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Contributions

1. HSIC Bottleneck for Generalized Synthetic Image Detection. We impose an HSIC bottleneck on
intermediate CLIP features to suppress text-alignment nuisances and amplify image-label
dependence, substantially improving cross-generator generalization.

2. HSIC-Guided Replay (HGR) for Continual Adaptation. We introduce an HSIC-driven exemplar
selection and weighting scheme that delivers compact yet effective replay, enabling adaptation
to 3DGS content while preserving prior accuracy.

3. 3DGS Synthetic Image Benchmark. We curate a 3DGS rendered image suite spanning
multi-view reconstruction, single-view reconstruction, and a generative 3DGS pipeline, offering
a benchmark to advance research on synthetic image detection.



Hilbert-Schmidt Independence Criterion (HSIC)

HSIC (Gretton et al., 2005) is a kernel-based measure of statistical dependence between random
variables, defined via reproducing kernel Hilbert spaces (RKHSs). Leta € A and b € B be
random variables associated with RKHSs (FF, k) and (G, /), induced by feature maps ¢ : A — F
and ¢ : B — G, respectively. Let the corresponding mean embeddings be p, = E[¢p(a)] and
pp = E[t(b)]. The cross-covariance operator Cap, : G — F is defined as

Cab = E[(¢(a) — pa) ® (¢(b) — pp)]- (1)
The population HSIC is the squared Hilbert—Schmidt norm of this operator:

HSIC(Pab, F,G) = ||Cab|5s- )



Hilbert-Schmidt Independence Criterion (HSIC)

Kernel expectation form (population). Let (a’, b’) be an independent copy of (a, b). Expanding
equation 2 yields the following equivalent expression in terms of kernels k and ¢:

HSIC(a,b) = Eaabb [k(a,a’) (b, b’)] + Eaa [k(a,a’)] Epy [€(b,b)]
_ 2E,, [Ea,k(a, a’) By ¢(b, b') ]

which is zero if and only if a and b are independent under suitable conditions, e.g., when character-
istic kernels are used.
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Hilbert-Schmidt Independence Criterion (HSIC)

Empirical estimator. Given n i.i.d. samples {(a;, b;)};-; from Pap, define the Gram matrices

K,L € R"*" by K;; = k(a;,a;) and L;; = £(b;,b;). Let 1 € R™ denote the all-ones vector,

I,, € R™*™ the identity matrix, and the centering matrix H = I,, — 111", which is symmetric and

n
idempotent. A commonly used (biased) V-statistic estimator 1s

HSIC(a,b) = %l)zu(KHLH) = %I)QU(HKHHLH) =

(n (n

1 _soeoe
(n——l)2 tl'(KL) ’
(4)

where tr(-) denotes the standard matrix trace operator. This estimator provides an efficient empirical
estimate without requiring density models. In practice, Gaussian RBF kernels are often adopted for
k and ¢, and the bandwidth can be set by the median heuristic. The centered versions K = HK H
and L = HLH correspond to centering the associated feature maps, so that equation 4 matches
the population definition equation 2 through equation 3.



Method

3.1 HSIC BOTTLENECK

Let the model be hy = gg, © fo +» Where fo ; 1s an encoder and gy, 1s a classifier. In DualHSIC (Wang
et al., 2023b), the encoder is a ResNet with L intermediate layers. Given an input representation z,
label y, and layer-j feature Z; (j = 1,..., L), the layer-wise HSIC objective is

Lu(0y) = Ay ESIC(2,2;) — A, Y FSIC(y, 2), 5)

where A\, encourages compression of input information, while )\y encourages dependence on the
label y € {0, 1}, indicating whether the sample is synthetic (1) or authentic (0).

