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Abstract

The Algorithmic Recursive Sequence Analysis (ARS), in its ver-
sions 2.0 to 4.0, has developed a methodological framework that bridges
qualitative hermeneutics and formal modeling (PCFG, Petri nets,
Bayesian methods, computational linguistics). In parallel, the KI re-
search community has established a class of benchmarks (DPG-Bench,
ARC-AGI, SWE-Bench, ReClor, GPQA, among others) that mea-
sure not final answers but process quality — step sequences, planning,
rule induction, robustness. This paper argues that these benchmarks
can be fruitfully appropriated not as tests but as epistemic operators
for qualitative research. We show that the principles already imple-
mented in ARS — interpretation production, sequential micro-analysis,
controlled falsification, rule induction, formal modeling — correspond
exactly to the structural logics of process benchmarks. The bench-
mark literature provides a conceptual and methodological resource
for sharpening the quality criteria of qualitative research (intersub-
jectivity, transparency, reflexivity) for the age of generative KI. We
conclude with proposals for a methodological extension of ARS to-
ward adversarial qualitative sequence analysis (AQSA).

1 Problem Statement: Two Discourses, One
Structure

Qualitative social research and KI research on large language model (LLM)
evaluation appear, at first glance, to be separate worlds. The former oper-
ates with meaning-genetic categories, case reconstruction, and hermeneutic



depth. The latter operates with quantitative metrics, benchmark scores, and
statistical generalization.

Nevertheless, as this paper argues, both discourses share a fundamental
methodological interest: the visibility and testability of processes. Qualitative
research demands complete documentation of the path of knowledge [10].
Process benchmarks demand that LLMs make step sequences, plans, and
rule applications explicit [2, 12].

ARS has already developed, in versions 2.0 through 4.0, a framework that
provides precisely this process visibility for qualitative sequence analysis [4].
This paper takes the next step: It shows that the methodological principles of
ARS — interpretation production, sequential micro-analysis, controlled falsifi-
cation, rule induction, formal modeling — correspond exactly to the structural
logics of established LLM process benchmarks.

The benchmark literature is thus not a methodological threat but a con-
ceptual resource. It provides a vocabulary for describing, testing, and vali-
dating the process quality of qualitative interpretations.

2 What Process Benchmarks Measure — and
Why This Matters for ARS

2.1 DPG-Bench and the Logic of Process Evaluation

DPG-Bench [12] measures not the correctness of final answers but the quality
of the entire solution path. A model is evaluated on whether it:

e plans step by step,
e identifies and solves subproblems,
e detects and corrects errors,

e documents the solution process explicitly.

These criteria are functionally identical to the requirements of qualitative
sequence analysis: Every interpretation must be developed step by step from
the material, every interpretation must reflect its own contingency, every rule
must be falsifiable against the sequence.



2.2 ARC-AGI and the Explication of Transformations

ARC-AGI [2] tests abstract reasoning through visual transformation tasks.
A model must induce a rule from few examples and apply it to new instances.
Crucially, the transformation must be made explicit.

For ARS, this means: Every interpretation production is a transformation
of sequence material into interpretive categories. The benchmark logic of
ARC-AGI reminds us that these transformations must be explicit, traceable,
and rule-based — precisely what the hierarchical grammar induction of ARS
3.0 accomplishes [5].

2.3 SWE-Bench and the Logic of Rule Induction

SWE-Bench Verified [3] tests the ability of LLMs to solve real-world GitHub
issues. A model must generate code patches that meet specified requirements.
The process logic is:

1. Problem understanding,
2. Rule induction from the codebase,
3. Patch generation,

4. Self-correction through test feedback.

This logic corresponds exactly to rule induction in ARS: From observed
sequences, rules are extracted (nonterminals), formally modeled (PCFG,
Petri net), and validated against new sequences.

2.4 ReClor, GPQA and the Logic of Adversarial Fal-
sification

ReClor [11] tests logical reasoning under adversarial conditions — tasks are
constructed so that superficial patterns lead astray. GPQA [9] presents ex-
tremely difficult scientific questions that are ” Google-proof.”

For ARS, this is the methodological reminder that interpretations must
not only be produced but systematically falsified. Objective hermeneutics
has already established this principle [7]. The benchmark literature provides
a contemporary vocabulary for describing this falsification as adversarial rea-
soning.



3 Principles Already Implemented in ARS —
and Their Benchmark Correspondences

The following table systematizes the correspondences between ARS principles
and process benchmarks:

Table 1: ARS Principles and Their Benchmark Correspondences

ARS Principle Corresponding Benchmark / Principle

Interpretation as stepwise pro- DPG-Bench: Step-by-step planning
cess
Explication of transformations ARC-AGI: Explicit transformation

rules
Hierarchical grammar induc- SWE-Bench: Rule induction from
tion structures
Controlled falsification of in- ReClor / GPQA: Adversarial reason-
terpretations ing
Formal modeling (PCFG, SWE-Bench: Patch generation + val-
Bayes, Petri) idation
Resource modeling Tool-based ~ benchmarks  (BFCL,
Toolathlon)

This table is not an equation. It shows that the logical operations —
step structuring, explication, rule induction, falsification, formal validation
— are identical in both discourses. The benchmark literature has named and
operationalized these operations more precisely than qualitative methodology
has done to date.

4 From ARS to Adversarial Qualitative Se-
quence Analysis (AQSA)

4.1 The Methodological Gap: Explicit Falsification

ARS documents interpretive decisions (methodological reflection in ARS 3.0).
However, it does not implement an explicit, systematic adversarial testing
of interpretations. Falsification is left to the implicit skill of the interpreter.

