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Abstract

Semantic watermarks for diffusion models embed ownership informa-
tion into the generative process while preserving perceptual quality, but
Gaussian-Shading extraction conventionally requires multi-step diffusion
inversion to recover the initial noise. Recent one-step methods show that
this cost can be reduced substantially. We study this problem through ex-
tended flow matching and conditional regression. The key observation is
that, near the high-SNR image endpoint, recovering a useful noise statis-
tic given by first step output result of the extended flow matching in the
high-SNR regime is much simpler than reconstructing the full inverse tra-
jectory, and Gaussian Shading only requires the recovered latent to remain
in the correct watermark decision region. Based on this observation, we
propose a lightweight, prompt-free extractor that decomposes endpoint
recovery into an image-like anchor and a noise-oriented residual, which
increases the capability of the model to utilize GPU parallel computation.
The resulting method avoids iterative inversion and repeated evaluation of a
diffusion-scale U-Net, providing an efficient one-step extraction pipeline
with a concise theoretical interpretation. To extract a noise, its’ computation
cost is lesser than both OSI and FARI.

1 Introduction

Diffusion watermarks [6, 8, 10, 22, 23, 24] embed ownership information into
the generative process rather than modifying the final image after generation.
Gaussian Shading (GS) [24] is a representative example: it encodes a secret
message into the initial Gaussian noise while preserving its marginal Gaussian
distribution. However, conventional GS extraction requires multi-step DDIM
inversion [15] to recover the noise from the generated image. Although there
exist algorithm aiming at improve DDIM inverse [20, 21], or reducing inference
cost [3, 14, 18, 19, 27, 28, 30], both of those algorithm is not for watermark
extraction. Recent one-step methods [5, 25] suggest that this expensive inverse
process may be unnecessary.

Our first observation is that regression does not, in general, recover the
particular noise that generated an observed image. If several noises are the
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starting points of the inference trajectory that ends at the same or similar image,
an L, regression objective learns the mean of noise. And this situation is possible,
since the Gaussian noise is in a vast space, while the image only occupies
a low-dimensional manifold. This is closely related to the intuition behind
Tweedie’s formula [7]: under Gaussian corruption, when we sample a noisy
image without knowing the original image, the best prediction is the mean of
the possible images if we want to minimize the L2 distance between prediction
and real images. For Gaussian Shading, this can be sufficient because watermark
extraction only requires the predicted noise to preserve the encoded Gaussian
regions. If there are different noise that generate the same image, then DDIM
inverse will generate noise that different from original noise but the GS is still
valid in such situaiton, so we further assume that the mean of those noise is good
enough and don’t invalid the GS.

Our second observation comes from Rectified Flow [13]: In the high SNR
region, the RF-2 algorithm will study the velocity field point to the means of
noise that generate the current image. Explicitly, the interpolation between image
and noise to get the niosy image in the training is non-causal and that trajectory
contained different noisy images can only be used in training; the regression loss
lets the model learn the conditional mean velocity of the possible trajectories
passing through the current noisy image. Iteratively following this causal velocity
field can still reproduce the desired image distribution. Therefore, predicting a
conditional mean rather than a particular paired endpoint is already a standard
mechanism of generative flow models.

This perspective makes one-step watermark extraction relate to especially
simple task that generate image in the high-SNR regime of the inference. Ex-
plicilty, at high-SNR area, most of the generation process has already been
completed, and the network only needs to learn the mean of the velocity or
equivalent noise prediction that can complete the remaining part of the transport,
which is an easy task. We therefore hypothesize that this high-SNR regression
can be handled by a substantially smaller network than a full diffusion denoiser.

Based on these observations, we propose an aggressive lightweight estimator
that directly predicts a recoverable Gaussian-Shading noise representation from
an almost-clean image. Our method avoids iterative inversion and decomposes
the endpoint regression into easier components, substantially reducing the com-
putational cost of watermark extraction. The inference speed, parameter amount
of our algorithm is both better than latest extraction method, like OSI and FARI.
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2 Background

2.1 From DDPM Corruption to Extended Flow Matching
and Rectified Flow

The DDPM algorithm use a special diffusion process [9] to gradually perturbs
the sample image via random noise through a Markov chain,

g% | X) =N (VI=BiXo. i) M

where {f;} is a predefined noise schedule. Although this process adds noise
step by step, the reparameterization property of Gaussian transitions allows us to
sample the noisy state at any timestep directly:

X, =VaXo+\/1-ope, e~N(0,1I), 2)

with & =[T,_, (1 — By).