Unlike DualHSIC, which applies HSIC at all intermediate layers, we use CLIP ViT as the feature ex-
tractor. For each image, we form a CLIP feature representation = by concatenating features from its
24 intermediate layers and the final layer, and then compress itinto z = fp, (x). Adapting equation 5
to this setting gives

LusicBottleneck(ff) = Az ﬁ’S‘E(l’, z) — Ag ﬁéﬁ(yaz)- (6)



Method

3.2 TRAINING OBJECTIVE

For each sample i, let x; be its CLIP feature representation and z; = fy b (z;) be the compressed

feature. The classifier gy, outputs a logit u; = gy, (z;), and the corresponding probability is p; =
o(u;), where o(+) is the SlngId For blnary labels y; € {0, 1}, we use binary cross-entropy:

Lon(9),0,) = —— Z | vilogpi + (1—y:)log(1-p) | ()

The final objective is
Liotal(0f,05) = Lusic-Bottleneck(0f) + LBcE(0f,0,). (8)
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3.3 HSIC-GUIDED REPLAY (HGR)

‘We combine an HSIC-inspired relevance score with a k-center coverage term to select exemplars for
the rehearsal buffer. A nonnegative weight A, > 0 controls the strength of the k-center regularizer:
Ake=0 yields pure relevance-based selection, while larger values emphasize coverage. Selection
is performed per class ¢ € {0,1}, but we omit ¢ below for simplicity. Let X = {x;}icz be the
candidate set of CLIP feature representations with index set Z. At step t, let S;_; C Z be the
selected indices (with Sy = @), and define the active set A; = 7 \ S;_;.

For each x; € X, compute z; = fp,(2;). Form the Gaussian RBF Gram matrix K on {z;}cz and
let K be its centered version as in equation 4. The HSIC-inspired relevance score for index i € T is

e = || Bl ©)

To promote coverage and reduce redundancy, we add a k-center term in feature space, following the
coreset view of Sener & Savarese (2018). Define, for i € Ay,

R N T
GO=Y min n-glf w2, M #=L5
JESt—1 jE€T

so that larger d;(t) favors points farther from the already selected set.

Selection rule. HGR selects exemplars by minimizing the \y.-regularized score

sit) = (1= N(m)) + Me (1= N(d(t)), i€ A (10)
Here, N(-) denotes a normalization operation. We choose i; = argmin,. 4, s;(t) and update
Sy = S;—1 U {if} until |S¢| = m,, where m, is the number of exemplars allocated to class c.

Repeating this for ¢ € {0,1} and taking the union across classes and domains yields the replay
buffer. Intuitively, HGR favors items that are both highly ranked by the relevance score (large r;)
and provide coverage (large d;(t)).



Results

Table 1: Cross-generator generalization with diffusion-trained detectors (ACC/AP). Each cell
reports ACC/AP (%). Within each dataset row, the highest, second highest, and third highest ACC
are shaded red, orange, and yellow, respectively. The SDV1.4 row label cell is shaded green to
indicate the diffusion training source.

Dt Method (ACC/AP %)
CNNSpot LGrad UniFD NPR RINE VIB-Net Ours Ours w/ intermediate

