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1. Proof of The Equivalence between Diffusion
and Flow Models

We consider Flow Matching [16, 18] as a special case of
diffusion modeling [6, 12]. In the following, we will first
outline the formulation of diffusion models and then sub-
stitute the specific parameterization of Flow Matching to
demonstrate their compatibility.

Given a random variable x0 drawn from an unknown
data distribution q0(x0), a Diffusion Probabilistic Model
(DPM) [9, 19, 23] defines a forward process that gradually
transforms the data into a simple prior distribution, typically
a Gaussian distribution. The conditional distribution of the
noised variable xt at time t given the initial data x0 is de-
fined as a Gaussian transition kernel [13]:

qt(xt|x0) = N (xt|αtx0, σ
2
t I). (1)

Equivalently, a sample xt at any time t ∈ [0, T ] can be
expressed through a reparameterization [6, 13]:

xt = αtx0 + σtϵ, ϵ ∼ N (0, I). (2)

Here, αt and σt are scalar functions of time, known as the
noise schedule, that control the signal-to-noise ratio. Typi-
cally, αt decreases over time while σt increases, satisfying
a condition such as α2

t + σ2
t = 1 in Variance Preserving

(VP) SDEs [9, 23]. Kingma et al. [13] proves that the fol-
lowing stochastic differential equation (SDE) has the same
transition distribution in Eq. (1) for any t ∈ [0, T ]:

dxt = f(t)xtdt+ g(t)dwt, x0 ∼ q0(x0), (3)

where wt is a standard Wiener process. The drift coefficient
f(t) and the diffusion coefficient g(t) can be derived using
schedule parameters αt and σt [13]:

f(t) =
d logαt

dt
, g2(t) =

dσ2
t

dt
− 2

d logαt

dt
σ2
t . (4)

The generative process of diffusion models involves revers-
ing this forward process. This can be achieved via a cor-
responding reverse-time SDE [23]. For more efficient gen-
eration, one can utilize the associated probability flow ordi-
nary differential equation (PF-ODE), which shares the same
marginal distributions as at each time t as that of the SDE
[23]. This PF-ODE is given by:

dxt

dt
= f(t)xt −

1

2
g2(t)∇xt

log pt(xt). (5)

By relating the score function ∇xt
log pt(xt) to the noise

term via ∇xt
log pt(xt) ≈ − ϵθ(xt,t)

σt
, where ϵθ is a neural

network trained to predict the noise, the ODE becomes [11,
34]:

dxt

dt
= f(t)xt +

g2(t)

2σt
ϵθ(xt, t). (6)

Now, let us consider the forward process in Flow Matching
[16, 18]. The path from a data point x0 to a noise sample ϵ
is defined by a simple linear interpolation:

xt = (1− t)x0 + t · ϵ, ϵ ∼ N (0, I), (7)

where t ∈ [0, 1]. By comparing Eq. (7) with the general
form of the diffusion forward process in Eq. (2), we can
establish a direct correspondence by setting the diffusion
schedule parameters as:

αt = 1− t and σt = t.

Substituting this specific parameterization into the defini-
tions for f(t) and g(t) in Eq. (4), we derive the correspond-
ing coefficients for this Flow Matching SDE:

fFM(t) =
d log(1− t)

dt
=

−1

1− t
, (8)



g2FM(t) =
d(t2)

dt
− 2

−1

1− t
t2 =

2t

1− t
. (9)

Next, we insert these specific coefficients fFM(t) and
g2FM(t) into the PF-ODE formulation from Eq. (6). To an-
alyze the underlying dynamics, we consider the ideal case
where the score is perfectly known, which is equivalent to
replacing the model prediction ϵθ(xt, t) with the ground-
truth noise ϵ. This yields:

dxt

dt
= fFM(t)xt +

g2FM(t)

2σt
ϵ

=
−1

1− t
xt +

2t

2t · (1− t)
ϵ

=
ϵ− xt

1− t

=
ϵ− [(1− t)x0 + t · ϵ]

1− t

=
(1− t)ϵ− (1− t)x0

1− t

= ϵ− x0. (10)

This resultant vector field, dxt

dt = ϵ − x0, is precisely
the time derivative of the Flow Matching path defined in
Eq. (7). This equivalence demonstrates that the process pre-
scribed by Flow Matching is a specific instance of the dif-
fusion models, corresponding to the linear noise schedule
αt = 1 − t and σt = t. Therefore, Flow Matching can be
formally viewed as a subset of the broader diffusion model-
ing framework [6, 12].

