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A. Scalability Analysis

Since the 136-D landmark vector WL is already sufficient
for detection and localization, we assess LIDMark’s scala-
bility by expanding the identifier payload WID from 16-D
to 32-D. While a 16-D payload supports 216 unique iden-
tities and is sufficient for most scenarios, a 32-D payload
accommodates 232 ≈ 4.3× 109 identities to cater to large-
scale applications. This expansion increases the total pay-
load to 168-D, comprising the 136-D landmark and the new
32-D identifier. While WID can represent arbitrary prove-
nance or copyright data, our experiments, for convenience,
use the hashed filename to simulate this tracing scenario.
Results are detailed in Tabs. 1–3 and Fig. 1. The framework
accommodates a 10.5% increase in total payload capacity
with only a marginal PSNR cost, while yielding a more
stable and robust recovery of the geometric landmark sig-
nal against both common distortions and advanced deepfake
manipulations. Notably, the expanded identifier creates no
interference with the geometric signal, confirming that our
factorized decoding strategy effectively disentangles these
two heterogeneous tasks. This validates the potential to ex-
pand WID for more complex or granular source tracing.

Table 1. Objective imperceptibility comparison on CelebA-HQ
[7]. Results are at 256× 256 resolution. We compare the standard
payload (W.L. 152) against the expanded (W.L. 168).

W.L. Image Size PSNR ↑ SSIM ↑
152 256× 256 44.31 0.99
168 256× 256 42.36 0.99

Table 2. Quantitative comparison on CelebA-HQ [7] of BER and
AED for LIDMark with different capacities (W.L. 152 vs. 168)
under common distortions Mc, demonstrating highly robust scal-
ability.

Distortion W.L. 152 W.L. 168
BER ↓ AED ↓ BER ↓ AED ↓

Identity 0.00% 2.96 0.00% 2.14
Resize 0.00% 3.00 0.00% 2.17
GausBlur 0.00% 3.03 0.00% 2.16
MedBlur 0.00% 3.01 0.02% 2.16
JpegTest 0.57% 3.39 0.00% 2.36
JpegMask 0.01% 2.98 0.01% 2.17
Average 0.10% 3.06 0.01% 2.19

Table 3. Quantitative comparison on CelebA-HQ [7] of BER and
AED for LIDMark with different capacities (W.L. 152 vs. 168)
under deepfake manipulations Md, demonstrating highly robust
scalability.

Manipulation W.L. 152 W.L. 168
BER ↓ AED ↓ BER ↓ AED ↓

SimSwap [1] 0.97% 3.55 0.59% 2.58
UniFace [9] 2.44% 4.01 0.18% 2.47
CSCS [6] 0.01% 3.05 0.00% 2.21
StarGAN-v2 [2] 8.47% 5.51 14.33% 5.32
InfoSwap [3] 0.84% 3.91 1.19% 2.48
Average 2.55% 4.01 3.26% 3.01

Table 4. Comparison of model complexity against dual-function
baselines. We report the number of Parameters (M) and FLOPs
(G). For fair comparison, the watermark length (W.L.) is standard-
ized to 152-D for all methods.

Model Image Size Params (M) FLOPs (G)

SepMark [8] 128× 128 28.310 4.031
WaveGuard [5] 128× 128 34.810 27.014
KAD-NET [4] 128× 128 8.542 7.835
Ours 128× 128 5.815 12.221

SepMark [8] 256× 256 28.310 16.059
WaveGuard [5] 256× 256 34.810 27.011
KAD-NET [4] 256× 256 48.542 31.357
Ours 256× 256 21.023 60.622

B. Complexity Analysis

Tab. 4 presents a comprehensive benchmarking of model
complexity, contrasting LIDMark with existing dual-
function methods. In terms of parameter efficiency, LID-
Mark demonstrates superior compactness. This is largely
attributed to our unified design, where a single shared back-
bone efficiently extracts rich and versatile features for mul-
tiple downstream tasks, avoiding the structural redundancy
of dual-branch encoders. At a resolution of 128 × 128,
our model requires only 5.82M parameters, representing
approximately 20% and 17% of the capacity of SepMark
[8] and WaveGuard [5], respectively. This lightweight foot-
print minimizes storage requirements, making LIDMark ex-
ceptionally suitable for deployment on storage-constrained
edge devices and mobile platforms.

Regarding computational cost, we observe that LIDMark
incurs higher FLOPs. This increased computational den-



Figure 1. Visual assessment of the 168-D LIDMark robustness and imperceptibility. Comparing rows 1 and 2 shows the watermarked
image Iwm is indistinguishable from the cover image Ico. Row 3 displays the manipulation results M(Iwm). The “intrinsic-extrinsic”
consistency check compares the green dots in row 4, representing FHD-recovered intrinsic landmarks ŴL, against the red dots in row 5,
representing re-detected extrinsic landmarks Wnew. Row 6 merges these two landmark sets into a combined image to visualize their spatial
differences.

sity is a deliberate and necessary investment to achieve
trifunctional capability. Unlike baselines that are limited
to coarse-grained detection or tracing, our FHD performs
dense, pixel-level feature processing to ensure precise tam-
pering localization and high-fidelity watermark recovery.
While methods like SepMark achieve lower FLOPs, they
sacrifice the granularity required for localization and the ro-
bustness needed for challenging deepfake attacks. Conse-
quently, we argue that the marginal increase in inference
latency is a worthy exchange for the significant gains in
forensic security and the unification of three distinct tasks
within a single framework.
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