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Abstract

This thesis grew out of a personal frustration. While trying to build a custom 3D model for
a side project, | hit the wall every non-expert hits: tools like Blender take months to learn,
and | never got comfortable with them, while Al generators such as Meshy returned a model
in seconds but o ered no real way to change it. When the result was close but not quite right,
the only option was to start over, which is not how | wanted to work.

This thesis explores whether generative Al can instead be used to edit an existing 3D model in
controlled steps, without losing the parts of the model the user wanted to keep. The proposed
system asks the user to sketch on a chosen view of the model and to describe the intended
change in a short prompt. From this input, a few candidate images are generated so the user
can pick the one that best matches their idea. That image is then turned into a 3D version of
the edit, which the system merges into the original mesh. The merging step, called ASMR-3D,
is the technical heart of the thesis: it gures out which region was actually changed, rebuilds
only that region with selective remeshing, and keeps every other vertex exactly where it was,
while blending the two regions.

The system was tested in a user study with fourteen participants, none of whom had ever used
a 3D editing tool before. The merged meshes preserved the original geometry roughly twenty-
seven times more faithfully than a full regeneration, and the User Experience Questionnaire
placed the system in the Excellent band on ve of its six scales. All participants said they
would use it again. The main weaknesses that remain are the retexturing step and the interface
for adjusting the edited region.
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Summary

Motivation

The starting point of this thesis was a personal frustration. While working on a side project, |
wanted to create a custom 3D model and quickly ran into the same wall that every non-expert
hits. Professional tools such as Blender or Maya require months of training and a serious artistic
background. 1 tried to learn Blender myself and never got comfortable with it: the interface,
the modeling concepts, and the sheer number of operations involved made even simple objects
feel out of reach. To avoid that learning curve, | turned to modern Al tools such as Meshy,
which can generate a 3D model from a short text prompt or a single image. These tools were
much easier to use, but they had a di erent problem: | felt | had almost no control over what
came out. When the result was close to what | wanted but not quite right, there was no real
way to tweak it. The only option was to change the prompt and hope the next regeneration
would be better. This is the opposite of how designers actually work, which is in small, iterative
steps where each version builds on the previous one.

This thesis attacks that gap from a non-expert point of view. The central question is whether
generative Al can be used to edit an existing 3D model in controlled steps, while keeping every
part of the model that the user did not want to change exactly as it was. The work splits
this question into two concrete challenges. The rst is giving the user more direct control over
what the edit should look like, beyond what a single text prompt can express. The second is
preserving the original geometry of the model, so that the parts of the model that should not
change are not a ected by the edit.

Proposed pipeline

The proposed system is built as a pipeline that the user goes through once per edit. The
pipeline can be used repeatedly to apply several edits in a row to the same model. It is divided
into two parts.

The rst part of the pipeline gathers user input and produces a new 3D model that re ects the
requested edit. It starts with the user uploading an existing 3D model, rotating it to choose a
viewpoint, and drawing a sketch in magenta on top of that view. Three brushes are available:
a draw brush to mark what should be added, a hide brush to mark what should be removed,
and an erase brush to erase the sketch. Once the sketch is done, the user writes a short text
prompt that describes the intended change. A language model (Gemini) checks the prompt,
asks one clarifying question if needed, and rewrites it into a clearer, more precise version. The
user can also attach an optional reference image to communicate visual style or shape.

These inputs are then sent to an image-editing model that produces four edited candidate images
in parallel. This intermediate visual feedback is important: it lets the user see roughly what
the nal result will look like before any 3D processing happens. The user picks the candidate
that ts best and can optionally re ne it with another sketch and prompt. The chosen image
is then expanded into a four-view multiview (front, left, right, and back) that preserves the
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look of the edit from every angle. Finally, this multiview is passed to the Meshy service, which
produces a new 3D model that re ects the edit. At this point, the user could already stop and
keep this generated model, but its geometry does not match the original mesh exactly: it has
di erent vertex positions, slightly di erent proportions, and a di erent topology. The second
part of the pipeline xes this.

ASMR-3D: Alignment, Selection, Mesh Reconstruction

The second part of the pipeline, called ASMR-3D, is the core technical contribution of this
thesis. It takes the original mesh and the generated mesh and merges them into a single
output, keeping the original geometry intact everywhere except in the region the user wanted
to change. ASMR-3D consists of three main steps.

The rst step is alignment. The original mesh and the generated mesh use di erent coordinate
systems, so they have to be brought into the same frame before they can be merged. Two
alignment methods are exposed to the user. The rst method works directly on the 3D geometry:
it samples both meshes as point clouds, computes local descriptors, nds a rough match using
RANSAC, re nes this with a closed-form similarity transform, and nishes with point-to-plane
ICP. The second method works on the multiview images instead: it extracts silhouettes from
both renders, calibrates a pixels-per-world ruler from the original mesh, and uses bounding-box
di erences to estimate the rotation and translation that bring the edit into place. The two
methods cover di erent failure modes, so the user is shown both results and picks the one that
looks best.

The second step decides which part of the mesh should be edited. Rather than asking the user
to paint the region by hand, an automatic edit mask is computed through a voting system that
combines three independent cues. The rst cue is geometric: vertices on the edited mesh that
lie far from the original surface are marked as di erent. The second cue is image-based: the
system compares the original render with the chosen edited image and projects the di erence,
together with the user’s sketch, back onto the mesh through the calibrated camera. The third
cue is multiview: the same comparison is repeated for each of the four multiview panels, and
each panel casts a vote for the vertices it considers changed. The geometric cue is worth one
vote, the image-di erence cue one vote, and the multiview cue two votes (if a vertex is hit in at
least two of the four views). Vertices with at least three votes are kept. Two post-processing
steps are then used to expand the selection along the mesh surface and remove small, unrelated
clusters. The remaining vertices are grouped into a small set of editable spheres using k-means
and Ritter’s bounding sphere algorithm. The user can move, resize, add, or remove these
spheres in case the automatic mask was not perfect. A separate hide mask, drawn on a single
view, can be used to remove parts of the original mesh.

The third step actually merges the two meshes. Cutting both meshes along the boundary
and welding them together does not work because the two boundaries have di erent shapes
and vertex densities. Instead, the system builds a hybrid initial mesh: vertices inside the edit
region are taken from the generated mesh, and vertices outside are taken from the original. A
custom hole- lling algorithm bridges the small gap between the two regions with a zigzag stitch
that connects vertices on opposite sides. This initial mesh is then improved using selective
continuous remeshing, inspired by the work of Pal nger [Pal nger, 2022]. The system renders
a Poisson-blended reference mesh (inspired by CraftMesh [Jincheng et al., 2026]) from several
camera angles, and gradually deforms the working mesh so that its rendered normals and
silhouettes match those of the reference. Two mechanisms ensure that the original vertices stay
exactly where they were: an anchor loss with a very high weight, and explicit gradient masking
that zeroes out the gradient on every vertex outside an expanded edit mask. A thin transition
zone is allowed to relax slightly around the boundary, which is what makes the seam practically
invisible. A user-controlled smoothing factor per region and a remeshing schedule that matches
the target edge length to the surrounding mesh density complete the step.



After the geometry is merged, the model is retextured. In the current implementation, the front
and back views of the edited multiview are sent back to Meshy together with the merged mesh,
which returns a new textured version. This step is the only place where the system does not
yet fully respect the geometry-preservation rule: the texture of the entire model is regenerated
rather than only the edited region.

Evaluation

The system was evaluated through a within-subjects user study with fourteen participants.
Each participant performed two editing tasks. The rst task was guided: every participant was
asked to replace the head of the same character mesh with a goblin head, using a reference
image. The second task was free: participants chose any 3D model they liked from the Meshy
catalog and proposed any edit they wanted. Two pilot sessions were used to re ne the protocol
before the real sessions started.

The evaluation collected three kinds of data. Quantitative metrics were computed automatically
for each stage of the pipeline, covering image delity, image diversity, generated-mesh similarity,
alignment quality, edit-mask precision and recall, topological cleanliness of the merged mesh,
and preservation of the original vertices. Subjective ratings were collected through a per-
stage Likert questionnaire, the standard User Experience Questionnaire (UEQ), and free-text
remarks.

Results

The results support the goals set out at the start of the thesis. On the input side, every
participant accepted the prompt rewritten by the language model over the one they had typed
themselves, and Likert ratings for the sketching and prompting interface were uniformly positive,
with a clear learning e ect between the rst and the second task. The image-editing model
produced candidates that preserve the original render outside the sketched region with very
small pixel di erences.

