Open AI Video Restoration Project Proposal

VideoRepair

Ui gafa=t & gffd Frames, Small Faces,

dYUT 3fed-hifeich Degraded Spans <t Al-
HeTiRd guUR-uRaterr

A% oig T g fo=l # 8; Software Development, AI Models, VRAM,

Python, ComfyUI, PyTorch, Dataset, Frame, Mask, 9t Folder
Structure SI¥ deh-ieh! *1eG English & 3@ T 8|

T« g &g |eg

Current degraded frame ol TaI- Small faces # identity drift I, 3R
SMYR AF®Y, adjacent good frames & %had gfSd frames/regions &l GURATI
guidance &I

UUYH el & s1eg
Analyzer, bad-span detector, mask Trainable temporal restoration
generator, repair queue. models + ComfyUI bridge.




fawag=it / Contents

1.] Core Idea / g« fa=R 11.] Analyzer, Face Analyzer, Dataset
) Builder
2.| Whole-Video Restoration & qai
el 12.1 Global Temporal Frame Restorer
3.| &7 Restoration Formula 13.] Face Identity Restorer
4.1 Degradation Measurement 14. Local Damage Restorer
>.| Degradation Masks 15. | Repair Selector / Mixture of

Experts
6. | Software Modules

16. | Training Strate
7. Suggested Folder Structure 2 2t/

. 17.1 ComfyUI Custom Nodes
8. Python Environment

18.] FFmpeg Examples
9.1 Hardware and VRAM ped P

Requirements 19.] Evaluation Metrics

10.] Storage Requirements 20. | English Reference Version

VideoRepair : Ha< Al Video
Restoration ufRalsH=T U

g films 3R low-quality videos & 0% & fed g S8 9= Al upscalers a1 &1k gt
& UTd | 3gfes video restoration tools fRE QR video &t Igd guRd fear @erd &1 @ noise
g2l Yehd &, sharpness 51 Tehd &, blur &H &= ehd €, contrast GUR Fehd 8, 3R dheft-apeft
@ gy detail Si¥ i@ aret 14 detail +f 41 Herd &1

TR 3 tools I Yk 1= 1R d1HT1 8 - low-quality video & small faces| 5ia face sigd
BleT g1 a1 9gd gf¥d 81, model & UTH Irdfdeh FaHT 3Tl gidl g1 dd dg 31 Te fewa aren



face T Gohdl 8, IX I8 Hal actor/person @7 face gl @ ATl Identity s&et STrdt g1 TR
restoration # g 3R 81

qe=A graur: afe Al-restoration ¥ frame 3ifde sharp fe@dr g W &fed o1 &4 aga
a1 8, dt 98 restoration gl, replacement gl

1. Core Idea / g« fd=R

VideoRepair T d&d Uk frame ohl 34T enhance &1 -Tg! 81 3d ugld I8 &:

measure degradation frame by frame

-~ detect frames or short spans worse than nearby frames
repair only those frames or regions

use degraded current frame as main anchor

use adjacent good frames as guidance

preserve identity, expression, pose, motion, and timing

N
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TRA g1 H:

Ta1 frame #d et gf¥d frame &t 3¢ frame 3R 3T o= uSHAt frames Hir
HEradr € uURI|

Degraded frame g €@ T UHIUT 81 I & Hat pose, mouth shape, hand position,

eye direction, lighting, camera angle, 3R exact timing 81 Adjacent frames hael
guidance ; @ current frame @t Faei T HfYBPR T |

2. Whole-Video Restoration =t gafc gt

Uah g1 video & frames & 31eT-31eT7T TR & &IV 8id &:

« 8 frames ohad soft gid 81 « 3 frames & small faces blurred

« $® frames # scratches gid 81 Bl &1

« F® frames # flicker g1 81 'WmscenE$qﬂmm1'z
frames 37~ gf¥d gl dhd & |

« $® frames # compression damage

a2 « &Y dhaet local dirt aT stain giar 81

« T SLP S model face identity
A d Bl



Uniform model average frame &t §uRd o TehdT 8, IR &fd small-face cases &
identity @t fSTTe ¥ehdT 81 VideoRepair @t selective g1 a1fgy|

Frame / Region ffa VideoRepair Action

Good frame Leave unchanged

Mild degradation Mild correction

Local scratch / dirt Local patch repair

Bad small face Identity-preserving face repair
Severely damaged frame Neighbour-guided frame repair

