
SynerDetect: Hierarchical Synergistic Learning for Generalizable AI-Generated
Image Detection

Shuaibo Li1, Yijun Yang1, Zhaohu Xing1, Hongqiu Wang1, Pengfei Hao1,
Xingyu Li1, Zekai Liu1, Qing Zhang3, Lei Zhu1,2*

1The Hong Kong University of Science and Technology (Guangzhou)
2The Hong Kong University of Science and Technology

3Sun Yat-sen University
sli270@connect.hkust-gz.edu.cn, leizhu@ust.hk

Abstract

The rapid advancement of generative models, which pro-
duce increasingly realistic synthetic images, urgently de-
mands robust and generalizable detection methods. Conse-
quently, research has largely pivoted to leveraging large-scale
Vision Foundation Models (VFMs) for enhanced generaliza-
tion. However, existing VFM-based approaches primarily ad-
here to either perceptual or generative paradigms, each with
limitations: perceptual models capture high-level semantics
but often miss subtle artifacts, whereas generative models
emphasize fine-grained flaws yet overlook semantic incon-
sistency. To resolve this inherent trade-off, we introduce Syn-
erDetect, a novel hierarchical synergistic framework that fun-
damentally unifies the two paradigms. SynerDetect achieves
deep integration of heterogeneous forensic representations
through two levels of synergy: Cross-Model Interactive Dis-
tillation (CMID) distills generative forensic signals into per-
ceptual encoders via prompt-guided reconstruction; and Op-
timal Transport-Guided Discriminative Contrastive Learning
(OT-DCL) structurally aligns and integrates these heteroge-
neous representations, consolidating them into a robust, uni-
fied detection space. SynerDetect achieves superior perfor-
mance on standard benchmarks (AIGCDetectBenchmark and
GenImage) and attains a notable 5.20% accuracy gain on the
challenging Chameleon benchmark, whose synthetic images
consistently pass the Visual Turing Test. These results un-
equivocally validate the robust, real-world generalization of
our unified cross-paradigm framework.

Introduction
Recent advances (Karras et al. 2018; Brock, Donahue, and
Simonyan 2019; Dhariwal and Nichol 2021; Nichol et al.
2022) in AI-generated content have dramatically improved
the realism and diversity of synthetic images. While this
progress unlocks broad creative benefits, it simultaneously
elevates the risks of sophisticated forgeries and misinforma-
tion that threaten public trust and information integrity (Tan
et al. 2024b; Ojha, Li, and Lee 2023). As generative tech-
niques continue to mature (Bie et al. 2024), the associated
generation artifacts become increasingly subtle and diverse,
substantially heightening both the challenge and impera-
tive of reliable detection. However, despite strong results on
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Figure 1: Comparison of detection frameworks. Our method
unifies (a) generative and (b) perceptual paradigms through
(c) a hierarchical design featuring Cross-Model Interac-
tive Distillation (CMID) and Optimal Transport-Guided
Discriminative Contrastive Learning (OT-DCL), achieving
(d) superior performance against single-paradigm meth-
ods (Ojha, Li, and Lee 2023; Wang et al. 2023).

curated benchmarks such as GenImage (Zhu et al. 2023),
existing detectors struggle to generalize to complex real-
world scenarios (Li et al. 2025a). This limitation is partic-
ularly evident on challenging datasets like Chameleon (Yan
et al. 2024a), where high-fidelity synthetic images can pass
the Visual Turing Test. The consistent degradation observed
across state-of-the-art models suggests that achieving ro-
bust, real-world forgery detection remains difficult (Zhang
et al. 2025).

Early forgery detectors relied on fixed artifacts such as
frequency statistics (Frank et al. 2020) or local pixel pat-
terns (Tan et al. 2024b; Li et al. 2021), but these cues
tend to vanish quickly as generative models improve. Re-
cent progress shifts toward leveraging large-scale pretrained
Vision Foundation Models (VFMs) for enhanced general-
ization. Existing VFM-based methods predominantly fol-
low two complementary paradigms (Figure 1): perceptual
VFMs (e.g., CLIP (Radford et al. 2021)), which emphasize
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high-level semantic inconsistencies, and generative VFMs
(e.g., diffusion models (Rombach et al. 2022)), which am-
plify fine-grained clues through image reconstruction. Per-
ceptual VFM-based detectors such as UniFD (Ojha, Li,
and Lee 2023) construct discriminative spaces from high-
level embeddings and may overlook low-level traces. Con-
versely, generative VFM-based methods like DIRE (Wang
et al. 2023) recover imperceptible anomalies but offer lim-
ited semantic reasoning. Recent work LaRE2 (Luo et al.
2024) shows that generative reconstruction cues can be in-
tegrated into perceptual representations to improve robust-
ness. Meanwhile, perceptual and generative paradigms ex-
hibit structural and statistical differences (Liu et al. 2025),
which can offer complementary perspectives for forensic
reasoning. However, leveraging this complementarity in
practice is difficult, as the two paradigms operate in hetero-
geneous representational spaces. The shallow fusion strate-
gies struggle to reconcile this gap, preventing the deeper
interaction needed for robust forensic discrimination. This
raises a critical question: How can we bridge the hetero-
geneity between these two paradigms to build a unified
discriminative space that leverages their strengths with-
out causing interference?

