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Abstract001

Recent image generation and editing models002
demonstrate robust adherence to instructions003
and high visual quality on academic bench-004
marks. However, their performance on paid,005
real-world design projects remains uncertain.006
We introduce ServImage, a benchmark that007
explicitly correlates model outputs with eco-008
nomic value in commercial design projects.009
ServImage consists of (i) ServImageBench: a010
dataset of 1.07k paid commercial design tasks011
and 2.05k designer deliverables totaling over012
$295k, covering portrait, product, and digital013
content, along with 33k candidate images and014
33k human annotations. (ii) ServImageScore:015
an integrated scoring system that combines016
three quality dimensions: baseline require-017
ments fulfilment, visual execution quality, and018
commercial necessity satisfaction. These three019
dimensions are designed to characterize the020
factors that drive human payment decisions021
and indicate whether an image is commer-022
cially acceptable. (iii) ServImageModel: un-023
der this scoring system, we propose a pay-024
ment prediction model trained on the human-025
annotated candidate images, achieving 82.00%026
accuracy in predicting human payment deci-027
sions and producing calibrated payment proba-028
bilities. ServImage provides a comprehensive029
foundation for assessing the commercial via-030
bility of image generation models and offers031
a scalable resource for future research on eco-032
nomically grounded vision systems  Github.033

1 Introduction034

Recent years have witnessed remarkable progress035

in image generation and editing. In image gen-036

eration, diffusion models such as Stable Diffu-037

sion (Rombach et al., 2022) and GLIDE (Nichol038

et al., 2021) have advanced high-quality text-to-039

image generation. In image editing, models like040

InstructPix2Pix (Brooks et al., 2023) and Mag-041

icBrush (Zhang et al., 2023) have improved edit-042

ing precision and controllability. These advances043

have broadened the use of image generation from 044

conventional tasks such as object removal and 045

style transfer to more complex design tasks, in- 046

cluding poster design, logo creation, and IP illus- 047

tration (Chen et al., 2024; Wang et al., 2025b), 048

which originate from real-world commercial sce- 049

narios with well-defined requirements and eco- 050

nomic returns. On the evaluation side, recent 051

benchmarks emphasized instruction following and 052

semantic controllability (Ma et al., 2024), opti- 053

cal realism and reflection consistency (Zeng et al., 054

2024), and physical commonsense understanding, 055

ensuring that generated images obey plausible ge- 056

ometry, gravity, and material properties (Farshad 057

et al., 2023; Zhao et al., 2025; Ryu et al., 2025; Gu 058

et al., 2025). However, to the best of our knowl- 059

edge, no existing benchmark evaluates how well 060

image models satisfy real-world commercial de- 061

sign requirements, particularly in terms of practi- 062

cal usability and economic acceptability. 063

In real design services, commercial acceptabil- 064

ity depends on a coupled set of factors beyond 065

semantic and perceptual correctness. A deliver- 066

able must first satisfy baseline business require- 067

ments, such as size, resolution, format, copyright 068

safety, and policy compliance, before it can even 069

be considered for delivery. It must then achieve 070

sufficient visual execution quality to be publish- 071

able, and, crucially, align with the client’s specific 072

commercial intent, including brand style, market- 073

ing message, and platform constraints. Whether a 074

client approves and pays for an image ultimately 075

reflects these business-rule, visual, and commer- 076

cial considerations jointly, which are not explicitly 077

captured by existing benchmarks. The fundamen- 078

tal question in a business context is not merely “Is 079

it good?” but rather “Is it worth paying for?” (Pat- 080

wardhan et al., 2025; Mazeika et al., 2025). 081

To close this gap, we introduce ServImage, 082

a benchmark explicitly grounded in real mon- 083

etary outcomes for commercial design services. 084
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Figure 1: Overview of the ServImage benchmark and evaluation framework. (a) We collect 1,070 paid design tasks
from online crowdsourcing platforms and group them into Portrait, Product, and Digital categories. (b) Through the
dataset pipeline with rule extraction/point mining, we obtain BRF, VEQ, and CNS scores to form ServImageScore.
(c) Sixteen image generation and editing models produce about 33k candidate images. (d) Optionally, built on these
scores, ServImageModel predicts human payment decisions. (e) We present representative tasks and model outputs
as ServImage case studies. (f) Under the standard settlement scenario, we evaluate each model independently on
the full task set and compare their commercial capability using the economic metric of total revenue.

Concretely, ServImage contains three compo-085

nents. ServImageBench collects 1.07k paid com-086

mercial design tasks from crowdsourcing plat-087

forms, with over $295k of contract value, to-088

gether with 33k candidate images and 33k hu-089

man payment decisions from 16 mainstream mod-090

els, spanning portrait services, e-commerce prod-091

ucts, and digital content, and covering both text-092

to-image generation and image-editing workflows.093

ServImageScore provides an integrated evaluation094

scheme that decomposes image quality into Base-095

line Requirements Fulfilment, Visual Execution096

Quality, and Commercial Necessity Satisfaction,097

with a unified scoring protocol that jointly cap-098

tures business-rule adherence, perceptual quality,099

and task-specific commercial fit. Finally, ServIm-100

ageModel is a settlement model that, guided by101

ServImageScore and task prices, produces cali-102

brated payment probabilities, serving as a refer-103

ence method for estimating the expected revenue104

of different models under realistic payment rules.105

ServImage demonstrates from the perspective of106

commercial payment that models which appear107

strong under technical metrics capture only a frac-108

tion of the attainable commercial value.109

In summary, our contributions include: advanc-110

ing generative model evaluation from traditional111

technical metrics to a market-grounded perspec- 112

tive based on real paid tasks, human payment be- 113

havior, and price structures; uncovering the mecha- 114

nisms by which commercial value is formed, show- 115

ing that user preferences, task prices jointly de- 116

termine economic outcomes beyond image quality 117

alone; and providing an economic inference frame- 118

work that estimates attainable revenue under real- 119

istic payment rules, revealing a substantial gap be- 120

tween technical performance and actual commer- 121

cial value capture. 122

2 Related Work 123

Image Generation and Editing Benchmarks. 124

Evaluation of generative models has progressed 125

from traditional single-number perceptual metrics, 126

CLIP Score, LPIPS, and PSNR/SSIM (Radford 127

et al., 2021; Zhang et al., 2018; Wang et al., 128

2004) to multi-dimensional assessment frame- 129

works. Generation-oriented benchmarks such 130

as GenAI-Bench and OmniGenBench foreground 131

compositional reasoning and text rendering (Li 132

et al., 2024; Wang et al., 2025b; Peng et al., 2024; 133

Zhou et al., 2025), while editing-oriented ones like 134

EDITVAL, VIEScore, and IE-Bench emphasise 135

controllability and region consistency (Basu et al., 136
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2023; Ye et al., 2025; Sun et al., 2025; Wang et al.,137

2025a). Unified efforts, including I2EBench, ICE-138

Bench, and RISEBench, attempt to bridge this di-139

vide by jointly evaluating instruction following, vi-140

sual quality, and reasoning (Ma et al., 2024; Pan141

et al., 2025; Xu et al., 2025b). However, a fun-142

damental limitation persists: existing tasks lack143

market-validated value distributions, and current144

evaluations rely on conventional technical metrics145

that provide no insight into commercial viability.146

VLM-based evaluation for image generation147

and edition. To automate assessment, the VLM-148

as-a-Judge paradigm has become prevalent, using149

task-specific prompts to achieve high correlations150

with human preference (Wu et al., 2025; Ye et al.,151

2025; Ma et al., 2024; Pu et al., 2025; Wang et al.,152

2025b; Zhang et al., 2025; Wang et al.). Sys-153

tems like LMM4Edit (Xu et al., 2025a) use few-154

shot learning for robust editing evaluation. While155

these methods align well with human perception,156

they don’t capture the economic value of outputs.157

This gap shows a decoupling where high techni-158

cal metrics don’t necessarily lead to willingness159

to pay. Although similar mappings from model160

performance to economic outcomes have been ex-161

plored in other domains, such as SWE-Lancer for162

code generation (Miserendino et al., 2025), the163

image domain still lacks a verifiable, monetarily164

grounded framework. Detailed comparison is in165

Appendix Table 5.166

3 ServImage167

3.1 Task Formulation168

We begin by formalizing the structure of ServIm-169

age tasks and the associated payment contracts.170

Let T denote the set of paid design tasks in ServIm-171

age. For each task t ∈ T , we denote the task con-172

text by xt = (brieft, refst, srct), where brieft is173

a textual description of the design goal, refst are174

optional reference materials (e.g., sketches, logos,175

exemplar images), and srct is an optional source176

image when the client requests editing rather than177

pure generation. Each task further specifies a178

contract price Price(t) and a required number of179

deliverables Q(t). We define the implied per-180

deliverable Price as pimg(t) = Price(t)/Q(t).181

Given a task context xt, a model produces a182

set of candidate images Ŷt = { ˆimgt,i}
Q(t)
i=1 . Each183

generated image is assigned a binary validity label184

(St,i ∈ 0, 1) from human payment decisions, indi-185

cating whether it is accepted as a deliverable. The186

Category #Tasks #Deliverables Total Value Avg Price
Portrait 271 288 $15.3k $56.41
Product 450 839 $147.0k $326.65
Digital 349 919 $132.8k $380.40

