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Figure 1. Application scenario of WaTeRFlow. Specifically, we consider watermark embedding for image copyright protection and
verification from generated videos. Left: An owner, Alice, protects her picture by embedding a watermark. Middle: An unauthorized user,
Bob, generates a video from Alice’s picture. Right: On Alice’s side, copyright is verified by recovering the watermark from the video
frames using her watermark decoder, in order to identify the source used to generate the video and verify whether her picture was used.

Abstract

Image watermarking supports authenticity and provenance,
yet many schemes are still easy to bypass with various
distortions and powerful generative edits. Deep learning-
based watermarking has improved robustness to diffusion-
based image editing, but a gap remains when a water-
marked image is converted to video by image-to-video
(I2V), in which per-frame watermark detection weakens.
I2V has quickly advanced from short, jittery clips to multi-
second, temporally coherent scenes, and it now serves not
only content creation but also world-modeling and simu-
lation workflows, making cross-modal watermark recovery
crucial. We present WaTeRFlow, a framework tailored
for robustness under I2V. It consists of (i) FUSE (Flow-
guided Unified Synthesis Engine), which exposes the en-
coder–decoder to realistic distortions via instruction-driven
edits and a fast video diffusion proxy during training, (ii)
optical-flow warping with a Temporal Consistency Loss
(TCL) that stabilizes per-frame predictions, and (iii) a se-
mantic preservation loss that maintains the conditioning
signal. Experiments across representative I2V models show
accurate watermark recovery from frames, with higher first-
frame and per-frame bit accuracy and resilience when vari-
ous distortions are applied before or after video generation.

*Corresponding Author

1. Introduction

Diffusion models [37] have made image editing, includ-
ing text-guided edits [4, 10, 51], highly reliable. Digital
watermarking embeds a message into an image to support
authenticity and provenance while remaining impercepti-
ble. Robustness requires accurate recovery after common
transforms and edits. Recent watermarking methods are de-
signed for robustness, and embedded watermarks often re-
main detectable even after editing with diffusion models.
Unlike typical image distortions such as JPEG compres-
sion that perturb a fixed canvas, image-to-video (I2V) syn-
thesizes temporally coherent frames from a single image,
which often acts as a watermark-disrupting transformation
by weakening the watermark signal across frequencies and
inducing temporally varying subpixel misalignments that
make per-frame recovery intrinsically difficult [23].

We study a provenance scenario shown in Fig. 1. Al-
ice embeds a watermark in her picture. Bob, an unautho-
rized user, inputs that image to an I2V model and produces
a video. He may further apply edits, regeneration, compres-
sion, or other manipulations before or after video synthesis
to suppress the watermark signal. Using the generated video
solely, Alice must recover the watermark with high average
accuracy and consistently high per-frame accuracy across
the frames to verify ownership of the source image.

To address this challenge, we introduce WaTeRFlow, a

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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watermarking and detection framework for I2V. Our key
idea is to couple realistic video-induced effects with warp-
ing and temporal regularization when learning the encoder
and decoder. We operationalize this via the Flow-guided
Unified Synthesis Engine (FUSE), inserted between the
encoder and decoder. FUSE unifies diffusion-based im-
age edits and I2V within a single loop by integrating an
instruction-driven image editing proxy [4] and a fast video
diffusion proxy [42], exposing the system to realistic pixel
transformations with low overhead. We warp each gener-
ated frame to the first frame using an optical-flow estima-
tor [40] to control the strength of distortions induced by
video generation seen by the encoder and decoder, thereby
stabilizing learning. We feed edited images and flow-
warped frames to the decoder. We apply a semantic preser-
vation loss to keep the conditioning signal used by the video
generator close to that of the original image while enforc-
ing a Temporal Consistency Loss (TCL) on adjacent flow-
warped frames to stabilize per-frame predictions.

We evaluate the transferability of robustness from video
diffusion proxy to two representative I2V models. Specif-
ically, we test on the U-Net based Stable Video Diffu-
sion (SVD) [2] and the Diffusion Transformer (DiT) based
CogVideoX [47], yielding consistent gains on both. Wa-
TeRFlow improves both first-frame and per-frame bit accu-
racy while mitigating late-frame degradation in watermark
detection. These outcomes are crucial for verifying con-
tent origin in real-world scenarios. For example, on SVD-
XT the average bit accuracy increases from 73.92% with
VINE [23] to 84.96%, and the first frame reaches 96.93%.
Our main contributions are summarized as follows:
• We optimize the system end-to-end with FUSE, which in-

serts image editing proxy and video diffusion proxy be-
tween the encoder and decoder. In addition, we perform
flow-guided warping of each generated frame to the first
frame, enabling watermark recovery even when manipu-
lations occur before or after video synthesis.

