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Abstract

Monitoring factual inconsistency is essential001
for ensuring trustworthiness in data-to-text gen-002
eration (D2T). While large language models003
(LLMs) have demonstrated exceptional perfor-004
mance across various D2T tasks, previous stud-005
ies on scaling laws have primarily focused on006
generalization error through power law scaling007
to LLM size (i.e., the number of model param-008
eters). However, no research has examined the009
impact of LLM size on factual inconsistency010
in D2T. In this paper, we investigate how fac-011
tual inconsistency in D2T scales with LLM012
size by exploring two scaling laws: power law013
and exponential scaling. To rigorously evaluate014
and compare these scaling laws, we employ a015
statistical validation framework consisting of016
three key stages: predictive performance esti-017
mation, goodness-of-fit assessment, and com-018
parative analysis. For a comprehensive empiri-019
cal study, we analyze three popular LLM fami-020
lies across five D2T datasets, measuring factual021
inconsistency inversely using four state-of-the-022
art consistency metrics. Our findings, based023
on exhaustive empirical results and validated024
through our framework, reveal that, contrary to025
the widely assumed power law scaling, factual026
inconsistency in D2T follows an exponential027
scaling with LLM size.028

1 Introduction029

Data-to-text (D2T) generation (Lin et al., 2024; Li030

et al., 2024) converts semi-structured data (e.g.,031

tables) into natural language, with applications032

in conversation systems, automated journalism,033

and other fields. A key challenge in D2T is fac-034

tual inconsistency (Li et al., 2022; Huang et al.,035

2023)—when generated text fails to entails with036

input facts—leading to hallucinations that under-037

mine trust in D2T models (Figure 1). Therefore,038

it is essential to monitor and mitigate factual in-039

consistency in order to construct trustworthy D2T040

models.041
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Figure 1: Example of data-to-text generation from the
DART dataset, with a factually inconsistent output from
the Pythia-1.4B model.

Large language models (LLMs) have achieved 042

remarkable success in D2T, primarily due to their 043

massive model sizes (parameter counts) and train- 044

ing on vast text corpora (Lorandi and Belz, 2024). 045

Several studies shows that LLMs often adhere to 046

scaling laws, typically power laws, governing gen- 047

eralization error or perplexity in relation to model 048

size (Kaplan et al., 2020; Hoffmann et al., 2022). 049

These scaling laws play a crucial role in predicting 050

model performance, guiding hyperparameter tun- 051

ing, estimating computational costs, and optimiz- 052

ing resource allocation (Hendrycks, forthcoming; 053

Zhang et al., 2024). Existing LLM scaling laws in 054

D2T focus on generalization loss or test perplex- 055

ity (Bahri et al., 2024), overlooking factual incon- 056

sistency. Understanding how factual inconsistency 057

scales with LLM model size can help researchers 058

and practitioners optimize model selection and en- 059

hance trustworthiness in D2T, highlighting a key 060

research gap. 061

In this paper, we address the research gap by 062

examining scaling laws for factual inconsistency in 063

D2T with respect to LLM size. Unlike prior studies 064

that focus solely on power law scaling, we explore 065

both power law and exponential scaling with a rig- 066

orous three-stage statistical validation framework. 067

This framework comprises three key stages: pre- 068

dictive performance estimation (evaluating Huber 069

loss on held-out data), goodness-of-fit assessment 070
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(using an F-test to measure goodness-of-fit), and071

