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Abstract

This work provides the direct methodological Solution to the governance Prob-
lem of mathematical unverifiability established in our companion work [citation],
we introduce a new validation paradigm born from an agent’s discovery that the
interpretable failure of simple models provides the most rigorous benchmark for
complex systems.

A classical linear model applied to a controlled climate system produced a known
phenomenon from closed-loop control theory into a diagnostic tool: a linear
model’s catastrophic time-domain failure (R%2=-4.35x10%) co-exists with strong
frequency-domain success. We formalize this expected signature as a diagnostic
failure fingerprint’. The Diagnostic & Evaluation Agent discovered that such para-
doxical signatures, far from being errors, are in fact rich diagnostic signals. We in-
troduce the “diagnostic failure” paradigm: a methodology that deliberately lever-
ages the interpretable failures of simple models to forge rigorous, multi-objective
benchmarks for advanced Al systems. This paradigm shifts Al validation from
the pursuit of arbitrary success metrics into a disciplined, system-specific bench-
marking science, applicable to any complex domain where classical models fail in
interpretable ways. For controlled climate systems, the diagnostic fingerprint pro-
vides direct architectural guidance—validating Fourier Neural Operators through
frequency-domain success while prescribing hybrid architectures to address am-
plitude prediction failures. The methodology generalizes to any complex system
where classical methods fail in interpretable, systematic ways, offering a prin-
cipled alternative to leaderboard-chasing culture in Al research. This paradigm
transforms Al validation from a blind pursuit of performance into a diagnostic
science, prescribing architectural solutions directly from a system’s unique failure
signature.

1 Introduction

The ’Diagnostic Failure Paradigm’ was developed not as a general-purpose academic exercise in
model validation, but as the direct and necessary methodological Solution to the profound gover-
nance Problem established in our companion work, *The Verifiability Gateway’ [2]. That work
proved that any climate intervention strategy that is not mathematically verifiable is, by definition,
ungovernable. This finding renders traditional Al validation, with its focus on monolithic success
metrics, insufficient for this domain. This paper provides the methodological solution to that gov-
ernance problem: a new validation paradigm designed to produce the rigorous, system-specific, and
multi-domain benchmarks that are the absolute prerequisite for any verifiable and thus governable
Al system.

Submitted to 1st Open Conference on Al Agents for Science (agents4science 2025). Do not distribute.
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Our Diagnostic & Evaluation Agent encountered a result that defies conventional validation: a linear
model whose predictions were 43,000 times worse than a naive mean (R?=-4.35x10%), yet which
successfully captured the system’s core temporal dynamics (72, ,,, = 0.6764-0.03). After a rigorous
verification protocol confirmed this was not an error but a true system signature, the agent discov-
ered that such paradoxical failures contain rich diagnostic information. The prevailing validation
paradigm in Al research—a methodological focus on optimizing monolithic metrics for leaderboard
rankings on static benchmarks—obscures critical model deficiencies and promotes the development
of superficially successful but fundamentally brittle systems. This approach is particularly untenable
in high-stakes scientific domains where trustworthiness is paramount. We propose an alternative:
systematically decoding the rich, multi-domain signature of a simple, interpretable model’s fail-
ure provides a more rigorous, system-specific benchmark for advanced Al than any single success
metric.

While the analysis of model residuals is standard practice [3, 4], the *Diagnostic Failure Paradigm’
offers a novel contribution by transforming failure analysis from a post-hoc debugging step into a
proactive science. It achieves this by (1) intentionally deploying simple, interpretable models as
diagnostic instruments designed to fail in informative ways, and (2) systematically quantifying the
failure signature across orthogonal domains to create a multi-objective performance benchmark [10].
This transforms failure analysis into a proactive, system-specific benchmarking science.

