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Abstract004

We introduce Intermediate-Evidence Substi-005
tution (IES), a benchmark design methodol-006
ogy that changes evidence granularity while007
preserving task semantics: decisive aggregate008
statistics in benchmark evidence are replaced009
with the raw intermediate values from which010
they are derived, while task labels, decision011
protocols, thresholds, and evaluation criteria012
remain unchanged. IES functions as a diag-013
nostic probe — any change in model accuracy014
between the original and transformed evidence015
reveals how model performance depends on in-016
formation representation, whether that change017
is a decrease, an increase, or neither. We in-018
stantiate IES on ClimateTwinBench, a 240-019
question deterministic hypothesis-verification020
benchmark built over India Meteorological De-021
partment (IMD) gridded climate data, span-022
ning six verification categories. Comparing023
the original evidence design (V1) to its IES-024
transformed counterpart (V2), we observe025
statistically significant accuracy changes for026
Claude Sonnet 4.6 (100.00% → 96.25%, Mc-027
Nemar p = 0.008, χ2 = 7.111) and Gem-028
ini 3.5 (32.50% → 45.42%, p = 0.008, χ2 =029
7.087), while the change for DeepSeek Chat030
is not statistically significant (p = 0.248).031
ChatGPT improves markedly (+25.83 pp, p ≈032
4.8× 10−11); all such outcomes — in either di-033
rection — are informative empirical results of034
the diagnostic. To separate numerical deriva-035
tion from protocol execution, we conduct a036
structured derivation evaluation in which five037
models explicitly output predicted intermediate038
metrics, followed by oracle protocol recovery039
and cascade analysis distinguishing absorbed040
from propagated derivation errors. Claude Son-041
net 4.6, Claude Opus 4.6, and Gemini 3.5042
achieve 100.00% oracle-recovered protocol ac-043
curacy; DeepSeek Chat achieves 99.58%, with044
its single propagated failure attributable to045

connected-component counting in the Spatial 046
Coherence category. GPT-OSS-120B exhibits 047
failures in both metric derivation (4.17%) and 048
oracle-recovered protocol accuracy (42.92%), 049
preventing the clean separation between er- 050
ror sources that characterizes the frontier mod- 051
els. For the evaluated frontier models on Cli- 052
mateTwinBench, numerical derivation — not 053
protocol execution — is the dominant source of 054
residual error, a finding that has direct impli- 055
cations for where benchmark evaluation effort 056
should be directed. 057

1 Introduction 058

Evaluating model capability on structured numeri- 059

cal verification tasks requires knowing whether a 060

model’s accuracy reflects the capability the task 061

nominally tests. Many such benchmarks present 062

evidence that is already condensed into decisive ag- 063

gregate statistics — a minimum, a count, a mean — 064

that directly resolve the task’s decision protocol. 065

When the evidence itself encodes the answer at that 066

level of granularity, a model that performs well 067

may be doing threshold comparison rather than the 068

numerical derivation that the aggregate represents. 069

This ambiguity cannot be resolved by inspecting 070

accuracy alone: high accuracy under one evidence 071

format leaves open whether performance would 072

be maintained, degraded, or even improved un- 073

der a different but semantically equivalent format 074

(Geirhos et al., 2020; Gardner et al., 2020). 075

This paper does not propose a reasoning frame- 076

work or evaluate climate knowledge. Instead, 077

we propose Intermediate-Evidence Substitution 078

(IES), a benchmark design methodology that func- 079

tions as a diagnostic probe by changing evidence 080

granularity while preserving task semantics. IES 081

replaces decisive aggregate statistics with the in- 082

termediate observations from which those aggre- 083

gates are derived, while holding task labels, deci- 084

sion thresholds, protocols, and evaluation criteria 085

fixed. Because the task does not change — only the 086
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information representation of the evidence does —087