comparative analysis (utilizing Vuong’s likelihood-072

ratio test to compare power law and exponential073

scaling). By integrating rigorous statistical valida-074

tion, we ensure more reliable and robust insights,075

particularly in data-limited settings. Our study076

spans three widely used LLM families—Pythia,077

OPT, and BLOOM—and five well-established D2T078

datasets: E2E, ViGGO, WebNLG, DART, and Wik-079

iTableText. Factual inconsistency is quantified as080

the inverse of factual consistency, measured us-081

ing four state-of-the-art metrics—ALIGNSCORE,082

QAFACTEVAL, SUMMAC-CONV, and UNIEVAL-083

FACT—which strongly correlate with human judg-084

ments. Our findings, validated through exten-085

sive empirical analysis and the rigorous validation086

framework, reveal that factual inconsistency in D2T087

follows exponential scaling with LLM size rather088

than power law scaling.089

2 Related Work090

Data-to-Text Generation (D2T) and Factual In-091

consistency. Data-to-Text generation (D2T)(Lin092

et al., 2024) aims to transform non-textual, semi-093

structured data—such as tables, graphs, or slot-094

value pairs (meaning representation, MR)—into095

human-readable text. It can be categorized into096

three types based on source representation: graph-097

to-text(Gardent et al., 2017; Nan et al., 2021),098

table-to-text (Bao et al., 2018), and meaning rep-099

resentation (MR)-to-text (Novikova et al., 2017;100

Juraska et al., 2019). Recently, LLMs have be-101

come foundational models for D2T due to their102

extensive pre-training on large text datasets (Zhang103

et al., 2022) and their high model capacity (Scao104

et al., 2022). Moreover, with parameter-efficient105

fine-tuning techniques (Dettmers et al., 2023)106

and prompt-based learning (Lester et al., 2021),107

LLMs have gained widespread popularity for D2T108

tasks (Raffel et al., 2020; Lewis et al., 2020; Scao109

et al., 2022), often outperforming earlier models110

in generation quality and overall performance (Ge111

et al., 2023). In D2T, LLMs are often prone to gen-112

erating factually inconsistent text, presenting a key113

research challenge. Factual inconsistency, defined114

as the lack of factual entailment between gener-115

ated text and input data, contributes to hallucina-116

tions and undermines model reliability. Evaluation117

methods include human assessment (gold standard118

but costly) and automatic metrics (scalable but de-119

bated). Recently, trained automatic metrics (Fabbri120

et al., 2022; Zha et al., 2023) have shown strong 121

correlations with human judgments, making them 122

promising for factual inconsistency evaluation. 123

Scaling Law for LLM. Scaling laws for LLMs 124

describe how their performance scales with key 125

factors such as model size (number of parame- 126

ters) and training data size. Hestness et al. (2017) 127

demonstrated that deep language models follow a 128

power law scaling, laying the foundation for scaling 129

law research. Kaplan et al. (2020) expanded this 130

by systematically analyzing model size, data size, 131

and computational efficiency, reinforcing the domi- 132

nance of power law scaling in LLM performance. 133

As research on scaling laws has expanded, vari- 134

ous studies have explored their applications across 135

different task domains, including close-ended text 136

generation (Bansal et al., 2022) and open-ended 137

text generation (Kaplan et al., 2020). Recent inves- 138

tigations have further examined scaling in diverse 139

paradigms, such as sparse modeling (Frantar et al., 140

2024) and parameter-efficient fine-tuning (Zhang 141

et al., 2024). Additionally, joint scaling laws— 142

such as additive and multiplicative formulations— 143

are gaining prominence in multi-factor scaling se- 144

tups (Hoffmann et al., 2022; Zhang et al., 2024). 145

Scaling laws offer several key advantages, includ- 146

ing optimizing hyperparameter tuning (Hendrycks, 147

forthcoming), estimating training costs (Hägele 148

et al., 2024), and setting realistic expectations for 149

model performance (Hoffmann et al., 2022). A re- 150

cent study by Bahri et al. (2024) further reinforces 151

the theoretical foundations of scaling laws. 152

3 Scaling Law Models and Training 153

Moving beyond existing studies, we formulate 154

the scaling law for factual inconsistency in D2T 155

concerning LLM size by considering two mod- 156

els—power law scaling (following a power law 157

function) and exponential scaling (following an ex- 158

ponential function). The power law scaling model 159

(Mpow) is defined as follows: 160

Mpow : f(x) =

{
Axα +B x ≥ 0

0 otherwise
(1) 161

Where A and B are case-specific parameters, α 162

is the power law exponent, x represents LLM size, 163

and f(x) denotes factual inconsistency. 164

Similarly, the exponential scaling model (Mexp) 165

is defined as follows: 166
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Mexp : F (x) =

{
Ceβx +D x ≥ 0

0 otherwise
(2)167

Where C and D are case-specific parameters, β168

is the exponential scaling rate, x represents LLM169

size, and f(x) denotes factual inconsistency.170

The parameters of both models are estimated171

using maximum likelihood estimation (MLE) on172

the factual inconsistency score data D, optimized173

through the standard Huber loss (δ = 1), denoted174

as LHuber, due to its robust estimation capability.175

Â, B̂, α̂← MLE(Mpower,D,LHuber) (3)176

Ĉ, D̂, β̂ ← MLE(Mexp,D,LHuber) (4)177

4 Statistical Validation Framework178

To empirically study the two scaling models under179

limited data, we employ a structured three-stage180

statistical validation, consisting of predictive per-181

formance estimation, goodness-of-fit assessment,182

and comparative analysis, as detailed below.183

Predictive performance

estimation

[Loss on held-out data]

Goodness-of-fit

assessment

[F-test]

Comparative analysis

[Vuong's Likelihood ratio test]

Stage I

Stage II

Stage III

Figure 2: All three stages of our statistical validation
framework.

• Stage I: Predictive performance estimation.184

This validation stage ensures how well the185

scaling laws generalize in terms of their pre-186

dictive ability on unseen data. To achieve this,187

we evaluate the scaling laws on held-out data188

using Huber loss. Given the limited data avail-189

ability, we employ five-fold cross-validation190

for predictive performance assessment.191

• Stage II: Goodness-of-fit assessment. Pre-192

dictive performance alone is not sufficient to193

validate a scaling law; assessing its goodness-194

of-fit is also crucial for its acceptance. There-195

fore, in this stage, we evaluate the goodness-196

of-fit of the scaling law models using a197

goodness-of-fit test—specifically, an F-test for 198

regression (Siegel, 2016). The test statistic for 199

the F-test is calculated as follows: 200

Fstat =
SSRR − SSRE

dfR − dfE
× SSRE

dfE
(5) 201

Fstat ∼ F-distribution(x) (6) 202

Here, SSRR and SSRE represent the sum of 203

squared residuals for the reduced and exact 204

models, respectively. Similarly, dfR and dfE 205

denote the degrees of freedom for the reduced 206

and exact models, respectively. We consider 207

our scaling models (Mpow andMexp) as ex- 208

act models, while the reduced model is rep- 209

resented by a simple mean-response model. 210

Since the F-test applies only to linear regres- 211

sion models, we use a log transformation to 212

convert our scaling models into their linear 213

forms. We perform the F-test with a signifi- 214

cance level of p < 0.05, which is often consid- 215

ered a moderate range. If both scaling models 216

qualify in the goodness-of-fit assessment, we 217

proceed to Stage III. 218

• Stage III: Comparative analysis. In this 219

final stage of validation, we compare the 220

two scaling law models,Mpow andMexp, 221

through hypothesis testing to determine which 222

better explains the data. Since power law and 223

exponential scaling models are not nested hy- 224

potheses, the standard likelihood-ratio test is 225

not applicable. Instead, we employ Vuong’s 226

likelihood-ratio test for comparison. The test 227

statistic for Vuong’s likelihood-ratio test is 228

computed as follows: 229

Vstat =

√
n ·mean(d)√

Var(d)
(7) 230

Vstat ∼ normal(0, 1) (8) 231

Where n represents the sample size, and d de- 232

notes the n-sized sample of the log-likelihood 233

differences between the two scaling law mod- 234

els. We conduct Vuong’s likelihood ratio test 235

at a stringent significance level of p < 0.005 236

to provide highly compelling evidence for our 237

conclusion. 238

Assumptions verification. In the second and third 239

stages of our validation framework, we incorporate 240
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the F-test and Vuong’s likelihood-ratio test. Both241

tests rely, directly or indirectly, on the assumption242

that the residuals of our scaling law models,Mpow243

and Mexp, follow a normal distribution. There-244

fore, validating this assumption is essential. To245

assess the normality of residuals for both Mpow246

andMexp, we employ the Shapiro–Wilk test in our247

experiments.248

5 Experiment Setup249

5.1 Dataset250

We utilize five well-known D2T datasets, cover-251

ing three major D2T types: DART and WebNLG252

for graph-to-text, WikiTableText for table-to-text,253

and E2E and ViGGO for MR-to-text. All datasets254

are sourced from (Kasner et al., 2023) and (Wolf255

et al., 2020). The E2E dataset (Novikova et al.,256

2017; Dusek et al., 2018) contains over 37K MR-257

text pairs from the restaurant domain, with an258

average text length of approximately 21 words.259

ViGGO (Juraska et al., 2018) includes 7K MR-260

to-text instances spanning nine dialogue acts in the261

video game domain, with an average text length of262

around 14 words. Both E2E and ViGGO are closed-263

domain datasets. WikiTableText (Bao et al., 2018)264

is an open-domain D2T dataset consisting of ap-265

proximately 13K table-to-text pairs extracted from266

Wikipedia tables. DART (Nan et al., 2021) contains267

nearly 70K knowledge graph triplets, with an av-268

erage text length of 34 words. WebNLG (Gardent269

et al., 2017) focuses on RDF-to-text generation,270

comprising around 38K samples with an average271

text length of 30 words. Both DART and WebNLG272

are open-domain datasets.273

family model counts parameters of each models

Pythia 8 70M, 160M, 410M, 1B, 1.4B, 2.8B, 6.9B, 12B
OPT 6 130M, 350M, 1.3B, 2.7B, 6.7B, 13B

BLOOM 5 0.56M, 1.1B, 1.7B, 3B, 7B

Table 1: The three LLM families along with their mod-
els and corresponding sizes (M=million, B=billion).

