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Figure 1: FabDreamer transforms images into physical layered laser-cut artifacts.(Left) Input: a Yellowstone landscape photo-
graph and a generated bear image. (Center) Through FabDreamer, the user decomposes, edits, and verifies the layered design
with a bear-shaped frame. (Right) The fabricated eight-layer basswood shadow box.

Abstract
Generative AI lets anyone create rich visual content in seconds,
yet translating that content into a physically fabricable artifact still
demands manual decomposition, occlusion repair, and structural
verification that most tools leave entirely to the user. We present
FabDreamer, an image-to-physical system that carries an image
to fabrication-ready SVGs through three stages with deliberately
staged AI initiative: (1) AI leads decomposition into depth-ordered
layers, (2) assists on demand during creative editing with real-
time 3D preview, and (3) advises on structural integrity before
export. We instantiate this workflow for layered laser-cut art and
evaluate it through three rounds including a formative analysis,
an early prototype user evaluation (N=13), and a cross-domain
practitioner study with specialists from 6 fabrication domains (N=6).
Our findings show that physical awareness during design opens
creative opportunities beyond error prevention, that practitioners
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appropriate the system’s generic geometric operations for their own
domains, and that the fabrication agent covers geometry-readable
constraints while domain knowledge remains with the maker.

CCS Concepts
• Human-centered computing→ Human computer interac-
tion (HCI); Interactive systems and tools; Empirical studies in
HCI ; User studies; • Applied computing→ Media arts.

Keywords
AI-assisted fabrication, Image-to-physical workflow, Layered laser-
cut art, Human-AI collaboration
ACM Reference Format:
Chenfeng Gao, Zeya Chen, Anjie Yang, Karan Ahuja, and Danli Luo. 2026.
FabDreamer: Exploring the Image-to-PhysicalWorkflowThroughAI-Assisted
Layered Fabrication. In The 39th Annual ACM Symposium on User Interface
Software and Technology (UIST ’26), November 02–05, 2026, Detroit, MI, USA.
ACM,NewYork, NY, USA, 16 pages. https://doi.org/10.1145/3830398.3830571

https://orcid.org/0000-0002-0601-2921
mailto:chenfenggao2029@u.northwestern.edu
https://orcid.org/0009-0005-8848-7750
mailto:zchen103@hawk.illinoistech.edu
https://orcid.org/0009-0006-8490-2563
mailto:ayang072@uottawa.ca
https://orcid.org/0000-0003-2497-0530
mailto:kahuja@northwestern.edu
https://orcid.org/0000-0001-6459-2859
mailto:danlil@uw.edu
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://doi.org/10.1145/3830398.3830571
https://doi.org/10.1145/3830398.3830571


UIST ’26, November 02–05, 2026, Detroit, MI, USA Gao, Chen, et al.

1 Introduction
Generative AI has transformed visual content creation. A text
prompt can produce a detailed illustration in seconds, and novices
and experts use these tools to explore ideas, iterate on composi-
tions, and accelerate workflows that once required hours of manual
work [34, 37]. But generating an image is only the beginning when
the goal is a physical artifact. Turning a flat image into a layered
laser-cut shadow box, a vinyl sticker scene, a paper-cut card, or
an architectural landscape model requires decomposing the image
into physically separable parts, reconstructing content hidden be-
hind foreground elements, and ensuring every piece survives the
fabrication process. This image-to-physical transition is where the
workflow breaks down.

The individual capabilities this transition requires already ex-
ist: segmentation models isolate objects [40], generative models
reconstruct occluded content, and constraint checkers flag struc-
tural problems [46]. What remains unsolved is their integration.
These capabilities live in separate tools, each optimized for screen-
based output, and the knowledge required to carry a design across
them under physical constraints is tacit, domain-specific, and built
through years of material experience [46, 49]. Layered laser-cut
art illustrates the resulting burden: an active maker community
sustains the craft, yet getting started demands illustration, digital
layering, and laser setup simultaneously, and practitioners must
manually maintain fabrication constraints across every tool bound-
ary. Consequently, the community treats preparation rather than
creation as the principal bottleneck.