any accuracy change between versions reveals how088

measured performance depends on evidence gran-089

ularity for a given model. Such a change may be090

a decrease (if the model relied on the aggregate),091

an increase (if the aggregate was confusing or the092

structured intermediate evidence provides implicit093

scaffolding), or absent (if the model is equally ca-094

pable under both representations). Each outcome095

is an informative empirical finding, not a contradic-096

tion.097

We instantiate IES on ClimateTwinBench, a098

240-question deterministic hypothesis-verification099

benchmark constructed over IMD gridded climate100

observations, and combine it with three connected101

analyses. First, we compare model accuracy on102

V1 (original) and V2 (IES-transformed) evidence103

using paired McNemar tests. Second, a structured104

derivation evaluation separates metric-derivation105

accuracy from oracle-recovered protocol accuracy106

by requiring models to explicitly output predicted107

intermediate metric values. Third, a cascade anal-108

ysis classifies each derivation error as absorbed109

(the oracle still recovers the correct decision from110

the wrong metric) or propagated (the wrong metric111

leads to the wrong decision), revealing the rela-112

tionship between derivation quality and decision113

accuracy at question level.114

Our contributions are: (1) Intermediate-115

Evidence Substitution (IES), a benchmark de-116

sign methodology that changes evidence granu-117

larity while preserving task semantics (§4); (2)118

ClimateTwinBench, a 240-question determinis-119

tic verification benchmark instantiating IES across120

six IMD climate categories (§3); (3) a Structured121

Derivation Evaluation, an evaluation methodol-122

ogy that separately measures metric-derivation ac-123

curacy and oracle-recovered protocol accuracy (§5–124

§6); and (4) a Cascade Analysis, a diagnostic125

methodology that classifies each derivation error126

as absorbed or propagated, including a threshold-127

margin analysis for DeepSeek Chat (§7.3, Ap-128

pendix F). These are three methodologically in-129

dependent contributions: IES operates at bench-130

mark construction time; the structured derivation131

evaluation is an evaluation protocol applied to an132

IES-transformed benchmark; cascade analysis is133

an error-diagnosis step applied to the structured134

derivation results.135

2 Related Work 136

Shortcut learning and benchmark artifacts. A 137

substantial body of work has shown that bench- 138

mark accuracy can reflect exploitation of dataset 139

artifacts rather than the intended capability, moti- 140

vating adversarial filtering, contrast sets, and coun- 141

terfactual evaluation (Geirhos et al., 2020; McCoy 142

et al., 2019; Gardner et al., 2020). IES extends this 143

concern to a specific, previously under-examined 144

shortcut type: aggregate statistics computed in 145

advance and embedded directly in numerical evi- 146

dence, allowing threshold comparison to substitute 147

for derivation. 148

Structured and numerical verification bench- 149

marks. Tasks requiring models to verify claims 150

against structured numerical evidence — financial 151

tables, scientific datasets, tabular reasoning — have 152

grown as a distinct evaluation category (Chen et al., 153

2021; Zhu et al., 2021; Dua et al., 2019). Such 154

benchmarks typically present evidence as a fixed 155

table or value set from which a claim must be 156

checked; few explicitly study how the granularity 157

of presented evidence (final aggregate vs. raw inter- 158

mediate observations) affects measured accuracy 159

independent of the underlying decision task. Fact- 160

verification benchmarks such as FEVER (Thorne 161

et al., 2018) similarly evaluate claim verification 162

against evidence, but over textual rather than nu- 163

merical sources. 164

Climate and scientific NLP benchmarks. 165

Climate-focused NLP evaluation has largely 166

emphasized retrieval, classification, and claim 167

detection over textual or report-derived climate 168

content (Webersinke et al., 2021; Stammbach et al., 169

2023). ClimateTwinBench differs in evaluating 170

deterministic numerical verification over gridded 171

observational data rather than textual climate 172

claims, and is not designed to test climate domain 173

knowledge — no category requires knowledge 174

external to the supplied numerical evidence. 175

3 ClimateTwinBench 176

ClimateTwinBench is a 240-question deterministic 177

hypothesis-verification benchmark built over IMD 178

gridded climate observations spanning 4,964 land 179

grid cells. Each question presents a region, a time 180

window, and a climate hypothesis, and asks the 181

model to classify the hypothesis as SUPPORTED, 182

REFUTED, or INSUFFICIENT according to a 183
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Category Derivation primitive

Persistent Regional Anomaly Min.-over-years
Localized Intensification Grid averaging
Wet Anomaly Consistency Fraction / division
Compound State Transition Subtraction
Spatial Coherence Connected-component count
Reliability-Aware Claim Logical thresholding

Table 1: Six verification categories, 40 questions
each (N=240 total). Full category descriptions in Ap-
pendix A.

