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Abstract

Large language models (LLMs) are increasingly used in sci-
entific domains. While they can produce reasoning-like con-
tent via methods such as chain-of-thought prompting, these
outputs are typically unstructured and informal, obscuring
whether models truly understand the fundamental reason-
ing paradigms that underpin scientific inference. To address
this, we introduce a novel task named Latent Reasoning
Chain Extraction (ARCHE), in which models must decom-
pose complex reasoning arguments into combinations of stan-
dard reasoning paradigms in the form of a Reasoning Logic
Tree (RLT). In RLT, all reasoning steps are explicitly cate-
gorized as one of three variants of Peirce’s fundamental in-
ference modes: deduction, induction, or abduction. To facil-
itate this task, we release ARCHE Bench, a new benchmark
derived from 70 Nature Communications articles, including
more than 1,900 references and 38,000 viewpoints. We pro-
pose two logic-aware evaluation metrics: Entity Coverage
(EC) for content completeness and Reasoning Edge Accu-
racy (REA) for step-by-step logical validity. Evaluations on
10 leading LLMs on ARCHE Bench reveal that models ex-
hibit a trade-off between REA and EC, and none are yet able
to extract a complete and standard reasoning chain. These
findings highlight a substantial gap between the abilities of
current reasoning models and the rigor required for scientific
argumentation.

Code — https://github.com/Linsonng/ARCHEBenchmark/

1 Introduction
“All valid reasoning is either deductive, inductive, or hypo-
thetic; or else it combines two or more of these characters.”

— Charles S. Peirce

LLMs are increasingly applied in scientific domains, from
assisting literature reviews (Wang et al. 2024; Zhu et al.
2025) and hypothesis generation (Gottweis et al. 2025;
Xiong et al. 2024) to aiding in experimental design (Huang
et al. 2024; Li et al. 2025). Although these advances suggest
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the potential of LLMs to accelerate scientific discovery(Bai
et al. 2025), it is poorly understood how well these models
understand and emulate human reasoning. In particular, their
ability to follow and generate structured paradigm-based
reasoning is uncertain, raising concerns about the trustwor-
thiness of LLM-driven scientific workflows.

Building on Charles S. Peirce’s taxonomy, which holds
that all valid reasoning is deductive, inductive, abductive, or
some combination thereof (Peirce 1868), we argue that the
ability to understand and appropriately apply these elemen-
tary paradigms of reasoning is essential for LLMs to perform
trustworthy scientific reasoning. Human scientists often em-
ploy a mixed inferential strategy to navigate vast bodies of
evidence and competing claims in order to generate novel
insights.

Such discoveries are not isolated leaps, but chains of
reasoning steps that traverse multiple paradigms. This pro-
cess involves latent reasoning chains composed of im-
plicit, unspoken steps that connect existing knowledge to
new insights. However, existing benchmarks fail to eval-
uate whether LLMs can (i) recognize the three reasoning
paradigms from complex argument, (ii) incorporate them
into coherent reasoning chains, and (iii) ground each step
in verifiable textual evidence (Yang et al. 2024b; Hu et al.
2025).

To address limitations (i) and (ii), we propose a novel task,
Latent Reasoning Chain Extraction (ARCHE), designed
to recognize the underlying reasoning behind scientific
claims. ARCHE leverages an LLM to extract fine-grained
reasoning steps from a paper’s introduction paragraph and
classify each step as deductive, inductive, or abductive rea-
soning. These steps are then assembled into a structured
Reasoning Logic Tree (RLT), where nodes correspond
to individual premise or conclusion sentences, and labeled
edges link each set of premise nodes to the corresponding
conclusion node, indicating the associated inference type.
By (i) recognizing distinct reasoning paradigms and (ii) as-
sembling them into an RLT, ARCHE delivers a faithful,
structured representation of complex scientific arguments.