Equation (2) reveals a useful interpretation of diffusion training. Instead
of viewing DDPM only as a sequence of stochastic perturbations, each noisy
sample X; can be viewed as a point on a trajectory given by interpolation between
a clean endpoint Xy and a Gaussian-noise endpoint €. In the standard DDPM
construction,

Xo ~ Pdata; € NN(071)7 Xo Le, 3)

so the two endpoints are sampled independently.
This interpolation viewpoint naturally connects DDPM to flow matching and
Rectified Flow. More generally, let

(X0,€) ~ To.e )

denote an arbitrary coupling between an image endpoint and a noise endpoint,
and consider
X; = 04 Xo + Bre, 5

where o; and f; are differentiable schedules. In the standard rectifly flow,
oy = 1 —1,; =1t. For a clean-to-noise convention, one may take og = 1,8y =0
and o =~ 0, B ~ 1. The corresponding non-causal velocity is

U = & Xo + Bre. (©6)

, in which ¢ is the deviation of the a; with respect to ¢, and so the [3,.

Once both endpoints are known, Egs. (5)—(6) define a valid trajectory. How-
ever, this trajectory is non-causal as an inference rule: U; generally depends on
the hidden pair (X, €) and therefore cannot be determined from the current state
X; alone. Consequently, the sample-wise interpolation is not yet a closed ODE
that can be integrated during inference.

Flow matching resolves this problem by learning a deterministic vector field
from the observable state. Under the squared regression objective

mvin E[HV(XM)_UtHﬂ ) @
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the population-optimal field [1] is:
vi(x,r) =E[U; | X; =x]. (®)

Thus, when multiple endpoint pairs are compatible with the same intermediate
state, the learned ODE does not recover the velocity of one particular non-causal
trajectory. Instead, it predicts the conditional mean of all compatible velocities,
producing a causal field that depends only on the current input state and time.

Importantly, neither flow matching nor Rectified Flow requires the two
endpoints to be independent. Standard DDPM is only one special case, obtained
by choosing the diffusion schedule in Eq. (2) together with the independent
coupling Xy L €. More generally, Xp and € may be deterministically coupled,
produced by a teacher sampler, or related through a previously learned generative
model. Changing this coupling changes the conditional velocity field even when
the endpoint marginals remain unchanged.

This distinction becomes important for inversion and distillation: two models
may share the same image and noise marginals while inducing different image—
noise pairings, and therefore different causal vector fields. A reverse solver
derived for one coupling is not automatically the inverse of another.

2.2 Gaussian Shading

Gaussian Shading (GS) [24] embeds a watermark directly into the terminal
Gaussian latent while preserving its marginal distribution. Let the latent have
shape ¢ x h x w, let [ denote the number of embedded bits per scalar, and let f,
and f,, denote the channel and spatial repetition factors. The effective payload
length is
k= VChWJ bits. ©))
fefi
The payload is first repeated according to f. and f},, and then encrypted with a
stream cipher, producing an approximately uniform pseudorandom bit stream.
GS uses the encrypted bits to select equal-probability regions of the standard
Gaussian distribution. For an /-bit symbol i € {0,...,2' — 1}, the corresponding

interval is ) "
- 1 l 1 1+
== (7)o" (F)] (0

where @ is the standard Gaussian CDF. A latent scalar is sampled from the
Gaussian distribution truncated to the selected interval. Because the encrypted
symbols are approximately uniform and the intervals have equal Gaussian proba-
bility, marginalizing over the symbols recovers the original standard Gaussian
prior. Thus the watermark changes the latent region from which each scalar is
sampled without changing the marginal distribution seen by the diffusion model.