fixed, publicly specified decision protocol with nu-184

merical thresholds.185

The benchmark spans six verification categories,186

each evaluating a distinct numerical derivation187

primitive, with 40 questions per category (Table 1).188

No category requires climate domain expertise be-189

yond interpreting the supplied numerical evidence190

under the stated protocol; the benchmark evalu-191

ates structured numerical verification, not climate192

knowledge.193

Benchmark construction and class balance.194

Hypotheses are generated algorithmically using195

a deterministic seeded generator (seed 20260626;196

src/hypothesis_benchmark_generator_v2.py).197

Regions, time windows, and threshold pa-198

rameters are sampled programmatically; no199

individual hypotheses were hand-authored. A200

balanced_select() procedure enforces201

near-uniform class balance: SUPPORTED (78,202

32.5%), REFUTED (79, 32.9%), INSUFFICIENT203

(83, 34.6%), with approximately 13/13/14 balance204

per category. The benchmark is fully reproducible205

from the released code.206

Connection to climate-analysis tasks. The207

six primitives correspond to concrete monitor-208

ing computations: minimum-over-years selection209

(persistent drought/heat assessment); connected-210

component counting (extreme-event spatial foot-211

print delineation); fraction computation (threshold-212

exceedance frequency); subtraction across periods213

(compound-event attribution); and completeness214

thresholding (quality-controlled observational mon-215

itoring). No climate domain expertise is required;216

the derivation primitives are the unit of evaluation.217

V1 vs. V2 evidence design. The benchmark ex-218

ists in two evidence configurations sharing identi-219

cal questions, labels, thresholds, and decision pro-220

tocols. V1 evidence includes decisive aggregate221

statistics computed in advance — for example, the222

minimum yearly mean absolute anomaly across the223

evaluation window — directly alongside the proto- 224

col’s thresholds; a model can in principle answer 225

correctly by comparing the supplied aggregate to 226

the threshold without performing any derivation. 227

V2 evidence applies IES: the decisive aggregate is 228

removed and replaced with the year-by-year inter- 229

mediate values from which it would be computed 230

(e.g., the per-year mean absolute anomaly for each 231

of three years). The model must derive the rele- 232

vant aggregate — here, the minimum across years — 233

before the decision protocol can be applied. The 234

label, protocol, and thresholds are unchanged be- 235

tween V1 and V2; only the observable evidence 236

differs in granularity. A worked example is given 237

in Appendix B. 238

4 Intermediate-Evidence Substitution 239

Definition. Intermediate-Evidence Substitution 240

(IES) is a benchmark design methodology that re- 241

places decisive aggregate statistics appearing in 242

benchmark evidence with the raw intermediate val- 243

ues required to derive those statistics, while pre- 244

serving: task labels, decision protocols, numerical 245

thresholds, and evaluation criteria. Only the observ- 246

able evidence changes; ground truth is identical 247

before and after substitution. 248

IES as a diagnostic probe. Because IES changes 249

evidence granularity without changing what the 250

task evaluates, a comparison of model accuracy 251

under original and transformed evidence reveals 252

how measured performance depends on the infor- 253

mation representation used to present that evidence. 254

The direction of the change is not predicted by IES 255

and is not, in itself, a criterion for whether IES 256

“worked”: a performance decrease indicates that 257

the model’s accuracy under the original evidence 258

was partly supported by the aggregate’s presence; 259

a performance increase indicates that the model 260

performed better with structured intermediate evi- 261

dence (possibly because the aggregate format was 262

ambiguous or the intermediate values provided im- 263

plicit structure); no significant change indicates 264

that the model’s measured performance is stable 265

across both representations. All three outcomes 266

are empirically informative. IES is therefore most 267

precisely described as a diagnostic probe for the 268

representation-sensitivity of benchmark accuracy, 269

not primarily as a shortcut-removal mechanism. 270

What IES changes and what it does not. IES 271

changes the computation required to produce a cor- 272
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Raw intermediate evidence (V2, via IES)

Derived metric(s) (model-predicted)

Recovered decision (oracle protocol)

Protocol Recovery vs. ground truth

Figure 1: Structured derivation evaluation pipeline. IES
determines the evidence granularity shown to the model
(top); the model derives intermediate metrics; the oracle
protocol applies the fixed decision procedure to those
predicted metrics; Protocol Recovery compares the re-
sulting decision against ground truth (§5.3–§5.4).

rect answer. It does not change which answer is273

correct, how that answer is scored, or what the task274

is nominally evaluating. Any accuracy difference275

between versions is attributable, by construction,276

to the change in evidence granularity — though277

the specific mechanism by which that granular-278

ity change affects a particular model’s accuracy279

remains an empirical question to be investigated280

separately for each model (see §6 and §7.4).281

Scope. IES operates entirely at benchmark con-282

struction time. We do not claim that IES eliminates283

all possible shortcuts from V2 evidence — only that284

it removes the decisive-aggregate shortcut present285

in V1. Additionally, V2 evidence differs from V1286

not only in the derivation it requires but also in287

how information is presented: year-by-year values288

have different formatting, salience, and temporal289

structure than pre-computed aggregates, and our290

experiments cannot fully disentangle the effect of291

the derivation requirement from this change in in-292

formation presentation (see Limitations, §9). Es-293

tablishing IES as a general-purpose methodology294

beyond ClimateTwinBench is future work (§8).295

Figure 1 summarizes the structured derivation296

pipeline used to separate derivation accuracy from297

protocol-execution accuracy.298

5 Experimental Design299

5.1 Evaluated Models and Reproducibility300

Table 2 lists the models evaluated and the evalu-301

ations each participated in. Claude Sonnet 4.6,302

Gemini 3.5, and DeepSeek Chat were evalu-303

ated on both the V1/V2 multiple-choice task and304

the structured derivation task. Claude Opus 4.6305

and GPT-OSS-120B were evaluated on the struc-306

tured derivation task only, the latter as a lower-307

performing comparison model. ChatGPT was308

Model MCQ Derivation

Claude Sonnet 4.6 ✓ ✓
Claude Opus 4.6 ✓
Gemini 3.5 ✓ ✓
DeepSeek Chat ✓ ✓
GPT-OSS-120B ✓
ChatGPT ✓

Table 2: Evaluated models and evaluation participation.

evaluated on the V1/V2 multiple-choice task only; 309

no version-specific identifier beyond “ChatGPT” 310

is available in our evaluation records. ChatGPT 311

was not included in the structured derivation evalu- 312

ation because the structured JSON output format 313

required by that evaluation could not be reliably 314

obtained at scale from the ChatGPT interface used 315

during evaluation; the single re-query mechanism 316

used for other models was insufficient to produce 317

consistently parseable structured outputs. This is 318

acknowledged as a limitation (§9). GPT-OSS- 319

120B is a 120B-parameter open-weights language 320

model evaluated as a lower-performing comparison 321

baseline; it is included to establish discriminative 322

range in the structured derivation evaluation, not 323

as a primary subject of analysis. Throughout the 324

paper, each model is identified by its full name 325

on first mention per section and abbreviated there- 326

after (Claude, Claude Opus, Gemini, DeepSeek, 327

GPT-OSS). 328

All models were evaluated through their respec- 329

tive standard chat/API interfaces, using provider 330

default decoding settings; no explicit temperature, 331

top-p, or other sampling parameters were imposed 332

or tuned per model or task. Each question was 333

presented in a single-turn prompt containing the 334

evidence, protocol description, and required out- 335

put format. Outputs were parsed automatically 336

by a schema-validating parser (§5.3); parses that 337

failed were re-queried exactly once with an explicit 338

format reminder, with no further retries. This re- 339

query mechanism fired for only a small minority of 340

GPT-OSS-120B responses and never for any fron- 341

tier model (Claude Sonnet 4.6, Claude Opus 4.6, 342

Gemini 3.5, DeepSeek Chat); no frontier-model 343

conclusion in this paper depends on it. Full prompt 344

templates are in Appendix B. Evaluation scripts, 345

the benchmark JSON, the oracle implementation, 346

and per-question model outputs are released in the 347

project repository at https://github.com/ 348

aadityat23/ClimateTwinIndia. 349
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5.2 V1/V2 Multiple-Choice Evaluation350