To (iii) ground the reasoning steps in real tasks, we intro-
duce ARCHE Bench, a benchmark derived from 70 peer-
reviewed Nature Communication articles. For each paper,
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Figure 1: Overview of ARCHE Bench.The pipeline includes three stages: Data Processing, where scientific articles are prepro-
cessed to extract introductions, cited abstracts, and viewpoints; RLT Generation, which constructs and repairs reasoning logic
trees (RLTs) through automatic validation and self-correction; and Evaluation, where models are assessed using metrics like
EC and REA for performance analysis.

we provide its introduction along with the relevant back-
ground viewpoints. We also propose two complementary
metrics that capture different aspects of RLT: (a) EC, which
measures proportion of key scientific entities of each pa-
per that appear in the predicted RLT, reflecting how com-
prehensively the model captures the core contents; and (b)
REA, which assesses the accuracy of each individual infer-
ence step in the reasoning chain, using an LLM-based judge
to verify whether the conclusion logically follows from its
premises given the labeled inference type. While EC ensures
that no critical pieces of the core idea are omitted, REA di-
rectly evaluates logical validity at the step level.

We perform zero-shot evaluations on 10 state-of-the-art
LLMs, revealing that even the best models struggle to ex-
ceed an accuracy of 50%, indicating their limited ability to
recognize and properly formalize latent reasoning chains via
standard paradigms. Furthermore, we observe a trade-off be-
tween EC and REA: models that achieve higher EC often do
so at the cost of lower REA, and vice versa.

Our contributions are summarized as follows:

• We define a new task, Latent Reasoning Chain Extrac-
tion, to address the lack of evaluation on whether LLMs
can model fundamental reasoning paradigms underlying
human scientific reasoning.

• We design an automated pipeline for constructing
ARCHE Bench, a dataset of scientific articles enriched
with references and extracted viewpoints. We also intro-
duce two evaluation metrics, EC and REA, to assess the
completeness and correctness of generated RLTs.

• We benchmark 10 state-of-the-art LLMs and reveal that
models often fail to extract and formalize reasoning
chains in a structurally valid way. This highlights a
fundamental gap between natural language fluency and
paradigm-grounded scientific reasoning, distinguishing
current LLM behavior from human expert inference.

2 Related Work

2.1 Reasoning in LLMs

Chain-of-Thought (CoT) prompting has become a founda-
tional technique for eliciting multi-step reasoning in LLMs.
Pioneered by (Wei et al. 2022) with few-shot examples and
later shown to be effective in zero-shot settings (Kojima
et al. 2022), CoT encourages models to generate intermedi-
ate reasoning steps. Subsequent work has enhanced its re-
liability through methods like self-consistency (Wang et al.
2023; Yu, He, and Ying 2024) and Tree-of-Thought (Yao
et al. 2023). However, CoT produces an untyped narrative,
lacking the formal logical grounding needed for verifiable
reasoning. This limitation has spurred a move towards logic-
aware systems. One direction is neuro-symbolic, where
LLMs translate natural language into formal logic for an ex-
ternal solver, as seen in systems like LINC (Olausson et al.
2023). While formally robust, these methods can be brittle.
Critically, most existing approaches study deduction, induc-
tion, and abduction in isolation, motivating our work on a
unified framework.
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2.2 LLMs for Scientific Discovery
In the scientific domain, LLMs are increasingly used to ac-
celerate discovery, from domain-specific models that mas-
ter literature like Galactica (Taylor et al. 2022) to systems
that actively generate testable hypotheses or scientific in-
ference(Luo 2025; Alkan et al. 2025; Wang et al. 2025b).
Hybrid approaches combining LLMs with structured knowl-
edge graphs have been particularly effective at generating
novel and valid hypotheses (Tong et al. 2024). A parallel
line of work focuses on evidence synthesis, where models
must aggregate information to verify scientific claims (Wad-
den et al. 2020; Wan et al. 2025). To bring more structure to
this process, the EntailmentBank benchmark requires mod-
els to construct deductive proof trees (Dalvi et al. 2021).
However, these primarily focus on textual entailment or
simple deduction. There remains a critical gap in evaluat-
ing an LLM’s ability to perform complete scientific reason-
ing—integrating inductive generalization, deductive appli-
cation, and abductive explanation within a single, coherent
argument grounded in evidence. ARCHE Benchaddresses
this gap.

