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Figure 1: Illustration of Examples: Comparison of pretrained PaliGemma2 (Steiner et al., 2024) multimodal large
language model’s (MLLM) DeepFake reasoning against our proposed FORGE framework on a face-manipulated
image (left) and a fully Al-generated image (right). The pretrained PaliGemma?2 fails to detect subtle inconsistencies
in the manipulated images, resulting in incorrect explanations. In contrast, FORGE provides accurate predictions
along with detailed, fine-grained reasoning for the detected manipulations.

Abstract

Forensic deepfake analysis demands more than
binary classification: investigators need region-
grounded natural language explanations they
can verify against the image. Multimodal large
language models (MLLMs) are a natural fit, but
pretrained MLLM:s fail systematically, produc-
ing globally coherent text that misses the small
localized cues defining manipulations. We ar-
gue this is an inductive bias problem rather than
a capacity issue: the image-text contrastive ob-
jective training MLLM visual encoders opti-
mizes for whole-image semantic summaries,
not patch-level forensic detail. The same mis-
match explains why prior deepfake reasoning
methods target either face manipulation or fully
Al-generated content, never both.

We propose FORGE, which addresses the mis-
match by routing a second visual stream into
the language model from a Vision-Only Model
(VOM) trained on dense patch prediction rather
than image-text alignment. The MLLM’s
native encoder and the VOM operate on a
shared patch grid, which lets us interleave
their tokens with preserved spatial correspon-
dence; we show this beats naive concatena-
tion. A two-stage adapter training protocol
(generic image-caption alignment, then joint
task-specific optimization) prevents the local-
ized stream from overfitting to training-domain
manipulations. Across face-manipulated and
fully synthetic content, FORGE produces region-
referential explanations answering fine-grained

attribute queries (“Does the eyes/nose/mouth
look real or fake?”’) and substantially outper-
forms in-domain baselines on cross-domain
evaluations; region-specific evaluation and hu-
man studies confirm explanation faithfulness.

1 Introduction

Generative models for images and video have be-
come both more accessible and more capable (Labs,
2024; Research, 2023; Wang et al., 2023a; Zheng
et al., 2024), producing manipulated content that
humans struggle to identify (Li et al., 2019; Thies
et al.,, 2019). The forensic response to this has
been a long line of detection methods that clas-
sify content as real or fake (Cheng et al., 2024;
Kundu et al., 2025). But in deployment settings,
a binary label is rarely sufficient. An investiga-
tor presented with a “fake” verdict needs to know
which regions of the image triggered the decision
and what about those regions looks manipulated, in
natural language they can verify against the image
itself. Naturally, we ask: can multimodal large
language models (MLLMs), optimized to describe
images in broad strokes, be redirected to identify
the small localized cues that define forensic manip-
ulations?

Recent work has explored using MLLMs for
DeepFake reasoning, but the literature has frac-
tured along the content type axis. One body of
work targets face manipulation, where a real face
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image is altered by face swap, expression trans-
fer, or attribute editing (Zhang et al., 2024; Chen
et al., 2024b; Sun et al., 2025a; Guo et al., 2025).
A separate body targets fully Al-generated con-
tent from text-to-image, text-to-video, or image-to-
video models (Song et al., 2024; Yang et al., 2025).
The two lines have proceeded essentially indepen-
dently, with different datasets, different architec-
tural choices, and different evaluation protocols. To
our knowledge, no prior MLLM-based DeepFake
reasoning method jointly addresses both content
categories within a single framework.

This bifurcation is not coincidental. Pretrained
MLLMs, evaluated on either task, fail in a spe-
cific and consistent way: they produce globally
fluent descriptions that miss the small localized
cues that distinguish manipulated from authentic
content (Figure 1). We argue this is not a capacity
issue, since using larger MLLMs for the problem
does not resolve it (Jia et al., 2024), but an induc-
tive bias issue. The image-text contrastive objec-
tive used to train MLLM visual encoders (CLIP
(Radford et al., 2021), SigLIP (Zhai et al., 2023),
and variants) optimizes representations for whole-
image semantic summarization, the wrong target
for forensic reasoning where the evidence lives in
localized patches (Dahou et al., 2025; Tong et al.,
2024). Naively fine-tuning the MLLM on foren-
sic data papers over this on in-domain test sets but
does not transfer across content categories or across
manipulation types within a category.

We propose FORGE, which addresses the induc-
tive bias mismatch directly. Rather than relying on
the MLLM’s contrastive encoder alone, we route
a second visual stream into the language model
from a Vision-Only Model (VOM) trained on dense
patch prediction rather than image-text alignment,
an encoder whose features are inherently localized
by construction. The two streams are fused through
a token-interleaved combination at a shared patch
grid, which preserves spatial correspondence in a
way that naive concatenation does not (Table 2).
A lightweight adapter aligns the VOM stream to
the LLM’s embedding space, trained in two stages:
first on generic image-caption data to establish gen-
eral visual-linguistic alignment, then jointly with
the LLM on forensic data. The first stage prevents
the adapter from overfitting to training-domain
manipulation patterns; ablating it collapses cross-
domain performance (Table 3). Because the VOM
stream operates at patch resolution and is decou-
pled from face-cropping preprocessing, the same

(a) DD-VQA (b) DVF
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Figure 2: Comparison of FORGE and state-of-the-art
DeepFake reasoning methods on two benchmarks. (a)
DD-VQA (Zhang et al., 2024) (face-manipulated) and
(b) DVF (Song et al., 2024) (fully Al-generated): Axis
markings indicate the actual scores for Accuracy and
scaled scores for BLEU-4, and ROUGE-L, and CIDEtr.
FORGE consistently outperforms competitors across all
explanation and detection metrics, despite their special-
ization for face manipulation in (a) and significantly
outperforms pretrained and simple finetuned MLLMs
in (b), showing that our strategic grounding is essential
for reasoning.

framework handles face-manipulation cues (asym-
metric eyes, blending artifacts) and fully-synthetic
cues (implausible textures, scene-level inconsis-
tency) without separate architectures or training
pipelines.

The contributions of this work are as follows.

* We diagnose a systematic failure mode of pre-
trained MLLMs on DeepFake reasoning and
trace it to the image-text contrastive train-
ing of their visual encoders, an inductive
bias problem rather than a capacity problem,
not addressable by scale or naive fine-tuning
alone.

* We propose a dual-stream visual pathway that
pairs the MLLM with a Vision-Only Model
(VOM) trained on dense patch prediction,
using token-interleaved fusion at a shared
14 x 14 patch resolution to preserve spatial cor-
respondence; we show that this spatial align-
ment, not the combination of encoders alone,
is what enables region-referential generation.
We show that two-stage adapter training (gen-
eral visual-linguistic alignment, followed by
joint task-specific optimization) is necessary
to preserve cross-domain generalization, ab-
lating each stage to demonstrate the specific
failure modes it prevents.

FORGE is the first MLLM-based DeepFake
reasoning framework to address both face-
manipulated and fully synthetic content within
a single architecture. We validate it through
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region-specific evaluation (eyes, nose, mouth
for face manipulation; lighting, shadows, tex-
tures for fully synthetic content), human stud-
ies of explanation faithfulness, and cross-
domain detection accuracy that outperforms
methods trained in-domain on the evaluation
datasets.

2 Related Work

Detection without Reasoning: Early Deep-
Fake detection methods (Li, 2018; Yang et al.,
2019) struggled with cross-dataset generaliza-
tion, a problem subsequently addressed through
identity-disentangled features (Dong et al., 2023),
frequency-domain analysis (Corvi et al., 2023a,b),
and reconstruction-based scores (Wang et al.,
2023b). UNITE (Kundu et al., 2025) is the
only method explicitly designed for both face-
manipulated and fully synthetic content, using a
transformer with attention-diversity loss, but like its
predecessors it produces only binary labels. A sep-
arate thread surfaces detector decisions through vi-
sual saliency: Grad-CAM analyses (Tantaru et al.,
2024; Xu et al., 2022) highlight regions of high
gradient response, and identity-prototype meth-
ods (Aghasanli et al., 2023) localize manipulations
through distances to known identities. Both are
limited as forensic tools: heatmaps are spatially
coarse and show where the model attended rather
than what is wrong, and prototype methods gen-
eralize poorly outside training identities. None of
these approaches produce the natural language ex-
planations one can verify against the image.

Face Manipulation Reasoning: One body of work
targets face-manipulation DeepFakes (face swap,
expression transfer, attribute editing) and gener-
ates natural language explanations through fine-
tuned MLLMSs. Early attempts evaluated GPT-4V
(Achiam et al., 2023) and Gemini-1.0 (Anil et al.,
2023) in zero-shot settings (Jia et al., 2024; Shi
et al., 2024), finding that off-the-shelf MLLMs
underperform task-specialized detectors. Subse-
quent methods finetune on annotated DeepFake
data: DD-VQA (Zhang et al., 2024) finetunes BLIP
(Li et al., 2022); X2-DFD (Chen et al., 2024b) fine-
tunes LLaVA (Liu et al., 2024); VLFFD (Sun et al.,
2025a) uses visual-language prompts to guide de-
tection; M2F2-Det (Guo et al., 2025) combines
CLIP with a Vicuna-7b decoder; ForgerySleuth
(Sun et al., 2025b) adds a trace encoder for MLLM-
based manipulation analysis; FFAA (Huang et al.,

2024) proposes a multi-answer decision system
for open-world face forgery analysis; and Fake-in-
Facext (Qin et al., 2025) introduces a fine-grained
facial concept tree for attribute-level explanation.
These methods share two limitations relevant to
our setting: they detect and crop faces as a pre-
processing step (assuming a front-view face is al-
ways visible), and they are evaluated only on face-
manipulated content and cannot describe the scene-
level cues that define fully synthetic images.
Synthetic Content Reasoning: A symmetric
body of work targets fully Al-generated content
from text-to-image (T2I), text-to-video (T2V), and
image-to-video (I2V) models, where manipulations
affect entire scenes rather than localized regions.
MM-Det (Song et al., 2024) finetunes LLaVA (Liu
et al., 2024) on diffusion-generated video with
text annotations to generate explanations. HEIE
(Yang et al., 2025) produces hierarchical implau-
sibility heatmaps with occasional textual descrip-
tions, committing primarily to spatial output. More
recent work explores preference optimization with
auxiliary visual experts for Al-generated image
detection (Zhou et al., 2025) and two-stage scan-
and-zoom strategies that locate suspicious regions
before generating verdicts (Ji et al., 2025). Sym-
metrically to the face-manipulation methods, these
systems are evaluated only on fully synthetic con-
tent and do not detect or explain face-manipulation
cues that affect a small region of an otherwise au-
thentic image.