HCI research has made substantial progress on constraint-aware
fabrication tools [27, 46] and on AI-assisted 3D printing and shape
generation [17, 39]. However, these systems either assume a pre-
pared design file as input or operate on 3D models rather than
images. A pipeline that carries an arbitrary image to a physically
fabricable artifact thus remains both a practical gap and a research
opportunity: it raises the question of how much initiative AI should
take at each step of a workflow whose errors, once cut, are irre-
versible.

We present FabDreamer, an AI-assisted system that addresses
this question by deliberately calibrating human-AI initiative across
three stages according to the recoverability of errors at each point:
an erroneous decomposition can simply be regenerated, whereas
a cut cannot be undone. In Stage 1 (Decompose) , AI proposes a
depth-ordered layer decomposition that users iterate on and revise
before execution. In Stage 2 (Create) , users lead all creative deci-
sions on a canvas with real-time 3D preview; AI assists only on
demand. In Stage 3 (Prepare) , an AI fabrication agent detects struc-
tural issues (floating elements, thin features) and the user decides
how to resolve each one.

We instantiate this workflow for layered laser-cut art, a domain
that exercises the full image-to-physical pipeline and whose core
geometric constraints recur across other cutting and layered fab-
rication domains [46]. We developed FabDreamer through three
rounds (Sec. 3): a formative analysis of practitioner tutorials and an
expert interview, an early prototype study (10 novices, 3 experts),
and a cross-domain study in which 6 practitioners applied Fab-
Dreamer to their own practice (Sec. 6). The domains participants
brought extend well beyond visual content creation: architectural

site models, tactile graphics for blind and low-vision readers, actua-
tor prototypes, and pop-up structures, fabrication tasks in which
the image is the starting point of a functional physical object rather
than the end product.

We contribute: (1) FabDreamer, an image-to-physical system
for layered 2.5D art, combining hybrid segmentation routing, gener-
ative occlusion reconstruction, and a fabrication agent that verifies
structural integrity before export, with AI initiative staged across
the workflow: leading decomposition, assisting creation, and ad-
vising preparation. The design targets four persistent challenges
that our formative study identified in current practice (Sec. 3). (2)
Empirical findings from multi-round development and a cross-
domain practitioner study that offer guidance for future AI-assisted
fabrication tools: how practitioners adapt the staged workflow to
their own domains, how physical awareness during design cre-
ates creative opportunities beyond error prevention, and where
the boundary lies between constraints an agent can detect from
geometry and knowledge that only practitioners supply.

2 Related Work
We situate FabDreamer in four research areas: image-to-physical
fabrication, creativity support in fabrication, generative AI for vi-
sual and physical design, and human-AI initiative in creative work-
flows.

2.1 Image-to-Physical Fabrication
Personal fabrication follows a common workflow of design, pre-
pare, fabricate, and post-process across a wide range of machines
and materials [2, 20, 21], a structure that recurs across the 14 fabri-
cation workflows Feng et al. [18] implemented. This consistency
implies that advances at any stage can in principle transfer across
domains, yet the stages are typically addressed by separate tools
with no shared representation, leaving practitioners to bridge the
gaps manually.

Within laser cutting, HCI research has focused primarily on func-
tional prototyping: assembling 3D objects from flat stock [3, 35, 36],
fabricating from stacked layers [50], and translating 3D models into
2D cutting layouts [4, 38, 44]. However, tools for artistic composi-
tions are under-explored, despite a rich cultural history in traditions
such as Chinese jianzhi [6] and growing commercial demand on
maker platforms. These practices rely on spatial arrangement of dis-
crete material layers, creating depth through stacking. They remain
largely manual because the required knowledge is rarely docu-
mented, accumulating instead within individual practice through
trial and error.