On the geometric side, both alignment methods produced good results, with the ICP-based
method chosen in eleven out of fourteen free trials and the image-based method preferred
in the remaining three, con rming that both methods are useful. The automatic edit mask
consistently landed on the right part of the model: when participants did adjust it, they almost
always extended the selection a little rather than removing what the algorithm had picked,
which suggests the mask is a reliable starting point that the user can ne-tune rather than
rebuild. The merged mesh preserved the original vertices outside the edit region with an
anchor surface error of about 0:0017 on a unit bounding box, which is roughly twenty-seven
times more accurate than what a full regeneration with Meshy produces. The merged mesh
also matched the average edge length of the original input, which is what makes the transition
practically visually invisible.

On the user side, the User Experience Questionnaire reached the Excellent band on ve of the
six scales and the Good band on the sixth (Perspicuity, just below the Excellent threshold). All
fourteen participants said they would use the system again and recommend it, with ratings of
four or ve out of ve. Free-text remarks were dominated by positive comments about creative
freedom and ease of use, with one recurring complaint about the sphere-based interface for
editing the automatic mask.

Limitations and future work

The current system is best understood as a high-level prototype. The most important limita-
tion is the retexturing step, which regenerates the entire texture rather than only the edited
region. A second limitation is that the hole- lling step occasionally introduces backward-facing



triangles, which appear as non-manifold edges in some merged meshes. A third limitation is
that the sphere-based interface for editing the automatic mask was the part of the system that
participants liked least, even though the modi cations they actually made were small. The
pipeline also depends on external generative services (Gemini and Meshy) and inherits their
limitations.

The most promising directions for future work follow from these limitations. The retexturing
step could be redesigned to blend a freshly generated texture into the original one only along the
edit boundary, using Poisson blending in texture space. The hole- lling step could be replaced
by starting the optimization from a watertight initial mesh. The edit-mask interface could be
replaced by a more direct interaction, such as painting the region on a 2D view or on the model
itself. Higher- delity multiview editors and inverse-rendering-based 3D generators would also
make every downstream stage more reliable.

Conclusion

This thesis shows that generative Al can be used to edit existing 3D models in a controlled, step-
by-step way without losing the original geometry. The proposed pipeline combines multimodal
input with a region-based selective remeshing method that explicitly preserves the vertices the
user did not want to change. The user study supports the central claims: the system is usable
by people with no 3D-modeling background, it preserves the original geometry to a degree
that a lot of comparable tools can not reach, and it received uniformly positive ratings from
the participants who used it. Although several stages still have clear room for improvement,
the work demonstrates that ne-grained user control and exact preservation of the original
model can be treated as rst-class requirements rather than as afterthoughts in generative 3D
editing.



Samenvatting

Motivatie

Het startpunt van deze thesis was een persoonlijke frustratie. Tijdens het werken aan een
project wilde ik een eigen 3D-model maken en liep ik al snel tegen dezelfde muur als elke niet-
expert. Professionele tools zoals Blender of Maya vergen vaak maanden aan training en een
serieuze artistieke achtergrond. Ik heb zelf geprobeerd om Blender te leren en raakte er nooit
echt vertrouwd mee: de interface, de modelleerconcepten en het enorme aantal bewerkingen
maakten dat zelfs eenvoudige objecten onbereikbaar aanvoelden. Om die leercurve te vermijden,
schakelde ik over op moderne Al-tools zoals Meshy, die een 3D-model kunnen genereren op
basis van een korte tekstprompt of een enkele afbeelding. Deze tools waren veel makkelijker in
gebruik, maar hadden een ander probleem: ik had het gevoel dat ik bijna geen controle had
over wat eruit kwam. Wanneer het resultaat dicht in de buurt kwam van wat ik wilde, maar
net niet helemaal juist was, was er geen echte manier om het aan te passen. De enige optie
was om de prompt aan te passen en te hopen dat de volgende generatie beter zou zijn. Dit is
het tegenovergestelde van hoe ontwerpers in de praktijk werken, namelijk in kleine, iteratieve
stappen waarbij elke versie voortbouwt op de vorige.

Deze thesis pakt dit probleem aan vanuit het standpunt van een niet-expert. De centrale vraag
is of generatieve Al gebruikt kan worden om een bestaand 3D-model in gecontroleerde stappen
te bewerken, terwijl elk deel van het model dat de gebruiker niet wou veranderen exact zo blijft.
Het werk splitst deze vraag op in twee concrete uitdagingen. De eerste is om de gebruiker meer
directe controle te geven over hoe de bewerking eruit moet zien, verder dan wat een enkele
tekstprompt kan uitdrukken. De tweede is om de oorspronkelijke geometrie van het model te
behouden, zodat de delen van het model die niet mogen veranderen ook niet be nvloed worden
door de bewerking.

Voorgestelde pipeline

Het voorgestelde systeem is opgebouwd als een pipeline die de gebruiker per bewerking een
keer doorloopt. De pipeline kan herhaaldelijk gebruikt worden om verschillende bewerkingen
na elkaar toe te passen op hetzelfde model. Ze is opgedeeld in twee delen.

Het eerste deel van de pipeline verzamelt de input van de gebruiker en produceert een nieuw
3D-model dat de gevraagde bewerking weergeeft. Het start met de gebruiker die een bestaand
3D-model uploadt; het roteert om een \view" te kiezen en een schets in magenta tekent
bovenop dat aanzicht. Er zijn drie penselen beschikbaar: een tekenpenseel om aan te geven wat
toegevoegd moet worden, een verbergpenseel om aan te geven wat verwijderd moet worden,
en een gumpenseel om enkel de schetsen te verbergen. Zodra de schets klaar is, schrijft de
gebruiker een korte tekstprompt die de verandering beschrijft. Een taalmodel (Gemini) con-
troleert de prompt, stelt indien nodig een verduidelijkende vraag en herschrijft hem tot een
duidelijkere, preciezere versie. De gebruiker kan ook optioneel een referentiebeeld toevoegen
om meer context te geven.



Deze inputs worden vervolgens naar een generatief Al-model gestuurd dat vier bewerkte kan-
didaatafbeeldingen produceert. Deze tussentijdse visuele feedback is belangrijk: ze laat de
gebruiker grofweg zien hoe het eindresultaat eruit zal zien voor er enige 3D-verwerking gebeurt.
De gebruiker kiest de kandidaat die het best past en kan deze optioneel verder ver jnen met
een nieuwe schets en prompt. Het gekozen beeld wordt vervolgens uitgebreid naar een multi-
view met vier aanzichten (voor, links, rechts en achter), die de uitstraling van de bewerking
vanuit elke hoek behoudt. Tot slot wordt deze multiview doorgegeven aan de Meshy-service,
die een nieuw 3D-model produceert dat de bewerking weergeeft. Op dit punt zou de gebruiker
al kunnen stoppen en dit gegenereerde model behouden, maar de geometrie ervan komt niet
exact overeen met de originele mesh: ze heeft andere vertexposities, andere proporties en een
andere topologie. Het tweede deel van de pipeline lost dit op.

ASMR-3D: Alignment, Selection, Mesh Reconstruction

Het tweede deel van de pipeline, genaamd ASMR-3D, is de centrale technische bijdrage van
deze thesis. Het neemt de originele mesh en de gegenereerde mesh en verbindt ze tot een enkele
output, waarbij de originele geometrie intact blijft, behalve in de regio die de gebruiker wou
veranderen. ASMR-3D bestaat uit drie hoofdstappen.

De eerste stap is alignment. De originele mesh en de gegenereerde mesh gebruiken verschillende
coordinatenstelsels, dus moeten ze in hetzelfde referentiekader gebracht worden voor ze kunnen
worden samengevoegd. Twee alignmentmethoden worden aan de gebruiker aangeboden. De
eerste methode werkt rechtstreeks op de 3D-geometrie: ze samplet beide meshes als punten-
wolken, berekent lokale descriptoren, vindt een ruwe overeenkomst met behulp van RANSAC en
eindigt met point-to-plane ICP. De tweede methode werkt in plaats daarvan op de multiview-
beelden: ze extraheert silhouetten uit beide renders, kalibreert een pixels-per-wereld-liniaal
vanuit de originele mesh en gebruikt verschillen in bounding boxes om de rotatie en translatie
te schatten die de bewerking op zijn plaats brengt. De twee methoden dekken verschillende
gebreken af, dus krijgt de gebruiker beide resultaten te zien en kiest hij degene die er het best
uitziet.