5.2 Models274

We incorporate three widely used LLM families275

in our experiments: Pythia, OPT, and BLOOM.276

Examining multiple families offers broader in-277

sights than focusing on a single family. Pythia278

is a suite of eight decoder-only autoregressive279

models (70M–12B parameters), following a GPT-280

style (Brown et al., 2020) architecture with flash281

attention. All Pythia models are trained on the Pile282

dataset in the same order. We consider OPT (Zhang 283

et al., 2022), which includes six models, each being 284

a decoder-only transformer (130M–13B parame- 285

ters), trained on datasets including Reddit, the Pile, 286

and RoBERTa, following the training details out- 287

lined in (Brown et al., 2020). BLOOM (Scao et al., 288

2022) is another decoder-only LLM trained on the 289

ROOT dataset. We include six BLOOM models 290

in our study. A summary of these LLM families, 291

their models, and corresponding sizes is provided 292

in Table 1. 293

5.3 Fine-tuning for D2T 294

All LLMs are fine-tuned separately on each of the 295

five D2T datasets. Given the large model sizes, 296

full fine-tuning is computationally expensive. To 297

mitigate this, we use QLoRA (Quantized Low- 298

Rank Adapter) (Dettmers et al., 2023), a parameter- 299

efficient fine-tuning method, with a learning rate 300

of 1.00e-04 and r = 16 (reduced rank) for the 301

attention module. 302

5.4 Quantification for Factual Inconsistency 303

We define factual inconsistency as the inverse of 304

factual consistency, computed as 1− z (where z is 305

the factual consistency score ranging from 0 to 1). 306

To evaluate factual inconsistency in LLMs for D2T, 307

we use four state-of-the-art automatic metrics that 308

strongly correlate with human judgments: ALIGN- 309

SCORE (measures consistency through informa- 310

tion alignment) (Zha et al., 2023), QAFACTEVAL 311

(assesses consistency via question generation and 312

answering) (Fabbri et al., 2022), SUMMAC-CONV 313

(leverages natural language inference) (Laban et al., 314

2022), and UNIEVAL-FACT (employs unified train- 315

ing) (Zhong et al., 2022). Given their high agree- 316

ment with human annotations, these metrics pro- 317

vide a strong foundation for our study. 318

5.5 Decoding Strategies 319

Given the importance of decoding strategies in 320

D2T, we include both deterministic (greedy and 321

beam search) and stochastic (nucleus and top-k 322

sampling) methods for a comprehensive analysis. 323

However, due to space constraints, we present here 324

the results using nucleus sampling, while results 325

for other strategies are provided in the appendix 326

(Appendix A). 327

6 Results 328

This section presents our empirical results and the 329

validation framework’s evaluation of factual incon- 330
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Figure 3: Visualization of exponential and power law scaling of factual inconsistency (ALIGNSCORE) across
datasets and LLM families, with margin of error (MOE) and 95% confidence intervals on residuals.

Results of stage I Results of stage II and III

LLM family Scaling law DART E2E ViGGO WebNLG WikiTableText DART E2E ViGGO WebNLG WikiTableText

Exponential 6.56e-04 2.49e-03 2.13e-04 1.33e-03 4.42e-03 ✗ ✗ ✓(✿) ✓ ✓
BLOOM

Power law 8.42e-04 3.07e-04 2.44e-03 1.30e-02 2.50e-02 ✓ ✗ ✓ ✗ ✗

Exponential 4.15e-04 9.15e-04 4.16e-04 1.30e-04 2.82e+03 ✓(✿) ✓(✿) ✓ ✓(✿) ✓(✿)
OPT

Power law 2.27e-03 1.38e-03 1.94e-03 2.08e-02 6.37e+01 ✓ ✓ ✓(✿) ✓ ✓

Exponential 1.89e-03 4.33e-02 2.20e-03 1.86e-03 2.70e-03 ✓(✿) ✓(✿) ✓(✿) ✓(✿) ✓(✿)
Pythia

Power law 1.47e-02 2.71e-01 1.58e-02 5.74e-03 1.83e-02 ✓ ✓ ✓ ✓ ✓

Table 2: Results of the validation framework (all three stages) for both scaling laws of factual inconsistency
(ALIGNSCORE). High held-out losses (Stage I) are highlighted in red. ✓/✗ indicates pass/fail (also marked in red)
in the goodness-of-fit test (Stage II), while ✿ denotes the effective scaling law from Stage III.

sistency scaling in D2T based on the two scaling331

laws. We report findings from the standpoint of332

automatic metrics used to assess factual inconsis-333

tency.334

6.1 Findings from ALIGNSCORE335

Figure 3 illustrates both fitted scaling laws for fac-336

tual inconsistency measured by ALIGNSCORE. Ex-337

ponential scaling generally outperforms power law338

scaling, except for minor deviations, such as larger339

margins of error (MOE) in the BLOOM family for340

the E2E dataset. Table 2 presents our statistical341

validation results. Note that we successfully veri-342

fied the normality assumption on residuals before343

applying our validation framework. Most Huber344

loss values are low, confirming the predictive reli-345

ability of both scaling laws. However, in several 346

cases within the BLOOM family, one or both scal- 347

ing models fail the goodness-of-fit test, while both 348

pass for OPT and Pythia. This confirms that re- 349

liable predictive performance alone is not always 350

sufficient to pass the goodness-of-fit test. Stage III 351

results (Table 2) indicate that exponential scaling is 352

generally preferred over power law scaling, except 353

for the ViGGO dataset with OPT (marked in yel- 354

low). The stringent significance level of the final 355

test further strengthens our conclusion, providing 356

compelling evidence that factual inconsistency in 357

D2T, when measured using ALIGNSCORE, consis- 358

tently follows an exponential scaling pattern with 359

respect to LLM size, rather than a power law trend. 360
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Figure 4: Visualization of exponential and power law scaling of factual inconsistency (QAFACTEVAL) across
datasets and LLM families, with margin of error (MOE) and 95% confidence intervals on residuals.

