for
our human annotators and the core instruction set for the LLM judge.

4.1.3 LLM-based Analysis Pipeline. Our evaluation protocol utilizes a two-stage LLM-
based analysis pipeline to systematically assess the Solution Process based on the
dimensions defined above.
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Figure 2
Illustration of the LLM-based solution decomposition process. The left presents the full solution
generated by DeepSeek-R1. The right demonstrates the automated breakdown of this solution
into individual steps by an LLM (QwQ-plus). Each step is structured as a JSON object, where the
step number and action fields encapsulate the core reasoning of that specific step.

Stage 1: Solution Decomposition. To enable fine-grained analysis of the Solution Process,
the pipeline first uses LLM-based decomposers (QwQ-plus and DeepSeek-R1-Distill-
Qwen-14B) to divide the narrative solution into a sequence of discrete steps. This is
achieved by prompting the decomposers with the instruction presented in Appendix
A. The prompt directs the LLM to identify atomic logical units, including calculations,
deductions, and meta-reasoning actions, and output them in a structured JSON format.
An example of this decomposition is shown in Figure 2.

Stage 2: Quality Evaluation. Once the solution is decomposed into structured steps, the
pipeline uses an LLM judge (QwQ-plus) to assess quality based on our multi-level
evaluation framework (Table 2). This stage involves two types of evaluation:

• Step-level quality evaluation: Assigning scores to individual reasoning
steps for micro-level properties.
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• Holistic quality evaluation: Assigning scores to the complete solution
across macro-level dimensions and providing an Overall Score.

Both evaluations are guided by detailed, rubric-based prompts provided to the LLM
judge. The complete prompts are presented in full in Appendix B (micro-level) and
Appendix C (macro-level).

4.2 Human Annotation for Validation

To validate the reliability of the LLM-based analysis pipeline described above, we
conducted a rigorous human annotation study using trained annotators with graduate-
level backgrounds in computer science and mathematics. The protocol involved two
distinct validation tasks focused on different components of the pipeline.

4.2.1 Task 1: Decomposition Validation. The primary goal of this task was to validate the re-
liability of the two LLM-based step decomposers (QwQ-plus and DeepSeek-R1-Distill-
Qwen-14B). We created a validation set comprising 40 problems, stratified by difficulty
(20 from GSM8K and 20 from AIME). For each problem, a solution generated by either
DeepSeek-R1 or GPT-o1 was selected. To evaluate both decomposers efficiently, we
applied QwQ-plus to decompose the solutions for 20 problems (10 GSM8K, 10 AIME),
and DeepSeek-R1-Distill-Qwen-14B to decompose the solutions for the other 20 prob-
lems (10 GSM8K, 10 AIME). This resulted in 40 unique machine-generated decomposi-
tions (one per problem).

Two trained annotators then independently rated the reasonableness of each of these
40 decompositions using a 3-point scale (2 = Highly Reasonable, 1 = Basically Reason-
able, 0 = Unreasonable). This judgment was guided by the following three core criteria:

• Completeness: Whether the decomposition captured all key logical steps
from the original solution without omission. An unreasonable omission
would be leaving out a critical action like a derivation or a substitution.

• Faithfulness: Whether the decomposition accurately represented the
logic and intent of the original solution without distortion or
misinterpretation. An unfaithful step would misrepresent the original
solution’s logic, for example, describing a proof by contradiction as a
direct proof.

• Atomicity: Whether each step represented a single, coherent logical
action rather than improperly merging multiple distinct steps.

Inter-annotator agreement was calculated to assess the consistency of these judg-
ments. The results of this validation are presented in Section 4.3.1.

4.2.2 Task 2: Quality Validation. The goal of this task was to create a human gold standard
for solution quality and use it to calibrate the reliability of our LLM judge (QwQ-plus)
for both step-level and holistic quality evaluation. We selected a subset of 20 problems
from the Task 1 set (10 GSM8K, 10 AIME). Crucially, for each of these 20 problems, we
included the solutions generated by both DeepSeek-R1 and GPT-o1, resulting in a total
of 40 solution pairs for quality assessment. The QwQ-plus decomposer (validated in
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Task 1) was used to generate the step-by-step breakdown for all 40 solutions, yielding
a total of 295 individual steps for micro-level analysis. The annotation process involved
two distinct stages and two separate groups of trained annotators each:

Stage 1: Human Gold-Standard Creation. One group of three annotators focused exclu-
sively on micro-level scoring. Using the detailed rubric (Table 2), they scored each of
the 295 steps across the four micro-level dimensions (Logical Consistency, Correctness,
Step Clarity, Redundancy & Efficiency). The second group of two annotators focused ex-
clusively on macro-level quality scoring. They scored each of the 40 complete solutions
across the five macro-level dimensions and provided an Overall Score. Disagreements
within each group were resolved through discussion to produce the final human gold-
standard dataset for both micro and macro levels.

Stage 2: LLM-as-a-Judge Evaluation. We then prompted the QwQ-plus LLM judge to
score the exact same set of 295 steps (micro-level) and 40 solutions (macro-level) using
the identical rubric embedded in its instructions (Appendix B and C). The reliability
evaluation of the LLM judge employed distinct methodologies for each level, as detailed
in Section 4.3. For the micro-level analysis, agreement with the human gold standard
was calculated. For the macro-level analysis, reliability was assessed by measuring the
internal consistency of a group comprising the LLM judge and human annotators.

4.3 Validation Results

This section presents the results of our validation study and defines the policy for using
automated metrics based on their demonstrated reliability.

4.3.1 Validation of LLM-based Decomposition. The validation of our step decomposition
models was conducted to ensure their reliability for the complexity analysis in Sec-
tion 6.3. Two trained annotators independently rated the reasonableness of 40 machine-
generated decompositions (20 by each model on a stratified sample) using the 3-point
scale. The results of this validation are summarized in Table 3. The metrics in the table
were calculated as follows:

• Average Reasonableness Score: For each decomposition, a final gold
score was obtained by averaging the scores from the two annotators. The
value reported is the average of these gold scores over the 20 samples
evaluated for each model.

Table 3
Validation results for step decomposition models. Average Reasonableness Score is the weighted
average score across all samples. % of Decompositions Rated as Highly Reasonable denotes the
percentage of samples that received a top score of 2.

Metric QwQ-plus DeepSeek-R1-Distill-Qwen-14B

Average Reasonableness Score (0–2 scale) 1.875 1.750
% of Decompositions Rated as Highly Reasonable 85.00% 70.00%
Inter-Annotator Agreement (Cohen’s Kappa) 0.773 0.733
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• % of decompositions rated as Highly Reasonable: This represents the
percentage of the gold scores for each model that received a top score of 2.

• Inter-annotator agreement (IAA): To measure the consistency between
the two annotators, we calculated Cohen’s Kappa, correcting for chance
agreement.

As shown in Table 3, the human validation confirms that both LLM-based decom-
posers are reliable for segmenting solution processes. Both QwQ-plus and DeepSeek-
R1-Distill-Qwen-14B achieved high average reasonableness scores (1.875 and 1.750 out
of 2, respectively), suggesting that their decompositions were generally judged by
human annotators to be reasonable. Furthermore, the substantial IAA for both models
(Cohen’s Kappa > 0.73) demonstrates that the annotation criteria were applied consis-
tently, reinforcing the reliability of these ratings. QwQ-plus showed slightly stronger
performance, with a higher average score, a greater percentage of decompositions
rated as Highly Reasonable, and slightly higher annotator agreement. Nevertheless, the
strong performance of both models provides robust evidence supporting their validity
for use in our subsequent step complexity analysis (Section 6.3).

4.3.2 Calibrating LLM Judges for Micro-level Quality Evaluation. This validation addresses
whether the LLM judges used for our micro-level quality analysis (Section 6.3.2) are
reliable. The validation proceeded in two stages: First, we validated our rubric by
measuring human annotator agreement, and second, we calibrated the LLM judge by
comparing its scores to the resulting human gold standard.

Inter-annotator Agreement (IAA). Before validating the LLM, we first had to prove that
our evaluation rubric (Table 2) is itself reliable. As described in Task 2, a group of three
annotators independently scored all 295 steps. We calculated the IAA among these three
annotators using Fleiss’ Kappa κ.

The results in Table 4 show strong agreement across the board. Correctness achieved
Almost Perfect agreement (Fleiss’ κ = 0.869), Redundancy & Efficiency achieved Sub-
stantial agreement (Fleiss’ κ = 0.638), and the more subjective dimensions of Logical
Consistency and Step Clarity both achieved Moderate agreement (Fleiss’ κ = 0.556 and
Fleiss’ κ = 0.580, respectively). These Moderate scores are reasonable and expected, as
these 3-point (0–2) scales require annotators to make finer subjective judgments (e.g.,
distinguishing Highly Consistent from Basically Consistent) compared to the more
objective, binary Correctness dimension. This confirms our rubric is well-defined and
can be applied consistently by human experts, establishing a reliable ground truth.

LLM Judge Calibration for Micro-level Quality Evaluation. Next, we compared the
QwQ-plus LLM judge’s scores against the human gold standard for the 295 steps. The
results are summarized in Table 5.

Table 4
Human IAA (micro-level). Agreement among three annotators on 295 steps.

Dimension (Micro-Level) Scale Fleiss’ Kappa
Correctness 0–1 0.869
Logical Consistency 0–2 0.556
Step Clarity 0–2 0.580
Redundancy & Efficiency 0–1 0.638
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Table 5
LLM-as-a-Judge (QwQ-plus) vs. human gold standard (micro-level, N = 295 steps). MAE (Mean
Absolute Error) measures the average magnitude of the errors between the LLM’s score and the
gold standard. RMSE (Root Mean Square Error) also measures error, but penalizes larger errors
more heavily.

Dimension Accuracy Cohen’s Kappa MAE RMSE
Logical Consistency 0.8712 0.4068 0.2068 0.6032
Correctness 0.7966 0.2416 0.2034 0.4510
Step Clarity 0.9390 0.2554 0.0746 0.3189
Redundancy & Efficiency 0.8339 0.3638 0.1661 0.4076

Nuanced Overall Performance. The LLM judge’s performance (Table 5) is nuanced and
reveals several key characteristics. First, the high Accuracy scores (79–94%) across all
dimensions are a positive indicator. We are evaluating solutions from high-performing
LLMs, so the majority of steps are indeed expected to be correct and clear. This high
accuracy demonstrates that the LLM-as-a-Judge correctly identifies the proper score for
this vast majority of straightforward cases, establishing a strong baseline performance.

Using Cohen’s Kappa to Understand Strengths and Limitations. Since high accuracy can
be misleading in unbalanced datasets, we employ Cohen’s Kappa to measure agree-
ment. The resulting Cohen’s Kappa scores (0.242 to 0.407), which indicate slight to
moderate agreement, allow for a more precise analysis of the LLM’s relative strengths
and limitations.

