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Abstract001

The rapid evolution of text-to-image genera-002
tion has blurred the perceptual boundary be-003
tween natural and synthetic imagery. However,004
it remains questionable whether the statistical005
structure of generated visual content mirrors006
the information density of the physical visual007
world. Drawing upon principles from statisti-008
cal linguistics, this study investigates the visual009
language of generative models through the lens010
of Zipfian dynamics. By analyzing a large-011
scale corpus of real and synthetic images, we012
uncover a fundamental divergence between vi-013
sual syntax and semantics. We find that while014
generative models have successfully replicated015
the low-level physics of light, their high-level016
texture vocabulary exhibits distinct statistical017
signatures. Our analysis reveals a spectrum of018
entropy, identifying architectural fingerprints019
unique to each model. Furthermore, we investi-020
gate the relation ship between generated images021
and prompt complexity, and find that increasing022
the semantic specificity of text prompts system-023
atically degrades the statistical realism of the024
generated output.025

1 Introduction026

The field of computer vision has witnessed a027

paradigm shift with the advent of diffusion-based028

text-to-image generation. State-of-the-art image029

generation models have largely surmounted the030

previous hurdles of synthetic imagery, and the typi-031

cal artifacts such as malformed hands, incoherent032

lighting, or surreal geometry are vanishing at a033

rapid pace. As these systems achieve photorealis-034

tic fidelity, the perceptual boundary between nat-035

ural photography and synthetic media is eroding,036

rendering traditional, artifact-based forensic meth-037

ods increasingly obsolete. However, the ability to038

clone the appearance of reality does not necessar-039

ily equate to replicating the underlying stochastic040

processes that govern the natural world.041

This divergence prompts a fundamental question: 042

does the generative process leave an invisible statis- 043

tical fingerprint? While a generated image may be 044

indistinguishable from a photograph to the human 045

eye, it is ultimately the product of a mathematical 046

optimization process of denoising trajectory guided 047

by a text encoder, rather than a physical capture 048

of photons interacting with matter. We posit that 049

natural images, like natural language, possess a hi- 050

erarchical statistical structure governed by univer- 051

sal laws of information density and entropy, as has 052

been suggested by the pioneering works on analyz- 053

ing statistical behavior of visual data with linguistic 054

laws (Ruderman, 1996; Crosier and Griffin, 2007; 055

Chan et al., 2024; Tsai et al., 2025), which directly 056

inspire our work in this paper. If generative mod- 057

els are fundamentally statistical mimics, they may 058

inadvertently suppress the chaotic, heavy-tailed en- 059

tropy characteristic of the physical world in favor 060

of cleaner, more probable visual patterns. 061

In this paper, we use these linguistic principles 062

to audit the visual language of generative AI. We 063

analyze a large-scale corpus of 50,000 images, strat- 064

ified across real photography and state-of-the-art 065

generative models. We employ a dual-tokenization 066

strategy, separating visual physics (low-level edges) 067

from texture vocabulary (high-level visual words). 068

Our contributions are threefold. 1) We demon- 069

strate a dissociation between syntax and semantics: 070

while AI models have effectively solved the Zipfian 071

statistics of low-level features, they diverge signif- 072

icantly in their texture vocabulary, following log- 073

normal rather than pure power law dynamics. 2) 074

We also identify a spectrum of entropy that finger- 075

prints model architecture, ranging from the artifi- 076

cially ordered, low-entropy distributions to the real, 077

chaotic statistics. 3) We uncover its relevance to 078

prompt complexity, providing empirical evidence 079

that increasing the semantic specificity of a text 080

prompt acts as an entropy constraint, degrading the 081

statistical realism of the generated output. 082

1



2 Related Work083

The inquiry into the statistical structure of natural084

scenes was pioneered by (Ruderman, 1996), who085

proposed that the scale-invariance of natural im-086

ages arises because the visual world is a collage of087

statistically independent objects following a power-088

law size distribution. Building on this foundation,089

(Crosier and Griffin, 2007) formalized the anal-090