Each model is independently evaluated on all 240351

questions in both the V1 and V2 evidence con-352

figurations, using the same question set, protocol,353

and answer options across versions. Per-question354

correctness is recorded, enabling a paired (within-355

subject) comparison between V1 and V2 for each356

model. We test the significance of the V1→V2357

accuracy change using McNemar’s test with con-358

tinuity correction (McNemar, 1947), applied to359

the 2 × 2 table of (V1-correct, V2-correct) out-360

comes for each model over the N = 240 paired361

questions, since the same questions are answered362

under both conditions. We note that Claude Son-363

net 4.6 (χ2 = 7.111, p = 0.0077) and Gemini 3.5364

(χ2 = 7.087, p = 0.0078) round to the same re-365

ported p = 0.008 from different transition counts366

(9 vs. 0 and 48 vs. 79); this is coincidental rounding,367

not a duplicated value (exact χ2 given for indepen-368

dent verification).369

5.3 Structured Derivation Evaluation370

To separate numerical derivation from protocol371

execution directly, we conduct a structured eval-372

uation on all 240 V2 questions for five mod-373

els (Claude Sonnet 4.6, Claude Opus 4.6, Gem-374

ini 3.5, DeepSeek Chat, GPT-OSS-120B). Each375

model is presented with the year-by-year inter-376

mediate evidence for its question — the same in-377

termediate values used in the V2 multiple-choice378

condition — and is required to output, in a struc-379

tured format, (a) its derived value for each met-380

ric needed by the protocol (one to three met-381

rics depending on category), and (b) its deci-382

sion (SUPPORTED/REFUTED/INSUFFICIENT).383

Outputs are parsed with a schema-validating parser;384

malformed outputs that could not be parsed into385

the required fields were re-queried once with a clar-386

ifying format reminder before being recorded (this387

occurred for a small minority of GPT-OSS-120B388

responses and did not affect any frontier-model389

result reported in §6).390

We then compute two independent quantities for391

each question:392

• Metric accuracy: whether the model’s pre-393

dicted metric value(s) match the ground-truth394

metric value(s) within a numerical tolerance395

of atol = 10−4, matching the floating-point396

precision of the underlying IMD-derived data.397

• Protocol Recovery: whether applying the398

fixed, deterministic decision protocol to the 399

model’s predicted metric values (not the 400

model’s stated decision) yields the ground- 401

truth label. This oracle re-application isolates 402

whether protocol execution would succeed 403

given the model’s own derived numbers, inde- 404

pendent of any error in how the model verbal- 405

ized its final decision. 406

This design does not supply the model with cor- 407

rect intermediate metrics; it requires the model to 408

derive them, and measures derivation accuracy and 409

oracle-recovered decision accuracy separately. We 410

refer to this throughout as the structured derivation 411

evaluation, distinct from an experiment in which 412

correct metrics are supplied directly. 413

Oracle validation. The oracle protocol 414

(classify_with_thresholds()) is the 415

same deterministic function used to assign 416

ground-truth labels during benchmark construction. 417

Because labels are produced by applying this 418

function to ground-truth metrics, Protocol Recov- 419

ery of 100% for a model with zero metric errors 420

is guaranteed by construction. The function has 421

no learned parameters or stochastic components; 422

its correctness is verified by a round-trip check 423

confirming that it recovers ground-truth labels 424

from ground-truth metrics for all 240 questions. 425

Three related quantities. Metric accuracy mea- 426

sures whether the model’s derived value matches 427

ground truth, independent of its final decision. Pro- 428

tocol Recovery measures whether the oracle pro- 429

tocol, applied to that derived value, yields the cor- 430

rect decision — well-defined even when the derived 431

value is wrong. Decision accuracy (Appendix D) 432

is synonymous with Protocol Recovery at category 433

granularity. A model can thus show low metric 434

accuracy alongside high Protocol Recovery if its 435

errors fall on the correct side of every threshold 436

(absorbed, §5.4) — the pattern reported for Claude 437

Sonnet 4.6 and DeepSeek Chat in §6. 438

5.4 Cascade Analysis 439

For every question where a model’s predicted met- 440

ric value differs from the ground-truth metric value 441

(a metric error), we classify the error as absorbed 442

if the oracle decision computed from the model’s 443

incorrect predicted metric still matches the ground- 444

truth decision label (typically because the error 445

does not cross a decision threshold), or propagated 446

if the oracle decision differs from the ground-truth 447
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Model V1 V2 ∆ χ2 p

Claude Sonnet 4.6 100.00 96.25 −3.75 7.111 0.008
DeepSeek Chat 100.00 98.75 −1.25 1.333 0.248
Gemini 3.5 32.50 45.42 +12.92 7.087 0.008
ChatGPT 64.17 90.00 +25.83 43.267 <0.001

Table 3: Overall MCQ accuracy (%) by evidence ver-
sion, with McNemar χ2 (continuity-corrected) and p-
value (N = 240 paired questions). Claude Sonnet 4.6
and Gemini 3.5 round to the same reported p = 0.008
from distinct χ2 values (see §5.2); ChatGPT’s exact
p ≈ 4.8× 10−11.