• We introduce a semantic preservation loss during water-
mark embedding to retain conditioning derived from the
watermarked image that guides I2V generation, thereby
improving first-frame accuracy.

• We apply a TCL to adjacent flow-warped frames, stabiliz-
ing frame-wise outputs and reducing variance over time.

2. Related Work

Steganography and Digital Watermarking. The rapid
growth and easy distribution of digital media challenge both
information confidentiality and intellectual property rights.
Information hiding technologies evolved to address these
needs, branching into steganography and digital watermark-
ing, which differ in their primary objectives. Steganogra-
phy [21, 39] prioritizes invisibility, covertly embedding in-
formation within digital content. In contrast, digital wa-

termarking protects assets by embedding rights-identifying
data, prioritizing robustness against various distortions and
attacks. Early digital watermarking research focused on
the spatial [41, 45] and frequency domains [1, 28]. Sub-
sequently, deep learning-based methods [25, 53] jointly op-
timize invisibility and detection stability. These advance-
ments have expanded watermarking applications from 2D
images [8, 17, 26, 44] to videos [9, 16, 19, 49].

Robust Image Watermarking. Recent watermarking re-
search has rapidly expanded, focusing on robustness against
the diverse distortions and transformations in real-world
distribution and editing environments. HiDDeN [53] pro-
posed an approach that jointly learns watermarking and ro-
bustness by inserting a layer that simulates distortions such
as Gaussian blur and JPEG. TrustMark [5] introduced a
method robust to resolution changes by employing resolu-
tion scaling, while WAM [36] proposed one robust to par-
tial edits through pixel-level detection and decoding. Fol-
lowing the advancement of diffusion-based generative mod-
els and reports that variational autoencoder (VAE) [22] and
diffusion-based editing can easily remove watermarks [52],
Robust-Wide [15] targeted instruction-driven image edit-
ing [4, 27, 48]. VINE [23] likewise addressed editing and
proposed a benchmark integrating various distortions, in-
cluding an I2V pipeline [2]. However, robustness to I2V
remains a significant challenge for these methods.

Video Generation Models. With the recent advances in
diffusion-based image generation models [6, 29, 34], video
generation models have evolved by adopting U-Net [35] or
the Diffusion Transformers (DiT) [31] as their backbones.
The video diffusion model (VDM) [13] extended diffusion
models to the video domain by modifying the 2D U-Net
from image diffusion models into a spatial-temporal net-
work. To reduce computational costs, Latent Video Diffu-
sion Models (LVDMs) [3] compress videos into latent fea-
tures. Stable Video Diffusion (SVD) [2] is a latent video
diffusion model with a U-Net backbone, formalizing the
video generation process by extending image diffusion tem-
porally. In contrast, CogVideoX [47] leverages a DiT back-
bone with a 3D VAE and an expert transformer to enhance
text-video alignment [20] and generate high-quality video.
Despite these advancements, diffusion-based video gener-
ation models suffer from limitations in generation speed
and memory efficiency due to their structural reliance on
multi-step sampling. To address this, various methods us-
ing consistency models [38] have been proposed. Latent
Consistency Model (LCM) [24] effectively improves mem-
ory usage and inference speed via consistency learning in
the latent space, and AnimateLCM [42] extended this to the
video domain, achieving fast sampling while maintaining
strong temporal consistency and visual quality.
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3. Preliminaries

Stable Video Diffusion (SVD) [2] performs image-to-
video (I2V) generation in latent space as follows:

zimg = enc(I), Z(0) ∼ N
(
0, σ2

maxI
)
, (1)

where enc(·) denotes the variational autoencoder (VAE) en-
coder, zimg ∈ RClat×Hlat×Wlat is the encoded image latent
representation, and Z(0) ∈ RT×Clat×Hlat×Wlat is the initial la-
tent noise. Here, T is the number of frames, Clat is the num-
ber of latent channels, and Hlat, Wlat are the downsampled
spatial sizes in latent space. Let c denote the conditioning
signal derived from the input image and optional metadata
(e.g., zimg, CLIP [33] image embedding, and frame rate).
Using a finite-step sampler with a decreasing noise sched-
ule σ0 = σmax > σ1 > · · · > σN ≈ 0, the denoiser Dθ

iteratively updates the latent variables for j = 1, . . . , N as:

Z(j) = fsampler
(
Z(j−1),

Dθ(Z
(j−1), σj−1, c), σj−1, σj

)
,

(2)

where fsampler denotes the one-step update rule of the cho-
sen sampler (e.g., Euler), which maps the current latent, the
denoiser output at σj−1, and the pair (σj−1, σj) to the next
latent. Finally, the latent variable at the last step Z(N) is
decoded to obtain the video as:

V = {vt}T−1
t=0 = dec

(
Z(N)

)
, (3)

where dec(·) denotes the VAE decoder that projects the final
latent variable Z(N) back to pixel space.
AnimateLCM [42] adopts the same latent initialization
and decoding as SVD in Eq. 1 and Eq. 3. The distinction
lies in the denoising transition of Eq. 2, where the diffu-
sion denoiser Dθ is replaced by a consistency-distilled de-
noiser Cϕ, and the sampler in Eq. 2 uses only K≪N steps.
Without classifier-free guidance (CFG) [11], each step is a
single forward pass, yielding substantial speed and memory
savings at high output quality. Style and acceleration are
injected as lightweight residuals into a base weight η0:

η′ = η0 + α τpersonalized + β τ image
acc + γ τ video

acc , (4)

where τpersonalized is a LoRA residual [14], and τ image
acc and

τ video
acc are acceleration residuals. The residuals are merged

into η′ without extra inference FLOPs.

4. Method
We aim to recover a k-bit watermark with high accuracy
from frames synthesized using a single watermarked im-
age. Let I ∈ RC×H×W denote the original image and w ∈
{0, 1}k the watermark message. The encoder E generates
the watermarked image Iw = E(I, w). An image-to-video

(I2V) generator, such as Stable Video Diffusion (SVD) [2],
conditions on Iw and produces frames V = {vt}T−1

t=0 . The
decoder D predicts the watermark from each frame vt. As
shown in Fig. 2, our methodology comprises three compo-
nents: watermark encoding, a module for enhancing wa-
termark robustness, and watermark decoding. We present
them in that order for clarity and coherence.

4.1. Watermarking Encoder

The encoder uses a message-conditioned U-Net. We first
interpret the message bits as a square bit grid with side
length m =

√
k, where k is the message length. The bit

vector is reshaped into a binary grid of size 1 × m × m,
then lifted to a learned feature map using a Convolutional
Neural Network (CNN) and upsampling. This feature map
is concatenated with the input image along the channel di-
mension and passed through a U-Net to produce watermark
signal. To preserve perceptual quality, we modulate only
the residual between the raw output and the original im-
age. Specifically, we compute a data-dependent scale map
from a just-noticeable difference (JND) [46] heatmap. This
map has one channel and the same spatial resolution as the
image, and it is bounded away from zero to prevent the wa-
termark signal from disappearing. The final watermarked
image is obtained by adding the element-wise product of
the scale map and the residual back to the input image. This
encourages the encoder to concentrate watermark signal in
regions where changes are least visible while keeping the
embedding aware of the image. We further enhance imper-
ceptibility via adversarial training, as detailed in Sec. 4.4.

Semantic Preservation Loss. To keep high-level semantics
stable, we regularize the CLIP [33] image embeddings of
the watermarked image Iw and the original image I:

Lsem = 1− cos(fCLIP(Iw), fCLIP(I)), (5)

where fCLIP denotes the pretrained, frozen CLIP image en-
coder [33] that maps an image I to a unit-norm embed-
ding. As a term in the overall training objective, the seman-
tic preservation loss keeps the watermarked image seman-
tically consistent with the original and maintains the con-
ditioning c used by a diffusion-based I2V model [2] during
video generation. With c derived from the condition im-
age, the loss further encourages c to be less affected by
watermark signals when the video is generated from the
watermarked image rather than from the original. Empir-
ically, enforcing semantic preservation enables the water-
mark signal to survive the I2V process. In SVD, where the
U-Net’s attention uses the condition image’s CLIP embed-
ding as keys and values, the first frame v0 remains close to
Iw, yielding markedly higher bit accuracy of the first frame.
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Figure 2. The overview of WaTeRFlow. Left: The watermark encoder is optimized to embed the watermark while preserving quality in
both pixel and latent space, and it is trained to keep the watermarked image semantically close to the original. Middle: Image editing and
video generation are performed by an image editing proxy and a video diffusion proxy, respectively, and the generated frames are then
warped to the first frame. Right: The decoder processes the images produced by FUSE to decode the embedded watermark and compute
the training loss. Overall, these components enable watermark insertion and detection that are robust to image-to-video generation.