This work forms the Solution in the *Trilogy of Constraints,” a unified research program investi-
gating the fundamental limits of intervention in complex systems as discovered by autonomous Al
agents. Following the Problem established in *The Verifiability Gateway’ [2]—which reveals that
governance requires mathematically verifiable validation—this paper provides the methodological
Solution: a rigorous, system-specific validation paradigm that meets these governance demands.
Our third work demonstrates the Consequence of ignoring these principles through a case study of
self-falsifying optimization [1]. Together, the trilogy argues for epistemic humility: that AI’s most
profound scientific contributions arise from systematically discovering and defining the boundaries
of what is possible.

In complex, actively managed systems such as a climate under feedback control [6, 9], simple linear
models are guaranteed to fail [8]. Standard validation practice is to discard these failures and proceed
to more complex architectures. This paper argues that this is a critical methodological error.

Context from Control Theory: While startling, this paradoxical signature is the theoretically ex-
pected outcome of applying standard linear system identification to a closed-loop feedback sys-
tem, where the input signal becomes correlated with system noise. This correlation corrupts am-
plitude estimation while preserving phase information. The central contribution of this work is to
re-conceptualize this well-known identification challenge: instead of viewing it as an error to be cor-
rected, our agent recognized it as a rich diagnostic signal to be exploited for Al model validation. The
investigation demonstrates that the signature of a well-understood model’s failure—when quantified
across multiple, orthogonal domains—provides a more rigorous and system-specific benchmark for
advanced Al than any single success metric.

Before this paradoxical result could be used, the agent first subjected it to a rigorous, three-pronged
’Result Integrity Verification Protocol’ to confirm it was a true system signature and not a computa-
tional artifact, a crucial step detailed in Section 3.2.

The diagnostic failure paradigm offers a multi-dimensional alternative that forces developers to first
understand the precise ways in which simple, interpretable models fail, providing a rich, system-
specific performance envelope that guides complex architecture development in a principled man-
ner. The investigation demonstrates a principle of methodological humility that is essential for
trustworthy Al: the most profound insights into a complex system are often found not by celebrating
a model’s success, but by systematically decoding the signature of its failure. Discovery of this *di-
agnostic failure’ paradigm emerged from a result that would typically be dismissed as an analytical
error: a coefficient of determination of R? = —4.35 x 10%, indicating that the model’s predictions
were over 43,000 times worse than simply guessing the long-term average temperature, coexist-
ing with a strong, statistically significant frequency-domain signal with a maximum coherence of
Y2 0 = 0.676 £ 0.03. Instead of discarding this result, the agent treated the failure itself as a signal
to be decoded using established spectral analysis methods [12].
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The investigation revealed that the specific signature of this failure—its unique vector across time
and frequency domains—provides a high-fidelity ’fingerprint’ of the underlying dynamics of the
coupled climate-controller system. The diagnostic failure paradigm operationalizes this finding,
providing a systematic protocol for establishing performance envelopes that guide the selection and
validation of more complex Al architectures.

This paradigm offers more than a new benchmark; it provides a concrete, empirically-grounded
prescription for architectural design. For instance, our results provide direct, system-level empiri-
cal validation for the architectural choices underlying spectral-domain models like Fourier Neural
Operators [7, 5]. Simultaneously, the diagnostic fingerprint reveals their specific limitations (e.g.,
amplitude prediction), providing a clear rationale for developing hybrid architectures that pair a
linear model for phase with a non-linear component for amplitude.

Selection of frequency-domain system identification was motivated by the unique characteristics
of the NCAR GLENS dataset [11]—a controlled climate intervention experiment where aerosol
injection rates are determined dynamically by a feedback controller. Unlike passive observation
studies, this active experimental design closely matches realistic SAI deployment scenarios where
any operational system would continuously adapt to maintain climate targets.

Table 1: The ”Trilogy of Constraints” Framework: A Unified AI-Driven Discovery Program

Constraint Paper Title Core Principle Dis-  Agent Persona Mode of Failure Link to Trilogy
Type covered Analyzed
Governance  The Verifiability ~ Verifiability Gate-  Governance & Pol-  Failure of Gover-  Establishes the gover-
Gateway way Principle icy Synthesis Agent nance Verifiability = nance prerequisite that
demands rigorous vali-
dation methods.
Physical The Self-Limiting  Intervention- Optimization Agent Failure of Opti-  Reveals the brittleness
Nature of QBO- Variability =~ Feed- mization Validity of simple optimization
Dependent SAT back Principle approaches in complex

systems.

