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Abstract. The rapid progress of visual generative models has made
Al-generated images increasingly difficult to distinguish from authen-
tic ones, posing growing risks to social trust and information integrity.
This motivates detectors that are not only accurate but also forensically
explainable. While recent multimodal approaches improve interpretabil-
ity, many rely on post-hoc rationalizations or coarse visual cues, without
constructing verifiable chains of evidence, thus often leading to poor gen-
eralization. We introduce REVEAL-Bench, a reasoning-enhanced multi-
modal benchmark for Al-generated image forensics, structured around
explicit chains of forensic evidence derived from lightweight expert mod-
els and consolidated into step-by-step chain-of-evidence traces. Based
on this benchmark, we propose REVEAL (Reasoning-enhanced Foren-
sic Evidence Analysis), an explainable forensic framework trained with
expert-grounded reinforcement learning. Our reward design jointly pro-
motes detection accuracy, evidence-grounded reasoning stability, and ex-
planation faithfulness. Extensive experiments demonstrate significantly
improved cross-domain generalization and more faithful explanations to
baseline detectors. All data and source codes are publicly available at:
https://github.com/TrustMedia-zju/REVEAL|

Keywords: Al-Generated Image Detection - Reasoning-Enhanced Foren-
sic Benchmark - Explainable Image Forensics

1 Introduction

With the rapid evolution of generative artificial intelligence techniques, syn-
thesized images have reached a level of visual realism that can readily deceive
human perception [611})21]. While these technologies unlock substantial creative
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Fig. 1: (a) Conventional binary classification-based detection. (b) Prior MLLM-based
post-hoc rationalization approaches, where explanations are generated after the de-
tection decision. (¢) Our REVEAL framework, enabling reasoning-enhanced forensic
analysis through multi-view forensics and explicit chain-of-evidence reasoning.

and economic value in digital art, design, and film production, they also raise
serious concerns regarding misinformation, privacy violations, and copyright is-
sues. Continual advances in advanced diffusion models such as FLUX [23]| and
SDv3.5 [§], further exacerbate the difficulty of distinguishing real from synthetic
content, making reliable detection an urgent research priority.

Recent research [41/331371/47./5253] has made significant progress in detecting
Al-generated images. However, most existing detection methods are primarily
optimized for binary classification and provide limited support for forensic anal-
ysis. Conventional detectors based on discriminative classifiers often provide no
explanation beyond a label (e.g. [52,/57]). More interpretable designs (e.g. rule-
based models or decision trees) can expose partial decision interpretation, but
they frequently generalize poorly (see Table @ and remain strongly coupled to
the underlying detector’s feature biases.

Multimodal large language models (MLLMs) offer a promising direction
by combining visual perception with language-based reasoning [19/59]. Recent
works, including GPT-4-based detection [17], AIGI-Holmes [63], FakeBench [31],
and RAIDX [29], attempt to improve explainability by generating human-readable
rationales. However, as illustrated in Figure[l] current MLLM-based approaches
exhibit two key limitations. First, explanations are generally post hoc, i.e., expla-
nations are produced after prediction without an explicit mechanism ensuring
that intermediate reasoning steps are supported by verifiable evidence. Second,
MLLMs are typically used as general-purpose visual classifiers that detect high-
level anomaly patterns (e.g. unnatural lighting or blurred boundaries), rather
than as evidence-centric forensic systems that systematically collect, analyze,
and synthesize specialized evidence into an auditable decision process.

A major cause of these limitations is the lack of datasets and training objec-
tives that support forensic explainability and enforce evidence-grounded reason-
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ing. Existing benchmarks often provide only image-level labels or brief textual
justifications (e.g. FakeBench [31]), which do not capture the structured evidence
required for forensic analysis. Similarly, explanation methods based on vanilla
MLLMs or retrieval-augmented prompting (e.g. RAIDX [29]) may generate flu-
ent explanations, but these remain weakly grounded when not explicitly tied to
image-specific chains of forensic evidence.

These limitations point to two key challenges for reasoning-enhanced syn-
thetic image detection: (1) the lack of reasoning-oriented forensic datasets, where
annotations include structured evidence and step-by-step support for a final
judgment; and (2) limited reasoning-based explainability, since current MLLM-
based detectors often generate rationales that are not explicitly verifiable, often
leading to limited generalization and unreliable forensic claims.