3. §= Restoration Formula

forelt bad frame F_t o feid input 39 TR &t

current degraded frame
previous good frame

next good frame
degradation mask
face/reference identity data, if needed

Output:

‘ F_t_restored

Model & gg dRe=r a1fgu:

« good areas @' preserve &I,

- damaged areas ! GURHT,

« missing detail & ferd adjacent frames T ITANT T,

- faces & ol identity references @T IUTNT &I,

« pose, expression, motion 3R actor identity el 7 I&AT|

4. Degradation Measurement

VideoRepair @T UgaT 31T generation g1, diagnosis g1 U frame & o & scores AT
ST "hd 8.



blur noise grain instability brightness flicker contrast loss
compression artifacts scratches / dirt temporal inconsistency

optical-flow prediction error

Faces & ford sifafRed measurements 3masash g:

face size face blur face detector confidence landmark confidence

identity embedding stability identity drift vs neighbouring frames

& 91d local comparison g1 forgit frame @t Gt film & average @ &l, 39t shot &
fAeheadt frames & a1 e A1RU

Dark indoor shot @t shaet gafery gfta 7 A fh outdoor shot 31f¥e bright g1 Fast-
motion frame @ shaet 39feiT damaged 7 A fh g previous frame & 9= 81

37d: system bl TINT e AT A1f8Y:

shot-local statistics
rolling median

local degradation score
motion-aware comparison
optical-flow-guided prediction

5. Degradation Masks

System @t BT mask 9T I1fgq STt Fd1g foh ohagl repair ot A 81

Mask Value aref

0.0 39 region ! 9 daal

0.2 mild correction allowed

0.5 moderate correction allowed

0.8 strong correction allowed

1.0 severely damaged region; inpaint/regenerate allowed

g8 mask model &t 3FTaSh ¥4 ¥ TR frame @t redraw & I JehdT &



6. Proposed Software Modules

1.| Frame Analyzer - blur, noise, flicker, flow-error 31 ATGATI

2.| Face Analyzer - face detection, tracking, identity drift ATg=TI

3. | Bad-Span Detector - abnormal frames / contiguous spans et
4.1 Degradation Mask Generator - repair 3iAfd map ST

5.| Dataset Builder - training pairs ST

6.] Global Temporal Frame Restorer - current frame + neighbours @
restoration|

7.1 Face Identity Restorer - identity-preserving face repair|
8.] Local Scratch/Damage Restorer - local dirt/scratch gur|
9.1 Repair Selector / Mixture of Experts - fhd frame WR &9 I model @] gl

10.] ComfyUI Bridge - visual workflow, manual testing, custom nodes.

7. Suggested Folder Structure

General project layout 39 UehR I@T ST TehdT &'

VideoRepair/

— README .md
requirements. txt
environment.yml
configs/

— analyzer/
F— training/
— inference/
L— comfyui/

scripts/

— extract_frames.py
F— score_frames.py
— detect_faces.py
— track_faces.py
— make_bad_spans.py

— make_masks.py
— build_dataset.py

— train_global_restorer.py
— train_face_restorer.py
L— repair_video.py

data/

— raw_videos/

— extracted_frames/
— pseudo_clean/
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degraded_pairs/

masks/

face_tracks/
actor_reference_banks/

— global_temporal_restorer/
— face_identity_restorer/
F—— local_damage_restorer/
L— selector _moe/

runs/

— experiments/
— checkpoints/
F— logs/

L— tensorboard/

outputs/

— repaired_frames/
— repaired_spans/
— comparison_videos/
L— final_videos/

comfyui_nodes/

[— VideoRepair_FrameRestore/
— VideoRepair_FacePatch/
— VideoRepair_MaskBlend/
L— videoRepair_Queueloader/

T 1T 71 "> 1

docs/

— project_report.md
— dataset_format.md
— training_notes.md
— hardware_notes.md
L— examples.md

Windows ™ large datasets & ferd practical layout:

:\VideoRepair\
:\VideoRepair\data\
:\VideoRepair\models\
:\VideoRepair\runs\
:\VideoRepair\outputs\

Linux O=;

‘ /home/user/VideoRepair/

Large frame datasets @l system drive @R 9 3&1 Long video & PNG frames
fAepTe UR Aehsl GB I &7 TehdT &




8. Suggested Python Environment

Training environment & & components g Td 8.

