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Figure 1. We propose a novel training-free FlowPortal framework for efficient video background replacement and foreground relighting.

Abstract

Video relighting with background replacement is a chal-
lenging task critical for applications in film production and
creative media. Existing methods struggle to balance tem-
poral consistency, spatial fidelity, and illumination natu-
ralness. To address these issues, we introduce FlowPor-
tal, a novel training-free flow-based video relighting frame-
work. QOur core innovation is a Residual-Corrected Flow
mechanism that transforms a standard flow-based model
into an editing model, guaranteeing perfect reconstruction
when input conditions are identical and enabling faithful re-
lighting when they differ, resulting in high structural consis-
tency. This is further enhanced by a Decoupled Condition
Design for precise lighting control and a High-Frequency
Transfer mechanism for detail preservation. Additionally, a
masking strategy isolates foreground relighting from back-
ground pure generation process. Experiments demonstrate
that FlowPortal achieves superior performance in tempo-
ral coherence, structural preservation, and lighting real-
ism, while maintaining high efficiency. Project Page: https:
//gaowenshuo.github.io/ FlowPortalProject/.

2025

1. Introduction

Harmonious lighting between the foreground and the back-
ground plays a crucial role in determining the realism, vi-
sual quality, and aesthetic appeal of a video. The capabil-
ity to generate a new background that harmonizes with the
foreground using adapted lighting, known as the video re-
lighting task with background replacement, has attracted in-
creasing attention due to its broad range of applications in
film production, virtual photography, commercial display,
and creative media editing. This technology effectively
functions as a visual portal, dramatically reducing the need
for on-site shooting by enabling flexible scene composition
and stylized video generation. Furthermore, this capability
holds significant potential for future world-to-world portal
applications that seamlessly bridge different visual worlds.

Although promising, video relighting with background
replacement poses significant challenges due to the need
to maintain video quality, temporal consistency, and sub-
ject fidelity under new lighting conditions. Pursuing one
goal often compromises others, leading to temporal flick-
ering, loss of detail, unrealistic lighting, or prohibitive



computational cost. For example, training-based meth-
ods [4, 7, 12, 16, 18, 29] are resource-intensive and struggle
with creating paired dataset and balancing between illumi-
nation richness and content fidelity. Meanwhile, training-
free methods like AnyPortal [5] and Light-A-Video [36]
that combine pretrained image relighting and video gener-
ation models suffer from temporal inconsistency caused by
per-frame relighting as well as misalignment between input
and output video due to weak condition control and limited
capability for video models.

We argue that these issues arise from the absence of a co-
hesive framework that systematically disentangles and con-
trols the core elements of a video: structure, motion, and
illumination. To bridge this gap, we introduce a new Flow-
Portal framework built upon a condition-aware editing
model through two dedicated mechanisms. First, we pro-
pose a Residual-Corrected Flow with High-Frequency
Transfer for structure and detail preservation. Second, De-
coupled Condition Design is introduced for precise light-
ing control. Together, these advancements provide a uni-
fied solution that addresses the long-standing challenges of
video relighting: temporal continuity, spatial fidelity, illu-
mination naturalness, and operational efficiency.

Specifically, our key insight is to exploit the principle
of Condition Consistency that every change in the output
is driven by a change in the target condition (i.e., illumina-
tion). It implies a perfect reconstruction when there is no
change in condition. Based on this principle, we introduce
a Residual-Corrected Flow mechanism that rephrases a typ-
ical flow-based generation model to a novel training-free
editing model. It ensures structural consistency by directing
the flow towards perfect reconstruction when the target and
source conditions are identical, so that subsequent changes
in the conditions like illumination variation can be reflected
in the video output. Our Residual-Corrected Flow allows
for reusing velocity prediction across timesteps to enhance
efficiency, and it processes videos holistically, avoiding per-
frame processing to ensure temporal continuity.

To further strengthen the model’s fidelity and controlla-
bility, we introduce three key designs: First, we propose a
Decoupled Condition Design with illumination-specific and
agnostic visual-textual condition inputs. This decomposi-
tion provides a stable, sufficient, and directional guidance
that engineeringly enforces Condition Consistency. Sec-
ond, we introduce High-Frequency Transfer, which adheres
to Condition Consistency by injecting illumination-agnostic
details to solidify fidelity. Third, we employ masks to iso-
late and precisely relight the foreground while maintaining
a pure background generation process, allowing for a high-
quality, contextually natural background replacement. In
summary, our contributions are threefold:

* We propose a novel training-free FlowPortal framework
for coherent and efficient video relighting and back-
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ground replacement. By introducing Residual-Corrected
Flow and Decoupled Condition Design, our framework
ensures structural consistency between source and target
videos, as well as illumination naturalness.