To address the limitations of single-paradigm detectors,
SynerDetect introduces a hierarchical synergy paradigm that
unifies perceptual and generative foundation model knowl-
edge within a single forgery-aware discriminative manifold.
At the core of SynerDetect is a two-level synergy mecha-
nism grounded in the dual operational modes of diffusion-
based generative models, forward denoising and backward
inversion. The forward process reconstructs images from
noisy inputs, exposing fine-grained artifacts that percep-
tual models such as CLIP often fail to capture. We exploit
this property through a self-supervised reconstruction task,
which implicitly guides the perceptual encoder toward learn-
ing artifact-sensitive representations. Conversely, the back-
ward inversion reveals generative process-specific traces as
latent noise maps, uncovering cues that are not directly ob-
servable at the pixel level. Together, these two directions
provide the basis for deep cross-paradigm knowledge trans-
fer. Building on this foundation, SynerDetect incorporates
two key components: (1) Cross-Model Interactive Distilla-
tion (CMID), which enables perceptual encoders to inter-
nalize fine-grained generative cues via prompt-conditioned
reconstruction; and (2) Optimal Transport-Guided Discrim-
inative Contrastive Learning (OT-DCL), which structurally
aligns the heterogeneous visual and latent noise embeddings
through prototype-based optimal transport and contrastive
objectives.

As shown in Figure 2, SynerDetect comprises four tightly
integrated components, each specifically designed to resolve
modality heterogeneity. First, a discriminative prompt gen-
eration module injects semantic priors by producing visually
grounded prompts that consistently condition downstream
components. Second, CMID establishes deep interaction be-
tween perceptual and generative cues, using joint visual-
prompt embeddings to guide reconstruction and enhance the
perceptual encoder’s sensitivity to subtle forensic artifacts.
Third, a discriminative conditional inversion module lever-

ages prompt-guided inversion to extract latent noise maps,
exposing generation-specific anomalies beyond pixel space.
Finally, OT-DCL integrates these distinct evidence streams
through a two-stage strategy: prototype-based optimal trans-
port minimizes cross-modality distributional gaps, and con-
trastive learning enforces semantically consistent alignment.
These objectives are jointly optimized with the CMID loss
in an end-to-end learning scheme. This holistic design al-
lows SynerDetect to integrate both semantic-level cues and
low-level forensic artifacts within a unified discriminative
space, resulting in strong generalization across diverse and
challenging distributional shifts.

Our main contributions are summarized as follows:

• We present SynerDetect, a new paradigm for synthetic
image detection that hierarchically synergizes perceptual
and generative foundation models. This architecture en-
ables comprehensive and cross-paradigm forensic rea-
soning within a unified discriminative space.

• To realize this paradigm, we develop two key inno-
vations: Cross-Model Interactive Distillation (CMID),
which distills generative forensic knowledge into percep-
tual encoders through prompt-guided reconstruction; and
Optimal Transport-Guided Discriminative Contrastive
Learning (OT-DCL), which structurally aligns heteroge-
neous forensic signals to enable robust information inte-
gration and reliable decision making.

• Extensive experiments across diverse benchmarks, in-
cluding the challenging real-world Chameleon dataset
featuring high-fidelity synthetic forgeries, demonstrate
the strong robustness and generalization capabilities of
SynerDetect over state-of-the-art methods.

Related Work
Generalizable AI-Generated Image Detection
Research on AI-generated image detection has rapidly
evolved as generative models continue to advance in real-
ism and diversity (Yan et al. 2024b). Early detectors tar-
geted model-specific artifacts such as local frequency statis-
tics (Frank et al. 2020) and GAN fingerprints (Yu, Davis,
and Fritz 2019), yet these designs often struggle to transfer
to unseen generators. Recent works have achieved notable
progress by leveraging large-scale pretrained Vision Foun-
dation Models (VFMs) to enhance robustness and general-
ization. UniFD (Ojha, Li, and Lee 2023) first used CLIP as a
perceptual backbone for detection, followed by RINE (Kout-
lis and Papadopoulos 2024) and FatFormer (Liu et al. 2024),
which refine CLIP using intermediate features or forgery-
aware adapters. These models offer strong semantic-level
discrimination, though their sensitivity to subtle low-level
artifacts can be limited (Tong et al. 2024). In parallel,
generative VFMs have been exploited in methods such as
DIRE (Wang et al. 2023) and FakeInversion (Cazenavette
et al. 2024), which utilize reconstruction-based frameworks
to reveal fine-grained forgeries; such approaches emphasize
low-level artifacts but may under-represent high-level in-
consistencies. Recent work LaRE2 (Luo et al. 2024) shows
that generative reconstruction signals can be incorporated
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Figure 2: Overview of the SynerDetect framework. Our method hierarchically unifies perceptual and generative paradigms for
robust AI-generated image detection. Level-1 synergy (CMID) enhances perceptual encoders via prompt-guided generative
reconstruction. Level-2 synergy (OT-DCL) structurally aligns visual and latent noise embeddings using optimal transport and
contrastive learning, forming a unified discriminative space sensitive to both semantic and fine-grained artifacts.