The benchmark literature offers a precision here: Adversarial benchmarks
(ReClor, GPQA) construct test cases such that tempting but false paths



must be explicitly excluded. Translated to qualitative sequence analysis,
this means:

1. For each interpretation, a systematic competing interpretation is gen-
erated.

2. Both interpretations are tested against the material.

3. The interpretation that coherently explains more sequence phenomena
is preferred.

4. The rejected interpretation is documented — as a trace of falsification.

4.2 Threefold Division of Epistemic Roles

The integration of LLMs into this process leads to a clear division of roles,
already present in ARS but not explicitly named:

Table 2: Epistemic Roles in AQSA

Role Function ARS Correspondence
LLM (Generator) Production Phase 3 (counterfactual exploration)
Human (Falsifier) Testing Phase 2 (sequential micro-analysis)

Formal Model (Validator) Structural testing Phase 5 (PCFG, Petri net, Bayes)

This threefold division is epistemically clean because it uses the strengths
of each actor without losing methodological control: The LLM generates
heuristically, the human interprets hermeneutically, the formal model vali-
dates structurally.

4.3 The Category Chain as Terminal String

The terminal symbol chains used in ARS are functionally identical to the
terminal strings of processual benchmarks. The sequence:

CA-AQ-SA-CO-QA-TS-PE-UQ-PR-PR2-AQ2 - AP -
CF

(concretized from the vegetable stand transcript [6]) is a terminal string
that can be translated into any formal modeling language: PCFG induction,
Bayesian network structure, Petri net transition graph.

The benchmark literature has shown that such terminal strings make pro-
cessual coherence testable. ARS can adapt this principle without abandoning
its hermeneutic foundation.



5 Benchmarks as Epistemic Operators — A
Methodological Reassessment

5.1 Benchmarks Are Not Tests but Structuring De-
vices

The typical reception of benchmarks in the social sciences is defensive: Bench-
marks are criticized as reductionism or false objectivism. This critique misses
the potential of the benchmark literature.

Benchmarks such as DPG-Bench, ARC-AGI, or SWE-Bench are not tests
in the sense of standardized performance measurement. They are epistemic
operators: They enforce process structures that are constitutive for any ra-
tional reconstruction of decisions — step sequence, explication, rule reference,
error tolerance, self-correction.

Qualitative research can adapt these operators without abandoning its
methodological foundations. It can ask: How would an interpretation pro-
duction have to be structured to pass a "benchmark of qualitative interpre-
tation”?

5.2 XAI and Benchmarks: Two Sides of the Same Coin

XAI methods (Explainable AT) aim to make the decisions of complex models
traceable [1]. Benchmarks aim to measure processual competencies. Both
share a fundamental interest: transparency of process.

For ARS, this means: The XAI criteria (meaningfulness, accuracy, knowl-
edge limits) [8] can be operationalized through benchmark principles. An in-
terpretation is meaningful if it can be represented as a step sequence (DPG-
Bench principle). It is accurate if it is adversarially falsifiable (ReClor princi-
ple). Its limits are identifiable if it fails on contrast cases (GPQA principle).

5.3 Adversarial Qualitative Sequence Analysis (AQSA)
as a Methodological Proposal

From this synopsis, we develop the proposal for an Adversarial Qualitative
Sequence Analysis (AQSA). AQSA extends ARS by four methodological op-

erators:

1. Process Explication: Every interpretation production is documented
as an explicit step sequence (DPG-Bench principle).



2. Transparency of Transformations: Every interpretive transforma-
tion is explicated as a rule (ARC-AGI principle).

3. Adversarial Falsification: For each interpretation, a systematically
varied competing interpretation is generated and tested (ReClor prin-
ciple).

4. Structural Validation: Every final interpretation is translated into a
formal model (PCFG, Bayes, Petri) and tested against new sequences
(SWE-Bench principle).

AQSA is not a departure from the hermeneutic tradition but its precisi-
fication in the age of generative KI. It uses the methodological rigor of the
benchmark literature without adopting its scientism.

6 Conclusion and Outlook

The discussion of process benchmarks in KI research and the discussion of
methodological control in qualitative research have so far proceeded sepa-
rately. This paper has argued that this separation is artificial. Both dis-
courses share the fundamental interest in the visibility, testability, and rule-
guidedness of processes.

ARS, with its formal modeling (PCFG, Petri nets, Bayesian methods),
has already shown how qualitative sequence analysis can be made process-
transparent. The benchmark literature provides a conceptual and method-
ological toolkit to sharpen this transparency further — especially with regard
to systematic falsification and adversarial testing.

For future research, three desiderata emerge:

1. Development of a Qualitative Benchmark Protocol: A formal-

ized procedure for the processual evaluation of interpretations that
adapts the principles of DPG-Bench, ARC-AGI, and ReClor.

2. Empirical Testing of AQSA: Application of adversarial qualitative
sequence analysis to heterogeneous corpora (conflict conversations, ne-
gotiations, therapeutic interactions).

3. Software Support: Implementation of an open-source environment
that integrates the production of competing interpretations (LLM),
systematic falsification (GUI for human interpreters), and structural
validation (PCFG, Bayes, Petri).



In conclusion: The question is not whether benchmarks belong in qual-
itative research. They are already there — as implicit quality criteria that
any rational reconstruction of interpretations must satisfy. The question is
whether we make these criteria explicit. ARS and AQSA offer a way forward.
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