To address these challenges, we introduce REVEAL-Bench, a reasoning-
oriented benchmark for Al-generated image forensics. Unlike existing approaches
that emphasize learning generic visual correlations, our pipeline is designed
around ezpert-grounded evidence analysis. For each image, we employ eight
lightweight expert models to extract structured low-level forensic evidence. This
evidence is then provided to a large model to produce a chain-of-evidence (CoE)
annotation that links concrete cues to intermediate inferences and the final con-
clusion. By consolidating multi-round analyses from specialized experts into a
single structured CoE trace, REVEAL-Bench enables verifiable forensic reason-
ing where high-level decisions are explicitly supported by low-level evidence.

Building on REVEAL-Bench, we propose the REVEAL framework, a two-
stage training paradigm that enforces evidence-grounded forensic reasoning in
MLLMs. In the first stage, we employ supervised fine-tuning to teach the MLLM
a canonical CoE structure. In the second stage, we introduce R-GRPO (Reasoning-
enhanced Group Relative Preference Optimization), an expert-grounded policy
optimization method with a novel reward design that promotes reliable foren-
sic reasoning and verifiability of forensic analysis. Concretely, R-GRPO jointly
optimizes detection accuracy, reasoning stability, and multi-view consistency, en-
couraging the model to synthesize explicit evidence into a coherent decision trace
rather than relying on superficial pattern matching. This yields the REVEAL
detector that is more generalizable and faithful in forensic analysis.

In summary, our key contributions are threefold:

— We introduce REVEAL-Bench, a reasoning-enhanced dataset for explainable
Al-generated image detection. Unlike prior detection datasets that rely on
post-hoc explanations, REVEAL-Bench is structured around expert-grounded
and verifiable forensic evidence, integrating an explicit chain-of-evidence un-
der an evidence-then-reasoning paradigm.

— We propose the REVEAL framework, a novel progressive two-stage train-
ing paradigm that instills standardized and evidence-grounded reasoning in
MLLMs. Its core component, R-GRPO, optimizes the evidence synthesis
capability of MLLMs to jointly improve detection accuracy, cross-domain
generalization, and explanation faithfulness.
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— Our approach achieves stronger detection performance, improved generaliza-
tion, and higher explanation fidelity, establishing a new state of the art for
evidence-grounded reasoning in image forensics.

2 Related Work

Conventional AI-Generated Image Detection. The rapid evolution of gen-
erative models, e.g., GANs [9,|11], autoregressive models [49|, diffusion-based
models [8l/12}{14}[16//39./42], has driven Al-generated images to near-photorealistic
quality, challenging conventional detection methods. Early forensic studies fo-
cused on traditional manipulations like splicing or copy-move, analyzing noise
inconsistencies, boundary anomalies, or compression artifacts |62]. Researchers
then shifted focus to generation artifacts, such as up-sampling grid effects, tex-
ture mismatches, or abnormal high-frequency decay [7,/10L[35]. For example, the
Spectral Learning Detector |20] models the spectral distribution of authentic
images, treating Al-generated samples as out-of-distribution anomalies, achiev-
ing consistent detection across generators. However, as generators incorporate
post-processing techniques like super-resolution, these low-level statistical clues
become increasingly subtle and less reliable for robust detection.

Recent methods employ general-purpose feature extractors, such as CNN- or
ViT-based detectors, to learn discriminative features directly. While lightweight
CNNs achieve strong benchmark performance |25], methods like the Variational
Information Bottleneck (VIB) network [60] aim to enhance generalization by
constraining feature representations through the information bottleneck princi-
ple to retain only task-relevant information. Post-hoc Distribution Alignment
(PDA) |50] attempts to improve robustness to unseen generators by aligning re-
generated and real distributions to detect unseen generators. Recently, NPR [47]
has become a representative approach by capturing low-level artifacts, demon-
strating strong generalization capability. Similarly, HyperDet [3] and AIDE [57]
achieve robust generalization through high-frequency spectrum analysis. Despite
their discriminatory power, these approaches remain limited in forensic value,
as their conclusions rely on global statistics and lack the semantic, verifiable
evidence required for comprehensive explainability.

MLLM-based Al-generated Image Detection. The emergence of MLLMs
[32,[51] has accelerated the development of explainable image forensics by lever-
aging their advanced cross-modal understanding [45]/55]. Early efforts reformu-
lated detection as a visual question answering task [5/17/22], allowing MLLMs
to provide accompanying descriptive text. FatFormer [33] extended it with a
forgery-aware adapter to improve generalization on CLIP-ViT [38|] encoder.