into perceptual representations to improve robustness, un-
derscoring the complementarity between the two sources of
forensic cues. Building on the broader observation that gen-
erative and perceptual priors are complementary, we pur-
sue a distinct objective: constructing a hierarchical syn-
ergy framework that deeply aligns perceptual and gen-
erative VFMs within a unified discriminative space, en-
abling feature- and distribution-level mutual reinforcement
for stronger cross-model generalization.

Knowledge and Representation Fusion
A number of fusion methods have been proposed to integrate
multi-source representations across modalities or views (Li
et al. 2025c,b; Gao et al. 2017). Transformer-based ap-
proaches (Tsai et al. 2019; Yang et al. 2022; Li et al. 2024)
employ cross-attention mechanisms to dynamically com-
bine complementary information, while Uni-Code (Xia et al.
2023) aligns semantically coherent cross-modal concepts
within a shared embedding space. Methods such as (Hudson
et al. 2024; Wang et al. 2024a,b; Prabhudesai et al. 2023) uti-
lize self-supervised reconstruction to inject generative pri-

ors into visual embeddings. Although these techniques of-
fer valuable insights into representation fusion, they are pri-
marily designed for general multimodal learning and there-
fore fall short of the specific demands of forgery detection,
which demands a unified representation capable of captur-
ing multi-scale forensic evidence, from global semantic in-
consistencies to local subtle irregularities. Consequently, di-
rectly applying these fusion techniques to forgery detection
tends to overlook the complementary nature of perceptual
and generative forensic cues. This gap highlights the need
for a more principled integration mechanism capable of rec-
onciling heterogeneous evidence sources within a unified
discriminative space, a direction we pursue in this work.

Methodology
We introduce SynerDetect, a hierarchical synergistic learn-
ing framework for generalizable AI-generated image detec-
tion. To integrate the heterogeneous forensic knowledge be-
tween perceptual and generative paradigms into a unified
discriminative space, SynerDetect features two synergy lev-
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els: Cross-Model Interactive Distillation (CMID) and Opti-
mal Transport-Guided Discriminative Contrastive Learning
(OT-DCL). In addition, a Discriminative Prompt Genera-
tion module produces authenticity-aware text prompts, and a
Discriminative Conditional Inversion module extracts latent
noise features. The overall architecture is shown in Figure 2.

Discriminative Prompt Generation
To supervise forgery detection and guide cross-paradigm
synergy, we first construct soft prompt embeddings that in-
tegrate global semantics with local cues. Given an input im-
age x, the CLIP visual encoder extracts a visual embedding
zv . A Visual-aware Tuner refines the learnable context to-
kens pc using both global visual embedding zv and local
artifact-sensitive CConv(x) obtained via constrained con-
volution (Bayar and Stamm 2018). Formally,

p̂c = pc +Attn(LN(pc),LN(zv),LN(CConv(x))), (1)

where LN(·) denotes Layer Normalization (Ba, Kiros, and
Hinton 2016), and Attn(·) is multi-head attention. The
enhanced context p̂c is concatenated with class tokens
([Real]/[Fake]) and fed into the CLIP text encoder Et to ob-
tain the final prompt embedding zt.

Cross-Model Interactive Distillation (CMID)
CMID establishes the first synergy level, transferring fine-
grained forensic knowledge from a frozen diffusion model
into the perceptual encoder. Inspired by (Prabhudesai et al.
2023; Wang et al. 2024a), we construct a self-supervised
conditional reconstruction task using a frozen diffusion
model Gd, conditioned jointly on visual and prompt embed-
dings. For each image x, we combine zv and zt to form the
conditioning signal c = zv + zt. A noisy version of x is
passed to Gd, which predicts the noise added during the for-
ward diffusion process. The reconstruction loss is:

LCR = Et,x,ϵ,c[||ϵ− Gd(
√
αtx+

√
1− αtϵ, t, c)||2], (2)

where t is the diffusion timestep, αt is the noise schedule,
and ϵ is sampled noise. Training updates only the perceptual
encoder Ev , which learns fine-grained forensic cues through
generative feedback while the diffusion model stays frozen.

