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Abstract

Real-world video post-processing often involves
multiple high-frequency tasks, including video
super-resolution, occlusion removal and repair, and
instruction-driven semantic editing. However, most
existing methods are designed for a single scenario,
or rely on frame-by-frame processing and multi-model
cascades, which easily lead to task interference, cross-
frame flickering, and high deployment cost. To address
these issues, we propose LTX-Insight, a unified
framework for video restoration and semantic editing,
which jointly models multiple video post-processing
tasks on a shared video diffusion backbone. Specifi-
cally, TADA (Task-Aware Decoupled Adapter)
introduces a task-aware branch-separated adaptation
mechanism with a weak decoupling constraint to
regulate structure restoration and texture-semantic
editing at different layers, thereby alleviating semantic
interference under shared multi-task parameters.
FGLC (Flow-Guided Latent Consistency) in-
troduces explicit temporal consistency constraints
in latent space by combining optical-flow alignment
and cross-frame attention bias, reducing flickering
while improving the stability of motion regions and
occlusion completion. PMTR (Progressive Multi-
Task Routing) enhances convergence stability and
generalization under joint multi-task training through
progressive curriculum learning and collaborative task
routing. We conduct systematic experiments and
ablation studies on three tasks, namely video super-
resolution, occlusion removal, and semantic editing,
validating the effectiveness and complementarity of all
modules. Experimental results show that our method
consistently improves editability, detail preservation,
and visual fidelity over representative baselines.
Keywords: video diffusion; multi-task learning; tem-
poral consistency; video restoration; semantic editing

1 Introduction

With the continued growth of short-video production,
AIGC content generation, and digital asset re-editing,
the goal of video post-processing systems has shifted
from traditional “single-task enhancement” to “unified
controllable editing.” In real-world scenarios, users of-
ten expect a single model to simultaneously support
super-resolution, occlusion removal, and semantic edit-
ing, rather than repeatedly switching among multiple
independent models. This trend imposes higher re-
quirements on model design: it must ensure not only
per-frame visual quality, but also cross-frame consis-
tency, controllability, and deployment efficiency.

In recent years, diffusion models have achieved re-
markable progress in image and video generation,
and spatio-temporal Transformer-based methods have
demonstrated strong performance in detail representa-
tion and semantic alignment [T} [2, B]. Nevertheless,
most existing studies either focus on single-task opti-
mality or adopt an engineering pipeline of “separate
task-wise training followed by cascaded deployment,”
as commonly observed in video restoration and editing
systems [4, [5]. When task types change, such schemes
easily suffer from high transfer cost, parameter redun-
dancy, and increased maintenance complexity, making
them unsuitable for building a unified video editing
framework.

From the perspective of optimization objectives,
super-resolution, occlusion removal, and semantic edit-
ing are inherently heterogeneous. Super-resolution em-
phasizes high-frequency texture reconstruction and per-
ceptual quality enhancement; occlusion removal focuses
on semantic completion of locally occluded regions and
restoration of the surrounding background; semantic
editing requires controlled modification of target re-
gions while preserving non-target regions as much as
possible. If one uses only a unified global injection
strategy or a single LoRA increment, the model often
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exhibits task interference, such as excessive background
modification, structural boundary drift, and semantic
contamination outside the edited region.

In addition to task conflict, temporal stability re-
mains a core bottleneck in video modeling. Many meth-
ods can achieve strong frame-wise metrics, yet still suf-
fer from flickering, texture jitter, and motion-region
misalignment during continuous playback. Existing
video editing studies have shown that cross-frame at-
tention reuse or feature propagation can alleviate such
inconsistency to some extent [0} [7]. The underlying rea-
son is that frame-wise losses cannot explicitly constrain
cross-frame correspondences. This is particularly se-
vere in occlusion removal and local editing scenarios,
where reconstructed occluded regions may vary over
time, significantly degrading subjective visual quality.
Therefore, building a temporal consistency mechanism
in latent space is essential for unified video editing sys-
tems.

Furthermore, deployment itself introduces practi-
cal constraints. Multi-model parallel solutions usually
incur higher memory usage, more complex inference
scheduling, and greater maintenance cost, and these is-
sues become more pronounced as resolution and video
length increase. Compared with “multi-model stitch-
ing,” industrial scenarios increasingly require a “single-
model multi-task collaboration” paradigm, namely, re-
alizing task-specific representation, temporally stable
generation, and scalable training under a shared back-
bone.

Motivated by the above observations, we propose
LTX-Insight, a unified video diffusion framework, and
provide corresponding solutions to three key problems:
improving cross-task controllability through task-aware
hierarchical injection, enhancing temporal consistency
via flow-guided latent constraints, and improving joint
training stability through progressive multi-task rout-
ing. The framework is designed to balance quality, sta-
bility, and unification without substantially increasing
deployment complexity.

Contributions.

e We propose TADA (Task-Aware Decoupled
Adapter), which models the distinct requirements
of “structure restoration” and “semantic editing”
through task-aware gating, branch-separated injec-
tion, and a weak orthogonality constraint, thereby
alleviating semantic interference under a shared
multi-task backbone.

e We propose FGLC (Flow-Guided Latent Con-
sistency), which explicitly constrains cross-frame
consistency in latent space by jointly modeling

optical-flow alignment and attention bias, reduc-
ing flicker and motion-region reconstruction drift.

e We propose PMTR (Progressive Multi-Task
Routing), which improves stable convergence and
generalization of single-model multi-task training
through curriculum-based task scheduling and col-
laborative routing optimization.

2 Related Work

2.1 Video Diffusion Generation and
Editing

The success of diffusion models in image generation has
driven their extension to the video domain. Compared
with GANs or autoregressive paradigms, diffusion-
based methods are generally more stable in high-fidelity
detail reconstruction and complex semantic alignment.
Representative works such as Make-A-Video [I] and Im-
agen Video [2] validate the effectiveness of cascaded dif-
fusion for text-to-video generation, while Video LDM
[3] further demonstrates the efficiency advantage of
latent-space modeling for high-resolution video synthe-
sis.