All 1,070 2,046 $295.0k $275.74

Table 1: Overall statistics of the ServImage benchmark.

total value earned by the model on task t is then: 187

Vt(Ŷt) =
∑Q(t)

i=1 St,i pimg(t), (1) 188

which measures how much the model would earn 189

on task t under the same payment contract as hu- 190

man designers. 191

3.2 ServImageBench 192

With this task formulation in place, we now de- 193

scribe ServImageBench, the real-world dataset 194

from which these tasks and payment contracts are 195

instantiated. ServImageBench is constructed from 196

paid design orders collected between 2018 and 197

2025 from two major Chinese online crowdsourc- 198

ing platforms, Epwk.com and Zbj.com. Each raw 199

posting specifies a concrete design goal, a quoted 200

budget, and delivery requirements. In these or- 201

ders, clients typically provide a textual brief and 202

optional reference materials, expecting commer- 203

cially usable visual assets tailored to a specific use 204

case. After cleaning, ServImage consists of 1,070 205

paid commercial design tasks and 2,046 deliver- 206

ables, with summary statistics reported in Table 1. 207

Across the benchmark, 833 single-image tasks ac- 208

count for 77.9% of the total, while the remaining 209

236 are multi-image tasks representing 22.1%. We 210

consider a task as editing if its brief includes at 211

least one input image; otherwise, it is a pure text- 212

to-image creation. Under this definition, 74.8% of 213

tasks are text-to-image creation and 25.2% involve 214

editing an existing image. Representative task ex- 215

amples from the three categories are shown in Ap- 216

pendix Sec C. 217

All tasks are grouped into three client-driven 218

commercial categories that correspond to major 219

freelance design verticals: Portrait, Product, and 220

Digital. The Portrait category covers personal 221

imaging services such as ID photo retouching, pro- 222

file pictures, and customized character portraits 223

for social media or branding, and is dominated by 224

single-image jobs, reflecting the one-off nature of 225

personal imaging orders. Product tasks focus on 226

e-commerce and commercial product visuals, in- 227

cluding logo design, brand identity systems, prod- 228
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Figure 2: Task price distributions for Portrait, Product,
and Digital categories. Dashed lines indicate median
prices, showing a long-tailed pattern across categories.

uct posters, and packaging layouts for online stores229

and marketing campaigns. Digital tasks involve230

broader digital content and web-oriented visual as-231

sets, such as UI mockups, web banners, illustra-232

tions, IP characters, and various online media cre-233

atives for websites, apps, or social platforms. Ta-234

ble 1 and Figure 2 summarize the number of tasks235

and deliverables, as well as the total contract value236

across these categories.237

3.3 ServImageScore238

Existing benchmarks for image generation models239

rarely measure their economic value: their metrics240

mainly focus on instruction following and visual fi-241

delity, which are not directly applicable to commer-242

cial design services. Starting from how real clients243

judge deliverables, we therefore define three prac-244

tical aspects and bundle them into a unified label245

tuple that we call ServImageScore. For each task246

t with associated images i, ServImageScore con-247

sists of a baseline requirement fulfillment score at248

task-level BRF(t) ∈ [0, 5] shared by all images in t,249

and two image-level scores VEQ(t, i),CNS(t, i) ∈250

[0, 5] defined for each image (t, i), together with a251

binary payment decision Accept(t, i) ∈ {0, 1} in-252

dicating whether the deliverable is labeled as ap-253

proved and paid under the original task contract by254

human annotators.255

Baseline Requirements Fulfilment, BRF. BRF256

measures whether a candidate satisfies the explicit257

requirements in the client brief, such as logo place-258

ment and background colour. We first run a rule-259

extraction pipeline that decomposes each brief into260

binary evaluation points, with the VLM predict-261

ing completion (0/1) for each by comparing the262

image against the brief and references. For multi-263

image tasks, an evaluation point is satisfied if at264

least one image meets it. We then compute the265

completion rate ct = 1
Kt

∑Kt
k=1 rt,k ∈ [0, 1], which266

represents the fraction of requirements satisfied for267

task t. To keep BRF on the same [0, 5] scale as268

the other ServImageScore components, we linearly 269

rescale this rate and define the task-level score as 270

BRF(t) = 5ct ∈ [0, 5], and this value is shared 271

by all images i in task t. For notational uniformity 272

at the image level, we define BRF(t, i) := BRF(t) 273

for all images i in task t. 274

Visual Execution Quality, VEQ. VEQ assesses 275

the overall visual quality of an image, indepen- 276

dent of whether it follows the brief. For each 277

image i in task t, the VLM is instructed to con- 278

sider three aspects: (i) technical quality (clarity, 279

artefacts, realism), (ii) aesthetic quality (compo- 280

sition, colour, lighting, harmony), and (iii) text 281

quality when textual elements are present (read- 282

ability and typography). Based on this rubric, the 283

VLM directly outputs a single visual-quality score 284

VEQ(t, i) ∈ [0, 5] for image (t, i). When an image 285

contains no textual elements, the text-quality as- 286

pect is marked as N/A and excluded from aggrega- 287

tion, and VEQ(t, i) is computed from the remain- 288

ing aspects but still lies on the same [0, 5] scale. 289

Commercial Necessity Satisfaction, CNS. 290

CNS captures consistency in settings where 291

relationships between images matter, namely, 292

image editing and multi-image tasks. For editing 293

tasks, CNS(t, i) assesses the preservation of 294

non-edited regions, key subject attributes, natural 295

boundaries, and coherent lighting and perspective. 296

For multi-image tasks, we compute a set-level 297

score CNS(t) for cross-image consistency in style, 298

colour palette, and brand elements, and assign 299

CNS(t, i) := CNS(t) to all images in the task; 300

when a task does not involve editing or multiple 301

images, CNS(t, i) is marked as N/A and excluded 302

from score aggregation. 303

3.4 Data Annotation 304

To operationalise the ServImageScore framework 305

and obtain ground-truth labelsfor later modelling 306

Sec. 4, we annotate model-generated candidates 307

across all tasks in ServImageBench. Concretely, 308

we run the 16 image generation and editing mod- 309

els introduced in Sec. 5, denoted by M, on all 310

paid tasks. For each task t ∈ T and model 311

m ∈ M, we generate Q(t) candidate deliverables 312

{ ˆimgt,i,m}Q(t)
i=1 using the task brief, reference ma- 313

terials, and source image if provided. Collectively, 314

these outputs form an extended candidate setD33K 315

of approximately 33k images. 316

Each candidate (t, i,m) ∈ D33K inherits the 317

original task context and is annotated with the 318
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Figure 3: Composite scores from BRF, VEQ, and
CNS correlate with acceptance rates on ServImage-
33K, showing that st,i aids payment prediction. Data
splits are at the task level to prevent leakage across de-
liverables from the same order.