2. Evaluation Metrics
We employ seven complementary metrics to comprehen-
sively evaluate video generation quality: FID and CLIPsim

similarity for static scenes, FVD and CLIP-Vsim for dy-
namic scenes, and ATE, RPE-T, and RPE-R for camera tra-
jectory consistency. These metrics provide objective quanti-
tative assessment across multiple dimensions including im-
age realism, semantic consistency, temporal coherence, and
camera motion fidelity.

2.1. Static Scene Evaluation
Fréchet Inception Distance (FID). FID [7] measures im-
age generation quality by comparing the distribution of real
and generated images in the Inception-V3 feature space.
We use an ImageNet-pretrained Inception-V3 [24] model
and extract 2048-dimensional features from the pool3 layer.
The FID score is computed as:

FID = ∥µr − µg∥2 + Tr(Σr +Σg − 2(ΣrΣg)
1/2) (11)

where µr and µg are the mean vectors of real and gener-
ated image features, and Σr and Σg are the corresponding
covariance matrices.

CLIP Similarity. CLIP similarity [22] evaluates the se-
mantic similarity between generated and real images using
vision-language pre-trained representations. We employ the
CLIP ViT-B/32 model trained on 400 million image-text
pairs. The similarity score is calculated as:

CLIPsim =
1

N

N∑
i=1

cos(fr,i, fg,i) (12)

where fr,i and fg,i are the L2-normalized 512-dimensional
CLIP features of the i-th real and generated image pair.

2.2. Dynamic Scene Evaluation
Fréchet Video Distance (FVD). FVD [26] measures distri-
butional differences between real and generated video us-
ing pretrained spatio-temporal features. We use an I3D (In-
flated 3D ConvNet) pretrained on Kinetics [3] and extract
1024-D features from the global average pooling layer for
each video clip. Following FID, we compute the Fréchet
distance between the Gaussian fits of real and generated I3D
features:

FVD = ∥µr−µg∥22+Tr
(
Σr +Σg − 2(ΣrΣg)

1/2
)
, (13)

with µr, µg and Σr,Σg estimated over clip-level I3D fea-
tures.

Video CLIP Similarity (CLIP-Vsim). CLIP-Vsim ex-
tends CLIP similarity to the temporal domain by computing
frame-level semantic consistency between generated and
real videos. The score is calculated as:

CLIP-Vsim =
1

M

M∑
j=1

 1

Tj

Tj∑
t=1

cos(fr,j,t, fg,j,t)

 (14)

where M is the number of video pairs, Tj is the frame count
of the j-th video pair, and fr,j,t, fg,j,t are the CLIP features
of the t-th frame in the j-th video pair.

2.3. Camera Trajectory Evaluation
Absolute Trajectory Error (ATE). Before evaluation, we
align the estimated trajectory to the reference by a global
Sim3 transform (scale, rotation, translation). Let the aligned
pose components be t̃est,i and R̃est,i. ATE measures global
consistency by the Euclidean distance between correspond-
ing camera positions:

ATEi =
∥∥tref,i − t̃est,i

∥∥
2
,

ATE =

√√√√ 1

n

n∑
i=1

ATE2
i .

(15)

Relative Pose Error — Translation (RPE-T). RPE-T
evaluates local translation accuracy between consecutive



frames. Define relative motions via poses (index gap ∆=
1):

∆Tref,i = T−1
ref,iTref,i+1, ∆Test,i = T̃−1

est,iT̃est,i+1. (16)

Let ∆tref,i and ∆test,i be the translation parts of these rela-
tive transforms. The per-step error and RMSE are:

RPE-Ti =
∥∥∆tref,i −∆test,i

∥∥
2
,

RPE-T =

√√√√ 1

n− 1

n−1∑
i=1

RPE-T2
i .