2.3 Evaluation of Scientific Reasoning
The evaluation of LLM reasoning is a major challenge.
Broad benchmarks like MMLU (Hendrycks et al. 2021) and
specialized ones for math or logic (Cobbe et al. 2021; Yu
et al. 2019; Wang et al. 2025a) typically focus on final-
answer accuracy, which can mask an unsound reasoning
process. Even when reasoning types are considered, they
are often evaluated in separate, targeted benchmarks (Clark,
Tafjord, and Richardson 2020; Yang et al. 2024a). In the
scientific context, this gap persists; existing benchmarks do
not require models to explicitly identify, differentiate, and
compose all three Peircean inference types within a single,
coherent argument. Our work takes a complementary ap-
proach: rather than outsourcing logic, we challenge LLMs
to produce reasoning chains with explicit, typed inference
steps. By requiring models to construct a graph of deductive,
inductive, and abductive moves, ARCHE-bench provides a
new lens for evaluation.

3 Methodology
In this section, we formalize the task of Latent Reasoning
Chain Extraction (ARCHE) and describe the Reasoning-
Logic Tree (RLT) designed to encode such reasoning. We
then introduce ARCHE Bench, a dataset constructed specif-
ically for this task.

3.1 Task Definition
The core objective of this task is to interpret complex para-
graphs of scientific reasoning as a combination of individual
premise viewpoints and standard reasoning paradigms.

The input of the task includes both the full introduction
section of a scientific paper and viewpoints extracted from
two sources: the introduction itself, and the abstracts of pa-
pers cited within that introduction. Following the definition
by Feng et al. (Feng, Sun, and You 2025), a viewpoint refers
to an idea, argument, or fact embedded within the research
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Figure 2: The Construction of Reasoning-Logic Tree. View-
points are first extracted from scientific text, then organized
into a hierarchical reasoning structure. Each reasoning edge
is annotated with an inference type: deduction, induction, or
abduction, based on its logical pattern.

content. In our task, such viewpoints have already been ex-
tracted from the raw text using LLMs, prior to being input
to any model.

The output RLT is a directed graph in DOT, a graph de-
scription language. A proper RLT should capture both the
step-by-step inferential structure and the relevant viewpoints
from the original paper or its references. Specifically, the
model is expected to reconstruct how asserted facts (stated
in the introduction), established knowledge (from cited ab-
stracts) and implicit domain knowledge (unstated yet as-
sumed by the author) are logically connected via elementary
reasoning paradigms to derive the reasoning within the pa-
per. This demonstrates whether the model has the capacity to
extract the reasoning chain behind a scientific claim and to
ground each inference step into a verifiable source, fulfilling
the core objective of the ARCHE task.

3.2 Reasoning-Logic Tree (RLT)
RLT is a structured and logic-oriented graph representation
designed to make implicit reasoning steps within scientific
discourse explicit, intelligible, and machine-readable. In this
section, we elaborate on its nodes, edges, and graph-level
constraints, as well as the pipeline used for RLT generation.

Node Definition. Each node in the RLT contains a view-
point and its source. The source of a viewpoint can be (i) a
sentence or a viewpoint from the Introduction section, (ii)
a viewpoint from a reference, or (iii) a sentence added by
the LLM. In the third case, the added sentence often serves
either as supplementary knowledge or implicit premises not
explicitly stated by the author, or as an intermediate step re-
quired to bridge multi-hop reasoning. Further details of this
coordinate system are provided in the appendix.