We introduce a High-Frequency Transfer mechanism
within the Residual-Corrected Flow, improving fine de-
tail consistency under new lighting conditions.

We propose Masked Residual-Corrected Flow and
Masked High-Frequency Transfer to isolate foreground
and background processing, enabling high-quality, con-
textually natural background replacement.

2. Related Works

Image Relighting and Background Replacement. Recent
advances in generation models have led to successful im-
age relighting methods [9, 20, 22, 27, 32]. Total Relight-
ing [20] and SwitchLight [9] train neural networks to pre-
dict surface properties, namely normals and albedo, which
are then used to recompute illumination. Relightful Har-
monization [22] fine-tunes an image diffusion model con-
ditioned on the background to achieve foreground relight-
ing. As the current state-of-the-art method in image relight-
ing, IC-Light [32] simultaneously performs background re-
placement and illumination harmonization by concatenat-
ing the input noise with a foreground condition before feed-
ing it into a diffusion model trained with a light transport
consistency objective to ensure a coherent composite.
Relighting in Video. With the maturation of image relight-
ing techniques, researchers have begun to focus on the task
of video relighting [4-6, 30, 36]. Training-based methods
such as IlumiCraft [12], UniRelight [7], RelightVid [4],
Lumen [29], Lux Post Facto [18], TC-Light [16], LumiS-
culpt [33] and UniLumos [14], perform video relighting by
constructing datasets and training video-conditional diffu-
sion models. However, collecting large-scale high-quality
paired video relighting datasets is difficult and requires high
costs for training. Moreover, they struggle to balance be-
tween the lighting conditions and the video foreground con-
ditions. As a result, the trained models tend to produce
lighting results with insufficient richness and diversity in il-
lumination, and lacking fidelity under complex conditions.
Some works pursue training-free approaches for effi-
ciency. AnyPortal [5] and Light-A-Video [36] both adopt
training-free (zero-shot) strategies, combining the capabili-
ties of IC-Light and video diffusion generation models dur-
ing inference. AnyPortal introduces cross-frame attention
in IC-Light and applies a Refinement Projection Algorithm
in the video model to ensure consistency, while Light-A-
Video uses Consistent Light Attention in IC-Light and em-
ploys a Progressive Light Fusion strategy in the video dif-
fusion process to maintain lighting generation and consis-
tency. However, in these two training-free methods, 1C-
Light is still used to relight per frame individually, intro-
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Figure 2. Illustration of the proposed Residual-Corrected Flow. (a) The Naive Edit Flow builds denoising trajectories under source

and target conditions using the same noise e. When applied to a real input video zo, the mismatch between zg

¢ and zp violates Stability

under Identity. (b) Consistency Residual Velocity V;/* is constructed as the difference between the ideal restoration path V; and the

src

predicted source flow V;

src

, aligning the generated z,

with z¢. (c) Residual-Corrected Flow combines V;* and V;** to perform reliable

video relighting that preserves identity consistency (e.g., mouth shape, glasses reflection) while enabling directional condition change. The
purple arrows indicate the condition to guide the velocity calculation. For simplicity, we omit the reference frame and structural conditions.

ducing frame discontinuities that cannot be fully corrected
by the video model. In addition, due to the lack of suffi-
cient control in the video model, the relighting results may
exhibit inconsistencies in structure and motion compared to
the original video. Overcomplicated pipelines also make
these methods less inference-efficient.

Our method is also training-free. Rather than per-frame
IC-Light processing, we adopt holistic relighting to achieve
better temporal consistency. Moreover, by introducing
the proposed Residual-Corrected Flow and High-Frequency
Transfer, we better address structural and detail consistency.
To achieve stronger conditional control, we propose a De-
coupled Condition Design to enhance the model’s ability to
respond to given conditions. We further achieve higher effi-
ciency by reusing residual predictions for acceleration.