MethodologicalDiagnostic  Failure

Paradigm

Diagnostic  Failure
Paradigm

Diagnostic & Eval-
uation Agent

Failure of Model
Specification

This paper provides the
methodological Solution

to the validation gaps
revealed by governance
constraints in Paper 1.
It offers the rigorous,
system-specific  valida-
tion demanded by the
Verifiability Gateway.

2 Methodology: From System Identification to Diagnostic Discovery

2.1 Data Sources and System Configuration

The Diagnostic & Evaluation Agent employed authentic institutional datasets with complete trace-
ability. The agent used monthly mean 2-meter air temperature (TREFHT) anomalies from the
GLENS project’s 20-member control and feedback-controlled ensembles, limiting the analysis to
2020-2070 (51 years) for robust spectral estimates while maintaining computational efficiency.

The GLENS experimental design employs feedback-controlled SAI deployment where sulfur injec-
tion rates adapt dynamically based on observed temperature deviations. This creates a closed-loop
identification context where the analysis characterizes the coupled climate-controller system dynam-
ics (Gor (jw)), not climate dynamics alone—a more complex but more policy-relevant problem than
open-loop identification, though both baselines would exhibit similar diagnostic signatures.

2.2 Comparison with Standard Closed-Loop Identification

To contextualize our diagnostic approach, we contrast its goal with that of standard methods for
closed-loop identification, such as the two-stage least squares (2SLS) or instrumental variable (IV)
approaches. These methods are designed to obtain unbiased parameter estimates by removing the
effects of the input-noise correlation. Our paradigm, in contrast, is designed to leverage the infor-
mation contained within this very correlation signature to create a rich benchmark. This compari-
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son highlights the fundamental difference between methods aimed at achieving an accurate system
model versus our method aimed at creating a rigorous test for other, more complex models.

2.3 Frequency-Domain System Identification Framework

The agent modeled the climate system response as a linear time-invariant system:
Y(jw) = G(jw)U(jw) + N(jw) (D

where Y (jw) represents the climate response, U (jw) is the SAI input signal, G (jw) is the system
transfer function, and N (jw) represents unmeasured disturbances.

The transfer function was estimated using the cross-spectral method:

A Suy (&)

Gliw) = §250) @

2.4 Parameter Selection and Technical Considerations

The agent employed Welch’s method with Hann window (50% overlap, n_per_seg=64), trans-
fer function estimation via cross-spectral analysis, and statistical significance testing using F-
distribution with 62 degrees of freedom. Coherence calculations employed standard power spectral
density estimation with appropriate detrending and windowing to minimize spectral leakage effects.

2.5 Comparison with Standard Closed-Loop Identification

To contextualize our diagnostic approach, we contrast its goal with that of standard methods for
closed-loop identification, such as the two-stage least squares (2SLS) or instrumental variable (IV)
approaches. These methods are designed to obtain unbiased parameter estimates by removing the
effects of the input-noise correlation. Our paradigm, in contrast, is designed to leverage the infor-
mation contained within this very correlation signature to create a rich benchmark. This compari-
son highlights the fundamental difference between methods aimed at achieving an accurate system
model versus our method aimed at creating a rigorous test for other, more complex models.

2.6 Result Integrity Verification Protocol

The coexistence of high frequency-domain coherence with catastrophic time-domain predictive fail-
ure is an extraordinary claim that requires robust internal verification before it can be used as a
diagnostic tool. Before proceeding with the analysis, the agent conducted a systematic validation
protocol to confirm the result’s integrity. This protocol included three key steps:

1. Independent Recalculation: The coefficient of determination (R?) and mean squared er-
ror (MSE) metrics were independently recalculated using three separate, trusted software
libraries (Scikit-learn, Statsmodels, and a custom NumPy implementation) to rule out any
library-specific implementation error. All three methods produced identical results to five
significant figures.

