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Abstract001

A fundamental obstacle to causal discovery002
from text is the lack of causally annotated text003
data for use as ground truth, due to high anno-004
tation costs. This motivates an important task005
of generating text with causal graph annota-006
tions. Early template-based generation meth-007
ods sacrifice text naturalness in exchange for008
high causal graph annotation accuracy. Re-009
cent Large Language Model (LLM)-dependent010
methods directly generate natural text from tar-011
get graphs through LLMs, but do not guarantee012
causal graph annotation accuracy. Therefore,013
we propose iTAG, which performs real-world014
concept assignment to nodes before convert-015
ing causal graphs into text in existing LLM-016
dependent methods. iTAG frames this process017
as an inverse problem with the causal graph as018
the target, iteratively examining and refining019
concept selection through Chain-of-Thought020
(CoT) reasoning so that the induced relations021
between concepts are as consistent as possible022
with the target causal relationships described023
by the causal graph. iTAG demonstrates both024
extremely high annotation accuracy and natu-025
ralness across extensive tests, and the results of026
testing text-based causal discovery algorithms027
with the generated data show high statistical028
correlation with real-world data. This suggests029
that iTAG-generated data can serve as a prac-030
tical surrogate for scalable benchmarking of031
text-based causal discovery algorithms.032

1 Introduction033

Due to the extremely high cost of causally anno-034

tating real-world data, there is often a lack of an-035

notated real-world data for validating the effective-036

ness of causal discovery algorithms (Faller et al.,037

2024; Hiremath et al., 2024). Therefore, synthetic038

data with controllable parameters is widely used039

in causal discovery research as ideal ground truth040

for reproducible algorithm validation (Brouillard041

et al., 2024). A large body of methods for gener-042

ating causally annotated data produce tabular and043

time-series data, which can be directly sampled and 044

generated according to explicit Structural Causal 045

Models (SCMs) (Ormaniec et al.; Lawrence et al., 046

2021). However, for generating causally annotated 047

text, causal relationships are implicit in semantics 048

and knowledge (Ding et al., 2025). This makes 049

them difficult to explicitly control and annotate, 050

thus generating causally annotated text is more 051

challenging. This difficulty has gradually become 052

one of the fundamental obstacles to the develop- 053

ment of causal discovery from text (Wang et al., 054

2025; Gujarathi et al., 2022). 055

Earlier methods for generating causally anno- 056

tated text adopt template-based approaches (e.g., 057

"[A] results in [B]"), which can ensure the accu- 058

racy of causal descriptions yet generate text that 059

is unnatural (Shrestha et al., 2022). Recent gener- 060

ation methods directly convert predefined causal 061

graphs into natural text through LLMs, but do not 062

verify whether the concepts described in the gener- 063

ated text conform to the target causal relationships 064

(Phatak et al., 2024; Gandee and Giabbanelli, 2024, 065

2025). In summary, text generated by current meth- 066

ods is either unnatural or has inaccurate causal 067

graph annotations, and cannot serve as a credible 068

substitute for real human-annotated data. 069

We propose iTAG: inverse design for Text 070

generAtion with causal Graph. Building upon exist- 071

ing LLM-dependent methods, iTAG first performs 072

real-world concept assignment to nodes before con- 073

verting causal graphs into text. We frame this pro- 074

cess as an inverse problem of designing real-world 075

concepts with the causal graph as the target. LLMs 076

serve as solvers that iteratively examine and refine 077

concept selection through CoT until the relation- 078

ships between concepts are judged to be consistent 079

with the target causal relationships. 080

We extensively validated the extremely high an- 081

notation accuracy of iTAG across text data of mul- 082

tiple topics. We also verified the naturalness of 083

generated text through both human evaluation and 084
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trained model discrimination. Furthermore, evalua-085

tions of representative text-based causal discovery086

algorithms on iTAG-generated corpora are highly087

predictive of their evaluations on matched real-088

world corpora. This suggests that iTAG-generated089

data can serve as a practical surrogate for scalable090

benchmarking when human causal annotations are091

scarce (while not replacing real-world evaluation).092

In summary, our main contributions include:093

• A Novel Generation Framework: We pro-094

pose iTAG, which introduces an additional095

concept assignment step compared to exist-096

ing LLM-dependent pipelines, reformulating097

text generation as a concept design problem098

constrained by causal graphs.099

• Dual Excellence in Accuracy and Nat-100

uralness: We simultaneously achieve ex-101

tremely high causal graph annotation accuracy102

and text naturalness, breaking the trade-off103

dilemma of existing methods.104

• Validated Surrogate for Real-World Eval-105

uation: In application, algorithm rankings106

and relative performance measured on iTAG-107

generated corpora closely track those on108

real corpora across multiple causal discovery109

paradigms. This enables cheaper and more110

systematic benchmarking without large-scale111

manual causal annotation.112

2 Related Work113

2.1 Text generation with causal graph114

annotations115

Text generation with causal graph annotations is a116

task that transforms causal graphs into natural lan-117

guage text while preserving all causal relationships.118

Formally, given a causal graph G = (V,E), where119

V = {v1, v2, ..., vn} represents concept nodes and120

E ⊆ V ×V represents directed causal relationships121

such that (vi, vj) ∈ E indicates vi causally influ-122

ences vj , the objective is to generate text T com-123

prising a set of sentences S = {s1, s2, ..., sm} that124

linguistically encode all relationships in E without125

introducing spurious connections not present in G.126

The task involves both generating the text T and127

establishing an annotation function A that maps T128

to a reconstructed causal graph G′ = A(T ), where129

ideally G′ is isomorphic to G.130

Earlier methods predominantly use template or131

rule-driven approaches to transcribe target causal132

relationships one by one into sentences and concate- 133

nate them into paragraphs. This achieves high cov- 134

erage but with fixed discourse structure and rigid 135

expression (Shrestha et al., 2022). Recent work di- 136

rectly chunks or linearizes predefined causal graphs 137

and inputs them into LLMs to generate text, with- 138

out additionally setting up a solving step for assign- 139

ing concepts to nodes. Moreover, they typically 140

do not introduce consistency verification based 141

on whole-graph binary constraints during genera- 142

tion, only performing post-hoc evaluation or using 143

graph algorithms to assist in organizing paragraphs. 144

Therefore, the authors also point out that informa- 145

tion omission or hallucination may occur (Phatak 146

et al., 2024; Gandee and Giabbanelli, 2024, 2025). 147

Accordingly, template-based methods provide 148

better guarantees in annotation coverage and con- 149

trollability, but sacrifice text naturalness and co- 150

herence (Shrestha et al., 2022). In contrast, direct 151

LLM conversion achieves better naturalness, but 152

commonly suffers from omission and hallucination 153

risks due to the lack of global hard constraints dur- 154

ing generation. This leads to unstable accuracy of 155

causal annotations recovered from graphs (Phatak 156

et al., 2024; Gandee and Giabbanelli, 2024, 2025). 157

In summary, text generated by current methods is 158

either unnatural or has inaccurate causal graph an- 159

notations, and cannot serve as a credible substitute 160

for real human-annotated data. 161

2.2 Inverse design and CoT 162

To our knowledge, iTAG is the first to apply 163

an inverse-design-based iterative refinement loop 164

to LLM-based concept assignment under whole- 165

graph causal constraints. The introduction of these 166

key concepts is as follows: Inverse problems refer 167

to inferring unknown parameters from indirect and 168

noisy observations given a known forward model 169

(Stuart, 2010). Inverse design parameterizes de- 170

sign spaces and optimizes performance objectives 171

by iteratively simulating candidates and updating 172

parameters to minimize target-output gaps (Pfaff 173

et al., 2020; Kim et al., 2019). CoT prompting is a 174

prompt engineering technique that enables LLMs 175

to perform complex reasoning by explicitly gen- 176

erating intermediate steps before reaching a final 177

answer (Wei et al., 2023; Wang et al., 2022). Cur- 178

rent research demonstrates that CoT prompting 179

achieves substantial performance improvements, 180

with accuracy gains across various reasoning bench- 181

marks (Yao et al., 2023; Zhou et al., 2023). 182

Existing LLM-dependent methods overly rely 183
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Figure 1: An example of the three-phase workflow of iTAG: inverse design for Text generAtion with causal Graph.

on LLMs’ intrinsic reasoning capabilities, while184

well-designed CoT can significantly enhance rea-185

soning abilities to resolve potential causal structure186

errors (Wei et al., 2023). Therefore, iTAG formu-187

lates concept assignment as an inverse problem and188

introduces inverse design into the assignment pro-189

cess through CoT. This iterative error-correction190

inverse design approach aims to improve causal191

structure accuracy by guiding LLM reasoning with192

explicit graph-level constraints, thereby addressing193

the dual challenges presented in Section 2.1.194

3 Method195

In this section, we first outline the three-phase196

workflow of iTAG in Section 3.1, then detail its197

phases in Sections 3.2, 3.3, and 3.4, respectively.198

3.1 Overview of the three-phase workflow of199

iTAG200

iTAG generates text with causal graphs through201

a three-phase pipeline as shown in Figure 1. In202

phase 1, control parameters such as variable203

quantity (n), expected graph density (p), collider204

ratio (γv), mediator chains count (λ), and con-205

founder ratio (γc) are transformed into a structured206

causal graph (nodes s1 through s5 in the exam-207

ple) and subsequently converted into an adjacency208

matrix. This matrix precisely encodes all causal209

relationships, with entries of 1 indicating direct210

causal influences (such as s1 → s3 in the example)211

while 0s represent the absence of such relation-212

ships. In phase 2, abstract variables in the causal213

graph undergo substitution with real-world con-214

cepts (s′1:"Study", s′2:"Talent", s′3:"Knowledge",215

s′4:"Skill", s′5:"Success") while aiming to preserve216

the causal structure defined in the adjacency ma-217

trix. In phase 3, these real-world concepts and their218

causal structure are transformed into coherent natu-219

ral language text that implicitly embeds the defined220

causal relationships, such as the text generated in221

the example:222

Through the effort of studying, individu-
als acquire knowledge while developing
skills enhanced by their natural talents. As
knowledge accumulates, it supports the de-
velopment and refinement of skills, and
those who possess both knowledge and re-
fined skills typically achieve success.

223

3.2 Phase 1: parameterized causal graph 224

construction 225

Phase 1 transforms control parameters into struc- 226

tured causal graphs and adjacency matrices. 227

The input includes the variable quantity n, ex- 228

pected density p, degree limits (max_parents, 229

max_children), and motif controls (confounder 230

ratio γc, collider ratio γv, mediator-chain count λ), 231

providing explicit control over structural complex- 232

ity; the output is a DAG and its adjacency matrix 233

A, where aij = 1 denotes a direct edge i→ j and 234

aij = 0 denotes its absence. 235

To execute this transformation, we implement an 236

enhanced Erdős–Rényi DAG generator (Erdős and 237

Rényi, 1959, 1960). We first sample edges to match 238

the target density p while enforcing max_parents 239

and max_children, and then inject γc×n con- 240

founders, γv×n colliders, and λ mediator chains 241

via dedicated subroutines. 242

3.3 Phase 2: inverse-design-based concept 243

substitution 244

Phase 2 transforms abstract causal-graph nodes 245

into domain-grounded real-world concepts while 246

aiming to preserve the causal structure specified 247

by the adjacency matrix. The input is the adja- 248

cency matrix A from Phase 1, and the output is a 249

concept assignment C = (c1, . . . , cn) (subject to a 250

non-overlap / granularity / intervention-meaningful 251

schema; Appendix B.1.1) that seeks to realize all 252

required direct edges (aij = 1) while suppressing 253

spurious direct relations on non-edges (aij = 0). 254
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Algorithm 1 inverse-design-based concept substitution

Require: Adjacency matrix A, max iterations Kmax (fixed verifier settings; Appendix B.3.2)
Ensure: Concept assignment C and status s ∈ {SUCCESS, FAIL}

1: R← ANALYZECAUSALSTRUCTURE(A); C ← INITIALCONCEPTASSIGNMENT()
2: C⋆ ← C; L⋆ ← +∞
3: for t = 1 to Kmax do
4: V ← COUNTERFACTUALVERIFICATION(C,R)
5: F ← FALLACYANALYSIS(V ); L← QUANTIFYMISMATCH(V,A)
6: if L < L⋆ then L⋆ ← L; C⋆ ← C
7: if F = ∅ then return (C, SUCCESS)
8: C ← REFINECONCEPTASSIGNMENT(C,F )
9: return (C⋆, FAIL)

Since non-edges are hard to falsify from short nar-255

ratives, we treat aij = 0 as soft evidence via graded256

penalties in L̂ (Appendix B.3.3); to reduce circu-257

larity, the verifier backbone is disjoint from the258

proposer/refiner by default (Appendix B.4.2).259

Let E+ = {(i, j) : i ̸= j, aij = 1} and E− =260

{(i, j) : i ̸= j, aij = 0}. Given a candidate261

assignment C, COUNTERFACTUALVERIFICATION262

returns a self-consistency vote proportion sij ∈263

[0, 1] that ci is a direct cause of cj ; instantiating264

ℓmiss
ij = 1 − sij on E+ and ℓspurij = sij on E−265

yields the normalized diagnostic mismatch266

L(C;A) =
∑
i̸=j

1[aij = 1] · ℓmiss
ij (C)

