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Abstract. Deepfake generators evolve rapidly, making exhaustive data
collection and repeated retraining impractical. Unlike generic multi-task
settings, deepfake specialists share a common binary objective (Real vs.
Fake) and mainly differ in generator-specific artifacts. However, naive
parameter arithmetic can induce unintended decision-boundary shifts,
causing unstable ranking behavior and degraded AUC under domain
shift. We propose R?M, a training-free merging framework that decom-
poses task vectors into a shared component and generator-specific resid-
uals, linking parameter-space updates to logit-space behavior. Offline
spectral construction identifies shared and residual subspaces, and on-
line routing selects residuals via first-order gradient-residual alignment,
predicting per-sample logit updates under linearization. R*M is both
efficient and interpretable: expensive computations are performed of-
fline, while online inference requires only a single forward—backward pass
with lightweight inner-product routing. The same formulation enables
diagnostic analysis through margin and routing statistics. Experiments
demonstrate strong performance in both in-domain and unseen settings
while revealing measurable failure modes under real-domain mismatch,
highlighting R>M as an interpretable and scalable approach to training-
free deepfake model merging.

1 Introduction

Deepfakes have evolved from simple face splicing to photorealistic synthesis
driven by modern generative models [51[18,/32,/40]. Recent systems preserve iden-
tity while enabling precise control over lip movements and facial expressions, and
high-quality content can now be generated through simple prompts on widely
accessible generative platforms and APIs [27,/29]. While these advances democ-
ratize content creation, they amplify the spread of harmful and deceptive media,
including financial fraud, copyright infringement, and political disinformation.
These risks underscore the urgent need for robust deepfake detection methods.
Because deepfake generation algorithms evolve rapidly, exhaustively collecting
per-generator data and retraining a unified detector is fundamentally unsus-
tainable. Even with sufficient data, jointly training on heterogeneous forgeries
introduces gradient interference [36,47]. Conversely, maintaining a dedicated
specialist for each generator incurs substantial operational overhead [35]44].

To address these challenges, we adopt a model merging paradigm for deep-
fake detection. Concretely, we first fine-tune specialist detectors on generator-
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(a) Weight averaging preserves Real while (b) Residual gains are selective and conflicting.

suppressing Own-Fake alignment.

Fig. 1: Empirical observations motivating selective specialization in deep-
fake merging. (a) Weight averaging (WA) preserves shared Real structure while atten-
uating generator-specific fake cues. Cosine similarity between WA and each specialist in
the pre-logit space remains high on Real, drops on Own-Fake, and is relatively higher on
Other-Fake. (b) Injecting a single specialist residual improves performance on its corre-
sponding forgery family over WA (dashed), but degrades others, exposing an inherent
trade-off under unconditional merging. Solid curves show AUC of Owa + 8(0; —Owa) as
B varies. Dashed horizontal lines indicate the WA baseline AUC on each dataset. The
green shaded band shows the spread of AUC across non-target forgery families (from
the lowest to the highest).

specific data and subsequently merge them directly in parameter space to ob-
tain a single unified model. This strategy enables rapid incorporation of new
generators without revisiting previous training data or performing costly joint
retraining . To the best of our knowledge, this is the first systematic
investigation of model merging for deepfake detection.

Observation 1. To validate this design choice, we analyze how a weight-
averaged (WA) model relates to its specialists. We construct three special-
ists corresponding to distinct forgery families in DF40 —FaceSwap (FS),
FaceReenactment (FR), and Entire Face Synthesis (EFS)—all finetuned from
the same pretrained backbone. A WA model is obtained by averaging their
parameters, without additional retraining. We measure feature similarity be-
tween specialists and the WA model across Real, Own-Fake(generated by the
specialist’s corresponding family), and Other-Fake images (generated by the re-
maining families). Interestingly, a consistent pattern emerges across all families.
On Real images, specialists exhibit high similarity to the WA model, indicat-
ing that weight averaging preserves the shared Real representation. In contrast,
similarity drops markedly on Own-Fake images, revealing that generator-specific
signals—strongly encoded in individual specialists—are attenuated in the WA
model. In contrast, similarity on Other-Fake images remains substantially higher
than on Own-Fake images, as they lack the specialist’s dominant fake cues. As
illustrated in Fig. a), this behavior implies that WA preferentially retains the
shared Real structure while suppressing generator-specific Fake residuals. This
indicates that the components suppressed by WA encode generator-specific sig-
nals discarded during averaging.

Observation 2. To understand the role of parameters discarded by weight
averaging, let #; denote the parameters of specialist i and Owa the weight-
averaged model. We define the residual as r; = 6; — Owa and construct interpo-
lated models 0(3) = Owa + Sri, where 5 € R controls the residual strength. We
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evaluate these models across the three forgery families. As shown in Fig. (b),
increasing [ consistently improves performance on the corresponding family rel-
ative to WA (dashed), while degrading performance on the others. Although
8 = 1 recovers the original specialist, even moderate  values exhibit pronounced
trade-offs. This behavior indicates that residuals encode family-specific gains
that conflict under unconditional merging. Consequently, no single global pa-
rameter setting can simultaneously realize all residual benefits, suggesting that
specialization should be applied selectively rather than uniformly.