(17)

Relative Pose Error — Rotation (RPE-R). RPE-R as-
sesses the accuracy of orientation changes between consec-
utive frames. Let the relative rotations be

∆Rref,i = R−1
ref,iRref,i+1, ∆Rest,i = R̃−1

est,iR̃est,i+1. (18)

The per-step angular error (degrees) and RMSE are:

RPE-Ri = arccos

(
trace

(
∆R⊤

ref,i∆Rest,i
)
− 1

2

)
· 180

π
,

RPE-R =

√√√√ 1

n− 1

n−1∑
i=1

RPE-R2
i .

(19)

2.4. Evaluation Details
Preprocessing. For FID, images are resized to 299 × 299
and fed to Inception-V3 with standard ImageNet normal-
ization. For FVD and CLIP-based metrics, frames are re-
sized to 224 × 224 with the respective model normaliza-
tions. To align with I3D input requirements for FVD, we
uniformly downsample the generated videos to 16 frames
while strictly preserving the start and end frames to main-
tain boundary constraints. A similar temporal sampling
strategy is applied for CLIP-based video metrics. For cam-
era trajectory evaluation, images are resized to 720 × 480
and uniformly sampled to 20 frames.
Evaluation Protocol. To ensure robust feature covariance
estimation for distributional metrics, we compute statistics
over the aggregated evaluation set. Specifically, for FID on
static scenes, we aggregate approximately 1, 200 GT im-
ages from 40+ scenes as the reference distribution, compar-
ing them against ≈ 2, 200 generated novel views (40∼120
views per scene). For wild scenes without ground truth, we
report the average FID over 5 representative scene groups
using manually curated reference sets (20∼40 images per
scene) to ensure content consistency. For FVD, we evaluate
≈ 700 generated video clips from 50+ scenes against an
equal number of reference clips extracted from DAVIS and
cinematic sequences.

All baseline methods are evaluated under this identical
protocol. This standardized comparison ensures that the ob-
served relative performance gaps reliably reflect the intrin-
sic differences in generation quality, verifying the superior-
ity of our method across the evaluated metrics.

For trajectories, poses are recovered by SfM, the esti-
mated trajectory is aligned to the reference by Sim3 to re-
solve scale, and metrics are computed using evowith align-
ment and scale correction enabled.

3. Implementation Details
This section provides a detailed breakdown of the Flow-
Gated Latent Fusion (FLF) module,as introduced in Sec-
tion 3.3 of the main paper. The goal of FLF is to identify
and selectively update latent channels that are highly rele-
vant to motion, thereby preserving visual details encoded
in appearance-focused channels. To achieve this, at each
denoising step i, FLF computes a motion similarity score
S(t,c) for each latent channel c. Below, we detail how this
score is calculated.

3.1. Details for FLF Estimation and Motion Scoring
Optical Flow Estimation At each denoising step i, we
compute optical flow maps for each channel c of both the
predicted latent x̂(t)

0 and the target trajectory latent xtraj. The
computation is performed frame-by-frame; that is, for each
latent tensor, we calculate the dense optical flow between
consecutive temporal frames using the Farnebäck algo-
rithm [5]. This process yields a predicted flow map, F (t,c)

pred ,

and a ground-truth (GT) flow map, F (t,c)
gt . At each pixel,

the flow is a 2D vector (u∗, v∗) representing horizontal and
vertical displacement. All subsequent metric calculations
are performed over the set of valid (i.e., non-occluded) pix-
els, defined as Ω(t,c) = {(x, y, τ) | M(c)(x, y, τ) = 1},
where (x, y) are pixel coordinates and τ is the frame index.
Since optical flow is computed between adjacent frames, for
a latent tensor with Tl total frames, the index τ ranges from
1 to Tl − 1.

Metric Calculation The motion score S(t,c) is derived
from three standard optical flow metrics that quantify the
error between the predicted flow F (t,c)

pred and the ground-truth

flow F (t,c)
gt at each step i.