Model C→C C→W W→C W→W

Claude Sonnet 4.6 231 9 0 0
DeepSeek Chat 237 3 0 0
Gemini 3.5 30 48 79 83
ChatGPT 142 12 74 12

Table 4: V1→V2 transition counts (C=Correct,
W=Wrong).

label. The absorption rate (absorbed / total metric448

errors) quantifies how much of a model’s derivation449

inaccuracy is consequential for the final verification450

decision, as opposed to falling within the protocol’s451

effective tolerance.452

6 Results453

This section reports observations only; interpreta-454

tion is deferred to §7.455

6.1 V1 vs. V2 Multiple-Choice Accuracy456

Table 3 reports overall accuracy and the paired457

McNemar test for each model evaluated on the458

multiple-choice task. Table 4 reports the underly-459

ing transition counts.460

Category-level V1/V2 accuracy for Claude Son-461

net 4.6 and DeepSeek Chat is given in Appendix C.462

All nine of Claude Sonnet 4.6’s Correct→Wrong463

transitions (Table 4) occur in the Compound State464

Transition category (V2 accuracy: 77.50%); all465

other categories remain at 100.00% under V2.466

6.2 Structured Derivation Evaluation467

Table 5 reports the structured derivation evalu-468

ation across all five participating models. Per-469

category metric and decision accuracy is given in470

Appendix D.471

6.3 Cascade Analysis472

Table 6 reports absorption and propagation rates473

among metric errors. DeepSeek Chat’s single474

propagated failure is question HYP-186 (Spatial475

Model PR MA Err Abs Prop

Claude Sonnet 4.6 100.00 99.58 1 1 0
Claude Opus 4.6 100.00 100.00 0 0 0
Gemini 3.5 100.00 100.00 0 0 0
DeepSeek Chat 99.58 94.17 14 13 1
GPT-OSS-120B 42.92 4.17 230 93 137

Table 5: Structured derivation evaluation (N = 240
each). PR = Protocol Recovery (%), MA = Metric
Accuracy (%), Err = metric errors, Abs = absorbed,
Prop = propagated.

Model Err Abs. Rate Prop. Rate

Claude Sonnet 4.6 1 100.00% 0.00%
Claude Opus 4.6 0 — —
Gemini 3.5 0 — —
DeepSeek Chat 14 92.86% 7.14%
GPT-OSS-120B 230 40.43% 59.57%

Table 6: Cascade analysis: disposition of metric errors.

Coherence Verification), where the model’s pre- 476

dicted connected-component count crosses a deci- 477

sion threshold relative to the ground-truth count 478

(full case detail in Appendix E). 479

7 Analysis 480

7.1 Derivation vs. Protocol Execution for 481

Frontier Models 482

Across the four frontier models in the structured 483

derivation setting (Claude Sonnet 4.6, Claude 484

Opus 4.6, Gemini 3.5, DeepSeek Chat), Protocol 485

Recovery is at or near ceiling (99.58–100.00%, 486

Table 5). For Claude Opus 4.6 and Gemini 3.5, 487

zero metric errors occur, so Protocol Recovery triv- 488

ially reaches 100.00%. For Claude Sonnet 4.6 and 489

DeepSeek Chat, metric errors do occur (1 and 14, 490

respectively), yet Protocol Recovery remains near- 491

ceiling because the large majority of those errors 492

are absorbed (100.00% and 92.86%, Table 6). The 493

co-occurrence of non-trivial metric error counts 494

with near-ceiling Protocol Recovery indicates that, 495

for these models, protocol execution given a de- 496

rived metric is not the primary source of residual 497

error; the derivation step is. IES makes this diag- 498

nostic separation possible: without the structured 499

derivation evaluation, high overall accuracy would 500

mask where residual errors originate. 501

7.2 GPT-OSS-120B: Failures in Both Error 502

Sources 503

GPT-OSS-120B does not permit the same sepa- 504

ration. Its metric accuracy is 4.17% and absorp- 505
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tion rate 40.43%, meaning most derivation er-506

