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Abstract
Diffusion-based image synthesis has substan-1

tially narrowed the perceptual gap between syn-2

thetic and real images, making reliable AI-3

generated image detection increasingly challeng-4

ing. Reconstruction-based detectors compare an5

image with its reconstructed counterpart, but many6

existing methods characterize this discrepancy pri-7

marily through pixel- or latent-space reconstruction8

errors. These error-centric signals can be sensi-9

tive to generator and domain variations, and may10

not fully capture structured changes induced by re-11

construction. In this paper, we propose SREM,12

a Semantic-space Reconstruction Evidence Min-13

ing framework for generalizable AI-generated im-14

age detection. Instead of relying solely on low-15

level reconstruction-error signals, SREM mines16

reconstruction-induced discrepancies in the CLIP17

semantic representation space. Specifically, SREM18

models fine-grained patch-wise inconsistency re-19

sponses across multiple CLIP layers and character-20

izes image-level semantic shifts from paired global21

representations. By jointly exploiting local in-22

consistency patterns and global semantic shifts,23

SREM extracts complementary semantic-space re-24

construction evidence for detection. Experiments25

on multiple benchmarks demonstrate the effective-26

ness and generalization ability of the proposed27

method.28

1 Introduction29

Recent advances in diffusion-based image generation have30

enabled the synthesis of highly realistic visual content, sub-31

stantially narrowing the perceptual gap between synthetic32

and real images [Ho et al., 2020; Rombach et al., 2022;33

Podell et al., 2023]. Meanwhile, the potential misuse of such34

models for misinformation, image forgery, and other mali-35

cious purposes has raised growing concerns about the trust-36

worthiness of visual content. To address this issue, a growing37

body of work has been devoted to developing detectors for38

AI-generated images [Corvi et al., 2023; Wang et al., 2020].39

Despite substantial progress, existing methods achieve strong 40

performance mainly on images produced by known genera- 41

tors, while their robustness often degrades when applied to 42

unseen generative models. 43

Recently, reconstruction-based detection has emerged as a 44

promising direction for addressing this challenge. For exam- 45

ple, DIRE [Wang et al., 2023] is built on the observation that 46

images generated by diffusion models can often be recon- 47

structed more faithfully than real images using a pre-trained 48

diffusion model. This reconstruction asymmetry provides 49

transferable evidence for detecting synthetic images. Subse- 50

quent studies have extended this direction by exploring latent 51

reconstruction errors [Luo et al., 2024], time-step reconstruc- 52

tion errors [Shen et al., 2025], edit-induced reconstruction- 53

error shifts [Jiang et al., 2025], and other reconstruction- 54

based cues. However, the effectiveness of reconstruction- 55

based algorithms generally depends on whether the recon- 56

struction process exposes a sufficiently detectable gap be- 57

tween real and synthetic images. As generative models con- 58

tinue to improve, this gap may become increasingly sub- 59

tle, making it necessary to develop more effective mecha- 60

nisms for capturing fine-grained reconstruction-induced dif- 61

ferences. 62

Previous work [Ojha et al., 2023; Liu et al., 2024] sug- 63

gests that real and generated images become more separable 64

in the CLIP feature space. Meanwhile, recent AI-generated 65

image detection studies show that intermediate CLIP repre- 66

sentations also contain complementary fine-grained visual in- 67

formation [Koutlis and Papadopoulos, 2024; Cheng et al., 68

2025]. Since large-scale pretrained vision-language models 69

encode rich semantic knowledge, we hypothesize that the 70

reconstruction-induced inconsistency gap in such a seman- 71

tic representation space can serve as an effective forensic cue 72

for detecting synthetic images. We empirically validate this 73

hypothesis in Fig. 1. Specifically, we compute patch-wise 74

similarities between the CLIP representations of each original 75

image and its reconstructed counterpart, and use the normal- 76

ized complement of the similarity as a patch-wise inconsis- 77

tency score. As shown in Fig. 1(a), real images exhibit strong 78

reconstruction-induced inconsistency responses across many 79

local regions, whereas synthetic images show high responses 80

only in a few areas. This observation indicates that, after re- 81
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Figure 1: Reconstruction-induced inconsistency analysis in the CLIP feature space. We compute patch-wise similarities between the CLIP
representations of the original image and its reconstructed counterpart, and use the normalized complement of the similarity as the inconsis-
tency score. Images are sampled from the GenImage [Zhu et al., 2023]. (a) Visualization of patch-wise inconsistency scores. (b) Statistical
distribution of patch-wise inconsistency scores over 2,000 randomly selected images.