Extraction reverses this procedure. An estimated terminal latent Z7 is mapped
back to its Gaussian regions, the corresponding symbols are decrypted, and
repeated watermark bits are aggregated by voting. For the common setting
[ =1, the two regions are simply the negative and positive halves of the Gaussian
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distribution, so extraction reduces to recovering the sign of each latent coordinate.
Therefore GS does not require exact reconstruction of the original terminal noise:
it only requires the recovered latent to preserve sufficiently many of the correct
Gaussian decision regions.

3 Approach

3.1 One-Step Recovery as Conditional Regression

Let Xy denote the observed image-side latent, let € denote the terminal Gaussian
noise associated with the generated sample, and let D denote an optional image
perturbation for adversarial attack. We write a general one-step estimator as

&= f(6,X,D), (1)

where f denotes the complete estimator and 0 denotes its learnable parameters.
Under squared endpoint regression,

mein E[||£(6,X0,D) —€|)3], (12)

For Eq 12, the optimal output is the corresponding mean of noise conditional on
Xo. Thus, the estimator is not required to identify the noise that generates the
image; it only needs to predict the conditional endpoint statistic supported by the
observation. Using L; regression, the optimization target is a conditional median.
Predicting only the mean or median doesn’t matter, since if one image maps
multiple noises, then the DDIM inverse will sample a noise that is different from
the original noise, but that never invalidates the GS. So we assume predicting
the mean or median of this sample also still does not invalidate the GS, and use
experiments to test it.

For Gaussian Shading, this statistical relaxation is sufficient whenever the
predicted endpoint remains in the same watermark decision region. Let GSDeck
denote the complete GS decoder. Our requirement is

GSDeck (&) = GSDeck(€), (13)

rather than & = €. This distinction is especially natural for the common [ = 1
setting, where each scalar is decoded primarily through its sign and repeated
coordinates are aggregated by voting.

3.2 High-SNR Endpoint Regression

The conditional-regression view follows directly from the extended flow-matching
formulation in Sec. 2. For an arbitrary coupled image—noise pair, let
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define a non-causal interpolation with velocity U; used in the training. The
corresponding causal field is

v (x,t) =E[U; | X; = x]. (15)

Previous research [12] already shows that, under the usual regularity assumptions,
this causal velocity field induces the same marginal evolution as the non-causal
interpolation. Importantly, the result does not require Xy and € to be independent.
When we use original diffusion model to generate the noise-image pair, study the
means of the velocity will provide a different trajectory, where the velocity in the
high-SNR area will point to the means of possible noise that can generate this
image. It also means predict the means of those noise can provide the velocity
when we know the current X;.

Near the image endpoint, the input X; is already in a high-SNR regime.
The estimator therefore does not need to reconstruct the complete noise-to-
image/image-to-noise trajectory; it only needs to learn the endpoint statistic
mean required by Eq. (13). This is a substantially simpler objective target than
exact trajectory recovery and motivates using a lightweight network rather than
repeatedly evaluating a diffusion-scale denoiser.

3.3 Endpoint Parameterization and Perturbation

Existing one-step estimators can also be written within Eq. (11). As one example,
FARI uses the DDPM-style parameterization

& = arXo+br e9(Xo,0), (16)

where

ar = aT7 bT: V l_aT7 (17)

ﬂ

and Xv() = D(Xp).
Another normal setting of the & is directly predict the noise. Explicitly, it’s:

€ =¢9(D(Xo)) (18)

, we find that both those two function can succesfully extract the watermark even
if we use a very small neural network to optimize the regresssion loss, and the
Eq. 18 has a slight advantage on having a small MSE when we compare its’
output with the noise that generate the encode image.

The Eq. 16 is based on DDPM, and we find out that we can ultilize the GPU
more efficiently when we use a heuristic formula based on DDIM, which will be
discuss in the next subsection.

3.4 Anchor-Residual Reverse Estimator

Equation (11) allows the complete estimator to contain multiple learned compo-
nents, and the Equation (16) just is one of the speical case given by DDPM, we
also provide a DDIM version. Our design is motivated by a simple optimization
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consideration: directly mapping an image-like latent concentrated near the data
manifold to a high-dimensional Gaussian noise vector spans two very different
representation regimes. We therefore decompose the prediction so that the first
network predicts an image-like target before the second network models the
remaining noisy component.