SDV1.4 99.48/99.98  99.12/99.94  83.55/96.04  100.00/100.00 96.10/100.00  99.55/100.00  99.33/99.98 99.92/100.00
SDVL1.5 99.35/99.83  99.05/99.92  84.80/96.26 = 99.90/99.97 95.90/99.90  99.20/99.97  99.24/99.95 99.81/100.00
ADM 50.10/51.10  53.00/58.52  53.35/66.34  73.00/94.70 53.70/86.80  73.85/95.49  85.82/97.69 91.10/99.61
GLIDE 50.90/58.80  64.24/84.00  75.30/93.73  89.70/95.80 56.70/95.70  74.25/97.13  94.97/99.26 97.07/99.85
Midjourney  56.42/67.93 76.34/91.06 71.60/92.08  82.30/95.50 59.20/97.00 = 88.05/97.81  83.12/97.35 80.86/99.34
Wukong 97.90/99.80 97.53/99.72  73.55/90.98  100.00/100.00  85.00/99.80  98.25/99.93  98.62/99.92 99.86/100.00
VQDM 50.04/49.92  50.93/56.34 55.10/74.53  68.30/86.30 57.40/96.50  89.35/97.00  93.69/99.25 99.42/99.99
ProGAN 50.27/53.15 61.61/83.59 58.65/51.77  60.30/83.30 68.90/81.40  89.70/96.59  97.54/99.64 99.49/99.99
CycleGAN  49.81/50.23  60.74/90.24 59.30/63.42  67.20/94.90 66.50/96.80  88.60/98.44  97.92/99.86 99.66/99.97
BigGAN 50.10/49.79  48.82/47.51 61.45/75.81  59.20/72.00 52.40/94.00  91.20/97.17  90.28/98.01 91.75/99.74
StyleGAN  50.98/55.98 61.43/82.74 56.80/54.12  58.00/82.70 53.30/71.60  74.10/84.31  94.42/98.93 88.15/97.89
StarGAN 49.77/47.07 50.17/99.19 61.45/54.93  73.20/97.30 58.00/99.80  80.70/97.60  96.05/99.52 100.00/100.00
GauGAN 50.38/56.08  49.70/49.25 55.30/65.99  52.00/66.00 51.80/87.90  87.15/96.94  87.38/94.51 90.02/97.60
Deepfake 51.98/54.86 50.17/66.49 58.40/70.24  74.80/85.30 51.60/80.30  72.00/81.32  66.35/76.47 82.15/93.82
SAN 50.22/54.03  56.49/65.09 72.00/83.34  89.60/95.90 62.30/88.70  81.50/93.27  90.64/96.13 88.58/95.51
Avg 60.51/63.24  65.29/78.24  65.37/75.31  76.50/89.98 64.59/91.75  85.83/95.53  91.69/97.10 93.86/98.89
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Table 2: Cross-generator generalization with GAN-trained detectors (ACC/AP). Each cell re-
ports ACC/AP (%). Within each dataset row, the highest, second highest, and third highest ACC are
shaded red, orange, and yellow, respectively. The ProGAN row label cell is shaded green to indicate
the GAN training source.

Dataset Method (ACC/AP %)
CNNSpot LGrad UniFD NPR RINE VIB-Net Ours Ours w/ intermediate

ProGAN 99.99/99.99  99.80/99.90 99.90/100.00 99.80/100.00 = 100.00/100.00 99.99/100.00 99.83/100.00 100.00/100.00
CycleGAN  87.59/96.40 86.94/94.01  98.50/99.21 96.10/98.50 99.32/99.99 99.00/99.80 88.38/99.74 93.07/99.99
BigGAN 71.18/87.50 85.63/90.75  94.50/98.31 84.40/87.80 99.60/99.94 95.75/99.29 90.08/99.53 82.05/99.94
StyleGAN 89.95/96.94 91.08/99.80  84.40/97.98 97.70/99.80 88.86/99.44 91.25/98.79 91.37/98.33 93.41/100.00
StarGAN 94.60/94.24  99.27/99.98  95.85/99.35 99.30/99.90 99.55/100.00 98.95/99.72 97.45/99.87 100.00/100.00
GauGAN 81.44/98.28 72.49/79.29  99.50/99.80 82.50/85.50 99.77/100.00 99.70/99.99 82.32/99.99 68.33/99.98
Deepfake 51.69/64.42 56.42/71.71  67.40/82.04 80.20/82.40 80.57/97.90 83.20/92.64 83.98/92.97 82.48/96.82
SAN 50.00/55.89 44.47/45.09  56.50/82.18 69.20/71.60 68.26/94.93 70.50/91.62 86.99/92.25 93.61/97.94
SDV1.4 50.82/52.86 63.03/70.90 63.10/85.48 76.60/84.00 83.96/98.35 71.55/87.24 85.79/92.25 98.82/99.94
SDV1.5 50.88/53.25 63.67/71.72  63.57/82.30 77.90/84.60 83.35/98.33 70.00/86.98 85.14/92.23 98.67/99.85
ADM 60.20/65.14 67.10/71.83  66.90/84.34 69.70/74.60 74.61/96.23 71.45/87.88 81.46/89.61 93.01/97.70
GLIDE 57.85/68.10 66.10/75.96  61.70/84.04 77.30/85.70 80.72/97.87 69.40/88.53 89.72/96.39 97.02/99.56
Midjourney 50.77/56.60 56.20/71.42  57.85/69.10 77.80/85.40 57.12/87.41 61.25/75.68 60.36/66.83 69.40/82.49
Wukong 51.13/51.15 63.60/66.51  71.06/90.13 76.10/80.50 84.95/98.62 75.90/90.92 88.36/95.38 98.62/99.88
VQDM 56.20/69.49 67.02/70.23  85.00/94.96 78.10/81.20 89.79/99.23 86.65/96.51 88.72/96.08 97.49/99.74