Prior work on constraint-aware design tools shows that surfacing
this knowledge early in the design process improves outcomes. Fab-
ricaide [46] demonstrated this principle for 2D cutting machines by
flaggingmaterial and structural issues during design; ScrapMap [27]
and Towards Zero-Waste Furniture [26] apply similar constraint-as-
information logic to quilting and furniture, respectively. However,
all three systems assume a prepared design file as input and optimize
existing geometry rather than supporting the creative process that
produces it. FabDreamer addresses an upstream gap from an arbi-
trary image to a fabrication-ready layered design, with constraints
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informing creative decisions throughout rather than gating the
output at the end.

2.2 Creativity Support in Fabrication
End-to-end fabrication pipelines risk disempowering users by hid-
ing the abstractions that structure their work. Li et al. [29] formalize
this as the normative ground of creativity support tools (CSTs): the
implicit constraints a tool imposes on how practitioners think, act,
and express themselves. They argue that mitigating this power
imbalance requires vertical movement (letting users inspect, modify,
and move between levels of abstraction) and horizontal movement
(letting users compose tools through interoperable representations).
Their analysis of digital fabrication pipelines specifically warns
against all-in-one systems that prevent users from working with
lower-level primitives or integrating with other tools.

Empirical observations of maker communities reinforce this
argument. Twigg-Smith et al. [49] found that #PlotterTwitter practi-
tioners preferred composing lightweight, self-authored scripts over
monolithic tools, sharing components that others could integrate
into their own workflows. Devendorf and Ryokai [13] showed that
how agency is distributed in digitally-mediated making fundamen-
tally shapes the maker’s experience. Jacobs et al. [24] demonstrated
that computational tools designed around practitioner workflows
enhance practice without displacing expertise. In paper cutting
specifically, computational approaches range from algorithmic styl-
ization [33] to ideation while preserving cultural connotation [51].
These works demonstrate that AI can serve creative exploration in
traditional cutting arts without overriding practitioner intent.

These findings suggest that effective image-to-physical tools
must support both vertical movement (inspecting and modifying
AI abstractions) and horizontal movement (interoperating with ex-
isting tools through standard formats), while keeping the normative
ground of what constitutes a “good” design with the practitioner.

2.3 Generative AI for Visual and Physical
Design

Generative AI can now produce visual content (text-to-image mod-
els like DALL·E [37], Midjourney [34], and Stable Diffusion [43]),
decompose images into masks (SAM2 [40]), and even separate im-
ages into editable layers (Qwen-Image-Layered [54], Canva Magic
Layers, Collaposer [55]). But all of these systems are optimized
for screen-based output: their masks are visually accurate but not
physically separable, and their compositions are screen-ready but
not fabrication-ready.

In the 3D domain, AI has been applied more directly to physical
making. Style2Fab [17] introduces functionality-aware segmenta-
tion for 3D printing, SHAPE-IT [39] uses LLMs for shape-display
control, and Liu et al. [32] and Shen et al. [47] integrate genera-
tive models into 3D design workflows. A key lesson from this line
of work is that AI-generated geometry frequently fails physical
constraints: MechStyle [16] found that only 26% of AI-modified
3D models remain structurally viable. This underscores why con-
straints must be integrated throughout the pipeline rather than
checked after the fact.

For 2D fabrication, the gap is wider. Text-to-SVG systems like
VectorFusion [25] and SVGDreamer [53] produce editable vectors

but are disconnected from fabrication workflows. Commercial laser-
cutting platforms (xTool AIMake, Glowforge Magic Canvas [22])
generate single-layer designs ready for cutting but skip creative
editing entirely, offering no control over decomposition or com-
position. The gap thus remains open at both ends: decomposition
tools stop at screen-ready masks, while fabrication platforms omit
the creative editing between image and artifact. By connecting de-
composition, creative editing, and structural verification in a single
pipeline, FabDreamer closes this gap and provides a setting for
examining how practitioners distribute work between themselves
and AI when the output is physical.