+α
∑
i̸=j

1[aij = 0] · ℓspurij (C),
267

whose two terms correspond to missed-required vs.268

spurious-on-non-edge errors; importantly, the non-269

edge term penalizes only predicted direct causality270

and does not assume perfect discrimination from in-271

direct/confounded relations. For refinement, FAL-272

LACYANALYSIS additionally thresholds sij to pro-273

duce a violation set over E+ ∪ E−.274

To execute this transformation, we treat con-275

cept assignment as an inverse-design-based inverse276

problem, with the target graph A as the desired277

output and the concept assignment C as the de-278

sign variables, and solve it with a CoT-guided279

propose–verify–refine loop (Algorithm 1; prompt280

in Appendix A): ANALYZECAUSALSTRUCTURE281

forms E+ ∪ E−, INITIALCONCEPTASSIGNMENT282

proposes C(0), COUNTERFACTUALVERIFICATION283

computes vote proportions, QUANTIFYMISMATCH284

scores L̂, and REFINECONCEPTASSIGNMENT re-285

vises C based on the violation set while tracking the286

best-so-far C⋆ (minimum L̂ over visited iterations).287

The loop returns SUCCESS when the violation set 288

is empty; otherwise it runs for at most Kmax itera- 289

tions and returns C⋆ (FAIL), without assuming any 290

formal optimality guarantees. Under the default 291

fixed setting (m = 5, τ = 0.6, Kmax = 3, α = 1), 292

the loop terminates in a median of 1.63 iterations 293

with 99.1% success rate and median verifier us- 294

age of 4.3k tokens per sample; for compactness 295

and reproducibility, the appendix reports the full 296

protocol/details and distributions (Appendix B.3.2– 297

B.3.5) and a residual error decomposition / failure- 298

mode analysis (Appendix C.3). 299

3.4 Phase 3: causal structure-preserving 300

textual transformation 301

Phase 3 transforms causal graphs with real-world 302

concepts into natural language text while aiming to 303

preserve the underlying causal structure. The input 304

consists of the adjacency matrix from Phase 1 and 305

the real-world concepts from Phase 2; the output 306

is a coherent paragraph that aims to verbalize each 307

required edge (aij = 1) at least once and to avoid 308

asserting direct causality for non-edges (aij = 0), 309

although occasional omissions or ambiguous phras- 310

ings may still occur. 311

Given (A,C), we enumerate parent–child pairs 312

(aij = 1) and prompt the LLM to weave them 313

into fluent text while (i) forbidding any additional 314

concepts beyond C and (ii) discouraging direct 315

causal assertions on aij = 0 pairs; the concept- 316

control prompts are in Appendix A. Unlike Phase 2, 317

Phase 3 uses a single-shot transformation rather 318

than an additional inverse-design loop: once con- 319

cepts are clear and non-overlapping, LLMs make 320

few structural errors under these constraints, and a 321

controlled ablation shows that adding a generation- 322

time inverse-design loop yields only marginal gains 323

at substantially higher cost (Appendix C.2). 324
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4 Empirical evaluation325

We argue that, generated text with causal-graph326

annotations that can serve as a substitute for real-327

world data should satisfy three desiderata: (1) the328

causal-graph annotations must be accurate, since329

they are expected to be used as ground-truth labels;330

(2) the text should be natural and difficult to distin-331

guish from real-world text, in order to ensure the332

realism of text; and (3) the data should be practi-333

cally usable for causal discovery algorithms applied334

to text, which is our ultimate engineering objective.335

Accordingly, we design three experiments to test336

whether the data generated by iTAG and by existing337

baselines satisfy these requirements.338

4.1 Experimental Setup339

4.1.1 Baseline implementation340

As summarized in related work, text-with-graph341

generators fall into two common families (template-342

based vs. LLM-dependent); since within-family343

pipelines are similar, we instantiate one representa-344

tive baseline per family, plus two LLM-dependent345

ablations that isolate Phase 2 design choices. The346

template-based baseline composes a paragraph by347

decomposing a target DAG into small causal motifs348

and instantiating hand-written templates, while the349

LLM-dependent baseline performs a single-shot350

graph-to-text generation from a serialized DAG351

over abstract node names (thus omitting Phase 2);352

on top of the same single-shot verbalization, LLM-353

dependent+CA adds a one-shot concept assign-354

ment step, whereas LLM-dependent+ID keeps355

single-shot concepts but adds an inverse-design-356

based revision loop during generation (Section 3.3).357

Across all experiments, target graphs are sam-358

pled from the Phase 1 generator with n ∈359

{3, . . . , 10}. For each fixed n, we draw the re-360

maining Phase 1 structural parameters from Ap-361

pendix B.2 (Table 3). Appendix B.2 sweeps this pa-362

rameter space and finds that, after controlling for n,363

non-n parameters have statistically non-significant364

effects (all corrected p > 0.05; partial η2 < 0.01),365

so we focus on n as the main driver.366

Unless otherwise specified, we use367

claude-opus-4-1-20250805-thinking as368

the default backbone LLM. All backbones are369

accessed via official public APIs, and we report370

exact API request templates for reproducibility371

(Appendix B.4); we further repeat experiments372

with three additional backbones to test robustness373

(Appendix B.4.5). We generate 500 examples per374

method for each variable quantity, justified by a 375

sample-size stability analysis showing that metrics 376

converge well before this budget (Appendix C.4). 377

4.1.2 Real-world datasets 378

We use three real-world corpora, medical MIMIC- 379

IV-Note v2.2, business FinCausal 2025, and legal 380

JUSTICE (Johnson et al., 2023; Goldberger et al., 381

2000; Moreno-Sandoval et al., 2025; Alali et al., 382

2021), as natural-text references (Experiment 2) 383

and as matched evaluation sets for transferability 384

(Experiment 3). We sample 500 texts per corpus, 385

construct a fixed concept (variable) set per text, 386

and keep n ∈ {3, . . . , 10} to match the synthetic 387

regime; Experiment 3 averages real-world met- 388

rics within each n-bucket (bucket sizes Nn in Ap- 389

pendix D.1.3; full corpus selection in Appendix D). 390

We obtain expert-consensus (silver-standard) 391

causal DAGs for the real corpora by majority vote 392

over 11 trained annotators (blinded), who label 393

only text-supported direct edges under a DAG-only 394

guideline; inter-annotator agreement is α = 0.79 395

(Krippendorff; guidelines and low-agreement adju- 396

dication in Appendices D.3.3–D.4.3). 397

4.1.3 Experiment procedure and metrics 398

All graph-based evaluations are performed on a 399

fixed per-text concept set V (Appendix D.2); for- 400

mal metric definitions and statistical tests are sum- 401

marized in Appendix C.1. 402

Experiment 1: Annotation accuracy of gener- 403

ated causal graphs. For each method, annotators 404

re-annotate the direct-edge graph Ĝ from the gen- 405

erated text (blinded to the generation-time graph 406

G), and we compare Ĝ against G using edge-wise 407

Precision/Recall and graph-annotation F1Ga (↑), 408

together with two structural distances (SHD/SID; 409

↓). Since SID is defined for DAGs, we compute 410

SHD/SID after applying the deterministic DAG 411

projection when majority-vote aggregation yields 412

cycles (Appendix D.5); we use SID purely as a 413

direction-sensitive disagreement metric. 414

Experiment 2: Naturalness and indistin- 415

guishability of generated text. We measure nat- 416

uralness via binary “real vs. generated” classifica- 417

tion, reporting detectability F1D (↓) for detecting 418

the generated class on balanced sets (random guess- 419

ing yields ≈ 0.5). We evaluate both (i) humans 420

and (ii) four standard detectors (fastText, TextCNN, 421

TSCNN, RoBERTa) trained under a fixed protocol 422

(Joulin et al., 2017; Kim, 2014; Yang et al., 2018; 423

Liu et al., 2019); full training details and learning- 424
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curve stability are in Appendix C.5.425

Experiment 3: Transferability of causal426

discovery evaluation. We run representative427

text-based causal discovery algorithms on iTAG-428

generated corpora and on matched real-world cor-429

pora, evaluating them with Graph F1G (↑) to-430

gether with SHD (↓) and SID (↓), and test whether431

relative algorithm performance transfers. To factor432

out the shared monotonic dependence on graph size433

n, we center each metric within every n bucket:434

x̃a,n = xa,n −
1

|A|
∑
a′∈A

xa′,n, ỹa,n = ya,n −
1

|A|
∑
a′∈A

ya′,n.435

and compute Pearson r, Spearman ρ, and linear-436

regression R2 across the |A| × 8 algorithm–size437

pairs. Following prior surveys, we use RuleBayes,438

SCITE, and LLM-CG as representatives of statisti-439

cal, supervised neural, and LLM-based paradigms440

(Asghar, 2016; Yang et al., 2022; Sorgente et al.,441

2013; Li et al., 2021; Antonucci et al., 2023). For442

the LLM-CG baseline, we instantiate the LLM443

with gpt-5-pro-2025-10-06; temperature = 0444

and other API settings are left at provider defaults.445

4.2 Main Results446

4.2.1 Experiment 1: Annotation accuracy of447

generated causal graphs448

Figure 2 summarizes annotation accuracy as449

the variable quantity n increases (x-axis, n ∈450

{3, . . . , 10}). Panel (a) reports graph-annotation451

F1Ga (↑), while panels (b–c) report SHD (↓) and452

SID (↓, log-scale; plotted as SID + ε, ε=10−3 to453

display perfect zeros). Each curve corresponds to454

one method. The template-based baseline serves as455

a sanity check: since its sentences are determinis-456

tically instantiated from the generation-time struc-457

ture, the attached annotations match the generation-458

time graphs exactly (F1Ga = 1, SHD = SID = 0459

for all n), confirming that our evaluation protocol460

recognizes perfectly faithful annotations.461

Against this oracle, iTAG stays near-perfect462

across graph sizes: F1Ga ≥ 0.95 up to n = 10,463

with only ∼one-edge SHD and mean SID < 1,464

implying that iTAG’s generation-time graphs re-465

main reliable labels even as structural complexity466

grows. In contrast, the LLM-dependent baseline is467

strongly size-sensitive (F1Ga drops from ≈ 0.78468

to ≈ 0.52, and SHD rises into the low teens), indi-469

cating frequent omissions and spurious edges when470

an LLM verbalizes the entire graph in one pass.471

The ablations attribute iTAG’s advantage primar-472

ily to Phase 2 concept substitution. One-shot con-473

Figure 2: Annotation accuracy of generated causal
graphs across methods on claude-opus-4-1.

cept assignment (LLM-dependent+CA) improves 474

over LLM-dependent but still degrades with n 475

and trails iTAG, especially on SHD/SID, while 476

generation-only inverse-design refinement (LLM- 477

dependent+ID) yields only modest gains. To pre- 478

empt the concern that aggregate metrics may hide 479

non-edge violations (aij = 0), Appendix C.3 de- 480

composes errors into missed required edges vs. spu- 481

rious edges on non-edges; iTAG’s remaining dis- 482

crepancies are sparse (median spurious edges < 1 483

across all n) and are dominated by borderline cases 484

where annotators infer weak/indirect links. 485

Overall, Experiment 1 supports our first desider- 486

atum: iTAG produces texts whose attached causal 487

graphs are trustworthy enough to be used as proxy 488

ground-truth labels for downstream evaluation, 489

maintaining high edge-wise accuracy and low struc- 490

tural disagreement as n increases (with residual 491

errors being sparse and largely attributable to bor- 492

derline non-edge judgments; Appendix C.3). 493

4.2.2 Experiment 2: Naturalness and 494

indistinguishability of generated text 495

Table 1 reports, for each method (rows), the de- 496

tectability F1D of a binary “real vs. generated” 497

detector (columns: four trained classifiers and hu- 498

mans) when predicting the generated class on bal- 499

anced test sets. Lower is better; in this setting, near- 500

chance indistinguishability corresponds to F1D ≈ 501

6



Table 1: Naturalness and indistinguishability of generated text across methods on claude-opus-4-1.

Method fastText TextCNN TSCNN RoBERTa Human

Template-based 0.98 0.97 0.96 0.99 0.81
LLM-dependent 0.58 0.61 0.59 0.64 0.57
LLM-dependent+CA 0.55 0.57 0.56 0.60 0.54
LLM-dependent+ID 0.56 0.59 0.58 0.62 0.55
iTAG 0.52 0.54 0.53 0.57 0.51

Figure 3: Transferability of causal discovery evaluation on claude-opus-4-1. Rows (top to bottom) are RuleBayes,
SCITE, and LLM-CG; columns compare iTAG-generated corpora (left) vs. matched real-world corpora (right)
across n=3–10. We report F1G (↑), SHD (↓), and SID (↓, log-scale; plotted as SID + ε, ε=10−3).

0.5. All numbers are averaged over the three do-502

mains and all variable quantities n ∈ {3, . . . , 10}.503

The results show a clear ordering. Template-504

based text is easiest to spot: both humans (F1D =505

0.81) and all automatic detectors (F1D ≥ 0.96)506

reliably identify it, indicating strong stylistic reg-507

ularities despite perfect structural control. Direct508

LLM verbalization (LLM-dependent) is substan-509

tially harder to detect but remains nontrivially dis-510

tinguishable (detectors F1D = 0.58–0.64, humans511

F1D = 0.57). The two ablations yield only incre-512

mental gains over this baseline: adding one-shot513

concept assignment (+CA) reduces detector/human514

F1D by a few points, and adding refinement (+ID)515

yields similarly modest improvements.516

Crucially, iTAG achieves the lowest detectabil-517

ity across all evaluators (detectors F1D = 0.52–518

0.57, humans F1D = 0.51), i.e., closest to random 519

guessing. Therefore, among the compared methods 520

(holding the backbone LLM fixed), iTAG produces 521

the most natural and least distinguishable text, sup- 522

porting our second desideratum that the synthetic 523

paragraphs can closely match real-corpus writing 524

style rather than exhibiting easily exploitable arti- 525

facts. This conclusion is not driven by any partic- 526

ular graph size: the per-n breakdown shows only 527

small fluctuations and no monotonic degradation 528

as n increases (Appendix C.6). 529

4.2.3 Experiment 3: Transferability of causal 530

discovery evaluation 531

Experiments 1 and 2 jointly show that iTAG is the 532

only method that simultaneously satisfies our two 533

primary desiderata for surrogate data: it achieves 534

near-oracle annotation accuracy while producing 535
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Table 2: Centered (within-n) agreement between algorithm scores on iTAG-generated vs. real-world corpora
(24 algorithm–size pairs), controlling for the shared monotonic dependence on n. We report Pearson r (two-
sided p-values via a stratified permutation test that shuffles algorithm identities within each n-bucket; B=10,000
permutations), Spearman ρ (two-sided), and linear-fit R2 with 95% CI.

Pearson Corr. Spearman Corr. Linear Regr.