3. Method

3.1. Preliminary: Flow Models

In flow-based generative models [10, 13, 15, 25], data gen-
eration process is modeled as a learned continuous flow that
gradually transforms a random noise into a data sample.
Formally, let z; denote the latent variable at timestep (or
noise level) t € [0, 1], where t = 1 corresponds to the start-
ing point of the generation process with z; ~ A(0, I), and
t = 0 indicates the final clean data sample zy. Let c repre-
sent the conditional information. The model Fj predicts a
velocity (or flow) vector field V¢ at each noise level ¢:
Vié(zt) = Fo(zt,t, ). (1)
V¢ therefore defines how the latent variable evolves contin-
uously from noise to data over time. This generation pro-
cess follows an ordinary differential equation (ODE) form:
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In practice, this continuous process is discretized into N 41
steps {to,t1,...,tn}, with0 =t < t; < --- <ty = L
Starting from an initial latent z;,, = 23 ~ N(0,1), the
model iteratively applies the discrete update rule

Zti)7 (3)

for N steps from ¢ to tg, progressively refining the latent
until it reaches z;, = z that lies in the data manifold.

= Vi (2t).

2, = 2, + (L — tim1) ViE(

i—1

3.2. Condition Consistency

Condition Consistency describes a fundamental property
of an ideal editing model: changes in the output are driven
by changes in the input conditions. It suggests two core
principles: 1) When the editing condition changes, a cor-
responding and perceivable change should manifest in the
output; 2) When the editing condition remains identical, the
output should be a faithful replica of the input. This prin-
ciple is critically important in the specific context of video
relighting. Specifically, it requires that

* Directional Change: The generated video should differ
from the input only in lighting if the conditions differ only
in lighting. All other aspects, including object structure
and motion dynamics, must be perfectly preserved.
Stability under Identity: In the extreme case where the
target and source conditions are identical, an ideal model
must reproduce the source video exactly.

It guarantees a faithful mapping of the condition signal,
which neither omits required changes nor introduces extra-
neous ones, thereby ensuring predictable outcomes and high
visual fidelity. To this end, we aim to design a reliable video
relighting model enforced with Condition Consistency.



3.3. Residual-Corrected Flow with Decoupled Con-
dition for Reliable Video Relighting

Naive Edit Flow. We begin with a simple edit flow. We
first sample a fixed Gaussian noise ¢ ~ A(0,I) and build
two denoising trajectories over e under the source condition
“src” (e.g., a prompt describing the original video) and the
target condition “tar” (e.g., a prompt describing the target
edited video) following Eq. (1)-(3). This results in two dis-
tinct flows denoted as V™ and V', respectively. The noise
variable evolves along the flows from ¢ = 1 to 0, produc-
ing two outputs: 23" and z{", as shown in Fig. 2(a). Since

two flows share the same e, if “tar”=“src”, then z{"

Clearly, the editing from a synthetic video 2§ to zZ" satis-
fies the property of “Stability under Identity”. However, is-
sues arise when applying this edit flow to a real input video
zo. Due to inherent randomness, model capability limita-
tions, and insufficient information in condition “src”, the
generated video zj° often does not exactly match zy. This
violates Stability under Identity: when “tar”="src”, the out-
put z&" # 2.

Residual-Corrected Flow. Based on the above analysis,
our key idea is to simultaneously adjust both z§° and z{",

pulling 2§ to be identical to zp, so that the adjusted z{*,

which we denote as z&%, can reflect directional change to
zo. First, we construct a restoration path from the noise €
to the source video zy. This path corresponds to a velocity

defined as:

— S8IC
=2Z9 -

Zog — €

Vo=T"7" “4)

If the denoising process strictly follows this velocity, the
noise € will be exactly transformed back into zg, and the
intermediate result z; at timestep ¢ satisfies

Zy = (]. — t)Z() + te. (5)

However, in practice, the model predicts a velocity
Vi (=) # Vo at z,. To align this predicted flow with the
ideal restoration path, we build a Consistency Residual Ve-
locity V/** at each timestep, defined as:

‘/trCS(Zt> — ‘/0 _ ‘/tsrc(zt)- (6)

After obtaining V;** shown in Fig. 2(b), we can perform de-
noising starting from € using the combined flow V;*(z;) +
Vi (z:) = Vp. Following this adjusted flow trajectory en-
sures an accurate reconstruction of zy from e.