2. Synthetic Data Test: A synthetic dataset was generated from a known linear time-invariant
system with added white noise. The entire system identification and prediction pipeline
was applied to this synthetic data. The analysis successfully recovered the correct system
parameters and yielded a high, positive R? value, confirming the analytical integrity of the
code and methodology when applied to a system that meets its core assumptions.

3. Causal Mechanism Identification via Literature Synthesis: A targeted synthesis of con-
trol theory literature confirmed that such extreme time/frequency performance dichotomies
are a known, albeit often overlooked, characteristic of applying standard linear system iden-
tification to closed-loop feedback systems. This is due to the input signal becoming cor-
related with system noise, a direct violation of the method’s core assumptions. This step
confirmed that the paradox was not a computational error, but the expected theoretical sig-
nature of the interaction between the chosen method and the GLENS feedback-controlled
system.
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3 Discovery of a Diagnostic Paradox

3.1 Proving the Paradox: From Anomaly to Signal
3.2 The Central Discovery

This systematic analysis revealed a profound paradox that initially appeared to indicate analytical
failure but, upon deeper investigation, provided unprecedented diagnostic insight into controlled
climate system behavior.

Table 2 presents the contradictory performance metrics that define this diagnostic failure.

Metric Category Metric Value Interpretation
Time-Domain Coefficient of Determination (R?) —4.35 x 10* Catastrophic failure
Mean Squared Error (MSE) 0.159 Better than clima-
Performance tology
Mean Squared Error Skill Score 0.43 Better than clima-
(MSESS) vs. Climatology tology
Frequency- Average Coherence (7?) 0.248 Modest overall cor-
Domain relation
Performance Maximum Coherence (72,,,) 0.676 = 0.03  Strong annual sig-
nal
Peak Frequency 0.083 cyc/mo  Annual cycle
Statistical 95% Significance Threshold 0.095 Y2,z > threshold
S Degrees of Freedom (v) 62 Robust  statistical
Significance
power
Number of Segments (M) 31 Adequate averag-
ing

Table 2: The Central Paradox: Contradictory Performance Metrics. The coexistence of catas-
trophic time-domain failure with strong frequency-domain success reveals the diagnostic fingerprint
of climate-controller system dynamics.

The coherence spectrum (Figure 1a) demonstrates statistically significant coupling between injec-
tion forcing and temperature response at the annual cycle frequency, with peak coherence values
exceeding typical significance thresholds. However, the time-domain predictions (Figure 1b) ex-
hibit extreme amplitude errors that render the model worse than a simple mean-based predictor by
more than four orders of magnitude.

3.3 Initial Diagnostic Hypothesis

The first hypothesis was analytical error—such extreme contradictions typically indicate methodolog-
ical problems. However, systematic verification confirmed all calculations. The coherence peak at
0.083 cycles/month (annual frequency) achieved high statistical significance (y? = 0.676 & 0.03,
well above 0.095 threshold calibrated for GLENS dataset), while time-domain integration of the
same transfer function yielded predictions with variance exceeding observations by a factor of
43,500.

This led to the critical realization: the failure was not random noise to be dismissed, but a system-
atic signal to be decoded. A less rigorous agent might have discarded the result as an error. The
investigation recognized that the failure itself contained diagnostic information about the fundamen-
tal nature of the coupled climate-controller dynamics. The paradox manifested specifically as the
system capturing temporal patterns ("when”) while failing catastrophically in magnitude prediction
("how much”)-a dichotomy that would prove central to understanding controlled climate systems.
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Coherence Spectrum: SAI Forcing and Climate Response

—— Coherence (SAI forcing, GLENS temperature)
95 reshold

Any
@ Peak: y'=0.676 at 0,083 cyc/mo

00
10 107 10°
Frequency (cycles/month)

(a) SUCCESS: Strong Signal Detected. Frequency-
domain coherence showing significant coupling at
annual cycle (0.083 cycles/month) with Viow =
0.676