• Masked End-point Error (M-EPE) measures the av-
erage Euclidean distance between the predicted and GT
flow vectors over all valid pixels. Let err(x, y, τ) be the
Euclidean error at a specific pixel:

err(x, y, τ) =
∥∥∥F (t,c)

pred (x, y, τ)−F (t,c)
gt (x, y, τ)

∥∥∥
2
. (20)

The M-EPE is then calculated as:

M-EPE(t,c) =
1

|Ω(t,c)|
∑

(x,y,τ)∈Ω(t,c)

err(x, y, τ). (21)

• Masked Angular Error (M-AE) calculates the average
angular difference. We first define the cosine similarity



sim(x, y, τ) between the flow vectors:

sim(x, y, τ) =
F (t,c)

pred (x, y, τ) · F (t,c)
gt (x, y, τ)

∥F (t,c)
pred (x, y, τ)∥ · ∥F (t,c)

gt (x, y, τ)∥
. (22)

The M-AE is derived by averaging the arccosine of this
similarity:

M-AE(t,c) =
1

|Ω(t,c)|
∑

(x,y,τ)∈Ω(t,c)

arccos (sim(x, y, τ)) . (23)

• Outlier Percentage (Fl-all) is the percentage of pixels in
Ω(t,c) where the flow estimation is considered erroneous.
Following standard benchmarks, a pixel is flagged as an
outlier if its M-EPE exceeds 3 pixels or if its relative er-
ror, ∥F (t,c)

pred −F (t,c)
gt ∥2/∥F (t,c)

gt ∥2, is greater than 5%. We
denote this outlier percentage as F(t,c).

Normalization and Weighting The three metrics exist on
different scales, so we first normalize each to the range [0, 1]
before combining them. This corresponds to the Normk

(t,c)

terms used in the main text:

NormE
(t,c) = min(M-EPE(t,c)/nE, 1),

NormA
(t,c) = min(M-AE(t,c)/nA, 1),

NormF
(t,c) = min(F(t,c)/nF, 1),

(24)

where nE, nA, and nF are normalization constants chosen to
reflect typical value ranges for each metric. The final mo-
tion score S(t,c) is a weighted sum of the inverted normal-
ized errors, as defined in Eq. (25) (corresponding to Eq. (6)
in the main text):

S(t,c) =
∑

k∈{E, A, F}

γk

(
1− Normk

(t,c)
)
, (25)

where the weights γk (where k ∈ {E,A, F} and
∑

k γk =
1) and the normalization constants are set based on com-
mon practices in optical flow evaluation to balance each
metric’s contribution. In our experiments, we set nE = 10,
nA = 30, and nF = 0.5. The weights in Eq. (25) are set to
(γE, γA, γF) = (0.4, 0.4, 0.2).

3.2. Hyperparameter Settings
To facilitate reproducibility, we provide the default hyper-
parameter settings used in our experiments, as listed in Ta-
ble 1. These values are based on the implementation with
the Wan 2.1 backbone. In practical applications, users may
fine-tune these coefficients according to specific scene re-
quirements to achieve optimal results.

Beyond the coefficients listed above, we specify sev-
eral key operational parameters. Taking the Wan 2.1 model
(which uses 50 sampling steps) as an example, the Intra-
Step Recursive Refinement (IRR) is applied by default dur-
ing the first 20 sampling steps. For optical flow estimation

Table 1. Default coefficient settings used in our experiments (tak-
ing Wan 2.1 implementation as an example). While these values
serve as a robust baseline, users can fine-tune them for specific
scenes to maximize generation quality.

Reference Value Description

γk
Eq. (6)

in main paper
[0.4, 0.4, 0.2] Weights for optical flow metrics

λ(t) Eq. (6)
in main paper

0.65
Threshold for FLF
channel filtering

ρ
Eq. (8)

in main paper
4.0 DSG guidance scale

within the FLF module, we utilize the classic Farneback al-
gorithm [5] with its default settings (‘pyr scale‘=0.5, ‘lev-
els‘=3, ‘winsize‘=15).