ServImageScore tuple defined in Sec. 3.3. That319

is, we obtain a task-level BRF score BRF(t) and320

image-level scores VEQ(t, i) and CNS(t, i), all in321

[0, 5], together with a binary payment label yt,i ∈322

{0, 1}, where yt,i = 1 indicates that the candidate323

would be approved and paid under the original task324

contract, and yt,i = 0 otherwise. In all experi-325

ments, we treat yt,i as the ground-truth settlement326

outcome; ServImageModel is used only as an aux-327

iliary predictor for expected-revenue estimation.328

The triple (BRF(t, i),VEQ(t, i),CNS(t, i)) serves329

as the ground-truth concept scores for Sec. 4, while330

yt,i is the ground-truth payment decision. As331

shown in Fig. 3, a composite score derived from332

the annotated concepts st,i is monotonically corre-333

lated with empirical acceptance rates, supporting334

these dimensions as a meaningful concept space335

for payment prediction.336

The BRF, VEQ, and CNS scores are obtained337

automatically through a unified VLM-as-a-judge338

pipeline described in Sec. 5, whereas the payment339

labels yt,i are assigned by trained human annota-340

tors following platform-style guidelines. The full341

prompts are provided in Appendix E. We adopt a342

double-annotation-with-adjudication protocol, fol-343

lowing prior work on expert-labelled datasets (Jin344

et al., 2019). Each deliverable is independently la-345

belled by two annotators. Across 2,000 randomly346

sampled doubly annotated instances, we observe347

an inter-annotator agreement of 67.92%. Any re-348

maining disagreements are resolved by a third an-349

notator, who adjudicates the final label.350

4 ServImageModel351

With the annotated candidate dataset in place, we352

now turn to modelling human payment decisions.353

Our objective is to train ServImageModel, a pre-354

dictor of whether each candidate image ˆimgt,i in 355

task t would be accepted and paid according to 356

human payment labels yt,i. Concretely, ServIm- 357

ageModel is a two-stage neural network consist- 358

ing of (i) a concept predictor and (ii) a payment 359

head fθ. Given the task context xt and a candi- 360

date image ˆimgt,i, the model first predicts the three 361

ServImageScore dimensions as intermediate con- 362

cepts, and then uses these predicted concepts to es- 363

timate the final acceptance probability. 364

(1) Concept-bottleneck prediction from the 365

three quality dimensions. In our case, the three 366

ServImageScore dimensions act as these explicit 367

intermediate concepts. For each candidate (t, i), 368

we denote the annotated concept vector as st,i = 369

(BRF(t, i), VEQ(t, i), CNS(t, i)). During train- 370

ing, the model predicts a corresponding concept 371

vector ŝt,i, and matches it to the annotated scores 372

using regression losses L(n)
BRF, L(n)

VEQ, and L(n)
CNS. 373

The concept loss is as: 374

LCBM = 1
N

∑N
n=1

(
L(n)

BRF + L(n)
VEQ + L(n)

CNS

)
. (2) 375

(2) Payment prediction with a task-aware head. 376

On top of the learned concepts, we train a payment 377

predictor fθ that takes the task context xt, candi- 378

date image ˆimgt,i, and concept scores ŝt,i as input 379

and outputs an acceptance probability: 380

p̂t,i = fθ(xt, ˆimgt,i, ŝt,i) ∈ [0, 1]. (3) 381

The payment head is supervised using the binary 382

payment labels yt,i ∈ {0, 1} obtained during anno- 383

tation: 384

Lpay = Et,i[−yt,i log p̂t,i − (1− yt,i) log(1− p̂t,i)] , (4) 385

which encourages the predicted acceptance proba- 386

bility to align with empirical human payment deci- 387

sions. 388

Concretely, we treat p̂t,i as the acceptance prob- 389

ability of candidate image i for task t, aggregate 390

these probabilities within each task to obtain a task- 391

level acceptance rate, and then combine this rate 392

with the task price to compute each model’s total 393

payment under our payment model. 394

5 Experiments and Analysis 395

5.1 Setups 396

We evaluate 16 image models, including 12 propri- 397

etary and 4 open-source models, for text-to-image 398
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generation and image editing. On the commer-399

cial side, we include OpenAI’s GPT-5-Image400

family, including gpt-5-image and gpt-5-image-401

mini (OpenAI, 2025b,a); Google’s Gemini Nano402

Banana, Banana Pro, and Imagen-4.0 (DeepMind,403

2025; Cloud, 2025); multiple Doubao systems,404

including Seedream 4.0 and Seedream 3.0-t2i405

for text-to-image generation (Seedream et al.,406

2025; Gao et al., 2025), and SeedEdit 3.0-i2i407

for image-to-image editing (Wang et al., 2025c);408

Kuaishou’s Kling-v2 (Technology, 2025); and409

models from professional design platforms such as410

Ideogram-v3 (Ideogram, 2025) and Midjourney’s411

Imagine and Edit pipelines (Midjourney, 2024).412

We also include theMJ-Relax-Edits andMJ-Relax-413

Imagine modes from Midjourney. On the open-414

source side, we include FLUX-1.1-Pro (Labs,415

2024) and FLUX.1-Kontext-Pro (Labs,416

2025), Qwen-Image (et al., 2025), and417

Stable-Diffusion-3.5-Large (AI, 2024). We418

use OpenAI’s GPT-5-mini as an automatic judge419

to compute the BRF, VEQ, and CNS scores420

defined in Sec. 3.3.421

5.2 Main Experiments422

Under the standard settlement scenario, we eval-423

uate 16 image models on ServImage and report424

their economic outcomes in Table 2. Overall,425

the top proprietary models capture most of the426

economic value, for example, Gemini-Banana-Pro427

earns $243.98k (82.7% share) and GPT-Image-1428

earns $148.32k (50.3%), while the strongest open-429

source baseline, Qwen-Image, obtains a markedly 430

smaller payout of $75.50k (25.6%). The best- 431

performing model, Gemini-Banana-Pro, achieves 432

the highest total revenue of $243.98k and captures 433

the largest contract share of 82.7% out of the over- 434

all $295k budget. In contrast, the strongest open- 435

source baseline, Qwen-Image, earns $75.50k with 436

a 25.6% share, indicating a substantial gap in both 437

maximum attainable revenue and market share un- 438

der the same settlement rule. 439

Across the three fine-grained categories in 440

ServImage, we observe clear leaders in economic 441

outcomes. Kling-v2 leads Portrait with $9.79k 442

revenue (64.0% within-category share), narrowly 443

followed by MJ-Relax-Imagine (57.7%). Gemini- 444

Banana-Pro ranks first in Product with $122.60k 445

(83.4%), with GPT-Image-1-Mini second (59.8%), 446

and also dominates Digital with $117.48k (88.5%), 447

followed by Ideogram-v3 (44.1%). Despite these 448

leaders, no single model achieves consistently high 449

share across all categories, suggesting substantial 450

room for improvement. Table 2 uses human ac- 451

cept/reject labels as ground truth; consequently, 452

Table 9 reports an automatic proxy estimated from 453

ServImageModel-predicted payment probabilities. 454

5.3 Crowdsourcing Competition 455

The settlement scenario above assumes that a sin- 456

gle provider is deployed at a time: each model 457

is evaluated on the full test split and earns rev- 458

enue from all tasks it solves. In practice, com- 459

mercial crowdsourcing platforms list a task to 460
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Model Total Portrait Product Digital
Rev ($k) Share (%) Task Acc. (%) Deliv. Acc. (%) Rev ($k) Share (%) Rev ($k) Share (%) Rev ($k) Share (%)

Closed-Source Models

Gemini-Banana 109.27 37.0 29.91 34.56 2.08 13.6 50.72 34.5 56.48 42.5
Gemini-Banana-Pro 243.98 82.7 70.50 79.88 3.90 25.5 122.60 83.4 117.48 88.5
GPT-Image-1 148.32 50.3 48.22 46.38 7.38 48.3 82.95 56.4 57.99 43.7
GPT-Image-1-Mini 113.04 38.3 32.36 37.62 0.17 1.1 87.95 59.8 24.93 18.8
Ideogram-v3 80.53 27.3 25.89 31.67 1.01 6.6 20.94 14.2 58.57 44.1
Imagen-4.0 111.58 37.8 31.03 28.10 4.03 26.3 70.46 47.9 37.09 27.9
Kling-v2 96.15 32.6 40.22 28.85 9.79 64.0 39.33 26.8 47.02 35.4
MJ-Relax-Edits 78.81 26.7 22.43 25.90 1.10 7.2 30.93 21.0 46.78 35.2
MJ-Relax-Imagine 88.08 29.9 37.66 28.01 8.82 57.7 48.20 32.8 31.06 23.4
SeedEdit-3.0-i2i 1.81 0.6 6.98 6.77 0.00 0.0 0.67 0.5 1.14 0.9
Seedream-3.0-t2i 105.21 35.7 31.40 41.54 0.95 6.2 71.46 48.6 32.80 24.7
Seedream-4.0 65.95 22.4 31.12 40.18 2.44 15.9 46.45 31.6 17.06 12.8