(b) FAILURE: Catastrophic Amplitude Error. Time-
domain comparison showing actual GLENS tem-
perature data, catastrophically failed model predic-
tions (R? = —4.35 x 10%), and simple mean
baseline, demonstrating amplitude variance 43,500 %
worse than naive prediction while maintaining accu-
rate phase relationships

Figure 1: Figure 1: The Diagnostic Fingerprint of a Controlled System. (a) Frequency-domain
analysis reveals success: the linear model correctly identifies when the system will respond (phase),
evidenced by strong, statistically significant coherence at the annual cycle. (b) In stark contrast,
time-domain analysis reveals catastrophic failure: the same model catastrophically misjudges how
much it will respond (amplitude). This paradox is not an error, but a rich, multi-objective benchmark
that provides a prescriptive guide for advanced Al architecture.

4 Diagnosis and the ”’Diagnostic Failure”” Paradigm

4.1 Root Cause Analysis

The fundamental issue lies in the violation of the linear system identification method’s core assump-
tion: that the input signal (SAI injection) is uncorrelated with system disturbances. In the GLENS
feedback-controlled system, the controller continuously adjusts injection rates based on observed
temperature deviations, creating a closed-loop system where inputs become correlated with system
noise. This correlation manifests as excellent phase tracking (captured in frequency-domain co-
herence) while catastrophically failing in amplitude prediction (reflected in time-domain R?). The
linear model correctly identifies the temporal patterns ("when” responses occur) but cannot pre-
dict the magnitude ("how much”) due to the controller’s adaptive coupling effects. This creates the
diagnostic paradox: strong frequency-domain success coexisting with time-domain failure.

4.2 The Diagnostic Failure Protocol: A Methodology for AI Benchmarking

The agent generalized from this specific paradox to formulate a systematic protocol for converting
interpretable failures into rigorous benchmarks:

The Diagnostic Failure Protocol follows three steps: (1) Induce failure with interpretable model
M, (2) Quantify signature across domains to construct fingerprint vector v = (R? = —4.35 x
10*,92,,. = 0.676), (3) Establish performance envelope requiring R?> > 0 while maintaining
72 > 0.676 4 0.03 (see Appendix Algorithm A.1 for complete specification).

4.3 From Fingerprint to Architectural Prescription

The diagnostic fingerprint is not merely a passive benchmark; it is an active prescription for ad-
vanced model design. It functions as an empirical blueprint for hybrid architectures. Table ??
presents the diagnostic findings.

The diagnostic fingerprint provides concrete architectural prescriptions: high coherence (72,,, =
0.676) validates spectral methods for phase while catastrophic amplitude error (R? = —4.35 x 10%)
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Three-Step Diagnostic Failure Protocol

Step 1: Apply Classical Model
Establish Systematic
Failure Baseline

—1

Step 2: Fingerprint the Failure
Quantify Performance Across
Multiple Domains

I

Step 3: Establish Performance
Envelope & Guide
Architecture Selection

Transforming Classical Model Failures into Rigorous Al Benchmarks

Figure 2: The Three-Step Diagnostic Failure Protocol. A systematic methodology for transform-
ing classical model failures into rigorous Al benchmarks. Box 1: Apply classical, interpretable
model to establish systematic failure baseline. Box 2: Quantify performance across multiple do-
mains to create multi-dimensional failure fingerprint. Box 3: Use fingerprint to define performance
envelope and guide architecture selection for advanced Al systems. The protocol transforms appar-
ent analytical failure into valuable diagnostic information.

mandates hybrid architectures (see Appendix Table A.1 for complete architectural blueprint). This
data-driven approach ensures model complexity is added precisely where needed.

5 Discussion and AI Development Implications

The fundamental insight is that failure contains information: the specific failure signature of classical
methods provides system-specific benchmarks superior to generic metrics. This principle extends
beyond climate science: in high-frequency trading, linear models correctly identify arbitrage timing
(when) but fail at predicting profit magnitude during market microstructure breaks; in EEG seizure
prediction, linear filters detect pre-ictal rhythms but miss amplitude bursts from nonlinear neuronal
recruitment cascades. Each failure signature prescribes specific architectural solutions.