Discriminative Conditional Inversion
While CMID enhances visual embeddings via forward de-
noising, it cannot capture latent generative traces intrinsic
to the synthesis process. Prior works (Zhang and Xu 2023;
Cazenavette et al. 2024) show that backward DDIM inver-
sion (Song, Meng, and Ermon 2020) exposes characteristic
forensic signals reflecting generation dynamics and under-
lying likelihood distribution. To leverage this complemen-
tary perspective, we introduce Discriminative Conditional
Inversion. A frozen generative inverter Gi conditioned on
the prompt embedding zt performs DDIM inversion to yield
a latent noise map: x̂ = Gi(x, zt). A trainable encoder Ed
then extracts the latent noise embedding: zn = Ed(x̂). Un-
like prior methods (Zhang and Xu 2023; Cazenavette et al.
2024) that directly use these latent features for classification,
we treat zn as an independent forensic modality that com-
plements the perceptual embedding zv . The resulting pair

(zv, zn) provides two paradigm-distinct and mutually rein-
forcing forensic views, whose joint modeling serves as the
foundation for the second synergy level, OT-DCL.

Optimal Transport-Guided Discriminative
Contrastive Learning (OT-DCL)
With the prompt embedding (zt) encoding authenticity se-
mantics, the enhanced visual embedding (zv) capturing
fine-grained artifacts via forward denoising, and the latent
noise embedding (zn) representing process-specific gener-
ative traces from backward inversion, we aim to fully ex-
ploit and reconcile these heterogeneous forensic cues within
a unified discriminative space. To this end, we introduce OT-
DCL as the second synergy level, consisting of two compo-
nents: Prototype-Based Optimal Transport (POT) and Dis-
criminative Contrastive Learning (DCL).
Prototype-Based Optimal Transport. Directly aligning zv
and zn is challenging due to substantial modality- and
distribution-level discrepancies. To address this, we intro-
duce an optimal transport theory (Peyré, Cuturi et al. 2019;
Fan et al. 2023; Qian et al. 2025) that adaptively guides
cross-modal alignment of fine-grained forensic features. To
flexibly capture the complex distributions and potential cor-
relations of both modalities, we model zv and zn with Gaus-
sian Mixture Models (GMMs), generating prototype sets:

Pr = {(µr
k, Σ

r
k)}

K
k=1 , r ∈ {v, n}, (3)

where µr
k and Σr

k denote the mean and covariance of the k-
th Gaussian component for representation r. We quantify the
global alignment between these prototype sets by construct-
ing a cost matrix C ∈ RK×K :
C(kn, kv) = ∥µn

kn
− µv

kv
∥2

+Tr
(
Σn

kn
+Σv

kv
− 2(Σn

kn
Σv

kv
)1/2

)
,

(4)

which measures distributional divergence between the kn-th
zn prototype and the kv-th zv prototype. To align these pro-
totype structures, we formulate an entropy-regularized opti-
mal transport objective that seeks the optimal transport plan
T ∗ ∈ RK×K minimizing the overall matching cost:

T ∗ = argmin
T

{ ∑
kn,kv

T (kn, kv) · C(kn, kv)

+ η
∑
kn,kv

T (kn, kv) log T (kn, kv)

}
,

(5)

where T follows the marginal constraints determined by
the GMM mixing coefficients, guaranteeing a probabilisti-
cally consistent coupling between the visual and noise pro-
totype distributions. To further promote local consistency,
we additionally impose sample-to-prototype regularization,
encouraging each zn instance to align with visual proto-
types according to its GMM responsibilities. The resulting
prototype-based optimal transport loss is:

LPOT =
∑
kn,kv

T ∗(kn, kv) · C(kn, kv)

+
1

N

N∑
i=1

K∑
k=1

wn
i (k) · ∥xn

i − µv
k∥2,

(6)
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where wn
i (k) represents the GMM responsibility of noise

sample xn
i to the k-th prototype.

Discriminative Contrastive Learning. The prototype-
based optimal transport loss LPOT promotes cross-modal
alignment by reducing distributional heterogeneity. Based
on this alignment, robust forgery detection further requires
explicit discriminative supervision to reliably separate real
from fake samples (Shen et al. 2018). So we introduce a
discriminative contrastive loss LDCL as the principal super-
vision signal within OT-DCL. In this objective, the prompt
embedding zt (encoding the authenticity label) serves as the
anchor, while the visual embedding zv and latent noise em-
bedding zn act as positive or negative samples depending
on whether their labels are consistent with zt. This design
encourages embeddings from different modalities that share
the same authenticity label to cluster in representation space,
while pushing apart those corresponding to mismatched au-
thenticity. We instantiate the contrastive loss with the In-
foNCE formulation (Oord, Li, and Vinyals 2018). Given a
batch of N samples, the loss is defined as:

LDCL =
1

N

N∑
i=1

[
−

sim(zit, z
i
+)

τ
+ log

(
exp

( sim(zit, z
i
+)

τ

)
+
∑
j ̸=i

exp
( sim(zit, z

j
−)

τ

))]
,

(7)

where zi+ and zj− denote embeddings with matching and
non-matching authenticity labels relative to zit , sim(·) is co-
sine similarity, and τ is the temperature. Finally, OT-DCL
loss integrates contrastive supervision with transport-based
regularization:

LOT−DCL = LDCL + α · LPOT, (8)

where α controls the balance between contrastive supervi-
sion and transport-based regularization.