• Relative strengths: The LLM performs best in assessing Logical
Consistency (Cohen’s κ = 0.4068), achieving Moderate agreement. This is
a promising result, approaching the human Moderate baseline (Fleiss’
κ = 0.556) and suggesting a genuine, if imperfect, capability in assessing
logical flow. Its Fair agreement on Redundancy & Efficiency (Cohen’s
κ = 0.3638) also shows a useful, non-random signal.

• Identified limitations: The primary challenges for the LLM lie in the
Correctness (Cohen’s κ = 0.2416) and Step Clarity (Cohen’s κ = 0.2554)
dimensions. The Slight agreement here, especially for Correctness,
indicates that while the LLM is right most of the time (per Accuracy), it
struggles with the critical task of reliably identifying the minority of steps
that are incorrect. This is its key limitation.

• Error profile: Error metrics (MAE and RMSE) corroborate these findings.
For Step Clarity, near-perfect Accuracy (93.9%) and low MAE (0.075)
occur primarily because the LLM defaults to the majority class. However,
the low Cohen’s Kappa (0.255) confirms its inability to meaningfully
distinguish between actual clarity levels.

4.3.3 Calibrating LLM Judges: Macro-level Solution Quality. We then validated the macro-
level quality evaluation task, where the LLM judge evaluated 40 complete solutions.
This calibration is essential as it supports the macro-level solution quality analysis
presented in Section 6.4.
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Table 6
Human IAA (macro-level). Agreement between two annotators on 40 solutions.

Dimension Scale Exact Agreement Cohen’s Kappa
Answer Accuracy 0–1 1 1
Reasoning Step Accuracy 0–2 0.9500 0.8718
Solution Efficiency 0–2 0.8250 0.6447
Step Clarity 0–2 0.8500 0.6708
Mathematical Concept Application 0–2 0.9000 0.7203
Overall 0.9050 0.7815

Stage 1: Human IAA (macro-level). As described in Task 2, two annotators scored the
40 solutions on the five macro-level dimensions. We measured agreement using two
metrics: Exact Agreement (the percentage of times annotators gave the exact same score)
and Cohen’s Kappa. As shown in Table 6, the human annotators achieved exceptionally
high agreement on all dimensions. The Exact Agreement was 82.5% or higher across
the board. The more robust Cohen’s Kappa scores confirm this strong reliability: Answer
Accuracy reached perfect agreement (Cohen’s κ = 1.0), Reasoning Step Accuracy achieved
Almost Perfect agreement (Cohen’s κ = 0.872), and all other subjective dimensions
achieved Substantial agreement (Cohen’s κ ≥ 0.645). This confirms the high reliability
and clarity of our macro-level rubric.

Stage 2: LLM-as-a-Judge Calibration (Macro-Level). To calibrate the LLM judge’s perfor-
mance at solution level, we treated it as a third annotator alongside the two human
annotators. We then calculated the Fleiss’ Kappa for this entire three-member human-
machine group. The results are presented in Table 7. The Fleiss’ Kappa scores for the
human-machine group remained at Substantial or Almost Perfect levels (0.601 to 1.0)
across all dimensions. For example, on Solution Efficiency, the human-only Cohen’s κ
was 0.645, and the human-machine Fleiss’ κ was extremely close at 0.601. On Step Clar-
ity, the scores were nearly identical (0.671 vs. 0.667). Notably, on Mathematical Concept
Application, the group including the LLM still achieved a Substantial Fleiss’ κ of 0.767.
This minimal change in agreement scores strongly indicates that the LLM’s scoring
patterns are highly consistent and aligned with those of the trained human experts.
It effectively acted as a reliable third annotator, validating its use for the macro-level
analysis in Section 6.4.1.

Table 7
Macro-Level Agreement: Human-Human vs. Human-Human-LLM Group (40 solutions).

Dimension Human-Human Agreement Human-Human-LLM Group
Cohen’s Kappa Fleiss’ Kappa

Answer Accuracy 1.0000 1.0000
Reasoning Step Accuracy 0.8718 0.7807
Solution Efficiency 0.6447 0.6014
Step Clarity 0.6708 0.6666
Mathematical Concept Application 0.7203 0.7672
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4.4 Reliability Conclusion and Policy

Based on the validation results from both the micro-level (Section 4.3.2) and macro-level
(Section 4.3.3), we draw the following conclusions: (1) The Evaluation Framework and
Rubric are Reliable. The high Inter-Annotator Agreement (IAA) scores among human
experts at both the micro (Table 4) and macro (Table 6) levels demonstrate that our
multi-level rubric is well-defined and quantifiable. (2) The LLM-as-a-Judge Has Specific
Strengths and Limitations. Our calibration reveals a critical, level-dependent difference:

• Strong macro-level reliability: At the macro-level, the LLM judge proves
to be highly reliable. Its judgments are shown to be strongly consistent
with human experts, maintaining Substantial group agreement (Fleiss’
κ > 0.60) across all subjective dimensions (Table 7).

• Specific micro-level limitation: In contrast, at the micro-level, the LLM’s
primary weakness is exposed. It struggles to reliably identify individual
incorrect steps, as shown by the Slight agreement on Correctness (Cohen’s
κ = 0.242).

Conclusion and Usage Policy: Based on these findings, our policy differentiates the re-
liability of the LLM-as-a-Judge according to the granularity of assessment. Given the
demonstrated high alignment with human experts, the judge is considered a reliable
tool for the macro-level quality scoring. Conversely, the LLM-as-a-Judge cannot be
used as an independent, reliable evaluation tool for micro-level analysis. However,
considering its high accuracy (79–94%) and its demonstrated, non-random agreement
on other key dimensions (like Logical Consistency), the micro-level analysis still holds
significant value as an exploratory assessment for preliminary trend discovery.

5. Reasoning vs. Non-reasoning LLMs

To explore how reasoning-focused models differ from non-reasoning models across
various tasks (RQ1), this section presents a two-stage performance analysis. We first
aggregate publicly available benchmark results to establish a high-level overview of
the current performance landscape. Following this, we conduct a novel, controlled
experiment using the Qwen3 model series to more rigorously isolate and quantify the
specific impact of the explicit reasoning process.

5.1 Benchmark Aggregation

To provide a broad context for our study, we begin by analyzing a wide range of
benchmark results as reported in official model releases and technical reports. Instead of
conducting new evaluations for this initial overview, we aggregate and juxtapose these
publicly available results to identify general trends and motivate our deeper, controlled
experiments. This aggregation aims to create a unified view of the current performance
landscape across knowledge question answering, mathematics, code generation, and
alignment tasks. Table 8 presents the performance for various LLMs on different tasks.
We have adopted these benchmark results from existing technical reports (DeepSeek-
AI 2025; Wu et al. 2025; Yang et al. 2025) to facilitate our analysis. An analysis of the
reported data reveals several consistent trends.
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Table 8
Performance comparison of Reasoning and Non-Reasoning LLMs. These results are sourced
from existing technical reports. The highest scores are presented in bold, and the second-best
scores are underlined.

Benchmark Reasoning Models Non-Reasoning Models

DeepSeek GPT-o1 R1-Distill R1-Distill DeepSeek GPT-4o
-R1 -Qwen -LLaMA -V3

-Base-32B -70B-Instruct
General Tasks

MMLU (Hendrycks et al. 2021a) 90.8 91.8 – – 88.5 87.2
MMLU-Pro (Wang et al. 2024b) 84.0 – – – 75.9 72.6
MMLU-redux (Gema et al. 2025) 92.9 92.8 88.2 89.3 89.1 88.0
SimpleQA (OpenAI 2024a) 30.1 47.0 – – 24.9 38.2
C-Eval (Huang et al. 2023) 91.8 85.5 82.2 71.8 86.5 76.0
C-SimpleQA (He et al. 2024) 63.7 – – – 68.0 58.7

Mathematics & Science Tasks

AIME 2024 (AI-MO 2024) 79.8 79.2 72.6 70.0 39.2 9.3
MATH-500 97.3 96.4 94.3 94.5 90.2 74.6
GPQA (Rein et al. 2024) 71.5 75.7 62.1 65.2 59.1 49.9

Coding Tasks
LiveCodeBench (Jain et al. 2024) 65.9 63.4 57.2 57.5 36.2 32.9
Codeforces(Percentile) 96.3 96.6 93.4 91.4 58.7 23.6
Codeforces(rating) 2029 2061 1691 1633 1134 759
SWE Verified 49.2 48.9 – – 42.0 38.8
Aider-Polyglot 53.3 61.7 – – 49.6 16.0

Alignment Tasks

IF-Eval (Zhou et al. 2023) 83.3 92.6 72.5 79.3 86.1 84.3
Arena-Hard (Li et al. 2024) 92.3 92.1 60.8 60.6 85.5 80.4
AlpacaEval2.0 (Dubois et al. 2024) 87.6 – – – 70.0 51.1
WritingBench (Wu et al. 2025) 8.55 8.15 6.13 6.08 7.95 8.16

On Reasoning-intensive Tasks. Reasoning-focused models, such as DeepSeek-R1 and
GPT-o1, demonstrate consistent superiority over their non-reasoning counterparts on
benchmarks that require structured reasoning, such as mathematics, science, and cod-
ing. For example, DeepSeek-R1 scores 79.8% on AIME 2024 and 97.3% on MATH-500,
outperforming the strongest non-reasoning baseline (DeepSeek-V3) by more than 40
and 7 percentage points, respectively. This suggests that reasoning alignment, achieved
through CoT supervision and reinforcement learning, brings clear benefits in tasks
where multi-step reasoning is critical to success.

On Knowledge-centric and Open-ended Tasks. Conversely, when benchmarks focus more
on factual recall or open-ended tasks, the performance gap narrows and occasionally
reverses. Non-reasoning models like DeepSeek-V3 and GPT-4o often remain highly
competitive. For example, GPT-o1 leads on MMLU (91.8%), while DeepSeek-V3 out-
performs reasoning models on C-SimpleQA and ranks a close second on C-Eval. In
alignment-oriented evaluations like IF-Eval and Arena-Hard, DeepSeek-V3 remains
highly competitive. These results indicate that the extensive breadth of pre-training cor-
pora and instruction-tuning data can compensate for, or even surpass, the advantages
of explicit reasoning alignment in tasks that do not require lengthy deductive chains.
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Impact of Distillation on DeepSeek-R1. The analysis of DeepSeek-R1’s distilled variants
shows that core reasoning capabilities can be effectively preserved even with sig-
nificantly reduced parameter sizes. For instance, R1-Distill-Qwen-Base-32B achieves
94.3 on MATH-500 compared to 97.3 for DeepSeek-R1, and 93.4 versus 96.3 on
Codeforces (percentile), yet it continues to outperform all non-reasoning models. The
R1-Distill-LLaMa-70B-Instruct also shows a performance drop but maintains the qual-
itative characteristics of the full model, such as excelling in logic-centric tasks while
being less competitive in general or open-ended tasks. This finding confirms that a
significant portion of reasoning ability transfers effectively via knowledge distillation.