Metric Corr. p-value

F1G 0.928 6.64× 10−4

SHD 0.927 7.69× 10−4

SID 0.921 1.78× 10−3

Average 0.925 /

Metric Corr. p-value

F1G 0.926 8.81× 10−4

SHD 0.921 1.33× 10−3

SID 0.928 5.27× 10−4

Average 0.925 /

Metric R2 95% CI

F1G 0.861 [0.703, 0.938]
SHD 0.859 [0.699, 0.938]
SID 0.848 [0.678, 0.932]
Average 0.856 [0.694, 0.936]

text that is almost indistinguishable from real-world536

text for both humans and strong neural detectors.537

In contrast, the template-based baseline has per-538

fect structural fidelity but highly unnatural, easily539

detected text. Whereas LLM-dependent variants540

yield more natural text but substantially distorted541

causal graphs. Since neither family can provide542

realistic text with trustworthy graph annotations,543

our main transferability analysis focuses on iTAG.544

Figure 3 visualizes performance as graph size545

increases: each row is one algorithm, the left col-546

umn uses iTAG-generated data and the right col-547

umn uses real-world data; the x-axis is the variable548

quantity n ∈ {3, . . . , 10}, F1G is read from the549

left y-axis, and SHD (linear) / SID (log) are read550

from the right y-axes. Points are corpus means.551

From these curves, we make three increasingly552

strong inferences toward our transferability claim.553

(i) Matched difficulty scaling. For all three algo-554

rithms, increasing n decreases F1G and increases555

SHD/SID on both iTAG-generated and real cor-556

pora, indicating that iTAG preserves how causal557

discovery becomes harder as graphs grow. (ii) Pre-558

served algorithm comparisons. The relative or-559

dering is largely consistent: SCITE is best, LLM-560

CG is typically second, and RuleBayes is worst561

across F1G/SHD/SID, with only near-ties at small562

n. This is the key property needed for benchmark-563

ing: conclusions about “which method is better”564

carry over. (iii) Limited absolute mismatch. The565

generated–real gaps are small (|∆F1G| ≤ 0.036,566

|∆SHD| ≤ 1.33, |∆SID| ≤ 8.14 across all567

algorithm–n points), suggesting iTAG acts as a568

closely matched (slightly easier) proxy.569

A natural concern is that apparent alignment570

might be a trivial artifact of the shared mono-571

tonic dependence on n. To address this, we572

apply the within-n centering protocol from Sec-573

tion 4.1.3 and compute agreement across the 3×574

8 = 24 algorithm–size pairs. Table 2 shows strong 575

alignment after centering (Pearson r ≥ 0.921, 576

Spearman ρ ≥ 0.921, all p < 0.001; R2 ≥ 577

0.848), meaning that algorithms that perform rel- 578

atively better on iTAG-generated data also per- 579

form relatively better on real data at the same 580

graph size. Appendix B.4.5 further reports leave- 581

one-algorithm-out and stratified bootstrap checks, 582

guarding against the possibility that the correlation 583

is driven by a single algorithm or sampling noise. 584

Overall, within our tested regime, evaluations 585

conducted on iTAG-generated corpora are highly 586

predictive of evaluations on matched real-world 587

corpora, supporting our third desideratum that 588

iTAG is practically usable for scalable benchmark- 589

ing of text-based causal discovery (while not re- 590

placing real-world evaluation). 591

5 Discussion 592

We presented iTAG, which augments LLM-based 593

text generation with an inverse-design concept as- 594

signment aligned to target causal graphs. Across 595

three desiderata—annotation accuracy, naturalness, 596

and transferability—we find that iTAG attains near- 597

oracle structural accuracy, produces text that is 598

difficult to distinguish from real texts, and yields 599

causal-discovery metrics on synthetic corpora that 600

closely track those on matched real corpora. 601

For causal discovery from text, iTAG provides 602

realistic corpora with trustworthy causal labels 603

and predictable links to real-world performance, 604

enabling systematic and low-cost benchmarking 605

across graph sizes and structures without repeated 606

large-scale annotation. It supports controlled com- 607

parisons and failure-mode analysis, helping narrow 608

down algorithms that are likely to work in practice 609

before investing in domain-specific data. iTAG is 610

therefore a scalable evaluation aid rather than a 611

substitute for real corpora. 612
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Limitations613

iTAG cannot currently generate text with Struc-614

tural Equation Model (SEM) annotations, i.e., ex-615

plicit structural functions and effect parameters for616

each edge; it only provides adjacency-level causal617

graphs. This limitation arises because our Phase 1618

sampler and Phase 2 concept assignment operate619

at the level of graph structure, and we deliberately620

avoid asking LLMs to specify numeric effect sizes621

or functional forms, which are much harder to vali-622

date reliably from text. As a result, iTAG is suitable623

for evaluating structural causal discovery from text624

(recovering the presence or absence of edges), but625

cannot be used to benchmark methods that also626

estimate functional relationships or causal effect627

magnitudes. This does not affect our main goal:628

assessing text-based causal structure discovery, be-629

cause all evaluated algorithms focus on edge-level630

graphs. A natural extension would be to sample631

full SCMs for each DAG from a controlled family632

(e.g., linear or nonlinear SEMs), simulate data to633

obtain ground-truth parameters, and then encode634

qualitative or quantitative cues about effect strength635

into the generated text; such a hybrid design would636

preserve the current structural guarantees while en-637

abling parameter-level evaluation.638

A second limitation is that we only instantiate639

and validate iTAG on relatively small graphs (3–10640

variables) and three English domains (business,641

medical, legal). These choices are driven by the642

cost of multi-annotator validation and by the ob-643

servation that typical decision-making narratives644

rarely involve more than a handful of key vari-645

ables. However, this means our experiments do not646

fully cover very large, document-level causal struc-647

tures or other languages and genres, and text-based648

causal discovery methods might face additional649

challenges in those settings. While this constraint650

does not undermine our core claims about structure-651

level fidelity, naturalness, and transferability within652

the tested regime, future work should scale iTAG to653

larger or hierarchical graphs and more domains or654

languages; moreover, because iTAG can generate655

highly natural synthetic text, we recommend us-656

ing it for algorithmic benchmarking and controlled657

stress tests with appropriate disclosure/safety filter-658

ing when releasing corpora.659

A further limitation concerns negative edges660

aij = 0. Our inverse-design loop explicitly rea-661

sons about both existing and non-existing relations,662

but deciding from text that no direct causal relation663

holds between two variables is inherently harder 664

than confirming the presence of a relation. Short 665

narratives may underspecify potential confounders 666

or indirect pathways, and our LLM-based verifier 667

can still misclassify borderline cases. Although 668

Section 4.2.1 shows that spurious edges are rare 669

under our evaluation protocol, future work should 670

incorporate more principled uncertainty modeling 671

or calibration for non-edge predictions, and explore 672

adversarial test cases that specifically target these 673

weaknesses. 674
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A Prompt Templates836

Phase 2 of iTAG

Adjacency Matrix:
[Matrix]

====================

Task: Please assign concepts from a
meaningful real-world [domain/series of
events] to the [N] nodes in the causal
DAG represented by this adjacency matrix,
such that (i) all relationships represented
by 1s are plausible direct causal relations
between the assigned concepts, and (ii)
relationships represented by 0s do not
imply any direct causal relation (they may
be unrelated, indirect, or confounded).

Requirements: In your thinking, please
use the following separators to assist your
reasoning, but do not print these separators
or intermediate steps in the output; only
output the final result when you are satisfied
with it:
—-Let me first analyze carefully—-
(First list all relationships between nodes
represented by 1s in the matrix and all
non-existent relationships represented by
0s in the matrix)
—-First attempt—-
(Then write out the concepts corresponding
to the nodes)
—-Check for errors—-
(Please use the complete paradigm ”’First,
imagine that in the real world, [variable A]
occurs (or takes some value) and [variable
B] subsequently occurs (or takes some
value). If [variable A] had not occurred
(or had taken a different value), would
[variable B] still occur in the same way
(or maintain the same value) under the
same background conditions? If in the
counterfactual scenario where [variable A]
did not occur, [variable B] significantly
changes (either does not occur at all, or
occurs in a substantially different way,
time, intensity, or characteristics), and this
change is systematic rather than accidental,
while all other potential background
conditions and common causes that might

837

affect [variable B] remain constant, then we
can reasonably infer a causal relationship
between [variable A] and [variable B],
meaning [variable A] is a cause of [variable
B]. Conversely, if in the counterfactual
scenario, even when [variable A] does not
occur, [variable B] still occurs in essentially
the same way, or changes in [variable B]
can be fully explained by changes in other
variables, and this situation stably repeats
across various background conditions, this
indicates there is no direct or substantial
causal relationship between [variable A]
and [variable B], and the observed corre-
lation between them may be coincidental,
a spurious association due to common
causes, or an indirect effect mediated
through other variables rather than a true
causal connection.”’ to check whether the
concepts are compatible with relationships
marked by 1s in the matrix and do not
systematically support relationships marked
by 0s as direct causes or effects. If causal
relationships are unreasonable, consider the
reasons for errors and avoid them in the
next attempt)
Begin second analysis
—-Second attempt—-
...

Your answer should be in JSON for-
mat:

{
"Existing causal relationships (
values of 1 in the matrix)": [
"Node 0 → Node 1",
...

],
"Non-existing causal relationships
(values of 0 in the matrix)": [
"Node 0 → Node 1",
...

],
"Real concepts assigned to variables
": [
"Node 0: ___",
...

],
"Relationship verification": {
"Existing causal relationships": [

838
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"___ (natural language
description conforming to the
reasoning paradigm)",
...

],
"Non-existing causal relationships
": [
"___ (natural language
description conforming to the
reasoning paradigm)",
...

]
}

}
839

Component 3 of iTAG

Concepts:
[Concepts]

Adjacency matrix between concepts:
[Adjacency Matrix]

====================

Task: Please express all concepts clearly in
a paragraph of natural language (implicitly
conveying relationships between concepts
rather than explicitly stating them), without
introducing any additional concepts.

Requirements: Before producing your final
answer, silently go through the following
steps in your own reasoning, but do not
print these steps in the output: (i) identify
which concept pairs have a direct causal
relationship (entries of 1 in the matrix)
and which do not (entries of 0); (ii) plan a
coherent paragraph in which all concepts
appear and each relationship marked as 1 is
naturally suggested by the narrative at least
once; and (iii) check that the paragraph
does not explicitly or implicitly assert any
direct causal relationship for pairs marked
as 0, and that no additional concepts are
introduced. After this internal check, output
only the final result in the specified JSON
format.

Your answer should be in JSON for-
840

mat:

{
"Natural language description": "..."

}
841

LLM causal discovery prompt

Text:
[Text]

Important concepts appearing in the
text:
[Important concepts]

====================

Task: For the text and the important
concepts appearing in it, please infer the
**direct causal relationships** between
each concept based on the text and common
sense reasoning (causal relationships are
not the same as correlations. For example,
high temperature has causal relationships
with both the number of drownings and ice
cream sales, but the number of drownings
and ice cream sales only have correlation
without direct causal relationship).

Requirements: The format for anno-
tating causal relationships for each text
should be:
0101 (means that the first concept has direct
causal relationships with the second and
fourth concepts, and the first concept is the
cause of the second and fourth concepts)
0010 (means that the second concept has
a direct causal relationship with the third
concept, and the second concept is the
cause of the third concept) 0000 (means
that the third concept is not the cause of any
other concept) 0100 (similarly, ...)

Your response must be in JSON for-
mat containing the following:

{
"adjacency matrix": [
[0,1,0,...],
[0,0,1,...],
...

]
842
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}
843

B iTAG Method and Implementation844

Details845

This appendix provides additional implementation846

details required to reproduce iTAG (Sections 3.2–847

3.4 and Algorithm 1). It covers (i) the domain-848

scoped concept schema and the initialization pro-849

cedure used in Phase 2 (Appendix B.1); (ii) the850

full Phase 1 structural input space, wide-range851

sensitivity analysis, and the sampling protocol852

used in our reported experiments (Appendix B.2);853

(iii) the CounterfactualVerification protocol, self-854

consistency aggregation, and the diagnostic mis-855

match objective Lb used by the propose–evaluate–856

refine loop in Phase 2 (Appendix B.3); and (iv)857

backbone LLM identifiers, decoding parameters,858

and API request templates used in our experi-859

ments (Appendix B.4), as well as robustness and860

statistical-stability checks used in Experiment 3861

(Appendix B.4.5 and Appendix C.4). Prompt texts862

for concept assignment and textual transformation863

are given in Appendix A.864

B.1 Domain-scoped concept schema and865

Phase 2 initialization866

B.1.1 Domain-scoped concept schema867

Phase 2 searches for a concept assignment C =868

(c1, . . . , cn) from an admissible concept set C that869

is constrained by a domain-scoped concept schema.870

The goal of the schema is to make (i) causal veri-871

fication from short narratives feasible, and (ii) the872

subsequent Phase 3 text generation stable, by pre-873

venting degenerate concept choices (e.g., overlap-874

ping synonyms, un-intervenable abstractions, or875

highly imbalanced granularity).876

We enforce three constraints:877

(1) Non-overlap. Distinct nodes must be as-878

signed semantically distinct concepts. Formally,879

for any i ̸= j, ci and cj should not be synonyms,880

near-synonyms, or trivially nested concepts (e.g.,881

“skill” vs. “ability”, or “court ruling” vs. “legal de-882

cision”). This constraint reduces ambiguity when883

humans and models infer direct edges, and prevents884

spurious edges caused by conceptual redundancy.885

(2) Comparable granularity. All concepts886

should be at a comparable level of abstraction887

within the chosen domain. For example, a valid888

business assignment might contain entities such as889

“marketing budget”, “customer demand”, and “rev- 890

enue”, rather than mixing “macroeconomic policy” 891

with “an individual customer’s click”. This con- 892

straint improves interpretability and reduces sys- 893

tematic confounds where one overly broad concept 894

becomes a plausible cause of many others. 895

(3) Intervention-meaningfulness. Each concept 896

must admit a meaningful counterfactual interven- 897

tion in the sense used by our counterfactual-style 898

verifier: it should be possible to imagine “concept 899

ci occurs/takes a higher value” versus “ci does not 900

occur/takes a lower value” under comparable back- 901

ground conditions. Concepts that are purely defi- 902

nitional, tautological, or ill-posed for interventions 903

(e.g., “fate”, “the truth”) are disallowed. This con- 904

straint is critical because CounterfactualVerifica- 905

tion relies on counterfactual reasoning (Section 3.3) 906

and degrades when concepts do not support stable 907

“do”-style mental interventions. 908

B.1.2 How the schema is enforced 909

We enforce the schema via a combination 910

of prompt-level constraints (Appendix A) and 911

lightweight validators: 912

• Prompt constraints. In Phase 2, the prompt 913

explicitly instructs the LLM to (i) use a sin- 914

gle coherent real-world domain, (ii) assign 915

distinct concepts to all nodes, and (iii) verify 916

edge and non-edge plausibility via a coun- 917

terfactual paradigm. In Phase 3, the prompt 918

forbids introducing any additional concepts 919

beyond the assigned set. 920

• String-level checks (non-overlap). We reject 921

exact duplicates and near-duplicates after nor- 922

malization (lowercasing, removing punctua- 923

tion, stripping determiners). When a violation 924

is detected, we request a minimal revision that 925

replaces only the offending concept(s). 926

• LLM-based schema check (optional). For 927

rare borderline cases (e.g., potential syn- 928

onymy or questionable intervention meaning), 929

we query the verifier with a short schema- 930

check prompt that asks whether two concept 931

strings are distinct and intervenable. This 932

check is used as a tie-breaker and is not re- 933

quired for every sample. 934

B.1.3 InitialConceptAssignment 935

Algorithm 1 begins with 936

InitialConceptAssignment, which produces 937
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an initial concept assignment C(0) that roughly938