Results of stage I Results of stage II and III

LLM family Scaling law DART E2E ViGGO WebNLG WikiTableText DART E2E ViGGO WebNLG WikiTableText

Exponential 6.26e-04 1.73e-03 3.10e-04 6.15e-04 1.59e-02 ✗ ✗ ✓(✿) ✓ ✗
BLOOM

Power law 4.11e-04 4.59e-03 2.04e-03 1.87e-03 3.23e-01 ✗ ✗ ✓ ✗ ✗

Exponential 3.57e-03 1.28e+01 6.56e-04 2.12e-03 1.67e-05 ✓(✿) ✓ ✓(✿) ✓(✿) ✓(✿)
OPT

Power law 1.41e-02 2.81e-04 4.43e-04 8.45e-03 5.99e-03 ✓ ✗ ✓ ✓ ✓

Exponential 1.89e-03 4.33e-02 2.20e-03 1.86e-03 2.70e-03 ✓(✿) ✓(✿) ✓(✿) ✓(✿) ✓(✿)
Pythia

Power law 1.47e-02 2.71e-01 1.58e-02 5.74e-03 1.83e-02 ✓ ✓ ✓ ✓ ✓

Table 3: Results of the validation framework (all three stages) for exponential and power law scaling of factual
inconsistency (QAFACTEVAL). High held-out losses (Stage I) are highlighted in red. ✓/✗ indicates pass/fail (also
marked in red) in the goodness-of-fit test (Stage II), while ✿ denotes the effective scaling law from Stage III.

6.2 Findings from QAFACTEVAL361

Figure 4 suggests that when factual inconsistency362

is measured using QAFACTEVAL, both scaling363

laws fit well across most datasets and LLM fam-364

ilies. Power law scaling shows a larger margin365

of error (MOE) compared to exponential scaling,366

with extremely high MOE for OPT and BLOOM367

families on the E2E dataset. Here we also verified368

the normality assumption before applying our val-369

idation framework. Low losses in stage I results370

(Table 3) indicate strong predictive performance for371

both scaling laws. Stage II and III results (Table 3)372

show that both scaling law not qualify for goodness-373

of-fit in the BLOOM family, while both laws are374

qualified for goodness-of-fit in Pythia and OPT,375

with exponential scaling outperforming power law 376

scaling. Thus, based on Pythia and OPT, we ob- 377

serve that exponential scaling appears more suit- 378

able when factual inconsistency is measured using 379

QAFACTEVAL in D2T. 380

6.3 Findings from SUMMAC-CONV 381

Figure 5 shows both fitted scaling laws when fac- 382

tual inconsistency is measured using SUMMAC- 383

CONV. In most cases, exponential scaling provides 384

a better fit than power law scaling. Some datasets, 385

like E2E, exhibit a slightly larger margin of error 386

(MOE), particularly in the BLOOM model fam- 387

ily, which can be considered a minor exception. 388

From Table 4, we observe that, except for a few 389

cases in WikiTableText, the Huber loss values re- 390
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Figure 5: Visualization of exponential and power law scaling of factual inconsistency (SUMMAC-CONV) across
datasets and LLM families, with margin of error (MOE) and 95% confidence intervals on residuals.

Results of stage I Results of stage II and III

LLM family Scaling law DART E2E ViGGO WebNLG WikiTableText DART E2E ViGGO WebNLG WikiTableText

Exponential 1.70e-04 4.25e-04 7.60e-04 1.00e-03 1.94e-05 ✗ ✗ ✗ ✓ ✓(✿)
BLOOM

Power law 7.00e-05 1.28e-04 4.27e-04 1.77e-03 9.60e-04 ✗ ✗ ✗ ✗ ✓

Exponential 1.71e-04 9.87e-05 8.72e-05 2.83e-05 1.01e+03 ✓(✿) ✓(✿) ✓(✿) ✓(✿) ✓(✿)
OPT

Power law 1.60e-03 1.36e-04 9.33e-05 5.39e-03 5.48e+19 ✓ ✓ ✓ ✓ ✓

Exponential 4.17e-04 3.36e-04 5.00e-04 3.66e-04 1.18e-04 ✓(✿) ✓(✿) ✓(✿) ✓(✿) ✓(✿)
Pythia

Power law 1.43e-03 1.79e-04 1.40e-02 2.23e-03 2.19e-02 ✓ ✓ ✓ ✓ ✓

Table 4: Results of the validation framework (all three stages) for exponential and power law scaling of factual
inconsistency (SUMMAC-CONV). High held-out losses (Stage I) are highlighted in red. ✓/✗ indicates pass/fail (also
marked in red) in the goodness-of-fit test (Stage II), while ✿ denotes the effective scaling law from Stage III.

main low, ensuring the predictive quality of both391

scaling laws. Additionally, both scaling law fails392

to qualify in several goodness-of-fit tests across393

multiple datasets in BLOOOM family. However,394

in the other two LLM families, where both scaling395

laws pass the test, exponential scaling consistently396

outperforms power law scaling.397

6.4 Findings from UNIEVAL-FACT398

Figure 6 illustrates how both scaling laws perform399

across all LLM families and D2T datasets when400

measuring factual inconsistency with UNIEVAL-401

FACT. Table 5 presents the validation framework re-402

sults, consistently showing that exponential scaling403

captures factual consistency better than power law404

scaling. The only exception is WikiTableText in405

the BLOOM family (highlighted in yellow), where 406

power law scaling surpasses exponential scaling. 407

7 Discussion 408

Our results demonstrate that when factual inconsis- 409

tency is measured using the four automatic metrics, 410

exponential scaling consistently outperforms power 411

law scaling in most cases. While a few exceptions 412

arise, particularly within the BLOOM family, we 413

consider these anomalies to be outliers, likely due 414

to the limited number of models in the family (only 415

five). Beyond this, both scaling laws exhibit min- 416

imal margins of error across all plots, reinforcing 417

their predictive reliability. The acceptance of ex- 418

ponential scaling for factual inconsistency in D2T 419
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Figure 6: Visualization of exponential and power law scaling of factual inconsistency (UNIEVAL-FACT) across
datasets and LLM families, with margin of error (MOE) and 95% confidence intervals on residuals.

Results of stage I Results of stage II and III

LLM family Scaling law DART E2E ViGGO WebNLG WikiTableText DART E2E ViGGO WebNLG WikiTableText

Exponential 2.87E-04 1.16E-04 2.01E-04 3.66E-03 2.13E-04 ✓(✿) ✗ ✓ ✗ ✓
BLOOM

Power law 3.71E-04 6.11E-05 1.57E-03 8.66E-03 6.57E-04 ✓ ✗ ✗ ✗ ✓(✿)

Exponential 7.78E-05 6.45E-04 3.32E-03 1.62E-04 8.35E-05 ✓(✿) ✓(✿) ✓(✿) ✓(✿) ✓(✿)
OPT

Power law 6.25E-03 5.70E-04 3.93E-03 5.47E-03 3.18E-03 ✓ ✓ ✓ ✓ ✓

Exponential 6.34E-04 2.63E-04 2.08E-03 4.58E-04 4.54E-05 ✓(✿) ✓(✿) ✓(✿) ✓(✿) ✓(✿)
Pythia

Power law 7.29E-03 8.28E-03 1.83E-01 1.13E-02 4.19E-03 ✓ ✓ ✓ ✓ ✓

Table 5: Results of the validation framework (all three stages) for exponential and power law scaling of factual
inconsistency (UNIEVAL-FACT). High held-out losses (Stage I) are highlighted in red. ✓/✗ indicates pass/fail (also
marked in red) in the goodness-of-fit test (Stage II), while ✿ denotes the effective scaling law from Stage III.