rors propagate into decision errors. Even among507

correctly derived questions, overall Protocol Re-508

covery (42.92%) remains far below any frontier509

model, indicating that protocol execution itself con-510

tributes errors independently of derivation. GPT-511

OSS-120B thus exhibits substantial failures in both512

derivation accuracy and oracle-recovered decision513

accuracy, and these two sources cannot be cleanly514

disentangled. This establishes that the benchmark515

evaluation is not trivially easy and that the frontier-516

model pattern reflects a genuine capability differ-517

ence.518

7.3 DeepSeek Chat: Spatial Coherence and519

Threshold-Margin Analysis520

DeepSeek Chat’s 14 metric errors concentrate in521

Spatial Coherence (11 of 14; 72.50% category met-522

ric accuracy vs. ≥92.50% elsewhere). Spatial Co-523

herence is the only category whose derivation prim-524

itive requires reasoning over two-dimensional spa-525

tial connectivity: the model must identify which526

active grid cells share edges and group them into527

connected regions to produce a component count.528

This differs structurally from all other categories,529

whose derivation primitives are scalar reductions530

(minimum, average, fraction, subtraction) over in-531

dependent per-year or per-cell values. We note this532

structural distinction as an observation; our data533

do not establish why spatial-connectivity counting534

generates more errors for DeepSeek Chat than the535

other primitives do.536

Despite 11 spatial metric errors, 10 are absorbed.537

A threshold-margin analysis (Appendix F) reveals538

that absorption is primarily a function of thresh-539

old geometry rather than error magnitude: all 10540

absorbed errors have predicted and ground-truth541

component counts on the same side of the proto-542

col’s decision threshold, so the oracle recovers the543

correct decision regardless of how large the count544

error is. The single propagated failure (HYP-186)545

is the only case where GT (4.0) and predicted (2.0)546

straddle the threshold (2.5), placing them on op-547

posite sides of the decision boundary. The three548

persistent regional anomaly errors are similarly ab-549

sorbed: HYP-001’s large error (GT 0.7789, Pred550

1.1589) is absorbed because both values exceed551

the support threshold (0.7763), with a margin of552

0.0026.553

7.4 Model-Specific Responses to Evidence 554

Granularity 555

IES reveals three distinct response patterns across 556

models, each empirically informative. 557

Accuracy decrease (Claude Sonnet 4.6). 558

Claude’s −3.75 pp drop (p = 0.008) originates 559

entirely in the Compound State Transition category 560

(77.50% V2 accuracy; all other categories remain 561

100.00%). All nine V1-Correct→V2-Wrong 562

transitions occur there, suggesting that for this 563

model, V1’s pre-computed aggregate supported 564

correct compound-subtraction answers that V2’s 565

intermediate evidence does not. 566

Accuracy increase (Gemini 3.5, ChatGPT). 567

Gemini improves +12.92 pp (p = 0.008; 79 568

Wrong→Correct vs. 48 Correct→Wrong) and 569

ChatGPT improves +25.83 pp (p ≈ 4.8 × 10−11; 570

74 Wrong→Correct vs. 12 Correct→Wrong). Both 571

directions are legitimate IES outcomes: for these 572

models, V2 evidence granularity is associated with 573

higher accuracy than V1. One candidate hypothe- 574

sis is that year-by-year intermediate values provide 575

implicit temporal structure that assists protocol ap- 576

plication for these models, while the pre-computed 577

aggregate was ambiguous or less usable in V1. We 578

label this as a hypothesis only — our experimental 579

design cannot confirm it — and neither model was 580

included in the structured derivation evaluation, so 581

no cascade analysis is available to investigate fur- 582

ther. 583

No significant change (DeepSeek Chat). 584

DeepSeek Chat’s −1.25 pp change (p = 0.248) 585

is not statistically significant, indicating stable 586

decision-level accuracy across evidence versions. 587

Derivation errors visible in the structured evalua- 588

tion (§7.3) are largely absorbed and do not surface 589

in the MCQ accuracy signal. 590

8 Discussion 591

The combined analyses support a specific, bounded 592

conclusion: for Claude Sonnet 4.6, Claude 593

Opus 4.6, Gemini 3.5, and DeepSeek Chat on Cli- 594

mateTwinBench’s deterministic protocols, oracle- 595

recovered protocol accuracy is near-ceiling once a 596

model has derived its intermediate metrics. Resid- 597

ual error, where it exists, concentrates in the deriva- 598

tion step. This finding does not depend on frontier 599

models failing outright: it is revealed by the struc- 600

tured derivation evaluation and cascade analysis, 601
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which separate where errors originate in a way that602