construction, synthetic images tend to preserve their local se-82

mantic representations more consistently, while real images83

undergo more evident local semantic changes. The statistical84

distribution in Fig. 1(b) further confirms this gap, showing85

that the patch-wise inconsistency scores of real and synthetic86

images are clearly distinguishable.87

Building on these findings, we propose a Semantic-space88

Reconstruction Evidence Mining (SREM) framework for89

generalizable AI-generated image detection. Given an input90

image, SREM first constructs an original–reconstruction pair91

through a diffusion-based reconstruction process and maps92

both images into a shared semantic representation space us-93

ing a frozen CLIP encoder. To exploit reconstruction-induced94

inconsistency in this space, SREM introduces a Multi-level95

Patch Inconsistency Modeling (MPIM) module. MPIM96

estimates patch-wise inconsistency responses across multi-97

ple CLIP layers, which are further aggregated to mine lo-98

cal forensic evidence reflecting fine-grained reconstruction-99

induced semantic changes. SREM further designs a Global100

Semantic Shift Modeling (GSSM) module to characterize101

image-level reconstruction behavior. Specifically, GSSM102

computes the feature difference between the paired global103

representations, using high-level semantic shifts as global104

forensic evidence. Finally, these complementary local and105

global cues are fused to produce the final prediction. Ex-106

tensive experiments and analyses on multiple benchmarks107

demonstrate the effectiveness of the proposed method. The108

main contributions are summarized as follows:109

• We reveal a reconstruction-induced inconsistency gap110

in the CLIP semantic representation space. Through111

qualitative visualization and statistical analysis, we show112

that real and synthetic images exhibit distinct patch-wise113

inconsistency patterns after reconstruction, motivating114

semantic-space modeling of reconstruction evidence for115

AI-generated image detection. 116

• A Semantic-space Reconstruction Evidence Min- 117

ing framework is proposed to jointly model local 118

reconstruction-induced inconsistency and global se- 119

mantic shifts in the CLIP feature space. The proposed 120

framework integrates these complementary cues for 121

final prediction. 122

• Extensive experiments on GenImage, DRCT-2M, and 123

Chameleon validate the effectiveness and generalization 124

capability of SREM across diverse generators and eval- 125

uation settings. 126

2 Related Work 127

2.1 General Detectors for AI-Generated Images 128

Early related works primarily focused on detecting GAN- 129

generated images [Frank et al., 2020; Wang et al., 2020]. 130

However, detectors trained to capture GAN-specific artifacts 131

often transfer poorly to diffusion-generated images, as GANs 132

and diffusion models differ substantially in their synthe- 133

sis mechanisms and resulting image statistics [Corvi et al., 134

2023]. This limitation has motivated following studies to 135

explore more transferable detection cues beyond generator- 136

specific artifacts. Recently, some works suggest that seman- 137

tic priors from large-scale pre-trained models can improve 138

cross-generator generalization. UnivFD [Ojha et al., 2023] 139

demonstrated that frozen CLIP features can generalize well 140

across different generative model families with only a sim- 141

ple linear classifier. Sha et al. [Sha et al., 2023] further in- 142

corporated BLIP-generated captions [Li et al., 2022] into a 143

CLIP-based multimodal detector, while Wu et al. [Wu et al., 144

2025] explored language-guided contrastive learning for syn- 145

thetic image detection. Instead of relying on generic CLIP 146

semantics, FakeInversion [Cazenavette et al., 2024] leverages 147



Stable Diffusion inversion features to detect images from un-148

seen text-to-image models. These methods indicate that pre-149

trained semantic representations provide more transferable150

evidence than generator-specific low-level artifacts. Never-151

theless, relying only on image-level semantic representations152

may be insufficient, as realistic AI-generated images can still153

contain subtle local discrepancies that are not fully captured154

by global semantics.155

To capture such fine-grained evidence, recent studies have156

explored local patch, intermediate-feature, pixel-relation, and157

frequency-domain cues. Xi et al. [Xi et al., 2023] com-158

bined RGB features with residual cues through a dual-stream159

cross-attention architecture, while GLFF [Ju et al., 2023]160

fused multi-scale global representations with informative lo-161

cal patches for AI-synthesized image detection. RINE [Kout-162

lis and Papadopoulos, 2024] further showed that intermediate163

CLIP encoder blocks contain useful low-level visual informa-164

tion that is complementary to high-level semantic representa-165

tions. From a local statistics perspective, Zhong et al. [Zhong166

et al., 2023] modeled inter-pixel correlation differences167

across texture regions, and NPR [Tan et al., 2024] exploited168

neighboring pixel relationships induced by up-sampling op-169

erations to capture generalized structural artifacts. In ad-170

dition, frequency-aware methods such as FatFormer [Liu et171

al., 2024] have incorporated frequency-adaptive representa-172

tions to expose subtle forgery traces that are difficult to ob-173

serve directly in RGB space. Overall, these methods indicate174

that fine-grained local and frequency cues can complement175