To achieve video transfer under the target condition, we
introduce a Residual-Corrected Flow based on the Con-
sistency Residual Velocity. Specifically, given the model-
predicted flow V2 under the target condition and V", we

define the final Residual-Corrected Flow as:
V;edit(zgdit) _ Vttar(zgdit) =+ Vtres (Zt) (7)

Starting from the same initial Gaussian noise z{"" = ¢, we
then perform the denoising process following Vit from t =

edit
1
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Figure 3. Decoupled Condition Design. The source and target
conditions share identical illumination-agnostic information, dif-
fering only in their illumination-specific information.

1 to 0, shown in Fig. 2(c). The final result of this process is
our target relit video &

It is not hard to prove that when “tar”’=‘“src”, then
Vit = 1 and 28 = 2, thereby satisfying Stability under
Identity. Our next step is to enforce “Directional Change”
property to achieve an overall Condition Consistency.
Decoupled Condition Design. To strengthen Directional
Change, we introduce a Decoupled Condition Design. Our
condition input is carefully crafted using both illumination-
specific and agnostic features to enable the model to more
effectively identify what and where to make edits. As
shown in Fig. 3, it comprises:
¢ Reference frame condition. We use an 12V model as Fjy
to accept a reference frame. For the source condition, the
reference frame is the first frame of the input video. For
the target condition, it is the first frame edited by the pow-
erful image relighting model, IC-Light [32], to provide
a robust visual anchor that guarantees both illumination
naturalness and spatial fidelity.

Structural condition. We employ a pretrained Control-
Net [1, 31] on a weighted fusion of the depth and edge
maps extracted from the input video as the illumination-
agnostic structural condition. It is shared by both source
and target conditions, ensuring the preservation of struc-
tural content during editing.

Textual condition. We use illumination-specific textual
prompts, where the source and target prompts differ only
in their descriptions of background and lighting, while
sharing the same foreground content.

This decomposition provides a stable, sufficient, and disen-
tangled guidance signal to enforce Condition Consistency.

3.4. High-Frequency Transfer

To further enhance the detail consistency between the gen-
erated target video and the original source video, we aim
to inject a portion of high-frequency information from the
source video into the generation process of the target video.

Specifically, let HF(X) and LF(X) denote the high-
frequency and low-frequency components of the video
X obtained by Fourier decomposition satisfying X
HF(X) + LF(X). Then, during each generation step of the
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target video z;“", we perform the following replacement:

229 LE(28%) 4 X - HF(2;) + (1 — \) - HF(289Y)  (8)

where z; is the source video at step ¢ and A controls the
proportion of high-frequency information injected. A larger
A strengthens the preservation of fine details from the source
video but may limit the model’s ability to fully adapt to the
target illumination condition; conversely, a smaller A allows
more flexibility in relighting but may reduce structural and
textural consistency.

Note that the injection maintains Stability under Identity
since when reconstructing zg, transferring high-frequency
from z; to z; itself does not alter itself.

3.5. High-Quality Background Generation with
Masking Mechanism

Residual-Corrected Flow and High-Frequency Transfer
may introduce unwanted background details from source
video into the result. To mitigate this conflict during new
background generation, we use the mask to disentangle the
foreground and background regions. Let M denote the
mask of the foreground region extracted from the original
video. Then, the Masked Residual-Corrected Flow is

V'tedit(zgdil) _ V;tar(z?dit) + M- V;reS(Zt). 9)

Similarly, we apply the Masked High-Frequency Transfer
only to the foreground region:

229 o LF(28%) 4 AM -HF(2;)+(1—-AM)-HF (5. (10)

The structural condition of our Decoupled Condition De-
sign is modified accordingly. We utilize a combination of
the previously extracted features (i.e., depth and edge), but
only for the foreground region, leaving the background un-
constrained to allow new content generation.

Using this mask mechanism, we can easily preserve the
foreground details while generating the background unper-
turbedly without any interference from the source video.
Note that this mask mechanism permits certain regions to
violate the Stability under Identity property, allowing for
more flexible editing.