Open-Source Models

FLUX-1.1-Pro 30.53 10.3 10.00 8.85 0.33 2.2 3.30 2.2 26.91 20.3
FLUX-Kontext-Pro 53.14 18.0 16.47 14.18 0.21 1.4 20.42 13.9 32.51 24.5
Qwen-Image 75.50 25.6 24.95 30.40 1.73 11.3 31.58 21.5 42.19 31.8
SD-3.5-Large 16.99 5.8 8.60 6.40 2.33 15.2 5.33 3.6 9.33 7.0

Table 2: Model performance on ServImage under the standard settlement scenario. Revenue, Rev ($k), is the total
contract value earned by a model, and Share is its fraction of the overall contract value ($295k), while category
shares are computed within each category. Task Acceptance and Deliverable Acceptance are the proportions of
tasks and deliverables approved according to human payment decisions (yt,i). The last six columns report revenue
and share by Portrait, Product, and Digital categories. All monetary values are in thousand USD. Color: 1st

2nd 3rd.

Model Rev ($k) Rank
Gemini 2.5 Flash 78.9 2
Gemini-Banana-Pro 113.7 1
GPT-5 Image 10.1 5
GPT-5 Image Mini 5.8 6
imagen-4.0 4.1 7
Seedream 4.0 0.0 15
Seedream 3.0-t2i 0.3 13
SeedEdit 3.0-i2i 0.0 16
Kling-v2 3.2 9
ideogram-v3 0.9 10
MJ-Relax-Imagine 3.5 8
MJ-Relax-Edits 0.4 11

Open-Source Models
stable-diffusion-3.5-large 0.1 14
Flux Pro 35.7 4
flux-kontext-pro 37.9 3
Qwen-Image 0.3 12

Table 3: Crowdsourcing competition earnings with
winner-takes-all acceptance. We report total value
earned Rev which means Revenue, and Rank. Color:

1st 2nd 3rd.

many providers, and only the best submission is461

paid. To capture this more competitive regime, we462

construct a crowdsourcing competition setting in463

which all models are run on the same tasks, and464

for each task, we select the winner by the number465

of deliverables accepted by human payment labels,466

ties are broken by the summed ServImageScore467

(BRF/VEQ/CNS). The full task revenue is then as-468

signed to this “winner” model and all other mod-469

els receive zero payment for that task, resulting in470

a winner-takes-all allocation of the total contract471

value, as shown in Table 3. In this section, a task is472

considered successful if and only if all its required473

deliverables are accepted (paid) according to the 474

human payment-decision labels. 475

In the crowdsourcing competition setting, earn- 476

ings are highly concentrated: a small number of 477

top models capture a much larger portion of the to- 478

tal revenue, while many others earn little or even 479

zero. However, the outcome is not completely one- 480

sided. For example, Gemini-Banana-Pro ranks 481

first with $113.7k, but Gemini 2.5 Flash remains 482

close behind at $78.9k, and an open-source model 483

(flux-kontext-pro) also achieves a strong result 484

with $37.9k. 485

5.4 Cost Reduction Analysis 486

The revenue analysis in Sec. 5.2 quantifies each 487

model’s earnings under our settlement rule. In 488

practice, platform operators and clients are also in- 489

terested in a complementary question. If a model 490

is deployed as the first stage of the pipeline and hu- 491

man designers only redo failed tasks, how much 492

outsourcing cost can be saved, and how efficient is 493

the model-first pipeline in terms of return per dol- 494

lar spent? 495

We capture this economic perspec- 496

tive using model-level aggregate quan- 497

tities. For a given model m, we de- 498

fine B =
∑

t∈T Price(t), Sc(m) = 1 − 499
CostAPI(m)

B
− 1

B

∑
t∈T Price(t)

(
1− Successc(m, t)

), 500

and the Contribution Ratio Rc(m) = 501∑
t∈T Price(t) Successc(m, t)

CostAPI(m) +
∑

t∈T Price(t)
(
1 − Successc(m, t)

) . 502

Here Sc(m) is the overall cost savings relative to 503
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Figure 5: Metric comparison on the test set. Bars show
AUC, Spearman, and PR-AUC for seven metrics and
ServImageScore, higher is better.

the human-only baseline, while Rc(m) measures504

the return per dollar spent on the model API and505

freelancer rework under scenario c. In the main506

text we report them as Cost Savings (%) and Con-507

tribution Ratio. Per-call API price assumptions508

are listed in Appendix Table 6.509

Empirically, the best-performing model, MJ-510

Relax-Edits, achieves cost savings of Sc(m) ≈511

81.7% and a contribution ratio of Rc(m) ≈, in-512

dicating that each dollar spent on API usage and513

human rework yields about $4.4581 of end-to-end514

contract value handled by the model-first pipeline515

under realistic settlement rules. Appendix Table 7516

reports the full cost reduction results.517

5.5 Evaluation Method Comparison518

To evaluate ServImageScore in a payment-519

decision setting, we compare it with seven metrics520

in three categories. Generation-specific metrics521

(OmniGenBench (Wang et al., 2025b), OneIG-522

Bench (Chang et al., 2025)) focus on text-to-image523

and do not fit source-constrained editing. Editing-524

specific metrics (VIEScore (Ye et al., 2025),525

RISEBench (Zhao et al., 2025)) target editing526

but not source-free generation. General-purpose527

metrics include ICE-Bench (Pan et al., 2025),528

I2EBench (Ma et al., 2024), and LMM4Edit.529

We examine whether automatic metrics can ap-530

proximate human payment decisions. We apply531

each metric to the same subset and evaluate its532

alignment with human payment labels using three533

criteria: (i) AUC, the area under the ROC curve534

for binary payment outcomes; (ii) Spearman, the535

rank correlation between metric scores and pay-536

ment labels; and (iii) PR-AUC, the area under537

the precision–recall curve for payment prediction.538

Across all three metric groups, existing baselines539

show lower Spearman and PR-AUC than ServIm- 540

ageScore, suggesting weaker alignment with com- 541

mercial acceptance. As shown in Fig. 5, ServIm- 542

ageScore performs best on all three criteria. 543

5.6 ServImageModel Analysis 544

Comparison with General-purpose VLMs. 545

Fig. 4(b) compares the payment-decision ac- 546

curacy (%) of general-purpose VLM baselines 547

and ServImageModel on the test split. Among 548

all general-purpose baselines, our task-specific 549

models substantially outperform all baselines: 550

ServImageModel4B-Think reaches 82.00%. 551

Base Model CBM LoRA (v) LoRA (l) Acc.
Qwen-4B-Think 72.12%
Qwen-4B-Think ✓ 78.30%
Qwen-4B-Think ✓ ✓ 79.21%
Qwen-4B-Think ✓ ✓ ✓ 82.00%
Qwen-4B-Instr. ✓ ✓ ✓ 79.67%

Table 4: Ablation study on the CBM interface, LoRA
strategies, and Qwen3-VL backbones. We report
payment-decision accuracy on the test split.