Avg 66.95/74.02 72.19/78.61  77.72/89.95  82.84/86.77 86.03/97.88 82.97/93.04  86.66/94.10 91.07/98.25
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Table 3: Training from SDV1.4. Cells show mACC/mAP (%). In our setup, base trains only on
SDV 1.4 without 3DGS; Oracle is jointly trained on SDV1.4 plus {GHA, SA, GAGAvatar} in a
non-continual manner; and iCaRL, CBRS, and our HGR are sampling methods for the replay buffer.

Bold highlights the best mACC among the sampling methods only.

Method  Diffusion GANs Others GHA SA GAGAvatar Average

UniFD  71.04/87.14 58.83/61.01 65.20/76.79  54.75/54.03  58.35/54.87 55.85/56.89 63.87/71.97
RINE 72.00/96.53 58.48/88.58 56.95/84.50 50.00/60.20 50.00/55.10 50.60/59.70  62.20/86.20
base 95.43/99.83  94.85/99.20 85.37/94.67 66.05/78.10 64.65/80.66 50.39/54.56 88.27/94.26
iCaRL  96.00/99.65 91.57/97.61 78.11/93.34 96.01/99.85 94.99/99.80 94.52/99.12 92.40/98.26
CBRS  95.15/99.68 93.15/98.60 77.58/94.24 95.23/99.78 96.58/99.97 96.02/99.50 92.66/98.73
HGR 97.12/99.81 94.00/99.07 82.31/94.29 97.06/99.77 98.07/99.99 95.18/99.07 94.38/98.92
Oracle  95.54/99.76  95.62/99.39 78.39/96.08 94.57/98.86 98.67/99.94 94.90/99.08 93.75/99.15




Results

Table 4: Training from ProGAN. Cells show mACC/mAP (%). In our setup, base trains only on
ProGAN without 3DGS; Oracle is jointly trained on ProGAN plus {GHA, SA, GAGAvatar} in a
non-continual manner; and iCaRL, CBRS, and our HGR are sampling methods for the replay buffer.

Bold highlights the best mACC among the sampling methods only.

Method  Diffusion GANs Others GHA SA GAGAvatar Average

UniFD  67.03/84.34 95.44/99.11 61.95/82.11 53.10/56.33  86.10/95.41  65.45/76.54 76.14/87.64
RINE 79.21/96.58 97.85/99.90 74.42/96.42 54.20/66.00  79.30/92.90  61.00/77.30 82.50/94.69
base 93.29/97.02 89.48/99.99 88.05/97.38 51.25/74.75  55.78/94.09  61.98/73.83  85.28/95.36
iCaRL  76.79/91.10 88.84/94.74 78.90/92.80 95.23/99.86  97.47/99.98  96.93/99.85 84.33/93.96
CBRS 80.33/92.97 89.99/95.34 77.55/90.63 97.82/99.85 98.07/100.00 98.09/99.89 86.18/94.65
HGR 82.87/94.33 93.94/98.85 80.99/90.72 94.71/99.47 99.45/100.00 95.47/99.26  88.63/96.31
Oracle  82.15/95.58 96.10/99.72  85.15/97.11 90.90/96.66  98.81/99.96  90.98/97.06 89.04/98.27
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