3.6. Comparison to FlowEdit in Video Relighting

Inversion and FlowEdit also aim for editing based on recon-
struction. Although inversion [8, 19, 23, 26] is commonly
used in image generation models for editing, it remains both
time-consuming and imprecise in video models. The impre-
cision also violates the Stability under Identity, resulting in
poor Condition Consistency. By comparison, our method
is inversion-free, which is partially inspired by the recent
approach, FlowEdit [11]. It offers a novel path for image
editing that satisfies Stability under Indentity without inver-
sion. However, it has obvious limitations when applied to
the video relighting task.
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Figure 4. Comparison with FlowEdit. (a) Input video. (b)
FlowEdit produces blurry outputs, and suffers from ghosting arti-
facts due to the interference from the original background (yellow
region). (c)(d) Our residual reusing strategy effectively reduces the
number of prediction steps with negligible quality degradation.

edit

In FlowEdit, starting with the source image 21" = zo,
the target image 254 evolves along the flow V;2dit:

V;edit(zgdit) — V;tar(zfrEd) _ msrc(zt% (11)

Zt = (]. — t)ZO + tEt, (12)

zgred =z + Z?dit — 20, (13)

from ¢t = 1 to 0, where ¢, ~ N(0,I). Our design differs
from FlowEdit in two aspects: 1) FlowEdit samples n dif-
ferent Gaussian noises at each timestep while we propose to
use a single Gaussian noise e throughout the whole editing
process. 2) FlowEdit constructs an edit flow from the source
video 284t = 2 to target result 2§, We rephrase this pro-
cess and build a new generation flow from noise 254t
to the target 289 by tracking 2™ in FlowEdit, just as the
standard diffusion denoising process.

It can be proved that if FlowEdit samples a fixed noise
across steps, it is theoretically equivalent to our method
without masking mechanism. However, it is the above two
straightforward changes that make a big difference, estab-
lishing key advantages of our approach over FlowEdit:

e Clear Generation Ability. To ensure stable editing,
FlowEdit independently samples multiple Gaussian
noises and averages VUit at each timestep, which in-
evitably causes blur in the generated background as in
Fig. 4 (b). Our fixed noise prevents blur, significantly im-
proving the generation quality.

* Acceleration. Our method and FlowEdit require comput-
ing two velocities, doubling the denoising steps from 7T’
to 27" (2nT for FlowEdit if averaging n > 1 velocities
per step). The benefit we offer is that the proposed con-
sistency residual velocity relies solely on the fixed noise
and source condition, thus it is stable across steps and can
be reused. Our experiments have shown that applying the
same residual velocity every r steps has little impact on
quality, while it decreases the total steps to (14 1/r)T, as
shown in Fig. 4 (c)(d). In contrast, FlowEdit requires new

= €



random noises and target-condition denoising for each
edit flow calculation, which prevents reusability.

» Spatial Controllability. The edit flow of FlowEdit starts
from the source video, which cannot handle pure gener-
ation within specific regions. The background from the
source video will interfere with the new background gen-
eration as in Fig. 4 (b). By comparison, our method,
starting from pure noises, enables foreground masking for
editing while leaving the background for pure generation.

e Decoupled Condition. Additionally, we propose a De-
coupled Condition Design to combine the reference frame
and structural conditions, which helps the model achieve
better Condition Consistency.

4. Experiments

4.1. Experimental Setup

Implementation details. We implement our method based
on Wan2.1 [1, 25], a widely used state-of-the-art open-
sourced video diffusion model. For the foreground mask
M, we use BiRefNet [35] to generate the mask for the first
frame and MatAnyone [28] to propagate it throughout the
entire video. We downsample M to match the video shape
in the latent space for masking operation. For the Decou-
pled Condition Design, the reference frame is generated
by IC-Light [32], and the structural information is obtained
by combining the HED, depth, and Canny maps [31], fol-
lowed by masking with M. For Residual-Corrected Flow,
we adopt T = 50 timesteps for the generation process and
reuse the Consistency Residual Velocity every r» = 10 steps,
resulting in a total of 55 steps. For High-Frequency Trans-
fer, we set the frequency decomposition threshold to 0.8 and
the injection intensity to A = 0.5. The experiments are con-
ducted on a single 80 GB NVIDIA A100 GPU. Represen-
tative results are illustrated in Fig. | and Fig. 7.
Baseline methods. We compare our method with recent
video relighting approaches. Training-free methods such as
AnyPortal [5] and Light-A-Video [36] apply the image re-
lighting model IC-Light frame by frame and integrate the
results into video generation models. Training-based meth-
ods like Lumen [29] and TC-Light [16] are trained on paired
video datasets constructed for the relighting task. The basic
information for these methods is summarized in Tab. 1. For
fairness, we compare only with methods that support new
background generation, excluding RelightVid [4] and Lux
Post Facto [18] since they are not open-sourced.
Metrics. To comprehensively evaluate the quality of re-
lighted videos, we assess our results from four perspectives.
* Video-text alignment. We employ CLIP-T cosine sim-
ilarity [21] to measure the alignment between generated
frames and the target relighting prompts.
¢ Temporal smoothness. We use CLIP-I [21], the CLIP-
based cosine similarity between consecutive frames, to