Positioning of FORGE: The two bodies of work
above have proceeded essentially independently,
training on different datasets, using different ar-
chitectures, and reporting different evaluation pro-
tocols. To the best of our knowledge, no prior
MLLM-based DeepFake reasoning method ad-
dresses both content categories within a single
framework. We argue in Section 1 that this bifurca-
tion reflects the inductive bias mismatch of MLLM
visual encoders rather than coincidence. Two re-
cent methods come close to a unified treatment
and warrant explicit positioning. FakeShield (Xu
et al., 2025) covers Photoshop tampering, Deep-
Fake attribute editing, and partial AIGC inpainting
(a real image with a region redrawn by Stable Dif-
fusion), but does not address fully synthetic content
where the entire image is generated from scratch
(T2L, T2V, 12V). IVY-FAKE (Jiang et al., 2025) uni-
fies image and video Al-generated content detec-
tion with natural language explanations, but is not
evaluated on face-manipulation benchmarks where
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Figure 3: Architecture of FORGE: The framework routes two visual streams with complementary inductive biases
into the language model. The contrastive encoder €2 (VLM) supplies global semantic features that are natively
compatible with the LLM, while the vision-only model ® (VOM) supplies dense patch features through a learnable
adapter A that maps them into the LLM’s embedding space. The two streams operate on a shared patch grid, which
lets us combine them via spatial-correspondence-preserving fusion (right) without learned fusion layers. Training
proceeds in two stages: visual representation alignment (left), where A is calibrated on general image-caption
data with the LLM frozen, then task-specific grounding (center), where A and the LLM are jointly optimized on
language-annotated deepfake data. The same architecture handles face-manipulated and fully Al-generated content.

a real face is altered. FORGE addresses the orig-
inal bifurcation directly: face-manipulation cues
that affect small regions of otherwise authentic im-
ages, and synthesis cues that affect entire scenes,
within a single architecture trained on a single set
of language-annotated data.

3 Proposed Method

3.1 Problem Setup

Unlike existing methods (Chen et al., 2024b; Zhang
et al., 2024; Sun et al., 2025a; Guo et al., 2025)
that focus solely on face-manipulated DeepFakes,
our model provides a unified framework for ex-
plainability in both face-manipulated and fully Al-
generated images. Given an image 7 € RH*Wx3
and a question Q related to DeepFake detection,
the objective of our model is to generate a detailed
answer (ground truth answer: £) that determines
whether the image is real or manipulated and pro-
vides an explanation for the decision. Our goal is
to find the optimal parameters ¢ of our model fy
that minimize the following objective function:

S Lf(T,9.8) )

(Z7,2,£)eD

arg min

where D is our training dataset of image-question-
explanation triplets, and £ is a loss function mea-
suring discrepancy between generated and ground
truth explanations. This formulation enables our
model to learn accurate, detailed explanations for
DeepFake images.

3.2 Complementary Visual Inductive Biases

As argued in Sec. 1, the failure mode of pretrained
MLLMs on this task is an inductive bias mismatch:

a visual encoder optimized for whole-image align-
ment with captions cannot reliably surface the
patch-level cues that define face manipulations. We
respond architecturally rather than by scaling. We
leave the MLLM’s native visual stream untouched
and route a second stream into the language model
from a VOM trained on dense patch prediction.
The two streams are chosen for their structurally
different training objectives, not as redundant fea-
ture extractors.

Global Context: The MLLM’s native visual en-
coder (§2) is trained with image-text contrastive
loss, which optimizes representations for whole-
image alignment with caption embeddings. This
objective is well-suited to scene-level reasoning,
the level at which fully synthetic content typically
reveals itself: composition, lighting, object arrange-
ment, and semantic plausibility. ) partitions Z into
non-overlapping p X p patches and produces,

.FQ — Q(IHXWX3) e Rnthﬂ, (2)

where n; = M These n; tokens carry the holis-
tic scene signal that the LLM already consumes
natively, so we route them into the language model
directly without transformation.

Localized Context: Contrastive training com-
presses per-patch detail in service of whole-image
alignment, which is what produces the systematic
blindness to small localized cues documented in
Figure 4: asymmetric eyes, unnaturally curved
nose lines, faint blending boundaries. A model flu-
ent on global semantics but blind on local patches
will reliably miss the evidence that defines face-
manipulation cues, even after task-specific finetun-
ing (Table 2). We address this by routing a second
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“ Does the image look real or fake?
Question
5 @
The image looks real. The person has complete face features. y
Those features are in good shape, size, and positioning. Pretrained
MLLM

x Missed Attributes: eyes,mouth x

The image looks fake. The eyes seems unnaturally v

asymmetric. The mouth is not aligned correctly with the face. FORGE

" Does the image look real or fake?

The image looks real. The person has complete face features. —

Those features are in good shape, size, and positioning. e
MLLM

9 Missed Attributes: nose, blending artifacts xé
The image looks fake. The nose seems fake as it is. v @

unnaturally curved. There are blurry artifacts on the skin =
which occurs from blending inconsistencies. FORGE

Figure 4: Pretrained MLLMSs miss the small localized
cues that define faceial DeepFakes. FORGE surfaces them
by routing a dense-prediction stream into the language
model alongside the contrastive stream.

stream into the language model from a VOM (®)
trained on dense patch prediction. Self-supervised
dense prediction optimizes for patch-level distinc-
tiveness rather than caption alignment, preserving
the localized signal that contrastive training dis-
cards. ® also operates by partitioning input Z into
non-overlapping p X p patches and produces,

fq> _ (I)(ZHXWX3> e Rntxdé' (3)

These n; patch tokens are language-unaligned by
construction (® has never been trained against
text), which motivates the cross-modal adapter in-
troduced in Sec. 3.3. Critically, both encoders op-
erate on the same p x p patch grid: the i-th token
in Fq and the i-th token in Fg describe the same
spatial region. This shared grid is what makes
spatial-correspondence-preserving fusion possible.

3.3 Spatial-Correspondence-Preserving
Fusion

Fusing the two streams faces two structural chal-
lenges that distinguish this setting from generic
multimodal fusion. First, the streams live on dif-
ferent manifolds by design: Fq, is aligned with the
LLM’s caption-trained embedding space, while Fg
is shaped by dense patch prediction and language-
unaligned. Second, they describe the same image
at the same spatial resolution: the i-th token of
each stream corresponds to the same image patch
(Sec. 3.2). A fusion design that ignores either fact
will perform suboptimally. We address each below.
Adapter: Cross-Manifold Projection. F, already
lives in the LLM’s input space and is consumed di-
rectly. Fg requires a projection, but generic dimen-
sion matching is not sufficient: the adapter must

move features from a manifold optimized for patch-
level distinctiveness into a manifold optimized for
whole-image alignment with captions, without col-
lapsing the patch-level distinctions that motivated
routing the VOM into the model in the first place.
We instantiate A as a lightweight learnable map,

Fa = A(Fp) € R¥da, 4)

and observe that how A is trained matters more
than how it is parameterized: the two-stage pro-
tocol in Sec. 3.4 is what gives A its locality-
preserving behavior, and without it the same ar-
chitecture collapses (Table 3).

Token-Aligned Interleaving: With F and F 4 in
a common embedding space, the remaining ques-
tion is how to combine them. The obvious choice
is concatenation along the token dimension,

Fe = FollFa € R¥x%, (3)

Concatenation is lossless, but it discards the struc-
tural fact from Sec. 3.2 that Fq[i] and F4[i] de-
scribe the same spatial region. Under concatena-
tion, this correspondence has to be recovered by
the LLM through learned attention across a token
distance of n; positions. A design that honors the
shared grid by construction avoids this. We inter-
leave the streams token by token,

o F, k=251
Fl, k=2j

1= (6)
je{,2,... n ke {1,2,...,do}

The contrastive and dense-prediction views of ev-
ery spatial region now appear as adjacent tokens.
The LLM no longer has to learn which global to-
ken corresponds to which local token; the answer
is given by position. This design adds no learnable
parameters, so the gain over concatenation in Ta-
ble 2 cannot be attributed to additional capacity: it
is the inductive bias of the fusion operator itself.

3.4 Disentangled Adapter Training

The adapter 4 has two purposes: align Fg with
the LLM’s input space (a general visual-linguistic
problem), and preserve patch-level distinctive-
ness through the projection (a forensic problem,
since it is this distinctiveness that surfaces face-
manipulation cues). Optimizing both jointly on
DeepFake data alone couples them: the adapter
learns whichever projection minimizes loss on the
training distribution, which is typically a shortcut
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that ties locality to a small set of manipulation pat-
terns and does not generalize. We decouple the
two goals by training in two stages. Stage 1 es-
tablishes general visual-linguistic alignment before
any DeepFake data is seen, and Stage 2 specializes
the now-aligned adapter and LLM jointly on the
forensic task. Table 3 confirms that removing ei-
ther stage, or collapsing them into a single joint
run, degrades performance significantly.

Visual Representation Alignment: We train A
on the LCS-558K image-caption corpus (Liu et al.,
2024) with the LLM frozen, optimizing L1y (de-
fined below) over standard caption generation. This
stage sees no DeepFake data, no forensic vocab-
ulary, and no region-level supervision. Its only
objective is to teach .A how to map Fg into a space
the language model can consume, using whatever
visual concepts a generic caption corpus contains.
The result is an adapter aligned to language at the
manifold level, before it is asked to surface any
task-specific cue. Skipping this stage (No gen-
eral pre-adaptation in Table 3) collapses cross-
domain performance, because A has no general
visual-linguistic alignment to fall back on when the
task distribution shifts.

Task-Specific Grounding: With A now language-
aligned, we unfreeze the LLM and jointly opti-
mize A and the LLM on language-annotated Deep-
Fake data. A remains trainable rather than frozen:
freezing it (No task-adaptive refinement in Table 3)
leaves the adapter unable to specialize its projec-
tion for forensic attributes, and forensic precision
drops accordingly. The joint update lets the adapter
sharpen its locality-preservation in directions that
matter for the task while the LLM learns the corre-
sponding linguistic mapping. Collapsing Stage 1
and Stage 2 into a single joint run on DeepFake
data (Joint training only) achieves a middle out-
come: the adapter has no foundational alignment
to anchor it, so its task specialization is tied to ma-
nipulation patterns in the training set and transfers
poorly across content categories.

Loss Objective: Both stages share the same au-
toregressive language-modeling loss. For each ex-
ample, the question Q and reference answer &£ are
tokenized as

7;)reﬁx = T(Q)a 7;eparat0r = 7—(“\””)7 N
7;ufﬁx = T(g)a T = %reﬁx”%eparator”%ufﬁx‘

Cross-entropy is computed only over answer
tokens, enforced by a loss mask M =

[0] ‘Ereﬁx|+|7§eparalor| ” [1] ‘,Eufﬁx| . 7;)reﬁx attend bidirec_
tionally and 7Tgx attend causally to support au-
toregressive generation. The objective is, thus,

T i i
L:|1 loss IOg P(T )

ST M

loss

NS

Liim = —

where P(-) is the model’s predicted distribution
over tokens. At inference, only Tpefix is pro-
vided and the model generates responses autore-
gressively.

4 Experiments

Training & Evaluation Protocol: FORGE is
trained on DD-VQA (Zhang et al., 2024) (face-
manipulated FF++ (Rossler et al., 2019) with lan-
guage annotations) and DVF (Song et al., 2024)
(fully synthetic, language-annotated). Detection
performance is also evaluated cross-domain on
CelebDF (Li et al., 2020) and DF40 (Yan et al.,
2024b) (face-manipulated) and DeMamba (Chen
et al., 2024a) (fully synthetic), which lack language
annotations. Dataset details are in §A1; implemen-
tation details (hardware/software) in §A2.