5.2 Controlled Experiment with the Qwen3 Model Series

To rigorously test the hypothesis that the explicit reasoning process is a causal factor for
the performance gap on structured tasks, we conducted a controlled experiment. We
leveraged the Qwen3 series, which features a unified framework with distinct thinking
(reasoning) and non-thinking (direct answering) modes (see Section 2.3.6).

5.2.1 Performance from the Qwen3 Technical Report. To contextualize this empirical setup,
we first analyze the performance of the Qwen3 series as documented in its official
technical report (Yang et al. 2025). The performance, summarized in Table 9, facilitates a
preliminary assessment of the capabilities and typical performance margin between the
model’s thinking and non-thinking modes across standard benchmarks.

Performance on Reasoning-intensive Tasks. Table 9 reveals a pronounced trend in tasks
requiring complex reasoning. On both Mathematics & Science and Coding benchmarks,
the thinking mode consistently yields substantial performance gains over the non-
thinking mode. For example, on AIME 2024 and LiveCodeBench, scores achieved by
the thinking mode frequently double or even triple those of its non-thinking counter-
part. This consistent pattern provides strong preliminary evidence that an explicit CoT
process is crucial for success in these logic-intensive domains.

Performance on General and Alignment Tasks. In contrast, the performance margin narrows
significantly on General and Alignment Tasks. While the thinking mode still holds
an edge on benchmarks like MMLU-redux and Arena-Hard, performance on others,
such as IF-Eval, is nearly identical. This suggests that for tasks relying heavily on
retrieved knowledge, instruction following, or stylistic alignment, the benefits of an
explicit reasoning process are less pronounced.

Overall, the publicly reported results strongly support the hypothesis that the utility
of an explicit reasoning mode is highly task-dependent. This motivates our subsequent
controlled experiment, which further investigates this trend on a targeted subset of
reasoning tasks central to our study.

5.2.2 Our Controlled Experiment on Specific Reasoning Tasks. While publicly reported re-
sults provide a valuable overview, they cover a broad range of benchmarks that may
not directly map to the specific reasoning types central to our research questions. To
enable a fine-grained analysis and rigorously test the hypothesis that an explicit reason-
ing process is a causal factor for performance differences, we conducted a controlled
experiment.
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Table 9
Performance of the Qwen3 model series in Thinking and Non-Thinking modes. These results are
sourced from the official Qwen3 technical report (Yang et al. 2025).

Benchmark Thinking Non-Thinking

Qwen3 Qwen3 Qwen3 Qwen3-235B Qwen3 Qwen3 Qwen3 Qwen3-235B
-8B -14B -32B -A22B -8B -14B -32B -A22B

General Tasks

MMLU-redux 87.5 88.6 90.9 92.7 79.5 82.0 85.7 89.2
C-Eval 83.4 86.2 87.3 89.6 77.9 81.0 83.3 86.1

Mathematics & Science Tasks

AIME 2024 76.0 79.3 81.4 85.7 29.1 31.7 31.0 40.1
AIME 2025 67.3 70.4 72.9 81.5 20.9 23.3 20.2 24.7
MATH-500 97.4 96.8 97.2 98.0 87.4 90.0 88.6 91.2
GPQA 62.0 64.0 68.4 71.1 39.3 54.8 54.6 62.9

Coding Tasks

LiveCodeBench 57.5 63.5 65.7 70.7 22.8 29.0 31.3 35.3
Codeforces (Percentile) 95.6 95.3 97.7 98.2 52.4 64.1 71.0 75.7
Codeforces (rating) 1785 1766 1977 2056 1110 1267 1353 1387

Alignment Tasks

IF-Eval 85.00 85.40 85.00 83.40 83.00 84.80 83.20 83.20
Arena-Hard 85.80 91.70 93.80 95.60 79.60 86.30 92.80 96.10
AlignBench v1.1 8.46 8.56 8.72 8.94 8.38 8.52 8.58 8.91
WritingBench 7.59 7.80 7.90 8.03 7.15 7.24 7.54 7.70

Experimental Setup. We selected two models from the Qwen3 series of different sizes,
Qwen3-4B1 and Qwen3-30B,2 to assess whether the impact of the reasoning mode is con-
sistent across scales. Our evaluation suite was constructed by sampling from four key
reasoning categories: (1) a challenging Mathematics set comprising 200 problems (50
from each of GSM8K, MATH, Olympiad, and AIME); (2) 50 Code Generation problems
from HumanEval, where solutions were evaluated using the EvalPlus framework (Liu
et al. 2023) to yield both base (HumanEval) and extended (HumanEval+) test cases; (3) a
comprehensive Temporal Reasoning set covering 15 subtasks of TimeBench (50 samples
each);3 and (4) 50 Knowledge Reasoning problems from StrategyQA. For each problem,
both models were prompted in their thinking and non-thinking modes. To account for
generation variability, each prompt was executed three times, and we report the average
performance and standard deviation across these three runs.

Experimental Results. The results of our controlled experiment, presented in Table 10,
provide a detailed view of the impact of explicit reasoning. The thinking mode demon-
strates a decisive advantage on highly structured tasks like Mathematics and Temporal
Reasoning. In contrast, its effect on Code Generation and Knowledge Reasoning is more
complex and reveals a strong dependency on model scale.

Across both model sizes, the most significant and consistent performance gains
were observed on the Mathematics benchmark, with an increase of 23.00% for the 4B
model and 19.00% for the 30B model. A similarly strong improvement was seen on

1 https://huggingface.co/Qwen/Qwen3-4B.
2 https://huggingface.co/Qwen/Qwen3-30B-A3B.
3 We excluded the commonsense/situatedgen subtasks from TimeBench as they are generative in nature,

which does not align with the discriminative evaluation format of the other selected tasks.
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Table 10
Performance of Qwen3 models in our controlled experiment (mean ± std dev across 3 runs).
The Gain column represents the absolute performance change, calculated by subtracting the
Non-Thinking score from the Thinking score.

Benchmark
Category

Qwen3-4B Qwen3-30B

Non-Thinking Thinking Gain Non-Thinking Thinking Gain

Mathematics 54.83±0.85 77.83±0.62 23.00 ↑ 61.83±0.85 80.83±1.55 19.00 ↑
Code (base) 88.00±1.63 96.00±1.63 8.00 ↑ 96.67±0.94 95.33±0.94 1.34 ↓
Code (extended) 82.67±1.89 90.67±2.49 8.00 ↑ 86.00±0.00 87.33±2.49 1.33 ↑
Temporal Reasoning 40.12±0.41 51.12±0.31 11.00 ↑ 43.17±0.16 55.71±0.85 12.54 ↑
Knowledge Reasoning 67.33±0.94 66.67±3.40 0.66 ↓ 66.00±1.63 72.00±1.63 6.00 ↑

Temporal Reasoning, with gains of 11.00% and 12.54% for the 4B and 30B models,
respectively. This provides strong causal evidence that for tasks requiring complex,
multi-step logical deduction, an explicit CoT process is a critical factor for success.

The impact on Code Generation reveals a more intricate, scale-dependent pattern.
The smaller 4B model showed a consistent improvement of 8% on both HumanEval
(Code-base) and HumanEval+ (Code-extended). However, the larger 30B model exhib-
ited mixed results: a slight performance degradation (−1.34%) on HumanEval, and only
a marginal gain (+1.33%) on HumanEval+. This suggests that for highly capable models
on certain tasks, a forced, explicit reasoning chain might interfere with already well-
tuned direct generation capabilities.

The results on Knowledge Reasoning also reveal a distinct scale-dependent effect.
The thinking mode slightly hindered the performance of the 4B model (−0.66%), but
provided a moderate +6.00% boost to the larger 30B model. This suggests that leverag-
ing a structured thinking process on less structured, knowledge-intensive tasks might
require a certain level of model capacity.

5.3 Key Insights

Aggregating the findings from both the high-level benchmark comparison and our
controlled experiment, several key insights emerge regarding the role and impact of
explicit reasoning in LLMs:

Explicit Reasoning Provides a Quantifiable Advantage on Structured Tasks. The general trend
in our aggregation of public data (Section 5.1), which shows reasoning-focused models
excelling on tasks like mathematics and coding, is strongly confirmed by our controlled
experiment (Section 5.2). The substantial performance gains when activating Qwen3’s
thinking mode on Mathematics and Temporal Reasoning provide clear causal evidence.
This demonstrates that the performance gap is not merely an architectural artifact, but
a direct result of the explicit reasoning methodology itself.

The Benefits of Explicit Reasoning are Task-Specific and Scale-Dependent. Both analyses
clearly define the boundaries of the reasoning advantage. Our aggregated data shows
that the performance gap narrows significantly on knowledge-centric and alignment
tasks. This is further substantiated by our controlled experiment, where the thinking
mode yielded modest gains on StrategyQA. Moreover, our experiment reveals a more
complex, scale-dependent interaction: The thinking mode resulted in a slight perfor-
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mance decrease for a highly capable model on a task it already excels at (e.g., the
30B model on HumanEval), while being crucial for enabling a larger model to succeed
on knowledge-based problems. This indicates that explicit reasoning is not a universal
solution and its effectiveness is modulated by task nature and intrinsic model capacity.

Reasoning Capabilities can be Effectively Preserved via Distillation. As established in
our analysis of public benchmarks (Section 5.1), the reasoning skills of a power-
ful parent model can be successfully transferred to smaller, distilled variants. These
compressed models retain a significant portion of their parent’s capabilities, consistently
outperforming non-reasoning models of comparable or even larger scale on reasoning-
intensive tasks. This illustrates that knowledge distillation is an effective method for
creating efficient yet powerful reasoning models, partially answering RQ3.

6. Comparative Analysis: DeepSeek-R1 vs. GPT-o1

Building upon the performance overview in Section 5, this section shifts the analytical
focus from what models achieve to how they achieve it. We conduct a multi-dimensional
comparative analysis of two leading reasoning models, DeepSeek-R1 and GPT-o1, to
investigate their underlying reasoning processes (RQ2). To ensure a rigorous and trans-
parent analysis, this examination is anchored in our suite of mathematical benchmarks,
where the reasoning steps are explicit and verifiable.