image-level semantic representations. However, many of176

these cues remain closely tied to low-level statistics and may177

still be sensitive to post-processing and distribution shifts.178

2.2 Reconstruction-Based Detectors for179

AI-Generated Images180

Reconstruction-based detection has become an important di-181

rection for detecting AI-generated images. Instead of relying182

solely on artifacts directly observed in the input image, these183

methods compare an image with its reconstructed counterpart184

produced by a pre-trained generative model and use their dis-185

crepancy as detection evidence. DIRE [Wang et al., 2023]186

first formulated diffusion reconstruction error as a discrimi-187

native cue, based on the observation that diffusion-generated188

images are often easier to reconstruct than real images. Fol-189

lowing this idea, LaRE [Luo et al., 2024] measures recon-190

struction error in the latent space, FIRE [Chu et al., 2025]191

introduces frequency-guided error modeling, and TRE [Shen192

et al., 2025] exploits reconstruction errors across diffusion193

time steps. EIRES [Jiang et al., 2025] further converts re-194

construction behavior into an edit-induced error shift, while195

SARE [Kang et al., 2025] measures semantic shifts between196

an image and its caption-guided reconstruction. In addition,197

MRCL [Zhuang et al., 2025] and DRCT [Chen et al., 2024]198

use reconstruction residuals or reconstructed hard samples to199

improve detector training. These methods demonstrate the200

effectiveness of reconstruction behavior for AI-generated im-201

age detection. However, they mainly focus on constructing or202

selecting reconstruction-derived signals, such as pixel/latent203

errors, frequency responses, temporal error sequences, se-204

mantic shifts, or hard reconstructed samples.205

Different from these signal-level extensions, SREM fo- 206

cuses on model-level residual evidence modeling. Rather 207

than designing another explicit reconstruction error signal, 208

SREM enhances the detector’s ability to compare paired orig- 209

inal and reconstructed images in the CLIP feature space. It 210

represents reconstruction-induced discrepancies as global se- 211

mantic residuals and local patch-level discrepancy patterns, 212

enabling residual evidence to be modeled beyond raw er- 213

ror magnitude and used at both semantic and fine-grained 214

levels. Compared with SARE [Kang et al., 2025], which 215

uses caption-guided image-space residuals, SREM compares 216

paired features in the CLIP space, whereas MPIM differs 217

from RINE [Koutlis and Papadopoulos, 2024] by model- 218

ing original–reconstruction patch discrepancies rather than 219

single-image intermediate CLIP features. 220

3 Proposed Method 221

This section first presents an overview of the proposed SREM 222

framework in section 3.1. We then describe the Multi-level 223

Patch Inconsistency Modeling module in section 3.2 and the 224

Global Semantic Shift Modeling module in section 3.3, which 225

respectively mine local and global reconstruction-induced 226

forensic evidence in the semantic space. Finally, we intro- 227

duce the training objective in section 3.4. 228

3.1 Overview 229

Fig. 2 illustrates the overall architecture of SREM. Given an 230

input image xori, we obtain its reconstructed counterpart xrec 231

using a pretrained diffusion model, following the reconstruc- 232

tion protocol of DRCT [Chen et al., 2024]. The original and 233

reconstructed images are treated as paired inputs and fed into 234

a frozen CLIP encoder [Radford et al., 2021], which maps 235

them into a shared semantic representation space. From the 236

paired representations, we extract global class-token features 237

and patch features from multiple CLIP layers. 238

SREM mines complementary reconstruction evidence 239

from both local and global perspectives. In the local branch, 240

the Multi-level Patch Inconsistency Modeling (MPIM) mod- 241

ule estimates and aggregates patch-wise inconsistencies 242

across multiple CLIP layers to capture fine-grained local 243

cues. In parallel, the global branch employs the Global Se- 244

mantic Shift Modeling (GSSM) module to compare paired 245

global representations and characterize image-level semantic 246

shifts induced by reconstruction. Finally, a lightweight fusion 247

head combines the local and global evidence to produce the 248

final prediction. 249

3.2 Multi-level Patch Inconsistency Modeling 250

The reconstruction-induced inconsistency patterns observed 251

in Fig. 1 are mainly distributed across local image regions. 252

To explicitly model such fine-grained evidence, we introduce 253

a Multi-level Patch Inconsistency Modeling (MPIM) module, 254

which estimates patch-wise inconsistency responses across 255

multiple CLIP layers and aggregates them to capture local 256

reconstruction-induced semantic changes. 257

Let L denote the set of selected CLIP layers for multi-level 258

feature extraction. For each layer l ∈ L, we denote the paired 259

patch features extracted from the original and reconstructed 260



Figure 2: Overview of SREM. Given an input image and its diffusion-reconstructed counterpart, a frozen CLIP ViT-L/14 encoder extracts
global class-token features and multi-level patch features. GSSM models the global semantic shift between the paired class-token repre-
sentations, while MPIM aggregates patch-wise inconsistencies across selected CLIP layers. The resulting local and global branch logits are
combined by a lightweight learnable fusion head for real/fake prediction.