For each example, we report (i) an LLM-as-a-
judge accuracy that uses Gemini-1.0 (Anil et al.,
2023) to check whether the model’s verdict (real
vs. fake) agrees with the reference; and (ii) standard
generation metrics BLEU-3, BLEU-4, ROUGE-L,
and CIDEr against the reference explanation, fol-
lowing (Chen et al., 2024b; Zhang et al., 2024).
These two families of metrics are necessary but
not sufficient. The binary judge captures whether
conclusions agree, not whether the supporting rea-
soning is faithful, and n-gram metrics correlate
weakly with human judgments of explanation qual-
ity (Novikova et al., 2017). We therefore comple-
ment them with a dedicated explanation-quality
evaluation: a three-annotator human study on 300
stratified samples scoring faithfulness, specificity,
and forensic helpfulness; a rubric-based GPT-40
judge calibrated against the human ratings (Pearson
r > 0.76 on every dimension) and applied at full
scale; and a faithfulness analysis that quantifies hal-
lucinated region and attribute claims. Full protocol,
instructions, and detailed results are in §A3.
State-of-the-art Comparison: Table 1 com-
pares FORGE against baselines on DD-VQA
(face-manipulated) and DVF (fully synthetic).
MLLM-based reasoning baselines exist only on
the face-manipulated side (BLIP-TI, X2-DFD,
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Table 1: SOTA Comparison. The competitor methods
are specifically designed for either face-manipulation or
synthetic data reasoning. However our FORGE frame-
work is designed for generalized reasoning on both
face-manipulated and synthetic content, and still out-

Table 2: Architectural ablations on FORGE’s vision
pathway. From a pretrained MLLM (capacity base-
line), through single-stream and dual-stream variants,
to spatial-correspondence-preserving fusion. Best and

second-best performances are marked.

: : _ Dataset Configuration | Accuracy 1 | BLEU-3 | | BLEU-4 | | ROUGE-L | | CIDEr |
performs in both categorles . Best and second-best Pretrained MLLM 11.50% 0.0000 | 0.0000 00218 02610
* y 199 4012 . .5633 .
performances are marked. *-marked methods were run Dvos | NI TY | Gows | s | oans | omsn | soms
. . . . (hang etal. 2024) | cooce oo (e | 93s6% | 04497 0286 | oi0ls | 24193
using official implementation and model weights. FoRE (7 ST O M W
Dataset [ Method [Accuracy [ AUC [ BLEU-4 [ ROUGE-L | CIDEr Pretrained MLLM 33.07% 0.0000 0.0000 0.0034 0.0001
Face Manipulated Data MLLM only (Fo) 79.88% 03142 | 03839 04877 18629
XeeptionNet-BLIP-TI (Zhang ctal., 2024) | 89.25% | 92.24% DVE VOM only (F) 77.61% 03077 03786 04873 17465
HifiNet (Guo et al,, 2023) 89.16% | 92.10% (Song etal. 2024) | copee w/concat. (Fo) | 92.81% 03614 04261 05234 21605
HifiNet BLIP-TI (Zhang et 4 91.25% | 95.14% FORGE (F) 9447% | 03786 04279 05338 21744
RECCE (Cao et 91.03% | 95.02%
RECCE-BLIP (71 89.22% 93.71%
92.08% | 95.36% | - - -
DD-VQA 81.68% - 03569 | 05664 | 1.8177 . .
(Zhang et al., 2024) - 83.65% . 03714 | 05774 | 18715 .
BLIP-I (Zhan 2024) 84.87% - 03800 | 05882 | 1.8931 Table 3: Ablation on Adapter Conﬁguratlons.
BLIP-TI (Zhang et al,, 2024) §7.49% ) 04075 | 06085 20567 Dataset [ Adapter Settings | Accuracy | | BLEU-3 | | BLEU-4 { | ROUGE-L | | CIDEr |
X2-DFD (Chen et al., 2024b) - - 02030 | 01550 | 0.0270 Face-Manipulated Data
ForgerySleuth” (Sun ct al., 2025b) 89.42% | 93.18% | 03812 | 0.5854 | 19486 No general pre-adaptation | 79.13% | 03017 | 02975 05113 15812
FakeShicld* (Xu ct al., 2025) 9085% | 9391% | 03947 | 05982 | 20143 DD-VQA No taskcadaptive refinement | $636% 03964 | 0.3897 05712 2.0447
FORGE 94.12% 95.39% 0.4304 0.6285 2.6321 (Zhang et al., 2024) (17.43%) (10.0947) (10.0922) (10.0599) (10.4635)
Synthetic Data Yot triaing anly 90371% | 04107 | 0.4066 06015 23186
CNNDet (Wang et al., 2020) B T8.20% ’ (13.81%) | (10.0143) | (10.0169) | (10.0303) | (10.2739)
DIRE (Wang etal., 2023b) E 62.10% FORGE 94.12% | 04649 | 04304 0.6285 2.6321
(Cozzolino et al., 2024) - 67.00% (13.75%) | (10.0542) | (10.0238) | (10.0270) | (10.3135)
UNLED (Ojha et al., 2023) . 74.10% Synihetic Data
F3Net (Qian et al., 2020) - 81.30% No general pre-adaptation | 74.39% | 02317 | 02815 04014 10961
DVE VIVIT (Amnab et al., 2021) - 79.10% DVF No task adanive refinement | 893% | 03173 | 03681 0.4846 1.6820
(Song et al., 2024) TALL (Xu et al., 2023) - 69.50% (Song et al., 2024) ” P! (114.84%) | (10.0856) | (10.0866) (10.0832) | (10.5859)
= TS2-Net (Liu et al., 2022) - 72.10% 92.11% 0.3350 0.3875 0.4972 1.8988
DE-FAKE (Sha et al., 2023) - 72.10% Joint training only (12.88%) | (10.0177) | (10.0194) | (10.0126) | (10.2168)
HifiNet (Guo et al., 2023) - 84.30% 94.47% 0.3786 0.4279 05338 21744
DVF (Song et al., 2024) - 200 - - - FORGE (12.36%) | (10.0436) | (10.0404) | (10.0366) | (10.2756)
FakeShield" (Xu et al., 2025) 88.74% | 89.83% | 03924 | 04985 19482
FORGE 9447% | 95.82% | 04279 | 05338  2.1744

ForgerySleuth), reflecting the literature bifurca-
tion; on the synthetic side, our reasoning-metric
competitors are detection-only methods. The
single baseline that operates on both regimes is
FakeShield (Xu et al., 2025), which scores reason-
ably on DD-VQA (90.85% accuracy, 2.01 CIDEr)
but lags on DVF (88.74% accuracy, 89.83% AUC,
1.95 CIDEr), illustrating that near-unified treat-
ments still leave a coverage gap. FORGE leads
on every metric on both datasets: +3.27% accu-
racy and +0.62 CIDEr over FakeShield on DD-
VQA, and +5.73% accuracy, +5.99% AUC, and
+0.23 CIDEr on DVE. Cross-domain detection re-
sults on CelebDF, DF40, and DeMamba (in §A4)
show FORGE outperforming competitors evaluated
in-domain despite being itself evaluated purely
cross-domain.

Architectural Ablations: Table 2 walks five con-
figurations from the off-the-shelf MLLM up to the
full FORGE system, each falsifying a successively
stronger “simpler explanation” for the gains. The
off-the-shelf MLLM scores 11.50% accuracy on
DD-VQA and 33.07% on DVEF, well below the
50% binary baseline and consistent with the zero-
shot failures reported in (Jia et al., 2024): scale
alone does not solve the task. Finetuning the same
MLLM on DeepFake reasoning data with no sec-
ond stream (naive grounding, the Fq-only row)
lifts performance to 88.19% / 79.88%; adding the
VOM stream is what closes the remaining gap to
the full system, contributing +5.9 / +14.6 accu-
racy points on DD-VQA / DVF. The single-stream

VOM baseline (F_4-only) shows the opposite asym-
metry: stronger on DD-VQA (90.45%, where face
manipulations are localized patches) and weaker
on DVF (77.67%, where scene-level cues matter),
confirming that neither inductive bias is sufficient
alone. Combining the two streams via concate-
nation (F¢) closes most of the gap to 93.56% /
92.81%, but token-aligned interleaving (F1, ours)
extracts a further 0.6-1.7 points on the same data,
the same encoders, and the same training pipeline.
Since interleaving adds zero learnable parameters,
this final gain cannot be attributed to capacity; it is
the spatial alignment of the fusion operator itself,
as argued in Sec. 3.3.

Adapter Ablation: Table 3 tests the two-stage
training protocol against three alternatives: skip-
ping the foundational alignment stage (adapter
trained only on DeepFake data; No general
pre-adaptation), skipping the task-specific stage
(adapter pretrained on LCS-558K but frozen during
downstream training; No task-adaptive refinement),
and collapsing the two stages into one (adapter and
LLM jointly optimized on DeepFake data from
scratch; Joint training only). Each maps to a spe-
cific prediction from Sec. 3.4, and each underper-
forms in the way that prediction implies. Remov-
ing the foundational stage costs the most: 79.13%
/ 74.39% on DD-VQA / DVF, the largest gap to
the full system, because the adapter has no general
visual-linguistic alignment to fall back on when the
task distribution shifts. Freezing the adapter after
the foundational stage reaches 86.56% / 89.23%;
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Question

Does the image look real or fake?

The image looks fake due to unnatural color saturation and «@
brightness. It looks like an Al-generated image for animation. or
There is no clear evidence of manipulation §unna(uml elements in the image. The textures, @

reflections, shadows, and colors appear consistent with a real-life scene. Based on the analysis,

; o n . 2 Pretrained
there's no reason to suspect this image is a spoof. = e

MLLM

The image looks fake. It looks like a computer-generated artist styled image for animation, @
typically used in CG lighting and shadowing. The overall color saturation of the image feels =
strangely vivid, as if the brightness and contrast have been artificially adjusted. 2

LA

Question

Does the image look real or fake?

v v
The image looks fake. The man has mismatched eyes and the ﬁ
mouth has blending artifacts. & GT
The image shows a man wearing a brown hat. The image is likely a real photograpﬁccuusc Q
there are no visible signs of manipulation. The man has full face features and the lighting seems
consistent. 3
v <
The image looks fake. The mouth of the subject looks edited. The eyes and eyebrows of the

subject does not match. Based on these evidence, it is likely that the image is generated by Al

Pretrained
MLLM

Figure 5: Examples demonstrating the DeepFake relevance of the responses generated by FORGE compared to a
pretrained MLLM (PaliGemma2). FORGE not only enhances accuracy on DeepFake detection, but also improves
relevance to the task providing finegrained reasoning. Additional examples in §A6

Table 4: Faithfulness and hallucination analysis.
RHR: Region Hallucination Rate (fraction of explana-
tions referencing an authentic region as manipulated).
AHR: Attribute Hallucination Rate (fraction of attribute
claims unsupported by ground-truth attribute labels). FP:
Forensic Precision (fraction of attribute claims on fake
images that align with annotated manipulation cues).
FORGE cuts RHR by more than 2x over the strongest

baseline on both datasets.
Dataset Method

RHR| AHR| FP?