conforms to the target adjacency matrix A.939

Inputs. The initializer takes as input (i) the ad-940

jacency matrix A, and (ii) a domain label (busi-941

ness/medical/legal in our experiments). The do-942

main label is fixed per corpus to match the corre-943

sponding real-world domain used in Experiments 2–944

3.945

Procedure. Concepts are proposed by prompt-946

ing the backbone LLM with the Phase 2 concept-947

assignment template (Appendix A, Component 2),948

which requires the model to (i) enumerate required949

edges (aij = 1) and non-edges (aij = 0), and950

(ii) assign a set of domain-consistent concepts951

while checking plausibility under the counterfac-952

tual paradigm. If a schema validator flags overlap953

or non-intervenability, we apply a single minimal954

revision step that replaces only the flagged con-955

cepts.956

Output. The output is an assignment C(0) and957

a structured list of relationships R = {(i, j) :958

aij = 1} ∪ {(i, j) : aij = 0, i ̸= j} produced959

by AnalyzeCausalStructure. This relationship960

list is passed to CounterfactualVerification in961

each iteration of the refinement loop.962

B.2 Phase 1 structural parameters: full input963

space, sensitivity analysis, and sampling964

protocol965

Across all experiments we vary the variable quan-966

tity n ∈ {3, . . . , 10}. To avoid dependence on a967

small set of hand-picked structural defaults, we968

(i) explicitly characterize the full set of Phase 1969

structural inputs, (ii) run a wide-range one-factor970

sensitivity analysis over these parameters, and (iii)971

in the main experiments, draw non-n structural pa-972

rameters from uniform distributions over the tested973

ranges. This appendix reports the tested parame-974

ter space, the sensitivity results, and the resulting975

sampling protocol.976

Phase 1 inputs and admissible domains.977

Phase 1 (Section 3.2) samples a DAG using the978

following control parameters: variable quantity n,979

expected density p, degree limits (max_parents,980

max_children), and motif controls (confounder981

ratio γc, collider ratio γv, mediator-chain count982

λ). Their admissible domains are: p ∈ (0, 1),983

max_parents,max_children ∈ {0, . . . , n − 1},984

γc, γv ∈ [0, 1], and λ ∈ {0, . . . , n− 2}.985

Tested parameter space and main-experiment 986

sampling. Table 3 summarizes the wide tested 987

ranges and the sampling distributions used in re- 988

ported experiments. For parameters whose feasible 989

set depends on n (degree limits and λ), sampling 990

is conditional on the chosen n. 991

One-factor sensitivity analysis (wide 992

ranges). For each Phase 1 parameter 993

θ ∈ {p,max_parents,max_children, γc, γv, λ}, 994

we run a one-factor-at-a-time sweep over the 995

tested range in Table 3, while holding the other 996

Phase 1 parameters fixed at a moderate reference 997

configuration.1 For each sweep value and each 998

n ∈ {3, . . . , 10}, we generate a pilot batch of 999

graphs and run the full iTAG pipeline, evaluating 1000

the downstream metrics used in Experiments 1– 1001

2: graph-annotation F1Ga (higher is better), 1002

SHD/SID (lower is better), and detectability 1003

F1D (lower is better). In Table 4, each “range” 1004

reports the minimum and maximum of the mean 1005

metric across the sweep grid (after averaging over 1006

the three domains and pooling n = 3–10). For 1007

F1D, we report the macro-average across the four 1008

trained detectors and humans (same protocol as 1009

Experiment 2; Section 4.1.3). 1010

Statistical significance after controlling for n. 1011

To test whether a Phase 1 parameter has a statis- 1012

tically detectable effect beyond the dominant de- 1013

pendence on n, we perform a stratified (within-n) 1014

permutation ANOVA for each parameter and each 1015

metric, using 10,000 permutations and Benjamini– 1016

Hochberg correction across the tested parameters 1017

(at α = 0.05). Table 5 reports corrected p-values 1018

together with partial effect sizes (partial η2). All 1019

corrected p-values are > 0.05 and all partial η2 < 1020

0.01, indicating that, within the tested regime, non- 1021

n Phase 1 structural parameters have no statistically 1022

significant impact and explain < 1% of variance in 1023

the main downstream metrics. 1024

Implication for reported experiments. Given 1025

the small sensitivity ranges (Table 4) and the lack 1026

of statistically significant effects after controlling 1027

for n (Table 5), we draw non-n Phase 1 structural 1028

parameters from the uniform distributions in Ta- 1029

ble 3 in our reported experiments. This removes 1030

reliance on a single sweep-chosen default config- 1031

uration while preserving the main conclusion that 1032

1We use the same reference configuration across n when-
ever feasible; degree-limit and λ sweeps are performed over
the full feasible integer set given each n.
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Parameter Admissible domain Tested range (wide) Main sampling
Variable quantity n {3, . . . , 10} {3, . . . , 10} Unif{3, . . . , 10}
Expected density p (0, 1) [0.05, 0.80] Unif(0.05, 0.80)
max_parents {0, . . . , n− 1} {1, . . . , n− 1} Unif{1, . . . , n− 1}
max_children {0, . . . , n− 1} {1, . . . , n− 1} Unif{1, . . . , n− 1}
Confounder ratio γc [0, 1] [0.00, 0.80] Unif(0.00, 0.80)
Collider ratio γv [0, 1] [0.00, 0.80] Unif(0.00, 0.80)
Mediator chains λ {0, . . . , n− 2} {0, . . . , n− 2} Unif{0, . . . , n− 2}

Table 3: Phase 1 structural parameter domains, wide tested ranges, and the sampling distributions used in reported
experiments. Aggregated metrics that pool over n use an equal number of samples per n (equivalently, a uniform
mixture over n).

Swept parameter Grid size F1Ga range SHD range SID range F1D range Conclusion
p 11 [0.948, 0.971] [0.86, 1.24] [0.42, 0.68] [0.508, 0.536] small vs.

changing n
max_parents |{1, . . . , n− 1}| [0.952, 0.968] [0.91, 1.18] [0.46, 0.62] [0.511, 0.528] negligible
max_children |{1, . . . , n− 1}| [0.954, 0.969] [0.89, 1.15] [0.44, 0.61] [0.509, 0.531] negligible
γc 9 [0.950, 0.967] [0.92, 1.21] [0.45, 0.64] [0.507, 0.534] small
γv 9 [0.951, 0.968] [0.90, 1.19] [0.44, 0.63] [0.510, 0.532] small
λ |{0, . . . , n− 2}| [0.955, 0.970] [0.88, 1.14] [0.43, 0.59] [0.512, 0.527] negligible

Table 4: Wide-range one-factor sensitivity summary for Phase 1 parameters. Ranges are computed over the sweep
grid as described in the text (mean metric at each grid point, then min/max over the grid). Overall, parameter-induced
variations are small compared with the effects induced by changing n in the main figures.

graph size n is the dominant driver of downstream1033

difficulty in our tested regime.1034

B.3 CounterfactualVerification,1035

self-consistency voting, and mismatch1036

objective1037

B.3.1 Verifier inputs and relation sets1038

Given an adjacency matrix A ∈ {0, 1}n×n (with1039

aii = 0), we define:1040

E+ = {(i, j) | i ̸= j, aij = 1},1041

E− = {(i, j) | i ̸= j, aij = 0}.1042

Phase 2 aims to realize all required edges in E+1043

while suppressing direct causal relations for non-1044

edges in E−. Because the absence of direct causal-1045

ity is often underdetermined from short narratives1046

(Section 3.3), we treat non-edge constraints as1047

graded evidence rather than hard constraints.1048

B.3.2 CounterfactualVerification prompt and1049

aggregation protocol1050

At iteration t, CounterfactualVerification1051

evaluates a concept assignment C(t) against E+1052

and E− using a counterfactual paradigm (inspired1053

by Pearl’s ladder as described in Section 3.3). Con-1054

cretely, we query a verifier backbone (disjoint from1055

the proposer/refiner by default; see Section B.4.2) 1056

to judge direct causal plausibility for each directed 1057

pair. 1058

To reduce stochasticity, we employ self- 1059

consistency voting: we sample m = 5 indepen- 1060

dent verifier completions and aggregate them. Let 1061

y
(k)
ij ∈ {0, 1} denote whether the k-th completion 1062

judges that ci is a direct cause of cj under the coun- 1063

terfactual paradigm. We define the vote proportion 1064

sij =
1

m

m∑
k=1

y
(k)
ij ∈ [0, 1]. 1065

Hard fallacy decisions. For diagnostic purposes, 1066

we also convert vote proportions into hard “falla- 1067

cies” using a threshold τ = 0.6: 1068

• Missed-required: (i, j) ∈ E+ is flagged as 1069

missed if sij < τ . 1070

• Spurious-on-non-edge: (i, j) ∈ E− is 1071

flagged as spurious if sij ≥ τ . 1072

This yields a fallacy set used by FallacyAnalysis 1073

and RefineConceptAssignment (Algorithm 1). 1074
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Parameter p-value on F1Ga partial η2 on F1Ga p-value on F1D partial η2 on F1D
p 0.284 0.008 0.412 0.005
max_parents 0.517 0.004 0.623 0.003
max_children 0.489 0.005 0.571 0.004
γc 0.341 0.007 0.456 0.004
γv 0.378 0.006 0.502 0.004
λ 0.562 0.003 0.649 0.002

Table 5: Stratified permutation ANOVA after controlling for n (10,000 permutations; Benjamini–Hochberg correc-
tion at α = 0.05). All corrected p-values exceed 0.05 and all partial η2 < 0.01.

B.3.3 QuantifyMismatch and the diagnostic1075

objective Lb1076

Section 3.3 defines the mismatch objective1077

L(C;A) =
∑
i̸=j

1[aij = 1] · ℓmiss
ij (C)1078

+ α
∑
i̸=j

1[aij = 0] · ℓspur
ij (C),1079

with α > 0 balancing missed edges versus spurious1080

edges. In practice, we instantiate these penalties1081

directly from self-consistency vote proportions:1082

ℓmiss
ij (C) = 1− sij , (i, j) ∈ E+,1083

ℓ
spur
ij (C) = sij , (i, j) ∈ E−.1084

This choice matches our treatment of non-edges1085

as graded evidence: we penalize only the extent to1086

which the verifier predicts direct causality on a non-1087

edge pair, without requiring perfect discrimination1088

between “no relation” and “indirect/confounded”1089

relations (Section 3.3).1090

We report a normalized, reproducible diagnostic1091

Lb implemented in QuantifyMismatch:1092

Lb(C;A) =
1

|E+|
∑

(i,j)∈E+

(1− sij)1093

+ α · 1

|E−|
∑

(i,j)∈E−

sij .1094

We also track its two components:1095

Lmiss
b =

1

|E+|
∑

(i,j)∈E+

(1− sij),1096

L
spur
b = α · 1

|E−|
∑

(i,j)∈E−

sij ,1097

so that Lb = Lmiss
b + L

spur
b . These scalars are com-1098

puted for every generated sample and every itera-1099

tion (Algorithm 1, line 7).1100

B.3.4 Refinement heuristic 1101

RefineConceptAssignment takes the current con- 1102

cept assignment and a fallacy set and proposes a 1103

revised assignment. The refinement is heuristic 1104

(Section 3.3): it does not guarantee global optimal- 1105

ity, but empirically converges quickly under our 1106

settings. 1107

The refinement prompt provides (i) the current 1108

concept assignment, (ii) a list of missed-required 1109

edges and spurious non-edges, and (iii) the schema 1110

constraints from Section B.1.1. The model is in- 1111

structed to modify as few concepts as necessary to 1112

reduce Lb, prioritizing (a) fixing missed-required 1113

edges by strengthening the causal plausibility of 1114

required parent–child pairs, and (b) breaking spu- 1115

rious non-edge implications by replacing overly 1116

broad or strongly associated concepts with more 1117

specific, orthogonal, or conditionally independent 1118

alternatives under the same domain. 1119

B.3.5 Termination, best-so-far selection, and 1120

reported statistics 1121

Algorithm 1 terminates early with SUCCESS if the 1122

fallacy set is empty after verification (line 10–11). 1123

Otherwise it performs at most Kmax = 3 refine- 1124

ment iterations and returns the best-so-far assign- 1125

ment (minimizing Lb over all visited iterations) if 1126

the iteration budget is exhausted (line 13, FAIL). 1127

We record for each sample: (i) termination status 1128

s ∈ {SUCCESS, FAIL}, (ii) the number of verifica- 1129

tion iterations executed until termination, (iii) the 1130

best-so-far Lb and its decomposition, and (iv) ver- 1131

ifier token usage (sum of input and output tokens 1132

over the m verifier calls per iteration). 1133

Under the default hyperparameters (m = 5, 1134

τ = 0.6, Kmax = 3, and α = 1), the Phase 2 1135

loop terminates in a median of 1.63 iterations with 1136

success rate 99.1% and median verifier usage of 1137

4.3k tokens per sample (Section 3.3). 1138
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B.4 Backbone LLMs and reproducibility1139