4.2. FUSE: Flow-guided Unified Synthesis Engine
To train for robustness under both instruction-driven ed-
its and I2V, we introduce a module named Flow-guided
Unified Synthesis Engine (FUSE) between the watermark
encoder and decoder. FUSE integrates an image editing
branch and a video generation branch. During training, we
optimize the encoder and decoder end-to-end with FUSE.
Image Editing Branch. Following [15], we employ In-
structPix2Pix [4] as a proxy model for image editing. Dur-
ing training, this model edits the watermark-embedded im-
age using text prompts, and the watermark decoder takes
the edited image as input to recover the watermark.
Video Generation Branch. The video generation branch
comprises a video diffusion proxy and an optical- flow esti-
mator that warps the generated frames to a reference frame.
We designate the first generated frame v0 as the reference
and warp each vt toward v0 with RAFT [40] to mitigate
generation-induced distortions and stabilize learning:

at = W
(
vt,ut

)
, ut = F (v0, vt) ∈ RH×W×2, (6a)

[W(v,u)](p) = v
(
p+ u(p)

)
, (6b)

where F is the optical-flow estimator and ut is the for-
ward optical-flow field from v0 to vt. at denotes the frame
warped toward v0 by the warping function W . Here, W
is a bilinear backward warper. The coordinate p lies on
the reference grid of v0, so [W(vt,ut)](p) samples vt at
p + ut(p). During training, the decoder recovers the wa-
termark from these generated and warped frames. For I2V
generation, we adopt AnimateLCM [42] as the video diffu-
sion proxy. Unlike models such as SVD [2], AnimateLCM

attains high-quality videos in as few as two to four steps
without classifier-free guidance (CFG) [11], eliminating ex-
tra unconditional and conditional passes and reducing mem-
ory usage. Because it avoids CFG and requires only a hand-
ful of diffusion steps, it keeps the additional compute mini-
mal while preserving temporal coherence. We generate M
key frames from the proxy, including the 0-th frame, and
apply the above flow-guided warping before decoding.

4.3. Watermarking Decoder
The watermark decoder D is a stride downsampling resid-
ual CNN that maps an image to a k dimensional logit vector.
It first encodes with strided convolutions until the spatial
size matches the bit grid side m =

√
k, applies a stack of

dilated residual blocks to aggregate mid and large contexts,
and outputs a 1 × m × m map whose flattened responses
form the logits. We recover the watermark k bits via:

wq = 1{σ(oq) > 1
2} ∈ {0, 1}k, oq = D(q) ∈ Rk, (7)

where q denotes any input to the decoder D, σ(·) is the
sigmoid function, and wq is the recovered watermark.

4.4. Optimization Strategy
In our methodology we employ two main objective func-
tions, one that optimizes the watermark encoder and de-
coder and another that optimizes the adversarial network.
Temporal Consistency Loss. I2V generation induces tem-
porally varying subpixel drifts and misalignments that can
persist even after flow-guided warping. These effects cause
per-frame watermark predictions to fluctuate and degrade
both average and late-frame bit accuracy. To stabilize de-
coding over time, we introduce a Temporal Consistency
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Figure 3. Qualitative results. Top: The original image and the watermarked images for each watermarking method. Middle: From left
to right, the 24-th frames generated using SVD-XT are shown for the original image, our method, and the baselines. Bottom: Frames
generated by CogVideoX. From left to right, we present the 24-th frames from the videos generated from the original image, then our
method, followed by the baselines. Our method shows the highest bit accuracy for both video generation models in the given frames.

Loss (TCL) that encourages the decoder outputs for adja-
cent warped frames to be similar. Let aℓ be the ℓ-th frame
warped toward the first frame v0 using the optical-flow es-
timator described in Eq. 6a. The TCL is defined as:

LTCL =
1

M − 1

M−1∑
ℓ=1

∥∥D(aℓ)−D(aℓ−1)
∥∥2
2
, (8)

where M is the number of key frames produced by FUSE,
and D is the watermark decoder.
Encoder Loss. The watermark must be imperceptibly and
stealthily embedded in the pixel space. Moreover, image
editing and video generation operations are carried out in
the latent space mapped by the VAE [22] encoder, so the
watermark must remain stealthy there as well. Accordingly,
we define the encoder loss as follows:

Lenc = Lpixel + λlatent Llatent

+ λLPIPS LLPIPS + λsem Lsem,
(9)

where Lpixel denotes the mean squared error (MSE) be-
tween the original and watermarked image. Llatent denotes
the MSE between I and Iw computed in the latent space
mapped by VAE encoder. LLPIPS is the perceptual loss based
on the LPIPS [50] evaluated between I and Iw. Finally,
Lsem is the semantic preservation loss defined in Eq. 5.