De tweede stap beslist welk deel van de mesh bewerkt moet worden. In plaats van de gebruiker
te vragen om de regio met de hand in te tekenen, wordt een automatisch editmask berekend
via een stemsysteem dat drie onafhankelijke aanwijzingen combineert. De eerste aanwijzing is
geometrisch: vertices op de bewerkte mesh die ver van het originele oppervlak liggen, worden
als verschillend gemarkeerd. De tweede aanwijzing is beeldgebaseerd: het systeem vergelijkt
de originele render met het gekozen bewerkte beeld en projecteert het verschil, samen met de
schets van de gebruiker, terug op de mesh via de gekalibreerde camera. De derde aanwijzing is
multiview: dezelfde vergelijking wordt herhaald voor elk van de vier multiview-panelen, en elk
paneel brengt een stem uit voor de vertices die het als veranderd beschouwt. De geometrische
aanwijzing is een stem waard, de beeldverschil-aanwijzing een stem en de multiview-aanwijzing
twee stemmen (als een vertex in minstens twee van de vier aanzichten geraakt wordt). Vertices
met minstens drie stemmen worden behouden. Twee nabewerkingsstappen worden vervolgens
gebruikt om de selectie uit te breiden langs het mesh-opperviak en kleine, niet-gerelateerde
clusters te verwijderen. De overblijvende vertices worden gegroepeerd in een kleine verzameling
bewerkbare bollen via k-means en Ritter’s bounding sphere-algoritme. De gebruiker kan deze
bollen verplaatsen, vergroten, toevoegen of verwijderen voor het geval dat het automatische
masker niet perfect was. Een aparte hide mask, getekend op een enkel aanzicht, kan gebruikt
worden om delen van de originele mesh te verwijderen.

De derde stap voegt de twee meshes e ectief samen. De twee meshes langs de grens doorsnijden
en aan elkaar lassen werkt niet, omdat de twee grenzen verschillende vormen en vertexdichthe-
den hebben. In plaats daarvan bouwt het systeem een hybride initiele mesh: vertices binnen
de bewerkingsregio worden uit de gegenereerde mesh genomen, en vertices erbuiten uit de orig-
inele. Een eigen ontwikkeld algoritme voor gatvulling overbrugt de kleine Kloof tussen de twee
regio’s met een zigzagstiksel dat vertices aan tegenovergestelde zijden verbindt. Deze initiele
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mesh wordt vervolgens verbeterd met behulp van selectieve continuous remeshing, ge nspireerd
op het werk van Pal nger [Pal nger, 2022]. Het systeem rendert een Poisson-geblendde ref-
erentiemesh (ge nspireerd op CraftMesh [Jincheng et al., 2026]) vanuit verschillende camera-
hoeken en vervormt de werkende mesh geleidelijk zodat haar gerenderde normalen en silhouetten
overeenkomen met die van de referentie. Twee mechanismen zorgen ervoor dat de originele ver-
tices precies blijven waar ze waren: een anchor loss met een zeer hoog gewicht en expliciete
gradient masking die de gradient op elke vertex buiten een uitgebreid edit mask op nul zet.
Een dunne transitiezone mag licht ontspannen rond de grens, en dat is wat de naad prak-
tisch onzichtbaar maakt. Een door de gebruiker instelbare smoothing-factor per regio en een
remeshing-schedule dat de doelranglengte afstemt op de omliggende mesh-dichtheid maken de
stap compleet.

Nadat de geometrie samengevoegd is, wordt het model van een nieuwe tekstuur voorzien. In de
huidige implementatie worden de voor- en achteraanzichten van de bewerkte multiview samen
met de samengevoegde mesh teruggestuurd naar Meshy, dat een nieuwe getextureerde versie
teruggeeft. Deze stap is de enige plaats waar het systeem de regel van geometriebehoud nog
niet volledig respecteert: de textuur van het volledige model wordt opnieuw gegenereerd in
plaats van enkel die van de bewerkte regio.

Evaluatie

Het systeem werd geevalueerd via een within-subjects-gebruikersstudie met veertien deelnemers.
Elke deelnemer voerde twee bewerkingstaken uit. De eerste taak was gestuurd: elke deelnemer
kreeg de opdracht om het hoofd van dezelfde personage-mesh te vervangen door een goblinhoofd,
met behulp van een referentieafbeelding. De tweede taak was vrij: deelnemers kozen om het
even welk 3D-model dat ze leuk vonden uit de Meshy-catalogus en stelden om het even welke
bewerking voor die ze wilden. Twee pilootsessies werden gebruikt om het protocol te ver jnen
voordat de echte sessies begonnen.

De evaluatie verzamelde drie soorten data. Kwantitatieve metrieken werden automatisch berek-
end voor elke fase van de pipeline en dekten beeld deliteit, beelddiversiteit, gelijkenis van de
gegenereerde mesh, alignmentkwaliteit, precisie en recall van het edit mask, topologische zuiv-
erheid van de samengevoegde mesh en het behoud van de originele vertices. Subjectieve beo-
ordelingen werden verzameld via een Likert-vragenlijst per fase, de standaard User Experience
Questionnaire (UEQ) en vrije tekstvelden.

Resultaten

De resultaten ondersteunen de doelen die aan het begin van de thesis werden vooropgesteld.
Aan de invoerkant accepteerde elke deelnemer de door het taalmodel herschreven prompt boven
de prompt die ze zelf hadden getypt, en de Likert-scores voor de schets- en prompt-interface
waren over de hele lijn positief, met een duidelijk leere ect tussen de eerste en de tweede taak.
Het beeldbewerkingsmodel produceerde kandidaten die de originele render buiten de geschetste
regio behouden met zeer kleine pixelverschillen.

Aan de geometrische kant leverden beide alignmentmethoden goede resultaten op, waarbij de
op ICP gebaseerde methode in elf van de veertien vrije trials werd gekozen en de op beelden
gebaseerde methode in de overige drie de voorkeur kreeg, wat bevestigt dat beide methoden
nuttig zijn. Het automatische editmask landde consistent op het juiste deel van het model:
wanneer deelnemers het wel aanpasten, breidden ze de selectie bijna altijd lichtjes uit in plaats
van te verwijderen wat het algoritme had gekozen, wat suggereert dat het masker een betrouw-
baar startpunt is dat de gebruiker kan bijschaven in plaats van opnieuw op te bouwen. De
samengevoegde mesh behield de originele vertices buiten de bewerkingsregio met een anchor
surface error van ongeveer 0:0017 op een unit bounding box, wat ruwweg zevenentwintig keer
nauwkeuriger is dan wat een volledige regeneratie met Meshy oplevert. De samengevoegde
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mesh had ook ongeveer dezelfde gemiddelde randlengte als de originele invoer, en dat is wat de
overgang visueel praktisch onzichtbaar maakt.

Aan de gebruikerskant bereikte de User Experience Questionnaire de Excellent-band op vijf van
de zes schalen en de Good-band op de zesde (Perspicuity, net onder de Excellent-drempel). Alle
veertien deelnemers gaven aan dat ze het systeem opnieuw zouden gebruiken en aanbevelen,
met beoordelingen van vier of vijf op vijf. De vrije opmerkingen werden gedomineerd door
positieve commentaren over creatieve vrijheid en gebruiksgemak, met een terugkerende klacht
over de op bollen gebaseerde interface om het automatische masker te bewerken.

Beperkingen en toekomstig werk

Het huidige systeem kan het best begrepen worden als een hoogniveauprototype. De belan-
grijkste beperking is de hertexturingstap, die de volledige textuur opnieuw genereert in plaats
van enkel de bewerkte regio. Een tweede beperking is dat de gatvullingsstap af en toe achter-
waartsgerichte driehoeken introduceert, die in sommige samengevoegde meshes verschijnen als
non-manifold edges. Een derde beperking is dat de op bollen gebaseerde interface voor het bew-
erken van het automatische masker het deel van het systeem was dat deelnemers het minst leuk
vonden, hoewel de aanpassingen die ze daadwerkelijk maakten klein waren. De pipeline is ook
afhankelijk van externe generatieve diensten (Gemini en Meshy) en erft hun beperkingen.

De meest beloftevolle richtingen voor toekomstig werk volgen uit deze beperkingen. De hertex-
turingstap zou herontworpen kunnen worden om een nieuw gegenereerde textuur enkel langs
de bewerkingsgrens in de originele textuur te blenden, met behulp van Poisson-blending in
de textuurruimte. De gatvullingsstap zou vervangen kunnen worden door de optimalisatie te
starten vanaf een watertight initiele mesh. De edit mask interface zou vervangen kunnen worden
door een meer directe interactie, bijvoorbeeld door de regio rechtstreeks op een 2D-aanzicht of
op het model zelf te schilderen. Multiview-editors met hogere deliteit en op inverse rendering
gebaseerde 3D-generatoren zouden ook elke daaropvolgende fase betrouwbaarder maken.