6.1 Overall Performance Comparison

We evaluated DeepSeek-R1 and GPT-o1 on a total of 200 mathematical problems. These
problems were sampled by selecting 50 problems from each of four well-established
benchmarks representing increasing levels of difficulty: GSM8K (elementary arithmetic)
(Cobbe et al. 2021), MATH (high-school to early-undergraduate algebra, geometry,
combinatorics) (Hendrycks et al. 2021b), OlympiadBench (Olympiad-level problems)
(He et al. 2024), and AIME 2024 (top-tier U.S. high-school competition problems)
(AI-MO 2024). To ensure statistical robustness, all experiments were conducted with
three runs, and we report the average performance and standard deviation across these
three runs.
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Table 11
Performance comparison between DeepSeek-R1 and GPT-o1 across four datasets (mean ± std
dev across 3 runs). The accuracy rates represent the percentage of correct answers for 50
randomly selected problems from each dataset, totaling 200 questions.

GSM8K MATH Olympiad AIME Overall

DeepSeek-R1 99.33±0.94 82.67±0.94 56.67±0.94 80.00±2.83 79.67±0.85
GPT-o1 100.00±0.00 82.00±2.83 47.33±0.94 78.00±3.27 76.83±1.03

6.1.1 Overall Accuracy Across Datasets. The overall results, as shown in Table 11, re-
veal a clear and nuanced performance landscape. On foundational benchmarks such
as GSM8K and MATH, both models achieve high and comparable accuracy, demon-
strating robust capabilities in solving standard school-level mathematical problems.
However, the performance diverges significantly on the more challenging competition-
level problems. DeepSeek-R1 demonstrates a consistent and superior capability across both
high-difficulty benchmarks. It establishes a substantial advantage on the Olympiad-style
problems, outperforming GPT-o1 by a significant margin of over 9 percentage points. It
also maintains a measurable lead on the highly structured AIME problems.

The models’ diverging performance on these two benchmarks is noteworthy, as
they test distinct, complementary reasoning skills. AIME problems are considered highly
structured, requiring the derivation of a single integer answer through complex but often
procedural applications of known theorems. In contrast, Olympiad-style problems are more
diverse and open-ended, as they cover a wider range of abstract topics and typically
demand the construction of a complete proof (Prove that...) or the exploration of
all possible solutions (Find all...), a process that relies more on creative and abstract
reasoning pathways.

DeepSeek-R1’s superior performance on both of these distinct high-difficulty do-
mains indicates a strong and versatile capability in advanced mathematical reasoning.
This notable difference in performance, particularly on OlympiadBench, prompts a
more granular analysis of the specific problem types within this benchmark.

6.1.2 Problem-type Analysis on OlympiadBench. To understand the source of DeepSeek-
R1’s significant advantage on OlympiadBench, we further analyze model accuracy by
problem type: algebra, combinatorics, geometry, and number theory. This analysis helps
to pinpoint the specific areas where the models’ reasoning capabilities diverge.

As shown in Table 12, the breakdown reveals that DeepSeek-R1’s lead is com-
prehensive and particularly pronounced in algebra and geometry. In Algebra, which

Table 12
Performance breakdown on OlympiadBench by problem type (mean ± std dev across 3 runs).
The #Num row specifies the number of problems sampled from each problem type within the
selected 50 problems.

Algebra Combinatorics Geometry Number Theory

#Num 19 12 7 12
DeepSeek-R1 64.91±2.48 50.00±0.00 57.14±0.00 50.00±0.00
GPT-o1 54.39±2.48 41.67±0.00 33.33±6.73 50.00±0.00
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often requires rigorous, step-by-step symbolic manipulation, DeepSeek-R1 outperforms
GPT-o1 by more than 10 percentage points. Even more strikingly, it establishes a lead of
nearly 24 percentage points in Geometry, a domain that often requires spatial and ab-
stract reasoning. While both models show comparable performance on number theory,
DeepSeek-R1 also maintains a clear advantage in combinatorics.

These performance differences across specific mathematical subjects further high-
light DeepSeek-R1’s particular strengths in procedural and symbolic tasks. This finding
provides a compelling reason to further investigate the hypothesis introduced earlier
that the two models may indeed possess fundamentally different reasoning styles. To
move beyond performance scores and explore the underlying qualitative differences,
we proceed with a detailed analysis of their solution processes in the following sections.

6.2 Evaluation of Reasoning Redundancy

Beyond overall accuracy, we perform a fine-grained analysis of the multi-step reasoning
capabilities of DeepSeek-R1 and GPT-o1. This involves evaluating their token usage,
solution complexity, and step-level reasoning quality. As illustrated in Figure 1, we
distinguish between two critical phases in problem-solving: the reasoning process and
the solving process. To quantify the degree of reasoning redundancy in model outputs,
we compare the token usage patterns of DeepSeek-R1 and GPT-o1 across different
datasets. We introduce three metrics to capture this:

Reasoning Token Length: This metric refers to the number of tokens generated
by the model during the reasoning process. It helps measure how much thought or
intermediate reasoning is included in the model’s response.4

Solution Token Length: This measures the length of tokens in the solving process.
Token Compression Ratio: It measures the efficiency of token usage in the tran-

sition from reasoning to the final solution. A higher compression ratio indicates that
a greater proportion of the reasoning process is compressed, potentially indicating
redundancy or inefficiency in the reasoning phase, as less of the reasoning is directly
translated into the solution. The token compression ratio is calculated as:

Compression Ratio = 1−
(

Solving Tokens
Reasoning Tokens

)
(1)

6.2.1 Token Usage Analysis. As illustrated in Figure 3, DeepSeek-R1 consistently generates
significantly longer reasoning chains than GPT-o1 across all datasets. The token gap is
most pronounced on the elementary GSM8K problems, where DeepSeek-R1 uses nearly
five times as many tokens for its exploratory thinking. This confirms that DeepSeek-R1
engages in a substantially more elaborate and verbose reasoning phase before commit-
ting to a final answer.

However, the token usage in the final solution process reveals a more complex
and insightful pattern. On simpler benchmarks (GSM8K and MATH), DeepSeek-R1’s
final solutions are also longer. In a notable reversal, on the most difficult competition-
level problems (Olympiad and AIME), DeepSeek-R1’s solution process becomes

4 Because the GPT-o1 API does not expose the raw text of its reasoning process, we approximate its
reasoning token length by subtracting the number of visible solution tokens from the total generated
tokens.
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Figure 3
Average tokens used by DeepSeek-R1 and GPT-o1 (y-axis) across four mathematical datasets
(x-axis). The left plots the Reasoning Tokens; the right plots the Solving Tokens (mean across 3
runs).

Table 13
Token compression ratio of GPT-o1 and DeepSeek-R1 (%).

GPT-o1 DeepSeek-R1
GSM8K 47.76 81.07
MATH 83.49 89.10
Olympiad 87.81 93.94
AIME 89.72 94.21

significantly more concise than GPT-o1’s, using substantially fewer tokens to present
its final derivation. This indicates that despite DeepSeek-R1 engaging in significantly more
extensive reasoning, it achieves comparable efficiency in transforming this reasoning into the
final solution.

6.2.2 Token Compression Ratio Analysis. To quantify the relationship between the ex-
ploratory thinking and the final solution, we introduce the Token Compression Ratio.
This metric provides insight into how efficiently models distill their reasoning pro-
cess into final solutions. A higher ratio indicates a more significant compression from
thought to solution. As shown in Table 13, DeepSeek-R1 exhibits a consistently higher
compression ratio across all datasets.

This high compression ratio of DeepSeek-R1, however, carries a dual interpretation
that appears to be highly dependent on task difficulty. On simpler benchmarks such
as GSM8K, where both models achieve near-perfect accuracy, DeepSeek-R1’s excep-
tionally high compression ratio (81.07%) indicates that its elaborate reasoning process
may involve considerable redundant exploration. In such cases, the extended reasoning
trajectory constitutes an unnecessary computational overhead for problems that could
be resolved more efficiently.

In contrast, on more challenging, competition-level problems such as those from the
Olympiad and AIME datasets, this same high compression ratio emerges as a signature
of an effective and productive reasoning strategy. Here, DeepSeek-R1’s more elaborate
exploratory phase is not mere redundancy; instead, it appears to be a productive process
that allows the model to explore a wider solution space and ultimately converge on
a more efficient and direct final solution path. This higher-level efficiency in the final
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solution process may be a key factor contributing to its superior performance on the
difficult mathematical problems.

6.3 Step-level Analysis of the Solution Process

Having analyzed the high-level token usage, we now conduct a more fine-grained, step-
level analysis of the solution process. This examination is divided into two parts: first,
a quantitative analysis of the structural complexity based on the number of steps, and
second, a qualitative analysis of each step’s content. Both analyses are performed on a
focused sample of 100 problems, comprising 50 from GSM8K and 50 from AIME.

6.3.1 Solution Steps Comparison. To assess the complexity of the solution process for math
problems, we decompose the logical steps involved in the solving process. Here, we
define complexity as the number of logical steps, operations, or inferences required to
reach the final answer. The decomposition of solutions into steps was performed using
our two LLM-based decomposers (QwQ-plus and DeepSeek-R1-Distill-Qwen-14B). As
established in our validation study (Section 4.3.1), both of these tools were shown to be
highly reliable, providing a valid basis for this analysis.

Analysis of Step Count. Table 14 summarizes the average number of solution steps
generated by GPT-o1 and DeepSeek-R1, as decomposed by the two models. The results
reveal that the perceived complexity, in terms of step count, can vary slightly depend-
ing on the decomposition tool used, but general trends emerge. On the elementary
GSM8K problems, both models produce solutions with a very similar number of steps,

Table 14
Average number of solution steps generated by GPT-o1 and DeepSeek-R1 on GSM8K and AIME
datasets, as analyzed by two step-decomposition LLMs (QwQ-plus and
DeepSeek-R1-Distill-Qwen-14B).

Step-Decomposition LLM Dataset Avg. Steps (GPT-o1) Avg. Steps (DeepSeek-R1)

QwQ-plus GSM8K 4.66 4.94
AIME 6.86 7.26

DeepSeek-R1-Distill-Qwen-14B GSM8K 4.76 4.78
AIME 8.26 7.80
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regardless of which decomposer is used. This suggests that for simpler problems, the
solution structures are relatively consistent.

However, on the more challenging AIME problems, the picture is more nuanced.
The QwQ-plus decomposer identifies slightly more steps in DeepSeek-R1’s solutions
compared with GPT-o1’s. Conversely, the DeepSeek-R1-Distill-Qwen-14B decomposer
finds slightly fewer steps in DeepSeek-R1’s solutions. Critically, neither decomposer
shows a dramatic difference in step count between the two models on AIME.

This finding is particularly insightful when contrasted with the performance results
(Table 11), where DeepSeek-R1 demonstrated superior accuracy on AIME. It strongly
suggests that the sheer number of steps is not a reliable predictor of success on complex
problems. DeepSeek-R1 achieves higher accuracy despite having a roughly comparable
number of solution steps to GPT-o1, with only minor variations observed depending on
the specific decomposition method used. This reinforces the idea that DeepSeek-R1’s
more elaborate exploratory phase (Section 6.2.2) might lead to a more effective or robust
final solution path, even if that path isn’t always numerically shorter.