Python 3.10/3.11 PyTorch with CUDA OpenCV FFmpeg NumPy Pandas

scikit-image tqdm LPIPS BasicSR InsightFace facexlib TensorBoard

conda create -n videorepair python=3.10

conda activate videorepair

PyTorch CUDA version @t installed NVIDIA driver 3R GPU & 38R &1 91|

9. Hardware and VRAM Requirements

VideoRepair # @3 hardware tiers gt 9ahd g1

Tier i GPU / VRAM RAM Storage
Tier = Analysis only: frame scoring, face GPU optional; 4-8 GB useful 16-32GB = 100 GB+

1 detection, masks

Tier ComfyUI manual repair / small face 8-12 GB minimum; 16 GB 32GB 200-500 GB
2 patches recommended

Tier | Serious face identity repair 16 GB minimum; 24 GB 64 GB 500 GB -2
3 recommended B

Tier = Global temporal video restoration 24 GB minimum; 48 GB+ 64-128 2-6TB

4 training recommended GB NVMe
Tier = Advanced research training 48-96 GB recommended 128-256 4-127TB

5 GB NVMe

Large VRAM & model @ T@d: dT AIgi &edl, TR g3 patches, longer temporal windows,
transformer-style models 3R &7 offload atet experiments T=d HdT g

10. Storage Requirements

Video restoration datasets 2ffer &/ g1 ST1d 81 Approximate storage:

Short tests 100-300 GB



One film with extracted PNG frames 200GB-1TB
Multiple films / training dataset 2-87TB
Large research dataset 8 TB+

Active training data o ferd NVMe SSD 3f@d &1 HDD it archive & ferd 31 Original files
! overwrite 9 &I

11. Frame Analyzer

Frame Analyzer frames drerent 4t table IR:

frame_no
timecode
scene_id
blur_score
noise_score

flicker_score
flow_error_score
face_count
worst_face_quality
badness_score
recommended_repair_type

Possible repair types:

NO_REPAIR
MILD_GLOBAL_REPAIR
FACE_PATCH_REPAIR
LOCAL_DAMAGE_REPAIR
WHOLE_FRAME_TEMPORAL_REPAIR
MANUAL_REVIEW

g module 37haT it 31— Iuanit gh, foT fehedt large model training @1

12. Face Analyzer

I8 module faces detect 37R track & Uk face track o fod:

face size
blur
landmark confidence

identity embedding
identity drift
track stability




g fRet frame # identity embedding Tl frames @ srar-ies sigd {94 g1, dl @8
degradation 3t Al hallucination T Tdhd 8l TehdT &1

13. Dataset Builder

Model training & feid paired data 3masaes g1 Tah training sample:

degraded current frame
previous good frame

next good frame
degradation mask
target clean frame

Faces & for:

bad face crop
previous/next face crops
best reference face crop
target better face crop
actor identity label

Synthetic degradation # & &Y §TY ST Uehd &:

blur motion blur film grain scratches dust flicker contrast loss

compression color instability face blur local damage

14. Global Temporal Frame Restorer

g model Yo damaged frame @t &I frame 3R neighbouring frames & restore &I

Input:
current bad frame
previous frames
next frames

degradation mask
possibly optical-flow alignment

Output:
restored current frame

Model @l @¥ image ! Td= &4 ¥ generate gl &A1 A18T| I residual repair system
hT RE BRI AT A1

‘ restored frame = bad frame + learned correction

Possible training losses:



L1 or Charbonnier loss
perceptual loss
edge loss

temporal consistency loss
optical-flow consistency loss
mask-weighted restoration loss
preservation loss in good areas

15. Face Identity Restorer

Faces & forid 31elT identity-aware model =1@Q1 Generic face restorer W< WR Teld face
¢ 9ahdT g1 VideoRepair & & inputs g

current bad face

adjacent good faces

reference face bank of same actor/person
identity embedding loss

temporal consistency

&g beautification 78T, faithfulness g1 S face g fad tR gER eafery S g1, a8 3r¥thel

restoration gl

Face crop sizes:

256x256 for tiny faces
512x512 for medium faces
768%x768 or 1024x1024 for larger face patches