2.4 Human-AI Initiative in Creative Workflows
Human-AI co-creation research consistently identifies user con-
trol as the primary determinant of how users relate to AI-assisted
output, outweighing the amount of assistance provided. Draxler
et al. [14] showed this for writing; Gero et al. [19] found that cre-
ative workers prefer on-demand over unsolicited AI assistance;
and Lee et al. [28] observed that higher AI-suggestion acceptance
correlates with reduced engagement. Effective AI assistance must
therefore be calibrated to the task: proactive where users want help,
restrained where they want agency. Frameworks like COFI [42] and
MOSAAIC [23] operationalize this insight by modeling initiative
and authority as tunable dimensions, and Singh et al. [48] confirms
that AI should lead during ideation but step back during evalua-
tion. Recent comparisons of oversight strategies for computer-use
agents further show that the appropriate degree of human checking
depends on how reversible the agent’s actions are [9].

However, these frameworks have been validated primarily in
screen-based contexts such as writing and drawing. When the
output is a physical artifact, misaligned AI initiative carries higher
stakes: a segmentation error that is cosmetic on screen becomes a
structural failure when laser-cut. Zoran and Buechley [56] found
that hybrid artifacts combining digital fabrication with handwork
maintain uniqueness through material engagement, and Campbell
et al. [8] provides evidence that effort investment increases the
maker’s perceived meaning of the artifact. No existing framework,
however, has been tested in fabrication contexts where AI errors
carry irreversible material consequences.

FabDreamer addresses this gap through an iteratively developed
pipeline whose design was shaped by three rounds of evaluation,
described next.

3 Iterative Design Process
Designing a system at the intersection of these challenges required
building and testing alongside practitioners, because the tacit knowl-
edge governing image-to-physical workflows is not fully captured
in prior literature [18, 49]. Within layered laser-cut art, chosen as
our instantiation domain for the reasons given in Section 1, we
structured the design process as three rounds, each directly inform-
ing the next:

Round 1: Formative Study. We analyzed 25 YouTube tutorials
on multilayered laser-cut design (2019–2024), selected by topical
criteria rather than popularity, together with a 60-minute semi-
structured interview with a professional publisher with over 10
years of experience in layered laser-cut production (selection and
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Figure 2: Round 2 study. Left: example of a novice creating a
layered design with the early prototype. Right: example of an
expert reviewing the fabricated output and design process.

coding detailed in Appendix A). The analysis revealed four per-
sistent challenges that became design targets for the pipeline and
evaluation criteria for later rounds; the quantitative patterns below
derive from the tutorial corpus, and the practitioner accounts in
C2–C4 derive from the interview.

C1: Element Sourcing Constraints. 76% of tutorials relied on exist-
ing vector libraries rather than personal images, because isolating
and preparing arbitrary images for fabrication required manual
tracing, format conversion, and prior knowledge of what would
segment cleanly. This effectively constrained creative input to what
was already available in vector form.

C2: Preparation Bottlenecks. Practitioners identified preparation
as the most time-intensive phase—“getting clean edges while pre-
serving detail is always a balance,” as the publisher put it. Separating
a flat image into discrete cuttable layers required manual masking
of each element and reconstruction of content occluded by fore-
ground objects, work that was largely invisible in finished tutorials
and routinely underestimated by novices.

C3: Limited Spatial Awareness. Only 2 of 25 tutorials applied
3D visualization to preview the designs. Practitioners relied on
mental simulation to reason about how flat layers would read as a
stacked physical artifact, a skill built through years of experience.
The publisher, who also teaches layered design, watched novices
hit this wall repeatedly: “when my kids are doing it in Adobe Illus-
trator, they can’t visualize the spatial relationship... I have to lead
them layer by layer.” Misaligned elements and misjudged depth
relationships were commonly discovered only after cutting.

C4: Invisible Fabrication Constraints.Material-specific limits, such
as minimum feature widths and elements with no physical con-
nection to the board, were rarely documented and almost never
surfaced during design [16, 46]. Practitioners reported discovering
these constraints exclusively through failed cuts; with no tool that
makes them visible earlier, the publisher’s only safeguard was man-
ual gatekeeping: “every time before my kids cut, I go through the
file with my own eyes and fix it for them.”