images as F l
ori and F l

rec, respectively. Both features are rep-261

resented as F l
ori, F

l
rec ∈ RN×D, where D is the feature di-262

mension of each patch token and N = H ×W is the number263

of patch tokens arranged on an H×W spatial grid. For the n-264

th patch pair at layer l, where n ∈ {1, . . . , N}, the patch-wise265

inconsistency is computed as266

dln =
1

2

1−
〈
F l
ori,n, F

l
rec,n

〉∥∥∥F l
ori,n

∥∥∥
2

∥∥F l
rec,n

∥∥
2

 , (1)

where a larger dln indicates a stronger inconsistency between267

the paired patch representations.268

For each selected layer, the patch-wise inconsistency269

scores {dln}Nn=1 are rearranged according to their spatial lo-270

cations to form the inconsistency map I l ∈ RH×W . We then271

concatenate the inconsistency maps from all selected CLIP272

layers along the channel dimension and feed them into a 3×3273

convolutional layer:274

U = Conv3×3

(
Concatl∈L

(
I l
))

, (2)

where Conv3×3(·) integrates multi-level inconsistency cues275

and captures local spatial context.276

The fused representation is further refined by sequential277

channel and spatial attention:278

Û = As (Ac(U)) , (3)

where Ac(·) and As(·) denote the channel and spatial atten-279

tion operations, respectively.280

To preserve the explicit patch-wise inconsistency cues, we281

average the response maps over the selected CLIP layers and282

flatten the result into a parameter-free base representation: 283

Bpatch = Flatten

(
1

|L|
∑
l∈L

I l

)
. (4)

The final local representation is obtained by adding a 284

learned refinement to this base representation: 285

Mlocal = Bpatch + β Flatten
(
ϕout(Û)

)
, (5)

where ϕout(·) maps the refined feature Û to a single-channel 286

refinement map, and β controls the contribution of the learned 287

refinement. MPIM therefore combines multi-level patch in- 288

consistency aggregation with context-aware refinement, en- 289

abling the model to capture local reconstruction-induced 290

forensic evidence. 291

3.3 Global Semantic Shift Modeling 292

Although MPIM captures fine-grained cues from local 293

reconstruction-induced inconsistencies, patch-level evidence 294

alone may be insufficient to characterize image-level recon- 295

struction behavior. We therefore introduce a Global Seman- 296

tic Shift Modeling (GSSM) module to model complementary 297

shifts in the global semantic representation. 298

Let vori and vrec denote the global class-token features ex- 299

tracted from xori and xrec, respectively, using the frozen CLIP 300

encoder. To explicitly capture the reconstruction-induced se- 301

mantic shift, GSSM first computes the difference between the 302

paired global representations: 303

∆v = vrec − vori. (6)



This difference operation suppresses the shared semantic con-304

tent between the original and reconstructed images, while305

highlighting the global semantic changes caused by recon-306

struction. The resulting shift feature is then passed through307

a lightweight MLP to obtain the global semantic shift repre-308

sentation:309

rglobal = MLPg (∆v) , (7)
where MLPg(·) is implemented with linear layers and ReLU310

activations, and rglobal denotes the resulting global semantic311

shift representation. This lightweight MLP refines the shift312

feature into task-relevant image-level evidence, complement-313

ing the fine-grained inconsistency cues captured by MPIM.314

3.4 Training Objective315

MPIM and GSSM capture complementary reconstruction-316

induced evidence at the local and global levels, respectively.317

Their representations are first mapped to the corresponding318

branch logits:319

slocal = hlocal (Mlocal) , sglobal = hglobal (rglobal) ,
(8)

where hlocal(·) and hglobal(·) denote the local and global pre-320

diction heads, respectively.321

The two branch logits are concatenated and processed by a322

lightweight learnable fusion head:323

sfinal = hfuse (Concat (slocal, sglobal)) , (9)

where hfuse(·) is implemented as a lightweight linear layer.324

The final prediction is supervised using the binary cross-325

entropy classification loss:326

Lce = − [y log(y′) + (1− y) log(1− y′)] , (10)

where y ∈ {0, 1} denotes the ground-truth authenticity label327

and y′ is the predicted probability.328

In addition, we impose a supervised contrastive metric loss329

Lcon. Therefore, the overall training objective is formulated330

as331

L = (1− α)Lce + αLcon, (11)
where α balances the classification and contrastive metric332