16. Local Damage Restorer

g9t g full-frame repair & AT Small scratches, dirt spots, stains, local defects @t
local &Y & GURT ST HhdT g

local masks
neighbouring frames
motion alignment
inpainting

patch blending

17. Repair Selector / Mixture of Experts

System @t fAufa eer =nfew s ol 4T repair o

if frame is good - do nothing

if mild degradation - mild global repair
if only a face is bad - face repair




if scratch/dirt is local - local repair
if whole frame is bad - temporal whole-frame repair

if uncertain - manual review

UYH version rule-based gl TehdT &1 31T Tcieh I8 ML-based g IehdT 21

18. Training Strategy

Phase 1: Build the Analyzer
a8 Al model &I 3masgehar 8t Scripts:

frame extraction
quality scoring
face detection

face tracking

bad-span detection

mask generation

repair queue generation

Outputs:

frames.csv
face_tracks.json
bad_spans.json
repair_queue.json

Phase 2: Build the Dataset

Training pairs & |idl ¥ a4

clean videos

restored films

good frames from old films
synthetically degraded versions
face crops

actor reference banks

Phase 3: Train a Small Temporal Restorer

5-frame input
current-frame output

256 or 384 pixel patches
mixed precision training

Phase 4: Train Face Identity Repair

face crops

identity embeddings




neighbouring face crops
reference faces

temporal consistency

Phase 5: Build Workflow Interface

ComfyUI a1 9 node-based interface @7 39alT manual testing, mask-based repair,
face patch experiments, visual inspection 3R custom restoration nodes & ferd fohan
ST ehdT g1 Serious training PyTorch 3f¢ & gl

19. Possible ComfyUI Custom Nodes

VideoRepair Frame Analyzer
VideoRepair Bad Span Loader
VideoRepair Mask Generator
VideoRepair Frame Restore
VideoRepair Face Patch
VideoRepair Mask Blend
VideoRepair Repair Queue Loader
VideoRepair Reassemble Frames

Example ComfyUI inference idea:

Load bad frame

Load previous good frame

Load next good frame

Load degradation mask

Load optional face reference

Run VideoRepair model

Blend repaired output with original
Save repaired frame

20. Example FFmpeg Commands

Extract frames:

\ ffmpeg -i input.mp4 frames/%06d.png

Extract audio:

ffmpeg -i input.mp4 -vn -c:a copy input_audio.m4a

Reassemble frames:



ffmpeg -framerate 30000/1001 -i repaired/%@6d.png -i input_audio.mda \

-c:Vv h264_nvenc -rc cbr -b:v 20000k -maxrate 20000k -bufsize 40000k \
-c:a aac -b:a 192k output.mp4

Actual commands @t source frame rate, resolution, codec 3R audio format & 3aR

e g

21. Evaluation Metrics

hae? PSNR a1 SSIM gafe Fgt | Suaift metrics:

LPIPS perceptual distance temporal flicker score optical-flow consistency
edge stability noise stability ArcFace identity distance landmark stability

manual visual inspection

Sif<aw ust ag 7@l g & frame 31fAak sharp g a1 =gl U2t gg & 6 o agt aafaea g,
expression Rf&Ad 8, movement @I §, 3R repair JTHU & frames &
goAd-fAean g1

22. Practical First Goal

gl IuA version fahdt a8 model &t train fopd fam off 59 gapar 8:

scan a video
find degraded frames
find bad small faces

generate masks
create a repair queue
allow manual or semi-automatic repair

g 37chell I old-film restoration H Sgd THY AT Hehd &

23. Long-Term Goal

<Iechifereh @& trainable restoration system g:

current-frame anchored
neighbour-guided

mask-controlled




identity-aware
temporally consistent

gg system existing video restoration tools &I e giT i Workflow:

global restoration/upscale with existing tool
-~ detect remaining bad frames/faces

- selective VideoRepair pass
-~ final encoding

24. Why This Project Matters

Old films Ti¥pfaer wfd &1 Bad Al restoration film @t 3ifdes sharp sHTeRR t faces,
expressions 3R historical texture @ HIF U ¥ S&d 9hdT g1 g8 restoration g,
replacement g1

VideoRepair @ g

restore what is damaged
preserve what is real

do not beautify unnecessarily
do not change identity
do not redraw the whole frame unless unavoidable

25. Final Summary

VideoRepair 7R Al video restoration g proposed open project &1 38T =g faar
g

Do not blindly regenerate every frame.
Measure degradation.
Repair only abnormal frames or regions.

Use the damaged current frame as anchor.

Use adjacent good frames as guidance.