Subsequent studies focused on constructing task-specific multimodal datasets
for fine-tuning. FakeBench [31] and LOKI [58] provide synthetic images with
manually written, high-level forgery descriptions. Holmes-Set [63] utilized small
models for initial image filtering and a multi-expert jury mechanism to gen-
erate post-hoc explanatory texts. At the methodological level, FakeShield [56],
ForgerySleuth [43], ForgeryGPT [34] and SIDA [15| fine-tune MLLMs to achieve
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Fig. 2: The pipeline of REVEAL-Bench construction. This figure illustrates our
data processing pipeline, which consists of three stages: Data Curation & Pre-filtering,
Expert-grounded Evidence Collection, and Chain-of-Evidence (CoE) Synthesis.

explainable forgery detection and localization. AIGI-Holmes integrates low-
level visual experts with reasoning modules. RAIDX combines retrieval-
augmented generation (RAG) [26] with GRPO to improve text description. More
recently, Ivy-Fake presents a unified explainable framework and benchmark
for both image and video AIGC detection, while Veritas explores pattern-
aware reasoning to enhance the generalization capability of deepfake detection.

However, existing datasets and methods still suffer from two key limitations:
First, the explanations are attributed to post-hoc rationalizations, often relying
on the MLLM'’s general knowledge and visual classification capabilities, failing
to achieve logical synthesis of specialized forensic evidence. Second, they often
lack structured, fine-grained forensic evidence required to support a verifiable
causal link between low-level artifacts and the final forensic judgments.

3 REVEAL-Bench

As illustrated in Figure [2] this study constructs the REVEAL-Bench dataset
through a rigorous, three-stage pipeline for reasoning-based image forensic: Data
Curation & Pre-filtering, Expert-grounded Evidence Collection, and Chain-of-
Evidence (CoE) Synthesis. This approach is fundamentally distinct as it replaces
manual and subjective labeling with a process that systematically integrates ver-
ifiable evidence from specialized models with the logical synthesis capabilities
of large vision-language models. The resulting dataset contains explicit, expert
knowledge-grounded Chain-of-Evidence annotations, which are crucial for train-
ing forensic detectors with superior transparency and generalization.

Data Curation & Prefiltering.
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To ensure sufficient content, generator, and artifact diversity, we aggregate
several prominent Al-generated detection benchmarks, including CNNDetec-
tion |52], UnivFD [37], AIGCDetectBenchmark [61], GenImage [64], Fake2M [36],
and Chameleon [57]. This yielded an initial corpus of approximately 5,120K syn-
thetic images and 850K authentic images. To manage annotation costs while en-
suring high data quality, we implemented a stratified sampling strategy based on
automated quality assessments [44] and image resolution. Specifically, we sam-
pled images based on aesthetic scores (50% high, 30% medium, 20% low), and
image resolution, high-resolution (>512x512) images at 50%, medium-resolution
(384x384-512x512) images at 30%, and low-resolution (<384x384) images at
20%. Images were also semantically classified into 13 major categories (e.g. hu-
mans, architecture, artworks). After rigorous multi-stage filtering and prepro-
cessing to eliminate non-representative or low-quality samples, we obtained a
balanced corpus spanning diverse categories, resolutions, and visual qualities,
forming a reliable foundation for subsequent expert annotation and reasoning
supervision.

Expert-Grounded Evidence Collection. To enable fine-grained and verifi-
able forensic analysis, we design and employ a set of eight lightweight and spe-
cialized expert models |3}[27,28//401/46147|, each dedicated to screening and local-
izing a distinct category of synthetic artifact (detail in Appendix A). All experts
are implemented using publicly available codebases and are directly adopted
without additional training or fine-tuning, ensuring strong reproducibility and
practical deployability. Specifically, these experts operate on complementary vi-
sual and signal representations. Local artifacts |28] focus on local artifact en-
hancement, while spectral clues [46] perform frequency spectrum analysis. Pixel
noise [47] examines neighbor-pixel residuals, and spatial consistency [40] detects
obvious fake cues. Geometry flaws [40| conducts object spatial analysis, whereas
shadow logic [40] verifies shadow coherence. Finally, texture fusion [27] applies
texture-frequency fusion, and high-pass fusion [3] performs high-pass seman-
tic fusion. In addition, object segmentation cues are used to verify semantic
boundary coherence, while texture-focused and high-pass frequency represen-
tations further expose unnatural smoothness or repetitive patterns commonly
introduced by generative models. This is a crucial distinction from prior work,
such as AIGI-Holmes [63], which uses experts primarily for global filtering. Our
experts, by contrast, provide structured, machine-readable evidence, including
artifact masks and diagnostic labels. These eight outputs constitute the necessary
forensic evidence foundation. By conditioning the LVLM on these high-fidelity,
structured references, we ensure the final generated explanations are faithful,
logically consistent, and verifiable against objective, low-level artifact data. This
expert-grounded decompositional analysis effectively bridges the gap between
small-model perception of artifacts and large-model logical reasoning.