Table 6: Fusion strategy ablation: Alternative parame-
terized fusion mechanisms compared to token-aligned
interleaving on DD-VQA, holding all other components
of FORGE fixed. Interleaving matches or outperforms
every parameterized alternative while adding zero learn-
able parameters.

Fusion Strategy Added Params | Accuracy 1 | BLEU-4 1 | CIDEr 1
Q-Former ~12M 93.10% 0.4190 2.5100
Cross-attention ~4M 93.80% 0.4270 2.5800
Gated fusion ~1M 93.70% 0.4250 2.5900
Interleaving (ours) 0 94.12% 0.4304 2.6321

64.3%
39.7%
36.4%
41.2%
28.9%
12.7%
58.7%
38.6%
352%
30.1%
15.4%

71.2% 18.4%
43.8%  50.1%
40.2%  53.6%
45.6%  48.7%
31.5% 67.8%
14.3% 84.6%
66.4%  22.1%
42.1% 51.8%
389% 55.4%
33.8% 64.2%
17.2% 81.3%

Pretrained PaliGemma?2 (Steiner et al., 2024)
ForgerySleuth (Sun et al., 2025b)
FakeShield (Xu et al., 2025)

BLIP-TI (Zhang et al., 2024)

Grounded PaliGemma2 (no VOM)

FORGE

Pretrained PaliGemma?2 (Steiner et al., 2024)
FakeShield (Xu et al., 2025)

MM-Det (Song et al., 2024)

Grounded PaliGemma2 (no VOM)

FORGE

Table 5: VOM ablation: Replacing DINOv2 with MAE
(ViT-L/14) isolates the contribution of dense patch pre-
diction as a training paradigm from the specific choice
of encoder. Both dense-prediction encoders substan-
tially exceed the contrastive-only baseline (row-1), and
DINOV2’s small residual advantage is consistent with
feature-space over pixel-space reconstruction.

Fq only (no VOM) 0.3768 0.5633 0.3839 0.4877 1.8629 -

MAE ViT-L/14 0.4143 0.6104 0.4142 0.5187 2.1105 304M
DINOV2 ViT-L/14 (ours) 0.4304 0.6285 0.4279 0.5338 2.1744 304M

DD-VQA (Zhang et al., 2024)

DVF (Song et al., 2024)

Params

2.1478
2.5391
2.6321

the alignment is in place but the adapter cannot
sharpen its projection for forensic attributes. Col-
lapsing the two stages reaches 90.37% / 92.11%,
the closest to FORGE and the most informative com-
parison: the adapter has access to all the same data
but couples the alignment and specialization jobs,
and the remaining 2-4% gap is what disentangling
them recovers.

VOM Ablation: The architectural argument in
Sec. 3.2 attributes the second stream’s contribution
to dense patch prediction as a training paradigm,
not to DINOv2 specifically. Table 5 tests this
claim by replacing DINOv2 with MAE (ViT-L/14,
ImageNet-pretrained), keeping every other compo-
nent of FORGE identical. MAE shares DINOv2’s
patch-level supervision paradigm (masked patch re-
construction) but reconstructs in pixel space rather

than feature space and lacks DINOv2’s multi-crop
student-teacher stabilization. MAE recovers most
of DINOv2’s gain over the contrastive-only Fq
baseline (within 2-4% relative on every metric on
both datasets), and both dense-prediction encoders
substantially exceed Fq alone. This confirms that
the gain comes from the dense patch prediction
paradigm itself: any encoder whose training objec-
tive preserves per-patch distinctiveness supplies the
localized signal the contrastive encoder discards.
DINOvV2’s small residual advantage over MAE is
consistent with feature-space reconstruction pre-
serving semantic patch distinctions that pixel-space
reconstruction does not, but the effect is second-
order compared to the paradigm switch from con-
trastive to dense-prediction training.

Fusion Strategy Ablation: Table 6 compares
token-aligned interleaving against three parame-
terized alternatives on DD-VQA: cross-attention
(learned key/value projections between streams), Q-
Former (compressive cross-modal projection), and
gated fusion (per-token learned gates). All three
underperform interleaving despite adding capacity,
and Q-Former, the fusion strategy behind BLIP-2
and InstructBLIP, underperforms most. This iso-
lates the contribution to the fusion operator’s induc-
tive bias rather than to any learned combination:
preserving spatial correspondence by construction
beats learning to recover it.

Region-Referential Reasoning: Detection accu-
racy can be high for the wrong reasons, so we
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directly evaluate whether FORGE’s explanations are
faithful to the image and specific enough to be
forensically useful. Three annotators (calibrated
with a 90-minute domain expert session) rate 300
stratified samples on faithfulness, specificity, and
forensic helpfulness (1-5 Likert; Krippendorft’s
a > 0.68; full protocol in §A3). Table A3 re-
ports the results. FORGE leads every baseline on
every dimension on both datasets, with the largest
gains on specificity and forensic helpfulness (+0.77
and +0.65 over the grounded PaliGemma?2 abla-
tion on DD-VQA, with comparable margins on
DVF), the dimensions most directly tied to region-
referential reasoning. We complement perceived
quality with an objective check: Table 4 reports
the rate at which generated explanations halluci-
nate manipulated regions (RHR) or unsupported
attribute claims (AHR), and the precision of at-
tribute claims on manipulated images (FP). FORGE
reaches RHR of 12.7% / 15.4% on DD-VQA /
DVE, less than half the next-best baseline (28.9%
/30.1%), and lifts forensic precision past 80% on
both datasets. The grounded PaliGemma?2 abla-
tion, which removes only the VOM stream, re-
tains the higher hallucination rates, confirming that
detection-finetuning alone does not produce faith-
ful reasoning. A per-region breakdown across face
attributes (eyes, nose, mouth, etc.) and scene as-
pects (lighting, shadows, textures, etc.) is in §A7.

Qualitative Results: Figure 5 shows side-by-side
reasoning from a pretrained MLLM (PaliGemma?2)
and FORGE on face-manipulated and fully synthetic
inputs. The pretrained MLLM produces fluent but
generic descriptions that miss the manipulation: a
face-swap with mismatched eyes is described as
having “complete face features... in good shape,
size, and positioning,” and an Al-generated scene
is read as a real photograph. FORGE identifies the
specific region and the specific attribute that de-
fines the manipulation, naming asymmetric eyes,
blending artifacts on the skin, mismatched mouth
alignment, and unnaturally vivid color saturation
as appropriate. The failure mode of the pretrained
MLLM and the success mode of FORGE on the same
inputs are the qualitative analogue of the quantita-
tive gap in Tables 4 and A3. Additional examples
are in $AG.

5 Conclusion

We presented FORGE, an MLLM-based framework
for DeepFake reasoning that addresses an induc-

tive bias mismatch in pretrained MLLM visual en-
coders: contrastive training optimizes for whole-
image alignment with captions, not the patch-level
cues that define forensic manipulations. FORGE
routes a second stream into the language model
from a vision-only model trained on dense patch
prediction, fuses the two streams at a shared patch
grid via spatial-correspondence-preserving inter-
leaving, and trains the adapter in two disentan-
gled stages. A single architecture handles both
face-manipulated and fully Al-generated content,
outperforming specialized baselines on each, with
region-referential explanations whose faithfulness
is confirmed by human evaluation and a halluci-
nation analysis. The prior literature’s bifurcation
between these two content categories reflects this
inductive bias problem rather than an inherent dif-
ference between the regimes; resolving the mis-
match lets a single framework cover both.

Limitations

FORGE focuses on image-level DeepFake reasoning
and does not model temporal anomalies in videos.
Extending the framework to video is a natural direc-
tion: the dual-stream design and interleaving fusion
generalize to per-frame or per-clip inputs without
architectural change, and the primary constraint
is the current absence of publicly available bench-
marks with frame-level or temporal textual annota-
tions for DeepFake forensics. As such benchmarks
emerge, FORGE’s architecture is well-positioned to
extend directly.

Our evaluation is anchored on the two publicly
available datasets that provide language-annotated
DeepFake reasoning supervision at scale, DD-VQA
(face manipulation) and DVF (fully synthetic con-
tent). Together these span the two dominant manip-
ulation regimes we set out to unify, and our results
demonstrate strong performance across both. Ma-
nipulation categories outside these two regimes,
such as partial inpainting or targeted attribute edit-
ing, are addressed by separate lines of work (e.g.,
FakeShield) and are complementary to our con-
tribution rather than in scope; extending region-
referential reasoning to these regimes is a promis-
ing next step as language-annotated benchmarks in
those categories become available.
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This additional material provides extended details
and analyses supporting the main paper. Sec. Al
describes the datasets and the exact splits used.
Sec. A2 gives implementation details (hardware,
software, and model configurations). Sec. A3
presents the full explanation-quality evaluation
summarized in the main paper: the human-study
protocol and annotator instructions, the calibrated
rubric judge, and the faithfulness and hallucination
analysis. Sec. A4 reports cross-domain detection
results on CelebDF, DF40, and DeMamba. Sec. A5
examines robustness to image compression, and
Sec. A6 provides additional qualitative examples.

A1l Details of the Datasets

The detailed descriptions for all the datasets used
for training and evaluation of our FORGE framework
are as follows:

* DD-VQA (Zhang et al., 2024): This dataset
was created by annotating one frame per video
from the FaceForensics++ (FF++) (Rossler
et al., 2019) dataset. The original FF++
(Rossler et al., 2019) datasets consists of 1000
real videos, and DeepFake videos generated
by four methods: Face2Face (Thies et al.,
2016), FaceSwap (GitHub, 2016), DeepFakes
(GitHub, 2017), and NeuralTextures (Thies
et al., 2019), totalling 4000 videos.

For each image, there may be several question-
answer pairs, and not every video has a lan-
guage annotation available. Considering each
image-language pair as a single sample, the
total number of samples for each resolution
of FF++ (Rossler et al., 2019) are: (1) raw:
14298 (2) ¢23: 14298 (3) c40: 19803. This
disparity depending on the resolutions is be-
cause, the fake videos created using the Neu-
ralTextures (Thies et al., 2019) method is only
available for the c40 split, and not the others.

¢ CelebDF (Li et al., 2020): This dataset con-
tains DeepFake videos featuring celebrity
faces, designed to reduce noticeable arti-
facts and enhance realism compared to earlier
datasets. It incorporates variations in lighting,
backgrounds, and facial movements for diver-
sity. CelebDF includes 590 real videos and
5639 DeepFake videos. No language annota-
tions exist for the CelebDF (Li et al., 2020)
dataset.
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* DF40 (Yan et al., 2024b): The DF40 (Yan
et al., 2024b) dataset comprises over 1 million
DeepFake samples, generated using 40 dis-
tinct face manipulation techniques, including
face-swapping, face-reenactment, entire face
synthesis, and face editing. It includes both
image- and video-level data, offering a diverse
and large-scale benchmark for DeepFake de-
tection. The dataset emphasizes forgery real-
ism and diversity, simulating real-world sce-
narios with aligned data domains from FF++
and CDF. This comprehensive dataset facili-
tates robust evaluations across various manip-
ulation techniques, supporting advancements
in generalizable DeepFake detection.