Ablation Study. To further understand why 552

ServImageModel. achieves large gains in Fig. 4(b), 553

we ablate three components of the payment model: 554

the CBM interface, LoRA adapters on the vision 555

and language towers, and the choice of Qwen3- 556

VL backbone, as shown in Table 4. Using Qwen- 557

4B-Think as the base model, the plain baseline 558

achieves 72.12% accuracy. Adding LoRA on both 559

vision and language yields the best performance of 560

82.00%. Together, these two findings demonstrate 561

the effectiveness of the ServImageModel frame- 562

work for predicting payment decisions. 563

6 Conclusion 564

We present ServImage, a benchmark for evaluat- 565

ing image generation and editing models on real- 566

world commercial design tasks and payment de- 567

cisions. By connecting model outputs with task 568

prices and human acceptance outcomes, and intro- 569

ducing ServImageScore to decompose commercial 570

acceptability into baseline requirement fulfillment, 571

visual execution quality, and commercial neces- 572

sity satisfaction, ServImage moves beyond conven- 573

tional metrics and better reflects why people pay. 574

We hope ServImage will encourage market-aware 575

evaluation and foster vision models that are more 576

economically aligned. 577

8



Limitations578

ServImageBench is constructed from paid design579

tasks collected from only two Chinese crowdsourc-580

ing platforms, and the task distribution, aesthetic581

preferences, and pricing norms may differ across582

regions, languages, and procurement settings. As583

a first look at linking image generation and edit-584

ing performance to real commercial payment out-585

comes, we view this benchmark as an exploratory586

starting point, and future efforts can broaden cov-587

erage to more regions, languages, and enterprise-588

level design scenarios to improve generalizability.589

In addition, commercial acceptability is approx-590

imated using a binary payment decision, whereas591

real-world design workflows may involve more nu-592

anced outcomes such as partial acceptance, itera-593

tive revision, or negotiated pricing. Nevertheless,594

this formulation closely matches the settlement595

rules of real crowdsourcing platforms and provides596

a clear, reproducible economic signal, which fu-597

ture work can extend to more fine-grained or con-598

tinuous representations of commercial decisions.599

Finally, ServImageScore relies on a fixed VLM-600

as-a-judge (e.g., GPT-5-mini) to compute BRF,601

VEQ, and CNS scores, which may introduce602

model-specific bias and sensitivity to evaluator603

evolution over time. Prior public evaluations604

largely use human preference signals or subjective605

ratings, with emerging efforts incorporating on-606

line utility metrics such as engagement or CTR. In607

contrast, we did not find publicly available bench-608

marks that map VLM-based quality scores for im-609

age generation/editing to real payment/settlement610

outcomes from commercial design orders. Accord-611

ingly, we treat our benchmark as an exploratory612

starting point, and future work can enhance robust-613

ness and temporal stability via multi-judge ensem-614

bles, cross-model calibration, and selective human615

verification.616

Ethics Statement617

ServImage is derived from real commercial de-618

sign orders that may include user-provided refer-619

ence materials or source images, so privacy and620

responsible data handling are essential. Any re-621

leased data should be anonymized and stripped of622

personally identifying information, and potentially623

sensitive assets should be restricted or redacted624

when sharing is not appropriate. Human payment625

labels are produced through a structured annota-626

tion process; annotators should participate volun-627

tarily under clear guidelines, with safeguards for 628

content that could cause discomfort (e.g., allowing 629

skipping/flagging). Finally, the benchmark’s auto- 630

mated scoring uses external model services only 631

for evaluation and should be conducted in compli- 632

ance with provider policies, with no attempt to by- 633

pass safety measures or misuse protected content. 634
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B Cost Metrics: Definitions and871

Implementation Details872

B.1 API Price Assumptions873

This subsection documents the unit API price as-874

sumptions for all evaluated models, which serve as875

inputs to CostAPI(m) in Appendix B.2. Unit: USD876

/ call (i.e., the API cost charged per model invoca-877

tion/request in our implementation; equivalently, it878

can be viewed as USD per generated/edited image879

when each call returns a single final output).880

Model (API endpoint) API price (USD / call)

gpt-image-1-mini 0.027542370
gpt-image-1 0.137406021
gemini-2.5-flash-image-pro 0.028000000
gemini-2.5-flash-image 0.015947911
seedream-4.0 0.027800000
seedream-3.0-t2i 0.036000000
seededit-3.0-i2i 0.041700000
kling-v2-images 0.027800000
ideogram-v3-text-to-image 0.030000000
mj-relax-imagine 0.019800000
mj-relax-edits 0.019728000
flux-1.1-pro 0.040000000
flux-kontext-pro 0.040000000
qwen-text-to-image 0.034000000
stable-diffusion-3.5-large 0.065000000
imagen4 0.040000000

Table 6: Per-call API prices (USD) assumed for each
model in our experiments.

B.2 Cost Metrics: Definitions and881

Implementation Details882

This subsection supplements Sec. 5 by providing883

the formal definitions and implementation details884

of the cost-related metrics reported for the model-885

first pipeline, including cost savings, model contri-886

bution, and the contribution ratio (return per dollar887

spent on model API usage and human rework).888

Let889

B =
∑
t∈T

Price(t), (5)890

denote the human-only outsourcing cost over the891

evaluated split, where T is the set of tasks and892

Price(t) is the contract price of task t. For a model893

m and settlement scenario c, let Successc(m, t) ∈894

{0, 1} indicate whether all required deliverables of895

task t produced by model m are accepted under896

scenario c (i.e., the task is completed end-to-end897

without human redo). Let CostAPI(m) denote the898

total API spend of model m on the same split.899

Under a model-first workflow, the expected total 900

spend consists of the model API cost plus human 901

rework for failed tasks: 902

CostAPI(m) +
∑
t∈T

Price(t)
(
1− Successc(m, t)

)
. 903

In our implementation, we approximate the per- 904

call API prices using the assumptions in Ap- 905

pendix B.1. We define the cost-savings ratio as 906

Sc(m) = 1− CostAPI(m)
B − 1

B

∑
t∈T Price(t)

(
1− Successc(m, t)

)
, (6) 907

which measures the overall outsourcing cost saved 908

relative to the human-only baseline. 909

The model contribution measures what fraction 910

of the total contract value is completed end-to-end 911

by the model without human redo: 912

Mc(m) =
1

B

∑
t∈T

Price(t) Successc(m, t). (7) 913

Finally, we report the contribution ratio, which 914

captures the return per dollar spent on model API 915

usage and human rework under scenario c: 916

Rc(m) =
∑

t∈T Price(t) Successc(m,t)

CostAPI(m)+
∑

t∈T Price(t)
(
1−Successc(m,t)

) . (8) 917

In the main text and Appendix Table 7, we re- 918

port Sc(m) as Cost Savings (%),Mc(m) as Model 919

Contribution (%), and

Model
Cost

Savings
(%)

Model
Contribution

(%)

Contribution
Ratio

Closed-Source Models

Gemini-Banana 37.0 37.0 0.5881
Gemini-Banana-Pro 81.7 81.7 4.4581
GPT-Image-1 50.2 50.3 1.0090
GPT-Image-1-Mini 38.3 38.3 0.6210
Ideogram-v3 27.3 27.3 0.3753
Imagen-4.0 37.8 37.8 0.6079
Kling-v2 32.6 32.6 0.4833
MJ-Relax-Edits 58.9 58.9 1.4349
MJ-Relax-Imagine 57.7 57.7 1.3638
SeedEdit-3.0-i2i 0.6 0.6 0.0062
Seedream-3.0-t2i 35.6 35.7 0.5541
Seedream-4.0 22.3 22.4 0.2878

Open-Source Models
FLUX-1.1-Pro 10.3 10.3 0.1154
FLUX-Kontext-Pro 18.0 18.0 0.2196
Qwen-Image 25.6 25.6 0.3438
SD-3.5-Large 5.7 5.8 0.0611

Table 7: Cost reduction under the standard settlement
scenario. Color: 1st 2nd 3rd.
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C Task cases921

Portrait 

Please read the main task below, then complete the subtask 'Premium Rice Packaging Design' for
image generation.

Main Task: [Packaging Design] Packaging for Agricultural Products
Requirements: We have many products and want to focus on high-end SKUs such as rice and mixed
grains. About 10 SKUs initially, to be designed progressively with product R&D. Focus categories:
sprouted brown rice (grains), sprouted brown rice powder (beverage mix, similar to meal
replacement), brown rice tea (tea drinks), brown rice crisps/flakes (snacks). The design should look
premium.