6.3.2 Step Quality Analysis. Building upon the previous analysis of the solution process,
we conduct a fine-grained evaluation of individual steps for the same 100 sampled
problems. This micro-level assessment utilized the QwQ-plus LLM. The evaluation was
guided by a detailed prompt designed around our validated rubric (Table 2), with the
complete prompt provided in Appendix B. Given the judge’s established limitations
(Section 4.3.2), and in accordance with our usage policy (Section 4.4), this analysis is
explicitly framed as exploratory, capturing LLM-perceived quality rather than definitive
ground truth. We evaluate each step generated by DeepSeek-R1 and GPT-o1 across
four micro-level dimensions: Logical Consistency, Correctness, Step Clarity, and Redun-
dancy & Efficiency. The average scores for each dimension are presented in Table 15.
The results suggest subtle but consistent differences in the quality characteristics of the
steps.

Logical Soundness. The LLM judge consistently assigned very high Logical Consistency
and Correctness scores to steps from both models across both benchmarks. According
to the judge’s scores, DeepSeek-R1 appeared to maintain a marginal but consistent
advantage on the more challenging AIME problems in both dimensions. This suggests
that the LLM perceived DeepSeek-R1’s process as slightly more robust when tackling
complex derivations, although both were rated highly.

Table 15
Performance comparison of GPT-o1 and DeepSeek-R1 on the GSM8K and AIME datasets across
four evaluation dimensions.

Dimensions GSM8k AIME

GPT-o1 DeepSeek-R1 GPT-o1 DeepSeek-R1
Logical Consistency 1.83 1.87 1.91 1.92
Correctness 0.98 0.98 0.92 0.93
Step Clarity 1.96 1.96 1.89 1.94
Redundancy & Efficiency 0.99 0.93 0.97 0.98
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Presentation and Efficiency. The LLM’s scores indicate interesting trade-offs in clarity
and efficiency. On the simpler GSM8K benchmark, both models received identical high
scores for Step Clarity, but GPT-o1 was rated higher by the judge on Redundancy &
Efficiency, indicating a perceived more direct path. However, this pattern appeared
to reverse on the AIME benchmark. Here, DeepSeek-R1 received noticeably higher
Step Clarity scores and also slightly surpassed GPT-o1 in the Redundancy & Efficiency
ratings.

These findings suggest that, in the LLM judge’s assessment, DeepSeek-R1’s more
elaborate exploratory phase (Section 6.2.2) not only leads to a final solution path that is
sometimes structurally simpler (Section 6.3.1) but is also composed of steps ultimately
judged as clearer and marginally more efficient on complex problems. This perceived
high quality at the step level may contribute significantly to DeepSeek-R1’s superior
overall accuracy on challenging benchmarks like AIME.

6.4 Macro-level Evaluation of Solution Quality

Having analyzed the complexity and quality at the step level, we now broaden our
scope to evaluate the holistic quality of the complete solution process. This section
provides a macro-level assessment, first by scoring each model’s solutions individually
based on our validated framework, and then through a more exploratory pairwise
comparison to highlight their relative strengths and weaknesses.

6.4.1 Macro-level Quality Assessment. We begin by assessing the overall quality of each
solution generated by DeepSeek-R1 and GPT-o1 independently. This analysis leverages
the QwQ-plus LLM judge, whose reliability in applying the macro-level dimensions of
our rubric (Table 2) was established through calibration against human ratings (Sec-
tion 4.3.3). Importantly, to compare the quality of successful reasoning paths rather
than just the ability to find the correct answer, this analysis focuses exclusively on
solutions that achieved the correct final answer (i.e., Answer Accuracy = 1). The judge
scored these correct solutions across the five macro-level dimensions: Answer Accuracy,
Reasoning Step Accuracy, Solution Efficiency, Step Clarity (Holistic), and Mathematical
Concept Application. In addition to these rubric-based scores, the judge was asked
to provide a separate, holistic overall score (0–2 scale) reflecting its comprehensive
assessment of the solution’s quality. The prompt used for this evaluation is detailed
in Appendix C.
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Table 16
Average macro-level quality scores for correct solutions only (assessed by QwQ-plus). Scores
reflect the macro-level assessment and include the five rubric dimensions plus a separate,
holistic overall score (0–2 scale) provided by the LLM judge.

Dimensions GSM8k AIME

GPT-o1 DeepSeek-R1 GPT-o1 DeepSeek-R1
answer accuracy 1.00 1.00 1.00 1.00
reasoning step accuracy 2.00 2.00 1.98 2.00
solution efficiency 2.00 1.94 2.00 1.97
step clarity 1.98 1.88 1.78 1.71
mathematical concept application 1.80 2.00 1.76 2.00
overall score 1.80 1.77 1.76 1.76

Analysis of Holistic Scores for Correct Solutions. The average scores for these successful so-
lutions, presented in Table 16, provide insights into the qualitative differences between
the models’ effective problem-solving strategies.

DeepSeek-R1 Excels in Reasoning Rigor. Consistent with its superior step-level correctness
(Section 6.3.2), DeepSeek-R1 achieves higher average scores on Reasoning Step Accu-
racy, particularly on the challenging AIME benchmark, where it attains a perfect score
of 2.00. It also demonstrates a clear advantage in Mathematical Concept Application
across both datasets, again achieving a perfect score on AIME. These results reinforce
that DeepSeek-R1’s successful reasoning pathways are generally more logically sound
and conceptually grounded, especially when addressing complex problems.

GPT-o1 Favored for Presentation and Efficiency. In contrast, GPT-o1 consistently receives
higher ratings for Solution Efficiency and Step Clarity (Holistic) on both GSM8K
and AIME. This indicates that, even when DeepSeek-R1 exhibits greater logical rigor,
GPT-o1’s solutions are frequently perceived by the LLM judge as more direct and easier
to follow in terms of presentation. This observation aligns with the model’s previously
noted tendency toward more concise reasoning paths.

Notably, despite these differences across evaluation dimensions, the final Overall
Score assigned by the LLM judge is highly similar between the two models. GPT-o1
holds a slight advantage on GSM8K (1.80 vs. 1.77), while both models achieve identical
scores (1.76) on AIME. This convergence suggests that, when successful, both models
produce high-quality solutions that balance different strengths, making a definitive
judgment of overall superiority complex even for an LLM evaluator.

6.4.2 Comparative Pairwise Evaluation. To gain further qualitative insights into the mod-
els’ relative strengths and weaknesses when both successfully solve a problem, we
conducted an additional, exploratory analysis using a pairwise comparison setup. This
analysis focused exclusively on the subset of problems where both DeepSeek-R1 and
GPT-o1 produced the correct final answer.

In this task, the QwQ-plus LLM judge was presented with both models’ correct
solutions for the same problem side-by-side. It was prompted to output a structured
JSON containing: (1) an analysis of the strengths and weaknesses for each solution,
explicitly linked to the five macro-level criteria, and (2) a final decision on which
solution was qualitatively better overall (winner: Model1, Model2, or Tie), along with a
detailed justification. The full prompt for this pairwise task is provided in Appendix D.

873



Computational Linguistics Volume 52, Number 3

Table 17
Pairwise comparison win rates for correct solutions (LLM judge preference).

Benchmark DeepSeek-R1 win GPT-o1 win Tie
GSM8k 12.00% 86.00% 2.00%
AIME 25.71% 74.28% 0.00%

Quantitative Win/Tie Rate Analysis. We first analyze the quantitative outcome of the
pairwise comparison by examining the distribution of the winner decisions made by
the LLM judge. The results, summarized in Table 17, provide a high-level view of the
judge’s preference between the two models specifically when both arrived at the correct
answer.

The win rates reveal a strong and perhaps surprising preference for GPT-o1’s solu-
tions in this head-to-head comparison, especially given the findings from the individual
scoring (Section 6.4.1). While the individual holistic scores suggested DeepSeek-R1 held
slight advantages in reasoning rigor and concept application (or was at least comparable
overall on AIME), the LLM judge overwhelmingly favored GPT-o1 when forced to
choose a single winner between two correct solutions (86% win rate on GSM8k, 74%
on AIME).

This discrepancy highlights a potentially crucial difference between the two eval-
uation modes. The individual scoring task likely encourages strict adherence to the
defined rubric, where DeepSeek-R1’s strengths in logical soundness and concept appli-
cation are rewarded. In contrast, the pairwise comparison, especially when comparing
two functionally correct answers, may implicitly shift the judge’s focus towards more
holistic and perhaps presentation-oriented qualities. Factors such as Step Clarity and
perceived Solution Efficiency (conciseness), where GPT-o1 consistently showed an edge
even in the individual scores, might become more decisive in a comparative judgment.
This preference aligns with the models’ known stylistic differences: DeepSeek-R1’s em-
phasis on thorough, potentially verbose exploration versus GPT-o1’s tendency towards
clearer, more direct exposition.

Given the complexity and inherent subjectivity of pairwise judgments, especially
without direct human validation for this specific task, this finding is best interpreted as
an exploratory insight. It suggests that while DeepSeek-R1’s successful solutions might
be more rigorous according to a strict rubric, GPT-o1’s successful solutions are often
perceived as qualitatively superior in terms of presentation and conciseness by the LLM
judge when a direct choice must be made.

Qualitative Analysis of Judge Feedback. Beyond the win rates, the structured textual
feedback provided by the LLM judge (strengths, weaknesses, and justification) offers
a richer source of qualitative insight into the models’ perceived stylistic differences
when both produce correct solutions. To systematically analyze this textual data, we
identified frequently occurring n-grams (phrases) within the judge’s feedback, focusing
particularly on those linked to our macro-level evaluation criteria.

Characterizing Model Strengths and Weaknesses. As shown in Table 18, the n-gram analysis
reveals distinct profiles for each model, highlighting the trade-offs perceived by the
LLM judge even among correct solutions:

DeepSeek-R1 was frequently praised for its efficiency and conciseness, dominated
by phrases like without/avoiding unnecessary complexity (15 mentions) and concise without
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Table 18
Top n-grams from LLM judge feedback (pairwise comparison of correct solutions). Shows the
most frequent phrases cited by the LLM judge when describing strengths and weaknesses for
each model. Counts in parentheses indicate frequency. Square brackets [...] show optional words
to complete similar phrases. Sums like (4+3) aggregate counts of closely related n-grams.