Conclusie

Deze thesis toont aan dat generatieve Al gebruikt kan worden om bestaande 3D-modellen
op een gecontroleerde, stapsgewijze manier te bewerken zonder de originele geometrie te ver-
liezen. De voorgestelde pipeline combineert multimodale invoer met een region-based selectieve
remeshingmethode die expliciet de vertices behoudt die de gebruiker niet wou veranderen. De
gebruikersstudie ondersteunt de centrale claims: het systeem is bruikbaar voor mensen zonder
3D-modelleerachtergrond, het behoudt de originele geometrie in een mate die veel vergelijkbare
tools niet kunnen bereiken en het kreeg over de hele lijn positieve beoordelingen van de deel-
nemers die het gebruikten. Hoewel verschillende fasen nog duidelijk ruimte voor verbetering
hebben, demonstreert het werk dat meer precieze gebruikerscontrole en exact behoud van het
originele model behandeld kunnen worden als eerste-klasvereisten in plaats van als extras in
generatieve 3D-bewerking.
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Chapter 1

Introduction

When working on a personal project, | (the author of this thesis) wanted to create a custom 3D
model, but found tools like Blender far too complex to learn. Instead, | turned to an automated
3D model generator named Meshy, only to nd that while it was easier to use, it o ered little
control over the result. Whenever the output was not quite right, there was no way to tweak
it: the entire model had to be regenerated from scratch. This frustration sparked the central
guestion of this thesis: Can we do better?

3D models play a vital role in a wide range of applications, including gaming, robotics simula-
tion, virtual and augmented reality, Im, and interactive entertainment [Jiang, 2024]. Despite
this ever-growing demand, creating custom 3D assets for speci ¢ objects remains remarkably
di cult. Manual modeling has been described as notoriously di cult and inherently requires
expertise [Cheng et al., 2023]. Tools such as Blender or Maya can assist designers, but using
them e ectively still demands familiarity with complex professional software, considerable artis-

tic skill, and substantial time investment, which makes the process hardly accessible to layman
users Pcal et al., 2024]. Producing even a single high-quality asset is a labor-intensive and
time-consuming process in which skilled designers must invest considerable e ort, making 3D

content creation one of the most resource-heavy parts of any modern visual pipeline [Jiang,
2024].

15
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Nowhere is this bottleneck more visible than in the entertainment industry, and in particular

in video game development. Visual assets typically consume the largest portion of a game's
production budget: 2D and 3D art alone can range from roughly $10,000 for small indie projects
to well over $500,000 for cinematic asset pipelines, while AAA titles routinely spend tens of
millions of dollars on modeling, texturing, rigging, and animation alone [Pixune Studios, 2026].
This high cost is driven directly by the same factors highlighted above: 3D artists require
specialized training, the work ow is slow and iterative, and each asset must be hand-crafted
to t a specic artistic direction. As a result, 3D content production has become one of the
dominant cost drivers not only in games, but also in Im, VR/AR experiences, and immersive
entertainment more broadly.

Over the years, several intermediate approaches have tried to relieve this burden. Studios buy
ready-made models from online asset stores or capture real objects through 3D scanning and
photogrammetry, but both options are restricted to what already exists. A more exible alter-
native is procedural content generation, where content is not modeled manually but produced
by an algorithm following a well-de ned procedure, with artists steering the result through
parameters [Hendrikx et al., 2013]. Familiar examples include the endless terrain of Minecraft
the trees grown by tools such as SpeedTrée or the planets of No Man's Sky. These meth-
ods work well for repetitive content like landscapes or foliage, but each generator has to be
hand-engineered for one speci ¢ category and o ers limited control over the visual style of an
individual object.

Generative 3D modeling and, in particular, di usion-based methods push this idea much
further. Intuitively, such a model is trained on huge collections of 3D shapes until it learns what
plausible objects look like; at generation time, it starts from pure random noise and gradually
denoises it, step by step, into a coherent shape that matches a text prompt or a reference
image. This makes it possible to produce a custom 3D model of almost any object directly
from a short description, drastically reducing the time, cost, and expertise required to obtain
usable 3D content [Jiang, 20240cal et al., 2024]. Di usion-based generative models facilitate
the automatic creation of complex 3D structures using minimal conditioning, such

as text or image prompts, thereby introducing new possibilities in model design and creative
work ows. [Poole et al., 2022, Lin et al., 2023, Cheng et al., 2023, Jincheng et al., 2026]

Systems such as DreamFusion [Poole et al., 2022], Magic3D [Lin et al., 2023], and SDFusion
[Cheng et al., 2023] show that combining di usion models with implicit 3D representations can
produce geometrically consistent and semantically rich 3D assets. Despite these advancements,
current 3D model generators still lack user control and editing capabilities. Most existing
approaches focus on one-shot model generation instead of supporting continuous, user-
guided re nement.

A fundamental problem of this one-shot generation paradigm is the limited alignment between
user intention and the nal output. Because these models rely on sparse conditioning signals,
typically text or a single reference image, the generated result is often an approximate interpre-
tation rather than an exact realization of the desired user design. Small changes in the prompts
can yield signi cantly di erent outputs, revealing the lack of control and predictability in the
generation process. [Brack et al., 2023] As a result, users have little to no ability to iteratively
change particular aspects of a model once it has been generated. Instead, modifying even minor
details often requires restarting the generation process from scratch, as current systems lack e -
cient mechanisms for localized or incremental editing, leading to unintended edits in non-target
areas. [Park et al., 2025] This limitation contrasts traditional design work ows, where itera-
tive adjustments and reuse of existing assets are essential to obtain precise and user-intended
results [Liang et al., 2025].

In this thesis, we attempt to address these problems by dividing them into two major chal-

Iwww.minecraft.net
2https://unity.com/products/speedtree
Shttps://www.nomanssky.com/
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Figure 1.1: Visualization of the biggest challenges in current generative 3D model
editing.

lenges. These are shown in Figure 1.1.

The initial challenge exists in the limitations of user control. Current systems mainly depend

on text prompts and/or reference images, giving users only indirect control over the design
and style of the generated models. While natural language provides an interface for conceptual
description, it falls short of accurately de ning spatial structure, proportions, or local geometry.
Recent studies have sought to address this by including additional conditioning methods, such
as sketches or geometric constraints. For example, SketchDream [Liu et al., 2024] and 3D Shape
Reconstruction from Free-Hand Sketches [Wang et al., 2022] incorporate sketch-based guidance
to generate models from 2D user input. Similarly, ShapeCrafter [Fu et al., 2023] enables iterative
text-based re nement. These techniques greatly enhance creative direction but are primarily
intended for creating entirely new 3D models rather than modifying or repurposing existing
ones.

A second challenge is the absence of e cient mechanisms for incorporating existing models

into the generative process. Most di usion-based frameworks start from noise or a latent prior,
making it di cult to integrate or partially preserve previously designed 3D assets. [Poole et al.,
2022] In professional design practice, however, reusability and iterative edits are fundamental.
Users often prefer to adapt existing geometry rather than regenerate it entirely. [Park et al.,
2025] Some recent works have begun addressing this issue. Instruct-NeRF2NeRF [Haque et al.,
2023] conditions NeRF optimization on textual editing instructions to modify existing scenes,
while CraftMesh [Jincheng et al., 2026] includes a framework that enables high delity mesh
manipulation via Poisson seamless fusion. However, these methods generally provide limited
creative exibility, as they are typically constrained to image and text prompts as conditioning
signals and do not preserve the exact geometry of the original model during editing (since they
often work with SDF).

This thesis proposes a fresh approach to user-guided generative 3D editing that tackles these
challenges by combining user inputs of di erent types: text prompts, sketches, and reference
images. The system supports interactive re nement of existing 3D models, providing real-time
previews to guide user-driven modi cations. Through this approach, users can iteratively adapt

a 3D model until they are satis ed with the result.
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Figure 1.2: A visual representation of the developed pipeline.

The developed system showcases a method that merges the ease of use of 3D model genera-
tors with the accuracy of direct manipulation, organized as a exible framework intended for
multiple 3D modeling domains rather than concentrating on particular tasks such as furniture,
characters, or architectural components. This is accomplished through an interactive pipeline,
visualized in 1.2

At its core lies a region-based selective remeshing method developed and used in this research.
Inspired by the remeshing approach used in CMD [Li et al., 2025, Pal nger, 2022] and the mesh
fusion used in CraftMesh [Jincheng et al., 2026], the proposed technique merges the outputs
of the generated models with the current geometry via localized reconstruction. This allows
users to keep or change certain parts of a model, o ering greater control over the generation
processes while keeping the original model intact. We call this method ASMR-3D.

Alongside system design and implementation, this thesis features a usability study to evaluate
the perceived usability of the proposed system for user-directed generative editing processes, as
well as user satisfaction with the end result. These assessments aim to provide an understanding
of how this user-driven, generative interface can improve the creative process.