Critically, regarding the channel filtering in FLF, in addi-
tion to the threshold λ(t), we implement a progressively re-
laxed channel selection strategy to balance structural guid-
ance and detail preservation: Phase 1 (Steps 0–5): Channel
filtering is disabled. All channels are injected with guidance
information. This is because the early-stage latent states are
too noisy for reliable optical flow calculation, necessitating
full guidance injection to establish initial structure. Phase 2
(Steps 6–10): We enforce a strict limit where a maximum of
2 channels are allowed to retain the original prediction (i.e.,
at least 14 channels are replaced with guided features). This
ensures sufficient structural information is injected during
the formative stages of generation. Phase 3 (Steps ≥ 11):
The constraint is relaxed to allow a maximum of 6 channels
to retain the original prediction. This looser constraint pre-
vents excessive guidance from compromising fine texture
details in the later stages.

4. More Experimental Results
This section provides additional experiments and results
that complement the findings presented in the main paper.
We include a detailed efficiency analysis, further ablation
studies, and more qualitative examples to fully demonstrate
the capabilities and robustness of our framework.

4.1. Efficiency and Runtime Analysis
Our framework is training-free and operates entirely at in-
ference time. Table 2 provides a detailed comparison of
inference efficiency against several state-of-the-art methods
on a single NVIDIA A100 GPU.

Our method incurs zero training cost, offering a sig-
nificant advantage over resource-intensive fine-tuning ap-
proaches. The primary computational overhead stems from
the IRR module, which effectively adds an extra sampling
process, taking approximately the same time as a single
standard sampling step. In contrast, the DSG module in-



Figure 1. Qualitative ablation study of the DSG method. Substituting DSG with a standard CFG formulation fails to handle the large
angular disparity between the two velocity fields, resulting in significant visual artifacts and errors. Removing the adaptive weighting
factor βt (denoted as DSG w/o βt) compromises guidance stability and introduces inconsistencies. In contrast, our full DSG framework
stably generates high-fidelity and structurally consistent results.

U
n

id
ep

th
V

G
G

T
D

ep
th

C
ra

ft
er

M
a
g
a
-S

A
M

Source (warped) Outputs

Input View

Target View

W
a
rp

e
d

 Im
a
g

e
s

M
a
sk

s
In

fe
re

n
ce

R
e
su

lts

Input View

Target View

Figure 2. Depth-models ablation. Our method leverages the inherent world knowledge of VDMs to correct errors and fill missing regions
even under challenging inputs (left). This strong self-correction ability ensures broad compatibility with different depth estimators (right).
Despite variations or noise in depth-based warping, it reliably compensates through learned priors and produces realistic, high-quality
results.

volves only a simple matrix operation per step, incurring
negligible temporal cost. Similarly, the FLF module’s
channel-wise optical flow estimation presents a substan-
tially lower computational burden than the backbone model
inference. A detailed breakdown of these component costs
is reported in Table 3. Note that while absolute times may
vary across hardware configurations, the relative temporal
relationships remain reliable. Despite these additions, our
framework maintains inference speeds comparable to, and
often faster than, existing methods, as evidenced in Table 2.

This demonstrates that our framework achieves robust con-
trollability without prohibitive computational costs, offer-
ing an efficient alternative to training-intensive pipelines.

4.2. Ablation of DSG and Naive CFG

Through extensive experiments, we observe that the differ-
ence between our trajectory-guided velocity vtraj

t and the
unguided velocity vori

t is far greater than that between the
conditional vcon and unconditional vuncon estimates in stan-
dard CFG [8]. Specifically, empirical analysis reveals that



Figure 3. Other video effects enabled by our method. Beyond video re-cam, our flexible depth-based warping also supports various video
editing operations, such as freezing the camera, stabilizing video, and editing video content. These extensions further broaden the practical
scope of our approach.

Table 2. Efficiency comparison. We measure inference throughput
on a single NVIDIA A100 across methods built on SVD [2], Wan
2.1 [27], CogVideoX [30], LongCat [25], and custom backbones.
Our approach achieves competitive generation speed compared to
prior approaches while avoiding any training overhead. SR de-
notes LongCat’s built-in super-resolution model, and D represents
its distilled version. The best and second-best results are high-
lighted in bold and underlined, respectively.