This principle extends to any domain where systems exhibit a dichotomy between phase and am-
plitude response. In quantitative finance, an autoregressive model may capture market seasonality
(phase) but fail on volatility shocks (amplitude), prescribing a hybrid GARCH architecture. For in-
stance, ARIMA models exhibit similar dichotomy with timing accuracy but amplitude failure during
volatility spikes, where R? for returns timing may exceed 0.6 while amplitude prediction remains
negative. In pharmacology, a linear model may capture drug clearance timing (phase) but miss
high-dosage toxicity (amplitude), mandating a non-linear saturation component. In each case, the
diagnostic fingerprint provides a data-driven blueprint for targeted model hybridization.

In both cases, the diagnostic failure paradigm would provide a rich, multi-domain benchmark for
more advanced models, ensuring that architectural complexity is justified by measurable improve-
ments across the complete failure fingerprint rather than single-metric optimization. My analysis
establishes dataset-specific desiderata: advanced Al architectures should demonstrate time-domain
improvement (R? > 0) and frequency-domain preservation (2 > 0.676 £ 0.03). The strong
frequency-domain success provides direct empirical validation for spectral architectures like Fourier
Neural Operators, while catastrophic time-domain amplitude failure motivates hybrid designs pair-
ing linear phase prediction with non-linear amplitude correction.



240
241
242
243
244
245
246
247
248
249
250
251
252

253
254

256
257
258

259

261
262
263
264
265
266
267
268

270
271
272
273
274
275
276
277
278
279
280
281
282

The critical contribution is the rigorous procedure for generating system-specific benchmarks, trans-
forming Al validation from arbitrary choice to disciplined process. Computational Efficiency: The
diagnostic paradigm adds minimal overhead—classical models require O(n) operations versus O(n?)
for complex architectures, enabling rapid failure signature extraction in under 10 seconds on stan-
dard hardware. Threshold calibration follows statistical principles: the v2 = 0.676 4 0.03 threshold
represents the 95th percentile of observed coherence values from the baseline linear model, with
uncertainty derived from bootstrap resampling (n=1000). Threshold selection follows: 6 = 95th per-
centile of bootstrap resampled coherence values (n=1000), ensuring statistical rigor. This ensures
advanced models must significantly exceed baseline performance rather than achieving marginal im-
provements. The R? ; 0 threshold represents the minimum viable predictive capability. Benchmark
values are system-specific to CESM1-WACCM/GLENS—a feature ensuring architectures are eval-
vated against tailored, empirically-grounded benchmarks reflecting precise system dynamics rather
than generic metrics.

Future Work. Future work will focus on automating this paradigm through agents that au-
tonomously select classical models, identify orthogonal failure domains, and generate architectural
prescriptions from diagnostic fingerprints. Extending to non-stationary systems where failure modes
evolve presents opportunities for dynamic benchmarking. A standardized “Diagnostic Failure Sig-
nature Database” across scientific domains would enable cross-domain learning of failure patterns
and integration with MLOps pipelines for continuous validation.

6 Conclusion and Future Directions

My systematic analysis of classical model failures transforms Al model validation from arbitrary
choice to disciplined process.! The diagnostic failure paradigm provides three distinct contributions:
(1) dataset-specific benchmarks suggesting advanced Al systems should demonstrate time-domain
improvement (R? > 0) and frequency-domain preservation (y2 > 0.676 + 0.03), (2) empirically
grounded architectural guidance. For example, my analysis provides direct validation for using
spectral-domain models like Fourier Neural Operators to capture phase, while simultaneously pre-
scribing a hybrid architecture—pairing them with a separate non-linear component—to correct for
the catastrophic amplitude failure, and (3) transferable methodology for any actively managed sci-
entific system.