Overall, the usability study indicates that participants responded positively to the proposed
pipeline, suggesting that the system provides a viable and promising approach to user-guided
generative 3D editing, although several aspects remain open for further re nement and im-
provement in future work.

Research questions:

Main RQ: How can generative Al be used to simplify user-guided editing of existing 3D models
while preserving geometric delity and improving user control?

This is addressed through the following sub-questions:

RQ1: How can region-based selective remeshing be used to integrate newly generated geometry
with existing 3D models?

RQ2: How can multimodal inputs (text, sketches, and reference images) improve ne-grained
user control in generative 3D editing?

RQ3: To what extent can the proposed method preserve the original geometric structure during
localized edits?
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RQ4: How do users rate the usability and e ectiveness of the proposed system in supporting
iterative 3D model editing, as measured by the User Experience Questionnaire (UEQ)
and a custom satisfaction questionnaire?



Chapter 2

Related work

2.1 Traditional and procedural 3D modeling techniques

Before di usion-based generative models entered the picture, the computer graphics community
spent several decades developing rule-based techniques for producing 3D content algorithmically.
These traditional procedural approaches remain widely used in industry today and form the
conceptual backdrop against which modern generative methods should be understood. Rather
than learning a distribution over shapes from data, procedural methods describe geometry
through explicit rules, grammars, or mathematical functions that an artist or technical designer
authors and parameterizes [Hendrikx et al., 2013].

Foundational examples are Lindenmayer systems, or L-systems, originally introduced by the
biologist Aristid Lindenmayer in 1968 to model the development of multicellular organisms
[Lindenmayer, 1968]. An L-system is a parallel string-rewriting grammar: starting from an
initial axiom, every symbol is simultaneously replaced according to a xed set of production
rules, and the resulting string is interpreted geometrically, typically through a turtle graphics
scheme that translates symbols into commands such as \draw a segment" or \rotate by an
angle". By repeating this rewriting step, surprisingly complex branching structures emerge from
very compact rule sets, which makes L-systems particularly well-suited for modeling plants,
trees, and other self-similar natural phenomena. Prusinkiewicz and Lindenmayer formalized
and popularized this approach for computer graphics in The Algorithmic Beauty of Plants,
introducing stochastic, context-sensitive, and parametric extensions that remain the basis of
most modern vegetation tools, including commercial systems such as SpeedTree [Prusinkiewicz
and Lindenmayer, 1990].

Procedural techniques have been generalized far beyond plants. For man-made structures,
shape grammars play a similar role: a hierarchical mass model is iteratively re ned by context-
sensitive rules that split, scale, and decorate volumes into facades, windows, and roofs. The
most in uential example is the CGA shape grammar of Maller et al., which demonstrated that
entire urban environments, including a virtual reconstruction of Pompeii, can be generated from
compact rule sets with a high level of geometric detail [Muller et al., 2023]. Closely related
are noise-based methods for terrain and texture, fractal subdivision schemes, and parametric
modeling pipelines used in tools such as Houdint and Blender's > Geometry Nodes.

Compared to the generative methods discussed in the next section, these procedural approaches
0 er strong guarantees: results are deterministic (or controllably stochastic), interpretable, and
trivially editable by adjusting parameters or rules. Their main weakness is exactly the ip side

of this strength: each generator must be manually engineered for a speci ¢ category of content,

Lhitps://www.sidefx.com/
2https://www.blender.org/
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and producing a one-o , semantically rich object from a free-form description is essentially out
of scope.

2.2 Direct mesh manipulation and geometry-based edit-
ing

Before turning to generative methods, it is useful to look at how 3D models have traditionally
been edited inside graphics software once they are already created. In tools such as Blender,
Maya, or ZBrush, the user does not regenerate the object from scratch; they grab, push, smooth,
or sculpt existing vertices, edges, and faces. To make this process less tedious than moving each
vertex one by one, the computer graphics community has developed mathematical deformation
techniques that propagate a small amount of user input across a large region of the mesh while
preserving the surface's geometric detalil.

A well-known example is the Laplacian Surface Editing framework by Sorkine et al. [Sorkine

et al., 2004]. Instead of representing a vertex by its absolute position in space, the method stores
each vertex relative to the average position of its direct neighbors, which they call a Laplacian
coordinate. Because this coordinate captures how a vertex sits inside its local neighborhood, it
acts as a compact description of the surface's intrinsic detail. The user then selects a Region of
Interest (ROI), marks a small set of vertices as a handle, and translates or rotates that handle.
The system reconstructs the surface by solving a sparse linear system that keeps every Laplacian
coordinate as close as possible to its original value while respecting the new handle position.
The visual result is that bumps, wrinkles, and other small features deform together with the
global shape, giving the impression that the object behaves like a piece of clay or rubber when
its handle is dragged. Around the ROI, the user can also x a thin ring of vertices that stay in
place during the deformation; these act as a boundary bu er and ensure that the edited region
blends smoothly into the rest of the mesh, which is left completely untouched. Beyond simple
deformation, the same representation supports coating transfer, in which the ne surface detalil
of one model is lifted from its underlying smooth shape and re-applied to another model, and
mesh transplanting, where an entire patch from one object is sewn onto another with a gradual
transition between the two surfaces.

A few years later, Sorkine and Alexa generalized this idea with the As-Rigid-As-Possible
(ARAP) surface modeling method [Sorkine and Alexa, 2007]. ARAP looks at each small
neighborhood of the mesh and asks that, during the deformation, it stays as close as possible to
a pure rigid motion (rotation plus translation), without stretching or shearing. The deformation

is then computed by iteratively alternating between estimating the best rotation per vertex and
solving a linear system for the new positions. ARAP has become one of the most widely used
handle-based deformation techniques and is shipped in many open-source and commercial 3D
editors. Other operators in this family include cage-based deformation, free-form deformation
(FFD), and skeleton/rig-based posing; each of them exposes a small number of intuitive controls
that drive a much larger mesh.

These techniques are very powerful when the goal is to reshape an existing model: bending
an arm, stretching a chair leg, or moving the tip of an ear. However, they have a number of
important limitations for the use case studied in this thesis. First, they are purely geometric:
they can move existing geometry around, but they cannot create new semantic content. There
is no way to \ARAP" a hat onto a character or a wheel onto a vehicle if the underlying mesh
does not already contain those parts. Second, edits that change the topology of the surface
(adding holes, removing limbs, fusing two parts) are not natural in this framework and usually
require separate cut, ll, or Boolean operations. Third, even though the math is hidden behind a
handle, the interaction model still expects the user to understand concepts such as ROI, anchors,
and handles. These tools live inside professional 3D software, which generally requires artistic
skill and familiarity with complex interfaces, making it hard to access for layman users Qcal

et al., 2024]. Finally, the quality of the result depends strongly on the local mesh resolution and
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triangulation: badly tessellated regions need to be remeshed before the deformation, adding yet
another technical step.

For this thesis, direct mesh manipulation is relevant in two ways. It provides the conceptual
baseline against which the proposed system should be compared: a designer who is comfortable
with ARAP-style tools does not really need a generative method to bend an existing chair leg.
At the same time, the limitations above explain exactly why a generative approach is needed
for the type of edits we target: introducing new parts, replacing regions with di erent semantic
content, or following a user prompt such as \make this a fantasy chair". These are operations
that geometric deformation tools simply cannot perform on their own. This positions our work

as complementary to direct manipulation rather than as a replacement.

2.3 Generative 3D-modeling

The emergence of generative arti cial intelligence has fundamentally changed the way 3D con-
tent is created. Instead of relying entirely on manual modeling in specialized software, recent
methods can automatically generate 3D objects based on relatively limited input, such as text
descriptions, reference images, or sketches. These developments have been strongly in uenced
by di usion-based models, originally developed for 2D image generation and subsequently ex-
tended to 3D applications [Poole et al., 2022, Lin et al., 2023, Cheng et al., 2023].

A rst major line of research involves Score Distillation Sampling (SDS)-based methods, in
which a pre-trained 2D di usion model is used as a prior to optimize a 3D representation.
DreamFusion [Poole et al., 2022] was an in uential breakthrough in this area: a NeRF is
optimized so that rendered images from di erent camera viewpoints match the samples from a
text-to-image di usion model.