Resolution
Inference

Speed
(frames/min)

Base Video
Model

Training
-Free

See3D [20] 576 × 1024 14.71 Custom ✗
ViewCrafter [33] 576 × 1024 13.89 Custom ✗
ViewExtrapolator [17] 576 × 1024 15.63 SVD ✓
TrajectoryAttention [29] 576 × 1024 4.55 SVD ✗
TrajectoryCrafter [32] 384 × 672 14.71 CogVideoX ✗
NVS-Solver [31] 576 × 1024 2.69 SVD ✓
ReCamMaster [1] 480 × 832 5.55 Wan 2.1 T2V ✗

WorldForge, on Wan 2.1 [27] 720 × 1280 1.45 Wan 2.1 I2V ✓
WorldForge, on Wan 2.1 [27] 480 × 832 3.68 Wan 2.1 I2V ✓
WorldForge, on SVD [2] 576 × 1024 19.23 SVD ✓
WorldForge, on LongCat [25] 480 × 832 3.85 Longcat ✓
WorldForge, on LongCat [25] 720 × 1280 3.33 Longcat (SR) ✓
WorldForge, on LongCat [25] 480 × 832 16.67 Longcat (D) ✓
WorldForge, on LongCat [25]720 × 1280 10.20 Longcat (D+SR) ✓

the angular difference in our setting typically ranges from
50◦ to 70◦, significantly exceeding the < 5◦ divergence
found in typical CFG scenarios. To mitigate the adverse
effects caused by this large angular discrepancy, we pro-
pose Dual-Path Self-Corrective Guidance (DSG). A direct

Table 3. Computational cost breakdown of a single generation
step. We report the runtime of each component on an NVIDIA
A100, taking the generation of a 49-frame video at 832× 480 res-
olution as an example. By default, we apply our guidance during
the first 20 sampling steps. The primary overhead comes from the
IRR module, while the DSG module incurs negligible cost.

Component Time (s)

VAE Encoding & Decoding 4.5
Backbone Inference (Transformer) 8.4

FLF Module (Ours) 1.2
DSG Module (Ours) ≈ 0

IRR Module (Ours) 14.1

Total Runtime 29.0

visual comparison is presented in Fig. 1, where we compare
our full framework against a standard CFG implementation
and an ablated version without the adaptive weight βt. The
results demonstrate that replacing DSG with a naive CFG
formulation leads to severe visual artifacts and structural
distortions, while removing the adaptive weighting factor
reduces guidance stability. In contrast, our full DSG frame-
work successfully maintains structural integrity and high
perceptual quality while closely adhering to the intended
camera path.



4.3. Ablation on Video Diffusion Models

To evaluate the transferability of our proposed guidance
mechanism and its performance across models of varying
parameter scales, we conducted ablation studies by porting
our entire framework to the U-Net-based Stable Video Dif-
fusion (SVD) [2], which possesses fewer parameters, and
the recently released LongCat model [25]. We performed
minor hyperparameter fine-tuning to adapt our method to
their respective architectures and sampling strategies. Sub-
sequently, we conducted a fair comparison using identical
inputs. Quantitative results are presented in Table 4. It
is worth noting that due to SVD’s constraints in parameter
count and architecture, it encapsulates fewer inherent world
priors, which prevents it from fully exploiting the potential
of our guidance algorithm. Comprehensive visualization re-
sults demonstrating the capabilities across these models are
shown in Fig. 10 through Fig. 14.

Table 4. Quantitative comparison across different backbones. Us-
ing single-view 3D scene generation as a benchmark, we evalu-
ate our method on SVD [2], Wan 2.1 [27], and LongCat [25].
The results demonstrate the scalability of our approach and its
ability to generalize across different VDM architectures. Further-
more, the performance gains on advanced backbones indicate that
our method effectively leverages the capabilities of the underly-
ing model, promising improved generation quality as base models
continue to evolve.