relative to LLM size suggests a rapid initial de-420

cline in factual inconsistency up to approximately421

3–4 billion parameters, after which it stabilizes.422

Furthermore, in cases where exponential scaling423

does not show high margins of error, the scaling424

rate (β) consistently falls within the range of −1.8425

to −0.6. Understanding this range of exponential426

scaling rates could be crucial for predicting the427

performance of LLMs in D2T tasks concerning fac-428

tual inconsistency, providing valuable insights for429

future model development and evaluation.430

8 Conclusion431

This paper shows that factual inconsistency in432

D2T generally follows exponential scaling with433

respect to LLM size, rather than the commonly 434

assumed power law scaling. Our findings are val- 435

idated through a structured three-stage statistical 436

framework, ensuring robustness in our conclusions. 437

Moreover, we conduct a comprehensive empiri- 438

cal study using three major LLM families across 439

five D2T datasets, measuring factual inconsistency 440

inversely with four state-of-the-art consistency met- 441

rics. We believe these findings will help researchers 442

and practitioners select appropriate model sizes 443

to achieve specific levels of factual consistency. 444

All results in this paper are based on a parameter- 445

efficient fine-tuning approach (QLoRA) for LLMs. 446

However, in-context learning and prompting strate- 447

gies are not considered in this study, which we 448

leave as future work. 449
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9 Limitations450

While our study provides a thorough empirical451

analysis of scaling laws for factual consistency in452

LLMs, validated through a structured three-stage453

framework, it is important to acknowledge the fol-454

lowing limitations:455

1. Empirical basis without theoretical guaran-456

tee. Our findings are entirely based on empiri-457

cal observations, relying on the datasets and458

LLM families incorporated in this study. We459

do not provide a formal theoretical guarantee460

for the observed scaling behavior, making our461

conclusions inherently dependent on the data462

and models used.463

2. Non-universality of scaling law parameters.464

Scaling law parameters are not universally ap-465

plicable across different datasets, models, and466

task domains. While our results indicate a467

strong preference for exponential scaling, this468

does not guarantee that the same trend will per-469

sist across all datasets or model architectures,470

even when using the same set of parameters.471

Therefore, applying these scaling laws— in-472

cluding our own findings—requires careful473

consideration and validation within the spe-474

cific context of use.475

3. Reliance on automated metrics without hu-476

man evaluation. In this study, factual in-477

consistency is estimated inversely from au-478

tomated factual consistency metrics. While479

these metrics have demonstrated strong corre-480

lations with human judgments, we do not in-481

corporate direct human evaluations of factual482

consistency. This remains a limitation of our483

work, though it presents a clear direction for484

future research to further validate and refine485

our findings with human annotation studies.486
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A Appendix686

In the main paper, we discussed the crucial role687

of decoding strategies in data-to-text generation688

(D2T) and presented results based on nucleus sam-689

pling. Here, we extend our analysis by presenting690

empirical results from our validation framework691

for both power law and exponential scaling, us-692

ing three additional decoding strategies—greedy,693

beam search, and top-k decoding. Among these,694

greedy and beam search are deterministic, while695

top-k decoding falls under stochastic methods. For696

our experiments, we use beam search with a beam697

size of 3 and top-k decoding with k = 640 (sample698

size).699

A.1 Discussion700

Across all three decoding strategies, we consis-701

tently observe that exponential scaling outper-702

forms power law scaling in nearly all cases for the703

Pythia and OPT LLM families across the four fac-704

tual inconsistency metrics. While this trend is dom-705

inant, we identify a few noteworthy exceptions:706

1. Goodness-of-fit test failures in BLOOM707

and OPT. In the BLOOM and OPT families,708

we frequently find cases where the scaling709

laws fail to qualify the goodness-of-fit test710

(Stage II), despite demonstrating low predic-711

tive loss in Stage I. This indicates that strong712

predictive performance alone is not always713

sufficient for a model to align well with the714

expected scaling trend. In other words, higher 715

predictive performance does not necessarily 716

imply goodness-of-fit. 717

2. High margin of error in E2E dataset. The 718

margin of error (with a 95% confidence inter- 719

val) tends to be significantly higher in the E2E 720

dataset, particularly for the BLOOM and OPT 721

model families. This suggests a higher vari- 722

ance in factual inconsistency measurements, 723

potentially due to dataset-specific characteris- 724

tics or the way these models generalize. 725

3. Aberrant behavior in E2E and ViGGO 726

with deterministic decoding. A particularly 727

intriguing anomaly is observed in the E2E and 728

ViGGO datasets (Figures 7 to 14), where fac- 729

tual inconsistency increases with LLM model 730

size under deterministic decoding strategies 731

(greedy search and beam search). This con- 732

tradicts the general trend seen with stochastic 733

decoding strategies (nucleus and top-k sam- 734

pling), where inconsistency decreases with 735

model size. We hypothesize that this aberrant 736

behavior may be attributed to one or both of 737

the following factors: 738

• Deterministic Decoding Bias. Since 739

greedy search and beam search select 740

high-likelihood tokens, they might rein- 741

force factual errors present in the training 742

data rather than mitigating them. 743

• Closed-Domain Nature of E2E and 744

ViGGO. These datasets focus on 745

highly structured, domain-specific con- 746

tent, which may lead to overfitting in 747

larger models when using deterministic 748

decoding. 749
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Figure 7: Visualization of exponential and power law scaling of factual inconsistency (ALIGNSCORE) across
datasets and LLM families, with the margin of error (MOE) and 95% confidence intervals on residuals. Texts
generated using the greedy search decoding algorithm. Aberrant behavior of the E2E dataset with the OPT family,
as discussed in A.1.

Results of stage I Results of stage II and III

LLM family Scaling law DART E2E ViGGO WebNLG WikiTableText DART E2E ViGGO WebNLG WikiTableText

Exponential 4.36e-04 5.32e-06 5.41e-05 2.69e-04 4.75e+02 ✗ ✗ ✓(✿) ✓(✿) ✗
BLOOM

Power law 2.75e-04 4.85e-05 2.19e-06 2.88e-05 3.30e-04 ✓ ✗ ✓ ✓ ✗

Exponential 3.12e-05 1.15e+02 7.46e-03 2.37e-01 2.00e-04 ✓(✿) ✗ ✓(✿) ✓(✿) ✓
OPT

Power law 2.17e-03 1.11e-04 7.62e+19 6.96e-03 1.87e-04 ✓ ✗ ✓ ✓ ✗

Exponential 2.60e-04 1.96e-02 1.05e-03 6.05e-03 1.80e+01 ✓(✿) ✓ ✓(✿) ✓(✿) ✓(✿)
Pythia

Power law 2.22e-02 3.19e+00 2.02e-03 1.37e-01 1.15e-01 ✓ ✗ ✓ ✓ ✓

Table 6: [Case: greedy decoding] Results of the validation framework (all three stages) for exponential and power law
scaling of factual inconsistency (ALIGNSCORE). High held-out losses (Stage I) are highlighted in red. ✓/✗ indicates
pass/fail (also marked in red) in the goodness-of-fit test (Stage II), while ✿ denotes the effective scaling law from
Stage III.