Chain-of-Evidence Synthesis. As shown in Figure [2] after the specialized
expert annotation, the initial eight rounds of multi-perspective diagnostic out-
puts are diverse and fragmented. To construct a unified and progressive rea-
soning dataset suitable for Chain-of-Thought (CoT) fine-tuning, we leverage a
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Fig. 3: Overview of the proposed REVEAL framework. The pipeline mainly
consists of two stages: CoE Tuning and R-GRPO.

high-capacity LVLM (Qwen-2.5VL-72B [1]) to perform structured knowledge
consolidation. This process reconstructs the diverse, specialized evidence into
a single, cohesive, and auditable reasoning trace, formatted using a standard
<think>--- </think>- <answer>--- </answer> structure. Starting from a large-
scale pool of approximately 6M annotated samples, we conduct stringent quality
filtering and reasoning trace refinement, ultimately distilling a curated 60K high-
quality explainable dataset (30K real, 30K synthetic) with structured Chain-of-
Evidence (CoE) supervision—corresponding to a selection rate of roughly 1%.
Fundamentally different from existing datasets like AIGI-Holmes [63| and
FakeBench [31], which merely provide generic explanations, REVEAL-Bench
explicitly formalizes the link between low-level expert evidence and high-level
judgments. This two-stage pipeline transforms the detection tasks into a rea-
soning task, offering coherent CoE annotations that enhance logical consistency,
minimizing annotation noise, and supporting supervision paradigms with rein-
forcement learning techniques to improve explanation fidelity and generalization.

4 Methodology

4.1 Overview of REVEAL Framework

As illustrated in Figure [3] the overall training pipeline adopts a two-stage pro-
gressive training paradigm inspired by advanced policy optimization-based rein-
forcement learning techniques |13]. It is worth mentioning that the eight expert
models are used only for offline dataset construction to generate artifact annota-
tions and diagnostic labels, and do not participate in model training or inference.

We first perform supervised fine-tuning (SFT) on a consolidated Chain-
of-Evidence (CoE) dataset to obtain a base policy that can deduce the re-
quired forensic reasoning procedure. While this stage establishes the fundamental
reasoning-based forensic structure, the resulting model still exhibits limitations
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in logical consistency, forensic accuracy, and robustness. To mitigate these limita-
tions, we propose a novel reinforcement learning algorithm: Reasoning-enhanced
Forensic Evidence Analysis (R-GRPO). R-GRPO extends standard Group Rela-
tive Policy Optimization (GRPO) by incorporating a task-specific composite re-
ward that dynamically aligns forensic reasoning trajectories and stabilizes policy
updates, significantly enhancing semantic consistency and reasoning robustness.

4.2 Reasoning-Enhanced Progressive Multimodal Training

We introduce REVEAL (Reasoning-enhanced Forensic Evidence Analysis), a
progressive multimodal training framework comprising two sequential stages de-
signed to facilitate logically consistent and verifiable forensic reasoning in mul-
timodal models.

Stage 1: Chain-of-FEvidence Tuning (CoE Tuning). In the initial stage, we per-
form cold-start supervised fine-tuning to establish a stable, stepwise reasoning
policy and a consistent output paradigm built upon the REVEAL-Bench dataset.
Let x denote the visual input, z = (z1,..., 2r) denote the tokenized reasoning
sequence (Chain-of-Evidence, CoE), and y denote the final classification label.
We adopt an explicit joint reasoning—decision modeling paradigm, where the fi-
nal prediction y is conditioned on the explicit reasoning trace z. This formulation
enforces a think-then-answer mechanism, fundamentally distinct from post-hoc
rationalizations (i.e. modeling p(y | ) and then p(z | x,y) ), thereby achieving
causally grounded genuine explanations.

Concretely, we factorize the joint conditional probability as

p(y,z|z) = plz|z)ply |z, 2), (1)

which structurally encourages the model to first generate verifiable reasoning
evidence and subsequently derive the final prediction conditioned directly on
that reasoning process.