In video editing tasks, mainstream methods usu-
ally combine textual conditions, reference-frame con-
ditions, or structural conditions (such as edges, depth,
or pose) to achieve controllable generation. Tune-A-
Video [5] and Text2Video-Zero [8] lower the barrier of
video editing from the perspectives of few-shot fine-
tuning and zero-shot transfer, respectively, while Ani-
mateDiff [9] improves the usability of transferring image
models to video models through plug-and-play motion
modules. Although these methods perform well under
single-task or specific-condition settings, models may
still suffer from insufficient control granularity or con-
tent drift when switching from “quality enhancement”
to “semantic rewriting,” indicating that task decou-
pling within unified frameworks remains insufficiently
addressed.

2.2 Parameter-Efficient Fine-Tuning
and Adaptation Mechanisms

Parameter-efficient adaptation has become a key tech-
nical route for deploying diffusion models in practice.
In the direction of control branches and adapters, Con-
trolNet [I0] realizes spatial conditional control through
an additional controllable branch, while T2I-Adapter
[11] and IP-Adapter [12] enhance controllable genera-
tion from the perspectives of structural signals and im-
age prompts, respectively. These methods jointly show
that when the backbone is frozen or partially frozen,



introducing lightweight trainable modules can signifi-
cantly reduce tuning and deployment cost while pre-
serving generative capability.

However, most existing parameter-efficient schemes
are biased toward single-task or single-control settings.
Even in video scenarios, works such as Tune-A-Video [5]
that explore few-shot adaptation still commonly adopt
a strategy of “unified injection with unified strength,”
making it difficult to explicitly distinguish the sensi-
tivity of different layers to structural information ver-
sus texture information. When multiple tasks share
the same backbone, such indiscriminate injection easily
causes task coupling and gradient interference. There-
fore, how to realize hierarchical task control while main-
taining parameter efficiency remains a core challenge for
adaptation methods.

2.3 Temporal Consistency Modeling

Video quality depends not only on per-frame sharpness,
but also on cross-frame consistency. Existing temporal
modeling methods can be broadly divided into three
categories: explicit alignment based on optical flow or
motion fields, implicit association based on cross-frame
attention, and hybrid methods combining both. Rep-
resentative works such as FateZero [6], TokenFlow [7],
Rerender A Video [I3], and VidToMe [14] alleviate flick-
ering in video editing from the perspectives of attention
fusion, feature propagation, keyframe translation, and
cross-frame token merging, respectively.

Within diffusion frameworks, temporal consistency
is even more challenging because the denoising pro-
cess spans multiple timesteps, and errors may accumu-
late and amplify gradually. Although existing methods
can significantly improve consistency, they still face a
trade-off between stability and efficiency in long videos,
strong-motion videos, or local reconstruction scenar-
ios. This suggests that it is necessary to build tempo-
ral constraint mechanisms in latent space that jointly
balance interpretability, robustness, and computational
efficiency.

2.4 Joint Multi-Task Training and
Routing Collaboration

The goal of multi-task learning is to mine commonality
across tasks in shared representations while suppress-
ing negative transfer. In video restoration, VRT [4]
demonstrates the potential of unified architectures for
multiple restoration tasks. In multi-task representation
learning, TaskPrompter [I5] improves the collabora-
tive modeling of shared and specialized representations
through task prompting. Meanwhile, the sparse-expert
paradigm based on conditional routing, as verified in

ST-MoE [16] and GLaM [17], shows the scalability of a
“shared backbone + conditional activation” design.

However, for video editing scenarios, large differ-
ences in task objectives, imbalanced sample distribu-
tions, and inconsistent convergence rates make “one-
shot mixed training” still prone to main-task bias or
underfitting of weaker tasks. Although the joint de-
sign of curriculum learning and routing mechanisms is
promising, systematic solutions are still lacking in uni-
fied video restoration and semantic editing, especially
under the single-model constraint where quality, tem-
poral consistency, and controllability must all be con-
sidered simultaneously.

3 Method

3.1 System Overview and Training
Pipeline

Given an input video X = {z;}7_,, a text instruction
p, and a task label r € {upscale, occlusion_rm, edit},
our goal is to learn a conditional mapping from the
input video to the target video Y* = {y}L, within
a single video diffusion backbone. The external input
format is the same for all three tasks: a source video,
a natural-language prompt, and a task label. No ex-
plicit occlusion or editing mask is required at infer-
ence time. Rather than training separate models for
super-resolution, occlusion removal, and semantic edit-
ing, LTX-Insight unifies the three tasks as a conditional
latent-space video generation problem, and introduces
lightweight task-specific modules to mitigate negative
transfer in shared multi-task representations.

The overall method consists of three mutually com-
plementary modules. First, TADA (Task-Aware De-
coupled Adapter) introduces task-aware gating at dif-
ferent layers of the spatio-temporal Transformer, al-
lowing structure restoration and texture/semantic edit-
ing to be handled through branch-separated residual
pathways with an explicit weak decoupling regularizer,
thereby reducing excessive coupling caused by a sin-
gle LoRA or a unified adapter under multi-task set-
tings. Second, FGLC (Flow-Guided Latent Consis-
tency) uses optical flow to establish explicit motion cor-
respondences between adjacent frames, and leverages
these correspondences for both latent consistency con-
straints and cross-frame attention bias, reducing flick-
ering and local drift in the generated video. Third,
PMTR (Progressive Multi-Task Routing) coordinates
the optimization rhythm of different tasks through con-
ditional routing and curriculum-based task sampling,
enabling the model to preserve task specialization while
sharing a common backbone.
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Figure 1: Overall architecture of LTX-Insight.

From the training perspective, we adopt a staged op-
timization strategy from easy to hard. Stage A opti-
mizes only the core diffusion loss so that the model first
acquires basic video generation and reconstruction ca-
pabilities. Stage B activates TADA to strengthen struc-
ture preservation and target-region modification under
task conditions. Stage C introduces FGLC to extend
single-frame quality constraints to cross-frame tempo-
ral consistency. Stage D enables PMTR routing and
dynamic weighting, allowing the three tasks to jointly
converge toward a unified objective. This pipeline fol-
lows the optimization logic of “first establish reliable re-
construction, then introduce temporal constraints, and
finally perform multi-task collaboration,” which helps
reduce gradient oscillation caused by early-stage multi-
objective competition.