Results of stage I Results of stage II and III

LLM family Scaling law DART E2E ViGGO WebNLG WikiTableText DART E2E ViGGO WebNLG WikiTableText

Exponential 1.47e-04 4.07e-05 1.60e-04 1.11e-04 2.35e-04 ✗ ✗ ✗ ✓(✿) ✗
BLOOM

Power law 1.96e-04 4.17e-05 1.07e-04 3.86e-04 6.78e-05 ✗ ✗ ✗ ✓ ✗

Exponential 2.59e-05 3.98e-03 2.99e-04 1.88e-03 1.54e-04 ✓(✿) ✓(✿) ✓ ✓ ✓(✿)
OPT

Power law 1.90e-04 4.07e-04 1.48e-04 3.44e-03 5.28e-04 ✓ ✓ ✓(✿) ✓(✿) ✓

Exponential 2.89e-03 2.06e+01 1.47e-03 1.91e-02 8.07e-03 ✓(✿) ✓(✿) ✓(✿) ✓(✿) ✓(✿)
Pythia

Power law 4.84e-02 3.79e-02 4.50e-02 2.83e-01 2.88e-01 ✓ ✓ ✓ ✓ ✓

Table 7: [Case: greedy decoding] Results of the validation framework (all three stages) for exponential and power law
scaling of factual inconsistency (QAFACTEVAL). High held-out losses (Stage I) are highlighted in red. ✓/✗ indicates
pass/fail (also marked in red) in the goodness-of-fit test (Stage II), while ✿ denotes the effective scaling law from
Stage III.
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Figure 8: Visualization of exponential and power law scaling of factual inconsistency (QAFACTEVAL) across
datasets and LLM families, with margin of error (MOE) and 95% confidence intervals on residuals. Texts generated
using the greedy search decoding algorithm. Aberrant behavior of the E2E dataset with the OPT family, as discussed
in A.1.

Results of stage I Results of stage II and III

LLM family Scaling law DART E2E ViGGO WebNLG WikiTableText DART E2E ViGGO WebNLG WikiTableText

Exponential 4.46e-05 6.49e-06 2.80e-04 1.49e-04 2.24e-03 ✓(✿) ✗ ✓(✿) ✓ ✗
BLOOM

Power law 2.44e-04 8.29e-07 1.57e-04 2.83e-05 1.41e-04 ✓ ✗ ✓ ✗ ✗

Exponential 1.14e-03 1.81e-02 6.09e-03 6.51e-03 5.25e-03 ✓(✿) ✓ ✓(✿) ✓ ✓(✿)
OPT

Power law 1.12e-02 1.91e-02 3.07e-02 4.41e-03 1.12e-01 ✓ ✓(✿) ✓ ✓(✿) ✗

Exponential 2.88e-04 5.56e+00 9.95e-05 1.16e-03 1.31e-03 ✓(✿) ✓(✿) ✓(✿) ✓(✿) ✓(✿)
Pythia

Power law 2.39e-01 2.61e+03 4.16e-04 3.87e-02 1.80e-03 ✓ ✓ ✓ ✓ ✓

Table 8: [Case: greedy decoding] Results of the validation framework (all three stages) for exponential and power
law scaling of factual inconsistency (SUMMAC-CONV). High held-out losses (Stage I) are highlighted in red.
✓/✗ indicates pass/fail (also marked in red) in the goodness-of-fit test (Stage II), while ✿ denotes the effective
scaling law from Stage III.

Results of stage I Results of stage II and III

LLM family Scaling law DART E2E ViGGO WebNLG WikiTableText DART E2E ViGGO WebNLG WikiTableText

Exponential 6.76e-04 4.41e-05 7.84e-05 6.20e-05 5.08e-05 ✗ ✗ ✗ ✓(✿) ✗
BLOOM

Power law 2.40e-04 3.14e-05 8.77e-05 1.62e-03 1.65e-04 ✗ ✗ ✗ ✓ ✗

Exponential 1.19e-05 1.30e-04 6.18e-05 7.44e-04 1.40e-04 ✓(✿) ✗ ✓(✿) ✓(✿) ✓
OPT

Power law 7.95e-04 5.41e-05 2.21e-04 2.73e-04 4.62e-04 ✓ ✗ ✓ ✓ ✗

Exponential 1.35e-03 4.14e-02 6.82e-04 9.60e-04 5.77e-03 ✓(✿) ✓(✿) ✓(✿) ✓(✿) ✓(✿)
Pythia

Power law 3.32e-03 6.94e-01 4.18e-04 8.26e-04 1.08e-02 ✓ ✓ ✓ ✓ ✓

Table 9: [Case: greedy decoding] Results of the validation framework (all three stages) for exponential and power
law scaling of factual inconsistency (UNIEVAL-FACT). High held-out losses (Stage I) are highlighted in red.
✓/✗ indicates pass/fail (also marked in red) in the goodness-of-fit test (Stage II), while ✿ denotes the effective
scaling law from Stage III.
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Figure 9: Visualization of exponential and power law scaling of factual inconsistency (SUMMAC-CONV) across
datasets and LLM families, with margin of error (MOE) and 95% confidence intervals on residuals. Texts generated
using the greedy search decoding algorithm. The unusual behavior of the E2E dataset with the OPT and BLOOM
families is discussed in A.1.

Results of stage I Results of stage II and III

LLM family Scaling law DART E2E ViGGO WebNLG WikiTableText DART E2E ViGGO WebNLG WikiTableText

Exponential 2.30e-04 4.46e-05 1.20e-03 2.35e+02 1.05e-04 ✗ ✗ ✗ ✗ ✗
BLOOM

Power law 1.69e-04 9.06e-05 9.50e-04 5.79e-05 1.94e-04 ✓ ✗ ✗ ✗ ✗

Exponential 5.75e-06 6.66e-05 7.95e+02 1.57e-03 8.62e-03 ✓(✿) ✓ ✓ ✓ ✓
OPT

Power law 4.15e-04 1.20e-04 1.47e-03 3.25e-02 4.00e-04 ✓ ✗ ✗ ✗ ✗

Exponential 2.67e-03 2.74e-01 4.12e-03 1.48e-02 1.00e-02 ✓(✿) ✓ ✓(✿) ✓(✿) ✓(✿)
Pythia

Power law 1.79e+00 3.62e+00 3.52e-03 6.17e-02 1.90e-03 ✓ ✗ ✓ ✓ ✓

Table 10: [Case: beam search decoding] Results of the validation framework (all three stages) for exponential and
power law scaling of factual inconsistency (ALIGNSCORE). High held-out losses (Stage I) are highlighted in red.
✓/✗ indicates pass/fail (also marked in red) in the goodness-of-fit test (Stage II), while ✿ denotes the effective
scaling law from Stage III.