Edge Definition. The edges in an RLT indicate the rea-
soning paradigms underlying each inference. Each edge is
directed and labeled, connecting a single premise node to a
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conclusion node. We define six specific edge types, which
serve as fine-grained instances of Peirce’s three classical
paradigms of reasoning: deduction, induction, and abduc-
tion. In practice, a reasoning step should involve multiple
edges, connecting at least two premise nodes to a shared
conclusion node. The six edge types are formally defined
below.

• Deduction-Rule (DR): A premise stating a general prin-
ciple, law, or established rule.

• Deduction-Case (DC): A premise that presents a spe-
cific instance or case that falls under the general rule.

• Induction-Common (ICo): A premise that abstracts a
common pattern or regularity across multiple cases.

• Induction-Case (ICa): A premise providing a specific
observation.

• Abduction-Knowledge (AK): A premise stating exist-
ing knowledge or known mechanisms.

• Abduction-Phenomenon (AP): A premise describing
an observation requiring explanation.

Graph-Level Structural Constraints. To ensure that
each RLT captures a coherent and focused reasoning path,
we impose the following structural constraints. Each RLT is
structured as a single-rooted directed acyclic graph (DAG).
All nodes in the graph must converge at the central node,
and disconnected or irrelevant premises are strictly prohib-
ited. Furthermore, we enforce a standardized inference gran-
ularity by requiring that each logical step corresponds to a
single reasoning paradigm, represented using one pair from
the six predefined edge types. In cases of multi-hop rea-
soning, LLM is expected to introduce intermediate nodes
that decompose the reasoning chain into multiple steps, each
aligned with a specific paradigm. Edges may also cross doc-
ument boundaries. For example, an edge may point from
a viewpoint in a cited reference to one in the main paper,
demonstrating how prior work provides premises for new
research.

RLT Generation Pipeline. We design a fully automated
two-stage pipeline to guide the LLM in generating a valid
RLT from the source paper:

1. Stage 1: Primary Extraction. The LLM is first guided
by a manually crafted prompt to extract the latent reason-
ing chain and produce an initial graph in the DOT lan-
guage. The main ideas from Section 3.1 and Section 3.2
are included in the prompt. The full prompts are provided
in the appendix.

2. Stage 2: Structural Repair. A verifier script automati-
cally inspects the LLM-generated RLT for structural de-
fects, such as multiple roots, cycles, disconnected nodes,
or invalid edge labels. If no defects are found, this stage is
skipped. Otherwise, the same LLM is re-prompted with
a targeted prompt that instructs it to correct the structural
errors while preserving the original reasoning content.

Algorithm 1: Evaluation for EC and REA
Input: paper text P, generated RLT
Output: EC, REA

1: core entities← ExtractCoreEntities(P)
2: reasoning steps← ParseReasoningSteps(RLT)
3: for each step s ∈ reasoning steps do
4: if ValidFormat(s) then
5: votes← ThreeModelVoting(s)
6: validation results[s]← MajorityVote(votes)
7: else
8: validation results[s]← format error
9: end if

10: end for
11: REA← |{s:validation results[s]=”correct”}|

|reasoning steps|
12: correct nodes ← {n : n ∈ s, validation results[s] =

”correct”}
13: reasoning entities← ExtractEntities(correct nodes)
14: EC← |core entities∩reasoning entities|

|core entities|
15: return (EC,REA)

3.3 ARCHE Bench
Building on the ARCHE task and the RLT representation
detailed above, we introduce ARCHE Bench, a benchmark
designed to evaluate LLMs on real scientific texts. It consists
of 70 peer-reviewed articles published in Nature Communi-
cations in 2025. For each article, the Introduction section
is extracted, along with viewpoints obtained from the intro-
duction itself and from the abstracts of its cited references,
using the Semantic Scholar API and GPT-4o. To support the
evaluation, we propose an automated evaluation framework
(Algorithm 1) along with two complementary metrics.