Proposed R?M. Building on these observations, we tailor merging to the
structural properties of deepfake detection. Unlike conventional multi-task set-
tings with disjoint label spaces, all specialists here operate on the same binary
label space (Real vs. Fake). In practice, Real cues are largely stable and shared
across datasets, whereas Fake cues are generator-specific and heterogeneous.
Observations 1 and 2 therefore suggest that Real-aligned directions should be
preserved globally, while Fake-specific directions should be activated condition-
ally to prevent cross-family interference. Accordingly, an appropriate merging
strategy should: (i) preserve the shared Real structure, (ii) retain complemen-
tary generator-specific Fake knowledge, and (iii) apply Fake-specific gains selec-
tively based on the input. We realize this via Real-aware Residual Model Merging
(R®M). We first extract a shared Real-aligned component by applying low-rank
factorization (e.g. SVD) to the specialists’ task vectors, interpreting the domi-
nant directions as a core Real subspace. Each specialist update is then decom-
posed into a Real-aligned component and a residual encoding generator-specific
Fake evidence. To enable efficient conditional specialization, we derive an input-
conditional routing rule via a first-order margin approximation. As a result,
R?M selects residuals through a single-gradient routing mechanism, eliminat-
ing multiple forward /backward evaluations of specialist models while preserving
generator-specific discrimination.

Contributions. Our contributions are summarized as follows: (1) We present
the first systematic study of model merging for deepfake detection, identifying
a structural asymmetry: Real representations are largely shared across special-
ists, whereas Fake cues are generator-specific and conflict under unconditional
merging. (2) We provide a geometric interpretation linking parameter-space fac-
torization to feature-space structure, explaining why weight averaging preserves
Real alignment and how R?M decouples Real and Fake effects. (3) We propose an
efficient input-conditional routing mechanism derived from a first-order margin
approximation, enabling selective residual application with a single backward
pass.(4) Extensive experiments on DF40 and cross-dataset benchmarks demon-
strate improved generalization and robustness to unseen forgery families.

2 Related works

Deepfake detection. Deepfake technology has advanced rapidly over the past
decade. Early methods focused on localized facial manipulations [4,[19}23], while
GAN-based generators substantially improved realism [8}/31}(39], followed by dif-
fusion models that further enhanced fidelity and controllability [32]. Beyond face
replacement, modern talking-head and reenactment systems preserve identity
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while enabling natural control over expressions, speech, and head motion |12}/17]
25.26]. Commercial platforms such as Veo, Kling, and Wan have further lowered
the barrier to high-quality synthetic video generation. While these advances sup-
port creative applications, they also introduce significant privacy and safety risks.
On the detection side, prior work spans blending-based augmentation [201/22[35],
frequency-domain analysis [16}38,/48|, and generalization to unseen forgeries
[71{10L|45]. Representative approaches include self-blending for pseudo-fake gen-
eration [35], shared forgery feature extraction [45], high-frequency modeling [3§],
and temporally aware curriculum learning [22|. Adaptor-based designs improve
efficiency |10], and vision-language signals have also been explored [37]. More
recently, [43] employ an SVD-based decomposition within a vision foundation
model to separate pretrained semantic structure from forgery-specific cues, freez-
ing principal components while adapting the orthogonal residual subspace.

Model merging. Model merging combines task-specific experts into a sin-
gle model by operating directly in parameter space, typically without addi-
tional training. A basic strategy is weight averaging (WA) [15]|, which aver-
ages parameters across experts. In large-scale fine-tuning, WA underpins “model
soups” and often improves accuracy and robustness without increasing infer-
ence cost [41]. Beyond uniform averaging, task arithmetic represents each task
as a task vector—the difference between fine-tuned and pretrained weights—and
modifies model behavior through vector addition or subtraction; combining mul-
tiple task vectors enables multi-task capability |14]. To mitigate interference,
TIES-Merging trims small updates, resolves sign conflicts, and merges only sign-
consistent parameters, improving multitask performance across modalities [42].
More recently, WA has been revisited from the task-vector perspective. CART
centers task vectors around the weight average and applies low-rank approxima-
tion to reduce cross-task interference [6]. Orthogonal approaches such as Fisher-
weighted averaging incorporate local curvature information during merging [24].
Recent work also explores combining model merging with test-time adaptation,
where task coefficients or model parameters are adjusted during inference using
gradient-based objectives [46].

Mixture-of-Experts routing. Mixture-of-Experts (MoE) models scale capac-
ity by activating only a subset of expert modules per input using a learned
router [34], with later variants simplifying routing and improving training sta-
bility |11]. Subsequent work improves routing stability and load balancing, in-
cluding expert-choice routing variants [49)]. Recent efforts also explore converting
dense checkpoints into MoE-style models for efficient deployment [50].

Positioning of Our Work. To the best of our knowledge, model merging has
not been systematically studied for deepfake detection. Existing merging ap-
proaches are largely task-agnostic, treating task updates symmetrically. In con-
trast, deepfake detection exhibits a structural asymmetry: Real representations
are largely shared across specialists, whereas Fake cues are generator-specific.
R2M exploits this property by preserving a shared Real component while se-
lectively activating generator-specific residuals, yielding a unified detector that
remains composable as new forgery families are introduced.
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Our approach is complementary to training-time generalization methods,
which aim to train a single detector with stronger cross-generator robustness.
Instead, we address the deployment problem of merging multiple independently
fine-tuned specialists directly in parameter space without retraining.