3.2 Preliminaries: Instruction-Guided
Latent Video Diffusion

Let the input video be X € RTXHunxWux3 and the
training target video be Y* € RT*HXWX3 = \We first
use a video VAE encoder Ey,e(+) to map the target video
and the input video in each training sample into a com-
pressed latent space:

20 = Evae(Y™),  Zret = Evae(X). (1)

Here, 2y denotes the target video latent variable, and
zret denotes the reference latent variable encoded from
the input video. For all tasks, X is the original input
video provided to the model: it may be a low-quality
video for super-resolution, an occluded video for occlu-
sion removal, or an unedited source video for semantic
editing. By representing all three task inputs as refer-
ence latent variables, the model can receive textual and
visual conditions within a unified diffusion framework.

Since the input and target resolutions may differ
in the super-resolution task, we use a task-dependent
spatial alignment operator R,.(-) before any pixel-level
comparison. For super-resolution, R (-) upsamples the
low-resolution input to the target resolution using bicu-
bic interpolation followed by VAE-compatible cropping
or padding; for occlusion removal and semantic editing,
R.(-) is the identity operator after standard resizing.
The aligned input frame is denoted as z¢ = R,(x;),
ensuring that all pixel-level losses are computed on the
same H x W grid.

During training, the diffusion forward process adds
Gaussian noise to the target latent variable zy. To avoid
confusion with the video frame index i, we use 7 to
denote the diffusion timestep:

Zr =Varz0 + V1 — are,

Here, @ is the cumulative coefficient in the noise sched-

e~ N(0,I). (2)
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Figure 2: Overall architecture of TADA.

ule, and € is standard Gaussian noise. The conditioning
set is denoted by

c= {Etext (p)7 EtaSk(T)’ Zref}7 (3)

where Fiex(:) denotes the text encoder and FEiagi(-)
denotes the task embedding layer. The basic diffusion
loss is defined as

Laitt = Bz rec lle —eo(zr, T, C)”g . (4)

This loss enables the denoising network ey to recover
the target latent variable conditioned on the reference
video, text instruction, and task label. It should be
emphasized that the above latent-space noise predic-
tion belongs to the standard video diffusion training
paradigm. The key modifications of this work lie in the
branch-separated task injection and weak decoupling
constraint of TADA, the explicit temporal constraints
of FGLC in latent space, and the multi-task routing
and curriculum optimization of PMTR.

3.3 TADA: Task-Aware
Separated Adaptation

Branch-

The central difficulty of multi-task video post-
processing is that different tasks demand different in-
ternal layer behaviors from the model. Super-resolution
depends more on low- and mid-level features such as
edges, textures, and frequency details. Occlusion re-
moval requires semantic completion within local oc-
cluded regions while preserving continuity in the sur-
rounding background. Semantic editing relies more
heavily on high-level semantic representations and in-
teraction with textual conditions. If all tasks share the
same injection strength, the model tends to exhibit two
types of failure: restoration tasks may be disturbed
by the text-editing branch, causing unnecessary back-
ground rewriting, while semantic editing tasks may be
over-constrained by reconstruction objectives, resulting

in insufficient editing amplitude. The design motivation
of TADA is therefore not to assume a strictly orthogo-
nal separation between structure and semantics, but to
weakly factorize their dominant adaptation directions
under task-aware gates.

Formally, let h; denote the hidden state of the I-th
layer of the video diffusion Transformer, and let the
task and text embeddings be e, = Eyue(r) and e, =
Eiext(p), respectively. TADA first generates layer-wise
gates according to the task label and text instruction:

97", 1] = o (Wilers ep] + br) - (5)
Here, [;:] denotes vector concatenation, o(-) is the
Sigmoid function, and ¢;* and g¢{* control the injec-

tion strength of the structural branch and the texture-
semantic branch at layer [, respectively. This gating
mechanism allows the model to automatically adjust
the adaptation magnitude at different layers for differ-
ent tasks. For example, super-resolution usually em-
phasizes shallow-layer structural and texture branches,
whereas semantic editing relies more on deep semantic
branches.

In the layer update, TADA wuses two branch-
separated residual adapters, namely the structural
branch A;* and the texture-semantic branch Af*:

hy = by + g © AP (he, Pi(zeer)) + 917 © A (hus ).
(6)
Here, ® denotes element-wise modulation along the
channel or token dimension. P;(-) is a layer-wise la-
tent alignment projection that maps z.f to the spa-
tial token grid and channel dimension of h;. In the
super-resolution task, this projection includes latent-
grid interpolation and a lightweight linear projection,
while in occlusion removal and semantic editing it
mainly performs token reshaping and channel projec-
tion. The structural branch takes the aligned reference
latent variable P;(zyef) as its primary condition and is
responsible for constraining geometric layout, subject
contours, and consistency of non-target regions. The
texture-semantic branch takes the text embedding e,
as its primary condition and is used to introduce task-
related texture enhancement, occlusion completion, or
semantic changes. Both branches can be implemented
as lightweight MLP adapters, and are equipped with
zero-initialized residual connections so as not to dam-
age the generation capability of the pretrained video
diffusion backbone at the beginning of training. Since
structure and semantics are not strictly independent
in real editing cases, the two branches are treated as
weakly decoupled pathways rather than fully disentan-
gled latent factors.
In our setting, TADA does not rely on explicit oc-
clusion or editing masks. Instead, task-specific behav-



ior is learned from paired supervision and instruction-
conditioned routing. The paired reconstruction term is
defined as

palr - Z ||yl Y; ||1 (7)

Here, g; is the i-th output frame and y; is the i-th target
frame. For super-resolution and occlusion removal, y;
is the clean target frame; for semantic editing, y; is the
curated pseudo-reference frame. Non-target preserva-
tion is therefore encouraged by the paired target con-
struction itself rather than by an explicit mask: the
target video keeps the content that should remain un-
changed and modifies only the regions required by the
instruction.

To make the branch separation more than a purely
architectural assumption, we add a weak orthogonal-
ity regularizer on the gated adapter responses. Let
R and R}°* denote the token-by-channel matrices ob-
tained by reshaping g;** @ A5 (hy, Pi(2rer)) and gi** @
Ale*(hy, ep), respectively. After token-wise £ normal-
ization, the regularizer is defined as

L
orth = E Z HR?trTchexHi . (8)

This term discourages the two adapters from learning
highly overlapping response directions while still allow-
ing them to interact through the shared hidden state.
The final TADA objective is therefore

»CTADA - »Cpair + )\orth['orth~ (9)

Together with the gated adapters, this weakly decou-
pled objective allows the model to perform the required
task-specific modifications while reducing unnecessary
changes outside the instruction-relevant content.