ogy between vision and language. They defined091

an basic image features (BIFs), classifying pixels092

into geometric primitives like edges and blobs, and093

treated n × n patches of these features as visual094

words. They demonstrated that, for specific pa-095

rameter settings, these visual words strictly obey096

Zipf’s Law (Zipf, 1932), arguing that this distri-097

bution represents an optimally efficient code for098

object recognition, analogous to the efficiency of099

natural language.100

Recent research has extended these findings101

from hand-crafted features to the learned represen-102

tations of deep neural networks. (Tsai et al., 2025)103

utilized the kernels of pre-trained CNNs such as104

VGG-19 (Simonyan and Zisserman, 2014) to de-105

fine visual words based on activation intensity. By106

analyzing layer-wise statistics, they confirmed that107

not only Zipf’s Law but also Heaps’ Law (Heaps,108

1978) with vocabulary growth and Benford’s Law109

(Benford, 1938) with leading digit distribution also110

emerge in the visual words. Their findings sug-111

gest a correspondence between the evolution of112

visual symbols in deep networks and the structure113

of human language.114

With the advent of autoregressive vision trans-115

formers, (Chan et al., 2024) provided a compre-116

hensive audit of discrete visual languages, such as117

tokens in LLaVA (Liu et al., 2023) and Chameleon118

(Team et al., 2024). While they confirmed that119

discrete visual tokens follow Zipfian distributions,120

they identified critical structural differences from121

NLP: visual languages exhibit higher perplexity,122

weaker hierarchical grammar, and a tendency for123

tokens to represent intermediate granularity such as124

object parts, rather than semantic wholes. Crucially,125

their work focused on the properties of the internal126

representation of real images, whereas our work127

investigates the statistical realism of the generative128

output produced by diffusion models.129

3 Methodology130

To compare the statistical properties of real vs. AI131

imagery, we employ a dual-tokenization strategy,132

analyzing both low-level features (physics) and 133

high-level textures (semantics). 134

3.1 Feature Extraction Strategy 135

Basic Image Features (BIFs): To capture the low- 136

level structure of the image (edges, blobs, flat re- 137

gions), we compute BIF maps. Following (Crosier 138

and Griffin, 2007), we compute the response of the 139

image I to a bank of Gaussian derivative filters up 140

to the second order at scale σ: 141

snm = σn+m ·
(

∂n+m

∂xn∂ym
Gσ

)
∗ I (1) 142

Pixels are classified into one of 7 symmetry classes 143

(flat, slope, dark blob, light blob, dark line, light 144

line, saddle) based on the invariant properties of the 145

local jet. This tokenization represents the "syntax" 146

of the visual world, i.e. the fundamental rules of 147

geometry and contrast. 148

Vector Quantization (VQ): To capture complex 149

textures (e.g., fur, grass, fabric), we employ vector 150

quantization. We extract non-overlapping 4 × 4 151

pixel patches pi from all images. We learn a shared 152

vocabulary V = {v1, ..., vK} of size K = 512 153

using mini-batch K-means on a mixed sample of 154

real and synthetic patches to establish a statistically 155

neutral, unified basis for comparison. Each patch 156

is then assigned to its nearest visual word: 157

wi = argmin
k

||pi − vk||22 (2) 158

This creates a discrete "document" of visual words 159

for every image, allowing us to analyze the diver- 160

sity and repetition of textures. 161

3.2 Statistical Analysis 162

We fit the frequency distribution of tokens to a 163

discrete power law distribution: 164

P (x) = Cx−α, x ≥ xmin (3) 165

where α is the scaling parameter and xmin is the 166

lower bound of the power-law behavior. We use 167

the Kolmogorov-Smirnov distance to estimate xmin 168

and maximum likelihood estimation for α. To con- 169

firm the validity of the fit, we compare it against a 170

log-normal distribution via a likelihood ratio test 171

(R), where R > 0 supports the power law and 172

R < 0 supports log-normal. 173

4 Experiments 174

4.1 Dataset 175

We utilize the Rapidata Image Generation Align- 176

ment Dataset (Rapidata, 2025) to source 40,000 AI- 177

generated images, stratified equally (10,000 each) 178
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Table 1: Aggregate analysis (N = 50, 000). For BIFs,
AI is indistinguishable from reality (p > 0.05). For
VQ, both distributions are log-normal (R < 0), but AI
exhibits a steeper slope and lower xmin.

Dataset Alpha (α) xmin R p-val

BIF
Real (Aggregate) 1.8180 34.9M 0.002 0.70
AI (Aggregate) 1.7608 32.8M 0.003 0.85