Dataset Construction and Benchmark Statistics. For
each article in ARCHE Bench, the introduction section is
extracted as the primary input for Stage 1 of RLT genera-
tion. All sentences from the introduction and from the ab-
stracts of cited references are parsed into viewpoints using
GPT-4o. Each sentence and its corresponding viewpoints are
indexed to support precise referencing during generation.
The ARCHE bench comprises 70 peer-reviewed and open-
access articles published in 2025, ensuring that the content
is up-to-date and scientifically verified. The benchmark is
balanced across two major scientific domains: Biological
Sciences (35) and Physical Sciences (35). In total, the cor-
pus contains 2,164 sentences from the articles’ introductions
and 1,891 cited references, from which over 38,000 distinct
viewpoints have been extracted for reasoning analysis. On
average, each article’s introduction provides 30.9 sentences
and 77.4 viewpoints, and is supported by 27 citations. More
details are provided in Table 2.

Evaluation. The algorithm 1 outlines the evaluation pro-
cedure for computing the EC and REA metrics. In the fol-
lowing, we elaborate on the key steps and underlying logic
for each metric.

Entity Coverage (EC). This metric assesses the ex-
tent to which the generated RLT captures the core sci-
entific concepts of the input article. Lines 1, 9–11
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Model Physical Sciences Biological Sciences Overall
REA(↑) EC(↑) REA(↑) EC(↑) REA(↑) EC(↑)

Claude-Opus-4 (Thinking) 25.5% 68.1% 22.9% 71.2% 24.2% 69.7%
Claude-Sonnet-4 (Thinking) 28.6% 47.2% 29.0% 58.9% 28.8% 53.1%
DeepSeek-R1 16.3% 31.7% 24.0% 25.6% 20.1% 28.7%
Doubao-Seed-1.6 (Thinking) 22.6% 55.6% 46.2% 54.3% 28.2% 55.3%
Gemini-2.5-Pro 38.4% 58.8% 40.5% 54.5% 39.5% 56.7%
Gemini-2.5-Pro (Thinking) 38.0% 49.4% 44.9% 59.2% 41.4% 54.1%
GPT-4o 12.5% 28.7% 19.1% 19.8% 15.8% 24.3%
Grok-3 36.0% 63.3% 30.2% 44.3% 33.1% 53.8%
Grok-4 24.3% 55.7% 19.9% 68.2% 22.2% 61.7%
o3 32.3% 64.4% 44.3% 50.2% 35.6% 60.5%

Table 1: Performance Comparison of LLMs on ARCHE.

of Algorithm 1 describe how EC is calculated. First,
ExtractCoreEntities(P) uses the o3 model (Ope-
nAI 2025) to extract the core scientific idea from the in-
troduction of the article, identifying the main hypothesis
or methodology. From this, scientific entities, concrete con-
cepts, methods, and phenomena are extracted (typically 8-
10). Coverage is calculated as the proportion of extracted
entities that appear in the nodes involved in correct reason-
ing steps in the generated RLT. Entity matching is performed
using case-insensitive string comparison.

Reasoning Edge Accuracy (REA). This metric measures
the percentage of individual reasoning steps in the generated
RLT that are logically valid. Lines 2–8 compute REA by val-
idating each reasoning step in the generated RLT. Evaluation
begins by identifying the root node and collecting all reason-
ing paths connected to it. Each step is validated for format
and categorized into reasoning types. Steps with inconsistent
or invalid combinations, such as pairing a deduction case
with an abduction-knowledge edge, or using non-standard
labels like ’deduction-knowledge’, are automatically marked
incorrect (line 7). Valid steps are evaluated using a three-
model voting system (ThreeModelVoting, line 5),
where o3 (OpenAI 2025), Claude-Sonnet-4-thinking (claude
2025), and Gemini 2.5 Pro (Team 2025) independently
judge whether the conclusion follows logically from the
premises. A majority vote determines the final label for each
step (line 6). REA is then computed as the proportion of
reasoning steps labeled as correct (line 8). We evaluated
the voting system across three reasoning types using human
annotations, finding that the joint model consistently out-
performs individual models in alignment with human judg-
ments, achieving an accuracy exceeding 88%.