Maximizing the likelihood under corresponds to minimizing the following
negative log-likelihood loss:

Lain(x,y,2z;0) = —logpg(z | x) — logpe(y | x,2). (2)

For training control and to explicitly balance the emphasis on reasoning quality
versus final decision accuracy, we decompose Lyry, into two components, the
reasoning generation loss Lipink and the answer loss Lanswer,

T
Linink = fZIngg(zt | z<, ), (3)

t=1

Lanswer = _logpe(y | LIJ,Z), (4>
We then employ a weighted composite SFT loss:

LsrT = (1 - a) Linink + @ Lanswer + 1 KL (ﬂ'pre”ﬂ'é’)- (5)
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Here, « € (0,1) balances the contribution of the reasoning trace and the answer
loss. In this work, « is set to 0.1 to ensure that reasoning serves as an auxiliary
signal while prioritizing the correctness of the final answer. The KL regular-
ization term keeps the fine-tuned policy 7y close to the pretrained policy mpye,
effectively mitigating catastrophic forgetting.
Stage 2: Reasoning-enhanced Group Relative Policy Optimization (R-GRPO).
Group Relative Policy Optimization (GRPO) [41] improves training stability
by replacing the traditional neural-network critic with a group-based baseline.
For a given input x, we sample a group of G trajectories {Ti}?:l from the current
policy my. Instead of relying on a separate value model, GRPO computes the ad-
vantage A; by standardizing the rewards within the group, effectively rewarding
outputs that outperform the group average:

r; — mean(ry,ra,...,Tq)

A; = , (6)

std(r1,7r2,...,7q) +€

where r; is the reward for trajectory 7;, and € is a small constant to avoid division
by zero.

The optimization objective maximizes the group-relative advantage using a
PPO-style surrogate loss while regularizing the update with a KL divergence
penalty against a reference policy m (typically the initial SFT model) to pre-
vent catastrophic forgetting:

Jcerro(0

£ 30 (in (220t T 1))
i—1 Towa(Tilz) ol (7i|x)’ ’ i
— BD k(7| mret) )

where § controls the strength of KL regularization, mo1q is the policy before the
current update, and clip(,1 — €,1 + ¢) ensures stable updates by limiting the
probability ratio.

Reasoning-Enhanced GRPO (R-GRPO). To employ GRPO for forensic
analysis tasks, we propose R-GRPO, which augments the objective with a task-
aware composite reward specifically designed to capture forensic fidelity and
reasoning robustness. Similar to recent GRPO variants [30,/48], which improve
optimization through reward design or policy refinement, R-GRPO further in-
troduces forensic-oriented reward modeling for evidence-based reasoning. Let
y denote the generated answer, y* the reference answer, z = (z1,...,2r) the
reasoning tokens, and {v,,(z)}»_, a set of multi-view visual evidence corre-
sponding to the visual analysis perspectives used by the expert models during
dataset construction (e.g., spectral representations, high-pass filtered images,
edge responses, and localized artifact regions).

Rationale for Agent-based Reward Modeling. In preliminary experiments, we ob-
served that simple metric-based rewards (e.g. computing rsem via cosine simi-
larity of sentence embeddings) fail to adequately capture the semantic coher-
ence and contextual logic required for high-quality forensic explanations. To
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address this limitation, we employ a pretrained large vision-language model,
Qwen-3-VL-8B, as an intelligent agent (Agent) to evaluate and score model re-
sponses, without requiring any additional training or task-specific design. This
Agent-based assessment considers contextual logic, explanation coherence, and
factual consistency against the provided structured evidence, thereby generating
a more human-aligned and explainable reward signal than purely metric-based
approaches, with additional validation of assessor reliability and bias analysis
provided in Appendix F.

R-GRPO defines three complementary, evidence-driven reward components:

(1) Answer Reward r,,s. This binary reward captures only the correctness
of the response with respect to the ground-truth answer.

1, ity =y,
Tans\Y, *) = . 3
(97 {O, otherwise. ®)

(2) Think Reward rihink. This reward quantifies the quality and structural
integrity of the reasoning trace z.

Let z = (z1,..., 2r) be the generated reasoning trace and z* = (z],...,25.)
the ground-truth reasoning trace (when available). Define a perturbed trace
Z = shuffle(z). Then

Tthink(27 z*a 5) = Asenl(Z7 Z*) + Alogic(zv 2)3 (9)

where Age measures alignment between the generated and reference reasoning,
and Ajegic(2, Z) evaluates the logical coherence of the trace. Here, both Asem
and Ajggic are computed by a pretrained large language model agent, and are
applied solely to evaluate the content within the <think>--- </think> block.
Crucially, Ajogic evaluates logical coherence by penalizing the model if minor
structural perturbations Z severely alter the inferred conclusion. This mechanism
encourages the model to maintain sequential consistency and ensures that the
reasoning steps are robustly connected.