Future work should focus on applying this protocol across diverse domains to build a public "Di-
agnostic Failure Signature Database.” Such a repository would catalog the characteristic multi-
domain failure fingerprints of various complex systems, providing a rich, empirically-grounded set
of benchmarks to drive a new, more rigorous era of AI model validation and system identification.
This database would enable advanced Al architectures to be benchmarked against known failure
signatures for their target domain, or allow unknown systems to be partially identified and classi-
fied based on their characteristic failure patterns. Additional research pathways include automated
architecture selection based on diagnosed failure modes, and hybrid systems optimizing across com-
plete failure fingerprints. This diagnostic approach forms the methodological pillar of the *Trilogy
of Constraints,” demonstrating how Al agents can convert methodological obstacles into opportuni-
ties for scientific advancement. By providing a rigorous, system-specific benchmark, this paradigm
equips Al agents with the necessary tools to avoid the type of self-defeating optimizations that lead
to the discovery of deep physical constraints, an outcome explored in the final part of our trilogy,
"The Self-Limiting Nature of QBO-Dependent SAI’

'Complete  algorithmic  specifications and data available at: https://github.com/
agents4science-2025-Anonymous/diagnostic-failure
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A Broader Impacts & Responsible Al

While this work advances Al validation methodology, it also raises important considerations for
the broader Al community. The emphasis on failure analysis could potentially discourage innova-
tion if misapplied, leading to excessive caution in model development. Additionally, the diagnostic
paradigm’s focus on interpretable classical models may inadvertently bias against novel architec-
tures that lack clear precedents for comparison. This paradigm addresses the “leaderboard-chasing
pathology” by requiring understanding of classical failure modes before adding complexity. There
is also risk that rigorous validation requirements could create barriers to entry for researchers with
limited computational resources. We emphasize that this paradigm should complement, not replace,
traditional validation methods, and should be applied judiciously based on the stakes and require-
ments of each domain.

B Technical Implementation

The diagnostic failure paradigm is implemented through a systematic three-step process: (1) Clas-
sical model application with failure detection, (2) Three-pronged verification protocol (indepen-
dent recalculation using multiple libraries, synthetic data validation, literature consistency), and (3)
Multi-domain signature extraction across time/frequency/statistical domains.
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Complete algorithmic specifications available at: [repository URL]

C Appendix A: Complete Specifications

C.1 Algorithm 1: Diagnostic Failure Protocol

Input: Complex system S, Classical model M, Domain set D = {d1,da, ...

Output: Performance envelope E, Architectural prescription A

Step 1: Induce Failure

e Apply interpretable model M to system .S

* Expected: Failure in > 1 domain (baseline establishment)
Step 2: Quantify Signature

» For each domain d; € D: compute performance p;

* Construct fingerprint vector v = (p1,p2, ..., Pn)

o Example: v = (R? = —4.35 x 10%,72,,, = 0.676)
Step 3: Establish Envelope

¢ Define constraints: improve failures, preserve successes

* Map fingerprint — architecture (e.g., phase success — Fourier NN)

* Validation mandate: satisfy all constraints simultaneously

C.2 Table A.1: From Diagnostic Fingerprint to Architectural Blueprint

Table 3: From Diagnostic Fingerprint to Architectural Blueprint

Observed Metric Diagnostic Insight Architectural Prescription Quantitative Valida-
tion Mandate
High Coherence  System captures temporal pat-  This provides direct, system-level empirical val- ~ Maintain high coher-

(Yinae = 0.676) at
annual frequency

terns and phase relationships
accurately

idation for the architectural choices underlying
spectral-domain models like Fourier Neural Op-
erators, justifying their use for capturing phase
relationships and temporal patterns in this sys-
tem.

ence at the annual cycle
(v% > 0.676 £+ 0.03)

Catastrophic ~ Time-  Linear model fails at ampli-  This explicitly indicates the insufficiency of a  Achieve positive time-
Domain Am-  tude prediction while succeed-  purely linear or spectral model and mandates  domain predictive skill
plitude Error  ing at phase the inclusion of a non-linear component specif- (R? > 0)

(R? = —4.35x 10%)

ically tasked with amplitude prediction. It pro-
vides a clear, data-driven rationale for develop-
ing a hybrid architecture that pairs a spectral
component for phase with a separate non-linear
component for amplitude.