Hierarchical Synergistic Learning and Inference
As described above, SynerDetect integrates complementary
forensic signals from distinct paradigms through a hierarchi-
cal two-level synergistic framework. The first level (CMID)
transfers fine-grained generative cues into the visual encoder
via prompt-guided self-supervised reconstruction. The sec-
ond level (OT-DCL) further consolidates cross-modal infor-
mation by aligning zv and zn through prototype-based opti-
mal transport and anchoring them to zt with discriminative
contrastive learning, thereby forming a unified discrimina-
tive space. The overall objective is optimized end-to-end as:

Ltotal = λ · LCR + (1− λ) · LOT−DCL, (9)

where λ controls the relative weights of each synergy level.
After training, SynerDetect is equipped to capture both
high-level semantics and fine-grained artifacts across diverse
forensic perspectives, supporting robust and generalizable
forgery detection.
Inference. At test time, we adopt a CLIP-style (Radford
et al. 2021) contrastive matching strategy. For each input

image, we extract zv and zn and compute their cosine sim-
ilarities with the class-specific prompt zrealt and zfaket . The
final matching score is:

s = sim(zv, zt) + sim(zn, zt). (10)

The image is classified according to the prompt yielding the
higher score.

Experiments
In this section, we conduct a comprehensive empirical eval-
uation of SynerDetect. We first describe the experimental
setup and then present extensive results and analysis, includ-
ing comparison with state-of-the-art methods and ablation
studies.

Experimental Setup
Datasets. To thoroughly assess the performance and gener-
alization ability of SynerDetect, we evaluate on two widely
used benchmarks and one challenging dataset that reflects
real-world complexity: (1) AIGCDetectBenchmark (Zhong
et al. 2023): Includes synthetic images generated by sev-
enteen GAN and diffusion models. Following the stan-
dard protocol (Wang et al. 2020), we train on ProGAN-
generated data. (2) GenImage (Zhu et al. 2023): A broad
benchmark spanning eight categories of synthetic and real
images. We follow the official protocol by training on SD
v1.4-generated data and evaluating across all generators. (3)
Chameleon (Yan et al. 2024a): A challenging real-world
dataset of high-resolution images (720P–4K) curated via hu-
man perceptual Turing tests. We evaluate SynerDetect on
Chameleon under three training configurations: ProGAN-
generated data, SD v1.4-generated data, and the full Gen-
Image training set.
Evaluation Metrics. Following prior works (Wang et al.
2020; Ojha, Li, and Lee 2023; Yan et al. 2024a), we eval-
uate performance using accuracy (Acc) and average preci-
sion (AP). Accuracy is reported as the main metric in the
paper, while comprehensive AP results are provided in the
Appendix for completeness.
Baseline Methods. To provide a comprehensive evaluation,
we compare SynerDetect against a diverse set of state-of-
the-art methods, including CNNSpot (Wang et al. 2020),
GramNet (Liu, Qi, and Torr 2020), FreDect (Frank et al.
2020), Fusing (Ju et al. 2022), LNP (Liu et al. 2022),
LGrad (Tan et al. 2023), UniFD (Ojha, Li, and Lee 2023),
DIRE (Wang et al. 2023), NPR (Tan et al. 2024b), Fat-
Former (Liu et al. 2024), RINE (Koutlis and Papadopou-
los 2024), C2P-CLIP (Tan et al. 2024a), AIDE (Yan et al.
2024a), D3 (Yang et al. 2025), FIRE (Chu et al. 2025), and
CO-SPY (Cheng et al. 2025).
Implementation Details. The Perceptual Visual Encoder
(Ev) and Latent Noise Encoder (Ed) are both based on Open-
CLIP ViT-L/14 (Ilharco et al. 2021), and are fine-tuned with
LoRA (Hu et al. 2021) to effectively incorporate global se-
mantics and fine-grained generative cues while mitigating
overfitting. The generative denoiser and inverter are initial-
ized from Stable Diffusion v2.1 (Rombach et al. 2022), with
DDIM inversion performed using a fixed 100-step schedule.
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RINE ECCV 2024 100.0 97.72 99.60 99.32 99.55 99.77 96.89 98.46 71.94 81.72 66.03 81.37 81.91 87.08 82.29 56.91 74.65 86.78
C2P-CLIP AAAI 2025 100.0 98.59 99.87 98.42 97.95 98.71 97.08 92.31 70.93 86.84 62.21 80.47 80.31 86.52 79.36 67.12 69.57 86.25
AIDE ICLR 2025 99.99 99.64 83.95 98.48 99.91 73.25 98.00 94.20 93.43 95.09 77.20 93.00 92.85 95.16 93.55 96.60 92.15 92.73
D3 CVPR 2025 99.87 90.84 97.84 98.35 97.60 99.79 88.91 84.86 77.36 74.21 70.44 73.73 73.82 89.72 72.32 70.07 71.13 84.17
FIRE CVPR 2025 96.93 87.31 83.36 86.13 95.08 79.59 85.15 85.36 85.66 84.42 77.88 85.24 85.18 79.81 84.78 83.54 77.58 84.88
CO-SPY CVPR 2025 99.86 96.29 92.00 98.03 96.05 90.90 97.89 71.65 73.28 88.82 88.70 86.01 86.35 82.35 78.77 77.05 87.45 87.73
Ours - 98.50 90.28 98.15 99.62 99.87 96.77 93.75 88.30 80.58 96.58 85.13 99.60 99.61 93.46 98.72 95.45 96.53 94.76