Table 1. Summarization of video relighting methods.

. . Video Support Support

Method n;l:::g- Base Diverse Background

Model  Resolution Replacement
AnyPortal Vv CogVideoX X v
Light-A-Video (A) VA AnimateDiff Vv Vv
Light-A-Video (C) v CogVideoX X X
Light-A-Video (W) VA Wan2.1 4 X
Lumen X Wan?2.1 v V4
TC-Light X VidToMe Vv X
FlowPortal (Ours) v Wan2.1 4 v

evaluate temporal consistency in the generated videos.

» Foreground consistency. As existing metrics rarely ad-
dress the consistency of primary subjects in relighting
tasks, we propose a new evaluation protocol. Specifically,
we first extract the foreground region [34] of each out-
put video, then compute (a) Structural consistency using
SSIM between Canny edge maps [31], (b) Detail consis-
tency using PSNR between LoG responses [17] of albedo
predictions [2], (c) Motion consistency using SSIM be-
tween optical flow maps [24], and (d) Identity consis-
tency by calculating facial ID similarity [3] for human-
centric clips or CLIP-I similarity for others.

 User preference. We invite 23 participants to select the
best result among four methods based on four criteria: (a)
User-Pmt (relevance to the prompt), (b) User-Tmp (tem-
poral coherence), (c) User-Fg (preservation of foreground
details and motion), and (d) User-Lit (quality and harmo-
nization of relighting on the foreground).

4.2. Comparison to State-of-the-Art Methods

Qualitative results. Figure 5 shows the qualitative compar-
ison between FlowPortal and other methods. The training-
based method Lumen fails to accurately preserve detail fi-
delity and also exhibits poor lighting alteration and richness.
The training-free methods AnyPortal and Light-A-Video
produce poor foreground consistency, background quality,
and lighting harmonization.

Quantitative results. We construct a test set consisting
of 69 pairs of real-world video clips and corresponding re-
lighting prompts with broad diversity, including 54 human-
centric videos, 8 animal scenes, and 7 other objects for ob-
jective evaluation. Table 2 shows the results among dif-
ferent methods. Our method achieves the best video-text
alignment, temporal smoothness, motion consistency, and
detail consistency. The training-based method Lumen intro-
duces less variation in lighting conditions with foreground
nearly unaltered, which achieves the best detail consistency
and identity consistency. Our method ranks the second with
negligible consistency value drops, but achieves significant
lighting adjustment, indicating our method’s high Condition
Consistency. For subjective evaluation, Table 2 shows the
user preference scores averaged over 17 randomly selected
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Figure 5. Qualitative comparison. The training-based Lumen exhibits insufficient lighting richness and diversity, with foreground nearly
unaltered. The training-free AnyPortal and Light-A-Video show poor structural fidelity and lighting quality. Our method not only maintains
structural and detail consistency but also demonstrates high-quality background generation and rich relighting effects.

Table 2. Quantitative and user study results.