Round 2: Early Prototype Study. Informed by these challenges,
we built an early prototype with AI content generation, automated
layer decomposition with occlusion reconstruction, a real-time
3D preview, and SVG export, and evaluated it with 10 novices
creating designs and 3 domain experts reviewing the fabricated
outputs (Figure 2; detailed procedure in Appendix B). All 10 novices
successfully created 3 to 5 layer designs that survived laser cutting
and physical assembly in approximately 25minutes. The 3D preview
received the highest satisfaction rating (mean = 4.9/5), confirming

that the pipeline can address C1 (sourcing) through C3 (spatial
awareness).

Two observations from the pilot further informed our design.
First, packing layer detection and segmentation into a single auto-
mated pass meant that when the AI misinterpreted spatial relation-
ships, users had no way to intervene or recover. Participants needed
to iterate on the decomposition, not simply accept or reject it. Sec-
ond, expert reviewers identified that C4 (fabrication constraints)
remained entirely unaddressed: the prototype exported SVGs with-
out checking physical viability, missing floating parts, features too
thin to survive cutting, and the need to reason about real physi-
cal dimensions at fabrication scale. These observations, together
with human-AI collaboration frameworks recommending stage-
appropriate AI roles [19, 42, 48], led to FabDreamer’s three-stage
design with varying AI initiative.

Stage 1 (Decompose) addresses C1 (sourcing) and C2 (prepa-
ration): AI proposes a layer decomposition that users revise and
confirm before segmentation executes, replacing the single auto-
mated pass that left no room for intervention. Stage 2 (Create)
addresses C3 (spatial awareness): the user leads all creative deci-
sions on a canvas with real-time 3D preview; AI assists only on
explicit request. Stage 3 (Prepare) addresses C4 (fabrication con-
straints): an AI fabrication agent detects structural issues (floating
elements, thin features) and explains their physical consequences,
but the user decides whether and how to resolve each issue.

Round 3: Practitioner Study. A cross-domain study evalu-
ated FabDreamer with 6 fabrication practitioners spanning the full
spectrum of laser-cut experience, from a fabric artist with no prior
laser-cut exposure to a makerspace manager with extensive exper-
tise, to (1) validate FabDreamer on a broader and more diverse user
base than Round 2 and (2) investigate whether the three-stage work-
flow generalizes beyond layered laser-cut art to other fabrication
practices. Round 3 is detailed in Section 6.

4 FabDreamer
FabDreamer carries any image to a fabrication-ready SVG. This
section describes what the user experiences at each stage, using
the running example in Figure 1: turning a Yellowstone landscape
photograph into a layered shadow box with a bear-shaped frame.

4.1 Stage 1: Decompose
Rather than automating decomposition in a single pass, Stage 1
has the AI propose a structured layer decomposition that the user
reviews and reshapes through natural language before segmenta-
tion begins. In the running example (Figure 1), the user uploads a
Yellowstone photograph, simplifies the distant mountains through
a natural-language update, then revises the proposed eight-layer
structure until it matches the intended depth arrangement.

4.1.1 Image Input and Refinement. The user provides an im-
age by uploading a photograph (Figure 3, A1) or generating three
candidates from a text prompt (Figure 3, A5). Every image supports
an update command for refinement through natural language—
stylizing, adding or removing elements, or adjusting composition
(Figure 3, A2). Each update regenerates the whole image (a property
of current image-editing models, so untouched regions may drift
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Figure 3: Stage 1: Decompose. (A1) Uploaded photo-
graph. (A2) Simplified version via natural-language update.
(A3) Layer proposal with user modification. (A5) Text-to-
image generation produces three candidates. (A6) Grab ex-
tracts the selected element.

slightly) and is kept as a new version; all variants can be indepen-
dently analyzed in parallel.

4.1.2 Layer Proposal and Extraction. Round 2’s single auto-
mated pass left users no way to intervene when the AI misread the
scene (Sec. 3), so the system proposes a depth-ordered layer struc-
ture in natural language (Figure 3, A3) first. The user can confirm
to proceed, or modify through language instructions (e.g., “move
the cloud to layer 2”). Because the VLM analyzes the image during
modification, users can also request elements the initial analysis
missed (e.g., “also add the left river bank”). Only after confirmation
does segmentation begin.