objectives. The contrastive objective is applied only during333

training and introduces no additional computational cost dur-334

ing inference. In our experiments, α is set to 0.3 by default.335

4 Experiments336

We first present the implemental details, and then report and337

discuss the results of our proposed SREM framework and338

the compared methods. After that, we provide more detailed339

analysis to verify its effectiveness.340

4.1 Experimental Setup341

Implementation Details: We use the SDv1-based diffusion342

reconstruction protocol of DRCT [Chen et al., 2024] to gen-343

erate reconstructed images. During training, images are ran-344

domly cropped to 224 × 224, while center cropping is ap-345

plied during testing. For each original image and its recon-346

struction, we apply the same crop parameters to avoid intro-347

ducing discrepancies when computing patch-wise inconsis-348

tency cues. We adopt CLIP ViT-L/14 as the visual back-349

bone and freeze all its parameters during training. Patch350

features are extracted from four selected CLIP layers, with 351

L = {6, 12, 18, 24}. The trainable modules are optimized 352

using AdamW [Loshchilov and Hutter, 2017] with a learning 353

rate of 2× 10−5 and a weight decay of 4× 10−5. The learn- 354

ing rate uses a linear warm-up schedule followed by cosine 355

annealing, and the total epoch is set to 5. All experiments are 356

implemented in PyTorch [Paszke et al., 2019] and conducted 357

on NVIDIA RTX 4090D and RTX 5090 GPUs. 358

Evaluation Metrics and Benchmarks: Following previous 359

works [Wang et al., 2023; Chen et al., 2024; Yan et al., 2024], 360

accuracy (ACC) with threshold of 0.5 is adopted as the pri- 361

mary metric for evaluating detection performance. Evalua- 362

tion experiments are conducted on three representative bench- 363

marks: GenImage [Zhu et al., 2023], DRCT-2M [Chen et al., 364

2024], and Chameleon [Yan et al., 2024]. For each bench- 365

mark, we follow the official training and evaluation proto- 366

cols. GenImage is a large-scale ImageNet-based benchmark 367

that pairs real images with synthetic images generated by di- 368

verse models, including Stable Diffusion v1.4 [Rombach et 369

al., 2022], Stable Diffusion v1.5 [Rombach et al., 2022], 370

GLIDE [Nichol et al., 2021], VQDM [Gu et al., 2022b], 371

Wukong [Gu et al., 2022a], BigGAN [Brock et al., 2018], 372

ADM [Dhariwal and Nichol, 2021], and Midjourney [Mid- 373

journey, Inc., 2023]. DRCT-2M provides a broader evalu- 374

ation setting with 16 generated-image categories, each con- 375

taining 120k images. It covers both text-to-image synthe- 376

sis and image-to-image generation: the text-to-image subset 377

is built from MSCOCO-derived prompts [Lin et al., 2014] 378

and includes 10 Stable Diffusion variants, while the image- 379

to-image subset contains ControlNet-based and diffusion- 380

reconstruction settings conditioned on prompts, Canny edges, 381

masks, or real images. Chameleon is designed to assess de- 382

tector robustness in more realistic scenarios. It contains high- 383

fidelity AI-generated images from diverse scene categories, 384

and only synthetic images misclassified as real by human an- 385

notators are retained, making it particularly suitable for eval- 386

uating real-world generalization. 387

4.2 Comparisons Experiments 388

Performance comparisons are conducted on GenImage, 389

DRCT-2M, and Chameleon benchmarks, respectively. 390

Comparison on GenImage: Table 1 reports the results on 391

GenImage. Most input-driven detectors achieve high accu- 392

racy on SD-related subsets, such as SDv1.4, SDv1.5, and 393

Wukong, but their performance often drops substantially 394

on generators with larger domain shifts, including ADM, 395

GLIDE, VQDM, and BigGAN. For example, UnivFD ben- 396

efits from CLIP representations and shows better general- 397

ization than many conventional detectors, but it still suf- 398

fers clear performance degradation on several subsets, es- 399

pecially ADM and BigGAN. This suggests that directly us- 400

ing CLIP features is not sufficient to consistently handle 401

diverse generative sources. Reconstruction-driven methods 402

generally improve cross-generator performance by exploit- 403

ing reconstruction behavior, but their gains remain uneven 404

across generators. Among them, DRCT achieves the second- 405

best average accuracy of 89.49%, showing the effectiveness 406

of reconstruction-based hard sample learning. In compari- 407

son, the proposed SREM achieves the highest average accu- 408



Table 1: Performance comparison on GenImage. All methods are trained on the GenImage/SDv1.4 subset and evaluated on different subsets.
Results are reported as accuracy (%), and Avg. denotes the mean accuracy across all testing subsets. The ’Type’ column indicates whether
each method follows an input-driven (Input) or reconstruction-driven (Recon.) detection paradigm.

Method Type Midjourney SDv1.4 SDv1.5 ADM GLIDE Wukong VQDM BigGAN Avg.