4 Experiments
4.1 Models
We evaluated 10 leading LLMs that span six model fami-
lies. These include Claude-Opus-4-thinking (claude 2025),
Claude-Sonnet-4-thinking (claude 2025), GPT-4o (OpenAI
2024), o3 (OpenAI 2025), DeepSeek-R1 (DeepSeek-AI and
Guo 2025), Gemini-2.5-Pro (Team 2025), Gemini-2.5-Pro-
thinking (Team 2025), Grok-3 (xAI 2025a), Grok-4 (xAI
2025b), and Doubao-Seed-1.6-thinking (ByteDance 2025).

Overall
Total Articles 70
Total Sentences 2,164
Total Viewpoints 5,418
Total Citations 1,891
Total Referenced Viewpoints 33,321
Total Viewpoints (Combined) 38,739
Average per Article
Sentences 30.9
Viewpoints 77.4
Citations 27.0
Viewpoints per Sentence 2.5

Publication Year
2025 70

Table 2: ARCHE Bench Overall and Average Statistics.

All models are evaluated in the ARCHE task (Section 3.1)
under same conditions, using the same prompts for consis-
tency. Temperature is fixed at 0.1 when configurable. We re-
port performance using the EC and REA metrics described
in Section 3.3.

4.2 Performance Comparison and Analysis
The overall results show that the models demonstrate mod-
erate performance across both evaluation dimensions.

The average EC is 51.4%, with a wide spread from 0%
to 100%. The median is 66.7%, indicating that the models
are able to identify most of the core scientific entities, de-
spite high variance. REA is relatively low, with an average
of 28.3% and a median of 25%. Additional results are pro-
vided in Table 1.

As shown in Figure 3, no model performs ideally in both
EC and REA. A perfect RLT should demonstrate 100% ac-
curacy in tracing reasoning steps from the given viewpoints
to the core idea, while simultaneously covering all key enti-
ties, as illustrated by the green region in the figure.

In terms of overall performance, models with advanced
reasoning capabilities, such as Gemini-2.5-Pro-thinking, o3,
Grok-3, and Claude-Opus-4-thinking, perform significantly
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Figure 3: Comparative performance of LLM models in terms of EC and REA across three domains: (Left) Physical Sciences,
(Middle) Biological Sciences, and (Right) Overall. Each point represents a model’s performance. The green region (BR) indi-
cates a preferable area with both higher coverage and accuracy. The red dashed curve denotes the trade-off frontier.

better than comparatively less optimized models like gpt-
4o. This suggests that existing techniques, such as chain-
of-thought prompting and reasoning-specific optimization
strategies, indeed play a meaningful role in enhancing
model reasoning. These observations also indirectly vali-
date the utility of the ARCHE benchmark. For example,
o3 significantly outperforms GPT-4o on both EC and REA,
while Claude-Opus-4 achieves much higher EC scores than
Claude-4. On the other hand, models with similar architec-
tures and training scales exhibit comparable behavior. For
example, Gemini-2.5-Pro and its thinking variant show only
minor differences, with the latter producing a slight im-
provement in REA but no substantial overall gain.

However, the highest-performing models interestingly ap-
pear to align along a smooth curve (highlighted by the red
dotted line), indicating that despite differences in model ar-
chitecture and training objectives, there exists an apparent
boundary in the joint space of accuracy and coverage. From
this perspective, no single model has yet demonstrated a sub-
stantially superior ability to master and formalize reasoning
chains with the fundamental paradigms.