Elements then appear progressively as the pipeline processes
each layer, approximately one minute per layer (Figure 4, A4). If
segmentation quality is insufficient, the user can redo a single
layer or from any layer onward (cascade), preserving previously
extracted results. The decomposition pipeline is detailed in Sec. 5.1.
Alternatively, the Grab pathway skips full decomposition: the user
describes a target element, the system generates candidates and ex-
tracts the selected one with automatic occlusion handling (Figure 3,
A5–A6).

4.2 Stage 2: Create
With decomposition complete, users compose elements into a spa-
tial design on a canvas with real-time 3D preview. The user leads
all creative decisions; AI assists only on explicit request. In the
running example, the user repairs rough edges from segmentation,
toggles engrave detail while checking the 3D preview, generates
a bear silhouette to use as a custom frame, and splits a dense tree
cluster into individual trees through sub-segmentation.

4.2.1 Canvas and 3D Preview. Elements from Stage 1 appear in
a segment pool (Figure 4, B1). An Auto Layout places all elements

Figure 4: Stage 2: Create. (A4) Segmented elements ready for
editing. (B1) Source image and segment pool. (B2) 2D can-
vas with bear-shaped frame and see-through layer overlay.
(B3) Layer management. (B4) Real-time 3D stacked preview.
The toolbar for each element provides options to convert
to frame, show/hide inner details, repair noisy edges, and
further segment the element.

onto their corresponding layer canvases; from there, users reposi-
tion, scale, rotate, and reassign elements between layers (Figure 4,
B2). Each segment can display as traced (internal detail lines for
engraving) or outline (cut path only), and any segment can be con-
verted into a frame—a ring-shaped cutout serving as the physical
layer boundary with adjustable border width. A real-time 3D pre-
view (Figure 4, B4) extrudes each layer’s SVG into stacked geometry
with material textures, updating continuously as users edit, so they
can check spatial relationships throughout the process rather than
only at the end.

4.2.2 On-DemandAI. On-demandAI tools include sub-segmentation
via chat (“separate the head from the body”), Grab for importing
elements from additional images (Sec. 4.1), and repair for noisy
segments. Repair regenerates a clean version without re-running
the full pipeline; sub-segmentation splits a compound element into
individually placeable parts. Both are detailed in Sec. 5.1.

4.3 Stage 3: Prepare
A thin branch looks fine on screen but crumbles under the laser;
a floating cloud has no physical connection to the board. Stage 3
makes these structural issues visible before cutting through an AI
fabrication agent that checks geometry-level constraints (floating
elements, thin features) detectable from the SVG alone. The user
always decides how to resolve each issue. In the running example,
the user sees floating bush pieces flagged by the agent, Quick Fixes
two with bridge previews, leaves the third floating for manual
gluing, switches a layer to acrylic, and exports nine SVGs ready for
cutting.

4.3.1 Fabrication Agent Interaction. Entering Prepare mode
triggers the fabrication agent’s analysis loop (Figure 5, C3). The
agent detects constraint violations, highlights them in the 3D view,
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Figure 5: Stage 3: Prepare. (C1) 3D preview at physical scale
with layer toggles. (C2) Per-layer SVG previews with cut (red)
and engrave (black) paths. (C3) Fabrication agent reporting
floating parts with resolution options.

and presents resolution options: auto-bridge, user-drawn bridge,
ignore, or return to Stage 2. The agent re-checks after each action.
Resolution is always the user’s decision because the agent detects
geometric problems but lacks the domain knowledge to decide how
they should be resolved. A user may draw a bridge to a specific
neighboring element rather than the nearest anchor for visual co-
herence, or intentionally leave an element floating to cut it as a
separate piece for manual attachment after fabrication. The scale
slider (Figure 5, C1) sets the physical size of the artifact; changing it
triggers re-evaluation since features that survive at one scale may
be too thin at another. The detection algorithms and agent tools
are detailed in Sec. 5.2.

4.3.2 Export. Per-layer SVG previews show cut paths (red) and
engrave paths (black) side by side (Figure 5, C2), giving users a
final check before export. The system exports one SVG per layer
along with corresponding PNG files, packaged as a ZIP file for
direct import into fabrication software such as xTool Creative Space,
LightBurn, or Adobe Illustrator.