* DVF (Song et al.,, 2024): The Diffusion
Video Forensics (DVF) dataset is a benchmark
designed for detecting forgery in diffusion-
generated videos. It comprises 2750 real
videos and 3938 fake videos generated us-
ing eight diffusion-based methods, including
text-to-video (T2V) and image-to-video (I12V)
models. The dataset includes diverse resolu-
tions and durations, with fake videos sourced
from both open-sourced and closed-sourced
methods. Notably, language annotations are
available only for videos generated by the Sta-
ble Video Diffusion model (Blattmann et al.,
2023). DVF serves as a comprehensive bench-
mark for evaluating forgery detection meth-
ods across a wide range of video manipulation
techniques.

* DeMamba (Chen et al., 2024a): This re-
cently introduced dataset is created using var-
ious text-to-video (T2V) and image-to-video
(I2V) models, with the training and validation
sets generated by distinct models. The train-
ing set comprises 1.2 million real videos and
1.08 million fake videos, while the validation
set includes 10000 real videos and 9588 fake
videos. For our cross-dataset analyses in the
main paper, we utilize only the validation set.

* LCS-558K (Liu et al., 2024): The LCS-558K
dataset (used for our adapter training in Stage-
1) is a subset of the LAION (Schuhmann et al.,
2022), CC (Changpinyo et al., 2021), and
SBU (Ordonez et al., 2011) datasets, filtered
to ensure balanced concept coverage across
visual and textual modalities. It consists of
558,000 image-text pairs and is primarily



used for pretraining multimodal models. The
dataset includes BLIP-synthesized captions
to enhance alignment between visual and tex-
tual features, making it suitable for tasks such
as visual instruction tuning and multimodal
understanding.

For training FORGE, we utilized the designated
training split from DD-VQA (Zhang et al., 2024)
and allocated 80% of the DVF (Song et al., 2024)
dataset for training, as an explicit split for the lan-
guage annotated data was not provided by the orig-
inal authors. The remaining 20% of DVF was
reserved for evaluation. All other datasets were
employed exclusively in cross-dataset evaluation.
Specifically, for DeMamba (Chen et al., 2024a), we
adopted the official evaluation split released with
the dataset. For other evaluation benchmarks lack-
ing standardized splits, we followed established
protocols in the literature (Xu et al., 2023; Chen
et al., 2024b; Sun et al., 2025a), randomly select-
ing 20% of the data for evaluation. This approach
ensures consistency with prior work and allows
for reliable cross-dataset comparison in our experi-
ments.

All datasets and pretrained models used in this
work are publicly released for research purposes,
and we use them only in that capacity. FORGE,
trained on these research-only resources, is in-
tended exclusively for research on DeepFake foren-
sics.

We do not collect any new data. All datasets
used are established, publicly released research
benchmarks, and we use them as distributed un-
der their original terms. The face-centric datasets
necessarily contain images of identifiable indi-
viduals, because facial identity is intrinsic to the
face-manipulation detection task and cannot be
anonymized without destroying the forensic signal
the task depends on; collection, consent, and re-
lease of these subjects were handled by the original
dataset creators. We add no new identifying meta-
data, do not attempt to re-identify or link individu-
als across datasets, and use the data solely for re-
search on DeepFake forensics. We are not aware of
offensive content beyond the manipulated/synthetic
imagery inherent to DeepFake benchmarks, which
we use only as detection targets.

The 80/20 split on DVF is stratified by genera-
tor (all eight generators appear in both partitions)
and by real/fake label, so both training and evalua-
tion sets have identical class balance. There is no

generator-level leakage in the sense of train-only
generators appearing at test time. There is also
no near-duplicate leakage: DVF videos are synthe-
sized independently by different generators from
different prompts and are not near-duplicates of one
another by construction. Train and test videos are
disjoint at the file level. We followed the split pro-
tocol used by (Song et al., 2024) and by follow-up
work.

A2 Implementation Details

FORGE is trained using Stochastic Gradient Descent
with an initial learning rate of 0.0001, scheduled to
decay following a cosine annealing schedule. The
training process is conducted with a batch size of
64 over 5 epochs for both representation alignment
of ® and task-targeted forensic grounding. € is
the PaliGemma?2 (Beyer et al., 2024) MLLM’s vi-
sual encoder, SigLIP-S0400m/14 (Alabdulmohsin
et al., 2024), ® is the DINOv2 (Oquab et al., 2023)
vision-only foundation model and 7 is the Gemma?2
(Riviere et al., 2024) tokenizer in our case. In
Egs. 2 and 3, image resolutions H = W = 448
and patch size p = 14, yielding ny = 1024. The
feature dimensions dg = 2304 and dg = 2048 are
a property of the foundation models. Adapter A
is composed of one MLP layer following popular
choices in the literature (Gao et al., 2024; Jiang
et al., 2022). FORGE has a total of 3.3B total param-
eters (2.6B trainable), with each stage trained for
5 epochs. The framework is implemented in JAX
and executed on 8 TPUv3 chips, ensuring efficient
large-scale training.

Computational cost: Inference on a single A100
(448%448 input):

* FORGE: 720ms/image, 12.4GB peak memory

* Grounded PaliGemma2 (Fq only): 480ms,
8.7GB

» FakeShield (LLaVA-7B backbone): 1100ms,
15.2GB

* ForgerySleuth (LLaVA-7B  backbone):

1250ms, 17.1GB

The added VOM stream contributes 240ms and
3.7GB, a modest overhead relative to accuracy and
faithfulness gains. FORGE is faster and lighter
than both MLLM-based mask-generating baselines
because it does not run a separate mask decoder.
We will include this comparison in the appendix.
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Table Al: Pretrained vs. Grounded MLLM: Perfor-
mance comparison between pretrained and finetuned
PaliGemma2 (Steiner et al., 2024). Although ground-
ing PaliGemma2 improves performance FORGE still per-
forms better with its local context harvesting (as shown
in Table 2).

Dataset

[ Grounded | Accuracy 1 [ BLEU-3 { [ BLUE_ 4 { | ROUGE-L { | CIDEr {
Face Manipulated Data
DD-VQA x 11.50% 0.0000 0.0000 0.0218 0.2610
(Zhang et al., 2024) , 88.19% 04012 0.3768 0.5633 2.1478
(+76.69%) (+0.4012) (+0.3768) (+0.5415) (+1.8868)

Synthetic Data
DVF X 33.07% 0.0000 0.0000 0.0034 0.0001

(Song et al., 2024) v 79.88% 0.3142 0.3839 0.4877 1.8629

(+46.81%) (+0.3142) (+0.3839) (+0.4843) (+1.8628)

A3 Explanation Quality Evaluation

The detection-oriented metrics in Section 4 estab-
lish that FORGE reaches and improves the conclu-
sion a forensic system is asked to reach. They
do not establish that it reaches the conclusion for
the right reasons. For a system whose deploy-
ment value is the explanation itself, this is the
central question. Surface-level n-gram metrics
(BLEU, ROUGE, CIDEr) are known to correlate
weakly with human judgments of generated ex-
planations (Novikova et al., 2017), and our bi-
nary LLM-as-judge accuracy in Table 1 reports
only whether predicted and ground-truth conclu-
sions agree, not whether the supporting reasoning
is sound.

We therefore complement those metrics with
three studies aimed directly at explanation qual-
ity: (i) a multi-annotator human evaluation along
forensically meaningful dimensions (§A3.1); (ii) a
rubric-based LLM-as-judge calibrated against the
human ratings, which we use to scale evaluation
to the full test sets (§A3.2); and (iii) a faithful-
ness and hallucination analysis that quantifies how
often generated explanations reference regions or
attributes that are not actually manipulated (§A3.3).
Together, these analyses provide direct evidence
that the detection accuracy reported in Section 4 is
grounded in faithful, region-referential reasoning
rather than coincidence.

A3.1 Human Evaluation Protocol

Data: We sample 300 image-explanation pairs:
150 from DD-VQA (Zhang et al., 2024) and 150
from DVF (Song et al., 2024). Sampling is strat-
ified across (a) the real/fake label and (b) ma-
nipulation subtype, so each subtype contributes
proportionally and no system is advantaged by
an easy slice. For every image we collect can-
didate explanations from six systems: pretrained
PaliGemma?2 (Steiner et al., 2024); FakeShield (Xu
et al., 2025), the strongest publicly compara-

ble mask-based explanation baseline whose re-
leased weights handle both face-manipulated and
fully synthetic content; ForgerySleuth (Sun et al.,
2025b), the closest competing image-manipulation
MLLM with public weights (DD-VQA only, as
it is not trained for fully synthetic video); BLIP-
TI (Zhang et al., 2024) (DD-VQA only) or MM-
Det (Song et al., 2024) (DVF only) as the strongest
dataset-native baseline; the grounded PaliGemma?2
ablation (Table Al, i.e. FORGE minus the VOM
stream); and FORGE. FakeShield and ForgerySleuth
are run from their official public checkpoints with
the original inference configurations; we use only
their textual explanation outputs, ignoring their
mask outputs for the purposes of comparing lan-
guage quality.

Annotators: Three graduate-student annotators
with prior research experience in vision-language
modeling rated each explanation. Prior to annota-
tion, all three completed a 90-minute calibration
session led by a domain expert in image foren-
sics, covering common deepfake artifact families
(blending boundaries, iris and pupil asymmetries,
texture statistics, lighting/shadow inconsistencies,
geometric implausibilities). Annotators saw the im-
age, the question, and the candidate explanations in
randomized order with system identifiers removed.
Annotators were not told which explanation was
generated by which system, including not being
told that one was the ground-truth reference. Each
annotator independently rated all 300 <6 explana-
tions across three dimensions, then ratings were
averaged across annotators per (image, system, di-
mension) cell.

Annotator Recruitment and Independence. The
three annotators for the human evaluation were
graduate students in the broader lab whose research
interests span vision-language modeling but who
had no involvement in this specific project. None
was an author of the paper, participated in the de-
sign of the method, reviewed any draft prior to
annotation, supervised or funded any component
of the work, or had prior exposure to the training
data, the model outputs, or the specific claims being
tested. During annotation, system identities were
removed from the interface, the presentation or-
der of candidate explanations was randomized per
image, and annotators were not told which expla-
nation was the ground-truth reference or how many
systems were being compared. The 90-minute cali-
bration session covered common DeepFake artifact
families (blending boundaries, eye asymmetries,
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texture statistics, lighting and shadow inconsisten-
cies, geometric implausibilities) in general terms; it
made no reference to our system, training data, ar-
chitectural choices, or claims under test, and all cal-
ibration examples were drawn from publicly avail-
able datasets outside our evaluation splits. Recruit-
ment from within the institution was a procedural
choice that simplified approvals, scheduling, and
the domain-expert calibration session; it does not
reflect any prior familiarity of the annotators with
our work. The inter-annotator agreement reported
in Table A3 (Krippendorff’s a > 0.68 on every
dimension) supports the interpretation that ratings
were driven by the annotation criteria rather than by
project-specific priors, consistent with recruitment
practice in comparable NLP evaluation studies.
Rating dimensions: Each explanation is rated on a
1-5 Likert scale along three forensically motivated
axes:

* Faithfulness: does the explanation describe
cues that are actually present in the image?
Penalizes hallucinated artifacts and fabricated
regions.

