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Appendix

This supplementary material provides additional qualitative

results, methodological details, extended analyses, and user

study descriptions. Specifically, we present extra visual re-

sults and comparisons in Sec. A, derive Residual-Corrected

Flow from FlowEdit in Sec. B, and describe the full algo-

rithmic pipeline in Sec. C. Extensions of our framework, in-

cluding full-scene relighting and user-provided background

control, are provided in Sec. D and Sec. E. We discuss lim-

itations and failure cases in Sec. F, and the user study is

demonstrated in Sec. G.

A. Addtional Results

We present additional visual results and compari-

son results in Fig. A and Fig. B, respectively. For

video demonstrations, please refer to our project page:

https://gaowenshuo.github.io/LINR-bridge/.

Generalization across Backbones. To validate the gen-

eralizability of our approach, we evaluate its performance

on different video generation backbones, for example

Wan2.2 and HunyuanVideo. Results are presented in Ta-

ble A. As shown, our method maintains robust performance

across different architectures.

Table A. Quantitative comparison across backbones.

Backbone CLIP-T Structural Cons.

Wan2.1 0.3326 0.8804

Wan2.2 0.3346 0.8811

Hunyuan 0.3287 0.8807

Analysis of Residual Reusing. For the residual reusing

strategy, we present a time-quality curve with respect to

the reuse step r to analyze the trade-off between inference

speed and generation quality. The detailed metrics are sum-

marized in Table B. The results indicate that increasing the

reuse step r significantly reduces inference time with mini-

mal impact on quality.

Table B. Time-quality curve on reusing.

r CLIP-T Detail Cons. Time (s)

1 0.3275 41.2871 307

5 0.3269 41.5094 193

10 0.3271 41.7632 181

20 0.3262 41.1985 177

Impact of Albedo Maps. We investigate the effective-

ness of utilizing albedo maps compared to using original

video frames in computing metrics. Table C reports the

metrics. Incorporating albedo maps reduces the impact of

differences in lighting conditions on evaluation metrics.

Table C. Effect of albedo.

Structural Cons. Motion Cons. Detail Cons.

albedo map 0.8913 0.8949 41.2044

original video 0.8804 0.8727 40.6762

B. From FlowEdit to Residual-Corrected Flow

As shown in Sec. 3.6 of our main paper, our method is par-

tially inspired by FlowEdit [3]. We reformulate it into a

more interpretable residual form and show that this residual

inherently encodes the detailed information required for re-

construction that makes it particularly suitable for relighting

tasks. Moreover, reinterpretation naturally enables two ad-

ditional benefits: residual reuse for acceleration and back-

ground separation for fine-grained control.

Specifically, assuming FlowEdit use the same global

noise \epsilon at every timestep:

  \label {eq:flowedit} V^{\text {FE-edit}}_{t}(z^{\text {FE-edit}}_{t}) &= V^{\text {tar}}_{t}(z^{\text {FE-pred}}_{t}) - V^{\text {src}}_{t}(z_{t}),\\ z_{t} &= (1 - t)z_0 + t\epsilon ,\\ z^{\text {FE-pred}}_{t} &= z_{t} + z^{\text {FE-edit}}_{t} - z_0,
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where t \in [0,1]    and z^{\text {FE-edit}}_{1} = z_0


 . Then we can derive:

  z^{\text {FE-pred}}_{1} &= \epsilon , \\ V^{\text {FE-pred}}_{t}(z^{\text {FE-pred}}_{t}) &= V_t(z_t) + V^{\text {FE-edit}}_{t}(z^{\text {FE-edit}}_{t}) - 0 \\ &= V_t(z_t) + V^{\text {tar}}_{t}(z^{\text {FE-pred}}_{t}) - V^{\text {src}}_{t}(z_{t}). \nonumber


 







    





 

   





 




Note that V_t(z_t) is a constant velocity:

  V_t(z_t) = \frac {z_0 - \epsilon }{1 - 0} = V_0,
 


  (6)

so that

  V^{\text {FE-pred}}_{t}(z^{\text {FE-pred}}_{t}) = V^{\text {tar}}_{t}(z^{\text {FE-pred}}_{t}) + (V_0 - V^{\text {src}}_{t}(z_{t})),
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which shows that z^{\text {FE-pred}}_{t}


can be interpreted as a generation

process starting from \epsilon and evolving along V^{\text {FE-pred}}_{t}


. We then

rename this variable as z^{\text {edit}}_{t}


and track its trajectory. Further-

more, we observe that V_0 - V^{\text {src}}_{t}(z_{t})  


 can be interpreted as



Input “... man in a park ...” Output “... man in a classroom ...”