Neural Radiance Fields (NeRF) is a method that encodes a 3D scene as a neural network. It
learns from a small number of images and can then create new views of the scene from camera
angles it has not seen before. A NeRF takes a 3D point and a viewing direction as input, and it
predicts two things: how much light is at that point and how dense the scene is there. Then it
uses these predictions, along with camera rays, to render a new image. [Gao et al., 2026]

Thanks to SDS, this can be achieved without specic 3D training data, which is particu-
larly relevant given the limited availability of large-scale 3D datasets. Later methods, such as
Magic3D [Lin et al., 2023], re ned this idea with a two-step approach where a coarse structure
is rst formed, followed by a ner mesh. This made generation more e cient and enabled
higher resolutions than with previous SDS approaches [Lin et al., 2023].

In addition to NeRF-based representations, implicit representations such as signed distance
elds (SDFs) have become more and more important. SDFusion [Cheng et al., 2023] demon-
strates that continuous distance functions can be used to generate detailed structures. At the
core of the method is an encoder-decoder that compresses 3D shapes into a compact latent
representation, upon which a di usion model is learned, enabling multimodal inputs such as
images, text, and partial shapes.

Another important trend in the literature is the expansion into alternative generative paradigms.
Some methods combine generative adversarial networks (GAN's) with geometric representations
to allow e cient 3D generation, while other works focus on multiview consistency or native 3D
generation. These trends demonstrate that the eld is evolving from indirect, 2D-driven 3D
synthesis toward more structurally aware generation processes, in which geometry, texture, and
control are modeled more explicitly [Wang et al., 2023].

This section provides the technical foundation for RQ1 and RQ2: SDS-based methods, NeRF,
and SDF representations determine which generative building blocks are available for 3d model
generation. The paradigms discussed also help contextualize the choice of multimodal input
(RQ2) within a broader research landscape.
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Figure 2.1: Visualization of the lack of user control in generative 3d modeling tools.

2.4 Limitations of generative 3D modeling tools

Despite rapid progress, generative 3D models continue to have major limitations. One of the
most distinct limitations is the limited control over the generation process. Many systems
still operate under a one-shot generation paradigm, in which a complete model is generated
in a single step from a single prompt or reference. In practice, this often yields results that
only partially match the user's intent. Furthermore, small changes in text can lead to large,
sometimes unpredictable, changes in the results, showing a lack of reliability and reproducibility
[Brack et al., 2023].

In addition, many existing methods do not adequately correspond to the way designers work
in practice. Incremental re nement is central to traditional 3D work ows: a model is adjusted,
checked, and reworked step by step. However, many generative systems barely allow for such
local interaction, meaning that even small changes require a complete regeneration [Park et al.,
2025].

A typical problem for single-image 3D generation is that it is very hard to predict the hidden
parts of the object. The results can look random, unclear, or may not match what the user
intended them to look like. The model must guess the unseen parts because there is not enough
information given. [Chen et al., 2026]

One could argue that these problems can be solved by writing a more detailed prompt that
describes every aspect of the object upfront. While better prompts do help to some degree,
this approach quickly runs into limits in practice. Natural language is often unclear and not
well-suited for describing exact shapes, proportions, or small stylistic choices, and even very
detailed prompts tend to lose ne details during generation [Brack et al., 2023]. Small but
important details, such as the exact curve of an edge, the position of a small decoration, or
the alignment of a specic part, are often missed or misinterpreted by the model, no matter
how carefully they are described. This shows that the issue is not just about writing a better
prompt, but a deeper limitation of one-shot, prompt-based generation that cannot be fully xed
by prompting alone.

This problem is visualized in Figure 2.1.

An additional problem is structural inconsistency. When objects consist of multiple parts, errors
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often arise in symmetry, alignment, or relative proportions. Without explicit mechanisms for
local consistency, di erent parts of a model can become inconsistent with one another, leading
to artifacts or unstable geometry. Finally, the scarcity of large-scale and diverse 3D datasets is
still a key factor limiting the generalizability of generative models [Poole et al., 2022]. This is
visualized on the right side of Figurel.1.

This section directly addresses all four research questions. The lack of control (RQ2), the one-
shot regeneration issue (RQ1, RQ3), and the poor integration with iterative work ows (RQ4)
are precisely the shortcomings that the proposed method aims to address. These limitations
thus form the foundation of the thesis's problem statement.

2.5 Solutions and improvements in generative control

To tackle these limitations, recent literature is increasingly focusing on controllable and multi-
modal generation. Instead of using text alone as input, new methods combine multiple forms
of user guidance, such as sketches, reference images, or supplementary textual descriptions.
Sketch-based systems, such as SketchDream [Liu et al., 2024], use freehand drawings to guide
the overall shape or silhouette of an object. This reduces the ambiguity inherent in text alone
and gives the user more direct control over the geometric intent of the result.

A related direction is personalization. Methods such as DreamBooth3D [Ra]j et al., 2023] make
it possible to customize a model to a specic object or a particular identity based on a few

reference images. This is helpful for applications where consistency between multiple outputs
is important, such as avatars, games, or personalized digital content.

In addition to multimodal input, iterative generation is another key area for improvement.
Systems such as ShapeCrafter [Fu et al., 2023] make it possible to improve a model step by step
through successive prompts or instructions. This is consistent with the incremental nature of
design practices, in which users typically rst establish a general direction and then gradually
re ne it. Such systems indicate that generative 3D modeling does not necessarily have to be a
static, one-time step, but can also be an interactive process.

Recent studies are also exploring new methods to further improve the quality of geometric
predictions. Tactile DreamFusion [Gao et al., 2024], for example, uses tactile information to
generate more accurate geometric details.

Together, these developments indicate that the eld is evolving toward more controlled and
user-centered 3D generation, in which input from multiple modalities is leveraged to reduce
ambiguity and achieve more predictable results.

This is highly relevant to RQ2: these works demonstrate that multimodal input (sketches,
reference images, structured text) reduces the ambiguity of purely textual prompts. lterative
systems such as ShapeCrafter also align with RQ4, which focuses on user-centered, step-by-step
interaction. However, these methods do not yet provide a solution for local mesh integration
(RQ1, RQ3), underscoring the necessity of the proposed work.

2.6 3D model editing, region-based editing and remesh-
ing

In addition to full-scale generation, the editing and reuse of existing 3D models is an important
area of research. In professional work ows, objects are rarely completely rebuilt from scratch
and only a limited portion is modi ed while the rest of the geometry is preserved. This requires
a process in which changes are applied locally, and the remaining parts of the model remain
una ected. In recent literature, this is approached as a form of generative editing, in which new
content is generated for a selected region and then integrated into the original model [Erkac
et al., 2024, Jincheng et al., 2026].
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A key challenge here is that the processed mesh must not only be semantically correct but
also geometrically and visually consistent with the original. The unedited regions must remain
identical, where the transition zone between old and new must be completely seamless [Erkac
et al.,, 2024]. In practice, a local modi cation often a ects normal directions, topology, or
texture continuity. Therefore, techniques from seamless editing are employed to soften these
boundaries and improve visual integration.

In the context of local editing, SDFusion [Cheng et al., 2023] introduces a shape in lling
capability that reconstructs missing or masked regions of a 3D shape while preserving the sur-
rounding geometry. Instead of regenerating an entire object, the method operates on partially
observed signed distance elds, where a subset of the volume is masked out. During inference,
the di usion process is conditioned on the known geometry, enabling the model to synthesize
only the missing regions while respecting global structure and local continuity. This formu-
lation ensures that the generated content aligns with the existing shape, producing coherent
completions that naturally blend with the unedited parts.

This is the most directly relevant literature for RQ1 and RQ3. The principle that only selected
regions are modi ed while the rest of the geometry remains identical is at the core of our method.
SDFusion's shape in lling provides a conceptual template, but operates on SDFs rather than
direct meshes, which is a key di erence for the chosen approach.

2.6.1 Local editing using semantic regions

To enable this local control, region-based editing is often used, in which the model is divided

into semantic regions or components. Using modern segmentation networks such as P3-SAM
and SAMPart3D [Ma et al., 2025, Yang et al., 2024], meaningful parts (e.g., arms or legs)

can be automatically identi ed. Methods such as 3D Highlighter [Decatur et al., 2022] also use

textual cues to delineate editing regions, allowing users to modify a single segment in a targeted
manner.

A powerful example of this is PrEditor3D [Erkac et al., 2024], in which the object is projected
onto a few images, local edits are performed via text prompts and masks, and a new 3D model
is then reconstructed. Next, a 3D segmentation determines exactly which parts have actually
been modi ed, after which a merging algorithm seamlessly integrates the edited segments. In
this way, only the intended regions remain changed, and the rest of the model is preserved
exactly.

While these segmentation-based approaches give clean and well-de ned editing boundaries, they
also come with important drawbacks. Because the edit region is determined by a segmentation
network, the user can only edit parts that the network is able to recognize and label. This
works well for common categories such as arms, legs, or wheels, but it becomes much harder
when the user wants to modify a region that does not match any prede ned semantic part, or
when the desired edit spans multiple parts at once [Erkcc et al., 2024]. Therefore, we chose to
take a di erent approach.