Table 1: Comparison on the AIGCDetectBenchmark. Accuracy (%) of each detector (rows) in identifying real and fake images
from various generators (columns). DIRE-D uses ADM-generated images for training, following its official protocol; DIRE-G
is trained on ProGAN, matching other methods. We copy the results of CNNSpot, GramNet, FreDect, Fusing, LNP, LGrad,
UniFD, DIRE-G, DIRE-D, NPR, AIDE and CO-SPY from papers (Zhong et al. 2023; Yan et al. 2024a; Cheng et al. 2025), and
obtain the results of FatFormer, RINE, C2P-CLIP, D3, FIRE using the official pretrained models or re-implemented models.
The best and second-best results are marked in bold and underline, respectively.

These generative components remain frozen during training
to ensure stable and consistent feature extraction. We train
the entire architecture end-to-end using SGD with a learning
rate of 1 × 10−4, momentum 0.9, and a batch size of 64 on
two NVIDIA A800 GPUs for 6 epochs. Training completes
in approximately 8 hours. The synergy coefficients are set to
α = 0.5 and λ = 0.4.

Quantitative Analysis
Evaluation on AIGCDetectBenchmark and GenImage.
Table 1 reports classification accuracy on AIGCDetect-
Benchmark. Except for DIRE-D, all baselines are trained
with ProGAN-generated samples. SynerDetect achieves the
highest average accuracy of 94.76% across seventeen test
generators. Notably, relative to the strongest perceptual-
based detector, C2P-CLIP, which relies on CLIP’s semantic
embedding space, SynerDetect delivers an 8.51% improve-
ment. Similarly, relative to recent generative-based methods
such as DIRE and FIRE, our unified discriminative space
yields a further 9.88% gain. These gains indicate that per-
ceptual and generative pathways encode complementary dis-
criminative structure, and their integration produces a more
robust decision space than either pathway alone. Table 2
summarizes results on GenImage. SynerDetect surpasses the
current state-of-the-art method, AIDE, by 5.51% in average
accuracy across all eight generator categories. This improve-
ment highlights the robustness of our hierarchical synergy
framework under diverse content distributions.
Evaluation on Chameleon. Table 3 presents results on
the Chameleon dataset, which reflects real-world, high-
resolution, and human-validated conditions that substan-

tially challenge existing detectors. Most methods exhibit no-
table degradation under this setting. Across all three train-
ing configurations—ProGAN, SD v1.4, and the full GenIm-
age set—SynerDetect achieves consistent improvements of
3.50%, 5.53%, and 5.20%, respectively, over the strongest
competing approaches. These gains stem from the comple-
mentary nature of our hierarchical synergy framework. On
the perceptual side, CLIP-based encoders capture semantic
inconsistencies indicative of conceptual anomalies, while on
the generative side, diffusion-based inversion exposes sub-
tle synthesis artifacts that reveal fine-grained forgery traces.
Integrating these heterogeneous forensic cues into a unified
discriminative representation substantially enhances robust-
ness and reduces error rates under the most perceptually de-
ceptive scenarios. Such synergy is crucial for countering ad-
vanced AI-generated forgeries that simultaneously optimize
semantic realism and pixel-level fidelity.