3.4 FGLC: Flow-Guided Latent Tem-
poral Consistency

Relying only on frame-wise reconstruction losses is in-
sufficient to ensure stable playback, because the same
object or texture position changes across neighbor-
ing frames due to motion. If one directly constrains
the pixel difference between ¢; and ¢;41, real motion
may be undesirably suppressed. The design motiva-
tion of FGLC is to establish motion-compensated cor-
respondences in latent space using optical flow, so that
the model enforces consistency after motion alignment
rather than static pixel invariance.

We first use a frozen optical flow estimator F(-) to
estimate motion fields between adjacent input frames:

Fisiz1=F(zi,ziy1), Fisiv1 =1 Fisip1. (10)

Here, | denotes spatial downsampling aligned with the
VAE compression ratio, and Fj_,;,; is the optical flow
at latent resolution. Based on this motion field, we
warp the predicted latent variable of frame i into the
coordinate system of frame ¢ + 1:

Zig1 = W (2, Fisiq) (11)

where W (-) is a differentiable warping operator, 2; de-
notes the predicted clean latent variable or intermediate
denoised latent variable of frame i, and Z; 1 denotes the
aligned prior propagated from the previous frame. This
term provides explicit motion guidance for the subse-
quent consistency constraints.

Since occlusion, out-of-frame motion, and fast move-
ment may lead to unreliable flow estimation, we con-
struct a validity map using forward-backward consis-
tency:

Oz+1 - 1(“Fz~>z+1 + W( 7,+1~>7.7Fz~>z+1)||2 < 5)
(12)
where O; 1 is the visibility map and § is the forward-
backward consistency threshold. Only regions satis-
fying this condition are treated as reliable correspon-
dences. Based on this validity map, the flow-guided
latent consistency loss is defined as

l:ﬂow — Z HOZ+1 © (ZZ+1 B Z’L+1)||1 (13)

Y 10l +¢
The denominator term ¢ is used to avoid numerical in-
stability when the valid region is empty. This loss is
computed in latent space rather than pixel space, which
reduces the computational overhead of high-resolution
video training and avoids overly strong penalties from
pixel-level texture differences.

In addition to explicit latent alignment, FGLC also
injects motion priors into cross-frame attention. Let
Qi, K;, and V; denote the query of frame 7 and the
key /value tokens of frame j, respectively. The flow-
guided attention is written as

QK]
Attn;_,; = Softmax ( \/5 + nBi%j> V. (14)
Here, B;_,; is a spatial proximity bias constructed from
Fiﬁj, which takes larger values when two tokens are
closer after flow alignment; 7 is the bias strength; and
d is the attention channel dimension. This design en-
courages cross-frame attention to preferentially aggre-
gate motion-consistent tokens, thereby reducing ran-
dom texture fluctuations across adjacent frames.
The final temporal objective is written as

T
-
=2

L =L ow )\a e — (1_1)H
FGLC flow + Aatt T-1 )

(15)
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Here, A®) denotes the cross-frame attention distribu-
tion of the ¢-th frame. The first term enforces motion-
compensated latent consistency, while the second term
suppresses abrupt variations in the attention pattern
across frames. The two are complementary: the former
provides explicit geometric constraints, while the lat-
ter stabilizes texture and semantic propagation at the
feature interaction level.

3.5 PMTR: Progressive Multi-Task

Routing Collaboration

Directly mixing the three tasks within a unified model
is easily affected by differences in sample scale, loss
magnitude, and task difficulty. For example, super-
resolution samples usually provide dense supervision
and converge faster, while semantic editing samples de-
pend more heavily on textual conditions and high-level
semantics and therefore exhibit larger training fluctua-
tion. If random sampling is performed without distinc-
tion, the model may be biased toward easier restoration
tasks, resulting in insufficient editing capability. The
design motivation of PMTR is to introduce lightweight
expert routing on top of a shared backbone and grad-
ually expand the task distribution through curriculum
scheduling, thereby reducing negative transfer.

Assume that the I-th layer contains K lightweight ex-
pert branches {E; }%_ ;. The router computes expert
activation probabilities from the current hidden state,
task embedding, and text embedding:

Uy = wlTk [Pool(hi); er; ep)+bi i,

(16)
Here, Pool(-) denotes mean pooling over the token di-
mension, uy j is the routing logit of the k-th expert, and
7.k is the corresponding activation probability. The
routed hidden state is then given by

K

hllroute =h; + Zﬂ—l,k‘El,k(hl)- (17)
k=1

Tk = SOftman (uhk).

This form allows different tasks to share the backbone
parameters while activating different expert subspaces
at local layers. Compared with maintaining an inde-
pendent model for each task, PMTR has lower param-
eter and deployment cost; compared with a fully shared
model, it preserves task-specialized representations.

At the sampling level, PMTR wuses curriculum
scheduling to control the task distribution during train-
ing:

= min1, 3
~(s) = min( 1, g)
ps(r) = (1 = 7(s))peasy ()
+v(s)pran(r)-

Here, s is the current training step, S is the curricu-
lum transition length, peasy(r) denotes an early-stage
sampling distribution biased toward restoration tasks,
and peai(r) denotes the target distribution covering all
tasks. As 7(s) increases from 0 to 1, the training data
gradually shifts from relatively stable restoration tasks
to the full task set including semantic editing, thus pre-
venting the model from being disturbed too early by
complex editing tasks before it forms reliable spatio-
temporal representations.

To handle the inconsistency of loss scales across
tasks, we adopt an uncertainty-weighted multi-task ob-
jective and further introduce expert load balancing and
entropy regularization:

ﬁPMTR = Eunc + )\balﬁbal - )\entﬁenb (19)

1
Line = Z (mﬁr + log Ur) s (20)

K 2
Loa =) <7‘rk - ;{) y Lons = ;H(m). (21)

k=1

Here, £, denotes the supervision loss associated with
task 7, and o, is a learnable task uncertainty parame-
ter; when a task is noisier or harder to optimize, o, can
adaptively adjust its effective weight. 7 denotes the
average load of expert k within a batch; the load balanc-
ing term prevents a few experts from being overused.
H(m;) denotes the entropy of the routing distribution
at layer [; entropy regularization is used to avoid early-
stage routing collapse to a single expert. Through these
designs, PMTR simultaneously addresses task-weight
imbalance and expert-utilization imbalance.