(8) Multi-view Alignment Reward ryiew. This reward encourages the gener-
ated reasoning trace z to be robustly grounded in evidence that persists across
different forensic views of the image.

Faiew(2,2) = Aview (z {vm(x)}%:1>, (10)

where Ayiew 18 computed by a pretrained agent and evaluates how well the

content within the <think>--- </think> block aligns with visual evidence under

various transformations (e.g., spectral, high-pass). This ensures that each view is

analyzed correctly and accurately while promoting cross-artifact generalization.
The composite trajectory reward R(7) combines these terms:

R(T) - )\arans(yv y*) + )\tTthink(zv Z*; 2)
+ /\Urview(zv 517)7

(11)
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where Ay, A\¢, A, > 0 are tunable parameters balancing the contributions of the
three rewards. In our experiments, we set (Ag, At, Ay) = (0.8,0.1,0.1), ensur-
ing that the reasoning rewards consistently serve to support accurate final pre-
dictions. For improved stability, rewards are standardized within each sampled
group and directly used as the group-relative advantage:

;{i _ R(Tz) - /’Lgroup7 (12>

Ogroup
where figroup and Ogroup denote the mean and standard deviation of rewards
within the group, respectively.
Unified GRPO with the R-GRPO objective. Combining the original GRPO
formulation with the R-GRPO composite reward , the unified optimiza-
tion objective becomes

G

Tn-anro(6) = E, ll S i (O 7, et (T

G~ Told (7i]x) Towa(Ti|x)’

1—¢€1+ e)Al) — BDgr(mo||mret) (13)

where 21 encodes both the group-relative comparison and the reasoning-enhanced
composite reward.

These evidence-enhanced reward signals can effectively guide the model to
optimize its reasoning trajectories, enforcing both stability and logical coherence
in verifiable forensic evidence analysis.

5 Experiments

5.1 Experimental Settings

To comprehensively evaluate REVEAL, we conduct experiments on three datasets:
REVEAL-Bench, GenImage [64], and REVEAL-Bench++ . REVEAL-Bench(see
Table , a chain-of-evidence—annotated dataset for explainable synthetic image
detection, serves as the in-domain dataset for training and evaluation. Genlmage,
a million-scale synthetic image dataset covering diverse representative generation
methods, is used as an out-of-domain benchmark to assess generalization.

To further evaluate generalization to unseen generators, we additionally con-
struct REVEAL-Bench++, a challenging test set of 10K images (2K per gen-
erator, 1K real and 1K Al-generated) produced by recent models, including
FLUX |23], FLUX2 [24], Z-Image |2|, Qwen-Image [54], and SDv3.5 [§], none of
which appear in training. We train REVEAL on REVEAL-Bench and evaluate
it on all three datasets (see Appendix B for training details).

Baselines. We compare REVEAL with state-of-the-art Al-generated image de-
tection methods, including CNNSpot 52|, UnivFD [37], NPR [47], HyperDet [3],
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Table 1: Comparison with prior datasets. Table 2: REVEAL improves over
REVEAL-Bench is the first comprehensive the strongest methods by 4.14% on
reasoning dataset for synthetic image de- REVEAL-Bench and REVEAL-Bench++.
tection.

Method REVEALSD3.5 FLUXFLUX2 Qwen-Image Z-Image Mean

Nultiview Reasoning | CNNopot 87.80 71.70 70.30 61.70  82.35  59.10 72.16

Dataset #Image Explanation Fusion  Process. g;.;{FD Sﬁzg 8;13; s::llz)g szgg :zig ég;{; sjggj
S = 3 5.40 53.00 51.20 51. . 53.60 59.37
gNl\IDEte“t{On 52 7218[1‘ X X X HyperDet 93.25 88.80 79.70 65.20  88.15 70.80 80.98
senlmage [64) 1 X X X AIGL-Holmes 93.10 8214 79.35 76.41 7543  69.47 79.32
FakeBench [31 6K X X Veritas 7275 87.35 89.90 90.76  90.00  87.80 86.43
Holmes-Set |63 69K X Ivy-xDetector 77.65 90.75 91.60 91.04  91.65  86.55 88.21
REVEAL-Bench GOK REVEAL 9531 94.38 9344 91.25  95.00  84.69 92.35

AIDE [57], VIB-Net [60], AIGI-Holmes [63], Veritas |48] and Ivy-xDetector |1§].
For fair comparison, we retrain all baselines using their official codes under the
same dataset splits and experimental protocol.