Decoder Loss. The decoder is trained for per-bit mes-
sage recovery on the watermarked image, the edited wa-
termarked image, and flow-warped video frames. We adopt
binary cross entropy (BCE) on per-bit probabilities:

BCE(x, y) = − 1

L

L∑
i=1

[
yi log xi

+ (1− yi) log(1− xi)
]
,

(10)

where x ∈ RL is the predicted probability vector and y ∈
RL is the binary target. The decoder loss is defined as:

Ldec = LTCL + LMSG, (11a)

LMSG =
1

M

M−1∑
ℓ=0

BCE(paℓ
, w)

+ BCE(pIw , w) + BCE(pĨw , w), (11b)

where LTCL is defined in Eq. 8 and pIw , pĨw , and paℓ
are the

per-bit probabilities obtained by applying the sigmoid func-
tion to the decoder outputs for Iw, the edited image Ĩw from
FUSE’s editing branch, and the ℓ-th flow-warped frame aℓ.
Adversarial Training. To enable the encoder to embed the
watermark signal while preserving image quality, we adopt
an adversarial strategy in which an adversarial network A
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(a) I2V with SVD-XT (b) I2V with SVD-XT after image editing (c) I2V with CogVideoX

Figure 4. Per-frame bit accuracy and I2V robustness. Each plot visualizes bit accuracy on the even-numbered frames after image-to-
video (I2V) generation. Across two representative I2V models, our method achieves the highest average bit accuracy compared to the
baselines. It also shows the strongest robustness in the image-to-video (I2V) generation following image editing [51].

Bit Acc.(%) ↑

Method Cap.
(Bits)

Image-to-Video

None None Editing H.264
CRF = 23

Regeneration
ts = 150

Contrast
α = 1.2

Brightness
s = 1.2

JPEG
Q = 50

Gaussian Noise
σ = 0.05

Gaussian Blur
σ = 1.5

Robust-Wide [15] 100 99.99 63.40 59.92 63.28 60.25 62.52 62.45 65.02 64.17 60.31
VINE [23] 100 99.99 73.92 66.56 73.75 71.83 79.72 78.08 75.15 79.40 77.66
TrustMark [5] 100 99.92 73.76 69.05 73.31 53.48 71.64 71.66 71.95 69.97 76.80
WAM [36] 32 99.90 63.87 61.55 63.27 60.72 62.64 62.80 62.34 61.12 63.00
WaTeRFlow (Ours) 100 99.86 84.96 80.20 84.64 81.98 81.68 81.45 81.14 82.73 85.78

Table 1. Quantitative results. The first None denotes the bit accuracy measured on the watermarked image with no preprocessing applied.
All other columns report the average bit accuracy over frames generated by SVD-XT. The H.264 column reports average bit accuracy
measured after H.264 compression to the generated videos. The entries from Editing [51] through Gaussian Blur indicate the preprocessing
applied to the watermarked image before video generation. The best and second-best results are shown in bold and underlined, respectively.

is trained to distinguish original images from watermarked
ones, and the encoder E learns to fool A, thereby encourag-
ing quality aware watermark embeddings. Following prior
work [7], we use a PatchGAN [18] adversarial network that
outputs a patch-wise logit map, providing dense supervision
and promoting imperceptible embeddings. The adversarial
loss is defined as follows:

LG
adv = − 1

H ′W ′

H′∑
i=1

W ′∑
j=1

log σ
(
A(Iw)i,j

)
, (12)

where A(Iw)i,j denotes the (i, j)-th logit of the adversarial
network A for the watermarked image, and H ′, W ′ are the
adversarial network output map sizes. Meanwhile, the loss
for the adversarial network A itself is defined as follows:

Ldisc = − 1

H ′W ′

∑
i,j

[
log σ

(
A(I)i,j

)
+ log

(
1− σ

(
A(Iw)i,j

))]
.