(18)

3.6 Overall Objective and Stage-Wise
Weight Scheduling

The overall training objective is

Liotal(5) = Laig + Atada(s)LTADA
+ Agle(8) Lrarc (22)
+ Apmtr (8) LPMTR-



Here, Lgig is the basic denoising objective, ensuring
alignment between the generated distribution and the
target video latent variables; Lrapa is responsible for
target-region editing and non-target-region preserva-
tion; Lrarc enforces cross-frame motion-compensated
consistency; and Lpyrr handles multi-task weighting,
expert load balancing, and routing stability. The co-
efficients Atada(s), Afgic(s), and Apmer(s) are module
weights that vary dynamically with the training step.
The weights are activated using a smooth scheduling
function:
Am(8)

max
>\m

" 1+ exp[—am(s — Sm)]’

(23)
Here, A"®* is the maximum weight of module m, a,
controls the growth slope, and S,, is the activation cen-
ter step. In practice, we set Siada < Stglc < Spmtrs
i.e., the model first learns task-aware injection, then
temporal constraints, and finally full multi-task rout-
ing collaboration. Compared with activating all losses
simultaneously from the very beginning of training,
this stage-wise schedule reduces multi-objective gradi-
ent conflicts and mitigates early-stage problems such as
over-suppressed editing amplitude or unstable temporal
constraints, thereby improving the convergence stabil-
ity of unified video restoration and semantic editing.

4 Experiments

4.1 Dataset and Task Construction

We construct a multi-task video post-processing
dataset D = Dg, UDyeec UDeqir, where the three subsets
correspond to super-resolution, occlusion removal, and
semantic editing, respectively. All source videos are
collected from publicly accessible online video sources,
including general video-sharing and short-video plat-
forms, and are used only for research analysis. The
dataset contains 2,000 videos in total, including 600
videos for super-resolution, 600 videos for occlusion re-
moval, and 800 videos for semantic editing. Each sam-
ple is uniformly represented as (X, p,r,Y*), where X is
the input video, p is the text instruction or task descrip-
tion, r is the task label, and Y* is the supervision target
video. The original online videos and generated target
videos are not redistributed, and personally identifiable
information is removed or anonymized when necessary.

The super-resolution subset Dy, contains 600 videos
and is generated by degrading high-quality videos
through a degradation model. The degradation pro-
cess includes bicubic downsampling, blur-kernel per-
turbation, compression noise, and mild sensor noise to
simulate multi-source degradations in real low-quality
videos. The training target is the original high-quality

m € {tada, fglc, pmtr}.

video, and the instruction p uses a unified template such
as “increase the resolution and restore details.” This
setup is used to evaluate detail recovery and frequency-
domain reconstruction stability.

The occlusion removal subset Dy.. contains 600
videos and is constructed from clean source videos with-
out visible target occlusions. We use the clean videos
as the supervision targets Y*, and synthesize the cor-
responding occluded inputs X by adding watermark-
like overlays, subtitles, logos, text labels, and tem-
porary markers. These overlays are synthetic visual
obstructions used for restoration research rather than
copyright, authorship, or ownership marks. The occlu-
sion types cover both text-like and non-text occlusions.
During synthesis, the occlusion position, transparency,
scale, color, shape, duration, and motion trajectory are
randomly sampled. No occlusion mask is used as model
input; the model receives only the occluded video, the
task label, and the removal prompt.

The semantic editing subset Deqjt contains 800 videos
and is constructed through a model-assisted curation
pipeline. For the training and validation splits, we
first generate candidate edited videos from the online
source videos using multiple commercial closed-source
video editing models under manually designed natural-
language instructions. The generated candidates are
then manually screened according to instruction con-
sistency, preservation of non-target regions, tempo-
ral stability, and artifact level. Only candidates that
satisfy these quality criteria are retained as pseudo-
supervised editing pairs. The editing scenarios cover
object attribute modification, local replacement, mild
background adjustment, and stylized enhancement.

To reduce generator-specific bias in evaluation, the
semantic editing test split is constructed using three
different commercial closed-source models that are not
used for generating the training and validation sam-
ples. The test set is further stratified by editing type,
motion magnitude, and scene complexity. All data
are split at the video level into training, validation,
and test sets with a ratio of 70%/10%/20%, ensur-
ing that different clips from the same original video do
not appear in different splits, thus avoiding data leak-
age. Specifically, the super-resolution subset is divided
into 420/60/120 videos, the occlusion removal subset
into 420/60/120 videos, and the semantic editing sub-
set into 560/80/160 videos for training, validation, and
testing, respectively. Since the semantic editing targets
are generated and manually curated rather than cap-
tured as human-created ground truth, we treat them
as high-quality pseudo references throughout training
and evaluation.

In the unified preprocessing stage, videos are cropped
or padded to match the frame-count format supported



by the model, such that the number of frames satis-
fies T' = 8k + 1; the spatial resolution is adjusted to
sizes compatible with the VAE and Transformer. Be-
fore evaluation, all videos are processed with the same
color space, frame rate, and normalization strategy to
ensure fair comparison across different methods.

4.2 Implementation Details

LTX-Insight is built upon a unified video diffusion back-
bone, where the video VAE, text encoder, and spatio-
temporal Transformer are shared across the three tasks.
TADA, FGLC, and PMTR are inserted into the back-
bone as lightweight trainable modules. Except for the
adapters, routers, and necessary normalization param-
eters, the remaining pretrained parameters can either
be frozen or fine-tuned with a low learning rate depend-
ing on the experimental setup. We use bfloat16 mixed-
precision training to reduce memory consumption, and
adopt AdamW together with cosine learning-rate de-
cay and linear warm-up. The default implementation
settings are summarized in Table [I]

Table 1: Default implementation settings used in the
experiments.