Model Top Phrases Cited as Strengths
(Count)

Top Phrases Cited as Weaknesses
(Count)

DeepSeek-R1 - without/avoiding unnecessary
complexity (11+4)
- all logically sound (8)
- concise without unnecessary
[complexity] (6+6)
- logically sound mathematically (5+5)
- correctly applies addition (5)
- making easy follow (5)
- all logically follow/lead (5+5)
- logically free errors (4+4+4)

- reduce readers unfamiliar (6+4)
- may confuse readers (5+3+3)
- making less transparent (4)
- brief lack explicit
[explanations] (4+3)
- making harder follow (3)
- includes redundant
recalculate (2)

GPT-o1 - all logically sound
[mathematically] (11+5+5)
- correctly applies
[addition/subtraction/all] (5+4+3+3)
- logically free errors (4+4)
- making [process] easy follow (3+3+3)
- clearly demonstrates understanding (3)
- concise without redundancy (3)

- slightly less concise
[than] (10+3+3)
- slightly less efficient
[extra] (8+3+3)
- does affect correctness (5)
- explicit intermediate
calculations (3)
- making less transparent (2)
- lacks explicit verification (2)

unnecessary [complexity] (12 mentions). Its logical soundness emerged as another core
strength, evidenced by logically sound mathematically (10 mentions) and logically free
errors (12 mentions). Conversely, its primary weaknesses centered on potential reader
confusion, with phrases like reduce readers unfamiliar (10 mentions) and may confuse
readers (11 mentions) occurring often, alongside concerns about a lack of explicit detail
or transparency (e.g., making less transparent, 4 mentions; brief lack explicit [explanations],
7 mentions). This suggests that while DeepSeek-R1 generates direct and logically sound
solutions, they risk being difficult to follow due to omitted intermediate steps.

GPT-o1, conversely, received its highest praise for logical soundness and correct-
ness, driven by phrases such as all logically sound [mathematically] (21 mentions) and
correctly applies [...] (15 mentions). Its strength in clarity was also prominent, reflected
in making [process] easy follow (9 mentions). However, its primary weaknesses involved
being less concise or efficient, frequently cited via slightly less concise [than] (16 mentions)
and slightly less efficient [extra] (14 mentions). Secondary critiques noted unnecessary
explicit intermediate calculations (3 mentions) and minor verification issues (e.g., lacks
explicit verification, 2 mentions). Interestingly, the phrase does affect correctness (5 men-
tions) also appeared, likely as a qualifier indicating that these inefficiencies were minor.
This profile depicts GPT-o1’s correct solutions as rigorous and well-explained, but
potentially more verbose or less direct than DeepSeek-R1’s.

This qualitative analysis provides crucial context for the win rates observed in
Section 6.4.2. Although DeepSeek-R1 achieved slightly higher individual scores in
rigor-focused dimensions (Section 6.4.1) and was recognized for its concise paths,
the LLM judge overwhelmingly preferred GPT-o1 in head-to-head comparisons. The
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Table 19
Summary of K-means clustering results (K = 4) on pairwise justifications. Size (N) represents the
number of justifications belonging to the cluster; Core Keywords/Phrases lists terms characteristic
of the theme; and Representative Examples provide two justification examples.

Cluster Size (N) Core Keywords/Phrases Representative Examples
0 21 correct model,

model solution,
qualitatively better,
solutions correct,
correct model solution

1: While both solutions are correct and efficient
in reaching the answer, Model 1 (Solution A) is
qualitatively better overall due to superior step
clarity and thoroughness ...
2: While both solutions are accurate and correct,
Model 2 (Solution B) is qualitatively better due to
superior step clarity and holistic understandability...

1 24 solution efficiency,
solutions accurate,
superior solution efficiency,
accurate model,
superior solution

1: While both solutions are accurate, Model 2
(Solution B) is qualitatively superior. It excels
in Solution Efficiency by avoiding ...
2: Both solutions are accurate, but Model 2 is
superior in Solution Efficiency and Step
Clarity due to its concise, streamlined approach
(no redundant ...

2 18 correct answer,
step accuracy,
reasoning step accuracy,
reasoning step,
correct answer model

1: While both solutions reach the correct answer,
Model 2 is superior overall. It excels in Reasoning
Step Accuracy by explicitly addressing ...
2: Both solutions (Model 1 and Model 2) are
identical in their reasoning, accuracy, and
efficiency. They both correctly calculate ...

3 22 efficient model,
model solution,
step clarity holistic,
clarity holistic,
efficient model solution

1: While both solutions are accurate and efficient,
Model 2 (Solution B) is qualitatively better due to
superior Step Clarity (Holistic). It explicitly ...
2: While both solutions are accurate and efficient,
Model 2 (Solution B) outperforms in Step Clarity
(Holistic) by explicitly deriving overtime hours ...

n-gram data indicates that this preference stems from the judge heavily prioritizing
GPT-o1’s clarity, explicit explanations, and ease of following, even when acknowledging
its potential lack of conciseness. Conversely, DeepSeek-R1 was likely penalized for its
lack of transparency and potential to confuse readers, despite its perceived efficiency
and logical soundness.

These findings highlight a critical behavior of the LLM judge in pairwise evalua-
tions: presentation quality and comprehensibility are disproportionately weighted, po-
tentially eclipsing subtle advantages in logical rigor or path efficiency. This exploratory
insight underscores the complexity of automated evaluation and points towards poten-
tial biases favoring well-explained, albeit potentially less optimal, solutions.

Analyzing Justifications via Clustering. To gain deeper insight into the LLM judge’s
decision-making process when choosing a winner, we further analyzed the free-text jus-
tification provided for each pairwise comparison. We used TF-IDF vectorization (using
bigrams and trigrams) followed by K-means clustering (K = 4) to identify the dominant
themes or categories of reasons cited by the judge when explaining its preference.
The resulting clusters, along with their core differentiating phrases and representative
examples, are presented in Table 19.

Based on the core phrases and examples, we interpret the four distinct themes
driving the judge’s decisions as follows:

Cluster 0: General Qualitative Preference. This cluster (21 entries) contains more gen-
eral statements of overall superiority (“qualitatively better”). While less specific, the
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examples often link this preference back to clarity (as in the representative example) or
efficiency, suggesting overlap with Clusters 3 and 1.

Cluster 1: Emphasis on Efficiency. This large cluster (24 entries) centers justifications
around Solution Efficiency, highlighting aspects like fewer steps or a streamlined ap-
proach, frequently coupled with accuracy.

Cluster 2: Focus on Reasoning Steps/Accuracy. This cluster (18 entries) uniquely focuses on
the quality within the reasoning process, such as Reasoning Step Accuracy, even when
both final answers are correct.

Cluster 3: Emphasis on Clarity. With 22 entries, this cluster clearly prioritizes Step Clarity
(Holistic) as the deciding factor, often explicitly mentioned alongside accuracy and
efficiency.

Mapping these justification themes to the winning model (Table 17, where GPT-o1
had a high win rate) reveals a clear pattern: The judge’s decisions were primarily
driven by Superior Clarity (Cluster 3) and Superior Efficiency (Cluster 1). These align
directly with the perceived strengths of GPT-o1 identified in the n-gram analysis (clarity,
ease of following) and its favorable comparison regarding efficiency when correctness
was maintained. While Cluster 2 (Reasoning Steps) reflects DeepSeek-R1’s strengths
in rigor, it represents a smaller portion of the justifications, suggesting this factor was
less decisive in the pairwise choice between two correct solutions. Cluster 0 serves as a
general bucket confirming overall preference often tied back to clarity or efficiency.

While acknowledging the exploratory nature of this analysis, the combination
of n-gram frequencies and the K = 4 justification clusters paints a consistent and
clearer picture. Despite DeepSeek-R1 scoring slightly higher on some individual rigor-
focused metrics (Section 6.4.1) and being cited for path efficiency in n-grams, the LLM
judge, when forced to choose between two correct solutions, overwhelmingly preferred
GPT-o1. Both the n-gram analysis and the justification clusters (particularly the promi-
nence of Clarity in Cluster 3 and Efficiency in Cluster 1) strongly suggest this preference
stems from the judge heavily prioritizing presentation quality, perceived efficiency,
and comprehensibility. DeepSeek-R1, despite its logical soundness and potential path
efficiency, was likely penalized in the comparative setting for weaknesses related to
reader confusion and lack of transparency. This highlights the complexity of automated
pairwise evaluation and suggests a potential bias towards solutions that are not only
correct but also presented in a way deemed most easily digestible, where GPT-o1
appears to excel in the judge’s view.
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7. Analysis of Cross-Domain Generalization

Having established the performance differences between reasoning and non-reasoning
models (Section 5) and analyzed the underlying process variations (Section 6), this
section investigates the crucial question of generalization (RQ4). We address this by
examining model performance across two distinct categories: specialized scientific do-
mains and general-purpose reasoning tasks.

7.1 Complex Science Evaluation

In this section, we conduct a thorough evaluation of both reasoning-focused and
non-reasoning LLMs across a variety of scientific disciplines, including mathematics,
physics, chemistry, astronomy, geography, and biology. This analysis addresses the
scientific domain aspect of RQ4, investigating whether proficiency in mathematics serves
as a foundational capability for broader scientific problem-solving.

7.1.1 Experimental Setup. We construct a scientific domain benchmark covering 30 sub-
fields across six disciplines: mathematics, physics, chemistry, astronomy, geography,
and biology. From each sub-discipline, we sample 50 mid-to-high difficulty multiple-
choice questions, totaling 1,500 questions. All samples are drawn from GPQA (Rein
et al. 2024) and SuperGPQA (M-A-P Team 2025). The disciplines and their correspond-
ing sub-disciplines are as follows:

• Mathematics: Mathematical analysis, geometry and topology, number
theory, probability and statistics, combinatorics.

• Physics: Electrodynamics, thermodynamics and statistical physics,
acoustics, particle physics and nuclear physics, mechanics.

• Chemistry: Physical chemistry, analytical chemistry, electrochemistry,
organic chemistry, chemical engineering.

• Astronomy: Cosmology, solar system sciences, astrophysics, stellar and
interstellar evolution, astronomy observations and techniques.

• Geography: Mineralogy and petrology, structural geology, atmospheric
physics and environment, meteorology, physical oceanography.

• Biology: genetics, ecology, botany, physiology, microbiology.

This structured sampling allows us to investigate whether explicit reasoning capa-
bilities contribute to improved model performance in specialized scientific contexts.

7.1.2 Performance on Scientific Benchmark. To understand how reasoning capabilities
impact model generalization in specialized scientific contexts, we compare the perfor-
mance of reasoning and non-reasoning models across 30 sub-disciplines spanning six
major scientific domains. A summary of the results is provided in Table 20.

Overall Trends. From the results, DeepSeek-R1 demonstrates the most consistent and
superior performance across a wide range of domains, particularly in mathematically

878



Xiang et al. An Empirical Study on Reasoning and Generalization in Large Language Models

Table 20
Accuracy comparison between reasoning and non-reasoning models across 30 scientific
sub-disciplines. Each sub-discipline includes 50 questions.