CNNSpot [Wang et al., 2020]

Input

84.92 99.88 99.76 53.48 53.80 99.68 55.50 49.93 74.62
F3Net [Qian et al., 2020] 77.85 98.99 99.08 51.20 54.87 97.92 58.99 49.21 73.51
CLIP/RN50 [Radford et al., 2021] 83.30 99.97 99.89 54.55 57.37 99.52 57.90 50.00 75.31
GramNet [Liu et al., 2020] 73.68 98.85 98.79 51.52 55.38 95.38 55.15 49.41 72.27
De-fake [Sha et al., 2023] 79.88 98.65 98.62 71.57 78.05 98.42 78.31 74.37 84.73
Conv-B [Liu et al., 2022] 83.55 99.99 99.92 51.75 56.27 99.92 58.41 50.00 74.98
UnivFD [Ojha et al., 2023] 91.46 96.41 96.14 58.07 73.40 94.53 67.83 57.72 79.45
AIDE [Yan et al., 2024] 79.38 99.74 99.76 78.54 91.82 98.65 80.26 66.89 86.88

DIRE [Wang et al., 2023]

Recon.

50.40 99.99 99.92 52.32 67.23 99.98 50.10 49.99 71.24
LARE [Luo et al., 2024] 74.00 100.00 99.90 61.70 88.50 100.00 97.20 68.70 86.20
TRE [Shen et al., 2025] 75.20 100.00 99.90 62.30 89.60 100.00 98.50 70.20 87.00
EIRES [Jiang et al., 2025] 72.00 97.20 97.40 69.90 95.90 93.50 97.20 99.80 87.60
FIRE [Chu et al., 2025] 73.47 98.31 98.38 53.16 62.82 97.32 56.40 50.61 73.93
DRCT [Chen et al., 2024] 91.50 95.01 94.41 79.42 89.18 94.67 90.03 81.67 89.49

Ours Recon. 86.58 97.47 97.41 81.23 81.53 97.43 92.17 93.14 90.87

Table 2: Performance comparison on DRCT-2M. All methods are trained on the DRCT-2M/SDv1.4 subset and evaluated on different subsets.
Results are reported as accuracy (%), and Avg. denotes the mean accuracy across all testing subsets.

Method SD Variants Turbo Variants LCM Variants ControlNet Variants DR Variants Avg.

LDM SDv1.4 SDv1.5 SDv2 SDXL
SDXL-
Refiner

SD-
Turbo

SDXL-
Turbo

LCM-
SDv1.5

LCM-
SDXL

SDv1-
Ctrl

SDv2-
Ctrl

SDXL-
Ctrl

SDv1-
DR

SDv2-
DR

SDXL-
DR

CNNSpot [Wang et al., 2020] 99.87 99.91 99.90 97.55 66.25 86.55 86.15 72.42 98.26 61.72 97.96 85.89 82.84 60.93 51.41 50.28 81.12
F3Net [Qian et al., 2020] 99.85 99.78 99.79 88.66 55.85 87.37 68.29 63.66 97.39 54.98 97.98 72.39 81.99 65.42 50.39 50.27 77.13
CLIP/RN50 [Radford et al., 2021] 99.00 99.99 99.96 94.61 62.08 91.43 83.57 64.40 98.97 57.43 99.74 80.69 82.03 65.83 50.67 50.47 80.05
GramNet [Liu et al., 2020] 99.40 99.01 98.84 95.30 62.63 80.68 71.19 69.32 93.05 57.02 89.97 75.55 82.68 51.23 50.01 50.08 76.62
De-fake [Sha et al., 2023] 92.10 99.53 99.51 89.65 64.02 69.24 92.00 93.93 99.13 70.89 58.98 62.34 66.66 50.12 50.16 50.00 75.52
Conv-B [Liu et al., 2022] 99.97 100.00 99.97 95.84 64.44 82.00 80.82 60.75 99.27 62.33 99.80 83.40 73.28 61.65 51.79 50.41 79.11
UnivFD [Ojha et al., 2023] 98.30 96.22 96.33 93.83 91.01 93.91 86.38 85.92 90.44 88.99 90.41 81.06 89.06 51.96 51.03 50.46 83.46
DIRE [Wang et al., 2023] 98.19 99.94 99.96 68.16 53.84 71.93 58.87 54.35 99.78 59.73 99.65 64.20 59.13 51.99 50.04 49.97 71.23
DRCT [Chen et al., 2024] 96.74 96.26 96.33 94.89 96.24 93.46 93.43 92.94 91.17 95.01 95.60 92.68 91.95 94.10 69.55 57.43 90.49
MRCL [Zhuang et al., 2025] 99.92 99.87 99.84 99.62 97.28 93.96 98.08 94.81 99.46 97.67 99.72 98.96 98.18 85.90 67.36 57.35 93.00