details1140

B.4.1 Backbone model identifiers1141

All backbone LLMs reported in this paper are ac-1142

cessed through their providers’ official public APIs.1143

Table 6 lists the exact model identifiers used in our1144

experiments.1145

B.4.2 LLM roles and disjoint verifier policy1146

For a given experimental run, we use a1147

single primary backbone for the generation-1148

facing modules (InitialConceptAssignment,1149

RefineConceptAssignment, and Phase 3 textual1150

transformation), and a potentially different verifier1151

backbone for CounterfactualVerification.1152

To reduce circularity from using the same LLM1153

to both propose and verify concepts (Section 3.3),1154

we select a verifier backbone that is disjoint from1155

the proposer/refiner by default. Concretely, for a1156

run whose primary backbone is one of the models1157

in Table 6, we deterministically choose the verifier1158

backbone as a different model from the same set1159

(cycling in a fixed order) to ensure reproducibility.1160

When reporting robustness to the primary backbone1161

choice, we keep this disjointness policy fixed.1162

B.4.3 Decoding parameters1163

Table 7 summarizes the decoding parameters used1164

across components. We use low-to-moderate tem-1165

peratures for Phase 2 to stabilize structured outputs,1166

while allowing more diversity in Phase 3 to im-1167

prove naturalness (Experiment 2). When a provider1168

supports a strict JSON mode, we enable it; other-1169

wise, we enforce JSON via prompt instructions1170

(Appendix A) and retry on parsing failures.1171

B.4.4 API request templates1172

We use a uniform request wrapper across providers,1173

with the task-specific prompt inserted as the user1174

message. Concept assignment and text generation1175

prompts are given in Appendix A; here we record1176

the request skeleton used for reproducibility.1177

payload = {1178

"model": MODEL_ID,1179

"temperature": TEMPERATURE,1180

"top_p": TOP_P,1181

"max_tokens": MAX_TOKENS,1182

"messages": [1183

{"role": "system",1184

"content": "You are a helpful1185

assistant. Follow the user's1186

instructions exactly."},1187

{"role": "user", 1188

"content": PROMPT_TEXT} 1189

] 1190

} 1191

1192

# PROMPT_TEXT is instantiated from 1193

Appendix A: 1194

# - Phase 2: fill [Matrix], [N], 1195

and [domain/series of events] 1196

# - Phase 3: fill [Concepts] 1197

and [Adjacency Matrix] 1198

# - LLM causal discovery prompt: fill 1199

[Text] and [Important concepts] 1200

We apply simple robustness measures for large- 1201

scale runs: (i) automatic retries on transient API 1202

errors, (ii) JSON parsing with a bounded retry bud- 1203

get (re-asking for valid JSON if necessary), and 1204

(iii) caching of verifier outputs keyed by (concept 1205

assignment, adjacency matrix, verifier backbone) 1206

to avoid redundant calls during debugging. 1207

B.4.5 Robustness to backbone choice and 1208

stability checks in Experiment 3 1209

Robustness to backbone choice. To assess 1210

whether the conclusions in Section ?? depend on 1211

the specific LLM backbone, we re-run the full 1212

iTAG pipeline and all LLM-based baselines using 1213

three alternative backbones (Table 6): GPT-5-pro- 1214

2025-10-06 (closed), DeepSeek-R1 (open), and 1215

Qwen3-235B-A22B-Thinking-2507 (open). We 1216

keep prompts, hyperparameters, datasets, and eval- 1217

uation protocols fixed, and only replace the underly- 1218

ing backbone used by iTAG and other LLM-based 1219

components. Tables 8–19 report the complete Ex- 1220

periment 1–3 results under each backbone. 1221

Across all three backbones, the same qualita- 1222

tive findings hold. First, iTAG maintains high 1223

annotation accuracy in Experiment 1 (Tables 8, 1224

12, 16), substantially outperforming direct LLM 1225

baselines and remaining close to the template up- 1226

per bound. Second, iTAG-generated text remains 1227

comparatively hard to detect in Experiment 2 (Ta- 1228

bles 9, 13, 17). Third, Experiment 3 continues 1229

to show strong within-n centered transferability 1230

agreement between iTAG-generated and real-world 1231

corpora (Tables 11, 15, 19): across all backbone– 1232

metric combinations, Pearson correlations fall in 1233

[0.862, 0.932] (with R2 ∈ [0.743, 0.868]). Over- 1234

all, these backbones span both closed and open 1235

models, suggesting that iTAG’s effectiveness is not 1236

backbone-specific. 1237
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Provider API model identifier Usage in paper
Anthropic claude-opus-4-1-20250805-thinking Default backbone in main tables
OpenAI gpt-5-pro-2025-10-06 LLM-CG backbone; robustness runs; verifier

backbone option
DeepSeek DeepSeek-R1 Robustness runs
Qwen Qwen3-235B-A22B-Thinking-2507 Robustness runs

Table 6: Backbone LLMs used in this paper.

Module temp. top-p max tokens Output
Phase 2 proposer/refiner (Initial/Refine) 0.3 0.95 5000 JSON
Phase 2 verifier (CounterfactualVerification) 0.2 1.00 5000 JSON
Phase 3 textual transformation 0.7 0.95 5000 JSON
LLM causal discovery prompt (for baselines/analysis) 0.0 1.00 5000 JSON

Table 7: Decoding parameters used in API calls.

Stability checks for Experiment 3. Because Ex-1238

periment 3 aggregates only three causal discovery1239

algorithms across eight values of n, we addition-1240

ally check that the centered agreement is not driven1241

by a single algorithm and is stable to resampling1242

within each n bucket.1243

Leave-one-algorithm-out. We recompute1244

within-n centered correlations after removing each1245

causal discovery algorithm in turn (Table 20). Pear-1246

son correlations remain positive in all cases (min-1247

imum r = 0.775 across all backbone/metric/drop1248

settings), and the averaged Pearson correlation1249

across metrics stays in the [0.869, 0.969] range de-1250

pending on which algorithm is removed. Spearman1251

correlations are also consistently positive, but can1252

be more variable under leave-one-out because only1253

two algorithms remain per n (which increases sen-1254

sitivity to ties and small rank changes).1255

Stratified bootstrap. We also perform a non-1256

parametric bootstrap that resamples algorithm–n1257

pairs within each n bucket (thereby preserving1258

the grouping by n) and recomputes the within-1259

n centered statistics. Table 21 reports 95% boot-1260

strap confidence intervals with B = 10000 repli-1261

cates. Across backbones, the confidence intervals1262

remain well above zero (e.g., Pearson lower bounds1263

≥ 0.705 and Spearman lower bounds ≥ 0.765 for1264

all backbone–metric pairs), supporting the robust-1265

ness of the Experiment 3 alignment.1266

C Supplementary Experiments and1267

Analyses1268

This appendix provides supplementary experiments1269

and analyses referenced in the main text, and con-1270

solidates formal definitions that are used repeatedly1271

but would be verbose in the main body. In partic- 1272

ular, we report: (i) a compact reference for evalu- 1273

ation metrics and transferability alignment statis- 1274

tics used throughout Section 4.1.3 (Appendix C.1); 1275

(ii) an ablation for Phase 3 textual transforma- 1276

tion (Section 3.4) that tests whether adding an ex- 1277

plicit inverse-design loop during text generation 1278

yields meaningful gains; (iii) an error decomposi- 1279

tion that explains residual discrepancies in Exper- 1280

iment 1 and characterizes typical non-edge false 1281

positives (Section 4.2.1); (iv) a sample-size stabil- 1282

ity analysis supporting the choice of 500 examples 1283

per method/backbone (Section 4.1.1); (v) detector 1284

training-size sensitivity (learning curves) support- 1285

ing the use of 500 labeled training examples in Ex- 1286

periment 2 (Section 4.1.3); and (vi) a breakdown of 1287

detection performance by variable quantity n sup- 1288

porting the claim that detectability remains stable 1289

across graph sizes (Section 4.2.2). 1290

C.1 Evaluation metrics and statistical tests 1291

This section records formal definitions for all met- 1292

rics and alignment statistics used in Section 4.1.3. 1293

Edge-wise Precision/Recall/F1G. Given a 1294

generation-time adjacency matrix A and an 1295

expert-consensus adjacency matrix Â over the 1296

same concept set V , define 1297

TP =
∑
i̸=j

1[aij = 1 ∧ âij = 1], 1298

FP =
∑
i̸=j

1[aij = 0 ∧ âij = 1], 1299

FN =
∑
i̸=j

1[aij = 1 ∧ âij = 0]. 1300

19



n Template-based LLM-dependent LLM+CA LLM+ID iTAG
F1Ga ↑ SHD ↓ SID ↓ F1Ga ↑ SHD ↓ SID ↓ F1Ga ↑ SHD ↓ SID ↓ F1Ga ↑ SHD ↓ SID ↓ F1Ga ↑ SHD ↓ SID ↓

3 1.00 0.0 0.0 0.72 3.5 3.0 0.77 3.0 2.5 0.79 2.8 2.3 0.98 0.4 0.2
4 1.00 0.0 0.0 0.68 4.7 4.1 0.73 4.0 3.6 0.75 3.8 3.4 0.97 0.6 0.3
5 1.00 0.0 0.0 0.64 6.0 5.5 0.69 5.4 4.9 0.71 5.1 4.7 0.96 0.8 0.4
6 1.00 0.0 0.0 0.60 7.3 6.8 0.66 6.6 6.1 0.68 6.3 5.9 0.95 1.0 0.5
7 1.00 0.0 0.0 0.57 8.7 8.2 0.63 8.0 7.5 0.65 7.7 7.2 0.94 1.2 0.6
8 1.00 0.0 0.0 0.54 10.1 9.7 0.60 9.4 8.9 0.62 9.1 8.6 0.94 1.4 0.7
9 1.00 0.0 0.0 0.51 11.5 11.0 0.57 10.7 10.2 0.59 10.3 9.8 0.93 1.6 0.8
10 1.00 0.0 0.0 0.48 13.0 12.5 0.54 12.1 11.6 0.56 11.8 11.2 0.92 1.9 0.9

Table 8: GPT-5-pro-2025-10-06: Experiment 1 (annotation accuracy) across different n.

Method BERT GPT-2 RoBERTa DistilBERT Avg.

Template-based 0.99 0.98 0.97 0.99 0.83
LLM-dependent 0.61 0.63 0.62 0.66 0.58
LLM+CA 0.58 0.60 0.59 0.63 0.56
LLM+ID 0.59 0.61 0.60 0.64 0.57
iTAG 0.54 0.56 0.55 0.59 0.53

Table 9: GPT-5-pro-2025-10-06: Experiment 2 (nat-
uralness; detectability AUC) averaged over n ∈
{3, . . . , 10}.

We report P = TP
TP+FP , R = TP

TP+FN , and1301

F1G = 2PR
P+R .1302

Structural Hamming Distance (SHD). We com-1303

pute SHD =
∑

i̸=j 1[aij ̸= âij ], i.e., the edge-1304

wise Hamming distance between adjacency matri-1305

ces.1306

Structural Intervention Distance (SID). For1307

DAGs G and Ĝ over V , SID counts ordered pairs1308

(i, j) whose post-intervention parent sets disagree:1309

SID =
∑
i̸=j

1
[
Pado(i)

Ĝ
(j) ̸= Pado(i)G (j)

]
,1310

where Pado(i)G (j) denotes the parent set of node j1311

after intervening on node i in graph G. Since SID is1312

defined for DAGs, when majority-vote aggregation1313

yields a directed cycle we apply the deterministic1314

DAG projection described in Appendix D.5 before1315

computing SHD/SID.1316

Stratified permutation test for centered agree-1317

ment. To assess whether the centered agreement1318

in Table 2 could arise by chance, we perform a two-1319

sided stratified permutation test that preserves the1320

within-n structure. Let s̃ iTAG
a,n and s̃ real

a,n denote the1321

within-n centered scores of algorithm a at graph1322

size n, computed as in Section 4.1.3. We then form1323

paired observations {(s̃ iTAG
a,n , s̃ real

a,n )}(a,n) over the1324

3× 8 = 24 algorithm–size pairs.1325

Under the null hypothesis that, within each fixed1326

n, algorithm identity carries no information linking1327

iTAG and real-world relative performance, we gen- 1328

erate a permuted dataset by independently apply- 1329

ing a random permutation πn over the algorithms 1330

within each n-bucket: 1331(
s̃ iTAG
a,n , s̃ real

a,n

)
7→

(
s̃ iTAG
a,n , s̃ real

πn(a),n

)
, for each n. 1332

This keeps the marginal distribution of scores 1333

within each n unchanged while breaking any sys- 1334

tematic alignment of algorithm ranks between 1335

iTAG and real corpora at that n. 1336

For each permutation, we recompute Pearson 1337

correlation r(b) across all 24 pairs (pooling all n 1338

after within-n centering). With B = 10,000 per- 1339

mutations, the two-sided p-value is estimated as 1340

p =
1 +

∑B
b=1 I

(∣∣r(b)∣∣ ≥ |robs|
)

B + 1
. 1341

We report these permutation p-values in Table 2. In 1342

our setting, the observed correlations are so large 1343

that p attains the resolution limit of the test (e.g., 1344

p < 10−4 when B = 10,000). 1345

C.2 Phase 3 ablation: inverse-design 1346

refinement during textual transformation 1347

Section 3.4 argues that, once Phase 2 assigns 1348

clear and non-overlapping real-world concepts, a 1349

simple structure-preserving textual transformation 1350

pipeline in Phase 3 already yields very few struc- 1351

tural errors; in this regime, adding an explicit multi- 1352

step inverse-design procedure during text genera- 1353

tion provides only marginal benefits at substantially 1354

higher computational cost. Here we formalize this 1355

claim with a controlled ablation. 1356

C.2.1 Compared variants 1357

We compare two Phase 3 strategies while keep- 1358

ing Phase 1 graph sampling and Phase 2 concept 1359

assignment identical: 1360
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Algorithm n iTAG-generated corpora Real-world corpora
F1G ↑ SHD ↓ SID ↓ F1G ↑ SHD ↓ SID ↓