Reasoning Models Non-Reasoning Models

Sub-discipline DeepSeek-R1 GPT-o1 QwQ-32B R1-Distill R1-Distill DeepSeek-V3 GPT-4o Qwen2.5 LLaMA-3.3
-Qwen -LLaMA -72B -70B

-Base-32B -70B-Instruct -Instruct -Instruct
Mathematics

Mathematical
Analysis

0.875 0.700 0.750 0.450 0.750 0.725 0.250 0.400 0.225

Geometry and
Topology

0.850 0.650 0.775 0.450 0.775 0.600 0.325 0.350 0.250

Number
Theory

0.900 0.650 0.750 0.450 0.700 0.600 0.325 0.450 0.375

Probability
and Statistics

0.825 0.550 0.675 0.525 0.500 0.650 0.475 0.525 0.475

Combinatorics 0.750 0.625 0.600 0.425 0.525 0.600 0.175 0.375 0.300
Physics

Electrodynamics 0.900 0.850 0.775 0.525 0.675 0.850 0.625 0.400 0.475
Thermodynamics
and
Statistical Physics

0.775 0.750 0.650 0.375 0.550 0.725 0.525 0.500 0.475

Acoustics 0.550 0.500 0.325 0.200 0.375 0.600 0.325 0.250 0.225
Particle Physics
and
Nuclear Physics

0.650 0.575 0.525 0.250 0.500 0.650 0.450 0.300 0.400

Mechanics 0.550 0.475 0.450 0.350 0.475 0.575 0.325 0.325 0.325
Chemistry

Physical Chemistry 0.800 0.700 0.650 0.300 0.525 0.825 0.500 0.425 0.375
Analytical
Chemistry

0.725 0.650 0.675 0.500 0.575 0.800 0.450 0.350 0.500

Electro Chemistry 0.550 0.575 0.375 0.300 0.400 0.575 0.275 0.275 0.250
Organic Chemistry 0.425 0.450 0.250 0.325 0.225 0.400 0.300 0.250 0.275
Chemical
Engineering

0.800 0.625 0.375 0.275 0.450 0.700 0.350 0.375 0.225

Astronomy
Cosmology 0.725 0.550 0.525 0.450 0.575 0.650 0.450 0.475 0.375
Solar System
Sciences

0.725 0.600 0.525 0.400 0.500 0.625 0.300 0.475 0.325

Astrophysics 0.525 0.625 0.450 0.400 0.425 0.625 0.450 0.275 0.400
Stellar
and
Interstellar
Evolution

0.600 0.650 0.450 0.325 0.325 0.600 0.375 0.450 0.250

Astronomy Obser-
vations and Tech-
niques

0.725 0.650 0.550 0.425 0.500 0.700 0.575 0.500 0.425

Geography
Mineralogy and
Petrology

0.550 0.600 0.475 0.350 0.325 0.675 0.325 0.500 0.400

Structural Geology 0.575 0.550 0.475 0.350 0.450 0.725 0.400 0.525 0.400
Atmospheric
Physics and
Environment

0.500 0.550 0.450 0.375 0.450 0.550 0.475 0.375 0.300

Meteorology 0.800 0.625 0.550 0.575 0.525 0.825 0.450 0.375 0.275
Physical
Oceanography

0.625 0.600 0.425 0.325 0.375 0.700 0.375 0.450 0.375

Biology
Genetics 0.675 0.550 0.450 0.300 0.525 0.650 0.350 0.425 0.325
Ecology 0.475 0.375 0.425 0.350 0.400 0.550 0.325 0.250 0.400
Botany 0.675 0.675 0.450 0.400 0.500 0.650 0.375 0.425 0.500
Physiology 0.575 0.675 0.575 0.400 0.425 0.525 0.475 0.375 0.325
Microbiology 0.475 0.525 0.475 0.450 0.375 0.625 0.475 0.475 0.350

demanding fields like mathematics, physics, and chemistry. GPT-o1 and QwQ-32B
also perform competitively but lag slightly behind in technical sub-domains. Among
the non-reasoning models, DeepSeek-V3 performs relatively well across several fields
and outperforms reasoning models in a few applied sub-disciplines, such as acoustics,
physical chemistry, and meteorology.
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DeepSeek-R1 Performance Across Disciplines. Among all evaluated models, DeepSeek-
R1 consistently ranks highest across most disciplines, particularly those that demand
symbolic reasoning and multistep deduction. It achieves the highest average accuracy in
mathematics (0.84), followed by physics (0.685), and chemistry and astronomy (both at
0.66). Notably, subfields such as number theory and electrodynamics see DeepSeek-R1
reach an accuracy of 90%, closely followed by mathematical analysis (87.5%) and geom-
etry and topology (85%). This strong performance highlights the model’s proficiency
in structured reasoning tasks that involve formal deduction, equation manipulation,
and logical multi-step reasoning. By contrast, in subfields such as organic chemistry,
ecology, and microbiology, its accuracy falls below 50%, indicating that DeepSeek-R1’s
reasoning-centric architecture may be less effective in domains where success depends
more on factual knowledge, domain-specific heuristics, or empirical data memorization.

DeepSeek-R1 vs. GPT-o1. In direct comparison, DeepSeek-R1 outperforms GPT-o1 in
most formal science categories, particularly in mathematics and physics. This indicates
a significant advantage in symbolic reasoning and structured problem-solving tasks.
In domains such as chemistry, astronomy, geography, and biology, the two models
perform comparably, with slight advantages shifting across sub-disciplines depending
on task nature. For instance, GPT-o1 shows relatively stronger performance in organic
chemistry and physiology, while R1 dominates in chemical engineering and genetics.

Performance of Non-Reasoning Models. Among non-reasoning models, DeepSeek-V3
stands out with surprisingly strong performance, significantly outperforming GPT-4o
in nearly all disciplines. Notably, it outperforms reasoning models in a number of
applied or observational science fields, such as acoustics, physical chemistry, analytical
chemistry, and meteorology, often even surpassing some reasoning models in those
domains. These results suggest that MoE-based large-scale architectures like DeepSeek-
V3, can develop effective domain generalization abilities without explicit reasoning
training, likely due to their extensive pretraining on diverse factual corpora.

The Impact of Distillation. A particularly noteworthy finding is that reasoning-oriented
distillation not only enhances model performance but also enables smaller models
to match or even surpass significantly larger non-reasoning baselines. The distilled
model R1-Distill-LLaMA-70B-Instruct consistently outperforms the original LLaMA-
3.3-70B-Instruct across all six scientific disciplines, despite sharing similar architecture
and parameter scale. This indicates that reasoning supervision can yield substantial
improvements, even when model capacity remains constant. Similarly, the distilled
model R1-Distill-Qwen-Base-32B exhibits competitive performance against the larger
Qwen2.5-72B-Instruct. These comparisons demonstrate that distilled reasoning models
can achieve superior generalization in specialized scientific domains compared to their
non-reasoning counterparts, emphasizing the value and efficiency of reasoning-focused
fine-tuning pipelines (partially addressing RQ3).

7.2 Generalization to General-purpose Reasoning Domains

To further assess the breadth of generalization, we extend our analysis to three
key general-purpose reasoning domains: code generation, temporal reasoning, and
knowledge-based commonsense reasoning. This addresses the general-purpose aspect of
RQ4. We evaluate the performance of our primary reasoning models (DeepSeek-R1,
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Table 21
Performance on general-purpose reasoning benchmarks (mean ± std dev across 3 runs).

Benchmark Reasoning Models Non-Reasoning Models

DeepSeek-R1 GPT-o1 DeepSeek-V3 GPT-4o
Code (base) 97.33±0.94 98.00±0.00 99.33±0.94 96.67±0.94
Code (extended) 94.67±0.94 92.00±0.00 94.00±0.00 90.67±0.94
Temporal Reasoning 57.04±0.12 47.54±0.68 60.00±0.54 53.42±0.42
Knowledge Reasoning 84.67±1.89 83.33±0.94 67.33±2.49 85.33±2.49

GPT-o1) against strong non-reasoning counterparts (DeepSeek-V3, GPT-4o) using the
same sampled datasets as in the Qwen3 controlled experiment: HumanEval (Chen et al.
2021) (using EvalPlus (Liu et al. 2023) for base and extended tests), (Chu et al. 2024)
(15 subtasks, excluding generative ones), and StrategyQA (Geva et al. 2021). All results
reported are the average across three runs.

The findings across these diverse domains, shown in Table 21, reveal a more com-
plex and competitive landscape regarding the benefits of reasoning alignment when
compared against strong non-reasoning models. The distinct advantages observed for
explicit reasoning in the controlled Qwen3 experiment (Section 5.2) do not consistently
manifest with the same magnitude in this broader comparison.

Code Generation (HumanEval): All top models perform extremely well. Surprisingly,
the non-reasoning DeepSeek-V3 achieves the highest score on the base HumanEval
tests (Code (base)), surpassing both reasoning models. On the more challenging
EvalPlus tests (Code (extended)), DeepSeek-R1 takes a slight lead, closely followed by
DeepSeek-V3, while GPT-o1 and GPT-4o lag slightly behind. While reasoning models
remain strong, particularly DeepSeek-R1 on harder cases, the overall advantage is
minimal, and DeepSeek-V3 proves highly competitive. This suggests that large-scale
training, potentially combined with MoE architectures, is highly effective for code
generation, yielding benefits comparable or superior to those from explicit reasoning
alignment in this domain.

Temporal Reasoning (TimeBench): DeepSeek-R1 shows a clear and significant advantage
on this task, outperforming both GPT-o1 and GPT-4o by a notable margin. This finding
aligns with the Qwen3 experiment and supports the hypothesis that explicit, structured
reasoning is highly beneficial for tasks involving temporal logic and event sequences.
Interestingly, the non-reasoning DeepSeek-V3 significantly outperforms all other mod-
els and the non-reasoning GPT-4o performs considerably better than the reasoning-
focused GPT-o1, indicating that factors beyond explicit reasoning alignment (perhaps
scale or specific training data) also play a crucial role in this domain. GPT-o1’s relatively
weaker performance here is a noteworthy observation.

Knowledge Reasoning (StrategyQA): Consistent with findings in Section 5, DeepSeek-V3
performs poorly on this knowledge-intensive benchmark. Here, the non-reasoning
GPT-4o achieves the highest score, slightly surpassing both DeepSeek-R1 and GPT-o1.
This strongly reinforces the conclusion that success on tasks heavily reliant on ac-
cessing and synthesizing broad factual knowledge depends primarily on the model’s
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underlying knowledge base and alignment training, where explicit reasoning provides
little to no advantage, and where models like DeepSeek-V3 may be lacking.