Ours 98.69 98.73 98.74 98.61 98.73 98.50 98.72 98.68 98.69 98.43 98.72 98.64 98.62 93.57 59.79 52.39 93.02

racy of 90.87%, outperforming DRCT by 1.38%. Notably,409

SREM improves the accuracy on BigGAN from 81.67% to410

93.14%, yielding 11.47% gain over DRCT. This result indi-411

cates that mining original-reconstruction inconsistency in the412

CLIP feature space can provide complementary evidence be-413

yond directly using CLIP representations or reconstruction-414

based training, and can better support generalization across415

different generative paradigms.416

Comparison on DRCT-2M: Table 2 reports the results on417

DRCT-2M, which contains multiple diffusion-model vari-418

ants. Among them, the DR subsets are synthetic im-419

ages reconstructed from real images. Most existing detec-420

tors achieve high accuracy on SD variants, especially those421

closely related to the training subset, but their performance422

drops on other variants, with a more evident degradation on423

DR subsets. In contrast, SREM maintains accuracy above424

98% on most non-DR subsets, covering SD, Turbo, LCM, and425

ControlNet variants, and only shows a noticeable decrease on426

the more challenging DR variants. However, similar degrada-427

tion can also be observed in other competing methods, sug-428

gesting that synthetic images reconstructed from real images429

are more difficult for current detectors to identify. Despite430

this challenge, SREM achieves the best overall performance431

with an average accuracy of 93.02%, outperforming existing432

methods. Although MRCL obtains a very close average ac-433

curacy of 93.00%, it relies on multiple reconstruction pro- 434

cesses during training, which leads to higher computational 435

and training costs. Overall, SREM demonstrates both effec- 436

tiveness in mining semantic reconstruction evidence across 437

diverse diffusion variants. 438

Comparison on Chameleon: Table 3 reports the results on 439

the Chameleon benchmark. Compared with GenImage and 440

DRCT-2M, Chameleon is more challenging because its syn- 441

thetic images are visually deceptive to humans and there- 442

fore more difficult to distinguish from real images. When 443

trained on SD v1.4, which follows the same training setting 444

as the previous benchmarks, most existing detectors achieve 445

only moderate accuracy, generally below 66%. In particular, 446

the recent SOTA method OMAT, which improves generaliza- 447

tion by breaking latent prior bias, obtains 66.05% accuracy, 448

showing that Chameleon remains difficult even for strong 449

diffusion-oriented detectors. In contrast, SREM achieves the 450

best accuracy of 67.34%, demonstrating that semantic recon- 451

struction evidence is effective for detecting visually deceptive 452

synthetic images. A similar trend can be observed under the 453

GenImage training setting. It is worth noting that we do not 454

use the full GenImage training set. Instead, we sample 20,000 455

images from each generator type to construct a reduced train- 456

ing subset. Even under this setting, SREM achieves 67.15% 457

accuracy and outperforms the strongest baseline AIDE by 458



Table 3: Performance comparison on Chameleon. Results are reported as accuracy (%). Baselines are cited from OMAT [Zhou et al., 2026].

Training Dataset CNNSpot FreDect Fusing GramNet LNP UnivFD DIRE PatchCraft NPR AIDE OMAT Ours

ProGAN 56.94 55.62 56.98 58.94 57.11 57.22 58.19 53.76 57.29 58.37 – 60.73
SD v1.4 60.11 56.86 57.07 60.95 55.63 55.62 59.71 56.32 58.13 62.60 66.05 67.34

All GenImage 60.89 57.22 57.09 59.81 58.52 60.42 57.83 55.70 57.81 65.77 – 67.15

Table 4: Analysis of reconstruction steps in the proposed SREM. Train Steps and Test Steps denote the reconstruction steps used during
training and testing, respectively. Results are reported as accuracy (%), and Avg. denotes the mean accuracy across all testing subsets.

Train Steps Test Steps SD Variants Turbo Variants LCM Variants ControlNet Variants DR Variants Avg.

LDM SDv1.4 SDv1.5 SDv2 SDXL
SDXL-
Refiner

SD-
Turbo

SDXL-
Turbo

LCM-
SDv1.5

LCM-
SDXL

SDv1-
Ctrl

SDv2-
Ctrl

SDXL-
Ctrl

SDv1-
DR

SDv2-
DR

SDXL-
DR

1
1 96.43 97.62 97.56 97.82 97.85 97.56 96.78 96.80 96.07 97.61 96.51 96.27 96.20 59.93 58.15 57.50 89.79

10 96.60 96.73 96.78 96.76 96.88 96.52 96.87 96.81 96.70 96.69 96.67 96.54 96.62 59.53 62.13 59.51 89.90
50 96.68 96.86 96.88 96.82 96.94 96.57 96.97 96.92 96.73 96.72 96.74 96.60 96.70 59.73 62.76 59.55 90.01

10
1 97.72 98.05 97.70 98.10 98.72 98.35 98.60 97.60 95.84 97.90 97.49 98.78 97.02 56.57 51.09 50.52 89.38

10 99.17 99.77 99.75 99.48 99.55 99.00 99.73 99.65 99.34 98.77 99.44 99.43 99.22 53.20 51.05 50.07 90.41
50 99.30 99.76 99.75 99.47 99.57 99.08 99.74 99.68 99.40 98.94 99.46 99.43 99.31 54.31 51.32 50.13 90.54