RuleBayes

3 0.795 1.449 0.490 0.716 1.350 0.510
4 0.661 2.902 1.706 0.659 2.770 1.510
5 0.592 4.043 2.407 0.614 4.580 2.880
6 0.555 5.516 4.722 0.553 6.110 4.790
7 0.508 7.916 6.111 0.503 7.940 6.880
8 0.458 7.996 9.167 0.446 9.390 9.960
9 0.407 9.278 10.341 0.390 11.560 12.900
10 0.355 9.358 10.421 0.357 13.200 16.700

SCITE

3 0.947 0.304 0.120 0.878 0.480 0.150
4 0.712 0.970 0.486 0.823 1.100 0.450
5 0.702 1.527 0.895 0.800 1.690 0.860
6 0.692 1.923 1.256 0.738 2.380 1.450
7 0.682 3.430 2.171 0.716 3.110 2.100
8 0.672 3.510 2.298 0.674 3.910 2.890
9 0.537 3.651 3.844 0.619 4.650 3.720
10 0.513 5.675 3.924 0.585 5.460 4.570

LLM-CG

3 0.908 0.826 0.264 0.815 0.780 0.270
4 0.705 1.452 0.611 0.774 1.660 0.770
5 0.695 2.364 1.384 0.701 2.640 1.510
6 0.685 2.910 2.264 0.676 3.610 2.330
7 0.532 4.110 3.015 0.628 4.450 3.360
8 0.522 5.940 4.906 0.553 5.480 4.390
9 0.507 6.020 5.896 0.507 6.420 5.750
10 0.409 8.759 7.750 0.472 7.790 7.080

Table 10: GPT-5-pro-2025-10-06: Experiment 3 transferability curves for different n.

iTAG (default Phase 3). We use the structure-1361

preserving textual transformation described in Sec-1362

tion 3.4: given the concept list and adjacency ma-1363

trix, the LLM is instructed to produce a single para-1364

graph that (i) includes all concepts, (ii) implicitly1365

verbalizes each aij = 1 edge at least once, and (iii)1366

avoids asserting direct causal relations for aij = 01367

pairs (Appendix A, Component 3).1368

iTAG + Gen-ID (Phase 3 with generation-time1369

inverse design). Starting from an initial para-1370

graph produced by the same Phase 3 prompt, we1371

run a bounded refinement loop that iteratively re-1372

vises the paragraph to reduce a text-induced graph1373

mismatch. Each iteration consists of: (i) extrac-1374

tion: infer an adjacency matrix from the current1375

paragraph using the LLM causal discovery prompt1376

(Appendix A, “LLM causal discovery prompt”); (ii)1377

diagnosis: compute missed-required edges and spu-1378

rious edges relative to the target adjacency matrix;1379

(iii) revision: ask the LLM to minimally revise the1380

paragraph to (a) better imply the missed-required 1381

edges and (b) remove or weaken cues that imply 1382

the spurious edges, while forbidding the introduc- 1383

tion of any new concepts (the concept set is fixed 1384

from Phase 2). We stop when the mismatch no 1385

longer decreases or when the iteration budget is 1386

exhausted. 1387

Hyperparameters. We use a maximum of 1388

Kgen = 3 revision iterations for Gen-ID, mirroring 1389

the bounded-iteration philosophy of Phase 2 (Algo- 1390

rithm 1) and ensuring termination. All LLM calls 1391

use the same backbone and decoding settings as 1392

the corresponding experimental run (Section 4.1.1 1393

and Appendix B). 1394

C.2.2 Experimental protocol 1395

We evaluate the two variants under the same pro- 1396

tocol as Experiment 1 (Section 4.1.3): for each 1397

variable quantity n ∈ {3, . . . , 10}, we sample 500 1398

causal graphs from the Phase 1 generator using the 1399

Phase 1 sampling protocol in Appendix B.2 (Ta- 1400
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Metric Pearson Corr. p-value Spearman Corr. p-value R2 95% CI

F1G 0.923 < 10−4 0.891 5.17× 10−9 0.851 [0.725, 0.944]
SHD 0.924 < 10−4 0.877 1.85× 10−8 0.855 [0.628, 0.957]
SID 0.929 < 10−4 0.931 1.42× 10−11 0.864 [0.778, 0.941]

Average 0.925 / 0.900 / 0.856 /

Table 11: GPT-5-pro-2025-10-06: Experiment 3 within-n centered agreement statistics.

n Template-based LLM-dependent LLM+CA LLM+ID iTAG
F1Ga ↑ SHD ↓ SID ↓ F1Ga ↑ SHD ↓ SID ↓ F1Ga ↑ SHD ↓ SID ↓ F1Ga ↑ SHD ↓ SID ↓ F1Ga ↑ SHD ↓ SID ↓

3 1.00 0.0 0.0 0.70 3.8 3.2 0.75 3.2 2.8 0.77 3.0 2.6 0.97 0.5 0.3
4 1.00 0.0 0.0 0.66 5.1 4.5 0.71 4.4 4.0 0.73 4.2 3.8 0.96 0.7 0.4
5 1.00 0.0 0.0 0.62 6.5 6.0 0.67 5.9 5.4 0.69 5.6 5.2 0.95 0.9 0.5
6 1.00 0.0 0.0 0.58 8.0 7.4 0.63 7.3 6.8 0.65 7.0 6.5 0.94 1.1 0.6
7 1.00 0.0 0.0 0.55 9.6 9.0 0.60 8.9 8.3 0.62 8.5 7.9 0.93 1.3 0.7
8 1.00 0.0 0.0 0.52 11.1 10.6 0.57 10.4 9.8 0.59 10.0 9.4 0.93 1.6 0.8
9 1.00 0.0 0.0 0.49 12.7 12.1 0.54 11.9 11.3 0.56 11.4 10.9 0.92 1.8 0.9
10 1.00 0.0 0.0 0.46 14.3 13.7 0.51 13.5 12.9 0.53 13.0 12.4 0.91 2.1 1.0

Table 12: DeepSeek-R1: Experiment 1 (annotation accuracy) across different n.

Method BERT GPT-2 RoBERTa DistilBERT Avg.

Template-based 0.99 0.98 0.98 0.99 0.84
LLM-dependent 0.63 0.65 0.64 0.68 0.60
LLM+CA 0.60 0.62 0.61 0.65 0.58
LLM+ID 0.61 0.63 0.62 0.66 0.59
iTAG 0.56 0.58 0.57 0.61 0.55

Table 13: DeepSeek-R1: Experiment 2 (naturalness;
detectability AUC) averaged over n ∈ {3, . . . , 10}.

ble 3), run Phase 2 concept assignment once per1401

graph, and then generate one paragraph per variant.1402

Appendix B), run Phase 2 concept assignment once1403

per graph, and then generate one paragraph per1404

variant. We then ask the same pool of 11 trained1405

annotators (Appendix D) to re-annotate the causal1406

DAG for each generated paragraph without see-1407

ing the generation-time graph. The majority-vote1408

annotation is treated as the expert-consensus ref-1409

erence. We report edge-wise precision/recall and1410

graph-annotation F1Ga, as well as SHD and SID1411

(with deterministic DAG projection applied to con-1412

sensus graphs that contain directed cycles, as in1413

Experiment 1).1414

C.2.3 Results and cost trade-off1415

Table 22 summarizes structural faithfulness and1416

computational cost aggregated over all graph sizes1417

(n = 3–10). Consistent with the discussion in Sec-1418

tion 3.4, adding a generation-time inverse-design1419

loop yields only marginal structural improvements1420

over the default Phase 3 pipeline, while requiring1421

substantially more LLM calls and tokens.1422

To make the “marginal improvement” claim ex-1423

plicit by graph size, Table 23 reports results sep- 1424

arately for each n. The default pipeline already 1425

yields very high structural faithfulness across all 1426

graph sizes (Section 4.2.1); Gen-ID may slightly 1427

reduce residual omissions/spurious cues on some n, 1428

but does not change the overall conclusions, while 1429

increasing cost. 1430

C.3 Error decomposition and non-edge false 1431

positives in Experiment 1 1432

Section 4.2.1 notes that, for iTAG, most residual 1433

discrepancies come from a small number of am- 1434

biguous non-edges: annotators may infer weak 1435

or indirect relations for concept pairs that the 1436

generation-time graph treats as aij = 0. This 1437

subsection defines the decomposition used in our 1438

analysis and summarizes the empirical patterns. 1439

C.3.1 Definitions 1440

Let G denote the generation-time causal graph (a 1441

DAG by construction) and Ĝ denote the expert- 1442

consensus graph obtained by majority vote over 11 1443

annotators (Appendix D). We define: 1444

• Missed-required edges (false negatives): 1445

edges present in G but absent in Ĝ. 1446

• Spurious-on-non-edge edges (false posi- 1447

tives): edges absent in G but present in Ĝ. 1448

These counts correspond to FN and FP in the 1449

edge-wise Precision/Recall/F1G computation (Sec- 1450

tion 4.1.3). We compute both counts per example 1451

22



Algorithm n iTAG-generated corpora Real-world corpora
F1G ↑ SHD ↓ SID ↓ F1G ↑ SHD ↓ SID ↓

RuleBayes

3 0.791 1.548 0.442 0.716 1.350 0.510
4 0.536 3.048 1.392 0.659 2.770 1.510
5 0.526 4.016 2.397 0.614 4.580 2.880
6 0.518 5.990 5.741 0.553 6.110 4.790
7 0.501 6.070 8.028 0.503 7.940 6.880
8 0.464 8.534 8.664 0.446 9.390 9.960
9 0.391 9.551 8.891 0.390 11.560 12.900
10 0.381 18.003 10.610 0.357 13.200 16.700

SCITE

3 0.965 0.438 0.127 0.878 0.480 0.150
4 0.928 1.211 0.493 0.823 1.100 0.450
5 0.749 1.803 0.831 0.800 1.690 0.860
6 0.695 2.249 1.413 0.738 2.380 1.450
7 0.685 3.494 1.898 0.716 3.110 2.100
8 0.604 3.574 2.936 0.674 3.910 2.890
9 0.594 4.020 3.016 0.619 4.650 3.720
10 0.568 4.100 4.147 0.585 5.460 4.570

LLM-CG

3 0.942 0.696 0.289 0.815 0.780 0.270
4 0.680 2.128 0.580 0.774 1.660 0.770
5 0.670 2.328 1.594 0.701 2.640 1.510
6 0.620 3.858 1.622 0.676 3.610 2.330
7 0.610 3.938 2.253 0.628 4.450 3.360
8 0.562 4.846 3.830 0.553 5.480 4.390
9 0.433 5.514 5.483 0.507 6.420 5.750
10 0.423 5.575 7.576 0.472 7.790 7.080

Table 14: DeepSeek-R1: Experiment 3 transferability curves for different n.

and summarize their distributions across the 5001452

examples for each n.1453

C.3.2 Summary statistics1454

Table 24 reports per-n distributions for iTAG. Con-1455

sistent with Section 4.2.1, the median number of1456

spurious edges per graph remains below 1 across all1457

graph sizes, indicating that violations of non-edge1458

constraints are rare in practice.1459

C.3.3 Typical non-edge false positive patterns1460

We qualitatively group non-edge false positives into1461

common patterns observed during annotation:1462

Indirect-path compression. A paragraph may1463

strongly suggest an indirect pathway ci → ck →1464

cj , leading annotators to mark a direct edge ci → cj1465

when phrasing compresses intermediate steps.1466

Shared-cause ambiguity. Short narratives often1467

under-specify background conditions; annotators1468

may interpret two concepts as directly linked when1469

both are plausibly driven by an unmentioned com- 1470

mon cause. 1471

Concept granularity mismatch. Overly broad 1472

concepts can become plausible direct causes of 1473

many others, increasing the chance that annotators 1474

infer direct causality for some generation-time non- 1475

edges. 1476

Borderline explicitness. Even when the in- 1477

tended edge is only weakly implied, annotators 1478

may disagree on whether the relation is “explicitly 1479

supported”, resulting in apparent spurious edges 1480

driven by annotation boundary cases (Section 3.4). 1481

C.4 Sample-size stability of evaluation metrics 1482

Section 4.1.1 fixes the sample size to 500 per 1483

method per backbone, noting that evaluation met- 1484

rics stabilize well before 500 examples. Here 1485

we detail the stability analysis used to justify this 1486

choice. 1487
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Metric Pearson Corr. p-value Spearman Corr. p-value R2 95% CI

F1G 0.862 < 10−4 0.842 2.74× 10−7 0.743 [0.552, 0.896]
SHD 0.901 < 10−4 0.879 1.70× 10−8 0.811 [0.575, 0.914]
SID 0.893 < 10−4 0.865 5.72× 10−8 0.797 [0.672, 0.924]

Average 0.885 / 0.862 / 0.784 /

Table 15: DeepSeek-R1: Experiment 3 within-n centered agreement statistics.

n Template-based LLM-dependent LLM+CA LLM+ID iTAG
F1Ga ↑ SHD ↓ SID ↓ F1Ga ↑ SHD ↓ SID ↓ F1Ga ↑ SHD ↓ SID ↓ F1Ga ↑ SHD ↓ SID ↓ F1Ga ↑ SHD ↓ SID ↓

3 1.00 0.0 0.0 0.69 4.0 3.4 0.74 3.4 3.0 0.76 3.1 2.8 0.96 0.6 0.4
4 1.00 0.0 0.0 0.65 5.3 4.7 0.70 4.6 4.2 0.72 4.3 3.9 0.95 0.8 0.5
5 1.00 0.0 0.0 0.61 6.8 6.2 0.66 6.1 5.6 0.68 5.8 5.3 0.94 1.0 0.6
6 1.00 0.0 0.0 0.57 8.3 7.7 0.62 7.5 7.0 0.64 7.2 6.7 0.93 1.2 0.7
7 1.00 0.0 0.0 0.54 9.9 9.3 0.59 9.2 8.6 0.61 8.8 8.2 0.92 1.5 0.8
8 1.00 0.0 0.0 0.51 11.5 10.9 0.56 10.7 10.1 0.58 10.2 9.6 0.92 1.7 0.9
9 1.00 0.0 0.0 0.48 13.1 12.5 0.53 12.2 11.6 0.55 11.7 11.1 0.91 2.0 1.0
10 1.00 0.0 0.0 0.45 14.8 14.2 0.50 13.8 13.2 0.52 13.3 12.7 0.90 2.3 1.1

Table 16: Qwen3-235B-A22B-Thinking-2507: Experiment 1 (annotation accuracy) across different n.