Results of stage I Results of stage II and III

LLM family Scaling law DART E2E ViGGO WebNLG WikiTableText DART E2E ViGGO WebNLG WikiTableText

Exponential 1.91e-04 5.37e-06 2.93e-04 9.19e-05 2.14e-04 ✗ ✗ ✗ ✗ ✗
BLOOM

Power law 1.37e-04 8.13e-06 4.54e-04 1.52e-03 9.32e-05 ✗ ✗ ✗ ✗ ✗

Exponential 1.39e+02 2.02e+02 1.40e-03 2.24e-04 7.31e-02 ✓(✿) ✗ ✗ ✓(✿) ✓(✿)
OPT

Power law 1.09e-03 6.17e-03 7.27e-03 7.60e-03 1.25e+02 ✓ ✗ ✗ ✓ ✓

Exponential 2.39e-03 2.10e+01 2.87e-04 2.11e-02 1.51e-02 ✓(✿) ✓ ✓(✿) ✓(✿) ✓(✿)
Pythia

Power law 3.79e-01 3.64e+04 9.37e-02 1.87e-01 1.46e-01 ✓ ✗ ✓ ✓ ✓

Table 11: [Case: beam search decoding] Results of the validation framework (all three stages) for exponential and
power law scaling of factual inconsistency (QAFACTEVAL). High held-out losses (Stage I) are highlighted in red.
✓/✗ indicates pass/fail (also marked in red) in the goodness-of-fit test (Stage II), while ✿ denotes the effective
scaling law from Stage III.
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Figure 10: Visualization of exponential and power law scaling of factual inconsistency (UNIEVAL-FACT) across
datasets and LLM families, with margin of error (MOE) and 95% confidence intervals on residuals. Texts generated
using the greedy search decoding algorithm. The unusual behavior of the E2E dataset with the OPT family is
discussed in A.1.

Results of stage I Results of stage II and III

LLM family Scaling law DART E2E ViGGO WebNLG WikiTableText DART E2E ViGGO WebNLG WikiTableText

Exponential 1.55e-04 2.03e-05 1.53e+01 3.51e-04 3.38e-01 ✗ ✗ ✓(✿) ✗ ✓
BLOOM

Power law 2.65e-05 1.08e-04 6.76e-04 5.33e-05 1.49e-05 ✓ ✗ ✓ ✗ ✗

Exponential 5.36e+01 2.00e-04 1.62e-04 3.13e-05 2.67e+01 ✓(✿) ✓ ✓ ✓(✿) ✓
OPT

Power law 5.59e-04 5.69e-05 3.19e-03 6.87e-05 1.64e-04 ✓ ✗ ✗ ✓ ✗

Exponential 1.11e-04 1.20e+01 1.34e-04 7.35e-04 1.36e-03 ✓(✿) ✓(✿) ✓(✿) ✓(✿) ✓(✿)
Pythia

Power law 1.23e-03 1.10e+04 9.79e-04 1.91e-02 7.29e-04 ✓ ✓ ✓ ✓ ✓

Table 12: [Case: beam search decoding] Results of the validation framework (all three stages) for exponential and
power law scaling of factual inconsistency (SUMMAC-CONV). High held-out losses (Stage I) are highlighted in
red. ✓/✗ indicates pass/fail (also marked in red) in the goodness-of-fit test (Stage II), while ✿ denotes the effective
scaling law from Stage III.

Results of stage I Results of stage II and III

LLM family Scaling law DART E2E ViGGO WebNLG WikiTableText DART E2E ViGGO WebNLG WikiTableText

Exponential 6.54e-05 4.84e+02 7.41e-04 2.27e-04 8.25e-05 ✗ ✗ ✗ ✗ ✓
BLOOM

Power law 5.75e-05 3.88e-05 5.41e-05 3.64e-05 2.83e-06 ✗ ✗ ✗ ✗ ✓(✿)

Exponential 9.29e+01 6.84e-05 5.15e-05 1.05e-03 1.82e-04 ✓(✿) ✗ ✓(✿) ✓ ✓(✿)
OPT

Power law 4.10e-03 1.15e-04 1.91e+01 7.27e-03 3.50e-05 ✓ ✗ ✓ ✗ ✓

Exponential 7.15e-05 3.72e-02 2.53e-03 9.19e-04 3.21e-03 ✓(✿) ✓(✿) ✓(✿) ✓(✿) ✓
Pythia

Power law 9.70e-01 4.10e+01 2.56e-04 5.47e-01 5.11e-03 ✓ ✓ ✓ ✓ ✗

Table 13: [Case: beam search decoding] Results of the validation framework (all three stages) for exponential and
power law scaling of factual inconsistency (UNIEVAL-FACT). High held-out losses (Stage I) are highlighted in
red. ✓/✗ indicates pass/fail (also marked in red) in the goodness-of-fit test (Stage II), while ✿ denotes the effective
scaling law from Stage III.
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Figure 11: Visualization of exponential and power law scaling of factual inconsistency (ALIGNSCORE) across
datasets and LLM families, with the margin of error (MOE) and 95% confidence intervals on residuals. Texts
generated using the beam search decoding algorithm. The unusual behavior of the E2E dataset with the OPT and
BLOOM families is discussed in A.1.

Results of stage I Results of stage II and III

LLM family Scaling law DART E2E ViGGO WebNLG WikiTableText DART E2E ViGGO WebNLG WikiTableText

Exponential 1.70e-03 1.74e-03 4.01e-04 2.90e-04 2.39e-03 ✗ ✗ ✓ ✓(✿) ✓
BLOOM

Power law 4.85e-04 1.25e-04 3.89e-04 4.50e-03 3.91e-04 ✓ ✗ ✓(✿) ✓ ✗

Exponential 8.14e-04 3.97e-03 1.15e-03 6.12e-04 3.80e+02 ✓(✿) ✓(✿) ✓(✿) ✓(✿) ✓(✿)
OPT

Power law 4.47e-03 2.84e-03 9.17e-04 3.69e-03 4.28e-03 ✓ ✓ ✓ ✓ ✓

Exponential 5.76e-04 6.57e-04 2.31e-03 1.28e-03 8.77e-04 ✓(✿) ✓(✿) ✓(✿) ✓(✿) ✓(✿)
Pythia

Power law 9.31e-03 1.31e-02 7.78e-03 1.36e-02 1.52e-03 ✓ ✓ ✓ ✓ ✓

Table 14: [Case: top-k decoding] Results of the validation framework (all three stages) for exponential and power law
scaling of factual inconsistency (ALIGNSCORE). High held-out losses (Stage I) are highlighted in red. ✓/✗ indicates
pass/fail (also marked in red) in the goodness-of-fit test (Stage II), while ✿ denotes the effective scaling law from
Stage III.