Subtask 1/4: Premium Rice Packaging Design
+ Subtask 2/4: Premium Mixed Grains Packaging Design
+ Subtask 3/4: Sprouted Brown Rice Packaging Design
+ Subtask 4/4: Sprouted Brown Rice Powder Packaging Design
Specific requirements:
- Packaging program includes sprouted brown rice products
- Packaging program includes sprouted brown rice powder products
- Packaging program includes brown rice tea products
- Packaging program includes brown rice crisps/flakes products
- Designs should look premium
- Designs target high-end products
- Designs apply across categories: grains, beverage mixes, tea drinks, snacks

Image Generation Prompt:

refs:

money:

deliverables:

task_id:

Input:

outputs:

$ 69.44

N/A

N/A

task: We have many products and want to focus on high-end SKUs such as rice and mixed grains. About
10 SKUs initially, to be designed progressively with product R&D. Focus categories: sprouted brown
rice (grains), sprouted brown rice powder (beverage mix, similar to meal replacement), brown rice
tea (tea drinks), brown rice crisps/flakes (snacks). The design should look premium.

Generated by flux-1.1-pro

digital-009

Subtask 1/4: Premium Rice Packaging Design
Subtask 2/4: Premium Mixed Grains Packaging Design
Subtask 3/4: Sprouted Brown Rice Packaging Design
Subtask 4/4: Sprouted Brown Rice Powder Packaging Design

922

Figure 6: Task case 1.
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product

Change ID Photo Background Color - Retouch ID photo and change background to white
Requirements: Modify the ID photo to have a white background
Specific requirements:
- Change the ID photo background to white

Image Generation Prompt:

refs:
money:

deliverables:

task_id:

Input:

outputs:

$ 138.89

task: Modify the ID photo to have a white background

Generated by flux-1.1-pro, gemini-2.5-flash-image, gpt-image-1, gpt-image-1-mini,  ideogram-v3-text-to-image

portrait-001

Retouch ID photo and change background to white

N/A

portrait

923

Figure 7: Task case 2.
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product

poster design - Design a poster that aligns with the theme, emphasizing health, safety, and comfort
to attract car owners to purchase the Anrui Collar car headrest
Requirements: Anrui Collar is our company's independent brand, and the product poster is
currently being displayed in more than 300 of our stores. Theme: Every car owner needs an Anrui
Collar. Requirements: The design should align with this theme, making car owners consciously and
interestedly consider purchasing the Anrui Collar car headrest. Highlight themes of health, safety,
and comfort. Applicants are advised to reference some well-designed images on Taobao. Festive
elements like the Spring Festival or other holiday decorations can be appropriately added. There
are a few Anrui Collar health shoulder pillows on Taobao that can be referenced.
Specific requirements:
- The poster theme is 'Every car owner needs an Anrui neck support'
- The design should inspire car owners to purchase Anrui car headrests and generate interest
- The poster highlights themes of health, safety, and comfort
- Poster design reference the beautiful image style on Taobao
- The poster should include elements of Spring Festival or festive celebration
- Reference images of Anrui Healthy Neck Pillow in the poster

Image Generation Prompt:

refs:

money:

deliverables:

task_id:

Input:

outputs:

$ 138.89

N/A

task: Anrui Collar is our company's independent brand, and the product poster is currently being
displayed in more than 300 of our stores. Theme: Every car owner needs an Anrui Collar.
Requirements: The design should align with this theme, making car owners consciously and
interestedly consider purchasing the Anrui Collar car headrest. Highlight themes of health,
safety, and comfort. Applicants are advised to reference some well-designed images on
Taobao. Festive elements like the Spring Festival or other holiday decorations can be
appropriately added. There are a few Anrui Collar health shoulder pillows on Taobao that can
be referenced.

Generated by flux-1.1-pro, gemini-2.5-flash-image, gpt-image-1, gpt-image-1-mini,  ideogram-v3-text-to-image

product-015

Subtask : Design a poster that aligns with the theme, emphasizing health, safety,
and comfort to attract car owners to purchase the Anrui Collar car headrest

924

Figure 8: Task case 3.
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D More Result 925

Model Category Rev ($k) Share (%) Task Acc. (%) Deliv. Acc. (%)
Closed-Source Models

Gemini-2.5-Flash-Image
Portrait 2.08 13.6 12.18 14.58
Product 50.72 34.5 30.89 23.96
Digital 56.48 42.5 42.41 50.49

Gemini-Banana-Pro
Portrait 3.90 25.5 25.46 25.00
Product 122.60 83.4 85.81 89.17
Digital 117.48 88.5 85.39 88.40

GPT-Image-1
Portrait 7.38 48.3 46.49 45.83
Product 82.95 56.4 54.22 52.68
Digital 57.99 43.7 41.83 40.81

GPT-Image-1-Mini
Portrait 0.17 1.1 1.48 1.39
Product 87.95 59.8 57.11 62.81
Digital 24.93 18.8 24.27 25.85

Ideogram-v3
Portrait 1.01 6.6 5.54 6.25
Product 20.94 14.2 21.56 18.71
Digital 58.57 44.1 47.28 51.47

Imagen-4.0
Portrait 4.03 26.3 26.94 27.08
Product 70.46 47.9 34.44 30.87
Digital 37.09 27.9 29.80 25.90

Kling-v2
Portrait 9.79 64.0 63.10 62.50
Product 39.33 26.8 29.18 22.32
Digital 47.02 35.4 36.68 24.27

MJ-Relax-Edits
Portrait 1.10 7.2 7.38 6.94
Product 30.93 21.0 20.67 17.64
Digital 46.78 35.2 36.39 39.39

MJ-Relax-Imagine
Portrait 8.82 57.7 61.25 57.64
Product 48.20 32.8 29.78 25.03
Digital 31.06 23.4 29.51 21.44

SeedEdit-3.0-i2i
Portrait 0.00 0.0 0.00 0.00
Product 0.67 0.5 6.76 6.43
Digital 1.14 0.9 7.41 7.27

Seedream-3.0-t2i
Portrait 0.95 6.2 5.54 5.90
Product 71.46 48.6 48.89 55.07
Digital 32.80 24.7 28.94 40.37

Seedream-4.0
Portrait 2.44 15.9 17.71 17.71
Product 46.45 31.6 54.22 60.91
Digital 17.06 12.8 11.75 28.29

Open-Source Models

FLUX-1.1-Pro
Portrait 0.33 2.2 2.58 2.43
Product 3.30 2.2 4.22 2.50
Digital 26.91 20.3 23.21 16.65

FLUX-Kontext-Pro
Portrait 0.21 1.4 1.48 1.39
Product 20.42 13.9 19.20 12.01
Digital 32.51 24.5 25.00 20.00

Qwen-Image
Portrait 1.73 11.3 9.59 9.72
Product 31.58 21.5 28.44 36.00
Digital 42.19 31.8 32.38 31.77

SD-3.5-Large
Portrait 2.33 15.2 17.34 16.32
Product 5.33 3.6 5.56 3.10
Digital 9.33 7.0 5.73 6.31

926

Table 8: Model performance on ServImage by category under the standard settlement scenario. Revenue is the
total contract value earned by a model in each category. Task Acceptance and Deliverable Acceptance are the
within-category proportions of tasks and deliverables approved according to human payment decisions (yt,i). All
monetary values are reported in thousand USD.
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E Prompting927

E.1 Evaluation Points Execution Prompt928

Prompt For Evaluation Points Extract

Prompt for

#### **[CR] Capacity and Role**
You are the Senior Technical Specification Analyst for DesignLancer. Convert any requirement list into the exact count
of final image deliverables and describe each as a production-ready brief using real formats
(AI/PSD/SVG/PNG/JPG/PDF) plus CMYK 300 DPI print specs or RGB pixel specs for digital. Each deliverable equals
one final image; drafts, explorations, and "pick-one" options do not count.

#### **[I] Insight**
DesignLancer enforces two checks:
1. **Deliverable quantity** – Count only the images the client receives. A deliverable looks like `<main subject> +
<objective/variant>`. Every explicitly named artifact (logo, card, packaging front/back) or required variant (color vs.
mono, portrait vs. landscape) adds to the tally.
2. **Hard rules** – Capture only explicit binary constraints using `file_type`, `visual_specs` (`dimensions`,
`aspect_ratio`, `resolution`), or `file_size`.

**Hard-rule cues**
- `file_type`: quote requested formats verbatim (AI, PSD, JPG, PNG, SVG, EPS, PDF). “Source files” implies editable
formats but list only those named.
- `visual_specs`: note numeric sizes/bounds, ratios such as 16:9 or “square/portrait/landscape”, and DPI values (`print
quality` ⇒ `min_dpi: 300`, `web use` ⇒ `min_dpi: 72`).
- `file_size`: include only when a limit is stated.