(13)

This objective encourages the adversarial network to assign
high probabilities to patches from the original image and
low probabilities to patches from the watermarked image.
Total Loss. The overall objective function for training our
proposed watermark encoder and decoder is given by:

Ltotal = Lenc + λdecLdec + λadvLG
adv. (14)

5. Experiments

This section presents experimental analysis, including de-
tails of the experimental setup, evaluation, comparisons
with baseline methods, and ablation experiments.

5.1. Experimental Setting

Dataset. We train our models using the dataset proposed in
InstructPix2Pix [4]. From this dataset, we use 20,000 orig-
inal image–prompt pairs for training, and we use the paired
textual instructions as editing prompts in the image edit-
ing branch of our framework. For evaluation, we use real-
world images at a resolution of 512 × 512 drawn from Ul-
traEdit [51], from which we randomly sample 500 to assess
robustness in I2V generation for watermarked images. The
graphs presented in Fig. 4 are produced using a randomly
selected subset of 100 images from those 500. Meanwhile,
the text prompts required for the CogVideoX experiments
are generated with Qwen 2.5-VL-7B-Instruct [32]. Please
refer to the Supplementary Material for further details.
Baseline. We use the officially released checkpoints and
training code to standardize each model’s capacity to 100-
bit as much as possible. The only exception is WAM [36].
Its methodology explicitly states a 32-bit capacity limit, so
we retain its original capacity. Additionally, because the
baseline models were trained at different image resolutions,
we follow the resolution-scaling procedure introduced in
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VINE [23] to evaluate all models at a common resolution.
Evaluation Metrics. We evaluate image watermarking
methods along two dimensions. Robustness: We mea-
sure robustness using bit accuracy, defined as the fraction
of the embedded watermark that is correctly recovered by
the watermark decoder from a watermarked image or from
frames of a generated video. Beyond using watermarked
images in the image-to-video (I2V) generation, we con-
duct robustness experiments that apply distortions imme-
diately before or after video generation. The distortions in-
clude image editing [51], H.264 (CRF = 23), regeneration
with a VP [12] scheduler (ts = 150), contrast adjustment
(α = 1.2), brightness adjustment (s = 1.2), JPEG compres-
sion (Q = 50), Gaussian noise (σ = 0.05), and Gaussian
blur (σ = 1.5). For example, when applying the regenera-
tion, we first run the regeneration procedure on the water-
marked image, then perform I2V generation, and measure
bit accuracy. Imperceptibility: We assess image quality be-
tween the original and watermarked images using PSNR,
SSIM [43], and LPIPS [50]. Using the same metrics, we
compare frames generated from original images with those
from watermarked images to assess video quality.
Implementation Details. We train on a single A100 GPU
for 20,000 steps. In FUSE, all pretrained components re-
main frozen during training, as described in Sec. 4.2. FUSE
generates four frames, including frame 0, with M denot-
ing the count in Eq. 8. Starting at step 7,000, we acti-
vate FUSE’s video generation branch, and in Eq. 11 the
BCE terms and TCL are computed on flow-warped frames.
We optimize Eq. 14 with λlatent = 10−3, λLPIPS = 0.18,
λsem = 10−3, λdec = 1.3, and λadv = 0.004. During train-
ing, FUSE uses InstructPix2Pix [4] and AnimateLCM [42]
as proxy models. At evaluation, we generate frames with
SVD-XT [2], a U-Net based model, and CogVideoX [47],
a DiT based model, to demonstrate robustness across archi-
tectures. We then perform image edits with UltraEdit [51],
treating it as one of the pre-I2V distortion scenarios. Specif-
ically, we first apply UltraEdit to the watermarked image
and then generate a video with SVD-XT [2].

5.2. Experimental Results

Image-to-Video Robustness. In this section, we evalu-
ate the robustness of the watermark under I2V generation
and compare our method against baselines. Using water-
marked images as inputs, we generate videos with two mod-
els, SVD-XT [2] and CogVideoX [47]. As shown in Fig. 4a,
our method achieves the highest bit accuracy across all eval-
uated frames, including the first generated frame. Likewise,
as shown in Fig. 4c, our method attains the highest average
bit accuracy over the evaluated frames for CogVideoX com-
pared to the baselines. Overall, across both a U-Net based
video generator [2] and a DiT based video generator [47],
our method exhibits greater robustness than the baselines.