For each noisy image X;, the original diffusion model G¢ can predict a clean
image-like latent X;j. Let Y denote the observed latent after the image/VAE
pathway. The first prompt-free network predicts an image-like anchor,

Xo = Fy(D(Y)). (19)

The output )?0 is a coarse or slightly blurred clean representation, and its target is
obtained from the original inference process. Explicitly, in each timestep ¢, the
diffusion model will input noisy image X; and output a clean image X (¢). Its
training loss is
Ly =E[Dist(F(D(Y)),Xs(1))], (20)
, in the training, we fix t = 0.9.
The second network predicts an intermediate representation conditioned on

the observed latent, R
X, =F(D(Y)), (21)

A lightweight head predicts its effective noise level,

~

r=h”(X). (22)

Using the DDIM parameterization, the terminal noise estimate is reconstructed
algebraically as

é=f(6,Y ,D)
— 1/ 0:5G( Xo (23)
=+/1 —OCT \/7 +\/(XTSG(XQ)
4
where SG(+) denotes stop gradient.
The second recovery loss directly supervises the final endpoint:
L> =E[Dist(g,€)]. (24)

Rather than fixing the intermediate noise level given by ¢, we allow the model
to learn an effective 7. During training, the timestep head is supervised on
constructed interpolation states:

X =VaXi+/1— oy, 25)

with
L3 = ]E[Dist(Fz(Xt*),t)] . (26)

The complete training objective is

£rev = Aﬂﬂl + ;LT»CZ + AfregACS- (27)
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Figure 1: Extraction pipeline used in our implementation.

By utilizing this special structure, Fp and F; can be inferred in parallel, and
utilize the GPU more efficiently. But it requires a small neural network to predict
the noisy level of the X;, 1 think this is an acceptable cost.

Our implementation uses standard NAFNet [4] backbones. No text encoder,
prompt embedding, or cross-attention is required during extraction, and the
source diffusion U-Net is absent from the learned reverse path.

Adversarial distortion training. Robustness is handled through the perturba-
tion argument D in Eq. (11). For each training sample, we construct a candidate
set Dk containing common image corruptions such as JPEG compression, re-
sizing, cropping, masking, blur, noise, and brightness changes. We select the
corruption that maximizes the current reverse-recovery loss,

a4 = arg max Liev(£(6,Y,d)), (28)

and update the estimator using the selected example. This finite-set min—max pro-
cedure improves robustness without changing the underlying endpoint objective.
Our whole algorithm are exhibit in Fig. 1.

4 Experiments

4.1 Ablation experiment
4.1.1 Current experimental setting

Our current reverse-distillation corpus stores the terminal Gaussian noise, final
generated latent, conditional x( target, and unconditional xj target for each Stable
Diffusion v1.5 [16] sample. The x targets are generated offline and loaded from
the paired conditional and unconditional feature stores; no online one-step target
generation is used during training or evaluation. All three trained extractors are
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prompt-free and use width-64 NAFNet [4] backbones with coordinatewise L;
endpoint supervision.

The principal model is a two-branch reverse estimator given by section
3.4. Its F} branch and F, branch are both standard NAFNet[4], each use two
encoder stages with [5,5] blocks, 12 middle blocks, and two decoder stages
with [5,5] blocks. The second branch additionally predicts an effective timestep
and reconstructs terminal noise using Eq. (23). We compare it with two single-
network baselines, each using the larger [10, 10]/24/[10, 10] NAFNet architecture:
DIRECT-x7 directly regresses terminal noise, while EPSILON-x7 predicts epsilon
and converts it to x7 with the terminal DDPM coefficients. The first one is
describe in Eq. 18, and second is described by Eq. 16 All reported learned-model
checkpoints correspond to 15,000 training iterations, the learning rate of the
training is le-3, the optimizor is AdamW with Cosine Annealing LR scheduler.
The training set contains 89600 image-noise pair. meanwhile, all of the loss
weight in the Eq. 27 is weight.