* Specificity: does the explanation name con-
crete regions and attributes ( “the iris is asym-
metric”) rather than make generic claims
(“the image looks fake”)?

* Forensic helpfulness: if presented to an in-
vestigator, would the explanation support a
useful follow-up examination of the image?

These three axes are deliberately separated: a
generic explanation can be faithful but unhelpful,
and a confidently specific one can be unfaithful.
Detection-oriented metrics conflate all three.

Annotator instructions (verbatim): The instruc-
tion sheet given to each annotator is reproduced

below to enable reproduction.

You will see a series of images, each paired with a question
(“Does the X look real or fake?”’) and several candidate
explanations produced by different Al systems. The system
identities are hidden and the order is randomized for every
image. For each explanation, assign three independent scores
ona I-5 scale:

Faithfulness: Does every cue named in the explanation
correspond to something visible in the image? 1 = multiple
confidently asserted artifacts that are not present (severe hallu-
cination); 2 = at least one major unsupported claim; 3 = mostly
accurate but contains at least one minor unsupported claim;
4 = all major claims are verifiable; minor wording could be
tighter; 5 = every cue cited is independently verifiable in the
image.

Specificity: Does the explanation name concrete regions
and attributes, or does it speak in generalities? 1 = entirely
generic (“the image looks off™); 2 = vague references to “the

Table A2: Inter-annotator agreement (Krippendorff’s
a, ordinal) across three annotators on the 300-sample
human evaluation set.

Dataset Faith. Spec. Foren. Help.
DD-VQA (Zhang et al., 2024) 0.74  0.71 0.69
DVF (Song et al., 2024) 0.73 0.70 0.68
Pooled 0.74 0.71 0.68

face” or “the lighting” without an attribute; 3 = names a region
but not the specific attribute that is anomalous; 4 = names both
a region and an attribute (e.g. “the eyes are asymmetric”); 5 =
names both a specific region and a specific localized attribute
(e.g. “the iris of the left eye is asymmetric relative to the
right”).

Forensic helpfulness: If you were an investigator deciding
where to examine the image next, how useful is the explanation
as a starting point? 1 = no actionable information; 2 = some
direction but too vague to act on; 3 = points to a region but
not what to look for; 4 = points to a region and an artifact, but
other regions might also be relevant; 5 = an investigator could
immediately verify the cues claimed and would not waste time
on irrelevant regions.

Score the three dimensions independently: a generic-but-
correct explanation can score high on faithfulness and low
on specificity. Do not let the question wording bias your
reading; rate the explanation against the image, not against
the question.

Agreement: Inter-annotator agreement is reported
using Krippendorff’s « for ordinal data (Krippen-
dorff, 2011), computed per dimension and per
dataset; agreement is substantial across the board
(Table A2). Faithfulness has the highest agreement,
consistent with prior findings that hallucinations
are easier for annotators to flag than to score sever-
ity for (Maynez et al., 2020).

Results: Mean per-system ratings are reported in
Table A3. FORGE improves over every baseline on
every dimension and on both datasets. The im-
provement over the grounded PaliGemma2 abla-
tion is sharpest on specificity (+0.77 on DD-VQA,
+0.88 on DVF) and forensic helpfulness (4+-0.65 on
DD-VQA, +0.78 on DVF), which is the prediction
made by our central architectural argument: the
dense-patch VOM stream supplies the localized
evidence that an image-text contrastive encoder
systematically smooths over. Notably, FORGE also
outperforms the mask-based explanation baselines
FakeShield and ForgerySleuth on every dimension,
despite producing region-referential text rather than
spatial masks: text grounding to the right regions
is competitive with, and on these axes preferred
over, mask grounding of comparable specificity.
Pretrained PaliGemma?2 scores well below 2 on ev-
ery axis, confirming that capacity alone does not
solve the task.
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Table A3: Human evaluation (1-5 Likert, mean of three annotators) on 300 stratified samples. FORGE leads on every
dimension and dataset; gains are largest on specificity and forensic helpfulness, the dimensions most directly tied to
region-referential explanation. Inter-annotator agreement is reported in Table A2.

Dataset Method Faithfulness T Specificity T Forensic Helpfulness 1 Average 1
Pretrained PaliGemma2 (Steiner et al., 2024) 1.82 1.54 1.71 1.69
ForgerySleuth (Sun et al., 2025b) 2.96 275 2.85 2.85
BLIP-TI (Zhang et al., 2024) 3.04 2.87 291 2.94

DD-VQA (Zhang etal.. 2024) g1 cShield (Xuget al., 2025) 3.08 2.84 2.95 2.96
Grounded PaliGemma?2 (no VOM) 3.58 3.41 3.47 3.49
FORGE 4.31 4.18 4.12 4.20
Pretrained PaliGemma2 (Steiner et al., 2024) 1.94 1.68 1.83 1.82
FakeShield (Xu et al., 2025) 297 2.61 2.79 2.79

DVF (Song et al., 2024) MM-Det (Song et al., 2024) 3.21 2.83 2.99 3.01
Grounded PaliGemma?2 (no VOM) 342 3.18 3.31 3.30
FORGE 4.24 4.06 4.09 4.13

A3.2 Rubric-Based LLM-as-Judge

Human evaluation is the gold standard, but does not
scale to the full DD-VQA and DVF test sets. We
therefore introduce a rubric-based LL.M-as-judge
and validate it against the 300-sample human study
before applying it more broadly.

Judge design: We prompt GPT-40 (Hurst et al.,
2024) with the image, the ground-truth explanation,
the candidate explanation, and a rubric that defines
the same three dimensions used by the human anno-
tators. The judge produces a 1-5 score per dimen-
sion along with a one-sentence rationale. Crucially,
the judge model is different from the model used
in our detection-accuracy metric (Gemini-1.0), so
judge predictions for explanation quality are not
collusive with our detection metric.

Rubric prompt (verbatim): The exact prompt
issued to GPT-4o0 per (image, candidate) pair,
with placeholders shown in angle brackets, is
reproduced below.

You are an expert evaluator of deepfake forensic
explanations.

You are given:

- An image.

- A question that was asked about the image.

- A ground-truth explanation that describes whether
the image is authentic or manipulated, and which
regions or attributes support that conclusion.

- A candidate explanation produced by an AI system.

Score the candidate explanation on a 1-5 scale on
each of the three dimensions below, INDEPENDENTLY.
Use the full range. Do not let a high score on one
dimension inflate another.

1. FAITHFULNESS: Does every cue the candidate
names correspond to something present in the image?
Penalize hallucinated artifacts.

1 = multiple major hallucinations.

2 = at least one major unsupported claim.

3 = mostly accurate with at least one minor
unsupported claim.

4 = all major claims are verifiable.

5 = every cue cited is independently verifiable
in the image.

2. SPECIFICITY: Does the candidate name concrete
regions AND specific attributes, or speak in
generalities?

1 = entirely generic.

2 = vague region reference, no attribute.

3 = region named, attribute missing.

4 = region and attribute named.
5 = specific sub-region (e.g.,
specific attribute named.

3. FORENSIC HELPFULNESS: Could an investigator use
this explanation to choose where to look next in
the image?

1 = no actionable content.

2 = vague direction.

3 = region pointed to but unclear what to look
for.

4 = region + artifact,
also be relevant.

5 = an investigator could immediately verify the
specific cues.

Output STRICT JSON of the form:

left iris) and

but other regions might

{"faithfulness": <int  1-5>, "specificity”:
<int 1-5>, "forensic_helpfulness”: <int 1-5>,
"rationale”: "<one sentence>"}

Question: <question>
Ground-truth explanation: <gt_explanation>
Candidate explanation: <candidate_explanation>

We use temperature 0 for determinism and validate
that every response is parseable JSON (failures are
re-prompted up to 3 times; in practice < 0.5% of
calls required a retry).

Calibration against humans: On the 300-sample
human-annotated subset, the rubric judge corre-
lates strongly with the averaged human rating:
Pearson r = 0.83/0.79/0.76 and Spearman p =
0.81/0.77/0.74 on faithfulness, specificity, and
forensic helpfulness respectively (Table A4). All
correlations are above the » > 0.6 threshold typi-
cally required for an LLM judge to be considered a
usable proxy for human ratings (Zheng et al., 2023).
As a system-level check, the judge preserves the
human-induced ranking of all six systems on both
datasets.

Full-test-set results: Applying the calibrated
rubric judge to the full DD-VQA and DVF test
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Table A4: Calibration of the rubric-based GPT-40 judge
against the mean of three human annotators on the 300-
sample subset. All correlations exceed the 0.6 threshold
for usable judge reliability.

Dimension Pearson » Spearman p
Faithfulness 0.83 0.81
Specificity 0.79 0.77
Forensic Helpfulness 0.76 0.74
Average 0.81 0.79

sets (Table AS5) preserves the human-induced or-
dering up to within-noise swaps of the two closest
baselines (FakeShield and BLIP-TI, separated by
0.02 in the human study and 0.13 in the rubric
judge, both well within the judge’s calibration
noise). FORGE leads on every dimension on both
datasets, and the gap to grounded PaliGemma?2
widens slightly compared to the 300-sample subset,
suggesting that the human-set gap is not the result
of favorable sampling.

Our detection-accuracy metric already uses
Gemini-1.0 as the judge, so the two evaluation stud-
ies deliberately use different LLM families (Gem-
ini for detection, GPT-40 for rubric quality). We
additionally cross-validated the rubric judge with
Gemini-2.5 and Claude-3.5-Sonnet on the same
300-sample calibration subset. All three judges pre-
serve the same system-level ordering, with system-
level Kendall’s 7 > 0.85 across judges and Pear-
son r > (.72 on each dimension. Beyond LLM
judges, our faithfulness analysis (RHR, AHR, FP)
uses no LLM in the scoring loop: it compares
structured claim extractions against ground-truth
region/attribute annotations. The faithfulness result
is therefore judge-free and shows the same order-
ing.

A3.3 Faithfulness and Hallucination Analysis

The previous two studies measure perceived ex-
planation quality. We now ask a sharper question:
when a FORGE explanation references a region or
attribute, is that reference warranted by the im-
age? Both datasets include region- or attribute-
level supervision that lets us compute this directly.
DD-VQA annotates eyes, nose, mouth, eyebrows,
and skin as authentic or manipulated. DVF an-
notates background, lighting, shadows, textures,
reflections, object boundaries, and color consis-
tency. We treat these annotations as a reference and
compute three metrics:

* Region Hallucination Rate (RHR]): frac-
tion of generated explanations that reference
at least one authentic region as manipulated.

Attribute Hallucination Rate (AHR): frac-
tion of distinct attribute-level claims (e.g.
“asymmetric eyes,” “inconsistent lighting”) in
the generated explanation that are not sup-
ported by the ground-truth attribute labels for

that image.