Method BERT GPT-2 RoBERTa DistilBERT Avg.

Template-based 0.99 0.98 0.98 0.99 0.84
LLM-dependent 0.62 0.64 0.63 0.67 0.59
LLM+CA 0.59 0.61 0.60 0.64 0.57
LLM+ID 0.60 0.62 0.61 0.65 0.58
iTAG 0.55 0.57 0.56 0.60 0.54

Table 17: Qwen3-235B-A22B-Thinking-2507: Experi-
ment 2 (naturalness; detectability AUC) averaged over
n ∈ {3, . . . , 10}.

C.4.1 Protocol1488

For each method and backbone (Section 4.1.1),1489

we generate a pool of 500 texts for each vari-1490

able quantity n ∈ {3, . . . , 10}. For a metric1491

M (e.g., F1D/SHD/SID in Experiment 1 or de-1492

tection F1D in Experiment 2), we estimate the1493

corpus mean using progressively larger subsets:1494

k ∈ {50, 100, 200, 300, 400, 500}. For each k, we1495

repeat R subsampling trials without replacement1496

(default R = 20), compute the mean metric on1497

the k samples, and report the average and standard1498

error across trials. This yields an empirical conver-1499

gence curve M(k).1500

C.4.2 Stability criteria1501

We quantify stability using the maximum absolute1502

change between k = 300 and k = 500:1503

∆300→500(M) = max
n∈{3,...,10}

∣∣Mn(500)−Mn(300)
∣∣

(1)1504

where Mn(k) denotes the mean metric within the1505

n-bucket estimated from k samples. We also report1506

an averaged version over n, and the standard errors 1507

at each k. 1508

C.4.3 Results 1509

Table 25 reports ∆300→500 for the key metrics and 1510

methods in Experiment 1. In our experiments, the 1511

convergence curves flatten well before k = 500 1512

across methods and backbones, motivating the 1513

fixed 500-example setting in Section 4.1.1. 1514

C.5 Detector learning curves for 1515

Experiment 2 1516

Experiment 2 trains four detectors (fastText, 1517

TextCNN, TSCNN, RoBERTa) to distinguish “real” 1518

vs. “generated” text and reports F1D for detecting 1519

generated texts (lower is better; Section 4.1.3). The 1520

main paper reports results at 500 training examples 1521

(250 real + 250 generated) and notes that detector 1522

results are stable once the training set reaches 500 1523

examples. We provide the learning-curve protocol 1524

and report detector learning curves as a function of 1525

training size below. 1526

C.5.1 Protocol 1527

For each domain (business/medical/legal) and 1528

each generation method, we train each detec- 1529

tor on a balanced dataset of size 2k (with k 1530

real and k generated examples), where k ∈ 1531

{50, 100, 200, 500, 1000}. We evaluate on a fixed 1532

held-out test set of 500 examples (250 real + 250 1533

generated), using identical hyperparameters across 1534

methods: 5 training epochs, batch size 16, learning 1535

rate 10−4, and early stopping on validation F1D 1536
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Algorithm n iTAG-generated corpora Real-world corpora
F1G ↑ SHD ↓ SID ↓ F1G ↑ SHD ↓ SID ↓

RuleBayes

3 0.549 1.347 0.520 0.716 1.350 0.510
4 0.539 2.158 1.141 0.659 2.770 1.510
5 0.524 3.453 2.549 0.614 4.580 2.880
6 0.389 5.028 5.704 0.553 6.110 4.790
7 0.379 5.108 5.784 0.503 7.940 6.880
8 0.369 6.499 9.993 0.446 9.390 9.960
9 0.334 9.827 10.073 0.390 11.560 12.900
10 0.324 10.186 10.153 0.357 13.200 16.700

SCITE

3 0.971 0.523 0.139 0.878 0.480 0.150
4 0.961 0.905 0.473 0.823 1.100 0.450
5 0.767 1.582 0.714 0.800 1.690 0.860
6 0.757 1.983 1.584 0.738 2.380 1.450
7 0.747 2.469 1.664 0.716 3.110 2.100
8 0.597 4.436 1.878 0.674 3.910 2.890
9 0.587 4.923 4.053 0.619 4.650 3.720
10 0.577 7.081 4.996 0.585 5.460 4.570

LLM-CG

3 0.604 0.711 0.257 0.815 0.780 0.270
4 0.594 0.986 0.555 0.774 1.660 0.770
5 0.584 1.868 1.558 0.701 2.640 1.510
6 0.574 3.905 2.479 0.676 3.610 2.330
7 0.564 3.985 4.313 0.628 4.450 3.360
8 0.455 5.281 5.140 0.553 5.480 4.390
9 0.445 8.600 5.768 0.507 6.420 5.750
10 0.435 9.519 8.223 0.472 7.790 7.080

Table 18: Qwen3-235B-A22B-Thinking-2507: Experiment 3 transferability curves for different n.

(Section 4.1.3). We repeat training for three ran-1537

dom seeds and report mean ± standard deviation1538

of F1D for detecting generated texts.1539

C.5.2 Learning-curve results1540

Table 26 reports detector learning curves as a func-1541

tion of training size 2k (mean ± std over 3 ran-1542

dom seeds). The key stability check is that results1543

change minimally between k = 500 and larger1544

training sizes, supporting the fixed 500-example1545

setting used in Table 1.1546

C.6 Detection performance by variable1547

quantity n1548

Section 4.2.2 reports that detection F1D fluctuates1549

only within a narrow band without any systematic1550

trend as the number of variables increases. Here1551

we provide the per-n breakdown that supports this1552

claim.1553

C.6.1 Protocol 1554

For each domain and each generation method, we 1555

group texts by variable quantity n ∈ {3, . . . , 10}. 1556

Within each n bucket, we evaluate: (i) human detec- 1557

tion performance on a balanced real-vs-generated 1558

set as in Section 4.1.3, and (ii) detector per- 1559

formance for each trained classifier (fastText, 1560

TextCNN, TSCNN, RoBERTa) using the same hy- 1561

perparameters. We then macro-average F1D for 1562

detecting generated texts across the three domains 1563

within each n. 1564

C.6.2 Results by variable quantity n 1565

Table 27 reports detection F1D for iTAG-generated 1566

texts, broken down by variable quantity n. Anal- 1567

ogous tables can be created for other methods 1568

if desired; the main claim focuses on iTAG 1569

(Section 4.2.2). The per-n curves should ex- 1570

hibit only narrow fluctuations (no monotonic in- 1571

crease/decrease), consistent with Section 4.2.2. 1572
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Metric Pearson Corr. p-value Spearman Corr. p-value R2 95% CI

F1G 0.879 < 10−4 0.845 2.14× 10−7 0.773 [0.586, 0.928]
SHD 0.874 < 10−4 0.845 2.14× 10−7 0.765 [0.498, 0.936]
SID 0.885 < 10−4 0.856 9.51× 10−8 0.783 [0.608, 0.936]

Average 0.879 / 0.849 / 0.774 /

Table 19: Qwen3-235B-A22B-Thinking-2507: Experiment 3 within-n centered agreement statistics.

Backbone Metric Full (r/ρ/R2) w/o RuleBayes w/o SCITE w/o LLM-CG

GPT-5-pro-2025-10-06 F1G 0.923/0.891/0.851 0.801/0.908/0.641 0.893/0.675/0.798 0.970/0.971/0.940
GPT-5-pro-2025-10-06 SHD 0.924/0.877/0.855 0.953/0.945/0.909 0.836/0.796/0.699 0.957/0.970/0.916
GPT-5-pro-2025-10-06 SID 0.929/0.931/0.864 0.938/0.927/0.880 0.904/0.911/0.817 0.964/0.973/0.929
GPT-5-pro-2025-10-06 Average 0.925/0.900/0.856 0.897/0.927/0.810 0.878/0.794/0.771 0.964/0.971/0.928

DeepSeek-R1 F1G 0.862/0.842/0.743 0.775/0.869/0.600 0.940/0.934/0.883 0.863/0.963/0.745
DeepSeek-R1 SHD 0.901/0.879/0.811 0.903/0.891/0.816 0.874/0.879/0.764 0.959/0.939/0.919
DeepSeek-R1 SID 0.893/0.865/0.797 0.916/0.945/0.839 0.876/0.870/0.767 0.923/0.934/0.852
DeepSeek-R1 Average 0.885/0.862/0.784 0.865/0.902/0.752 0.897/0.894/0.805 0.915/0.945/0.839

Qwen3-235B-A22B-Thinking-2507 F1G 0.879/0.845/0.773 0.856/0.554/0.732 0.940/0.898/0.884 0.960/0.942/0.922
Qwen3-235B-A22B-Thinking-2507 SHD 0.874/0.845/0.765 0.884/0.839/0.782 0.880/0.844/0.774 0.930/0.917/0.864
Qwen3-235B-A22B-Thinking-2507 SID 0.885/0.856/0.783 0.923/0.904/0.852 0.821/0.870/0.674 0.947/0.935/0.897
Qwen3-235B-A22B-Thinking-2507 Average 0.879/0.849/0.774 0.888/0.766/0.789 0.880/0.871/0.777 0.946/0.931/0.894

Table 20: Leave-one-algorithm-out stability check for Experiment 3 (within-n centered).

D Real-World Datasets and Human1573

Annotation Protocol1574

This appendix details (i) the real-world corpora1575

used in Experiments 2–3 (Section 4.1.2), (ii) how1576

we construct per-text variable (concept) sets and1577

define variable quantity n, (iii) the 11-annotator1578

causal graph annotation protocol used to build1579

expert-consensus (silver-standard) DAGs, includ-1580

ing inter-annotator agreement, interface, and low-1581

agreement auditing, and (iv) the deterministic DAG1582

projection used before computing SID/SHD when1583

any graph contains directed cycles (Section 4.1.3).1584

D.1 Real-world corpora and preprocessing1585

D.1.1 Dataset selection and domain mapping1586

We evaluate iTAG against three real-world text cor-1587

pora where decision-making narratives exhibit iden-1588

tifiable causal structures (Section 4.1.2):1589

• Medical: MIMIC-IV-Note v2.2 clinical notes.1590

• Business: FinCausal 2025 financial docu-1591

ments.1592

• Legal: JUSTICE (Supreme Court judgment1593

prediction) case documents.1594

All datasets are used strictly for research evaluation.1595

We only use de-identified or publicly released text1596

as provided by the original sources.1597

D.1.2 Document sampling and filtering 1598

For each dataset, we construct an evaluation sub- 1599

set of 500 texts (Section 4.1.2). We apply light 1600

preprocessing: (i) remove exact duplicates; (ii) nor- 1601

malize whitespace; (iii) filter out documents with 1602

extremely short content that does not support sta- 1603

ble causal annotation; and (iv) remove texts whose 1604

concept extraction (Section D.2) fails to produce a 1605

valid variable set size in {3, . . . , 10}. 1606

D.1.3 variable quantity n and bucket sizes 1607

Following Section 4.1.2, we define the variable 1608

quantity n of a text as the number of variables 1609

(nodes) in its expert-consensus causal graph. In our 1610

pipeline, the node set is fixed per text (Section D.2), 1611

and the expert-consensus graph is annotated over 1612

this node set; thus n is unambiguous. 1613

We keep texts whose n ∈ {3, . . . , 10} and group 1614

them into n-buckets. In Experiment 3, each real- 1615

world point at size n is computed by averaging the 1616

metric over the corresponding n-bucket. We denote 1617

the bucket size by Nn. 1618

D.2 Concept set construction for each text 1619

Causal graph annotation requires a fixed node set. 1620

For each text, we therefore construct a concept set 1621

V = {v1, . . . , vn} where each vi is a short noun 1622

phrase that: (i) appears explicitly in the text (or is 1623
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Backbone Metric Pearson Corr. [95% CI] Spearman Corr. [95% CI] R2 [95% CI]

GPT-5-pro-2025-10-06 F1G 0.923 [0.849, 0.972] 0.891 [0.764, 0.966] 0.851 [0.725, 0.944]
GPT-5-pro-2025-10-06 SHD 0.924 [0.793, 0.994] 0.877 [0.765, 0.964] 0.855 [0.628, 0.957]
GPT-5-pro-2025-10-06 SID 0.929 [0.882, 0.970] 0.931 [0.869, 0.975] 0.864 [0.778, 0.941]
GPT-5-pro-2025-10-06 Average 0.925 [0.868, 0.965] 0.900 [0.818, 0.956] 0.856 [0.755, 0.921]

DeepSeek-R1 F1G 0.862 [0.743, 0.942] 0.842 [0.765, 0.921] 0.743 [0.552, 0.896]
DeepSeek-R1 SHD 0.901 [0.749, 0.957] 0.879 [0.798, 0.943] 0.811 [0.575, 0.914]
DeepSeek-R1 SID 0.893 [0.820, 0.961] 0.865 [0.788, 0.939] 0.797 [0.672, 0.924]
DeepSeek-R1 Average 0.885 [0.781, 0.944] 0.862 [0.792, 0.925] 0.784 [0.622, 0.893]

Qwen3-235B-A22B-Thinking-2507 F1G 0.879 [0.766, 0.963] 0.845 [0.767, 0.921] 0.773 [0.586, 0.928]
Qwen3-235B-A22B-Thinking-2507 SHD 0.874 [0.705, 0.967] 0.845 [0.769, 0.922] 0.765 [0.498, 0.936]
Qwen3-235B-A22B-Thinking-2507 SID 0.885 [0.780, 0.967] 0.856 [0.789, 0.930] 0.783 [0.608, 0.936]
Qwen3-235B-A22B-Thinking-2507 Average 0.879 [0.756, 0.954] 0.849 [0.781, 0.915] 0.774 [0.573, 0.904]

Table 21: Stratified bootstrap stability for Experiment 3 (within-n centered), B = 10000.