aggregate accuracy cannot.603

From measurement to diagnosis. Most bench-604

marks answer “right or wrong?”; the IES frame-605

work combined with cascade analysis answers606

“which stage fails, and does that failure change607

the final decision?” For the four evaluated fron-608

tier models on ClimateTwinBench’s deterministic609

verification protocols, the diagnosis is: protocol610

execution is not the dominant source of residual611

error; numerical derivation — specifically spatial-612

connectivity counting and, to a lesser extent, tem-613

poral minimum selection — accounts for the domi-614

nant share of residual error on this benchmark. The615

benchmark’s value is not that frontier models score616

below 100%, but that it reveals why they score617

what they do, at the granularity needed to redirect618

evaluation effort effectively.619

What IES reveals about evidence representation.620

V1/V2 accuracy comparisons demonstrate that per-621

formance on identical tasks is sensitive to evidence622

granularity, and that this sensitivity differs across623

models in direction and magnitude. Each direc-624

tion of change (decrease, increase, no change) is an625

informative empirical outcome of the diagnostic,626

not a contradiction. Benchmark designers should627

not treat evidence representation as a neutral pre-628

sentational choice; IES provides a systematic way629

to probe its effect on measured accuracy without630

modifying the evaluation task itself.631

Applicability beyond ClimateTwinBench. Ap-632

plying IES to other benchmark families where deci-633

sive aggregates are common — financial, medical,634

remote-sensing verification — is a future method-635

ological direction. Whether the cascade-absorption636

pattern observed here would replicate in other do-637

mains is an empirical question, not an assumption.638

9 Limitations639

• V2 differs in derivation requirements and640

information presentation. Year-by-year val-641

ues present the same data as V1 aggregates642

with different formatting, salience, and tempo-643

ral structure. Our experiments cannot disen-644

tangle the effect of requiring derivation from645

this change in information presentation. Ac-646

curacy improvements for ChatGPT and Gem-647

ini 3.5 may reflect information-presentation648

effects; this is acknowledged as an explicit649

scope limitation.650

• Mechanisms for ChatGPT/Gemini im- 651

provements are unresolved. The candidate 652

hypotheses in §7.4 are labeled as hypotheses; 653

neither is supported by controlled evidence 654

from the current design. 655

• IES targets one specific shortcut. Remov- 656

ing decisive aggregates does not eliminate all 657

possible shortcuts from V2 evidence. 658

• ChatGPT excluded from structured deriva- 659

tion evaluation. Cascade analysis and metric- 660

accuracy decomposition are unavailable for 661

ChatGPT. 662

• Domain and protocol specificity. All con- 663

clusions are specific to ClimateTwinBench’s 664

six categories and protocols; generalization is 665

future work. 666

• Not a climate-knowledge evaluation. All 667

categories are answerable from the supplied 668

numerical evidence alone. 669

• Metric tolerance. Metric accuracy uses 670

atol = 10−4 matching IMD data precision. 671

Supplementary statistics are in Appendix G. 672

10 Conclusion 673

We introduced Intermediate-Evidence Substitu- 674

tion (IES), a benchmark design methodology that 675

changes evidence granularity while preserving task 676

semantics, functioning as a diagnostic probe for 677

how model accuracy depends on information rep- 678

resentation. Applied to ClimateTwinBench, a 240- 679

question deterministic climate verification bench- 680

mark, IES produces accuracy changes in both direc- 681

tions across models — a decrease for Claude Son- 682

net 4.6, increases for Gemini 3.5 and ChatGPT, and 683

no significant change for DeepSeek Chat — with 684

each outcome informative about the model’s rela- 685

tionship to evidence representation. A structured 686

derivation evaluation with cascade analysis fur- 687

ther shows that oracle-recovered protocol accuracy 688

is near-ceiling for four evaluated frontier models 689

once intermediate metrics are derived, while deriva- 690

tion errors — particularly in spatial-connectivity 691

counting — dominate residual error. For GPT-OSS- 692

120B, failures in both derivation and protocol exe- 693

cution prevent this clean separation. A threshold- 694

margin analysis of DeepSeek Chat’s absorbed er- 695

rors reveals that absorption is primarily determined 696

by protocol-threshold geometry rather than error 697
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magnitude. These results support IES as a diag-698

nostic methodology for separating where model699

accuracy originates on ClimateTwinBench, and mo-700

tivate its application to other structured verification701

benchmarks where pre-computed decisive aggre-702

gates appear alongside decision protocols; cross-703

domain validation remains future work.704

Ethics Statement705

ClimateTwinBench is constructed entirely from706

publicly available IMD gridded climate observa-707

tions and contains no personal, sensitive, or human-708

subject data. All models evaluated in this work709

were accessed through their standard public inter-710

faces under their respective terms of service. We711

report all results, including empirical outcomes in712

both directions of the IES diagnostic (accuracy de-713

creases and increases; see §7.4), without omission.714
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A Benchmark Category Details 772

• Persistent Regional Anomaly Verifica- 773

tion: requires identifying whether a region’s 774

anomaly remains above/below a threshold 775

across all years in the window, via minimum- 776

over-years selection. 777

• Localized Intensification Verification: re- 778

quires averaging anomaly values over a spatial 779

sub-grid to determine localized intensification 780

relative to a threshold. 781

• Wet Anomaly Consistency Verification: re- 782

quires computing the fraction of cells exceed- 783

ing a percentile threshold and comparing it 784

against a minimum-fraction criterion. 785

• Compound State Transition Verification: 786

requires subtracting metrics between two time 787

periods to determine whether a qualifying 788

state transition occurred. 789

• Spatial Coherence Verification: requires 790

constructing a binary active-cell mask 791

and counting connected components (4- 792

connectivity) to determine spatial coherence 793

of the anomaly pattern. 794

• Reliability-Aware Claim Verification: re- 795

quires joint thresholding over a magnitude 796

metric and a data-completeness metric, with 797

an explicit INSUFFICIENT outcome when 798

completeness is too low. 799
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B Structured Derivation Prompt Format800

Models in the structured derivation evaluation re-801

ceive, for each question, the year-by-year inter-802

mediate evidence used in the V2 multiple-choice803

condition (e.g., per-year mean absolute anomaly,804

per-year fraction of cells above a percentile thresh-805

old, per-year completeness), along with the cat-806

egory’s decision protocol and thresholds. Mod-807

els output a structured (JSON-like) record contain-808

ing (a) their derived value for each required met-809

ric (one to three, depending on category) and (b)810

a final decision among SUPPORTED, REFUTED,811

INSUFFICIENT. No ground-truth metric values812

are supplied at any point.813

Worked example (Persistent Regional Anomaly,814

HYP-001). The model receives three yearly815

mean absolute anomaly values (2021: 1.1589,816

2022: 0.7789, 2023: 1.1242) and is asked to derive817

min_yearly_mean_abs_anomaly. Ground818

truth: min(1.1589, 0.7789, 1.1242) = 0.7789,819

which under the category threshold (0.7763) yields820

SUPPORTED.821

Output parsing. Outputs are parsed with a822

schema-validating parser. Outputs failing schema823

validation are re-queried once with a format824

reminder; a second failure is recorded as an error.825

This re-query mechanism was triggered only for a826

small minority of GPT-OSS-120B responses and827

was never invoked for any frontier model. Evalua-828

tion code is available in the project repository under829

experiments/experiment_05_derivation/.830

C Category-Level V1/V2 MCQ Accuracy831

Category Cl.V1 Cl.V2 DS.V1 DS.V2

Persistent Regional Anomaly 100.00 100.00 100.00 100.00
Localized Intensification 100.00 100.00 100.00 97.50
Wet Anomaly Consistency 100.00 100.00 100.00 100.00
Compound State Transition 100.00 77.50 100.00 100.00
Spatial Coherence 100.00 100.00 100.00 100.00
Reliability-Aware Claim 100.00 100.00 100.00 95.00

Table 7: Category-level V1/V2 accuracy (%) for Claude
Sonnet 4.6 (Cl.) and DeepSeek Chat (DS.).