#### **[S] Statement**
Return JSON:

```json
{
  "extracted_rules": {
    "output_quantity": <int>,
    "deliverables": [
      {
        "subtask": "snake_case brief",
        "rules": { ...only evidenced keys... }
      }
    ]
  },
  "reasoning": [
    { "subtask": "snake_case brief", "evidence": ["quoted text"] }
  ]
}
```

Omit keys without evidence. Apply shared rules to every affected deliverable.

#### **Processing Logic**
1. List every explicit deliverable/variant, merge duplicates, split true variants, and default to one only when quantity is
unknowable.
2. Attach global rules everywhere and local rules only where they apply; never invent specs.
3. Count deliverables, resolve conflicts with the latest instruction, and cite evidence for both quantity and rules.

#### **[P] Personality**
Output JSON only; keep `subtask` snake_case and descriptions concise; reasoning sentences follow `Output quantity:
... | Rules extracted: ...`.

#### **[E] Experiment & Reminders**
Clarify ambiguous counts via context (otherwise default to 1 and explain). Treat “source files” as editable formats and
“print quality” as 300 DPI but record only explicit numbers. Note contradictions or missing info instead of guessing, and
ignore reference-only material or non-mandatory phrasing.

929

Figure 9: Prompt for evaluation points extraction.
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E.2 Evaluation Prompts 930

Prompt for BRF

Prompt for

You are a professional image quality assessment expert. Please evaluate the instruction-following compliance of the
generated {image_count} picture.

  **Task Information**:
  - Task ID: {task_id}
  - Task Name: {task_name}
  - Task Requirements: {requirements}
  - Image Count: {image_count}

 **Evaluation Points** (each item needs to be judged for completion):
  1. {evaluation_point_1}
  2. {evaluation_point_2}
  ...

**Evaluation Requirements** (Multi-image Evaluation - Only Provide Raw Scores):
  1. For each evaluation point on each image, make a STRICT 0/1 judgment (0=not completed, 1=completed)
  2. **IMPORTANT**: Do NOT use "N/A". You MUST choose either 0 or 1 for every evaluation point.
     - If you cannot determine from the image alone, give it 0
     - If the requirement is not applicable or unclear, give it 0
     - Only give 1 if the requirement is clearly and fully met
  3. **IMPORTANT**: Only provide raw 0/1 judgments for each image. DO NOT aggregate, DO NOT calculate scores.
The aggregation and score calculation will be done
  by code.
  4. **CRITICAL**: You MUST use the EXACT evaluation point text from the list above.