Results of stage I Results of stage II and III

LLM family Scaling law DART E2E ViGGO WebNLG WikiTableText DART E2E ViGGO WebNLG WikiTableText

Exponential 8.47e-04 2.77e-04 2.86e-05 1.80e-04 1.34e-03 ✗ ✗ ✓(✿) ✓(✿) ✗
BLOOM

Power law 3.52e-04 3.60e-04 3.73e-05 5.46e-04 7.83e-04 ✓ ✗ ✓ ✓ ✗

Exponential 1.54e-03 5.44e-04 3.86e-04 1.17e-03 6.48e-05 ✓(✿) ✓ ✓(✿) ✓ ✓(✿)
OPT

Power law 1.37e-03 8.75e-05 1.72e-03 6.90e-03 2.49e+01 ✓ ✗ ✓ ✓(✿) ✓

Exponential 1.50e-03 1.48e-02 1.55e-03 2.76e-03 1.48e-03 ✓(✿) ✓(✿) ✓(✿) ✓(✿) ✓(✿)
Pythia

Power law 2.30e-02 1.84e-01 5.73e-03 4.43e-02 3.10e-03 ✓ ✓ ✓ ✓ ✓

Table 15: [Case: top-k decoding] Results of the validation framework (all three stages) for exponential and power law
scaling of factual inconsistency (QAFACTEVAL). High held-out losses (Stage I) are highlighted in red. ✓/✗ indicates
pass/fail (also marked in red) in the goodness-of-fit test (Stage II), while ✿ denotes the effective scaling law from
Stage III.
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Figure 12: Visualization of exponential and power law scaling of factual inconsistency (QAFACTEVAL) across
datasets and LLM families, with margin of error (MOE) and 95% confidence intervals on residuals. Texts generated
using the beam search decoding algorithm. The unusual behavior of the E2E and ViGGO dataset with the OPT
family is discussed in A.1.

Results of stage I Results of stage II and III

LLM family Scaling law DART E2E ViGGO WebNLG WikiTableText DART E2E ViGGO WebNLG WikiTableText

Exponential 2.13e-04 4.52e-05 7.56e-05 1.68e-03 8.72e-04 ✗ ✗ ✗ ✓ ✗
BLOOM

Power law 4.90e-05 2.76e-05 8.40e-05 1.48e-04 1.60e-04 ✓ ✗ ✗ ✗ ✗

Exponential 3.00e-05 4.87e-05 1.82e-04 1.34e-04 4.44e+02 ✓(✿) ✓ ✓(✿) ✓(✿) ✓(✿)
OPT

Power law 1.11e-03 7.14e-05 6.31e-05 1.72e-04 8.68e-04 ✓ ✗ ✓ ✓ ✓

Exponential 9.16e-04 7.38e-05 7.46e-05 5.39e-05 1.48e-04 ✓(✿) ✓(✿) ✓(✿) ✓(✿) ✓(✿)
Pythia

Power law 1.08e-03 2.50e-04 7.98e-05 2.99e-02 3.12e-04 ✓ ✓ ✓ ✓ ✓

Table 16: [Case: top-k decoding] Results of the validation framework (all three stages) for exponential and power
law scaling of factual inconsistency (SUMMAC-CONV). High held-out losses (Stage I) are highlighted in red.
✓/✗ indicates pass/fail (also marked in red) in the goodness-of-fit test (Stage II), while ✿ denotes the effective
scaling law from Stage III.

Results of stage I Results of stage II and III

LLM family Scaling law DART E2E ViGGO WebNLG WikiTableText DART E2E ViGGO WebNLG WikiTableText

Exponential 4.84e-04 1.94e-03 1.99e-04 5.07e-05 1.03e-05 ✗ ✗ ✓ ✓(✿) ✓(✿)
BLOOM

Power law 7.37e-04 9.46e-05 1.55e-04 2.52e-04 1.09e-03 ✓ ✗ ✓(✿) ✓ ✓

Exponential 2.05e-04 5.95e-05 5.23e-04 7.91e-04 8.86e-04 ✓(✿) ✓(✿) ✓ ✓(✿) ✓(✿)
OPT

Power law 7.80e-03 3.85e-04 2.05e-03 2.98e-03 5.55e-04 ✓ ✓ ✓(✿) ✓ ✓

Exponential 5.08e-04 7.40e-05 6.71e-03 1.47e-04 5.26e-04 ✓(✿) ✓(✿) ✓(✿) ✓(✿) ✓(✿)
Pythia

Power law 7.34e-03 6.73e-04 1.54e-03 3.71e-03 5.66e-03 ✓ ✓ ✓ ✓ ✓

Table 17: [Case: top-k decoding] Results of the validation framework (all three stages) for exponential and power
law scaling of factual inconsistency (UNIEVAL-FACT). High held-out losses (Stage I) are highlighted in red.
✓/✗ indicates pass/fail (also marked in red) in the goodness-of-fit test (Stage II), while ✿ denotes the effective
scaling law from Stage III.
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Figure 13: Visualization of exponential and power law scaling of factual inconsistency (SUMMAC-CONV) across
datasets and LLM families, with margin of error (MOE) and 95% confidence intervals on residuals. Texts generated
using the beam search decoding algorithm. The unusual behavior of the E2E dataset with the OPT and BLLOM
families is discussed in A.1.
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Figure 14: Visualization of exponential and power law scaling of factual inconsistency (UNIEVAL-FACT) across
datasets and LLM families, with margin of error (MOE) and 95% confidence intervals on residuals. Texts generated
using the beam search decoding algorithm. The unusual behavior of the E2E dataset with the OPT and BLOOM
families is discussed in A.1.
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Figure 15: Visualization of exponential and power law scaling of factual inconsistency (ALIGNSCORE) across
datasets and LLM families, with the margin of error (MOE) and 95% confidence intervals on residuals. Texts
generated using the topk search decoding algorithm.
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Figure 16: Visualization of exponential and power law scaling of factual inconsistency (QAFACTEVAL) across
datasets and LLM families, with margin of error (MOE) and 95% confidence intervals on residuals. Texts generated
using the topk search decoding algorithm.
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Figure 17: Visualization of exponential and power law scaling of factual inconsistency (SUMMAC-CONV) across
datasets and LLM families, with margin of error (MOE) and 95% confidence intervals on residuals. Texts generated
using the topk search decoding algorithm.
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Figure 18: Visualization of exponential and power law scaling of factual inconsistency (UNIEVAL-FACT) across
datasets and LLM families, with margin of error (MOE) and 95% confidence intervals on residuals. Texts generated
using the topk search decoding algorithm.
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