Item Setting

Backbone Latent video diffusion Trans-
former

Input clip length 49 frames

512 x 512 with temporally con-
sistent random cropping

Training resolution

Optimizer AdamW, 51 = 0.9, B2 = 0.999
Learning rate 1.0x 1075

Weight decay 0.01

Precision bfloat16 mixed precision
Hardware 8 NVIDIA H800 GPUs

During training, the task sampling distribution grad-
ually transitions from restoration tasks to the com-
plete multi-task distribution according to the curricu-
lum function (s) defined in Section 3.5. Optical flow
is precomputed and cached offline using a frozen es-
timator to reduce repeated computation during train-
ing. For FGLC, only regions that pass the forward-
backward consistency check participate in the latent
temporal loss. For PMTR, expert load is measured at
the batch level, and routing entropy as well as expert
utilization are monitored after each training epoch.

During inference, we adopt a single-model, single-
entry setting by default, where the output is directly
generated from the input video, task label, and text
instruction. All methods are run under the same hard-
ware, the same input resolution, the same sampling
steps, and the same set of random seeds.

4.3 Evaluation Metrics

We select evaluation metrics according to the focus
of each task. For super-resolution, we report PSNR,
SSIM, and tLPIPS to jointly evaluate pixel fidelity,
structural similarity, and cross-frame stability. For oc-
clusion removal, we report PSNR, SSIM, and LPIPS to
assess reconstruction quality, structural preservation,
and perceptual naturalness. For semantic editing, we
report CLIP Score and FID to measure instruction fol-
lowing and distribution quality, and additionally in-
clude User Vote in the external comparison to evaluate
subjective preference. Let the model output video be
Y = {§:}7_, and the reference video be Y = {y;}~,.
For semantic editing, Y denotes the curated pseudo ref-
erence generated by external commercial models rather
than an absolute human-created ground truth. Except
for user voting, all metrics are first averaged within each
video and then aggregated over the test set.

4.3.1 PSNR and SSIM

PSNR measures the pixel-level reconstruction error be-
tween the output video and the reference video. A
higher value indicates better reconstruction fidelity. It
is defined as

T
1 " 2
MAX?

Here, C, H, and W denote the number of channels,
height, and width, respectively, and MAX is the max-
imum pixel value. SSIM [I8] measures structural sim-
ilarity between two frames from the aspects of lumi-
nance, contrast, and structure. Video-level SSIM is
computed by averaging the frame-wise SSIM:

T
1 A
SSIM = — ;:1: SSIM (9, s )- (26)

Both PSNR and SSIM are the higher-the-better met-
rics. We report them for the super-resolution and occlu-
sion removal tasks to evaluate reconstruction accuracy
and structural preservation.

4.3.2 LPIPS and tLPIPS

LPIPS [19] measures the difference between the output
video and the reference video in a deep perceptual fea-
ture space. Lower values indicate that the perceptual
quality is closer to the reference video:

T
LPIPS — ;zz ﬁ leor ® (1) — i (we))2.-
t=
(27)



Here, ¢;(-) denotes the feature map of the I-th layer in
the perceptual network, and w; is the channel weight.
We report LPIPS for the occlusion removal task to mea-
sure the perceptual naturalness of the completed video
after occlusion repair.

tLPIPS evaluates motion-compensated perceptual
consistency across adjacent frames. Lower values in-
dicate less cross-frame flickering and texture jitter:

T—1
tLPIPS = % ; LPIPS (§y41, W (§e, Fyos41)) -

(28)

Here, Fy_;11 is the optical flow between adjacent

frames, and W (-) is the warping operator. We report

tLPIPS for the super-resolution task to evaluate the

temporal stability of the enhanced details during play-

back.

4.3.3 CLIP Score

CLIP Score is based on CLIP [20] and measures the
consistency between the semantic editing result and the
text instruction. Given a text instruction p and an out-
put video 57, we first extract the image feature of each
frame and average them, then compute cosine similarity
with the text feature:

T
CLIP Score = cos (ftext (p), % Z fimg(@)t)) . (29)
=1

Here, fiext(-) and fimg(-) denote the text encoder and
image encoder of CLIP, respectively. A higher CLIP
Score indicates that the output video better follows the
editing instruction.

4.3.4 FID

FID [21] measures the discrepancy between the distri-
bution of generated video frames and that of real ref-
erence frames. We feed the video frames into a feature
extraction network to obtain the feature distributions
of the generated results (14, 3,) and the real references
(i, 3r), respectively. The metric is defined as

FID = [ty a3+ Tr (S + 5, = 2(5,3)/2) . (30)

Lower FID indicates that the generated results are
closer to real data in the overall visual distribution. We
report FID for the semantic editing task to evaluate the
naturalness and distribution quality of edited videos.

4.3.5 User Vote

User Vote is used to complement automatic metrics
when they are insufficient to characterize subjective
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quality. We adopt a pairwise preference evaluation pro-
tocol with 50 video pairs and 5 independent evaluators.
For each comparison, the results of LTX-Insight and
a competing method are randomly shuffled and shown
side by side. Evaluators are asked to choose the better
result according to task completion, temporal stability,
preservation of non-target regions, and overall visual
quality. The final User Vote denotes the proportion of
pairwise comparisons in which a method is preferred.
A higher value indicates better subjective quality. This
metric is mainly used for the semantic editing task, be-
cause the success of semantic editing depends not only
on text consistency, but also on whether the edited re-
gion looks natural, whether the non-edited region re-
mains stable, and whether noticeable flickering occurs
during continuous playback.

4.4 Ablation Studies

4.4.1 Super-Resolution Task

Table 2: Ablation study on the super-resolution task.

Method PSNR 1 SSIM 1 tLPIPS |
Baseline 37.84 0.9441 4.63
+ PMTR 38.02 0.9463 4.31
+ TADA 38.27 0.9496 4.47
+ TADA + FGLC 38.42 0.9510 3.87
Full Model 38.53 0.9522 3.75

As shown in Table [2| the super-resolution results
show that adding PMTR alone yields a modest im-
provement in PSNR and SSIM over the Baseline, in-
dicating that progressive task routing can improve the
stability of shared representations in multi-task train-
ing. After adding TADA, PSNR improves from 37.84
to 38.27 and SSIM improves from 0.9441 to 0.9496, sug-
gesting that task-aware branch-separated adaptation
enhances structure preservation and detail recovery.
With the further introduction of FGLC, tLPIPS de-
creases from 4.47 to 3.87, indicating that flow-guided la-
tent consistency effectively reduces cross-frame texture
jitter. The full model achieves the best performance
on all three metrics, validating the complementarity of
TADA, FGLC, and PMTR in the super-resolution sce-

nario.