Use identity references for faces.

Preserve motion, expression, timing, and identity.

gg uRRAtSHT weeks a1 months & Tahdt €, TR g present Al video restoration &l T St
geicTdT ohl @187 el & - small-face identity drift 3R old videos & short-span frame
damage.

St @ old-film restoration, Al video repair, ComfyUI workflows, PyTorch
restoration models, AT identity-preserving restoration # 3 ¥@d g, d 59 foarR &t
31 ST Yahd 8



English Reference Version

VideoRepair: A Proposed Open AI Project for
Repairing Bad Frames, Small Faces, and Short
Degraded Spans in Old Videos

Old films and low-quality videos often contain problems that ordinary Al video
upscalers do not solve reliably.

Modern video restoration tools can improve a whole video dramatically. They can
reduce noise, improve sharpness, repair blur, enhance contrast, and sometimes
generate impressive missing detail. But they often fail in one very important case:
small faces in low-quality video.

When a face is too small or badly damaged, the model has too little real
information. It may generate a sharper face, but not the correct face. The actor’s
identity may change. This is unacceptable for serious restoration.

| 1. Core Idea

VideoRepair should not blindly enhance every frame. The better method is:

measure degradation frame by frame
detect frames or short spans that are worse than nearby frames
repair only those frames or regions

use the degraded current frame as the main anchor
use adjacent good frames as guidance
preserve identity, expression, pose, motion, and timing

In simple words: Do not invent a new frame. Repair the damaged frame using
itself and its better neighbouring frames.

The degraded frame must remain the structural authority. It contains the correct
pose, mouth shape, hand position, eye direction, lighting, camera angle, and exact
timing. Adjacent frames should guide restoration, not replace the damaged frame.



| 2. Why Whole-Video Restoration Is Not Enough

Different frames suffer from different problems:

* some are only soft

* some have scratches

* some have flicker

* some have compression damage
* some have blurred faces

* some have one or two very bad frames inside an otherwise good scene

A uniform model may improve the average frame but damage identity in difficult
cases.

Frame / Region Condition VideoRepair Action

good frame leave unchanged

mildly degraded frame mild correction

local scratch/dirt local patch repair

bad small face identity-preserving face repair
severely damaged frame neighbour-guided frame repair

| 3. Main Restoration Formula

current degraded frame

previous good frame

next good frame

degradation mask

face/reference identity data, if needed

F_t_restored

The model should preserve good areas, repair damaged areas, use adjacent
frames for missing detail, use face references to preserve identity, and avoid
changing pose, expression, motion, or actor identity.

| 4. Degradation Measurement

The first part of VideoRepair is not generation. It is diagnosis. Each frame should
be scored for blur, noise, grain instability, brightness flicker, contrast loss,



compression artifacts, scratches or dirt, temporal inconsistency, and optical-flow
prediction error.

For faces, additional measurements are needed: face size, face blur, face detector
confidence, landmark confidence, identity embedding stability, and identity drift
compared with neighbouring frames.

The key is local comparison. A frame should not be judged against the whole film
average. It should be judged against nearby frames inside the same shot.
Therefore the system should use shot-local statistics, rolling median, local
degradation score, motion-aware comparison, and optical-flow-guided prediction.

| 5. Degradation Masks

Mask Value Meaning

0.0 do not change this region

0.2 mild correction allowed

0.5 moderate correction allowed

0.8 strong correction allowed

1.0 severely damaged region, inpaint/regenerate allowed

| 6. Proposed Software Modules

—_—

. Frame Analyzer

. Face Analyzer

. Bad-Span Detector

. Degradation Mask Generator

. Dataset Builder

. Global Temporal Frame Restorer
. Face Identity Restorer

. Local Scratch/Damage Restorer

. Repair Selector / Mixture of Experts

O VW 00 N oo U M WN

—

. ComfyUI or similar workflow bridge



| 7. Suggested Folder Structure

VideoRepair/

— README.md
requirements. txt
environment.yml
configs/

outputs/
comfyui_nodes/
docs/

[TTTTTTTTT

Large frame datasets should not be placed on the system drive. Long videos
converted to PNG frames can consume hundreds of gigabytes.

| 8. Suggested Python Environment

conda create -n videorepair python=3.10

conda activate videorepair

Possible components: Python 3.10 or 3.11, PyTorch with CUDA, OpenCV, FFmpeg,
NumPy, Pandas, scikit-image, tqdm, LPIPS, BasicSR or a similar restoration
framework, InsightFace, facexlib, TensorBoard or Weights & Biases.