VQ
Real (Aggregate) 1.9490 1.93M -13.52 < 0.01
AI (Aggregate) 2.2868 1.42M -6.60 < 0.01

across four state-of-the-art models, namely DALL-179

E 3 (Betker et al.), Midjourney (Midjourney, 2024),180

Stable Diffusion 3 (SD3) (Esser et al., 2024), and181

Flux 1.1 Pro (Labs et al., 2025). For the real-world182

baseline, we sample 10,000 images from ImageNet-183

1k (Russakovsky et al., 2015) validation set, rep-184

resenting a general purpose distribution of natural185

photography. Feature extraction and statistical anal-186

ysis described in Section 3 are then applied to the187

collected data.188

4.2 Results189

4.2.1 Aggregate Analysis190

Table 1 presents a fundamental dichotomy in the191

statistical footprint of generative models: a near-192

perfect replication of low-level visual syntax, con-193

trasted against a systematic deviation in high-level194

texture semantics.195

The analysis of BIFs reveals that, at the level196

of local geometry, AI-generated imagery is statisti-197

cally indistinguishable from natural photography.198

The high p-values and negligible likelihood ratios199

suggest that the distribution of fundamental geo-200

metric primitives is invariant across real and syn-201

thetic domains.202

In contrast, the visual vocabulary analysis with203

VQ uncovers a significant distributional shift. Con-204

sistently negative likelihood ratios for both datasets205

indicate that visual word frequencies follow a log-206

normal distribution rather than a pure power law.207

AI aggregate exhibits a steeper decay, which may208

be attributed to suppression of entropy, where the209

generative process under-samples the rare, chaotic210

textures that populate the "long tail" of reality.211

Furthermore, the difference in xmin, which212

marks the transition point between head and tail of213

the distribution, is diagnostic. Real images main-214

tain a significantly higher cutoff, implying an in-215

creased density at the upper tail. Nature sustains216

a larger diversity of common textures before the217

Table 2: Model-specific analysis. All models match real-
world images in BIF with p ≈ 0.9. With VQ, however,
models display distinct behaviors.

Model Alpha (α) xmin R p-val

BIF Analysis (Physics)
Stable Diffusion 3 1.8109 7.89M 0.001 0.94
DALL-E 3 1.8026 9.32M 0.001 0.95
Flux 1.1 Pro 1.7857 6.91M 0.001 0.89
Midjourney 1.7318 5.62M 0.001 0.93

VQ Analysis (Texture)
DALL-E 3 2.4388 391k -13.95 < 0.01
Stable Diffusion 3 2.2909 258k -6.10 < 0.01
Midjourney 2.2513 379k -17.45 < 0.01
Flux 1.1 Pro 2.1741 246k -18.54 < 0.01

distribution transitions into its decaying tail behav- 218

ior. AI models, by contrast, transition to the decay 219

phase earlier, collapsing the diversity of visual tex- 220

tures. 221

4.2.2 Model-Specific Analysis 222

Breaking down the aggregate results reveals dis- 223

tinct statistical fingerprints for each architecture 224

(Table 2). While all models converge on the physics 225

of low-level features, they diverge significantly in 226

how they manage the entropy of high-level textures, 227

which may be linked to architectural choices. 228

DALL-E 3 exhibits the steepest Zipfian slope, 229

indicating the least entropic texture distribution. 230

This observation is consistent with DALL-E 3’s 231

integration of LLM guidance for prompt rewriting. 232

We hypothesize that minimizing the semantic gap 233

between text and image may inadvertently act to 234

reduce the stochastic variance of the output and sup- 235

press the long tail of messy, unprompted textures 236

in favor of high-probability visual concepts. 237

Stable Diffusion and Midjourney occupy a mid- 238

dle ground, likely driven by distinct optimization 239

constraints. For Stable Diffusion, the reliance on 240

latent diffusion involves compressing data into a 241

lower-dimensional latent space via a VAE. This 242

process may have acted as a low-pass filter, dis- 243

carding the high-frequency Zipfian tail of pixel 244

noise to ensure stability. Midjourney’s similarity 245

may have stemmed from aggressive RLHF tuned 246

for aesthetics, which biases the model toward clean 247

and statistically regular textures, while penalizing 248

the chaotic aspects of the physical world. 249

Flux exhibits the lowest slope among the AI 250

models, placing it statistically closest to the high- 251

entropy nature of real-world data. This could poten- 252

tially be attributed to its flow matching paradigm. 253

Unlike standard diffusion, which iteratively re- 254
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Table 3: Impact of prompt complexity. Specificity in-
creases the Zipfian slope, reducing statistical realism.