A closely related line of work studies subspace factorization for Al-generated
image detection. [43] propose an orthogonal SVD-based decomposition that sep-
arates pretrained semantic structure from forgery-specific cues during training.
While both approaches share the idea of separating shared and forgery-specific
information, the problem setting differs fundamentally: their method improves
generalization through additional training on a single detector, whereas R?M
targets training-free merging of multiple specialists via parameter-space spectral
decomposition and input-conditional residual activation.

Finally, our conditional specialization is conceptually related to Mixture-of-
Experts routing and test-time adaptation. Unlike MoE methods that learn rout-
ing networks and modify the architecture, R?M derives routing analytically from
first-order logit dynamics to select compatible residual directions. Moreover, in
contrast to test-time adaptation methods that update model parameters during
inference, R2M performs no test-time optimization: gradients are used only as
an analytic signal for routing, leaving model parameters unchanged.

3 Method

Let fo(x) € R? denote the logits of a binary deepfake detector parameterized by
0 for an input image sample z, corresponding to the classes Real and Fake. We
define the classification margin as

2(0,2) = f3(x) =[5 (), (1)

so that z(6,z) > 0 indicates Fake and z(#,z) < 0 indicates Real. This margin
formulation is natural for deepfake detection, which is typically evaluated using
ranking-based metrics such as AUC. Let 6y denote a pretrained backbone param-
eter and 0; = 6y + A; denote a specialist parameter trained on forgery family i,
where 4, is its task vector. We decompose each task vector as A; = ¢+r;, where
crepresents a shared component and r; captures family-specific residual updates.
This decomposition exposes the shared and family-specific structure of task vec-
tors, making (P1)—(P3) analyzable through explicit geometric constraints. We
consider a merged model of the form 6*(z) = 0y 4 ¢ + 8r;(y), where i(x) denotes
an input(x)-dependent routing rule selecting a residual component, and 8 con-
trol the contributions of the shared and residual components. For convenience,
we define the shared model: . := 6y + ¢. We then define the residual-induced
margin shift as Azi(z) = 2(0. + Bri, x) — 2(0., ), (2)
which quantifies how the residual component r; perturbs the classification mar-
gin relative to the shared model. Finally, let D denote the overall data distribu-
tion, which consists of Real and Fake samples. We denote by Diea; the marginal
distribution of Real samples, and by ’ng the conditional distribution of Fake
samples from forgery family i. Then, a desirable merged model should satisfy
the following properties:

179
180
181

182

183
184
185
186
187
188
189
190
191
192
193
194

195
196



217

218

219
220

222
223
224

226
227

240
241
242
243

244

6 ECCV 2026 Submission #9145

(P1) Real invariance (residual robustness). E,.p,.,, [|Az(z)|] < ¢, for
each residual r;, where € > 0 is a small tolerance controlling Real robustness.
This condition ensures that residual updates do not significantly perturb the
margin on Real samples, preserving the shared Real decision structure and keep-
ing residual effects fake-specific.

(P2) Fake selective gain (own-family amplification). For Fake samples
from family 4, Ex~D;’2ke [Az(x)] = m, and for j # i, EJCND;Q;W [Azj(z)] < m/,
where m > m’ > 0 are desired margin gains for own- and cross-family samples,
respectively. This enforces that each residual selectively increases the margin for
its corresponding forgery family, while exerting limited influence on others.
(P3) Local Stability (Cross-Task Calibration). Residual perturbations

should remain small relative to the shared margin: E,.p [%} < 7, for

small constants §,7 > 0. This prevents residual updates from dominating the
shared decision structure and preserves the local linear approximation.

Design Objective. Our goal is to design a decomposition and routing
mechanism that approximately satisfies (P1)—(P3).

3.1 Real-Fake Structured Decomposition

We aim to construct a decomposition A; = ¢ + r; that approximately satisfies
(P1) real invariance and (P2) fake selective gain. We first characterize the un-
derlying geometric conditions required for these properties, and then show that
they naturally admit a spectral solution.

Optimal Residual Geometry under Real-Fake Constraints. For the shared
model 8, = 6y+ac, the residual-induced margin shift Az;(x) is defined in Eq. .
Applying a first-order Taylor expansion, f(0+6) ~ f(0) + Vo f(8) 6, we obtain

Azi(x) = BVoz(0c, ) 1 = Blg(x), ), (3)
where g(z) := Vgz(0.,z) denotes the gradient of the margin evaluated at the
shared model. Under this linearization, the effect of a residual direction r; is
governed by its alignment with the gradient evaluated at the shared model 6..
In other words, residual-induced margin shifts depend on how strongly r; aligns
with the local geometry of the margin at 6.

To analyze (P1) in a tractable manner, we consider the expected squared
margin shift on Real samples. Minimizing the squared shift provides a smooth
surrogate for controlling |Az;(z)|. Using the first-order approximation derived
in Eq. , Azi(2)? =~ B%(g(x), )% = Br g(x)g(x) Tr;. Taking expectation over
Real samples yields E;p [Azi (:c)Q] ~ 32 rzT XY rri, where X' is the real gra-
dient covariance matrix, i.e. X = Eyop,.., [9(z)g(z)"]. Thus, Real sensitivity
is governed by the quadratic form induced by Xz. Let the eigendecomposition
be Yr =U RARU;. Directions associated with large eigenvalues correspond to
parameter perturbations that strongly affect the Real margin.