Method
Cap.
(Bits)

Watermarked Image Generated Video

PSNR ↑ SSIM ↑ LPIPS ↓ Bit Acc. (%)↑ PSNR ↑ SSIM ↑ LPIPS ↓ Bit Acc. (%)↑

Robust-Wide [15] 100 36.88 0.9698 0.0649 99.99 19.56 0.7228 0.2884 63.40
VINE [23] 100 33.88 0.9828 0.0334 99.99 17.86 0.6879 0.2930 73.92
TrustMark [5] 100 40.33 0.9902 0.0348 99.92 22.37 0.7982 0.1867 73.76
WAM [36] 32 37.91 0.9796 0.0337 99.90 20.51 0.7527 0.2232 63.87
WaTeRFlow (Ours) 100 38.83 0.9902 0.0291 99.86 22.43 0.7910 0.1816 84.96

Table 2. Quality of watermarked images and generated videos.
The quality metrics for generated videos are evaluated against
videos generated from images without embedded watermarks. In
this setting, the videos are generated using SVD-XT.

FUSE LTCL Lsem
Bit Acc.(%) ↑ Watermarked image

I V First frame Avg. Avg. w/ Edit PSNR ↑ SSIM ↑ LPIPS ↓
- - - - 55.12 55.11 54.87 52.65 0.9972 0.0002
- ✓ ✓ ✓ 93.26 81.65 77.47 36.28 0.9868 0.0422
✓ - - ✓ 91.89 66.32 63.56 39.25 0.9898 0.0262
✓ ✓ - ✓ 92.23 79.11 74.67 36.91 0.9860 0.0462
✓ ✓ ✓ - 89.63 76.82 72.79 40.44 0.9920 0.0299
✓ ✓ ✓ ✓ 96.93 84.96 80.20 38.83 0.9902 0.0291

Table 3. Ablation of WaTeRFlow. I and V denote the image-
editing and video generation branches, and LTCL and Lsem denote
the loss terms in Sec. 4. Avg. indicates the average bit accuracy
over frames generated by SVD-XT, while Avg. w/ Edit denotes
the average bit accuracy after editing the watermarked image.

We conducted additional experiments and analyses on the
relationship between the extent of motion in the generated
videos and the bit accuracy in later frames. Please refer to
the Supplementary Material for details and results.
More Challenging Scenarios. We evaluate robustness
against distortions applied to the watermarked image be-
fore I2V and to the generated video after I2V. We consider
a more demanding setting where the watermarked image is
first modified by an image-editing model [51] and the edited
image is then used as the input to the video generator. In
addition, we include common degradations such as JPEG
compression prior to video generation. We also evaluate ro-
bustness when videos generated from watermarked images
are encoded with H.264 compression. As seen in Fig. 4b
and Tab. 1, our method is more robust than the baselines
for I2V under pre-I2V distortions including image editing,
regeneration, contrast and brightness changes, JPEG com-
pression, Gaussian noise, and Gaussian blur. It also remains
robust under H.264 compression applied after I2V.
Imperceptibility Evaluation. We evaluate the quality of
watermarked images and the frames generated from wa-
termarked images. Even when considering the trade-offs
among robustness, imperceptibility, and capacity, Fig. 3 and
Tab. 2 show that our method yields competitive quality. In
particular, as shown in Fig. 3, our method maintains motion
close to the original while achieving higher bit accuracy.

5.3. Ablation Study

FUSE, TCL, and Semantic Preservation Loss. In this
section, we evaluate the impact of FUSE, TCL, and the Se-
mantic Preservation loss on robustness under I2V genera-
tion. With all other settings fixed, we ablate one compo-
nent at a time during training. Using the resulting encoders,
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we then generate SVD-XT videos from watermarked im-
ages and measure per-frame bit accuracy. The results are
summarized in Tab. 3, and the average accuracy is high-
est when all three components are enabled. FUSE exposes
the encoder and decoder to realistic distortions during train-
ing. TCL stabilizes frame-wise outputs after warping. The
semantic preservation loss maintains the semantic informa-
tion of the watermarked image and improves the accuracy of
frame 0. Furthermore, Tab. 3 shows that removing FUSE’s
image editing branch leads to a decrease in bit accuracy for
frames generated after editing the watermarked image. For
further details, please refer to the Supplementary Material.
Video Diffusion Proxy Selection. We analyze how the
choice of video diffusion proxy for FUSE’s video genera-
tion branch affects performance and training cost. Tab. 4
summarizes results when we use SVD, SVD without CFG,
and AnimateLCM in the video generation branch. Ani-
mateLCM yields faster video generation and requires less
peak VRAM during training than SVD without CFG. Con-
sidering the overall performance of SVD-based training, us-
ing SVD effectively requires enabling CFG. Taking this into
account, AnimateLCM achieves competitive performance
with lower peak VRAM and shorter training time.