Method CLIP-T cLipq Structural - Motion Detail Identity | ;0 Pmt User-Tmp User-Fg User-Lit
Consistency Consistency Consistency Consistency
AnyPortal 0.3196 0.9817 0.8530 0.8876 40.4853 0.4310 15.3 9.9 8.9 12.1
Light-A-Video (A) | 0.2956 0.9684 0.8580 0.8869 40.8727 0.5076 4.7 3.7 34 9.4
Lumen 0.3055 0.9746 0.8809 0.8914 40.4193 0.7392 22.7 28.1 355 244
FlowPortal (Ours) | 0.3271 0.9828 0.8804 0.8944 41.2044 0.7328 57.4 58.4 52.2 54.2
results and 24 participants. Our method achieves the best Table 3. Quantitative ablation study.
overall user preference. Metric wio wio wlo High- Full
Running time. We report the running time of training- Mask  Residual Frequency
free methods on an 80 GB NVIDIA A100 GPU. AnyPortal CLIP-T 0.2809 0.3310 0.3290 03271
and Light-A-Video require 20—30 minutes per video due to CLIP-I 09792  0.9825 0.9798 0.9828
complex pipelines. In contrast, our method only takes 3-5 Structural Cons. | 0.8649  0.8516 0.8688  0.8804
minutes across different resolutions roughly equivalent to Motion Cons. 0.8925 08933 0.8882 08944
tes a ! _ roughly eq Detail Cons. 404353 38.5027 404852  41.2044
the direct inference time of a single video diffusion model. Identity Cons. 07123 04153 0.5527 0.7328

4.3. Ablation Study

We conduct ablation studies to evaluate the effectiveness
of Residual-Corrected Flow, High-Frequency Transfer, and
the masking mechanism. The qualitative results are shown
in Fig. 6, and the quantitative results are presented in Tab. 3.
Masking mechanism.  Inference without masking
the Consistency Residual Velocity and High-Frequency
Transfer causes interference with the generation of the
new background, resulting in an unchanged background
structure and poor prompt relevance.

Residual-Corrected Flow. Performing direct inference

2031

instead of using the Residual-Corrected Flow leads to se-
vere structural incoherence.

High-Frequency Transfer. The texture-level details fail
to be preserved without High-Frequency Transfer due to
inaccuracy in structural information and the model’s im-
perfect controllability under these conditions.
Decoupled Condition Design. We study the effect of our
Decoupled Condition Design in Fig. 8. It can be seen that
when using only text conditions, the foreground character
fails to be reconstructed properly. Adding structural con-
ditions maintains consistent character structure but fails to



(a) Input (b) w/o Mask

(c) w/o Residual

(d) w/o High-Frequency

(e) Full

Figure 6. Ablation Study. Without mask, background cannot be properly generated in (b). Enlarged local blue regions illustrate the
structural inconsistency if (c¢) removing Residual-Corrected Flow and detail inconsistency if (d) removing High-Frequency Transfer.

Input
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b\\_\ ~ % 2 ~
“... dancing under the bridge ..” Output

Input

More visual results.
clothing, as well as clear shadows cast by objects onto the background under strong lighting conditions.
https://gaowenshuo.github.io/FlowPortalProject/ for video demonstration.

Figure 7.

produce natural golden lighting. Incorporating the reference
frame results in stronger and prompt-consistent lighting, but
leads to incomplete character structure. Only when all con-
ditions are utilized, does our method achieve the most natu-
ral results in both structure and lighting.

5. Conclusion and Discussion

In this paper, we propose FlowPortal, a novel training-free
framework for efficient video relighting and background re-
placement. We introduce a novel Residual-Corrected Flow
mechanism with Decoupled Condition Design that enforces
Condition Consistency. A High-Frequency Transfer mod-
ule is designed to enhance the detail fidelity and a mask-
ing mechanism is applied to isolate background regions for
high-quality generation. Both qualitative and quantitative
experiments demonstrate that our method achieves superior
background generation quality, foreground consistency, and
lighting realism.

Although our method performs well in most cases, it
may still be constrained by the generative capability of the
underlying base models (i.e., IC-Light for relighting the ref-

“... cat walking on a crosswalk ...”

»

« .
...catin aroom ..
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Outpu

Input

‘... cat walking on stone tiles ...”

]

Our method can generate realistic backlighting effects that simulate light penetrating through

See our project page:

“.. man on a golden beach ...”

only
prompt

prompt +
structure

Full
prompt + prompt +
ref frame ref frame +

structure

Figure 8. Ablation on Decoupled Condition Design. The ab-
sence of structural information or the reference frame leads to de-
graded structural fidelity and unnatural illumination.

erence frame and Wan2.1 for background generation).

It is evident that our Residual-Corrected Flow frame-
work is not exclusively designed for relighting. A poten-
tial future direction could be the exploration of extending
it to various video editing tasks, including video styliza-
tion, colorization, object manipulation, human editing, and
even more general editing tasks. Further algorithmic im-
provements on the Residual-Corrected Flow, reconstruction
rather than relying on direct directional addition, would be
another promising future direction.
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