To satisfy (P1) under the squared-shift surrogate, we require each residual
to have limited Real sensitivity:

riTERri < €g, er > 0. (4)
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A sufficient condition is to remove the dominant eigenspace of X'r, motivating
the projection step introduced next.
For Fake samples from family i, Ez~D§;ieAzi($) = ,BriTE$NDf<;)ke [9(x)]. Let

pr; = E [g(x)]. Then (P2) promotes residual directions that increase

r] 1up;, i.e. directions aligned with the mean Fake gradient of family i. Com-

bining this with the Real-invariance constraint in Eq. yields the following
constrained trade-off:

. (4)
z~Diaye

max 7] pp; st. r] Ypr <eg, (5)
T
which formalizes the requirement that residual directions should align with fake-
specific gradients while avoiding dominant real-sensitive modes.
Spectral Interpretation. The constrained optimization in Eq. admits a
closed-form solution characterized by the spectrum of X'g.

Proposition 1 (Optimal Residual under Real-Fake Trade-off). Let Xy =
UAUT be the eigendecomposition of the real gradient covariance matriz, and let
ir; denote the fake-gradient mean of family i. Consider the constrained opti-
mization problem max,. TTALF,Z- s.t. 1 Xgr < egr. An optimal solution is given
by rr UATUT,UJF’Z‘ = 22:1 ukT)\iiFl ug, where A\ and uy denote the eigenvalues
and eigenvectors of Xr, and AT is the Moore—Penrose pseudoinverse of A.

Implication. The optimal residual scales each fake-gradient component
by the inverse of its corresponding Real-sensitivity eigenvalue. Conse-
quently, directions associated with large A\ (i.e. dominant Real-sensitive
modes) are suppressed, while alignment with fake-specific gradients is re-
tained. The proof is provided in Appendix [A.2]

While Proposition |1| characterizes the optimal direction for a single family r;,
practical merging requires a shared low-rank residual structure across families.
We therefore seek a rank-k subspace W € R4** such that each residual r; lies
in span(W). A natural surrogate for jointly preserving fake-specific alignment is
the aggregated projection energy:

T T
SIW T ppil® = Te(WTMpW),  Mp =Y priif, (6)
=1

i=1

which measures how well the subspace W captures the family-wise Fake-gradient
means. Using the trace formulation in Eq. @, we next characterize the optimal
low-rank subspace under the Real-sensitivity constraint.

Proposition 2 (Optimal Low-Rank Residual Subspace). Let XYr > 0
denote the real-gradient covariance matriz, and let Mp be defined in Eq. @
To obtain a shared rank-k residual structure, we consider the constrained spec-
tral problem: maxy ry—y, Tr(W'MpW) st. Te(WTXgrW) < eg. Then,
any optimal solution W* spans the top-k generalized eigenspace of (Mg, Xg).
Equivalently, W* is obtained by spectral decomposition of the whitened matriz
o2y 512
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Implication. The optimal residual subspace arises from a generalized
spectral trade-off between fake-specific alignment and Real robustness.
Whitening by Elgl/ ? attenuates directions that strongly influence Real
margins, while Mg promotes directions shared across Fake families. Con-
sequently, the learned subspace captures fake-discriminative variations

that lie in the complement of dominant Real-sensitive modes.The proof
is provided in Appendix [A.3]

Scale Ambiguity and Calibration. Proposition [2| determines the optimal
residual subspace, but not its scale. Since the generalized spectral objective is
scale-invariant, each residual direction is identifiable only up to task-wise scaling.
Furthermore, Stage 1 removes dominant real-sensitive modes without fully equal-
izing variance across tasks. As a result, residual magnitudes may differ across
branches, potentially biasing downstream selection mechanisms. This motivates
an additional calibration step to approximately satisfy (P3), as described in the
next section. Importantly, unlike (P1) and (P2), which impose structural con-
straints on residual geometry in parameter space, (P3) governs inference-time
perturbation behavior and therefore lies beyond purely spectral characterization.

3.2 Spectrally-Motivated Practical Construction

Propositions [I| and [2| establish that the optimal residual structure is governed by
a generalized spectral problem involving the Real-gradient covariance X'p and
the Fake second-moment matrix Mp. In particular, the optimal residual subspace
W* corresponds to the top-k eigenspace of the whitened matrix 21;1/ M FZEI/ 2
Directly computing X' and Mp is infeasible in high-dimensional parameter
space. We therefore construct an efficient low-rank approximation that preserves
the same spectral geometry while remaining tractable.