4.4.2 Occlusion Removal Task

As shown in Table [3} occlusion removal imposes higher
requirements on local completion and background con-
sistency, and therefore the effect of different modules is
even more pronounced. Compared with the Baseline,



Table 3: Ablation study on the occlusion removal task.

Method PSNR 1+ SSIM{ LPIPS |
Baseline 20.12 0.7463 0.338
+ PMTR 22.35 0.7757 0.249
+ TADA 22.78 0.8152 0.276
+ TADA + FGLC  24.12 0.8394 0.214
Full Model 24.45  0.8479  0.182

TADA improves PSNR by 2.66 dB and substantially
reduces LPIPS, indicating that the weakly decoupled
structural and texture-semantic branches can reduce
background contamination during occluded-region re-
pair. FGLC further improves SSIM and lowers LPIPS,
suggesting that motion-compensation constraints help
alleviate inconsistency of repaired content across neigh-
boring frames. Compared with the Baseline, the full
model achieves clear improvements in PSNR, SSIM,
and LPIPS, indicating that multi-task routing can fur-
ther strengthen the specialized representation of occlu-
sion removal while maintaining overall training stabil-

ity.
4.4.3 Semantic Editing Task

Table 4: Ablation study on the semantic editing task.

Method CLIP Score 1 FID |
Baseline 0.902 32.74
+ PMTR 0.919 31.86
+ TADA 0.910 29.12
+ TADA + FGLC 0.925 27.87
Full Model 0.937 27.13

As shown in Table 4] in the semantic editing task,
the Baseline already exhibits a certain degree of text
responsiveness, but its CLIP Score and FID are still af-
fected by semantic interference under mixed-task train-
ing. After adding TADA, FID decreases from 32.74 to
29.12, indicating that task-aware gating improves the
visual distribution quality of edited videos. With the
further introduction of FGLC, the CLIP Score rises
from 0.910 to 0.925 and FID decreases from 29.12 to
27.87, suggesting that temporal consistency constraints
not only reduce flicker but also help stabilize seman-
tic editing results. The full model achieves the high-
est CLIP Score of 0.937 and the lowest FID of 27.13,
indicating that PMTR can alleviate negative transfer
among tasks in complex editing scenarios and better
balance semantic modification and visual quality.
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4.4.4 Fine-Grained Ablation of TADA

To further analyze the contribution of the two branch-
separated pathways in TADA, we conduct a compact
component-level ablation on occlusion removal and se-
mantic editing. The complete variant keeps both the
structural branch and the texture-semantic branch ac-
tive, while the other two variants remove either the
structural branch or the texture-semantic branch.

As shown in Table[6] removing the structural branch
clearly degrades occlusion removal, especially in PSNR
and LPIPS, because the model loses an explicit path-
way for preserving geometric layout and surrounding-
region consistency. Removing the texture-semantic
branch has a stronger impact on semantic editing,
where the CLIP Score drops from 0.937 to 0.916 and
FID increases from 27.13 to 30.18. These results indi-
cate that the two branches play complementary roles:
the structural branch mainly supports faithful recon-
struction and background continuity, while the texture-
semantic branch is more important for instruction-
aligned appearance modification.

4.5 External Comparison Results

To further verify the effectiveness of LTX-Insight rela-
tive to existing methods, we perform external compar-
ison experiments on the three tasks separately. Since
different tasks have different objectives and evaluation
metrics, we do not mix all methods into a single ta-
ble, but instead report the results for super-resolution,
occlusion removal, and semantic editing independently.

4.5.1 Super-Resolution Comparison

The super-resolution task mainly compares the per-
formance of different models in terms of detail re-
covery, perceptual quality, and cross-frame stability.
The compared methods include the classic recurrent
super-resolution baseline BasicVSR [22], the unified
video restoration framework VRT [4], and the diffusion-
based temporally consistent super-resolution method
StableVSR [23]. All methods are evaluated under the
same low-quality inputs, the same test split, and the
same evaluation scripts.

As shown in Table [7] compared with video super-
resolution baselines, LTX-Insight achieves the best
PSNR and SSIM, indicating that the unified diffusion
backbone still maintains strong reconstruction capabil-
ity after introducing task-aware adaptation. Compared
with StableVSR, LTX-Insight further reduces tLPIPS,
showing that the proposed FGLC contributes positively
to temporal texture stability. These results suggest that
under unified multi-task modeling, LTX-Insight does
not sacrifice the performance of the super-resolution



Table 5: External comparison on the semantic editing task.

Method CLIP Score T FID | User Vote 1
T2V-Zero [8] 0.914 30.24 14.6%
TAV [5] 0.928 27.33 17.8%
Rerender A Video [13] 0.945 26.95 37.4%
LTX-Insight 0.937 27.13 30.2%

Table 6: Fine-grained ablation of TADA components.

Variant Occ. PSNR 1T Occ. SSIM 1T Occ. LPIPS | Edit CLIP 1 Edit FID |
w/o structural branch 23.61 0.8418 0.204 0.921 29.04
w/o texture-semantic branch 23.93 0.8427 0.195 0.916 30.18
Full TADA 24.45 0.8479 0.182 0.937 27.13

Table 7: External comparison on the super-resolution
task.

As shown in Table [§] in the occlusion removal task,
LTX-Insight outperforms existing restoration methods
on PSNR, SSIM, and LPIPS. This observation sug-

Method PSNR 1+ SSIM 1 tLPIPS | gests that when only frame-wise restoration or a single
BasicVSR [22] 3757 0.9394 4.81 inpainting model is used, occluded-region completion
VRT [ 37.69 0.9446 4.39 is prone to texture discontinuity and cross-frame drift.
StableVSR [23] 38.12 0.9495 3.97 In contrast, LTX-Insight jointly constrains the output
LTX-Insight 38.53 0.9522 3.75 through reference latent variables, task conditions, and

task, but instead obtains more stable video outputs
through latent temporal constraints.