Forensic Precision (FP{): of all attribute-
level claims made by the model on fake im-
ages, the fraction that align with annotated
manipulation cues.

Claim extraction: To map free-form explanations
to (region, attribute, polarity) tuples we prompt
GPT-40 with the structured extraction template
reproduced below. We validate the extractor on a
200-sample subset against expert-parsed tuples,
obtaining 96.4% precision and 94.1% recall; on
disagreement, the dominant failure mode is the
extractor splitting a single human-perceived claim
across two tuples, which is not consequential for
the aggregate metrics.

You are extracting structured forensic claims
from a free-form deepfake explanation. Output a
JSON list of claims; each claim is an object with
the keys below.

- "region”: one of {eyes, nose, mouth, eyebrows,
skin, hair, ears, face_global, background,
lighting, shadows, textures, reflections,
object_boundaries, color, global}, or "none" if
no region is named.

- "attribute”: the specific anomaly mentioned
(e.g., "asymmetric”, "blending_artifact”,
"inconsistent_lighting”, "unnatural_texture”,
"overexposed”, "implausible_geometry"), or
"none”.

-  "polarity”: "manipulated” if the claim
asserts manipulation in this region/attribute,
"authentic” if it asserts authenticity, "unsure”

if hedged (e.g., "may be slightly off").
Rules:

- One tuple per distinct claim.
claims not present in the text.
- If a region is referenced without a specific
attribute, set "attribute” to "none” but keep the
tuple.

- If the explanation contains no concrete claims,
output [].

Example input:

"The eyes look asymmetric and the skin near the
chin has blending artifacts, but the lighting is
consistent.”

Do not invent

Example output:

[{"region":"eyes","attribute”: "asymmetric”,
"polarity”:"manipulated”},
{"region":"skin","attribute":"blending_artifact”,

"polarity”:"manipulated”},
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Table AS: Rubric-based GPT-40 judge results over the full DD-VQA and DVF test sets. Ordering matches the
300-sample human study (Table A3); system gaps widen modestly at scale, indicating the human-set advantage of

FORGE is not an artifact of sampling.

Dataset Method Faithfulness T Specificity T Forensic Helpfulness 1 Average 1
Pretrained PaliGemma2 (Steiner et al., 2024) 1.93 1.61 1.84 1.79
ForgerySleuth (Sun et al., 2025b) 291 2.69 2.81 2.80
FakeShield (Xu et al., 2025) 3.02 2.78 291 2.90

DD-VQA (Zhang etal, 2024) gy 1o 1y (zhang et al., 2024) 3.12 295 3.02 3.03
Grounded PaliGemma?2 (no VOM) 3.64 3.49 3.55 3.56
FORGE 4.36 4.24 4.18 4.26
Pretrained PaliGemma2 (Steiner et al., 2024) 2.05 1.76 1.92 1.91
FakeShield (Xu et al., 2025) 2.92 2.54 2.74 2.73

DVF (Song et al., 2024) MM-Det (Song et al., 2024) 3.18 2.79 2.96 2.98
Grounded PaliGemma?2 (no VOM) 3.47 3.21 3.34 3.34
FORGE 4.29 4.11 4.13 4.18

non n,.n

{"region":"lighting"”,"attribute”:"consistent”,
"polarity”:"authentic"}]

Now extract claims from:

<explanation>

Results: Table 4 reports the three metrics across
systems. FORGE cuts region hallucination by more
than 2 x over the strongest baseline on both datasets
and lifts forensic precision past 80%. Grounding
PaliGemma?2 on the forensic data alone (the abla-
tion) halves the gap to FORGE but does not close
it: RHR on DD-VQA falls from ~ 40% to 28.9%
but only reaches 12.7% once the dense-patch VOM
stream is added. The mask-based grounding base-
lines FakeShield and ForgerySleuth, despite pro-
ducing spatial mask outputs, still hallucinate au-
thentic regions as manipulated in 36-40% of cases
on DD-VQA, text-level region grounding via the
VOM stream more than triples their faithfulness
in this respect. This is direct evidence that faith-
ful region-grounding is not merely a matter of in-
domain finetuning of an image-text encoder, nor of
adding a spatial mask head; it requires the patch-
resolution evidence stream the VOM provides.

Where the remaining hallucinations live: We
manually inspect 50 FORGE errors per dataset to
characterize residual failures. On DD-VQA, the
dominant residual mode is over-extension within
authentic faces: the model occasionally flags an
authentic skin region as “slightly inconsistent” in
addition to correctly identifying the true manipu-
lated region (eyes or mouth). On DVF, residual
hallucinations cluster around lighting and shadow
claims on images with naturally complex light-
ing (e.g. outdoor scenes with low sun angles),
where ground-truth annotators themselves required
cross-reference to the source video to disambiguate.
These patterns suggest that residual error is con-
centrated in scenes that are objectively ambigu-
ous rather than in systematic failure modes of the

model, and we treat them as targets for future work.

A3.4 Discussion

Three observations follow from the studies in this
section.

Detection accuracy and explanation faithful-
ness can dissociate: BLIP-TI, FakeShield, and
ForgerySleuth reach competitive detection accu-
racy (Table 1), yet Table 4 show that they hallu-
cinate manipulated regions in 36-41% of expla-
nations, with the ranking on RHR (FakeShield
best, BLIP-TI worst) actively reversing the ranking
on BLEU-4 (BLIP-TI best, ForgerySleuth worst).
Detection-only and surface-only evaluations both
produce orderings that explanation-quality evalu-
ation rejects. A detection-only evaluation would
treat these systems as near-peer with FORGE; the
explanation evaluation does not.

Surface metrics preserve ordering but compress
differences: The BLEU/ROUGE/CIDEr ranking
in Table 1 agrees with our rubric judge on the top
and bottom systems, but compresses the middle of
the field. The BLIP-TI and grounded PaliGemma2
systems are essentially tied on CIDEr (within 0.1
points; PaliGemma2 marginally higher) and differ
by ~ 3 BLEU-4 points and ~ 5 ROUGE-L points,
yet differ by 0.55 on rubric helpfulness and 12
points on RHR. n-gram metrics see these systems
as near-equivalent; explanation-quality metrics see
them as substantially different. This reinforces
NLG findings (Novikova et al., 2017) that n-gram
metrics underweight content even when they pre-
serve ordering.

The VOM stream is the source of the gain:
The grounded PaliGemma?2 ablation in Table A1
(FORGE minus the VOM stream) is the cleanest test
of our central architectural claim. On every dimen-
sion of every study (human ratings, rubric ratings,
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Table A6: SOTA Comparison on Detection Perfor-
mance. The methods used for the comparisons are
specifically designed for either face-manipulation or
fully Al-generated content detection. However our gen-
eralized FORGE framework is designed for both face-
manipulated and synthetic content detection. Further-
more, on the DF40 and DeMamba datasets, the com-
petitor methods are tested in-domain, while for FORGE
all evaluations performed are cross-domain. Best and

second-best performances are marked.
Dataset I Method
Face-manipulated Data
XceptionNet-BLIP-TI (Zhang et al., 2024)
HifiNet (Guo et al., 2023)
HifiNet-BLIP-TI (Zhang et al., 2024)
RECCE (Cao et al., 2022)
RECCE-BLIP (Zhang et al., 2024)
RECCE-BLIP-TI (Zhang et al., 2024)
TALL (Xu et al., 2023)
ISTVT (Zhao et al., 2023)

Choi et al. (Choi et al., 2024)
X2-DFD (Chen et al., 2024b)
VLFFD (Sun et al., 2025a)
M2F2-Det (Guo et al., 2025) -

FORGE 92.86 %
X2-DFD (Chen et al., 2024b) -

[ Accuracy [ AUC

62.41%
67.20%
69.37%
67.96%
68.07%
69.46%
90.79%
84.10%
89.00%

64.30%
68.80%
71.00%
68.71%
68.36%

q
CelebDF 70.21%

(Li et al., 2020)

91.30%
84.80%
95.10%
95.11%
85.60%

RECCE (Cao et al., 2022) 78.10%
SBI (Shiohara and Yamasaki, 2022) 64.40%
CORE (Ni et al., 2022) 76.10%

75.70%
77.50%
77.80%
75.90%
78.70%
98.96 %

DF40 1ID (Huang et al., 2023)
(Yan et al., 2024b) UCF (Yan et al., 2023)
LSDA (Yan et al., 2024a)
CDFA (Lin et al., 2024)
ProgressiveDet (Cheng et al., 2024) -
FORGE 99.58%
Fully Synthetic Data
TALL (Xu et al., 2023)
F3Net (Qian et al., 2020)
NPR (Tan et al., 2024)

STIL (Gu et al., 2021)
MINTIME-CLIP-B (Chen et al., 2024a)
FTCN-CLIP-B (Chen et al., 2024a)
CLIP-B-PT (Chen et al., 2024a)
DeMamba-CLIP-PT (Chen et al., 2024a)
XCLIP-B-PT (Chen et al., 2024a)
DeMamba-XCLIP-PT (Chen et al., 2024a) | 79.31%
XCLIP-B-FT (Chen et al., 2024a) 86.07%

FORGE 90.49 %

88.42%
86.04%
83.45%
85.35%
89.98%
89.67%
41.82%
79.98%
65.83%

DeMamba
(Chen et al., 2024a)

92.67%

RHR, AHR, FP) the VOM stream produces a sep-
arable gain over an MLLM finetuned on the same
data with the same protocol; that gain also exceeds
the gain delivered by mask-based grounding base-
lines (FakeShield, ForgerySleuth) over the same
backbone family. The forensic explanation quality
is attributable to the dense-patch evidence stream,
not to scale, not to finetuning, not to data, and not
to the choice of spatial output format.

A4 Detection Performance

On recent and popularly used datasets (both face-
manipulated and fully synthetic), FORGE’s Deep-
Fake detection capabilities have been tested in Ta-
ble A6. Since these datasets lack text annotations
for the anomalies, the reasoning metrics for these
datasets cannot be computed and thus only detec-
tion performance have been reported. Note that
for DF40 (Yan et al., 2024b) and DeMamba (Chen
et al., 2024a) datasets, all the competitor methods

Table A7: Ablation on data compression factors: Re-
sults obtained by the FORGE model on different compres-
sion factors of the FF++ (Rossler et al., 2019) dataset
using the same language annotations from DD-VQA
(Zhang et al., 2024). The small differences across the
compression factors highlight the robustness of FORGE.

Compression | Accuracy T | BLEU-31 | BLUE_4 7 | ROUGE-L 1 | CIDEr 1
raw 94.17% 0.4587 0.4131 0.6270 2.6109
c23 93.61% 0.4610 0.4269 0.6103 2.6057
c40 94.12% 0.4649 0.4304 0.6285 2.6321

have been trained and tested on the same datasets
(in-domain evaluation). However, FORGE has been
tested in purely cross-domain setting, having been
trained on DD-VQA (Zhang et al., 2024) and DVF
(Song et al., 2024) still outperforms the state-of-
the-art methods in detection performance.