Conceptually, Proposition [2] reveals that our method performs PCA on Fake

gradients after removing the geometry induced by Real gradients. The whitening
step (Stage 1) suppresses Real-sensitive directions, and the subsequent spectral
decomposition (Stage 2) extracts dominant Fake-structured components in this
normalized space. In practice, this corresponds to projecting out dominant Real
modes and then performing spectral analysis on the residual task vectors. Over-
all, the proposed two-stage procedure yields a truncated and sample-efficient
approximation to the theoretically optimal generalized spectral solution.
Stage 1: (Approximate Real-Whitening via Subspace Removal). Proposition
indicates that optimal residual directions should attenuate the dominant eigendi-
rections of X'r. Let g(x) = Vgz(0.,z) denote the margin gradient evaluated at
the shared model. Using a small set of Real diagnostic samples, we construct the
gradient matrix Gg = [g(21),...,9(zn)], %j ~ Dieal. Since Xp = %GRG};,
its principal eigenspace can be approximated via truncated SVD of Gg. Let
Ug denote the top-rg left singular vectors. We suppress these real-sensitive
modes by projecting each task vector A; onto the orthogonal complement:
Al =(I-TU, RU;)Azw This operation approximates whitening by suppressing the
dominant eigenspace of X'r. Rather than explicitly rescaling by 1/Mj, we remove
the principal Real-sensitive modes, which suffices to enforce (P1) in practice.

317
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ONE-TIME OFFLINE SPECTRAL CONSTRUCTION
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2 Margin (P1 Real Invariance) (P2 Fake Selective Gain)
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Stored Residuals

Fig.2: Overall framework of the RZM The process is divided into two main
phases: (Top) One-time Offline Spectral Construction: This phase identifies the
optimal residual structure through two stages: Stage 1 (Approzimate Real-Whitening)
suppresses dominant Real-sensitive modes to ensure P1; Stage 2 (Spectral Approzima-
tion) extracts the leading Fake-structured components from projected task vectors to
satisfy P2. (Bottom) Lightweight Online Routing: For a test sample z, a single
backward pass gets the margin gradient g(z), allowing the input-dependent router to
select the most aligned residual 77, and approximate the merged margin zmerged-

Stage 2: (Spectral Approzimation of Fake Second-Moment Structure). Proposi-
tion [2| shows that the optimal residual subspace is determined by the spectral
structure of Mp = )", MF,z‘M;,i- In practice, the true Fake-gradient means pg;
are unknown and expensive to estimate precisely. Task vectors A;, being opti-
mized to minimize family-specific Fake losses, naturally tend to align with g ;.
We therefore use the projected task vectors A; as proxies for Fake-gradient direc-
tions. To approximate Mp, we construct a weighted second-moment matrix in
task space: C' = Zg;l w; ALALT ) where weights w; capture the degree of family-
specific gradient alignment estimated from diagnostic samples. We then compute
the top-r4 eigenvectors of C, denoted by Ua. The final subspace W = span(Ua)
serves as a low-rank surrogate for the leading eigenspace of 21;1/ M FEIEI/ 2,

3.3 Practical Implementation

In Fig. our framework consists of a one-time offline spectral construction
followed by lightweight online routing. In the offline stage, we analyze gradients
to estimate the dominant real-sensitive subspace using a small diagnostic set of
real samples (24 images). After projecting this subspace out from centered task
vectors, we construct a second-moment matrix whose leading eigenvectors define
the residual subspace; for simplicity and interpretability, we use uniform weights
(w;=1) and precompute specialist residual directions for inference.

At test time, a single backward pass computes the margin gradient, and
routing scores are obtained via inner products with the stored residual directions
to select the most aligned specialist. The merged margin is then approximated by
a first-order update without additional forward passes. Since spectral operations
are performed only once and inference requires only one gradient computation
and T inner products, the method scales efficiently with minimal overhead.

Inference-time calibration further regulates branch scaling to keep resid-
ual perturbations within the local linear regime, approximately satisfying (P3).
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% as a linear-stability indicator and, when
(g,rix)

needed, replace Az = B(g,r;x) with Az = BI%: to control branch scale.
4

Specifically, we use p(z) =

[[rsx [2+e
Implementation details are provided in Appendix [A.4]

4 Experiments

Benchmark and protocols (DF40). We evaluated on DF40 [44], a recent
deepfake detection benchmark that implements /0 manipulation/generation meth-
ods across four forgery categories: face swapping (FS), face reenactment (FR),
entire-face synthesis (EFS), and face editing (FE). We followed DF40 naming of
data “domains” (e.g. FF++ [33] and Celeb-DF/CDF |21]). DF40 standardizes
three evaluation protocols: (i) Protocol 1 (cross-forgery, same domain): train and
test within the same data domain while varying forgery methods; (ii) Protocol 2
(cross-domain, same forgery): train and test on the same forgery category while
changing the data domain; (iii) Protocol 3 (unknown forgery & domain): train
on seen forgeries/domains and test on unseen forgeries and domains to simu-
late open-set conditions. These protocol definitions, the four-category taxonomy
(FS/FR/EFS/FE), and FF++ /CDF domains were adopted from DF40.
Specialist Model Construction and Training Policy. We trained three spe-
cialists, one per forgery category: frg, Orr, and Ogps, each trained on the union of
methods within its category (8 methods per category; 24 total). We also trained
a single all-in-one model on all 24 methods. All models use CLIP-L/14 [30] as
the backbone with pooler_output embeddings and a binary linear head trained
via cross-entropy. Since our goal is to study training-free model merging for di-
verse forgery types, we train all specialists under an identical architecture and
training recipe to ensure a controlled comparison. All training followed the offi-
cial DF40 splits, with no data from Protocols 2 or 3 used for training or tuning.
Training details and the full method list are provided in Appendix
Evaluation metrics. We reported image-level area under the ROC curve (AUC)
under all three DF40 protocols and compared merged models against specialists
and the all-in-one baseline. All evaluations followed the DF40 train/test splits
and protocol definitions. We compared against training-free merging baselines.
Model Merging Hyperparameter Selection. Hyperparameters were se-
lected using Protocol 1 validation only and fixed across Protocols 2 and 3 to
prevent cross-protocol leakage. For our method, the hyperparameters consist
of two offline ranks and one online scaling factor. r¢ controls the dimension of
the Real-sensitive subspace removed in Stage 1 (top-rg singular vectors Ug), 74
determines the rank of the residual subspace extracted in Stage 2 (top-r4 eigen-
vectors Uy of C'), and 3 is the residual scaling coefficient applied at inference
time. We searched rg € 0,1,2 and r4 € 1,2, 3, and selected 8 from 0.6,0.8, 1.0.
For baseline merging methods, we followed their hyperparameter grids; formu-
lations are detailed in Appendix To ensure fair comparison, we applied the
same search ranges across all merging methods with the same averaged head.
Experiments related to the classifier head are included in Appendix [B.4]