Qualitative Analysis

Figure 3 visualizes the logit distributions of SynerDetect,
UniFD (perceptual-based), and DIRE (generative-based)
trained on ProGAN data. For UniFD and DIRE, the dis-
tributions of real and synthetic images exhibit substantial
overlap, and this overlap becomes even more pronounced
when evaluated on the Chameleon dataset. In contrast, Syn-
erDetect produces two clearly separated clusters with mini-
mal ambiguity between the real and fake classes, even under
Chameleon’s challenging real-world conditions. These vi-
sual patterns indicate that SynerDetect induces a more struc-
tured and discriminative representation space, where class
boundaries remain stable across domains rather than collaps-
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Method Midjourney SD v1.4 SD v1.5 ADM GLIDE Wukong VQDM BigGAN Mean

CNNSpot 52.80 96.30 95.90 50.10 39.80 78.60 53.40 46.80 64.21
GramNet 54.20 99.20 99.10 50.30 54.60 98.90 50.80 51.70 69.85
DIRE 60.20 99.90 99.80 50.90 55.00 99.20 50.10 50.20 70.66
UniFD 73.20 84.20 84.00 55.20 76.90 75.60 56.90 80.30 73.29
NPR 70.00 94.54 94.80 61.20 89.92 85.73 58.84 56.00 76.38
FatFormer 80.76 98.21 97.69 70.57 79.29 89.18 73.38 64.52 81.70
RINE 74.37 99.18 98.72 65.64 82.85 84.69 88.43 76.96 83.86
C2P-CLIP 85.31 90.24 90.12 79.85 85.43 84.91 87.66 81.94 85.68
AIDE 79.38 99.74 99.76 78.54 91.82 98.65 80.26 66.89 86.88
D3 79.28 99.47 98.97 68.85 73.28 96.04 72.97 69.61 82.31
FIRE 78.40 95.19 94.83 77.58 79.57 90.32 76.73 75.38 83.50
CO-SPY 82.97 97.55 96.72 69.14 91.68 94.21 79.36 68.88 85.06
Ours 84.33 99.39 99.41 77.64 92.28 96.30 93.06 96.72 92.39

Table 2: Comparison on the GenImage benchmark. Accuracy (%) of each detector (rows) in detecting real and fake images
from various generators (columns). We copy the results of CNNSpot, GramNet, DIRE, UniFD, AIDE from paper (Yan et al.
2024a), and obtain the results of NPR, FatFormer, RINE, C2P-CLIP, D3, FIRE, CO-SPY using the official pretrained models
or re-implemented models.

(a) ProGAN (b) StyleGAN (c) SD v1.4 (e) Chameleon(d) DALLE 2
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Figure 3: Logit distributions of different methods. We compare SynerDetect (unified space) with the baseline UniFD
(perceptual-based) and DIRE (generative-based). A total of five test cases are considered, including ProGAN, StyleGAN, SD
v1.4, DALLE 2, and Chameleon.

ing under unseen generative variants. The resulting separa-
tion directly reflects stronger inter-class discrimination and
improved robustness in realistic detection scenarios.

Robustness Evaluation
We further assess the robustness of SynerDetect under com-
mon input perturbations, following the evaluation protocol
of prior works (Liu et al. 2024; Frank et al. 2020). We apply
image degradations—including random cropping, Gaussian
blurring, JPEG compression, and Gaussian noise—to the
AIGCDetectBenchmark. As shown in Table 4, SynerDetect
consistently achieves the best performance under these chal-
lenging conditions. These results indicate that SynerDetect
maintains a stable and discriminative representation space
even when confronted with real-world degradations.

Ablation Study
We perform extensive ablations on AIGCDetectBenchmark,
with mean accuracy (mAcc) reported in Table 5.

Effectiveness of Hierarchical Synergy Modules. The con-
tributions of our hierarchical design are evident from the
substantial performance drops observed when key compo-
nents are removed. Removing the CMID module lowers ac-
curacy to 82.52%, which shows that this component is es-
sential for injecting fine-grained generative cues into the per-
ceptual encoder. Disabling the OT-DCL fusion mechanism
causes performance to fall to 85.41%. In addition, eliminat-
ing only the POT regularizer reduces accuracy to 87.24%,
confirming that explicit structural alignment between het-
erogeneous feature spaces is necessary for contrastive learn-
ing to function effectively.

Analysis of Fusion Strategies. Our full SynerDetect model
reaches an accuracy of 94.76%, which reflects the bene-
fit of its customized fusion architecture. To provide single-
paradigm references, we train a lightweight classifier on
three individual feature sources: vanilla CLIP achieves
76.80%, diffusion reconstruction errors yield 67.90%, and
diffusion inversion features yield 69.80%. These results in-
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Training Dataset CNNSpot GramNet UniFD DIRE NPR FatFormer AIDE D3 FIRE CO-SPY Ours

ProGAN 56.94 58.94 57.22 58.19 57.29 58.03 56.45 56.51 55.53 58.34 62.44
SD v1.4 60.11 60.95 55.62 59.71 58.13 61.35 61.10 58.67 65.49 64.83 71.02
All GenImage 60.89 59.81 60.42 57.83 55.70 57.81 63.89 69.93 67.91 74.22 79.42

Table 3: Comparison on the Chameleon benchmark. Accuracy (%) of different detectors (rows) in detecting real and fake
images of Chameleon. We copy the results of CNNSpot, GramNet, UniFD, DIRE, NPR, AIDE from paper (Yan et al. 2024a),
and obtain the results of FatFormer, D3, FIRE, CO-SPY using the official pretrained models or re-implemented models.