CLIP ↑ ATE ↓ RPE-T ↓ RPE-R ↓

WorldForge (on SVD [2]) 0.910 0.265 0.316 0.444
WorldForge (on Wan 2.1 [27]) 0.948 0.077 0.086 0.221
WorldForge (on LongCat [25]) 0.949 0.095 0.076 0.230

4.4. Ablation on Depth Estimation Models

Our framework operates on a warp-and-repaint strategy. To
assess the robustness and flexibility of our approach re-
garding depth estimation, we evaluated its performance us-
ing several state-of-the-art depth estimators: VGGT [28],
UniDepth [21], Mega-SaM [15], and DepthCrafter [10]. As
illustrated in Fig. 2, our method demonstrates broad com-
patibility, maintaining consistently high performance across
all tested models. Even when depth-based warping yields
challenging inputs characterized by noise, errors, or signif-
icant disocclusion regions, our framework effectively com-
pensates for these imperfections. This resilience stems from
the strong generative world priors inherent in the underlying
VDM, which our guidance modules leverage to correct arti-
facts and plausibly inpaint missing areas during the repaint-
ing stage. This self-correction capability confirms that our
framework functions in a plug-and-play manner with var-
ious depth estimation techniques and naturally scales with
improvements in depth estimation performance.

4.5. Applications in Video Editing
Beyond trajectory-controlled generation, our framework’s
flexibility makes it a powerful tool for various video post-
production and editing tasks. This includes effects like
video stabilization, camera freezing, and dynamic view-
point switching.

Furthermore, by incorporating a flexible masking strat-
egy, our framework can perform diverse content edits such
as object removal, addition, subject replacement, and vir-
tual try-on seamlessly. The general process for these ed-
its involves first segmenting the target region in each frame
using a tool like SAM [14]. The desired edit is then ap-
plied to the first frame (e.g., using Gemini [4]). Finally, this
edited frame and the corresponding masks are processed by
our pipeline to render a temporally consistent result. For
adding new objects where none exist in the source video,
a simple bounding box can be provided to guide the place-
ment. Fig. 3 shows several qualitative examples of these
video editing effects.

4.6. Generation on Challenging Scenes
Our approach demonstrates robust performance in diffi-
cult cases where other methods may falter. We highlight
two such scenarios: human-centric scenes and single-image
360° view generation.
Human-Centric Scenes. Human-centric scenes are chal-
lenging for novel view synthesis due to the need for high
structural and temporal consistency. As shown in Fig. 4,
some methods can struggle with these cases, sometimes
introducing artifacts, unintended motion, or difficulty ren-
dering plausible facial features. For instance, Trajecto-
ryCrafter [32] may recover the coarse structure, but can
introduce unnatural facial deformations. In contrast, our
method’s use of strong generative priors and precise tra-
jectory guidance helps maintain scene stationarity and con-
sistency, producing more natural renderings that better pre-
serve the subject’s appearance.
Large Camera Movements and 360◦ View Generation.
Generating large camera movements (e.g., a 180◦ turn) or
full 360◦ orbit views from a single image in a single pass
is highly challenging for existing methods. It risks halluci-
nation in invisible regions due to the limited field-of-view
of the source observation. Our method effectively resolves
this problem via an iterative multi-clip generation strategy.
By using the last frame of the previous clip as the prior for
the next, we successfully achieve large-range scene gener-
ation, such as 180◦ turns (as shown in Fig. 5). Further-
more, combined with our framework’s precise trajectory
control, it enables the creation of coherent, object-centric
orbit views of complex scenes (Fig. 6). We achieve the full
360◦ loop by generating a sequence where the final frame
seamlessly connects to the first. This is made possible by
our precise guidance, which maintains high image quality



Figure 4. Static 3D generation on human-centric scenes. Existing methods struggle, particularly with motion-prone shots (left) and portrait
close-ups (right). On the left, baselines introduce artifacts and unintended motion. On the right, most fail to produce plausible results;
TrajectoryCrafter [32] recovers coarse structure but lacks detail and visual appeal. In contrast, our method maintains scene stationarity
under trajectory guidance and produces natural, faithful renderings, achieving both precise control and high perceptual quality.

Figure 5. Large camera movements (e.g., 180◦). Single-pass generation of large angles often suffers from poor quality. Our method
effectively resolves this problem via iterative generation.