Evaluation Metrics. Following prior work, we report classification accuracy
(ACCQC). ACC is the proportion of correctly classified samples over the full test set
and measures overall detection correctness. Since REVEAL outputs textual pre-
dictions (Real/Fake), we map them to binary labels for computing ACC. Baseline
methods follow the default decision thresholds in their official implementations.
Moreover, since REVEAL produces texts rather than calibrated logits, we do
not report metrics that require score outputs (e.g. average precision).

5.2 Generalizable Detection and Analysis

Table [2] reports performance comparisons on the in-domain dataset REVFEAL-
Bench and the challenging out-of-domain benchmark, REVFEAL-Bench++, which
contains images generated by FLUX, FLUX2, Z-Image, Qwen-Image, and SDv3.5.
Table [3] reports results on another typical out-of-domain benchmark, Genlm-
age. Overall, REVEAL achieves consistently strong generalization performances
compared to baseline lightweight binary classifiers, maintaining high accuracy
on both recent unseen generators (REVEAL-Bench++) and GenImage. We at-
tribute this improvement to the CoE-based evidence collection and reasoning
procedure, which reduces reliance on spurious domain-specific correlations.

On the in-domain setting REVFEAL-Bench, smaller classifiers (e.g. NPR [47],
AIDE [57]) can achieve highly competitive accuracy, likely due to their abil-
ity to fit dataset-specific statistical regularities. In contrast, REVEAL performs
comparably on REVFEAL-Bench while consistently outperforming these compact
models under distribution shift, especially on the harder REVEAL-Bench++
benchmark. These results suggest that while compact detectors remain attractive
when computational efficiency and in-domain accuracy are primary concerns,
reasoning-based forensic approaches like REVEAL offer substantially stronger
robustness and generalization to unseen generators. Please refer to Appendices
C-D for additional few-shot results and MLLM-based detector comparisons.
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Table 3: Performance comparison of cross-domain generalization on Genlmage
dataset. REVEAL outperforms state-of-the-art baselines by at least 4.35%.

Method Midjourney SD v1.4 SD v1.5 ADM GLIDE Wukong VQDM BigGAN Mean
CNNSpot |52] 62.45 74.25 73.85 63.55 73.60 73.70 7135 39.45 66.53
UnivFD |37 75.00 84.35 80.95 85.50 71.75 82.00 80.70 88.45 81.09
NPR [47] 84.80 88.85 88.05 85.10 94.30 87.05 84.45 88.95 87.69
HyperDet |3| 68.40 91.85 92.30 100.0 67.05 89.20 80.45 57.65 80.86
AIDE |57] 79.90 95.90 94.95 87.75 90.35 94.85 90.10 91.10 90.61
VIB-Net |60) 53.25 60.25 57.85 65.00 68.55 60.85 52.55 38.00 57.04
AIGI-Holmes [63]  86.10 93.17 91.22 84.32 7253 9210 89.77 91.00 87.53
REVEAL 93.75 97.81 97.19 95.00 86.88 96.25 95.94 96.88 94.96

5.3 Ablation Studies

Impacts of Different MLLM Backbones. Our method is model-agnostic
and can be applied to various multimodal large language models. We evaluate
REVEAL using Qwen2.5-VL [1], LLaVA-1.5-VL [32], and Phi-3.5 as representa-
tive backbones on REVEAL-Bench. As shown in Table[d, REVEAL consistently
achieves strong detection accuracy, indicating robust generalization across dif-
ferent architectures. We further observe that larger backbones generally yield
better detection performance. This trend suggests that synthetic image detec-
tion within a reasoning-based framework benefits from model scaling, similar to
other multimodal reasoning tasks. As the model capacity increases, the ability
to synthesize forensic evidence improves accordingly.

Effectiveness of Reasoning-Oriented Training Strategies. We conduct
ablations to analyze the impact of reasoning-oriented supervision and optimiza-
tion. As shown in Table[5] we compare: (1) standard SFT without reasoning data
(non-reasoning SFT); (2) CoE-based supervised fine-tuning (CoE Tuning); (3)
an answer-first reasoning format, and (4) vanilla GRPO versus our proposed R-
GRPO. Results show that incorporating reasoning data significantly improves
detection performance. Models trained without reasoning supervision perform
substantially worse, highlighting the importance of structured CoE annotations.
Moreover, R-GRPO further enhances performance compared to vanilla GRPO,
demonstrating the effectiveness of expert-grounded reward design in stabilizing
and refining forensic reasoning.