| 9. Hardware and VRAM Requirements

Tier Use VRAM RAM Storage
Tier Analysis only 4-8 GB useful 16-32 GB 100 GB+

1

Tier ComfyUI manual repair / small 8-12 GB minimum; 16 GB 32GB 200-500 GB
2 face patches recommended

Tier Serious face identity repair 16 GB minimum; 24 GB 64 GB 500 GB -2
3 recommended B

Tier Global temporal video restoration = 24 GB minimum; 48 GB+ 64-128 GB  2-6 TB

4 training recommended NVMe

Tier = Advanced research training 48-96 GB recommended 128-256 4-12TB

5 GB NVMe



| 10. Storage Requirements

Task Estimated Storage

Short tests 100-300 GB
One film with extracted PNG frames 200GB-1TB
Multiple films / training dataset 2-8TB

Large research dataset 8 TB or more

| 11. Modules and Training

The Frame Analyzer should output frames.csy, face_tracks.json, bad_spans.json,
and repair_queue.json. The Face Analyzer should measure face size, blur, landmark
confidence, identity embedding, identity drift, and track stability.

The Dataset Builder should create training pairs: degraded current frame, previous
good frame, next good frame, degradation mask, and target clean frame. For
faces, it should store bad face crop, previous/next face crops, best reference face
crop, target better face crop, and actor identity label.

The Global Temporal Frame Restorer should restore one damaged frame using the
damaged frame and neighbouring frames. It should work as a residual repair
system: restored frame = bad frame + learned correction.

The Face Identity Restorer should use current bad face, adjacent good faces,
reference face bank of the same actor/person, identity embedding loss, and
temporal consistency. The goal is faithfulness, not beautification.

The Local Damage Restorer should repair scratches, dirt spots, stains, and local
defects using local masks, neighbouring frames, motion alignment, inpainting,
and patch blending.

| 12. Training Strategy

1. Phase 1: Build the Analyzer.
2. Phase 2: Build the Dataset.

3. Phase 3: Train a small temporal restorer with 5-frame input and current-
frame output.

4. Phase 4: Train face identity repair using face crops, identity embeddings,
neighbouring face crops, reference faces, and temporal consistency.



5. Phase 5: Build workflow interface, possibly with ComfyUI custom nodes.

| 13. Possible ComfyUI Custom Nodes

VideoRepair Frame Analyzer
VideoRepair Bad Span Loader
VideoRepair Mask Generator
VideoRepair Frame Restore

VideoRepair Face Patch
VideoRepair Mask Blend
VideoRepair Repair Queue Loader
VideoRepair Reassemble Frames

| 14. Example FFmpeg Commands

ffmpeg -i input.mp4 frames/%@6d.png
ffmpeg -i input.mp4 -vn -c:a copy input_audio.m4a

ffmpeg -framerate 30000/1001 -i repaired/%@6d.png -i input_audio.mda \
-c:v h264_nvenc -rc cbr -b:v 20000k -maxrate 20000k -bufsize 40000k \
-c:a aac -b:a 192k output.mp4

| 15. Evaluation Metrics

Do not rely only on PSNR or SSIM. Useful metrics include LPIPS, perceptual
distance, temporal flicker score, optical-flow consistency, edge stability, noise
stability, ArcFace identity distance, landmark stability, and manual visual
inspection.

The final question should not be “Is the frame sharper?” but: Is it the same person?
Is the expression preserved? Is the movement natural? Does the repair blend with
surrounding frames? Does it avoid plastic/artificial texture?

| 16. Practical First Goal and Long-Term Goal

The first useful version of VideoRepair need not train a large model. It can scan a
video, find degraded frames, find bad small faces, generate masks, create a repair
queue, and allow manual or semi-automatic repair.

The long-term goal is a trainable restoration system that is current-frame
anchored, neighbour-guided, mask-controlled, identity-aware, and temporally
consistent.



| 17. Final Summary

VideoRepair is a proposed open project for serious Al video restoration. Its central
idea is: do not blindly regenerate every frame; measure degradation; repair only
abnormal frames or regions; use the damaged current frame as anchor; use
adjacent good frames as guidance; use identity references for faces; preserve
motion, expression, timing, and identity.
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