2.6.2 Local edits using reference images

CraftMesh [Jincheng et al., 2026] is an innovative mesh-editing system that utilizes generative
models in 2D and 3D. Instead of regenerating the entire model, CraftMesh breaks the task down
into three phases. First, it edits a 2D image of the object using a text- or image-driven model,
after which region-speci ¢ 3D meshes are generated for the modi ed areas. These new mesh
segments are then seamlessly added to the original model via Poisson-based fusion, preserving
the unmodi ed geometry and adjusting only the boundary zone around the edit.

In the second step, CraftMesh generates processed region meshes as a middle result. The
processed reference image is combined with the original model using a 3D generator (such as
CraftsMan3D) to produce the processed reference mesh, which follows the global shape but

contains less detail. At the same time, only the modi ed part of the image is used to create the
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Figure 2.2: Overview of CraftMesh pipeline with region-speci ¢ 3D-Editing and Poisson
Fusion, reproduced from [Jincheng et al., 2026].

Figure 2.3: Generation of region-speci ¢ mesh in CraftMesh, reproduced from [Jincheng
et al., 2026].
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Figure 2.4: Poisson Geometric Fusion pipeline in CraftMesh, reproduced from [Jincheng
et al., 2026].

edited region mesh, which contains highly detailed local geometry. This combined approach
makes sure that the nal result remains both realistic in terms of overall shape (via the reference
mesh) and rich in detail within the edited area.

In the third step, Poisson Geometric Fusion takes place. First, a Boolean operation (union

or di erence) is applied between the original mesh and the processed region mesh, resulting
in a sparse overlap with boundaries that do not yet align. CraftMesh then improves only this
transition area using a hybrid SDF/mesh representation, new vertices are added locally, or
existing ones are merged to keep the surface smooth. The key idea is the blending of the normal
vector elds of both the edited reference mesh and the region mesh, which are calculated and
combined via a Poisson fusion. The result is a \blended" normal that preserves ne details
within the edited area and makes a smooth transition to the outside of it. The SDF is then
optimized to adjust the generated mesh so that it matches this combined normal. This way,
the new geometry perfectly connects with the original. The unedited parts remain unchanged,
and only the boundary zone around the edited area is revised for a perfect t.

After geometric processing, CraftMesh also ensures the texture blends well with the rest of
the model. The newly added parts often have their own generated texture that does not
automatically match the color of the original surface. CraftMesh therefore rst parameters the
texture of the new part and creates a dense 2D mesh of the pixels. It applies a Poisson solution
to this 2D mesh, so that colors at the edge of the edited area blend smoothly into the existing
texture. As a result, the color transitions blend naturally into one another, making it seem like
the object has always been a single entity.

Thanks to this combined approach of 2D/3D generation, smart segmentation, and Poisson
blending, the nal result remains geometrically coherent and visually consistent. CraftMesh
demonstrates that local mesh editing is possible without interrupting the entire model. The
rest of the object is preserved, while the edited part is realistically integrated, keeping both
global structure and detail.

This can be used for our implementation; the downside is that it does not keep the geometry
of the model because it has to transfer it into SDF space rst. This counteracts RQ1 and
RQ3.

2.6.3 Controllable Multiview Di usion (CMD)

Controllable Multiview Di usion (CMD) [Li et al., 2025] is a 3D editing pipeline that lets users
modify one or more rendered views of an existing mesh and propagate those edits into the full
3D model. In CMD, you rst render color and normal maps from the original mesh, edit a target
view in 2D, and then use a multiview di usion model (an extension of ControlNet [Zhang et al.,
2023]) to generate updated color and normal maps for all views. Finally, CMD updates the
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mesh by incrementally changing its vertices using a method called continuous remeshing. Small
moves are made so the mesh's projections match the new normals, while splitting or collapsing
triangles as needed. A Laplacian smoothing term is applied during this reconstruction to keep

the surface smooth and avoid artifacts. The gure below, Figure2.5, illustrates the progressive

part-by-part generation pipeline of CMD.

Figure 2.5: Progressive 3D-generation pipeline of CMD. [Li et al., 2025]

CMD pipeline steps:

Render and Edit: Render one or more views (color and normal) of the input mesh and
apply user edits to a chosen view.

Multiview Di usion: Feed the edited view and original renderings into a conditional
multiview di usion model (a multiview ControlNet system called CondMV) to generate
new consistent color and normal maps for all views.

Incremental Reconstruction: Starting from the original mesh, iteratively adjust vertices

so that rendered normals match the generated normals. In each iteration, adapt the mesh
topology locally, split edges/triangles where more detail is needed, and collapse small ones
where it isn't. Apply Laplacian smoothing to keep the surface smooth.

Texture Baking: After geometry is updated, bake the new color maps onto the mesh to
produce the nal textured model.

This paper uses Pal nger's continuous remeshing for inverse rendering (2022) [Pal nger, 2022].
Starting out from multiview normal maps and an initial mesh (e.g., a sphere), it iteratively
reconstructs a consistent surface via continuous remeshing.

2.7 Continuous remeshing

This section will give more information about how continuous remeshing works, since it forms
the basis of the selective remeshing implementation described later. We start with some back-
ground information so that the concepts can be fully understood.

Rendering vs Inverse Rendering

Forward rendering (usually just called rendering) means going from scene parameters to images.
Given the mesh, camera, lights, and materials, a renderer computes how light reacts with the
surfaces and returns the nal image.

Inverse rendering solves the opposite problem: we are given one or more images and aim to
recover unknown scene parameters such as shape, materials, or lighting. Instead of asking
\what image do | get from this scene?", we ask \what scene would produce this image?". This
is usually formulated as an optimization problem, where we search for parameters (geometry,
materials, etc.) that minimize some loss between the rendered images R() and the observed
images.
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Figure 2.6: Visualization of Forward and Inverse Rendering.

These concepts are visualized in Figure 2.6.

Optimization in Graphics

Many modern inverse rendering methods use gradient-based optimization. [Loper and Black,
2014, Yan et al., 2025] We de ne a loss function

L()=dierence R();| target

where liaget IS @ target image (or a set of images) and R() is the rendered image. We then
update the parameters in the direction that reduces this loss, for example, using gradient
descent or Adam [Yan et al., 2025]. In practice, this means we repeatedly render images,
measure the error, compute the gradient of the error with respect to the parameters, and take
a small step to improve the scene [Loper and Black, 2014].

Di erentiable Rendering

Di erentiable rendering includes techniques that allow the rendering process to be di erentiable.
This means that gradients from image space losses can be sent back to 3D scene parameters
like geometry, materials, camera position, and lighting. It connects 2D image evidence with
3D optimization. This enables inverse graphics pipelines to learn from rendered images instead
of needing detailed 3D supervision. The literature presents several formulations, including
methods based on mesh, voxel, point cloud, and implicit representation. Each of these is aimed
at providing useful gradients for optimization [Kato et al., 2020].

Di erentiable rendering is the key building block that enables methods such as Pal ngers con-
tinuous remeshing to optimize geometry and appearance from images. [Pal nger, 2022,Li et al.,
2025]

2.7.1 Mesh Representation and Remeshing
Mesh Structures

We use triangle meshes as our surface representation. They consist of Vertices, Edges, and
Faces, as visualized in Figure 2.7. Each vertex v2 R?® stores a 3D point, and each face
f; = (k1) is a triangle connecting three vertices. On top of this, we can store per-vertex

or per-face attributes such as normals or colors, which are interpolated across triangles during
rendering.

A very dense mesh with many small triangles can approximate ne geometric details, but is
expensive to render and optimize. A coarse mesh is cheap to process but cannot represent sharp
features or small bumps well. We could say that a good vertex count is therefore important for
both reconstruction quality and runtime speed.
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Figure 2.7: Visualization of triangle mesh composition.

Limitations of Fixed Meshes

If we keep the mesh connectivity xed during optimization, we quickly run into problems.
Large gradient steps on the vertices can create mesh defects such as ipped triangles, crumpled
regions, and self-intersections. Also, a xed triangulation cannot easily adapt to regions where
we suddenly need more detail, for example, around sharp edges or small geometric features.
[Pal nger, 2022]

In practice, xed meshes often require careful manual adjustment of the initial resolution to
nd a trade-o between accuracy and performance. Even then, some areas may still be under-
resolved while others are over-resolved, which is ine cient and can harm reconstruction quality.
These issues motivate methods that can adapt the mesh resolution automatically during opti-
mization. [Pal nger, 2022]

Remeshing Concepts

Remeshing means changing the mesh connectivity and sometimes the vertex positions to im-
prove mesh quality or adapt the mesh to a target function. Typical local operations include edge
splitting (adding vertices and triangles) and merging (removing vertices and triangles).