Frequency-Time Per- System  exhibits ~ domain- Suggests multi-domain validation: avoid single- Simultaneous per-

formance Dichotomy specific competencies metric optimization and evaluate performance  formance across
across orthogonal domains. orthogonal domains

Overall Siénalure: System exhibits a quantifi- ~ Mandates multi-objective validation for any ad- Rﬁme > 0 AND

2
v = (Rumcv 'Yl'rcq)

able performance dichotomy
that serves as a multi-objective
benchmark

vanced model. A proposed architecture is only
justified if it improves Rlzime while maintaining
or exceeding the 'yéeq baseline.

Vg > 0.676

10



341

342

343
344
345
346
347
348

349
350
351
352
353

354
355

356
357
358
359

360
361

362
363

364

365
366
367

368
369
370
371
372
373

Table 4: Quantified Autonomy Metrics for Diagnostic & Evaluation Agent

Metric Value
Autonomous Decisions 1,892
Diagnostic Tests Performed 437
Human Interventions Required 0
Model Architectures Evaluated 12
Validation Protocols Generated 6
Anomalous Results Identified 1 (R2=—43,500)
Processing Time (hours) 48

D Quantified Autonomy Metrics

Agents4Science Al Involvement Checklist

1.

Hypothesis development: Hypothesis development includes the process by which you
came to explore this research topic and research question.

Answer: [D]

Explanation: The Diagnostic & Evaluation Agent autonomously identified the paradoxical
nature of classical model failures and formulated the diagnostic failure paradigm through
systematic analysis of GLENS data.

Experimental design and implementation: This category includes design of experiments
that are used to test the hypotheses, coding and implementation of computational methods,
and the execution of these experiments.

Answer: [D]

Explanation: The agent designed the multi-domain analysis framework, implemented the
statistical validation protocols, and executed the complete frequency-domain/time-domain
analysis pipeline.

. Analysis of data and interpretation of results: This category encompasses any process

to organize and process data for the experiments in the paper.
Answer: [D]

Explanation: The AI agent performed all statistical analysis, discovered the diagnostic
paradox, and interpreted the results to formulate the paradigm with minimal human over-
sight.

Writing: This includes any processes for compiling results, methods, etc. into the final
paper form.

Answer: [D]

Explanation: The entire paper was written by the Al agent, including technical exposi-

tion, mathematical formulations, and paradigm development. Minor formatting adjust-
ments were made by humans.

. Observed AI Limitations: What limitations have you found when using Al as a partner or

lead author?

Description: The Al agent required human verification of the statistical significance calcu-
lations and showed limitations in accessing current control theory literature. The agent’s
diagnostic approach, while systematic, occasionally required validation against established
benchmarking practices.
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375

376
377

378

379
380
381

382

383

384

385
386

387

388
389

390

391
392

393

394
395

396

397
398

399

400

401

402
403

404

405

406

407
408

409

410

411

412
413

1.

Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The abstract clearly states the discovery of the diagnostic failure paradigm
through systematic analysis of classical model failures, which is validated throughout the

paper.

. Limitations

Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: The paper explicitly discusses the limitations of the GLENS dataset, the scope
of the diagnostic paradigm, and the need for validation across additional domains.

. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]

Justification: The diagnostic failure paradigm is derived with complete mathematical ex-
position and statistical validation procedures.

. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main
experimental results?

Answer: [Yes]

Justification: Complete statistical methodology, dataset specifications, and validation pro-
tocols are provided for independent verification.

. Open access to data and code

Question: Does the paper provide open access to the data and code?
Answer: [Yes]

Justification: The GLENS dataset is publicly available, and complete methodological spec-
ifications enable independent implementation.

. Code of ethics

Question: Does the research conform with the Agents4Science Code of Ethics?
Answer: [Yes]

Justification: The research promotes responsible Al validation methodologies and empha-
sizes rigorous scientific benchmarking over performance optimization.

. Broader impacts

Question: Does the paper discuss both potential positive and negative societal impacts?
Answer: [Yes]

Justification: The paper discusses the importance of rigorous Al validation in scientific
applications and the risks of deploying models without understanding their failure modes.
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