D Category-Level Structured Derivation832

Results833

E Propagated Failure Cases834

GPT-OSS-120B’s 137 propagated failures span835

all six categories and are concentrated in Local-836

ized Intensification, Wet Anomaly Consistency,837

Compound State Transition, Spatial Coherence, 838

and Reliability-Aware Claim Verification. The 839

full per-question listing is available in the 840

project repository under the experiments/ 841

→ experiment_05_derivation/ → 842

results/ directory. 843

F Threshold-Margin Analysis: DeepSeek 844

Chat Absorbed Errors 845

Table 10 reports the threshold-margin analysis for 846

all 14 DeepSeek Chat metric errors. For each error, 847

we identify the nearest protocol decision threshold 848

and determine whether the ground-truth (GT) and 849

predicted metric fall on the same or opposite sides. 850

Errors where GT and predicted are on the same side 851

are absorbed; the single error where they straddle 852

the threshold (HYP-186) is propagated. 853

G Supplementary Metric-Level Statistics 854
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Category Claude / Cl. Opus Gemini / DeepSeek GPT-OSS
MA DA MA DA MA DA

Compound State Transition 100.0 / 100.0 100.0 / 100.0 100.0 / 100.0 100.0 / 100.0 0.0 35.0
Localized Intensification 100.0 / 100.0 100.0 / 100.0 100.0 / 100.0 100.0 / 100.0 0.0 32.5
Persistent Regional Anomaly 100.0 / 100.0 100.0 / 100.0 100.0 / 92.5 100.0 / 100.0 0.0 90.0
Reliability-Aware Claim 100.0 / 100.0 100.0 / 100.0 100.0 / 100.0 100.0 / 100.0 0.0 32.5
Spatial Coherence 97.5 / 100.0 100.0 / 100.0 100.0 / 72.5 100.0 / 97.5 25.0 32.5
Wet Anomaly Consistency 100.0 / 100.0 100.0 / 100.0 100.0 / 100.0 100.0 / 100.0 0.0 35.0

Table 8: Per-category Metric Accuracy (MA, %) and oracle Decision Accuracy (DA, %) in the structured derivation
evaluation. Claude/Cl. Opus and Gemini/DeepSeek columns show paired values; N = 40 per category per model.
GPT-OSS MA and DA share the same column since Claude Opus and Gemini are not shown separately in that slot.

Model Question GT Recovered

DeepSeek Chat HYP-186 (Spa-
tial Coherence)

REFUTED INSUFFICIENT

Table 9: DeepSeek Chat’s sole propagated failure. Root
cause: connected-component count predicted as 2 (GT:
4); the 2.5 decision threshold is straddled.

ID GT M1 Pred M1 Threshold Margin Status

Persistent Regional Anomaly (3 errors)
HYP-001 0.7789 1.1589 0.7763 0.0026 Absorbed
HYP-002 1.6805 1.6805 1.0000 0.6805 Absorbed
HYP-003 0.9982 0.9982 1.0000 0.0018 Absorbed
Spatial Coherence (11 errors)
HYP-185 0.0 4.0 0.5 0.50 Absorbed
HYP-186 4.0 2.0 2.5 1.50 Propagated
HYP-187 2.0 2.0 2.5 0.50 Absorbed
HYP-188 2.0 5.0 2.5 0.50 Absorbed
HYP-189 5.0 2.0 2.5 2.50 Absorbed
HYP-190 2.0 2.0 2.5 0.50 Absorbed
HYP-193 2.0 1.0 2.5 0.50 Absorbed
HYP-194 1.0 2.0 0.81 0.19 Absorbed
HYP-197 2.0 5.0 2.5 0.50 Absorbed
HYP-198 5.0 3.0 2.5 2.50 Absorbed
HYP-199 3.0 1.0 2.5 0.50 Absorbed

Table 10: Threshold-margin analysis for all 14
DeepSeek Chat metric errors (Metric 1 shown). “Mar-
gin” is the distance of the GT metric from the nearest
protocol threshold. All absorbed errors have GT and
predicted metric on the same threshold side. HYP-186
(propagated, bold) is the only case where GT (4.0) and
predicted (2.0) straddle the threshold (2.5). For HYP-
001, the model reports a per-year value rather than the
minimum-over-years, but this value still exceeds the
support threshold (margin = 0.0026), yielding absorp-
tion.

Model Slot N MAE Pearson r EM (%)

Claude 1 240 0.0042 0.9997 98.75
Claude 2 240 <0.001 ≈1.000 92.92
Claude 3 160 0.0000 1.0000 100.00
DeepSeek 1 239 0.1378 0.9792 78.24
DeepSeek 2 239 0.0628 0.9900 89.54
DeepSeek 3 160 0.0813 0.8726 95.00
GPT-OSS 1 240 0.9941 0.1203 19.58
GPT-OSS 2 240 0.9158 0.1361 19.58
GPT-OSS 3 160 0.4668 0.3854 48.75

Table 11: Per-metric-slot MAE, Pearson correlation, and
exact-match rate. Slot 3 covers only the four categories
with three required metrics (N = 160). DeepSeek
Slots 1–2: N = 239 because one question’s predicted
value was non-numeric and excluded from continuous-
error statistics only; the question is retained and counted
as a metric error in the primary exact-match accu-
racy reported in Table 5 and Appendix D (N = 240).
Per-category exact-match (Appendix D) is the primary
metric-accuracy statistic; MAE is not comparable across
categories with different metric scales.
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