4.1 Main Results on DF40 (Protocols 1-3)

Tab. |1| summarizes per-category AUCs under Protocols 1 and 2, covering both
in-domain (FF++) and cross-domain (Celeb-DF) settings.
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Table 1: DF40 Protocols 1-2 Results (higher is better). Columns are
category xdomain + domain-wise means. Protocol 1: cross-forgery within FF+-+ (in-
domain). Protocol 2: cross-domain transfer to Celeb-DF (CDF). Best results are shown
in bold, second-best are underlined.

Protocoll - FF Protocol2 - CDF
Method FS FR EFS Mean FS FR EFS Mean
Our DF40-compliant training
Specialist—FS 0.995 0.912 0.766 0.891 0.959 0.690 0.603 0.751
Specialist-FR 0.923 0.999 0.742 0.888 0.505 0.915 0.099 0.506
Specialist-EFS 0.676 0.814 0.999 0.830 0.618 0.621 0.989 0.74
All-in-one 0.962 0.997 0.978 0.979 0.759 0.860 0.366 0.662

Training-free merging baselines

Weight Averaging 0.968 0.997 0.982 0.982 0.825 0.909 0.767 0.834
Task Arithmetic 0.956 0.995 0.965 0.972 0.741 0.888 0.926 0.852
TIES-Merging 0.959 0.993 0.961 0.971 0.819 0.898 0.891 0.869
CART 0.976 0.994 0.995 0.988 0.851 0.874 0.907 0.877
R?M (ours) 0.992 0.999 0.997 0.996 0.829 0.932 0.796 0.852

Table 2: DF40 Protocol 3 Results (higher is better). Unseen datasets: DeepFace-
Lab |23], HeyGen |[1|, Midjourney |2], WhichIsReal [3|, StarGAN 8], StarGAN v2 [9],
StyleCLIP [28], CollabDiff [13].

DeepFace  Hey Mid Whichls Star StarGan Style Collab

Lab Gen  journey Real Gan v2 Clip Diff Mean

Method

Our DF40-compliant trainin
0.892 (!)] 573

Specialist-F'S 0.334 0.364 0.887 0.640 0.608 0.596 0.612

Specialist-FR 0.812 0.546  0.603 0.228 0.697 0.433 0.053 0.141  0.439
Specialist-EFS 0.709 0.398 0.561 0.694 0.901 0.777 0.952 0.997 0.749
All-in-one 0.884 0.561 0.177 0.512 0.860 0.714 0.761 0.854 0.665

Training-free merging baselines (same backbone)
WA 0.455 0.953 0.728 0.635 0.848 0.724

TA 0.887 0.541 0.695 0.255 0.891 0.579 0.504 0.622  0.622
™ 0.897 0.579 0.545 0.327 0.912 0.598 0.668  0.627  0.644
CART 0.943 0.608 0.559 0.497 0.975 0.780 0.813 0.955 0.766
R?M (ours) 0.930 0.594  0.709 0.739 0.964 0.823 0.919 0.995 0.834

» Training-free model merging fits deepfake detection. Even plain Weight Aver-
aging achieves a strong FF mean AUC of 0.982, essentially matching the jointly
trained All-in-one model (0.979). This indicates substantial cross-task parame-
ter sharing in this domain and suggests that weight-space merging is a natural
and effective paradigm for deepfake detection.

» CART and R*M retain specialists almost perfectly on FF (saturation). Both
CART and R*M achieve near-saturated performance on FF (Protocol 1), reach-
ing mean AUCs of 0.988 and 0.996, respectively. Category-wise values closely
track the specialists (e.g., FS: 0.976/0.992 vs 0.995; FR: 0.994/0.999 vs 0.999;
EFS: 0.995/0.997 vs 0.999). These small differences (on the order of 10~2) indi-
cate that the in-domain FF setting is nearly saturated across merging methods.
» Cross-domain seen transfer (CDF; Protocol 2). When transferring from FF-++
to Celeb-DF, performance differences become larger. Specialists can fail catas-
trophically under this setting. For example, the FR specialist achieves an AUC
of only 0.099 on EFS under CDF, indicating that decision boundaries learned
for one manipulation category may not transfer across domain and manipula-
tion shifts. Training-free merging methods mitigate such failures. Among them,
CART achieves the highest CDF mean AUC (0.877), while R?M remains com-
petitive with a mean of 0.852. Notably, R>M achieves the best result on the FR
column (0.932), suggesting that controlling real-sensitive modes while preserving
specialist residual directions helps maintain robustness for manipulation types.
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Table 3: Effect of spectral ranks (79, r4) and calibration. We report mean AUCs
on Protocol 1 (FF), Protocol 2 (CDF), and Protocol 3 (Unseen), before (off) and after
(cal) suite-level calibration. A denotes (cal - off). All = mean of FF/CDF /Unseen.