50
1 98.22 98.62 98.50 98.18 99.00 98.77 98.83 98.80 98.04 98.69 98.38 98.92 98.03 76.47 58.06 53.79 91.83

10 98.92 99.06 99.04 98.93 99.04 98.76 99.03 98.98 98.97 98.67 99.01 98.92 98.91 91.42 58.21 51.89 92.99
50 98.69 98.73 98.74 98.61 98.73 98.50 98.72 98.68 98.69 98.43 98.72 98.64 98.62 93.57 59.79 52.39 93.02

1.38%, indicating that the proposed method exhibits com-459

petitive performance while maintaining good data efficiency.460

More importantly, when trained on ProGAN, where the syn-461

thetic images are generated by a non-diffusion paradigm,462

SREM still obtains the highest accuracy of 60.73%. This re-463

sult suggests that even when trained on synthetic images from464

a non-diffusion paradigm, SREM can still benefit from SD-465

based reconstruction to mine effective semantic discrepancy466

cues.467

4.3 Ablation Study on Reconstruction Steps468

Reconstruction-based detectors may depend on the quality of469

the reconstructed image. Higher-fidelity reconstruction usu-470

ally requires more diffusion steps, which also increases in-471

ference cost. To study this effect, we vary the number of re-472

construction steps used for training and testing on DRCT-2M.473

Table 4 analyzes the effect of diffusion reconstruction steps in474

SREM. Overall, using more reconstruction steps during train-475

ing leads to better performance. When the number of train-476

ing reconstruction steps is increased from 1 to 50, the best477

average accuracy improves from 90.01% to 93.02%. This478

suggests that higher-quality reconstructions are more bene-479

ficial for training, likely because they provide more reliable480

reconstruction counterparts and allow the model to capture481

subtle semantic shifts between the original and reconstructed482

images. In contrast, the number of test-time reconstruction483

steps has a relatively smaller impact. In particular, when the484

model is trained with 50-step reconstructions, it still achieves485

92.99% under 10-step evaluation, which is very close to the486

93.02% obtained with 50-step evaluation. Even with 1-step487

reconstruction, the accuracy maintains 91.83%. These re-488

sults indicate that high-quality reconstructions are important489

for learning effective semantic discrepancy patterns during490

training, while faster few-step reconstruction can be adopted491

at inference with only minor performance degradation. This492

provides a practical trade-off between detection accuracy and493

deployment efficiency.494

Table 5: Ablation study of the proposed components in SREM.
All variants follow the same training protocol as the corresponding
benchmark. Results are reported as average accuracy (%).

Model Components Avg. ACC (%)

GSSM MPIM GenImage DRCT-2M

× × 79.15 88.03
✓ × 79.22 88.96
✓ ✓ 90.87 93.02

4.4 Ablation Study on Proposed Components 495

In this ablation study, we focus on the impact of each pro- 496

posed component. Table 5 reports the ablation study of the 497

proposed components. When both GSSM and MPIM are re- 498

moved, the model directly uses the original and reconstructed 499

images as paired inputs for training, without explicitly mod- 500

eling local patch inconsistencies or global semantic shifts. 501

This baseline achieves 79.15% and 88.03% average accu- 502

racy on GenImage and DRCT-2M, respectively. By introduc- 503

ing GSSM alone, the performance improves to 79.22% on 504

GenImage and 88.96% on DRCT-2M, indicating that image- 505

level semantic shifts provide useful reconstruction-induced 506

evidence. When MPIM is further incorporated, the perfor- 507

mance increases substantially to 90.87% and 93.02% on the 508

two benchmarks. These results show that local patch-wise 509

inconsistency modeling plays a critical role in capturing fine- 510

grained reconstruction-induced cues, while GSSM provides 511

complementary global semantic evidence. The consistent im- 512

provements verify the effectiveness of jointly modeling local 513

and global reconstruction evidence in the semantic space. 514

5 Conclusion 515

In this paper, a Semantic-space Reconstruction Evidence 516

Mining (SREM) framework is proposed for generalizable AI- 517

generated image detection. Instead of directly relying on 518

low-level reconstruction-error signals, SREM captures recon- 519

struction stability in the CLIP space through MPIM, which 520

aggregates multi-level patch inconsistencies, and GSSM, 521

which characterizes global semantic shifts from paired repre- 522



sentations.These complementary cues are integrated to form523

discriminative forensic evidence for final prediction. Exten-524

sive experiments on multiple benchmarks demonstrate the ef-525

fectiveness of the proposed SREM. Nevertheless, SREM still526

relies on an external diffusion reconstruction process, which527

introduces additional inference cost and may be affected by528

severe reconstructor-generator mismatch. Future work will529

explore more efficient and robust reconstruction strategies.530
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