The DeMamba results also provide a strong con-
trol for potential data-leakage concerns on our own
DVF split. FORGE is trained on DVF and evaluated
on DeMamba, an entirely different set of genera-
tors, and still outperforms competitors evaluated
in-domain on DeMamba itself. Performance on a
benchmark unseen during training cannot be ex-
plained by any within-dataset leakage, which fur-
ther reinforces the generalization claims of Sec. ??.

A5 Ablation on Resolutions

We evaluate the robustness of FORGE to varying lev-
els of image compression using the FF++ dataset
(Rossler et al., 2019) benchmark, considering the
“raw", “c23", and “c40" compression settings com-
monly used in forensic literature. For this analy-
sis, the language annotations (and data splits) are
adopted from DD-VQA (Zhang et al., 2024) to
provide a consistent evaluation protocol across all
settings.

As summarized in Table A7, FORGE achieves
stable performance across all compression levels,
with only minimal fluctuations in detection accu-
racy and explanation metrics (BLEU-3, BLEU-4,
ROUGE-L, CIDEr). Notably, the accuracy remains
above 93.6% in all cases, and the scores on the
language-based explainability metrics (e.g., BLEU-
4 and CIDEr) remain consistently high, despite
the potential visual degradation introduced by ag-
gressive compression (e.g., “c40”). These results
demonstrate that FORGE is highly robust to changes
in input image quality, maintaining both detection
effectiveness and the detailed quality of its region-
grounded explanations, even under unfavorable,
low-fidelity conditions.

This resilience is particularly important in practi-
cal forensic workflows, where manipulated content
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is often subject to recompression or quality loss due
to online sharing or platform-imposed constraints.
By showing reliable performance across this spec-
trum, FORGE provides consistent and trustworthy
DeepFake analysis regardless of compression arti-
facts or image degradation.

A6 More Qualitative Examples

To further illustrate the effectiveness of FORGE
in generating precise, interpretable explanations,
we present additional qualitative results on a vari-
ety of image types in Figure A1, including face-
manipulated DeepFakes, fully Al-generated im-
ages, and authentic real-world images. These exam-
ples were selected to demonstrate both the breadth
and subtlety of reasoning achieved by our method
across manipulation scenarios.

Face-Manipulated Images: In face-manipulated
examples, FORGE demonstrates its core strength:
linking model predictions to region-specific vi-
sual evidence. For instance, when asked ‘“Does
the person’s eyebrows look real or fake?”’, FORGE
does not merely provide a binary answer, but in-
stead grounds its explanation in visual attributes,
remarking that the “eyebrows look a bit fake be-
cause they appear blurry, unclear or flawed,” or
“the eyebrows look fake, asymmetric, broken, and
drawn on the face through computer editing.” Sim-
ilarly, when queried about the nose, the model ob-
serves that “the person’s nose looks very fake, is
unnaturally curved, and misaligned with the other
facial features.” When asked about the skin, the
response cites “overly smooth skin lacking de-
tails.” Such attribute-localized, textually explicit
responses demonstrate not only detection accuracy,
but also the interpretability and transparency re-
quired for practical DeepFake forensic workflows.
By surfacing minute, manipulation-specific arti-
facts overlooked by conventional MLLMs, FORGE
enables investigators to probe exactly where and
how an image has been altered.

Al-Generated Images: For fully Al-generated
content, FORGE fuses holistic scene analysis with
attribute-level reasoning. In these examples, when
asked whether the image appears real or fake, the
model explicitly identifies telltale cues of synthesis:
“the image looks fake,” referencing “Al-generated
appearance with unrealistic texture,” or observing
that “the person’s hoodie looks mismatched with
exaggerated colors.” In another case, the model
details that “the image looks fake; the person’s

eyes are asymmetric, the nose looks curved, and
the mouth is misaligned with other facial features,”
clearly indicating knowledge of how Al-generation
often fails to capture coherent facial structure.
These multi-faceted, region-specific explanations
set FORGE apart from prior methods that offer only
undifferentiated global judgements, and highlight
the model’s utility for both forensic screening and
downstream content auditing.

Real Images: For authentic images, FORGE main-
tains high precision and does not falsely attribute
benign artifacts as fake. Its answers highlight the
absence of manipulation with clarifying details: ac-
knowledging “naturally even skin, bushy eyebrows,
and a full mouth,” or commenting that “the person
has proper hair and hairstyles,” “illuminated skin,
sparkling eyes, and a broad nose.” This restraint,
coupled with accurate grounding, ensures trustwor-
thiness and minimizes false alarms in real-world
deployment scenarios.

Analysis and Implications: These qualitative re-
sults underscore several key strengths of FORGE.
First, the model’s ability to align its explanations
with concrete, localized regions in the image en-
sures that each rationale is visually and forensi-
cally grounded. This explicit region-level corre-
spondence builds trust in the model’s predictions
and directly addresses the limitations of prior meth-
ods that rely solely on global analysis or binary
outputs.

Second, FORGE demonstrates remarkable flexi-
bility in handling both open-ended and attribute-
specific forensic queries. Whether prompted about
the overall authenticity of an image (“Does the
image look real or fake?”) or about specific fa-
cial features (such as eyebrows, nose, or skin),
FORGE provides granular, context-aware explana-
tions. For face-manipulated images, the system
surfaces manipulation artifacts like blurry or asym-
metric eyebrows, unnaturally curved noses, or un-
naturally smooth skin, clearly indicating both the
presence and nature of DeepFake manipulations.
For Al-generated content, FORGE is able to synthe-
size holistic scene cues with localized anomalies,
referencing unnatural textures, mismatched colors,
and misaligned facial features. Real images are cor-
rectly described with natural, harmonious feature
attributions, showing the system’s precision and its
resistance to false positives.

A particularly notable advantage, as evidenced
across these examples, is FORGE’s competency in
addressing fine-grained, query-driven prompts. By
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Face-manipulated Image

;L ) u?‘}n m " Does the person's eyebrows look real or fake?
o

Question

{ ;g.% The person's eyebrows look a bit fake because the

[

3 A o
> $ ‘sa o eyebrows look blurry, unclear or flawed. (25
" Does the person's nose look real or fake?
Question
v 2 .
The person's nose looks very fake. It is unnaturally curved, and it seems to be
misaligned with the other facial features.
AI-Generated Image
i ‘ Does the image look real or fake?
Question v
The image looks fake. It looks like an Al-generated image ..
although with human appearance but with unrealistic texture. = &=
The person's hoodie looks mismatched with exaggerated colors. FORGE
Real Image
=
" Does the image look real or fake?
Question

There is no clear evidence of manipulation or unnatural 2
clements in the jmage. The person has naturally even skin, =
bushy eyebrows and a full mouth_The person has proper hair FORGE

and hairstyles. <O

Face-manipulated Image

‘ Does the person's skin look real or fake?

Question

The person's skin looks a bit fake because it is overly
smooth and lacks details. & L=

" Does the person's eyebrows look real or fake?
Question
v -
The person's eyebrows look fake. The eyebrows look asymmetric, broken, and @
drawn on the face through computer editing. O

AI-Generated Image

‘ Does the image look real or fake?
Question v

The image looks fake. The person's eyes are asymmetric. The nose =
looks curved. The mouth is misaligned with the other facial features.
These evidence suggests that the image was generated by Al rather
than a real life image.

FORGE

i

Question

Does the image look real or fake?

The image looks real. The person exhibits natural skin textures.
The person has illuminated skin, bushy eyebrows, sparkling =
v eyes, and a broad nose. (2 FORGE

%

Figure Al: Qualitative examples demonstrating FORGE’s detailed, region-grounded explanations across diverse
image types. For face-manipulated images, FORGE identifies subtle inconsistencies such as blurry or flawed eyebrows,
unnatural nose shapes, and misaligned facial features. In Al-generated images, it captures both global and local
anomalies, including unrealistic textures, mismatched colors, and asymmetric facial components. For authentic
images, the model confirms natural, harmonious features without producing false positives. Each example illustrates
FORGE’s capability to answer fine-grained, attribute-specific queries, providing forensic insights that enhance
transparency and interpretability well beyond traditional binary classification methods.

Table AS8: Evaluation of FORGE stratified by finegrained
region or scene aspect.

Dataset Region/Aspect Accuracy | AUC | BLEU-4 | ROUGE-L | CIDEr
Eyes 95.82 96.46 | 0.4521 0.6452 2.7813

Nose 95.14 96.11 | 0.4463 0.6398 2.6954

DD-VQA Mouth 94.61 95.63 | 0.4387 0.6331 2.6612
(Zhang et al., 2024) | Eyebrows 92.37 94.17 | 0.4015 0.6024 24217
Skin 93.75 9545 | 0.4249 0.6196 2.5839

Overall 94.12 9539 | 0.4304 0.6285 2.6321

Background 95.35 96.67 | 0.4412 0.5487 2.2615

Lighting 94.94 96.19 | 0.4375 0.5421 2.2328

Shadows 94.37 9571 | 0.4318 0.5364 2.2012

DVF Textures 93.89 9523 | 0.4236 0.5279 2.1527

(Song et al., 2024) Reflections 93.10 94.74 | 0.4182 0.5213 2.1049
Object Boundaries 94.12 9543 | 0.4291 0.5339 2.1853

Color Consistency 93.57 95.01 | 0.4210 0.5260 2.1396

Overall 94.47 95.82 | 0.4279 0.5338 2.1744

moving beyond simple authenticity judgments, and
providing attribute-resolved rationales, the model
empowers forensic experts with actionable insights,
identifying precisely which regions or features are
manipulated and explaining why.

Collectively, these qualitative results highlight
FORGE’s unique contributions: robust region-level
grounding, the ability to deliver interpretable and
visually anchored rationales, and consistent perfor-
mance across both fine-grained and holistic queries.
By bridging the gap between detection accuracy
and explanation transparency, FORGE advances the
state of the art and offers a practical, reliable tool
for explainable DeepFake forensics.

A7 Stratified Evaluation by Region and
Aspect

The region-referential evaluation reports aggregate
faithfulness and hallucination metrics. In Table A8

we report FORGE’s performance broken down by the
specific facial region (DD-VQA) or scene aspect
(DVF) that each query targets, providing a finer-
grained view of where the model is strong and
where residual error concentrates. Table A8 reports
accuracy, AUC, and the three generation metrics
per region and aspect.

On DD-VQA, performance is highest on the re-
gions that carry the most discriminative manipula-
tion evidence: eyes (95.82% accuracy) and nose
(95.14%), both of which exhibit pronounced geo-
metric and blending artifacts under face manipula-
tion. Performance is lowest on eyebrows (92.37%),
consistent with their smaller spatial extent and the
subtlety of eyebrow-level edits. On DVF, the model
is strongest on background and lighting (95.35%
and 94.94%), where synthesis artifacts are spatially
broad, and weakest on reflections (93.10%) and
color consistency (93.57%), which require global
cross-region comparison and are the aspects most
often ambiguous even to human annotators. Across
both datasets the spread between the best and worst
region is under 3.5 accuracy points, indicating that
the dense-patch stream surfaces evidence consis-
tently rather than concentrating performance on a
single easy region.
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