5 Implementation
FabDreamer’s backend consists of two components (Figure 6): a
decomposition pipeline that extracts and reconstructs elements layer
by layer, and a fabrication agent that checks each layer for floating
elements and thin features, presents issues to the user with res-
olution options, and re-checks after each fix. The decomposition
pipeline proceeds in four phases (layer analysis, element extraction,
background reconstruction, output preparation), each passing its
result to the next.

We implement the system as a web application with a React and
Three.js frontend and a FastAPI backend. All images are processed
at 1024 × 1024 pixels, mapping to a 304.8 × 304.8mm (12” × 12”)
physical board. The system uses three categories of AI models:
a VLM (Gemini 3.1 Pro) for image analysis, detection, and scene
understanding; an image generation model (Gemini Flash) for styl-
ization, inpainting, and reconstruction; and SAM2 Large [40] for
pixel-level segmentation, self-hosted on a Mac Mini (M4) with MPS
acceleration. Stage 3’s fabrication agent uses Gemini 2.5 Flash with

function calling. Per-component model versions, prompt design
patterns, and engineering methodology are detailed in Appendix D.

5.1 Decomposition Pipeline
The decomposition pipeline transforms a confirmed layer proposal
into individually editable elements with vector cut and engrave
paths, in the four phases shown in Figure 6 (left).

5.1.1 Layer Analysis. Given the confirmed layer proposal from
Stage 1 (Sec. 4.1), a VLM call analyzes the source image and returns
a structured list of elements grouped by depth layer, each with
a natural-language description using absolute spatial references
(Appendix D). A separate call produces a one-time style description
covering art style, spatial layout, background surface, and texture
language, stored for later inpainting.

5.1.2 Element Extraction. The pipeline processes one layer at
a time, front to back. For each layer, a VLM detection call locates
every element and returns per-element bounding boxes along with
positive and negative point prompts that guide SAM2 toward the
correct region. To handle the wide variation in element types—
from sharp-edged buildings to diffuse tree canopies—we designed a
multi-stage extraction cascade (Figure 6, left). SAM2 [40] attempts
segmentation first using the bounding box and point prompts. If
the resulting mask scores below a confidence threshold or is dis-
proportionate to the bounding box, the system feeds the initial
low-resolution output back into SAM2 as a refinement pass. When
SAM2 cannot produce an adequate mask—common for elements
with structural openings such as tree canopies or rock arches—the
system falls back to generative extraction (Figure 6, differential
mask): the image generation model redraws the element on a uni-
form background, and pixel-wise comparison against the original
produces the mask. This cascade prioritizes speed (SAM2 is an or-
der of magnitude faster than generative extraction) while ensuring
coverage across element types. Elements with noisy or incomplete
masks can be repaired on demand in Stage 2 (Sec. 4.2).

Occluded elements are handled implicitly by the front-to-back
processing order: once a front layer’s elements are extracted and
inpainted away, the hidden portions of deeper elements are re-
vealed for subsequent detection. The Grab pathway (Sec. 4.1) uses
a similar cascade for single-element extraction, with an additional
occlusion check: if a VLM determines the target is partially hid-
den, a generative model draws the complete element on a magenta
background, and chroma-key removal produces the mask and SVG
outline, bypassing SAM2 entirely.

5.1.3 Background Reconstruction. After all elements in a layer
are extracted, the pipeline fills the regions they occupied so that
the next layer can be detected against a clean image. Elements
are removed front-to-back, one layer at a time. Before filling each
hole, a VLM looks at the current image, the hole to fill, and the
stored image style description, then writes specific fill instructions
(e.g., “extend the red-and-navy plaid fabric pattern at the same 45-
degree diagonal direction”). The prompt also lists which elements
have already been removed, to prevent the model from accidentally
recreating them (Appendix D). The filled image becomes input for
the next layer. This cycle of extract-then-fill repeats until all layers
are processed.
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Figure 6: Backend architecture. Left: Decomposition pipeline processes layers front to back: analyze, detect, segment, extract,
inpaint, repeat. Right: Fabrication agent loop: constraint detection (floating elements, thin elements) surfaces issues, the user
chooses a resolution, the agent executes the action (add bridge, set material), and re-checks the modified layer.