Methods Blurring Cropping JPEG Noise

CNNSpot 59.3 / 74.4 62.1 / 72.8 58.9 / 72.1 61.7 / 72.9
GramNet 59.4 / 73.2 61.9 / 72.9 59.0 / 72.4 61.0 / 72.6
FreDect 56.2 / 60.3 54.1 / 61.6 55.4 / 61.8 55.7 / 61.6
Fusing 57.5 / 76.4 57.4 / 77.0 56.6 / 75.0 57.0 / 74.2
LNP 73.7 / 79.7 74.6 / 80.8 74.3 / 84.7 72.2 / 81.5
LGrad 62.9 / 72.2 64.5 / 71.7 65.5 / 72.5 62.8 / 71.5
UniFD 66.7 / 84.5 67.2 / 82.1 65.4 / 79.7 67.0 / 83.4
DIRE-G 58.8 / 64.1 57.1 / 65.6 58.3 / 65.3 59.2 / 67.9
DIRE-D 59.7 / 66.4 58.8 / 67.8 58.9 / 68.7 62.2 / 66.4
NPR 78.0 / 88.4 78.3 / 84.6 77.5 / 84.7 76.8 / 85.9
FatFormer 71.2 / 83.6 73.1 / 81.4 71.9 / 84.5 73.4 / 83.0
RINE 75.4 / 86.6 74.2 / 87.9 77.5 / 86.9 71.3 / 85.2
C2P-CLIP 80.1 / 86.4 72.9 / 86.4 79.4 / 87.1 72.6 / 85.4
AIDE 85.4 / 91.5 83.5 / 90.4 83.1 / 91.1 82.9 / 90.9
D3 78.4 / 85.8 79.0 / 86.1 79.3 / 86.8 77.7 / 84.9
FIRE 78.9 / 85.5 79.3 / 86.2 78.6 / 85.4 78.0 / 85.9
CO-SPY 81.9 / 89.8 82.4 / 90.2 83.0 / 90.3 81.7 / 90.7
Ours 87.9 / 93.0 86.6 / 91.8 86.2 / 92.4 85.6 / 92.9

Table 4: Robustness evaluations. We report mAcc/mAP (%)
on four perturbation methods.

dicate that neither perceptual cues nor generative cues alone
provide sufficient discriminative power. We further examine
whether these heterogeneous representations can be fused
using general-purpose methods (Tsai et al. 2019; Xia et al.
2023) (Fusion-A and Fusion-B) or simple feature concate-
nation (Fusion-C). All of these strategies exhibit strong in-
terference between modalities. The best alternative, Fusion-
B with 74.02%, performs even worse than vanilla CLIP it-
self. This outcome shows that generic fusion mechanisms
are unable to reconcile heterogeneous feature spaces, and
that SynerDetect requires a dedicated fusion design in order
to exploit the complementary strengths of both paradigms.
Analysis of the Visual-aware Tuner. The Visual-aware
Tuner provides essential dynamic conditioning. Using fixed
text prompts reduces accuracy to 89.36%, which reflects the
loss of semantic adaptability that benefits both CMID and
the conditional inverter. The removal of either the global vi-
sual embedding zv or the local CConv features further re-
duces accuracy to 92.27% and 91.03% respectively. These
findings suggest that complementary global and local cues
are necessary to form expressive instance-specific prompts.

Conclusion
We present SynerDetect, a hierarchical synergistic frame-
work that unifies perceptual and generative paradigms for
robust and generalizable AI-generated image detection. By
integrating Cross-Model Interactive Distillation (CMID)

Module Mean

vanilla CLIP 76.80
vanilla Diffusion-Rec 67.90
vanilla Diffusion-Inv 69.80
Fusion-A 73.36
Fusion-B 74.02
Fusion-C 69.30
Ours 94.76

(a) Single paradigm base-
lines and fusion strategies.
SynerDetect achieves higher
accuracy than vanilla CLIP
or diffusion-based variants, as
well as generic fusion baselines.

Module Mean

w/o CMID 82.52
w/o OT-DCL 85.41
w/o POT 87.24
Ours 94.76

(b) Core module ablations.

Global Local Mean

✗ ✗ 89.36
✗ ✓ 91.03
✓ ✗ 92.27
✓ ✓ 94.76

(c) Prompt tuner design.

Table 5: Ablation study of SynerDetect. We evaluate the
contributions of key design choices.

and Optimal Transport-Guided Discriminative Contrastive
Learning (OT-DCL), SynerDetect constructs a unified dis-
criminative space capturing both semantic inconsistencies
and low-level generative artifacts. Extensive experiments on
diverse benchmarks validate its effectiveness across chal-
lenging, real-world scenarios. We hope this work offers new
insights into leveraging pretrained foundation models for
unified, cross-paradigm visual forensics.
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