4.3 Reasoning Performance by Type
Table 3 presents the performance of the model in three types
of reasoning: abductive, deductive, and inductive. Grok-3
emerges as the model that performs the best overall, achiev-
ing the highest scores in all categories. GPT-4o and Gemini-
2.5-Pro also show strong results, particularly in deduc-
tive reasoning. Claude-Sonnet-4 performs well on abductive
tasks, with the accuracy reaching 63.7%.

In contrast, models such as DeepSeek-R1 and o3 show rel-
atively weak performance in deductive reasoning, both scor-
ing around 40%. Although Grok-4 belongs to the same fam-
ily as Grok-3, its performance is notably lower in both de-
ductive and inductive tasks. This discrepancy is likely due
to Grok-4 generating more outputs without providing valid
reasoning, which reduces step-level accuracy.

Model Abductive Deductive Inductive
Claude-Opus-4 58.9% 42.4% 57.1%
Claude-Sonnet-4 62.0% 50.0% 63.7%
DeepSeek-R1 48.8% 40.6% 59.0%
Doubao-Seed-1.6 54.1% 46.9% 48.0%
GPT-4o 56.9% 63.4% 59.3%
Gemini-2.5-Pro 60.3% 59.5% 56.7%
Gemini-2.5-Pro-thinking 72.5% 56.9% 55.5%
Grok 3 87.1% 74.0% 77.9%
Grok 4 58.3% 36.6% 40.0%
o3 57.4% 40.0% 42.2%

Table 3: Reasoning Accuracy on 3 Types of Tasks.

Note that Table 3 only includes reasoning steps with valid
output formatting. As a result, accuracy values are substan-
tially higher than those reported in Table 1, which also ac-
counts for formatting errors. Despite prompt refinement and
multiple rephrasings, formatting issues remain prevalent.
This suggests that the current setup already approaches the
expressive limits of these models. The root cause lies in their
inability to grasp the structural constraints of the reasoning
paradigms and to express them in syntactically valid forms.
This also explains why GPT-4o does not appear significantly
weaker than other models in Table 3. A large portion of its
output contains structural violations, such as mixing incom-
patible reasoning types, which are filtered out during the for-
mat validation. This further demonstrates the robustness of
our benchmark, which reliably distinguishes models by their
ability to generate structurally valid and correct reasoning,
rather than surface-level fluency.

4.4 Analysis of Step Efficiency
Table 4 compares the extraction behavior of reasoning
chains of different language models, using Average Total
Steps (ATS) and Average Effective Steps (AES) as evalu-
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Model ATS AES
Gemini-2.5-Pro 12.4 5.8
Gemini-2.5-Pro-thinking 13.2 5.3
o3 11.7 4.9
Grok-4 20.1 4.9
Grok-3 11.0 4.0
Claude-Opus-4 11.0 3.3
Doubao-Seed-1.6 8.6 2.5
Claude-Sonnet-4 8.1 2.2
DeepSeek-R1 8.9 1.9
GPT-4o 9.2 1.2

Table 4: Performance Comparison of Language Models by
Step Metrics. ATS: Average Total Steps; AES: Average Ef-
fective Steps.

ation metrics. ATS reflects the average number of reasoning
steps generated per RLT, while AES measures the subset of
steps that are logically valid and relevant to the final answer.

The results show that Grok-4 has the highest ATS (20.1),
indicating a tendency to produce longer reasoning chains.
However, its AES (4.9) does not increase proportionally,
resulting in a relatively low proportion of effective steps.
In contrast, o3 achieves a similar AES (4.9) with a much
shorter ATS (11.7). A similar pattern is observed in Gemini-
2.5-Pro-thinking, which generates slightly more steps (ATS
13.2) than the base Gemini-2.5-Pro (ATS 12.4), but with
a marginally lower AES (5.3 vs. 5.8). Models such as
Claude-Sonnet-4 and DeepSeek-R1 exhibit lower ATS val-
ues (around 8–9), with correspondingly low AES scores. In
particular, GPT-4o produces the lowest AES (1.2) among all
models, suggesting that it typically contributes only a single
effective reasoning step per instance.