Method Bit Acc. (%) ↑ PSNR ↑ SSIM ↑ LPIPS ↓ VRAM (GB) Train (h) Gen. (s)

SVD [2] (w/o CFG) 72.93 38.55 0.9883 0.0298 67.98 23.09 2.6
SVD [2] (w/ CFG) 83.83 38.99 0.9909 0.0254 93.80 42.39 7.9
AnimateLCM [42] (Ours) 84.96 38.83 0.9902 0.0291 44.51 17.70 1.1

Table 4. Ablation on video diffusion proxy choice. We compare
two SVD variants, one without CFG and one with CFG, together
with AnimateLCM. Bit Acc. is measured on frames generated
by SVD-XT, VRAM denotes peak memory usage during training,
Train is total training time, and Gen. is per-video generation. Here,
PSNR, SSIM, and LPIPS represent watermarked image quality.

Optical Flow and Training Stability. We analyze how the
presence or absence of an optical-flow estimator in FUSE’s
video generation branch affects training. Fig. 5 visualizes
the BCE loss measured on frames generated during training,
which serves as an indicator of the decoder’s recovery per-
formance. The graph suggests that without an optical- flow
estimator, the decoder does not adequately adapt to distor-
tions introduced by image-to-video generation.

Figure 5. Training stability. Computed on frames from FUSE’s
video generation branch, comparing with and without an optical-
flow estimator. The estimator yields a more stable trajectory, indi-
cating improved robustness to image-to-video generation.

Semantic preservation with DINOv2. We replace the
CLIP-based semantic preservation loss with a DINOv2 [30]
based variant. It is defined in a representation space dif-
ferent from the CLIP conditioning encoder used by SVD.
Despite this difference, constraining watermark insertion
to preserve structural cues such as object layout, contours,
and low frequency signals improves first-frame bit accu-
racy after image-to-video synthesis. The pixel-level and
latent-level objectives in Eq. 9 already shrink the overall
residual, and the DINOv2-based term then guides where
the remaining change resides by reducing structure sensi-
tive changes and keeping the remaining change in local de-
tails with smaller impact. Considering the first-frame bit
accuracy of the w/o Lsem setting in Tab. 3, Tab. 5 shows that
using DINOv2 also yields higher first-frame bit accuracy.

Method
Bit Acc. (%) ↑ Watermarked Image

First frame Avg. PSNR ↑ SSIM ↑ LPIPS ↓

DINOv2 [30] 95.84 83.49 38.27 0.9873 0.0406
CLIP [33] 96.93 84.96 38.83 0.9902 0.0291

Table 5. Ablation on semantic preservation loss. Even when
the CLIP is replaced with DINOv2, it improves bit accuracy on
the first frame after image-to-video synthesis. Avg. denotes the
average bit accuracy across frames generated by SVD-XT.

6. Conclusion

In this work, we study an image-to-video provenance sce-
nario that current image watermarking methods rarely con-
sider. A single watermarked image can be turned into a
video and the watermark must be recovered from gener-
ated frames. We introduce WaTeRFlow, which trains en-
coder and decoder under realistic image-to-video genera-
tion while preserving watermarked image quality. WaTeR-
Flow relies on three key components. The Flow-guided
Unified Synthesis Engine exposes the system to instruction-
driven image editing and fast video diffusion during learn-
ing. A Temporal Consistency Loss stabilizes frame-level
decoding and a semantic preservation loss keeps the con-
ditioning signal close to that of the original image. Wa-
TeRFlow improves bit accuracy for the first frame and sub-
sequent frames while minimally affecting the visual quality
of watermarked images, making it a practical tool for prove-
nance and ownership verification.
Limitations. We evaluate robustness on Stable Video Dif-
fusion and CogVideoX. However, if the video generator
substantially alters the initial frame or the semantic content
of the conditioning signal, bit accuracy may drop. Robust-
ness can also degrade for generators whose synthesis princi-
ples differ markedly from the video proxy models used dur-
ing training. Although WaTeRFlow improves robustness in
image-to-video scenarios, further discussion is needed re-
garding adversarial removal of the embedded watermark.
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