To evaluate watermarks extraction, the text-to-image generation at 512 x 512
resolution use Stable Diffusion v1.5 [16] and COCO captions [11]. Gaussian
Shading uses f. = 1, fi,, =8, = 1, assume 10° users, and a target false-positive
rate is 10~°. Images are generated with the Diffusers UniPC scheduler [29] for
15 steps at guidance scale 5.5. For every caption, we use a watermarked noise
to generate image; we extract the watermark via: 1. choose Gaussian niose and
generate image, 2. B-VAE [2] decode Latent 3. 3-VAE encode image, 4. One
step extraction without caption.

4.1.2 Baselines

In the ablation study, the current comparison set contains the following available
configurations:

1. the prompt-free two-branch anchor—-residual reverse estimator given by sec-
tion 3.4;

2. the single-NAFNet directly extract xr given by Eq 16; and

3. the FARI-like single-NAFNet extraction given by Eq 18.

4.1.3 Metrics

We report raw latent sign agreement for [ = 1, GS bit accuracy after decryption
and voting, watermark detection rate, bit accuracy rate, and the traceability rate
between recovered noise and its known terminal-noise ground truth.

4.1.4 Current results

We evaluate all six different combination on the same 1,000 cached COCO
samples, which is direct X7 prediction, Fari-Like Prediciton, DDIM heuristic
prediction, and all of them we test whether should we use advarserial training.
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Table 1: SD v1.5 extractor ablation under the matched ten-condition image-
distortion protocol on 1,000 COCO captions. All six 15,000-iteration checkpoints
use the same cached images, GS states, VAE pathway, and deterministic attack
realizations.

Bit accuracy (%) t

Crop/ G. G.
Model Clean JPEG mask Drop Resize blur Median noise S&P Bright.

No-Adv Fari-Like 99.99% 97.70% 93.67% 93.33% 98.50% 94.65% 99.04% 98.39%  9131%  95.39%
No-Adv Direct-Xr 99.99% 97.73% 93.70% 93.25% 98.51% 94.63% 99.06% 98.41%  91.33%  95.34%
No-Adv Two brach ~ 99.99% 97.63% 91.59% 90.82% 98.42% 94.38% 98.99% 98.38%  91.28%  93.02%

Adv Fari-Like 100.00%  98.31% 94.51% 94.50% 99.03% 97.65% 99.26% 98.78%  93.81%  96.43%
Adv Direct-X7 99.99% 98.32% 94.51% 94.49% 99.04% 97.68% 99.26% 98.79%  93.87%  96.47%
Adv Two brach 99.99% 98.15% 93.72% 93.64% 98.93% 97.24% 99.17% 98.67%  93.12%  96.09%

Detection rate (%) 1

Crop/ G. G.
Model Clean JPEG mask Drop Resize blur Median noise S&P Bright.

No-Adv Fari-Like 100.00%  99.70% 100.00% 100.00% 99.90% 100.00% 100.00%  99.90%  98.70%  97.60%
No-Adv Direct-Xr 100.00%  99.70% 100.00% 100.00% 100.00% 100.00% 100.00%  99.90%  98.80%  97.50%
No-Adv Two brach  100.00%  99.60% 100.00% 100.00% 100.00% 99.90% 100.00%  99.90%  98.50%  95.10%

AdvFari-Like 100.00%  99.80% 100.00% 100.00% 100.00% 100.00% 100.00%  99.90%  99.20%  97.80%
Adv Direct-X7 100.00%  99.80% 100.00% 100.00% 100.00% 100.00% 100.00%  99.90%  99.40%  98.10%
Adv Two brach 100.00%  99.70% 100.00% 100.00% 100.00% 100.00% 100.00%  99.90%  99.20%  97.80%

Traceability rate (%) t

Crop/ G. G.
Model Clean JPEG mask Drop Resize blur Median noise S&P Bright.