Input “... woman is running near a river ...” “... woman is running in a large gym ...”Output

Input “... yoga in a room ...” OutputInput “... cake in a room ...” Output “... cake in a park ...”

Input “... cat in a room ...” Output “... cat on the grass ...”

“... yoga on a beach ...”

Figure A. Additional Results of FlowPortal. Refer to our project page for video demonstrations.

Lumen

Input Video

“A woman holding a flower basket ... in 
front of a desert temple ...”

“A man wearing a backpack ... on a 
golden beach ... golden sunshine ...”

“A female boxer ... is boxing in a sunny 
park ...”

AnyPortal

Light-A-Video

Ours

Figure B. Additional Comparison Results. Refer to our project page for video demonstrations.

a residual velocity corresponding to reconstructing z_0 using

the source prompt, which we denote as:

  V^{\text {res}}_{t}(z_t) = V_0 - V^{\text {src}}_{t}(z_{t}),


    


 (8)

Finally, we obtain:

  V^{\text {edit}}_{t}(z^{\text {edit}}_{t}) = V^{\text {tar}}_{t}(z^{\text {edit}}_{t}) + V^{\text {res}}_{t}(z_{t}),





  





  


 (9)

which corresponds to our method.

Essentially, V res
t

is a residual velocity that maintains the

structure and content of the original video, ensuring that the

editing process preserves structural consistency. Its value

is equivalent to the finite difference with respect to t of the

difference between the original video z_0 and the result of

a single-step denoising applied to z_0 after adding noise at

level t. Therefore, V^{\text {res}}_t


actually carries the precise struc-

tural information of the original video, making it particu-

larly suitable for video relighting tasks.



Vanilla FlowEdit actually selects n different noise sam-

ples at each step of the generation process and averages the

resulting outputs, which leads to stability but blurring in the

generated results. To produce a clear background, we dis-

card this multi-noise sampling procedure.

This reinterpretation offers the following advantages

over the original FlowEdit: First, our reinterpretation al-

lows the background to remain a purely generative process.

By simply multiplying V^{\text {res}}_t


with a foreground mask M , the

background is prevented from being influenced by the struc-

tural information of the original video, thereby avoiding ar-

tifacts, as shown in Fig. 8 in our main paper. Second, to

reduce additional computational overhead, our reinterpre-

tation enables the structural residual information in V^{\text {res}}_t


to

be reused every r steps, reducing the total number of steps

from 2T to (1 + 1/r)T without significantly degrading gen-

eration quality, as also illustrated in Fig. 8 in our main paper.

C. Full Algorithm

In this section, we present the detailed implementation of

our proposed framework. For simplicity, we omit the details

regarding the latent space. The videos are mapped into the

latent space through a VAE while the masks are mapped

into latent space through bilinear downsampling.

C.1. Decoupled Condition Design

We first construct the condition inputs, including text

prompts, reference frames, and shared structural informa-

tion. To obtain the foreground mask of the input video,

denoted as M , we apply BiRefNet [10] on the first frame

and propagate it across the sequence using MatAnyone [6].

Given the mask, the reference frames and structural condi-

tions are prepared as follows:

• Reference frame for the source condition. We directly

use the first frame of the input video as the reference.

Note that, in Wan2.1 [1], where the first frame is not

strictly required, any frame can serve as the reference.

• Reference frame for the target condition. We employ

IC-Light [9] to relight the selected source frame accord-

ing to the target textual description. The inputs to IC-

Light include the chosen video frame, its corresponding

foreground mask, and the target prompt.

• Shared structural information. We extract Canny edges

(C), HED boundaries (H), and depth maps (D) from

the original video [8], and empirically combine them as

(0.25C + 0.25H + 0.5D) ·M . The edge-based compo-

nents (Canny, HED) preserve fine structural details, while

the depth map encourage structural consistency without

over-constraining the model. This structural condition is

shared between both source and target conditions.

C.2. Inference Algorithm

Starting from a global Gaussian noise ϵ, we perform de-

noising using Wan2.1 [1, 5] integrated with our proposed

method. At each timestep t, the model predicts the velocity

fields V src
t

and V tar
t

under the source and target conditions,

respectively. The complete inference procedure is shown in

Algorithm 1.