These findings indicate that longer reasoning chains do
not necessarily correlate with higher reasoning quality.
Some models tend to produce verbose or redundant outputs
without improving step utility. Furthermore, even the best-
performing model extracts fewer than six valid inferences
on average from introductions containing more than 30 sen-
tences, despite also having access to supporting viewpoints
from references. This highlights a substantial gap between
the performance of the current model and the goal of robust
paradigm-aligned scientific reasoning.

5 Discussion
5.1 Key Findings and Insights
Our experiments reveal a fundamental limitation in the abil-
ity of current LLMs to explain scientific reasoning. Al-
though many leading large reasoning models are capable of
generating fluent, reasoning-like natural language outputs,
they still lack a genuine grasp of reasoning itself. Even when
presented with peer-reviewed scientific texts that contain
verified and logically coherent points of view, these mod-
els often fail to identify the underlying logic of reasoning
behind scientific claims and evidence.

This deficiency poses a major risk in the use of LLMs
for scientific discovery. Scientific discovery requires a trans-

parent and grounded thought process for rigorous verifica-
tion and supervision. To this end, we advocate for the ex-
plicit incorporation of reasoning-paradigm-aligned data dur-
ing model pre-training and instruction. Alternatively, rea-
soning supervision objectives could be augmented with re-
ward signals grounded in formal paradigms to promote
structurally valid and interpretable inference.

This motivation underlies the name of our task, ARCHE.
The term arch, originating from ancient Greek philoso-
phy and later formalized by Aristotle, denotes ’principle’,
’source’ or ’cause’. It reflects our belief that an effective rea-
soning benchmark must go beyond surface-level correctness
and instead guide the development of models capable of ver-
ifiable, paradigm-based reasoning in complex scientific do-
mains. We hope that the ARCHE Bench will serve as a foun-
dation for future work toward models that not only speak in
the language of reasoning but also reason in its true form.

5.2 Limitations and Future Work
Despite the insights obtained, our study has several limita-
tions, which we aim to address in future work:

1. Limited corpus scale. The current benchmark includes
only 70 research articles. Each ARCHE evaluation re-
quires the model to process a full introduction along
with all cited abstracts, resulting in high token usage,
approximately $4 per paper across all 10 models. Al-
though this constrains the size of the dataset, previous
work (Press et al. 2024) suggests that small, carefully cu-
rated corpora can still meaningfully reveal model weak-
nesses. To improve both scale and diversity, we plan to
expand the benchmark to include multidisciplinary con-
tent such as chemistry and artificial intelligence to assess
cross-domain generalization.

2. Partial research context. The current benchmark fo-
cuses solely on the Introduction section, as it typically
presents the central hypothesis or contribution. However,
excluding Methods and Results may underestimate an
LLM’s ability to reason across the full scientific work-
flow. Reasoning based on experimental findings and iter-
ative hypothesis formation is also essential. We will ex-
tend ARCHE to include these sections, allowing end-to-
end evaluation of hypothesis generation, evidence collec-
tion, and conclusion formation.

6 Conclusion
We present a novel task, ARCHE, along with an auto-
mated benchmark designed to evaluate LLMs on scien-
tific reasoning. Through evaluation on ARCHE Bench, we
demonstrate that state-of-the-art models, including those op-
timized for reasoning, still struggle to reliably identify and
organize reasoning chains in scientific texts. Our multi-
perspective analysis reveals that fluent natural language rea-
soning does not imply an internalized understanding of rea-
soning paradigms. These findings highlight the need for
paradigm-guided reasoning supervision, whether through
data, reward design, or training framework. We hope that
ARCHE will serve as a foundation for future research to-
ward models that truly learn and apply reasoning.
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