No-Adv Fari-Like 100.00%  99.40% 100.00% 100.00% 99.70% 99.70% 100.00%  99.50%  95.70%  95.80%
No-Adv Direct-X7 100.00%  99.40% 100.00% 100.00% 99.80% 99.70% 100.00%  99.60%  95.80%  95.90%
No-Adv Two brach  100.00%  99.20% 100.00% 99.90% 99.70% 99.60% 100.00%  99.70%  96.10%  92.00%

Adv Fari-Like 100.00%  99.40% 100.00% 100.00% 99.80% 99.80% 100.00%  99.70%  98.60%  97.10%
Adv Direct-X7 100.00%  99.50% 100.00% 100.00% 99.90% 99.90% 100.00%  99.80%  98.30%  97.40%
Adv Two brach 100.00%  99.10% 100.00% 100.00% 99.80% 99.70% 100.00%  99.70%  97.90%  96.50%

For every condition, all extractors receive the same attacked image and VAE-
encoded latent. Table 1 shows that adversarial training consistently improves
robustness under severe distortions while preserving clean extraction accuracy.
The direct-x7 and epsilon parameterizations remain closely matched, whereas
the two-branch model is more sensitive without distortion training and recovers
most of the gap after adversarial training.

Table 2 reports extractor-only wall-clock measurements on 100 clean cached
images. This experiment deploy neural network on 2 RTX Pro 6000 GPU. We use
FP32 inference, batch size 10, and three warm-up batches on the same two-GPU
system. The single-NAFNet models use data parallelism, splitting each batch
equally across the two devices, while the two-branch model places the xy and
xr branches on separate devices. Host-to-device input transfer, VAE encoding,
and GS decoding are excluded; cross-device output gathering and terminal-noise
reconstruction are included. The two-branch allocation requires 2.993-3.085 ms
per image, compared with 4.847-4.977 ms for the single-network alternatives.
Adversarial training changes the weights but not the architecture and has little
effect on extraction latency.
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Table 2: latency of extracting 100 watermarks when extractor deployed in Two-
RTX Pro 6000 GPU. Single-network models use data parallelism; the two-branch
model uses branch parallelism. Lower latency and higher throughput are better.

Method Total (ms) | ms/image | images/s 1
Direct x7-Normal 489.258 4.893 204.39
Epsilon — x7-Normal 484.709 4.847 206.31
Two-branch-Normal 299.330 2.993 334.08
Direct x7-adv 485.419 4.854 206.01
Epsilon — x7-adv 497.652 4.977 200.94
Two-branch-adv 308.505 3.085 324.14

Table 3: Matched SD v2.1 robustness comparison under the FARI-style image-
distortion protocol on 1,000 COCO captions. All methods use the same generated
images, watermark states, VAE pathway, and deterministic attack realizations.

Bit accuracy T Detection rate 1 Traceability rate T

Distortion FARI OSI Ours FARI OSI Ours FARI OSI Ours

Clean VAE roundtrip 99.61% 99.69% 99.99% 99.80% 99.70% 100.00% 99.60% 99.60% 100.00%
JPEG (Q=25) 96.81% 98.37% 98.15% 99.70% 99.90% 99.70% 99.00% 99.70% 99.91%
Random crop/mask (0.6)  89.24% 94.04% 93.71% 99.20% 99.60% 100.00% 98.00% 99.10% 100.00%
Random drop (0.8) 88.47% 93.67% 93.63% 98.90% 99.30% 100.00% 97.70% 98.80% 100.00%
Resize (0.25) 96.05% 97.95% 98.93% 99.20% 99.50% 100.00% 98.30% 99.10% 99.80%
Gaussian blur (r=4) 92.04% 96.32% 97.24% 98.10% 99.10% 100.00% 97.50% 98.60% 99.70%
Median blur (k=7) 96.58% 98.42% 99.16% 99.30% 99.40% 100.00% 98.50% 99.20% 100.00%

Gaussian noise (6 = 0.05) 97.58% 99.03% 98.66% 99.90% 100.00% 99.90% 99.40% 99.80% 99.70%
Salt-and-pepper (p=0.05) 91.44% 99.71% 93.11% 99.30% 99.80% 99.20% 97.60% 99.80% 97.90%
Brightness (factor=6) 94.79% 96.78% 96.09% 98.60% 98.80% 97.80% 97.20% 98.60% 96.50%