Prompt Type Alpha (α) xmin

Simple (< 6 words) 1.9283 132,245
Complex (> 15 words) 2.3259 197,883

moves noise and may smooth out high-frequency255

irregularities, flow matching models optimize trans-256

port paths, which may allow the model to preserve a257

higher degree of high-frequency variance, resulting258

in a texture distribution that feels more physically259

plausible.260

While no model perfectly replicates the heavy-261

tailed entropy of natural photography, the data sug-262

gests a trade-off; stronger semantic guidance ap-263

pears to correlate with reduced statistical realism,264

whereas newer flow-based architectures seem bet-265

ter equipped to sustain the chaotic vocabulary of266

the visual world.267

5 The Effect of Prompt Complexity268

Images generated by text-to-image generation mod-269

els are naturally influenced by the input prompts. A270

prevalent assumption in prompt engineering is that271

increasing the lexical density of a prompt enhances272

the realism of the generated output. We investigate273

this hypothesis by analyzing whether conditioning274

on complex, lengthy prompts increases the statisti-275

cal diversity of the generated visual vocabulary, or276

whether it inadvertently constrains the model’s la-277

tent space to a narrower manifold of learned visual278

concepts.279

5.1 Experimental Setting and Procedure280

We stratified the data into two distinct groups based281

on prompt word count:282

• Simple Prompts (< 6 words): These283

prompts typically consist of a single subject284

or short phrase (e.g., "A red car," "A cat").285

They provide minimal semantic constraints,286

requiring the model to "hallucinate" the major-287

ity of the scene’s details, such as background,288

lighting, style, from its unconditioned prior.289

• Complex Prompts (> 15 words): These290

prompts are highly descriptive, often speci-291

fying multiple attributes such as lighting con-292

ditions, artistic style, texture quality, and back-293

ground elements (e.g., "A futuristic city sky-294

line at sunset with neon lights reflecting on295

wet pavement, 4k, photorealistic").296

We collected a balanced sample of N = 5, 000 297

images per group. To ensure a unified basis for 298

comparison, we trained a shared VQ codebook on 299

the combined dataset. We then tokenized all im- 300

ages into visual word sequences and performed 301

maximum likelihood estimation to determine the 302

Zipfian parameters for each group. 303

5.2 Results and Analysis 304

Table 3 presents the results of the distributional 305

analysis. 306

The Zipfian slope for complex prompts is steeper 307

than for simple prompts, indicating a faster decay 308

in the frequency of rare events. This suggests that 309

when the model is heavily conditioned by a long 310

text string, it relies more heavily on a core set of 311

high-probability visual tokens to satisfy the seman- 312

tic constraints, suppressing the generation of rare, 313

stochastic textures that characterize the heavy tail 314

of natural imagery. On the other hand, condition- 315

ing on simple prompts allows the model to sample 316

more freely from its diverse training distribution. 317

In addition, the complex condition exhibits a signif- 318

icantly higher xmin, implying that the distribution 319

for complex prompts is dominated by a larger block 320

of repetitive, common visual words before the Zip- 321

fian tail behavior emerges. 322

In summary, contrary to the intuition that more 323

text leads to more visual information, we observe 324

a systematic degradation in statistical realism as 325

prompt complexity increases, and specificity in 326

language appears to constrain the entropy of the 327

visual generation process. 328

6 Conclusion 329

In this study, we examined the statistical behav- 330

ior of AI-generated images with Zipfian approach. 331

Our results demonstrate that, while generative AI 332

has effectively mastered the low-level physics, it 333

exhibits a distinct statistical fingerprint in its high- 334

level texture vocabulary, whether in aggregate or 335

with distinct models. We also observe that architec- 336

tural choices of each model may be linked to their 337

statistical behaviors. Finally, we examined the the 338

effect of prompt complexity in the statistical behav- 339

ior of generated images, and find that, contrary to 340

the popular intuition, increasing prompt complex- 341

ity acts as an entropy constraint, driving the output 342

distribution further from the heavy-tailed diversity 343

of the physical world. 344
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Limitations345

Our study faces several methodological constraints.346

First, our visual word tokenization relies on shallow347

K-Means clustering of raw pixel patches. While348

this heuristic aligns with classical vision literature,349

it captures local texture statistics rather than the350

high-level semantic tokens utilized by modern la-351

tent transformers. Consequently, our findings re-352

flect the entropy of surface-level texture rather than353

deep semantic structure. Additionally, our analy-354

sis was conducted at a fixed scale (σ = 1.0), po-355

tentially overlooking scale-invariant statistical di-356

vergences that may exist at macro-compositional357

levels or sub-pixel resolutions.358

Second, our dataset choice introduces a poten-359

tial selection bias, as the images were generated360

to maximize aesthetic alignment rather than repre-361

senting the raw, rejection-free output of the models.362

Furthermore, our investigation of the prompt com-363

plexity relied solely on word count as a proxy for364

semantic density.365
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