These results provide a crucial qualification to the findings from the Qwen3 ex-
periment. While activating explicit reasoning within the same model (Qwen3) yields
significant gains on structured tasks, the advantage of specifically reasoning-aligned models
(like DeepSeek-R1) over strong generalist models is much more nuanced and domain-
specific, especially when considering highly capable models like DeepSeek-V3 and
GPT-4o. DeepSeek-R1 maintains a strong edge in complex mathematical reasoning
and outperforms GPT-o1 and GPT-4o in temporal reasoning, but the advantage is
minimal in base code generation and reversed in knowledge reasoning. Furthermore,
DeepSeek-V3’s exceptional performance, even leading in temporal reasoning over
DeepSeek-R1, demonstrates that architectural choices (like MoE) and large-scale train-
ing can sometimes match or exceed the benefits of explicit reasoning alignment even
in structured domains. This suggests that while reasoning alignment is a valuable
technique, particularly evident in DeepSeek-R1’s specialized strengths, factors such
as massive scale, comprehensive training data, and potentially specific architectural
designs are equally critical in determining top-tier performance across a broad range
of general-purpose reasoning tasks.

8. Discussion and Future Direction

This article presented a comprehensive empirical study comparing reasoning-focused
and non-reasoning LLMs. Our investigation utilized benchmark aggregation, controlled
experiments, and in-depth process analysis via a validated evaluation framework.
Based on our findings, we discuss key insights and propose future research directions.

8.1 Summary of Key Findings

Reasoning Advantage is Context-dependent. Explicit reasoning capabilities provide
substantial but context-dependent benefits (RQ1). Our controlled experiment (Sec-
tion 5.2) confirmed significant performance improvements on structured tasks (mathe-
matics, coding, temporal reasoning) when activating Qwen3’s thinking mode. However,
this advantage diminished or disappeared on less structured, knowledge-intensive
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tasks (StrategyQA), where models like GPT-4o exhibited leading performance (Sec-
tion 7.2). Scale-dependency and potential interference effects further indicate that ex-
plicit reasoning is not universally optimal, suggesting a need for adaptive reasoning
strategies.

Divergent Reasoning Styles and Trade-offs. DeepSeek-R1 and GPT-o1 exhibit distinct rea-
soning styles (RQ2, Section 6). DeepSeek-R1 uses a verbose exploratory phase. Our
exploratory micro-level analysis (Section 6.3.2) perceived this process as leading to con-
cise, logically robust final solutions on complex problems, correlating with its superior
performance on challenging benchmarks (AIME, Olympiad). GPT-o1 often produces
solutions perceived as clearer or more efficiently presented. This divergence suggests a
potential trade-off associated with training methodology: DeepSeek-R1’s result-based
reward may foster robustness, while GPT-o1’s inferred process-based reward might
prioritize interpretability.

Reasoning Evaluation: Accuracy Limits and Judge Biases. Evaluating reasoning requires
moving beyond final accuracy. Our validated multi-level rubric (Section 4) enables
reliable holistic (macro-level) assessment and exploratory fine-grained (micro-level)
analysis. However, our exploratory pairwise evaluation (Section 6.4.2) revealed poten-
tial LLM judge biases. When comparing correct solutions, the judge strongly preferred
GPT-o1, likely weighting presentation clarity and perceived efficiency (qualities in
which GPT-o1 often excelled) over subtle advantages in logical rigor. This critically
highlights that automated evaluations, especially comparative ones, may harbor im-
plicit biases needing validation against human judgment.

Generalization Limits: Interplay of Reasoning, Scale, and Knowledge. Reasoning skills honed
on mathematics generalize effectively to other structured domains (formal sciences,
coding, temporal reasoning), but less so to knowledge-intensive areas (biology, com-
monsense QA) (RQ4, Section 7). Notably, the strong performance of the non-reasoning
DeepSeek-V3 in several structured domains (base code, temporal reasoning) challenges
the notion that reasoning alignment is the sole path to high performance. Generaliza-
tion appears to depend on a complex interplay between reasoning skills, model scale,
architecture (e.g., MoE), and knowledge grounding.

Distillation Enhances Base Model Capabilities. Reasoning capabilities can be effectively
transferred via distillation (RQ3, Section 5.1 and Section 7.1). Distilled variants of
DeepSeek-R1 significantly outperformed their non-reasoning base models and re-
mained competitive against larger generalist models on reasoning tasks. This validates
distillation as an effective method for enhancing smaller models with advanced reason-
ing abilities, facilitating efficient deployment.

Limitations. While comprehensive, our study is subject to certain limitations. Data
contamination remains a potential, though mitigated, confounder (Section 3.3). The
benchmark suite, though diverse, is not exhaustive. The in-depth process analysis fo-
cused primarily on mathematics. Critically, only the rubric-based LLM judge underwent
validation; the pairwise judge requires further calibration against human preferences.
The set of models analyzed, while representative, is finite.
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8.2 Future Directions

Our findings suggest several promising and specific avenues for future research,
directly motivated by the complexities observed in this study:

• Developing Adaptive Reasoning Mechanisms: The observation that
explicit reasoning is highly beneficial for some tasks (complex math) but
potentially detrimental for others (e.g., highly optimized code generation
in large models) strongly motivates research into adaptive reasoning.
Future work should explore methods enabling models to dynamically
determine when to employ a detailed chain-of-thought versus a more
direct response pathway, perhaps based on perceived task complexity or
confidence levels.

• Advancing Reasoning Evaluation Beyond Simple Metrics: Our work
highlights critical challenges in evaluation. While our validated rubric
improves reliability, the discrepancy between rubric scores and pairwise
preferences underscores the need for methods that better capture
nuanced trade-offs (e.g., rigor vs. clarity). Future research should focus
on: (a) developing more sophisticated, validated process-level metrics
that perhaps incorporate measures of exploration efficiency or path
optimality, and (b) rigorously calibrating automated pairwise judges
against systematic human preference studies to understand and mitigate
potential biases towards factors like presentation style.

• Disentangling Reasoning Alignment from Scale, Architecture, and
Data: The surprising strength of the non-reasoning DeepSeek-V3,
particularly its leading performance in domains like temporal reasoning
and base code generation, demands further investigation. Future work is
needed to carefully disentangle the relative contributions of explicit
reasoning alignment versus other factors like massive model scale,
specific architectural choices (e.g., Mixture-of-Experts), and potentially
curated pre-training data mixtures in achieving high performance on
complex, structured tasks. Understanding this interplay is crucial for
guiding the development of next-generation models.

• Balancing Robustness and Interpretability in Reasoning Generation:
Our comparison between DeepSeek-R1 (more robust process) and
GPT-o1 (clearer presentation) suggests different training paradigms
optimize for different qualities. Future research could explore hybrid
training methodologies that explicitly aim to cultivate models capable of
generating reasoning pathways that are simultaneously logically sound,
efficient, and easily interpretable by humans. This might involve
combining result-based and process-based rewards, or developing novel
fine-tuning techniques focused on both correctness and clarity.

• Investigating Process-level Effects of Distillation: While our study
confirmed performance retention in distilled models, future work could
conduct a detailed process-level analysis comparing the chain length,
consistency, and error patterns of distilled variants against the parent
model to better understand the trade-offs during compression.
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• Investigating Distillation Effects on Reasoning Processes: Our current
work confirmed that distilled models preserve reasoning capabilities
effectively in terms of final accuracy. However, our in-depth process
analysis was focused on the parent models. Future work should bridge
this gap by applying a process-level analysis to compare the distilled
variants directly against the parent model. This would provide crucial
insights into the qualitative trade-offs of compression and clarify which
specific aspects of the reasoning process (e.g., robustness vs. conciseness)
are preserved or lost during distillation.

9. Conclusion

This article presents an empirical study on the reasoning and generalization capa-
bilities of LLMs, centered on a comparison between reasoning-focused models (like
DeepSeek-R1, GPT-o1) and their non-reasoning counterparts (like DeepSeek-V3,
GPT-4o). Our key findings are as follows:

(1) The advantage of explicit reasoning is highly context-dependent. Our findings
across multiple analyses, including benchmark synthesis, controlled experiments with
Qwen3, and broad generalization tests, consistently show that reasoning-focused mod-
els demonstrate a decisive advantage in structured, logic-intensive domains (e.g.,
mathematics, physics, temporal reasoning). The Qwen3 experiment specifically pro-
vided strong causal evidence for this link. However, this advantage diminishes in
knowledge-intensive or observational domains (e.g., biology, geography), where large-
scale non-reasoning models remain highly competitive. This underscores that top-tier
performance arises from a complex interplay of factors, not solely from reasoning
alignment.

(2) Methodologically, our validation established the nuanced reliability of the LLM-
as-a-Judge. We demonstrated a clear distinction based on evaluation granularity: While
the LLM judge exhibits lower agreement on micro-level quality evaluation, it proves
highly reliable for assessing macro-level solution quality. This finding underpins our
macro-reliable, micro-exploratory analysis policy.

(3) Leading reasoning models exhibit distinct reasoning styles. Objectively,
DeepSeek-R1 uses a significantly more verbose exploratory phase. However, it often
achieves comparable structural complexity (step count) and sometimes greater con-
ciseness (final solution token count) on difficult problems compared to GPT-o1. Our
LLM judge assessments, interpreted through our validation policy, add further nuance.
GPT-o1’s solutions were reliably perceived as clearer at the macro-level. Conversely,
our exploratory micro-level analysis suggested DeepSeek-R1’s steps were perceived as
more logically coherent. These process differences align with DeepSeek-R1’s superior
accuracy on challenging benchmarks.

(4) Reasoning capabilities can be effectively preserved via distillation. Distilled ver-
sions of DeepSeek-R1 successfully preserve much of the reasoning competency of their
teacher model. While some degradation occurs, these distilled reasoning models consis-
tently outperform their non-reasoning counterparts of similar or even larger scale. This
confirms the feasibility of reasoning-preserving compression for efficiency-constrained
applications.
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These findings provide novel empirical evidence on the precise role and limita-
tions of explicit reasoning in LLMs. Critically, they also offer methodological guidance
for how to reliably validate and deploy automated evaluation frameworks in future
research.

Appendix A: Solution Decomposition

Appendix B: Step-by-Step Evaluation

We provided QwQ-plus with the following evaluation prompt for the decomposed
solution steps of each problem:
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Appendix C: Macro-level Quality Evaluation
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Appendix D: Comparative Pairwise Evaluation

The pairwise evaluation process was conducted by QwQ-plus for the mathematical
problems. For each problem, both the solutions generated by DeepSeek-R1 and GPT-o1
were provided as input to the evaluator LLM. The evaluator LLM was instructed to
perform a comparative analysis to identify the key strengths and weaknesses of each
solution and determine which was qualitatively better overall. The prompt for pairwise
evaluation is shown below:
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