C.3. Implementation of ControlNet of the Video
Model

The structural condition component is an adapter that

projects input maps to the model’s hidden space using

a Conv3d layer. These control features are injected via

element-wise addition to the video embeddings only at the

input level (pre-Transformer blocks).

D. Extension: Full Scene Relighting

In our method, removing the masking mechanism in con-

dition preparation, Residual-Corrected Flow, and High-

Frequency Transfer enables full scene relighting, allowing

the model to adjust illumination across the entire scene

while preserving background structure. We provide a visual

comparison of full scene relighting against TC-Light [4]

and Light-A-Video [11] with different backbones, in Fig. C.

Notably, our approach achieves the most natural illumina-

tion while maintaining the highest level of structural consis-

tency across the entire scene.

TC-Light

Input Video

“A man ... in a room ... at dawn with golden sunshine ...”

Light-A-Video (C)

Light-A-Video (W)

Ours

Figure C. Full Scene Relighting comparison. Our method is ca-

pable of relighting entire scene while preserving background struc-

tural coherence. Compared with TC-Light and Light-A-Video

with different backbones, our approach produces the most natu-

ral illumination and preserves scene structure most faithfully.



Algorithm 1 Residual-Corrected Flow for Video Relighting

1: Input: Initial noise ϵ, input video z0, timestep schedule 0 = t0 < t1 < · · · < tN = 1, velocity field V src
t

and V tar
t

,

reusing steps r, High-Frequency Transfer intensity λ, foreground mask M
2: Output: Relit video zedit

0

3: V0 ← ϵ− z0
4: zedit

tN
← ϵ

5: for i = N,N − 1, . . . , 1 do

6: zti ← (1− ti)z + tiϵ
7: zti−1

← (1− ti−1)z + ti−1ϵ
8: if (N − i) mod r == 0 then \triangleright calculate new residual for reusing in next r steps

9: V res
ti

(zti)← V0 − V src
ti

(zti)
10: tlast ← ti
11: end if

12: V edit
ti

(zedit
ti

)←M · V res
tlast

(zti) + V tar
ti

(zedit
ti

)
13: zedit

ti−1
← zedit

ti
+ (ti − ti−1)V

edit
ti

(zedit
ti

)

14: zedit
ti−1
← LF(zedit

ti−1
) + λM ·HF(zti−1

) + (1− λM) ·HF(zedit
ti−1

)
15: end for

E. Extension: User-Provided background

In some user scenarios, the user may wish to specify the

background scene of the generated video, and our method

naturally supports this type of task. During condition prepa-

ration, we input the user-specified scene image into IC-

Light when generating the reference frame, enabling our

method to produce a relit video whose foreground matches

the lighting of the specified scene as iluustrated in Fig. D.

Input Video

Reference Background

Input Video

Reference Background

Figure D. Scene-specified relighting. Our method supports user-

specified background scenes by feeding the target scene image into

IC-Light during reference-frame preparation, enabling foreground

relighting consistent with the desired scene.

F. Limitation

Although our method can handle a wide range of video re-

lighting and background replacement scenarios, it may still

be limited in extremely complex cases by the generation ca-

pabilities of the two base models, as shown in Fig. E.

Input Video

“A woman is dancing ... on a stage with many audiences ...”

Output Video

Input Video

“A car is driving ... on a road on a snowy mountain ...”

Output Video

Figure E. Failure Cases. Although our method is capable of han-

dling a wide range of video relighting and background replace-

ment scenarios, it can still be constrained by the generation ca-

pacity of its two base models in extremely complex situations. In

the first example, the IC-Light model fails to generate a complex

backlit stage scene containing many audience, . In the second ex-

ample, IC-Light produces a reference frame whose scene layout

does not align with the actual driving trajectory of the vehicle.

This mismatch restricting the video model’s ability to produce a

reasonable and structurally coherent output.



G. User Study Details

The user study in our main paper is conducted with 24 in-
vited participants including 16 male participants and 7 fe-
males, with ages ranging from 18 to 39, who were invited to
complete a questionnaire comparing our method with Any-
Portal [2], Light-A-Video [11], and Lumen [7] on a dataset
of randomly-selected 17 video–prompt pairs. A screenshot
of the evaluation interface is shown in Fig. F.
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Figure F. A screenshot of the User Study interface.
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