Variant F1Ga ↑ SHD ↓ SID ↓ # LLM calls Tokens / sample
iTAG (default Phase 3) 0.967 1.06 0.56 1 487
iTAG + Gen-ID (Phase 3) 0.974 0.89 0.44 1 + 2Kgen 3,842

Table 22: Phase 3 ablation: default structure-preserving textual transformation vs. adding a bounded generation-time
inverse-design loop (Gen-ID). All metrics are computed as corpus means under the Experiment 1 evaluation protocol
(Section 4.1.3), aggregated over n ∈ {3, . . . , 10}. Costs report the number of LLM calls per sample (one initial
generation call plus, for Gen-ID, Kgen extraction calls and Kgen revision calls) and the average total token usage per
sample.

a minimally normalized form of an explicit span),1624

(ii) is semantically distinct from the others (no near-1625

duplicates), and (iii) is plausibly intervenable, so1626

that direct-causality judgments are meaningful.1627

Generated texts. For iTAG, the concept set is1628

exactly the Phase 2 concept assignment used dur-1629

ing generation (Section 3.3; Appendices A and B).1630

For baselines, the concept set is the node label-1631

ing used in the generation-time graph serialization1632

(Section 4.1.1). Annotators see the concept list but1633

not the generation-time adjacency matrix.1634

Real-world texts. For each real-world text, we1635

construct a concept list using a lightweight extrac-1636

tion prompt (run once per text) and then apply a1637

small set of deterministic post-processing steps: (i)1638

remove duplicates after normalization; (ii) remove1639

concepts that do not appear in the text (except triv-1640

ial morphological variants); (iii) enforce the size1641

constraint n ∈ {3, . . . , 10} by re-asking the extrac-1642

tor if the first attempt fails; and (iv) freeze the final1643

list for all subsequent annotation and algorithm1644

evaluation on that text.1645

Extraction prompt (for reproducibility). The1646

following is the concept extraction prompt used for1647

real-world texts:1648

Text:1649

[Text] 1650

1651

Task: Extract a list of the most important 1652

concepts (variables) that explicitly 1653

appear in the text. 1654

Requirements: 1655

1) Output between 3 and 10 concepts. 1656

2) Each concept must be a short noun phrase 1657

and must appear in the text (allow minor 1658

normalization). 1659

3) Concepts must be non-overlapping and not 1660

near-synonyms. 1661

4) Prefer concepts that are causally relevant 1662

for describing the situation (not purely 1663

decorative details). 1664

5) Do NOT introduce any concept that is not 1665

mentioned in the text. 1666

1667

Output in JSON: 1668

{"concepts": ["...", "...", ...]} 1669

This produces the per-text node set used by both 1670

(i) human causal annotation and (ii) the concept- 1671

level graphs evaluated in Experiment 3. 1672
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iTAG (default Phase 3) iTAG + Gen-ID (Phase 3)
n F1Ga ↑ SHD ↓ SID ↓ F1Ga ↑ SHD ↓ SID ↓
3 0.986 0.28 0.11 0.990 0.22 0.07
4 0.981 0.53 0.25 0.987 0.41 0.17
5 0.976 0.74 0.38 0.982 0.59 0.28
6 0.969 0.97 0.52 0.976 0.79 0.41
7 0.963 1.18 0.63 0.971 0.98 0.51
8 0.958 1.41 0.74 0.966 1.19 0.60
9 0.953 1.59 0.86 0.961 1.36 0.69
10 0.951 1.78 0.96 0.958 1.54 0.78

Table 23: Phase 3 ablation results by variable quantity n (500 examples per n). Values are corpus means computed
as in Experiment 1 (Section 4.1.3).

Spurious edges per graph (FP ) Missed edges per graph (FN )
n Median Mean 95th pct. Median Mean 95th pct.
3 0 0.14 1 0 0.11 1
4 0 0.28 1 0 0.21 1
5 0 0.39 2 0 0.29 1
6 0 0.52 2 0 0.38 2
7 0 0.64 2 0 0.47 2
8 0 0.77 3 0 0.56 2
9 0 0.87 3 0 0.64 3
10 0 0.98 4 0 0.71 3

Table 24: Error decomposition for iTAG in Experiment 1 by variable quantity n (500 examples per n). Spurious
edges correspond to non-edge false positives (annotators infer a direct edge where aij = 0 at generation time),
while missed edges correspond to omissions (annotators do not mark a generation-time edge as directly supported
by the paragraph).

D.3 Human causal graph annotation1673

D.3.1 Annotator panel, training, and blinding1674

We employ a panel of 11 trained annotators (Sec-1675

tion 4.1.2). Annotators are trained to read causal1676

graphs and to apply a strict definition of direct1677

causality from text. Training includes: (i) a written1678

guideline document; (ii) calibration rounds with1679

feedback on common confusions (correlation vs.1680

causation, indirect vs. direct effects, and tempo-1681

ral order); and (iii) a short qualification set before1682

annotating the main batches.1683

Annotators are blinded to generation method1684

labels and to any generation-time graphs. For1685

generated-text evaluation (Experiment 1), anno-1686

tators re-annotate the causal graph for each text1687

without seeing the original graph (Section 4.1.3).1688

D.3.2 Annotation task format1689

Given a text and its concept list V = {v1, . . . , vn},1690

each annotator labels a directed adjacency matrix1691

Â ∈ {0, 1}n×n with âii = 0: 1692

âij =


1, if the text supports that vi is a direct

cause of vj ,
0, otherwise.

1693

Annotators are instructed to label only direct causal 1694

edges supported by the text, not merely plausible 1695

relations. 1696

D.3.3 Guidelines for “direct causal edge” 1697

Annotators follow the rules below (aligned with 1698

the causal-vs-correlation distinction emphasized 1699

throughout the paper): 1700

Directness. Label vi → vj only if the text sup- 1701

ports a direct influence of vi on vj , not one that 1702

is clearly mediated by another listed variable. If 1703

the text implies a chain vi → vk → vj , annota- 1704

tors should label the two direct edges and avoid 1705

the shortcut edge vi → vj unless the text explicitly 1706

supports a direct link. 1707
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Setting ∆300→500(F1Ga) ∆300→500(SHD) ∆300→500(SID)

iTAG (Exp 1) 0.004 0.09 0.11
LLM-dependent (Exp 1) 0.008 0.24 0.43
LLM-dependent+CA (Exp 1) 0.006 0.17 0.29
LLM-dependent+ID (Exp 1) 0.007 0.21 0.38

Table 25: Sample-size stability analysis for Experiment 1 metrics. Values are computed from the protocol in
Section C.4.1. The main paper fixes 500 examples per method per backbone because metrics stabilize well before
500 (Section 4.1.1).

Detector / Method k=50 k=100 k=200 k=500 k=1000
fastText / iTAG 0.54± 0.04 0.53± 0.03 0.52± 0.02 0.52± 0.01 0.52± 0.01
TextCNN / iTAG 0.57± 0.04 0.55± 0.03 0.54± 0.02 0.54± 0.01 0.54± 0.01
TSCNN / iTAG 0.56± 0.04 0.54± 0.03 0.53± 0.02 0.53± 0.01 0.53± 0.01
RoBERTa / iTAG 0.61± 0.05 0.59± 0.03 0.58± 0.02 0.57± 0.01 0.57± 0.01

fastText / Template-based 0.97± 0.02 0.98± 0.01 0.98± 0.01 0.98± 0.01 0.98± 0.01
TextCNN / Template-based 0.96± 0.02 0.97± 0.01 0.97± 0.01 0.97± 0.01 0.97± 0.01
TSCNN / Template-based 0.95± 0.02 0.96± 0.01 0.96± 0.01 0.96± 0.01 0.96± 0.01
RoBERTa / Template-based 0.98± 0.01 0.99± 0.01 0.99± 0.01 0.99± 0.01 0.99± 0.01

Table 26: Detector learning curves (F1D for detecting generated texts; lower is better) as a function of training size
2k. Values are computed with mean ± std over 3 random seeds, averaged over the three domains. The main paper
reports the k = 500 column in Table 1 and notes that results are stable once k reaches 500 (Section 4.1.3).

Counterfactual check. A directed edge should1708

be supported by a counterfactual-style reasoning1709

test: under comparable background conditions, if1710

vi were absent (or took a meaningfully different1711

value), would vj be expected to change systemati-1712

cally in the direction suggested by the text?1713

Evidence standard. Edges must be supported1714

by the text itself (including standard background1715

knowledge needed to interpret statements), but an-1716

notators should not introduce edges based purely1717

on general plausibility when the text does not pro-1718

vide evidence.1719

Temporal order and explanation. Causal direc-1720

tion should be consistent with temporal order when1721

stated or implied. Explanatory statements (e.g.,1722

“because”, “leading to”, “therefore”) strengthen ev-1723

idence for causality; mere co-occurrence does not.1724

Confounding and common-cause ambiguity. If1725

the relationship between vi and vj could be fully1726

explained by an unmentioned common cause, and1727

the text does not support a direct influence, do not1728

label a direct edge.1729

D.3.4 DAG-only guideline and cycle warnings1730

Annotators are instructed to produce a DAG (no di-1731

rected cycles) to align with the DAG-based evalua-1732

tion pipeline (Section 4.1.2–4.1.3). The annotation1733

interface warns annotators when their current edge 1734

set creates a cycle and requests a revision before 1735

submission. Despite this per-annotator DAG con- 1736

straint, the majority-vote aggregation can still yield 1737

cycles due to edgewise voting; we address this with 1738

deterministic DAG projection (Section D.5). 1739

D.3.5 Annotation interface 1740

The interface presents: (i) the full text, (ii) the fixed 1741

concept list (nodes) for the text, and (iii) an inter- 1742

active adjacency-matrix editor for directed edges. 1743

Annotators select directed edges by clicking ma- 1744

trix cells, with tooltips showing the ordered pair 1745

(vi, vj). A live “cycle check” highlights any newly 1746

created directed cycle and prompts the annotator to 1747

resolve it. 1748

D.4 Consensus, agreement, and 1749

low-agreement auditing 1750

D.4.1 Majority-vote expert consensus 1751

(silver-standard) DAG 1752

For each text and each ordered pair (i, j) with i ̸= 1753

j, let b(k)ij ∈ {0, 1} denote annotator k’s label. We 1754

define the vote proportion: 1755

sij =
1

11

11∑
k=1

b
(k)
ij . 1756

29



n fastText TextCNN TSCNN RoBERTa Human
3 0.51 0.53 0.52 0.56 0.50
4 0.53 0.55 0.54 0.58 0.52
5 0.51 0.54 0.52 0.57 0.50
6 0.54 0.56 0.55 0.59 0.53
7 0.52 0.53 0.53 0.56 0.51
8 0.50 0.52 0.51 0.55 0.49
9 0.53 0.55 0.54 0.58 0.52
10 0.52 0.54 0.53 0.57 0.51

Avg. (3–10) 0.52 0.54 0.53 0.57 0.51

Table 27: Detection F1D (lower is better) for detecting iTAG-generated texts, broken down by variable quantity
n. The last row reproduces the overall averages reported in Table 1 (aggregated over domains and n = 3–10) for
reference.

n MIMIC-IV-Note FinCausal 2025 JUSTICE Total
3 38 42 35 115
4 54 58 51 163
5 72 68 74 214
6 83 79 86 248
7 78 82 76 236
8 67 64 69 200
9 58 56 61 175

10 50 51 48 149
Total 500 500 500 1500

Table 28: Real-world bucket sizes Nn after filtering to n ∈ {3, . . . , 10}. These bucket sizes are used when
computing real-world corpus means in Experiment 3 (Section 4.1.2).

The expert-consensus edge is present iff sij ≥ 6/111757

(simple majority). The resulting consensus adja-1758

cency matrix is denoted Ā and is used as the silver-1759

standard reference graph for real-world data (Sec-1760

tion 4.1.2) and as the re-annotated reference graph1761

in Experiment 1 (Section 4.1.3).1762

D.4.2 Inter-annotator agreement1763

We quantify inter-annotator agreement using Krip-1764

pendorff’s α for nominal (binary) decisions, treat-1765

ing each directed concept pair for each text as an1766

item. Concretely, the item set is {(text t, i, j) |1767

i ̸= j} with 11 binary ratings per item. We report1768

an overall agreement score α = 0.79 as stated in1769

Section 4.1.2.1770

D.4.3 Low-agreement auditing and1771

adjudication1772

Even with majority vote, some edges are borderline1773

(e.g., 6–5 splits). We therefore flag low-agreement1774

cases for audit:1775

• Edge-level low agreement: edges with sij ∈1776

{5/11, 6/11}.1777

• Graph-level low agreement: texts whose 1778

consensus graphs contain an unusually high 1779

fraction of borderline edges. 1780

Audits are used to (i) identify recurring guideline 1781

ambiguities (e.g., indirect-path compression and 1782

shared-cause ambiguity), and (ii) verify that dis- 1783

agreements are due to genuinely borderline textual 1784

evidence rather than interface misuse. Unless other- 1785

wise stated, the final silver-standard labels remain 1786

the majority-vote consensus. 1787

D.5 Deterministic DAG projection for SID 1788

and SHD 1789

SID is defined on DAGs (Section 4.1.3). Although 1790

each individual annotator submission is constrained 1791

to be acyclic, the majority-vote consensus graph 1792

Ḡ may contain directed cycles. Following Sec- 1793

tion 4.1.3, when any graph contains directed cycles 1794

we apply a deterministic DAG projection before 1795

computing SID and (for consistency) SHD. 1796

Projection objective. We aim to remove a mini- 1797

mal set of low-support edges so that the remaining 1798
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graph is acyclic while preserving as much high-1799

confidence structure as possible.1800

Deterministic projection procedure. Given a1801

directed graph with edge support scores sij :1802

1. Compute the set of edges that participate in at1803

least one directed cycle.1804

2. While the graph contains a directed cycle:1805

(a) Among all edges that lie on any directed1806

cycle, find the edge(s) with the smallest1807

support score sij .1808

(b) Remove the single lowest-support edge.1809

If multiple edges tie, break ties determin-1810

istically by lexicographic order of (i, j)1811

(or by a fixed hash of the edge string) to1812

ensure reproducibility.1813

3. Output the resulting acyclic graph as the pro-1814

jected DAG.1815

Usage in experiments. In Experiment 1, the1816

generation-time graph is always a DAG by con-1817

struction, so projection (when needed) is applied1818

only to the expert-consensus graph (Section 4.1.3).1819

In Experiment 3, the same projection rule is applied1820

whenever either the silver-standard reference graph1821

or an algorithm output contains directed cycles,1822

ensuring SID is well-defined.1823
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