ro TA|FFog FFcai A |CDFog CDFear A | Uog  Ucal A |Alleg Allcar A

0 110.967 0.979 +0.012| 0.485 0.810 +0.325|0.728 0.769 +0.041]0.727 0.853 +0.126
0 2 [0.967 0.988 +0.021| 0.637 0.845 +0.208|0.738 0.777 -+0.039[0.781 0.870 -+0.089
0 31]0.974 0.990 +0.016| 0.659 0.870 +0.211]0.718 0.752 +40.034|0.783 0.871 +0.088
1 110956 0.987 +0.031| 0.538 0.838 +0.300]0.738 0.777 +0.039]0.744 0.868 +0.124
1 2]0.989 0.989 +0.000| 0.695 0.842 +0.147|0.786 0.822 -+0.036|0.823 0.885 -+0.062
1 310.990 0.990 +0.000| 0.697 0.842 +0.145|0.781 0.814 -+0.033]0.823 0.882 +0.059
2 110.975 0.980 +0.005| 0.530 0.844 +40.314|0.730 0.764 +0.034|0.745 0.863 +0.118
2 210991 0.991 +0.000| 0.683 0.852 4-0.169|0.777 0.816 +0.039|0.817 0.886 -+0.069
2 3 ]0.996 0.996 +0.000| 0.730 0.852 +0.122]0.798 0.834 +10.036|0.841 0.894 +0.053

Tab. [2] reports per-forgery AUC on unseen generators, with the macro mean.
» Merging prevents catastrophic failures and improves macro performance. The
jointly trained All-in-one model collapses on several unseen generators (e.g.,
MidJourney AUC = 0.177). This suggests that a decision boundary learned for
FR in FF++ does not transfer to EFS in CDF, indicating significant geometric
misalignment across categories and domains. Similarly, the jointly trained All-
in-one model, while competitive on FF-++, drops to 0.366 on EFS under CDF,
implying that collapsing heterogeneous forgeries into a single shared boundary
can lead to suboptimal compromises under domain shift. In contrast, all training-
free merging variants avoid such failures. For example, Weight Averaging achieves
0.613 and CART 0.559 on MidJourney. This shows that merging preserves di-
verse specialist cues and improves robustness under distribution shift.
» R2M delivers the strongest overall zero-shot transfer. Among training-free
methods, R?M achieves the best macro AUC on unseen generators (0.834), out-
performing CART (0.766), Weight Averaging (0.724), and other baselines. R*M
achieves the highest performance on multiple generators, including MidJourney
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(0.709), WhichIsReal (0.739), StarGAN v2 (0.823), StyleCLIP (0.919), and CollabDiuff

(0.995). Overall, these results indicate that preserving manipulation-specific resid-
ual directions while controlling real-sensitive modes leads to stronger zero-shot
generalization across diverse unseen generators.

4.2 Ablation on Spectral Construction and Calibration

All results in this rank-grid analysis are obtained with a fixed residual scaling co-
efficient 8 = 1. Therefore, performance differences arise solely from the spectral
ranks (rg,74) and the presence or absence of calibration (P3), not from tuning
the residual magnitude. Tab. |3|summarizes the mean AUCs across Protocols 1-3
for all (rg,r4) configurations, before and after calibration.

Effect of Spectral Ranks (rg, r4) Across the rank grid, increasing r4 con-
sistently improves the raw (off) basis. For example, under ro = 2, the overall
mean increases from 0.745 (r4 = 1) to 0.841 (r4 = 3). This indicates that a
higher residual rank better captures the second-order structure of specialist task
vectors, enabling more accurate routing.

In contrast, setting ro = 0 (i.e., no Real-mode projection) leads to unstable
cross-domain behavior. While FF performance may remain competitive, CDF
performance degrades severely in the off setting (e.g., 0.485 for 7o = 0,74 = 1).
Using rg > 1 consistently improves cross-domain robustness, supporting the role
of Stage 1 as approximate Real-whitening.
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Empirical Validation Real/Fake Domain-Shift Diagnostics
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Fig. 3: Empirical validation of the proposed real-fake decomposition. (a) Routing con-
fidence gap As = s(1y — s(2) where s;(x) = [(g(z),r:)| is the routing score for residual
branch ¢ and s(1y > s(2) are the top-2 scores. (b) Linearization check comparing pre-
dicted logit shifts Azprea = S(g(z),r:) with actual shifts Aziue. (¢) Common margin
magnitude |z.| on real samples across domains. (d) Residual-to-common ratio p on real
samples. (e) Residual-to-common ratio p on fake samples.

Interaction Between 1y, and Calibration (P3). Calibration (P3) plays a
complementary role to the spectral construction stages (P1-P2), and its effect
depends strongly on the quality of the residual basis.