4.2 Comparison with SOTA extraction
4.2.1 Robustness comparison protocol

For the matched SOTA comparison, we use Stable Diffusion v2.1-base for both
generation and extraction. We evaluate the official FARI checkpoint and our
adversarially trained SD v2.1 two-branch checkpoint on the same 1,000 COCO
captions, seeds, GS keys, 512 x 512 images, 15-step UniPC schedule, and VAE
re-encoding pathway. Each generated image is independently evaluated under
all ten FARI-style conditions: the unmodified VAE roundtrip; JPEG quality 25;
crop/mask ratio 0.6; random-drop ratio 0.8; resize ratio 0.25; Gaussian blur
radius 4; median-filter kernel 7; additive Gaussian noise with standard deviation
0.05 on the [0, 1] image scale; salt-and-pepper probability 0.05; and brightness
factor 6. Attack randomness is deterministically seeded per caption and condition.
The table 3 reports mean GS bit accuracy, detection rate, and traceability rate.
Table 4 compares the backbone cost of one latent-to-noise watermark-extraction

pass. Our lightweight two-branch extractor requires only 14.394 GFLOPs and
7.148 GMACs, reducing computation by approximately 47.4 x relative to FARI
and 47.2x relative to OSI in FLOPs. It also uses only 15.468M total parameters,
compared with 868.469M for FARI and 865.911M for OSI. FARI trains only
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Table 4: Backbone cost of one latent-to-noise watermark extraction, measured
with calflops; lower is better. Image encoding and GS decoding are excluded
for all methods.

Method GFLOPs| GMACs | Params (M) |

FARI 682.675  341.079 868.469
OSI 678.723  339.103 865.911
Ours 14.394 7.148 15.468

2.558M LoRA parameters, but extraction still executes and stores the frozen
SD v2.1 U-Net. For a matched backbone comparison, image generation, la-
tent encoding (including OSI’s encoder and quantizer), and GS decoding are
excluded.

5 Conclusion

Gaussian Shading does not require a detector to reconstruct a unique floating-
point terminal latent. Its cryptographic sampler partitions the Gaussian prior
into finitely many equal-probability regions, and the final decoder only requires
enough of those region labels to survive decryption and repetition voting. Ex-
tended flow matching and DDPM regression make the complementary statistical
point: regression from a partially observed state naturally learns conditional
statistics of hidden endpoints, not sample-specific hidden pairs. These two facts
together motivate direct one-step watermark extraction.

We therefore formulate GS extraction as decision-region recovery and pro-
pose a prompt-free two-NAFNet reverse estimator trained with intentional L;
loss and finite-set adversarial image distortions. The two-branch anchor/interpo-
lation parameterization is an optimization device rather than a claim that a new
continuous trajectory has been derived.

6 Further Discussion

FARI’s curvature story is suspicious. FARI use a simple regression loss,
which is different from the SOTA distillation loss [14, 17, 27, 28] that tend to
generate a sample from the target distribution directly in one-step. The objective
target given by FARI is the one equivalent to the extended RF2 aglorithm in
the high SNR-stage [12]. And whether it can generate a sample in one-step is
not given by the trajectory’s characteristic of the extended RF-1 algorithm, but
the trajectory’s characteristic of the extended RF-2 algorithm. The trajectory
story deem the watermark extraction as an sample generating process, but that is
suspicious.

Latest DMD2 algorithm remove regression loss for the sake of the image
generation. Another evidence that the regression loss would not let the model
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directly generate a real sample from the target distribution is the DMD?2 [26]
algorithm which remove the regression loss since it violate the distribution
matching target.

Two Brach Structure for Inversion task The parallel structure is not special
for the watermark extraction. For the RF1 an RF2 model aiming at predicting the
final noise, we can distillate an already exist model by using a two brach structure
neural network, since the velocity/noise prediction can be simply change to the
clean image prediction, and, if the assumption that the trajectory of the forward
inference and reverse inference is asymmetric is correct, then each velocity field
of a given noisy image X; exist two component: the clean image X and Ug — X,
which can be study seperatly by two different NN. And in this process, the
prompt maybe not necessary for the cross attention if we already have an input
image.
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