5.4 Comparison with Existing Explainable Detectors

We compare REVEAL with two types of explainable detectors on REVEAL-
Bench: conventional interpretable classifiers and AIGI-Holmes, a state-of-the-
art MLLM-based detector. The former can be constructed from the predictions
of eight expert models using rule-based aggregation methods such as majority
voting or decision trees. As shown in Table [6 synthesizing expert predictions
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Table 4: Detection perfor- Table 5: Ablation study Table 6: Comparison with
mance across MLLM back- of Answer-first Tuning, decision-based methods: ma-
bones with CoE Tuning and CoE Tuning, GRPO, and jority voting and decision

with Tuning plus R-GRPO. R-GRPO. trees.
Model CoE Tuning + R-GRPO  Answer-first CoE GRPO R-GRPO\ Acc Method Accuracy (%)
Phi-3.5 83.75 87.19 X x X X 61.21 Best Lightweight Expert 65.48
Qwen2.5-VL-3b  87.18 89.06 x X Xolsa e et 7835
Qwen2.5-VL-7b  85.73 92.19 x x X |s5.73 ajority Voting :
A =
lavavl.5-7h 91.56 92.81 X x 91.56 Decision Tree 74.75
llava-v1.5-13b 93.06 95.31 X X 9531  REVEAL (Ours) 95.31

through a large-model-based CoE framework significantly improves detection
accuracy compared with these rule-based approaches. While majority voting
and decision trees capture coarse consensus signals, they lack the capacity to
reason over nuanced forensic cues.

We further compare REVEAL with AIGI-Holmes in terms of explanation
quality. Appendix E presents a human preference study in which REVEAL is
preferred over prior methods by 26%. Appendix G evaluates multi-view faith-
fulness, and Appendix H compares REVEAL with both closed- and open-source
interpretability approaches, demonstrating consistent advantages.

5.5 Effectiveness of Expert-Guided CoE Annotations

To evaluate the effectiveness of expert guidance in dataset construction, we com-
pare expert-guided annotations with those generated directly by an LLM with-
out expert inputs. The comparison is conducted from three complementary per-
spectives (Figure . First, we evaluate annotation correctness. Expert-guided
annotations exhibit substantially fewer labeling errors compared to direct LLM
annotations, indicating reduced noise and improved reliability. Second, to as-
sess the reliability of the explanations, we specifically evaluate GAN-generated
images known to exhibit frequency-domain artifacts, examining whether the gen-
erated descriptions correctly identify abnormal signals (e.g. checkerboard arti-
facts). The expert-guided dataset consistently demonstrates more accurate and
technically grounded explanations. Third, we conduct a human review of 100
samples involving specialized forensic terms. Expert-guided annotations achieve
higher correctness and better terminology coverage than purely LLM-generated
annotations. Overall, expert-guided CoE annotation significantly improves ac-
curacy, interpretability, and domain alignment, which are critical for reliable
training and evaluation in synthetic image forensics.

5.6 Robustness to Unseen Perturbations

We evaluate robustness against common post-processing perturbations on the
REVEAL-Bench dataset. Specifically, we apply two typical post-processing op-
erations to the original test images: Gaussian blur (¢ = 1,2,3,4) and JPEG
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Impact of Expert-Labeled Dataset

Ours (REVEAL) NPR (CVPR 2024)

REVEAL-Bench REVEAL-Bench
100 100

80 80

Score (%)

60 60

Accuracy (%)

70 60 0 1 2 3 4

Accuracy Coverage Human-labeled 100 90 80
Quality Sigma

mmm With Expert Without Expert

Fig.5: Accuracy comparison between
methods under various perturbation con-
ditions.

Fig. 4: Comparison of labeling strategies.
Expert-guided annotations improve ex-
planation accuracy and coverage.

compression (quality = 90, 80, 70, 60). For each distortion level, we compare
REVEAL with the state-of-the-art baseline methods (see Figure [5)). We can ob-
serve that REVEAL consistently maintains stronger performance under different
perturbation severity, demonstrating improved robustness and better generaliza-
tion across post-processing variations.

6 Conclusion

We presented REVEAL, a reasoning-enhanced framework for explainable AI-
generated image detection. We introduced REVEAL-Bench, a dataset struc-
tured around expert-grounded forensic evidence with explicit chain-of-evidence
annotations under an evidence-then-reasoning paradigm. Building on this bench-
mark, we proposed a two-stage training framework with R-GRPO, which guides
multimodal LLMs to synthesize forensic evidence through structured reasoning,
improving detection accuracy, generalization, and explanation fidelity. Extensive
experiments demonstrate strong performance and robustness to unseen genera-
tors, advancing evidence-grounded reasoning for synthetic image forensics.
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