  **Output Format** (must strictly follow JSON format):
  ```json
  {
    "metric": "BRF",
    "image_count": {image_count},
    "evaluation_by_image": [
      {
        "image_index": 0,
        "items": [
          {
            "score": 0
          },
          ...
        ]
      },
      {
        "image_index": 1,
        "items": [...]
      }
    ]
  }

  Note: Only return the raw 0/1 scores for each evaluation point. Do NOT include "reason" fields. Do not include
aggregated_points, do not calculate
  final_score_0to5, do not compute completion_rate. These will be calculated by code using OR rule.

931

Figure 10: BRF Evaluation prompt.
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Prompt for VEQ-Tech

Prompt for

Please assess the technical quality of the image, focusing on the following two independent dimensions:

  A. Clarity & Detail:
  Evaluate the perceptual sharpness and detail richness of the image across multiple scales:
  - Sharpness: Is the image sharp with well-defined edges? Or is there noticeable blur, defocus, or softness?
  - Detail Richness: Are textures, fine structures, and small details clearly visible?
  - Noise & Distortion: Are there visible noise, compression artifacts, or geometric distortions?
  - Multi-scale Quality: Check quality at both global level and local level

  Clarity & Detail Scoring Scale (0–5):
  - 5: Exceptionally sharp with crisp edges; extremely rich in detail at all scales
  - 4: Good sharpness with clear details; minor softness in limited areas
  - 3: Moderate sharpness; some details lost or blurred
  - 2: Poor sharpness with significant blur; many details unclear
  - 1: Severe blur; very few recognizable details
  - 0: Completely corrupted or unrecognizable

  B. Realism & Artifacts:
  Evaluate whether the image appears natural and photorealistic:
  - High-Frequency Artifacts: Check for unnatural patterns or synthetic textures
  - Visual Consistency: Do all elements blend seamlessly?
  - Environmental Realism: Are lighting, shadows, reflections physically plausible?
  - Material & Surface Quality: Do surfaces have realistic material properties?

  Realism & Artifacts Scoring Scale (0–5):
  - 5: Completely photorealistic; no detectable AI artifacts
  - 4: Mostly realistic; minor inconsistencies
  - 3: Moderately realistic but with noticeable AI artifacts
  - 2: Clear synthetic appearance with obvious AI artifacts
  - 1: Heavily synthetic-looking with pervasive AI artifacts
  - 0: Completely unrealistic or obviously AI-generated

  Important Notes:
  - Evaluate only based on the image's inherent technical quality
  - Do not adjust score based on task requirements (compliance is handled by BRF)
  - Award high scores for good technical quality even if content is off-task

  Output Format:
  {
    "metric": "Technical_Quality",
    "clarity_score_0to5": X,
    "realism_score_0to5": Y
  }

932

Figure 11: VEQ-Tech Evaluation prompt.
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Prompt for VEQ-Aesthetic

Please assess the aesthetic quality and overall visual appeal of the image:

  Evaluation Dimensions:

  1. Composition & Spatial Arrangement:
    - Harmonious arrangement according to rule of thirds, golden ratio, or symmetry
    - Effective use of leading lines, balance, framing, and viewpoint
    - Composition guides viewer's eye naturally
  2. Color Accuracy & Harmony:
    - Colors accurate, natural, and properly calibrated
    - Effective color harmony (complementary, analogous, or triadic)
    - Colors vivid without being oversaturated
  3. Lighting & Contrast:
    - Lighting appropriate for the scene
    - Highlights and shadows well-balanced
    - Sufficient contrast to create depth
  4. Detail Richness & Texture:
    - Textures rendered with appropriate depth
    - Good balance between detailed areas and simplicity
  5. Overall Visual Harmony & Authenticity:
    - All elements work together cohesively
    - Image feels authentic and believable
    - Clear artistic vision or mood

  Scoring Scale (0-5 points):
  - 5: Exceptional aesthetic quality; masterful composition; stunning color harmony
  - 4: Strong aesthetic quality; well-composed; pleasing colors
  - 3: Adequate aesthetic quality; acceptable composition
  - 2: Poor aesthetic quality; problematic composition
  - 1: Very poor aesthetic quality; chaotic composition
  - 0: No aesthetic value; completely unappealing

  Output Format:
  {
    "metric": "Aesthetic_Quality",
    "final_score_0to5": X
  }

Prompt for VEQ-Text

  Please assess the text quality in the image:

  Observation Dimensions:
  1. Text Correctness: Assess typos, garbled text, spelling errors
  2. Contrast & Background: Sufficient contrast between text and background
  3. Typography & Font: Appropriate stroke weight, no jagged edges
  4. Layout Safeguards: Enhancement methods like background plates, outlines, shadows

  Important Notes:
  - If there is no text in the image, mark "has_text": false
  - Evaluate based on obvious visual errors only
  - Do not depend on task requirements

  Scoring Scale (0-5 points):
  - 5: No errors; strong contrast; clear font; excellent layout
  - 4: Minor errors; contrast slightly weak but readable
  - 3: 1-2 noticeable errors; contrast weak
  - 2: Multiple errors; contrast very weak
  - 1: Text largely unreadable
  - 0: Completely unable to recognize text

  Output Format:
  {
    "metric": "Text_Quality",
    "has_text": true/false,
    "final_score_0to5": X
  }

933

Figure 12: VEQ-Aesthetic Quality AND Text Quality Evaluation prompt.
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Prompt for CNS-Edit

 Please evaluate the consistency of the image edit. You will be shown 2 images: the edited version (first) and the
source (second).

  Focus Areas:
  1. Unedited regions remain unchanged: Areas outside the edit should be untouched
  2. Natural transition at edit boundaries: Seamless border between edited and unedited regions
  3. Subject/key attributes preserved: Identity and attributes must stay consistent
  4. Lighting & perspective coherence: Must remain coherent with original

  Scoring Criteria (1–5):
  - 5: No visible changes in unedited regions; seamless edges; zero drift; coherent lighting
  - 4: Barely perceptible artifacts; slight blending at edges; minor detail changes
  - 3: Localized contamination; clear seams; visible attribute drift
  - 2: Multiple damaged areas; mismatched background; significant distortion
  - 1: Large-scale unintended edits; subject identity lost; composite broken

  Available issue flags:
  - "non_edit_changed": Unedited regions altered
  - "edge_seam": Obvious edge seam
  - "subject_drift": Subject attribute drift
  - "lighting_conflict": Lighting mismatch
  - "perspective_broken": Perspective break
  - "texture_damaged": Texture damage
  - "color_shift": Color shift
  - "identity_lost": Subject identity lost

  Output Format:
  {
    "metric": "CNS-Edit",
    "score_1to5": X,
    "flags": ["List of issue flags"]
  }

934

Figure 13: CNS-Edit Evaluation prompt.
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Prompt for CNS-Set

Please evaluate the consistency of each image within the image set. You will see {num_images} images.

Task: For each image, evaluate how consistent it is with the other images in the set.

  Focus Areas (for multi-image tasks):
  1. Style: Is this image's style consistent with others?
  2. Color Palette: Are main tones and color proportions consistent?
  3. Layout & Key Element Positioning: Are element positions, sizes, spacing consistent?
  4. Brand Element Stability: Are brand elements consistent in position and proportion?

 Scoring Criteria (1-5 points) - FOR EACH IMAGE:
  - 5: This image is highly consistent with all others
  - 4: This image is mostly consistent, with 1 minor deviation
  - 3: This image has 2-3 moderate deviations
  - 2: This image has multiple severe inconsistencies
  - 1: This image is vastly different from others

  Available Issue Flags (per image):
  - "style_inconsistent": Style inconsistent with others
  - "color_palette_broken": Color palette different
  - "layout_divergent": Layout significantly different
  - "brand_unstable": Brand elements inconsistent
  - "contrast_varies": Contrast varies significantly
  - "texture_inconsistent": Texture inconsistent
  - "spacing_inconsistent": Spacing/margins inconsistent

 Output Format:
  {
    "metric": "CNS-Set",
    "image_scores": [
      {
        "image_index": 0,
        "score_1to5": X,
        "flags": ["List of issue flags for image 1"]
      },
      {
        "image_index": 1,
        "score_1to5": Y,
        "flags": ["List of issue flags for image 2"]
      },
      ...
    ]
  }

  Please evaluate EACH image individually and provide a score for each one based on its consistency with the others.

935

Figure 14: CNS-Set Evaluation prompt.
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F Train Dataset936

We start from the original annotations: about 17k937

paid design tasks with roughly 32.9k accept/reject-938

labeled instances, and about 16k tasks with939

roughly 30.4k instances for concept supervision940

(BRF/VEQ/CNS). We remove ambiguous or low-941

confidence samples during preprocessing to reduce942

label noise. To mitigate accept/reject class imbal-943

ance, we apply training-only oversampling of ac-944

cepted examples (with an extra repeat for accepted945

Portrait cases), increasing the accept rate in the946

training split from about 28% to about 46%, while947

keeping the validation and test splits unchanged to948

reflect the natural accept/reject distribution. The949

final accept/reject dataset contains approximately950

25.6k training, 4.3k validation, and 4.5k test exam-951

ples (about 34.3k in total).952

G ServImageModel Settlement953

G.1 Training Setup954

We adopt a two-stage training strategy on 4×A6000955

GPUs to learn both image quality assessment and956

downstream accept/reject decision-making. In957

Stage 1, on the same 4×A6000 GPUs, we fine-958

tune the model for 5 epochs to predict seven-959

dimensional quality scores using AdamW (lr 4 ×960

10−5, weight decay 0.01, cosine schedule with 3%961

warmup), with an effective batch size of 32 (batch962

size 1, accumulation 8). LoRA is applied to the vi-963

sion encoder, projector, and language model (rank964

r=16, α=16, dropout 0.01), and we compress aux-965

iliary images into collages to control visual tokens966

(max sequence length 8,192). Training uses Deep-967

Speed with BF16 mixed precision and gradient968

checkpointing, saving and evaluating every 500969

steps. In Stage 2, on the same 4×A6000 GPUs, we970

freeze Stage 1 weights and train a decision module971

for 2 epochs with a larger effective batch size of972

64 (per-device batch size 2, accumulation 8) and a973

learning rate 4 × 10−5, adding lightweight LoRA974

adapters (dropout 0.01). The decision head fuses975

representations from the frozen quality model and976

the original VLM by concatenation for binary clas-977

sification. A Stage 1 training session is approxi-978

mately 25 GPU·hours. A Stage 2 training session979

is approximately 12 GPU·hours.980

G.2 Automatic Settlement Results981

ServImageModel-based settlement is an automatic982

proxy. It converts predicted payment probabili-983

ties into accept/reject outcomes and then applies984

the same accounting rule as in Table 2. Because 985

this pipeline involves thresholding and task-level 986

aggregation, its absolute revenues can deviate from 987

human settlement, especially on a particular cate- 988

gories; therefore, we use it only for scalable approx- 989

imation, while all main conclusions rely on human 990

labels. 991
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Model Total Portrait Product Digital
Revenue ($k) Share (%) Task Acc. (%) Deliv. Acc. (%) Rev ($k) Share (%) Rev ($k) Share (%) Rev ($k) Share (%)

Closed-Source Models

Gemini-Banana 149.82 50.8 53.76 64.38 8.91 58.3 84.69 57.6 56.22 42.3
Gemini-Banana-Pro 199.24 67.5 73.85 74.96 0.03 0.2 143.99 98.0 55.21 41.6
GPT-Image-1 145.24 49.2 55.34 65.23 10.32 67.5 78.88 53.7 56.04 42.2
GPT-Image-1-Mini 147.93 50.1 56.25 65.30 9.62 63.0 83.10 56.5 55.20 41.6
Ideogram-v3 158.02 53.6 56.09 65.18 10.37 67.9 87.73 59.7 59.91 45.1
Imagen-4.0 183.27 62.1 70.19 80.45 13.71 89.7 62.84 42.8 106.72 80.4
Kling-v2 29.64 10.0 19.55 24.40 7.13 46.6 1.82 1.2 20.69 15.6
MJ-Relax-Edits 139.95 47.4 54.44 65.38 9.40 61.5 70.22 47.8 60.33 45.4
MJ-Relax-Imagine 136.33 46.2 55.58 66.11 10.01 65.5 69.61 47.4 56.71 42.7
SeedEdit-3.0-i2i 18.37 6.2 50.39 66.53 0.05 0.3 6.18 4.2 12.13 9.1
Seedream-3.0-t2i 144.60 49.0 55.07 66.19 10.23 66.9 73.99 50.3 60.38 45.5
Seedream-4.0 0.00 0.0 0.00 0.00 0.00 0.0 0.00 0.0 0.00 0.0

Open-Source Models

FLUX-1.1-Pro 169.68 57.5 58.16 66.32 9.79 64.1 89.50 60.9 70.39 53.0
FLUX-Kontext-Pro 138.07 46.8 54.90 65.49 9.44 61.8 69.94 47.6 58.69 44.2
Qwen-Image 148.09 50.2 55.50 65.68 10.22 66.8 82.41 56.1 55.47 41.8
SD-3.5-Large 132.88 45.0 53.94 64.67 9.58 62.6 61.12 41.6 62.18 46.8

Table 9: Model performance on ServImage under the standard settlement scenario, estimated using
ServImageModel-predicted payment probabilities. Revenue, Rev ($k), is the total contract value estimated
from predicted accept/reject outcomes, and Share is its fraction of the overall contract value ($295k), while cate-
gory shares are computed within each category. Task Acceptance and Deliverable Acceptance are the predicted
proportions of tasks and deliverables approved under ServImageModel. (See Table 2 for results based on human
payment-decision labels.) Color: 1st 2nd 3rd.
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