Figure 6. 360◦ orbit views from a single real-world outdoor image. With precise trajectory control and realistic rendering, our method
overcomes the viewpoint limitation of single-image generation and produces ultra-wide views of complex real scenes. Unlike panorama-
based approaches, it directly supports object-centric trajectories and achieves higher visual quality.
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Figure 7. Robustness in challenging scenarios. Our framework maintains structural integrity even under fast motion and complex occlu-
sions.

w/o FLF w/o FLF w/o FLF

Figure 8. Robustness across optical flow estimators. FLF consistently enhances quality with both Farnebäck [5] and RAFT, validating its
flexibility and robustness.

and prevents the accumulation of errors over the entire long-
range trajectory, thereby avoiding a common point of failure
in other methods. Unlike traditional panoramic approaches,
our method directly generates a continuous view along a
given trajectory, offering more flexibility and strong visual
quality, particularly for object-centric paths.
Challenging Scenarios. We also demonstrate the robust-
ness against fast motion, occlusions, and non-rigid dynam-
ics. As illustrated in Fig. 7, even when local flow precision
drops, enabling FLF consistently yields better results than
disabling it. This robustness relies on our adaptive designs:
when flow is unstable (e.g., high variance), our dynamic
threshold automatically adjusts. This allows more channels
to receive control signals, preventing misclassification and
maintaining structural stability.

4.7. Robustness across Optical Flow Estimators
A potential concern is whether our framework heavily relies
on a specific optical flow algorithm. To validate this, we
replaced the lightweight Farnebäck algorithm [5] with the
learning-based RAFT model. As shown in Fig. 8, our Flow-
Gated Latent Fusion (FLF) consistently enhances genera-
tion quality regardless of the flow backbone. Furthermore,
our multi-metric scoring system (evaluating magnitude, di-
rection, and reliability) mitigates single-metric noise, en-
suring that the lightweight Farnebäck choice is highly suffi-
cient for our pipeline.

4.8. Limitations and Failure Cases
While our framework achieves precise zero-shot camera
control, we acknowledge that, similar to other depth-
warping-based methods (e.g., TrajectoryCrafter [32]), our
performance is inherently bottlenecked by the quality of the
underlying depth estimation.

As illustrated in Fig. 9, in scenarios involving extremely
complex scene dynamics or severe depth errors, structural
distortions may occur. However, it is worth noting that our
dynamic gating mechanism automatically reduces the num-
ber of filtered channels in such chaotic cases, ensuring that
the outputs are typically no worse than the baseline model
without FLF guidance. In future work, introducing explicit
camera pose encoding or semantic priors could help resolve
these fundamental ambiguities and further enhance robust-
ness against depth failures.

4.9. More Cases
To provide a more comprehensive evaluation of our
method’s performance across different backbone architec-
tures, we present additional qualitative results in Fig. 10,
Fig. 11, Fig. 12, Fig. 13 and Fig. 14. As illustrated, our ap-
proach achieves superior visual fidelity and structural plau-
sibility, consistently delivering state-of-the-art performance
on both Wan 2.1 [27] and LongCat [25] models.



Figure 9. Failure cases. Erroneous depth estimation in highly complex scenes can diminish the control accuracy, leading to artifacts.

Figure 10. Additional qualitative results for single-view 3D scene generation (Case 1). Validated on Wan 2.1 and LongCat architectures,
our method consistently produces 3D-consistent novel views with high visual fidelity.



Figure 11. Additional qualitative results for single-view 3D scene generation (Case 2). Validated on Wan 2.1 and LongCat architectures,
our method consistently produces 3D-consistent novel views with high visual fidelity.



Figure 12. Additional qualitative results for dynamic video re-filming (Case 1). Validated on Wan 2.1 and LongCat architectures, our
method enables effective camera control with superior realism and temporal smoothness.

Figure 13. Additional qualitative results for dynamic video re-filming (Case 2). Validated on Wan 2.1 and LongCat architectures, our
method enables effective camera control with superior realism and temporal smoothness.



Figure 14. Additional qualitative results for dynamic video re-filming (Case 3). Validated on Wan 2.1 and LongCat architectures, our
method enables effective camera control with superior realism and temporal smoothness.
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