4.5.2 Occlusion Removal Comparison

The occlusion removal task focuses on the quality
of occluded-region reconstruction, overall perceptual
quality, and structural fidelity. The compared meth-
ods include the propagation-enhanced video inpaint-
ing method ProPainter [24], the end-to-end flow-
guided video inpainting method E2FGVI [25], and the
diffusion-based video inpainting method DiffuEraser
[26]. We mainly report PSNR, SSIM, and LPIPS,
which evaluate different methods from the perspectives
of pixel error, structural preservation, and perceptual
naturalness.

Table 8: External comparison on the occlusion removal
task.

flow-guided consistency, enabling the occluded region to
blend more naturally with the surrounding background.
In particular, the lower LPIPS indicates that the model
improves not only pixel-level fidelity but also perceptual
naturalness.

4.5.3 Semantic Editing Comparison

The semantic editing task jointly evaluates instruc-
tion following, preservation of non-target regions, and
cross-frame stability. The compared methods include
Text2Video-Zero [8], Tune-A-Video [5], and Rerender
A Video [13].

As reported in Table || semantic editing results show
that LTX-Insight outperforms T2V-Zero and Tune-A-
Video in CLIP Score, FID, and User Vote, while achiev-
ing competitive performance compared with Rerender
A Video. Compared with T2V-Zero and Tune-A-Video,
the higher CLIP Score indicates that the model re-
sponds more accurately to text instructions, while the
lower FID suggests that the edited videos are more
visually natural in the overall distribution. Although

Method PSNR t SSIM t LPIPS | Rerender A Video obtains the best results in this com-

- parison, LTX-Insight remains close to it while using a
ProPainter [24] 21.26 0.7252 0.307 unified multi-task framework. These results validate
E.QFGVI [25] 24.18 0.8454 0.194 the necessity of jointly modeling task labels, textual
DiffuEraser [20] 21.94 0.7538 0.432 conditions, and visual reference conditions.
LTX-Insight 24.45 0.8479 0.182
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4.6 Visualization Analysis

We further provide qualitative results for occlusion re-
moval, super-resolution, and semantic editing. The vi-
sualizations focus on local reconstruction quality, tem-
poral stability, and the preservation of non-target re-
gions.

As shown in Figure [} LTX-Insight removes text-
like occlusions while keeping the repaired regions visu-
ally coherent with the surrounding content. The com-
pleted regions remain stable across frames, suggesting
that FGLC helps suppress temporal artifacts during dy-
namic occlusion removal.

Figure [5| shows that LTX-Insight restores clearer fa-
cial contours and fine textures from low-resolution in-
puts without obvious over-sharpening. This is consis-
tent with the quantitative gains in PSNR, SSIM, and
tLPIPS.

For semantic editing, Figure [6] demonstrates that the
model can modify scene attributes while preserving the
subject and main spatial structure. The edited appear-
ance remains consistent across adjacent frames, indi-
cating that TADA and FGLC jointly improve control-
lability and temporal coherence.
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Figure 4: Visualization of text-like occlusion removal.
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Figure 5: Visualization of detail recovery for super-
resolution.

Figure 6: Visualization of scene-attribute modification
for semantic editing.

5 Conclusion

In this paper, we propose LTX-Insight, a unified frame-
work for video restoration and semantic editing, which
achieves collaborative multi-task modeling on a sin-
gle video diffusion backbone for video super-resolution,
general occlusion removal, and instruction-driven se-



mantic editing. To address the common challenges
in unified modeling, including task interference, cross-
frame instability, and difficulties in joint training, we
further design three complementary modules: TADA
improves controllable injection across different tasks
through task-aware branch-separated adaptation with
weak orthogonality regularization; FGLC enhances
temporal stability through flow-guided latent consis-
tency constraints; and PMTR mitigates negative trans-
fer and improves convergence stability through progres-
sive task routing and curriculum learning.

Experimental results show that LTX-Insight consis-
tently delivers effective improvements across all three
tasks: it balances detail restoration and cross-frame
consistency in super-resolution, performs more natural
local completion while preserving background continu-
ity in occlusion removal, and better balances instruc-
tion following, preservation of non-target regions, and
overall visual quality in semantic editing. The abla-
tion studies further validate the effectiveness and com-
plementarity of TADA, FGLC, and PMTR, indicating
that weak branch separation, temporal constraints, and
routing collaboration are all crucial for improving the
final video quality under a unified framework.

Overall, this work provides a scalable technical path
for single-model, multi-task, controllable video post-
processing, and lays a foundation for building more
general video editing systems in the future. Future
work may focus on training with larger-scale real oc-
clusion data and modeling longer video sequences, so
as to further improve the generalization and practi-
cal value of unified video editing frameworks in com-
plex real-world scenarios. In addition, the current
model is still less robust when removing moving semi-
transparent overlays, especially when the overlay has
strong transparency changes, large motion, or overlaps
with complex foreground objects. Its super-resolution
performance also remains limited for severely degraded
old videos, where strong compression artifacts, mo-
tion blur, film grain, and missing high-frequency details
make faithful restoration difficult. Improving dynamic
overlay localization, temporally stable restoration, and
restoration under severe real-world degradation will be
important directions for future work.

Data and Ethical Considerations

All source videos used in this study are collected from
publicly accessible online sources and are used only for
research analysis. We do not redistribute the origi-
nal online videos, the generated editing targets, or the
outputs of external commercial models. When neces-
sary, personally identifiable information is removed or
anonymized, and qualitative examples are selected to
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avoid exposing sensitive identity information.

The occlusion removal task in this paper is designed
for restoration under synthetic or research-controlled
visual obstructions. The watermark-like overlays used
in our dataset are artificially generated occlusions and
should not be interpreted as encouraging the removal
of copyright notices, ownership marks, creator attribu-
tion, platform logos, or other legally protected identi-
fiers from third-party content. The proposed method
is intended for legitimate restoration, editing, and
post-processing scenarios where users have appropriate
rights or permission to process the input videos.

For semantic editing, target videos are generated
with external commercial closed-source models and
then manually screened as pseudo references. These
generated targets are used for training and evaluation
only, are not released as a public dataset, and are de-
scribed as pseudo references rather than human-created
ground truth. Users of similar pipelines should follow
the terms of service of the corresponding commercial
systems and respect the rights of content owners.
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