Edge splitting (also called subdivision) is used when the current distribution of, for example,
vertices is too coarse. Merging (or coarsening) is used when the mesh is too dense, and many
triangles do not contribute much to the approximation. By combining these operations with
suitable quality metrics (for example, edge length or triangle shape), remeshing can equalize
triangle sizes and remove badly shaped \sliver" triangles.

In the context of inverse rendering, adaptive remeshing allows the mesh to grow more triangles
in parts where the image loss is high and remove triangles where they are not needed. This
makes optimization stronger and often improves both speed and accuracy, compared to keeping
the mesh xed. [Pal nger, 2022, Li et al., 2025]

2.7.2 Continuous Remeshing Method

This section describes the continuous remeshing component used in CMD for 3D reconstruction.
All mathematical formulas and de nitions are quoted from the provided sources. [Li et al.,
2025] [Pal nger, 2022]

Problem Formulation

The input is an initial mesh M ¢ = (V ¢;Fo) (e.g., a sphere or the original mesh) and sets of
target multiview color images g, normal maps n; and camera parameters. Let V denote the
current vertex positions. Using a di erentiable renderer, we compute rendered color maps;€V)
and normal maps i (V) for each view.
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Figure 2.8: The core problem. (a) A clean 3 3 grid with nine vertices and eight healthy
triangles. (b) After one gradient step, three vertices have moved (blue arrows), but the
triangle list never changed: two triangles have collapsed into slivers (orange), and one
has ipped its winding (red). The repair operations introduced later in this section act
on exactly these defects.

CMD minimizes a reconstruction loss
L=L »(n%n%+L2(c % &% + Lsmooth;

where L2(; ) is the squared L, loss between predicted normals fand target normals n° and
similarly for colors. The term Lsmooth is a Laplacian smoothness regularizer.

This loss is optimized (e.g., with Adam) over V, subject to regularization. In CMD, L smooth IS
weighted by a parameter to preserve mesh smoothness.

Continuous Remeshing Idea

The optimization described above only moves vertices; it never changes which vertices are
connected to which. The mesh starts with a xed connectivity, and the optimizer simply
pushes the existing vertices around. This is the central problem that continuous remeshing
solves.

The problem with vertex updates alone. When a gradient step pulls vertices toward the

target shape, some edges get stretched, and others get compressed. Because the connectivity
is frozen, neighboring triangles cannot rearrange themselves: long edges turn into long, thin
slivers, and in regions of strong curvature, triangles can even fold over and end up pointing
the wrong way (so-called ipped triangles). Figure 2.8 illustrates this on a 3 3 grid: panel
(a) is the clean starting mesh; in panel (b), three vertices have been pushed by a gradient
step, but the triangle list is unchanged, which turns two triangles into slivers and one into a
ipped triangle. A di erentiable renderer cannot produce a clean image from such a mesh, and
the loss gradients it returns from those broken triangles point in the wrong directions, which
makes the next step worse. Pal nger's solution [Pal nger, 2022] is conceptually simple: after
every gradient step, run a short local pass that repairs the connectivity, instead of letting bad
triangles accumulate.
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Figure 2.9: The three local edge operations applied by the continuous remesher. Split:

a long edge (red) is bisected, and a new midpoint vertex (green) is inserted; the two
adjacent faces are re-triangulated. Collapse: a short edge (red) is removed by merging
its two endpoints into one (green). Flip: the shared diagonal of two adjacent triangles
is swapped to the other diagonal; only the connectivity changes.

Three local edge operations. The repair pass uses three cheap operations on individual
edges, illustrated in Figure 2.9. A split cuts a too-long edge in half and inserts a new vertex
at its midpoint, replacing two triangles with four. A collapse merges the two endpoints of a
too-short edge into a single vertex, removing one triangle on each side of the edge. A ip swaps
the shared diagonal of two adjacent triangles when the alternative diagonal would produce
better-shaped triangles, without adding or removing any vertex.

To decide what to do where, the remesher compares the current length “(e) = jv vjj2 of every
edge against a target length “target(e). The ratio (e) = “(e)="target(e) tells it whether the
edge is too long ( 1: splitit), too short (  1: collapse it), or ne (leave it). In Pal nger's
words, \by immediately collapsing suspicious triangles, we avoid and heal mesh defects".

Closed-loop control of the target length. The interesting design choice is not which
operations exist, but how “wrget is Set. A naive remesher uses a single target length everywhere,
which forces a trade-o : short enough to resolve detailed regions wastes triangles on at ones,
while long enough to keep at regions cheap loses detail where it matters. Pal nger instead lets
“rarget Vary across the surface and updates it in a feedback loop: \we use a closed-loop-controlled
location-dependent edge length” [Pal nger, 2022].

The loop is intuitive. After each remeshing pass, the system looks at what just happened in
every local region. If a region keeps triggering splits, the gradient is repeatedly asking for ner
detail than the current target allows, so the target length there is shortened. If a region keeps
triggering collapses, the mesh has more triangles than the geometry needs, so the target length
is lengthened. Over several iterations, the target-length eld self-organizes into something like
Figure 2.10(b): a short target (red) inside regions with detail, a long target (yellow) on at
areas. The triangle distribution follows automatically { dense triangles where the geometry
needs them, sparse triangles where it does not.

Why interleave with optimization? Because the remeshing pass is cheap and runs at
every step, the mesh never has the chance to drift into a broken state: splits and collapses
immediately undo the slivers and ips that the latest gradient update was about to create.
Compared with the alternative of doing a single large remesh every few hundred iterations, this






	Introduction
	Related work
	Traditional and procedural 3D modeling techniques
	Direct mesh manipulation and geometry-based editing
	Generative 3D-modeling
	Limitations of generative 3D modeling tools
	Solutions and improvements in generative control
	3D model editing, region-based editing and remeshing
	Local editing using semantic regions
	Local edits using reference images
	Controllable Multiview Diffusion (CMD)

	Continuous remeshing
	Mesh Representation and Remeshing
	Continuous Remeshing Method

	Know3D
	Multimodal interaction and iterative editing
	3D Texture Synthesis and Local Retexturing
	User control in image generation models

	System Overview
	System design - Part 1: Multimodal Input and 3D Generation
	Input and positioning
	User prompt and sketch
	Single image generation
	Multiview generation
	3D Model generation

	System design - Part 2: ASMR-3D
	ASMR-3D Overview
	Aligning the generated model with the original model
	Pre-processing: normalization and image-based rescaling
	Method 1: feature-based registration with ICP refinement
	Method 2: Bounding the models based on multiview renders

	Selecting and Editing the Edit Region
	Method Overview
	Cue A - Geometric Difference Between Meshes.
	Cue B - Sketch Mask and Image-Difference Expansion.
	Cue C - Multiview Difference and Per-View Voting.
	Voting and Threshold
	Post-Processing
	Hide Mask for Removal Edits
	From Vertices to Editable Primitives

	Optional Repositioning of the Generated Model and the Edit Spheres
	Selective Remeshing and Mesh Reconstruction
	Initial Mesh Assembly
	Hole Filling and Stitching
	Selective optimisation with continuous remeshing

	Retexturing
	Generalizability

	Evaluation
	Experimental Design
	Goals and Hypotheses
	Participants
	Tasks
	Procedure
	Quantitative Metrics
	Statistical Analysis
	Apparatus and Implementation

	Positioning, Sketch and Prompt
	Methodology
	Quantitative Result
	User Feedback

	Single-Image Generation
	Empirical Evaluation
	Methodology
	Quantitative Results
	User Feedback

	Multiview Generation
	Empirical Evaluation
	Methodology
	Quantitative Results

	Generated 3D Model
	Empirical Evaluation
	Methodology
	Quantitative Results

	Alignment
	Empirical Evaluation
	Methodology
	Quantitative Results
	User Feedback

	Edit-Mask Generation
	Empirical Evaluation
	Methodology
	Quantitative Results
	User Feedback

	Selective Remeshing and Merge
	Empirical Evaluation
	Methodology
	Topological Quality
	Vertex Preservation
	Inter-vertex Distance and Mesh Uniformity
	User Feedback

	Retexturing
	Empirical Evaluation
	User Feedback

	Generalizability
	Overall System Evaluation
	User Experience Questionnaire (UEQ)
	Adoption and Recommendation
	Results
	Time, Cost and Iteration

	Findings, Limitations and Future Work
	Answers to the Research Questions
	Limitations
	Future Work


	Conclusions