First, when the residual subspace is weak—e.g. small r4 and no Real-mode
projection (rg = 0)—calibration yields substantial improvements, especially un-
der domain shift. For instance, with (rg,74) = (0, 1), calibration improves the
CDF mean by +0.325. In this regime, the residual directions are both low-rank
and sensitive to Real-dominant modes, leading to unstable residual magnitudes.
Calibration compensates for this mismatch by explicitly regulating the residual
contribution relative to the shared margin. Second, as ry and r4 increase, the
gap between off and calibrated performance tends to shrink, particularly in the
in-domain FF setting. For the strongest basis (rg,74) = (2, 3), the FF gain from
calibration is zero (+0.000). This suggests that stronger Real-mode suppression
(P1) together with higher residual capacity (P2) already produce more stable
residual magnitudes, reducing reliance on inference-time correction.

Nevertheless, calibration remains important under domain shift. Even with
the strongest basis, CDF performance improves by +0.122 after calibration. This
indicates that while improved spectral construction reduces magnitude instabil-
ity in seen domains, cross-domain shifts still induce scale mismatch that is not
fully captured offline. Therefore, P3 does not replace P1-P2; rather, it stabilizes
their interaction, particularly in challenging transfer settings. Additional abla-
tions on the residual scaling coefficient 3 are provided in Appendix [B.3] showing
that the overall trends remain consistent across scaling values.

4.3 Empirical Analysis of Real-Fake Decomposition

Routing selectivity. We score each residual branch by s;(z) = |{g(z),r:)],
and route by the top score. Fig. |§|(a) plots the confidence gap As = s(1) — 5(2)
between the top-2 scores. Fake samples exhibit substantially larger gaps than real
samples, indicating more selective residual activation for manipulated inputs.

Linearization validity. Fig. b) compares the predicted logit shift Azpreq =
B{g(z),r;) with the actual shift Az, obtained by applying the residual update.
The strong correlation between the two quantities indicates that the gradient
inner-product provides a reliable first-order surrogate for estimating the effect of
residual updates, supporting the linearization assumption used for routing. To
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better understand the behavior of the proposed decomposition, we analyze the
statistics of the common margin and residual routing under domain shifts.
Real-domain mismatch. Fig. 3| (c) shows the magnitude of the common mar-
gin |z(6.,z)| on real samples across domains. While the FF real distribution
produces large margins, the margin on CDF real drops, indicating that the FF-
derived real-sensitive subspace is less aligned with the CDF real distribution.
Residual dominance under domain shift. In Fig. [3(d), the residual-to-
common ratio p = |Az|/|z.| increases sharply on CDF real data. This suggests
that the weakened common margin causes residual routing to dominate more
frequently, and residual routing dominates when the common margin collapses.
Residual selectivity for unseen generators. In contrast, Fig.[3(e) shows that
unseen fake samples increase the relative importance of the residual term. This
indicates that manipulation-specific residual directions remain informative for
unseen fake families, supporting improved generalization in the unseen setting.
4.4 Merging specialists with heterogeneous real domains

Our analysis so far used DF40, where Table 4: Merging six specialists with
all real images come from FF, raising heterogeneous real distributions. AUC

the question of whether the observed on six domains for the individual specialists
“shared Real” structure persists un- (FS-f, FR-f, EFS-f, FS-cdf, FR-cdf, EFS-
cdf), and for the merged models obtained

der more heterogeneous real distribu- 5
by CART and R>M.

tions. To test this, we train special-
Model ~FS-ff FR-ff EFS-ff FS-cdf FR-cdf EFS-cdf

ists using two real datasets (FF and
FS-ff  0.9950.912 0.766 0.959 0.696 0.621

CDF) while keeping the same forgery FR-ff 09230999 0.742 0503 0.923 0.106
. . . T EFS-ffi 0.676 0.814 0.999 0.635 0.608 0.988
families, yielding six specialists in to- FS'edf 07754 0.647 0.616 0.999 0989 0.982
. FR-cdf 0.557 0.849 0.532 0.991 0.999 0.929

tal. We merge them using CART or EFScdf0.3290.244 0923 0955 0.961 0,999

R?M and evaluate AUC across the six CART  0.8670.957 0.954 0.998 0.994  0.996
domains. The results are summarized LM 0.9710.989 0.992 0.996 0.994 0.981

in Tab. [4] Despite the increased real heterogeneity, R*M consistently achieves
higher AUC than CART on the harder FF++ domains while matching CART
on the saturated CDF domains. This suggests that the SVD-based Real core in
R?M maintains a stabilizing shared subspace across multiple real datasets and
degrades more gracefully as real diversity increases. Additional scaling experi-
ments and training details are provided in the Appendix and

5 Conclusion

We study deepfake detection as a testbed for model merging, where special-
ists share a binary objective but capture generator-specific artifacts. R2M links
parameter-space composition to logit-space behavior, enabling efficient inference
and interpretable analysis. Across in-domain and unseen settings, generator-
specific residuals provide selective gains, while unconditional residual injection
introduces cross-family trade-offs. Routing confidence and first-order logit pre-
diction explain when residual specialization helps or fails. However, real-domain
mismatch remains a key limitation, particularly under CDF-like shifts where
margin collapse and residual dominance degrade ranking stability. RZM com-
bines offline spectral organization with lightweight routing to enable scalable
and interpretable detector updates under distribution shift.
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