5.1.4 Output Preparation. Each extracted element produces two
vector representations: an outline SVG (mask boundary converted
to a cut path) and an engrave SVG (internal detail lines via Sobel
edge detection and Potrace vectorization).

The pipeline also supports two on-demand operations from
Stage 2 (Sec. 4.2). Repair uses the same chroma-key isolation as
the Grab pathway’s occlusion completion: the generative model
receives the element name, a cropped region of the original scene
(25% padded bounding box), and the noisy extraction, then re-
generates the element on a magenta background (Appendix D).
Sub-segmentation re-runs the batch detection pipeline on a single
element’s image, treating it as a new scene to decompose into parts.

5.2 Fabrication Agent
The fabrication agent covers the two C4 (fabrication constraints)
failure modes (Sec. 3) detectable from SVG geometry alone, floating
and thin elements. The agent operates in a loop (Figure 6, right): it
detects violations, the user chooses a resolution (Sec. 4.3), and the
agent executes the fix and re-checks the layer, until all issues are
resolved or the user exports.

5.2.1 Constraint Detection. Before analysis, the system merges
overlapping segments within each layer. A union-find graph treats
all segments and the frame ring as nodes; pairwise overlap detection
inflates each polygon by 5 px (in the fixed 1024 px image space,
independent of board size), turning touching edges, which share
zero area and would be missed by a strict boolean intersection,
into measurable overlap. Connected components are merged via
boolean union into single outlines, eliminating internal cut lines
between touching segments.

The agent then detects two classes of physical constraints (Fig-
ure 6, right). Floating elements: any merged component not con-
nected to the frame ring has no physical support in the final arti-
fact. The agent highlights the floating part in the 3D view and
reports its distance to the nearest anchor. Thin elements: a re-
gion is too thin when it is narrower than the material’s minimum
survivable width 𝑤min, the narrowest strip that survives cutting
without snapping or burning away (plywood ≥ 1.0mm, acrylic ≥
1.5mm, set with the material). Detection is a morphological open-
ing: each polygon is eroded inward by 𝑤min/2 and dilated back,
and whatever fails to survive the round-trip is flagged with its
measured width. The erosion distance is scale-aware: erosion =

(𝑤min/2) ×1024/(boardmm× scale). Changing the fabrication scale
triggers re-evaluation, since features that survive at one size may
fall below the threshold at another.

5.2.2 Agent Action. The agent executes two types of actions
based on the user’s resolution choice (Sec. 4.3). Add bridge: a bridge
polygon connects the floating part to its nearest anchor, or the
user draws a bridge directly on the 3D view for precise placement.
Each bridge is previewed as a translucent ghost overlay before
committing. Once committed, the transitive union merge detects
the chain (element, bridge, frame) and produces a single continuous
outline with no internal cut lines. Set material: the agent updates the
material preset for a layer through natural language (e.g., “change
the last layer to acrylic”), changing both the 3D preview appearance
and the physical thresholds for constraint detection (𝑤min varies
by material).

5.3 Pipeline Evaluation
To validate generalization and identify failure modes, we tested the
pipeline on 24 images (12 real photographs, 12 AI-generated) from
Vecteezy across six categories. Table 1 reports which extraction
route resolved each element. The majority of elements resolved
through the SAM2 cascade; the most challenging cases were diffuse
natural boundaries in real photographs (distant mountains, fog
gradients), which often required Stage 2 repair. Each layer took ap-
proximately 39 s, totaling 3–4 minutes per image; the bottleneck is
API latency (VLM detection and generative inpainting) rather than
local computation. Detailed extraction statistics and per-category
breakdowns are reported in Appendix E.

Table 1: Extraction route per element (238 elements across
107 layers). Each element resolves at the first route that pro-
duces an adequate mask; the SAM2 first pass resolves at
mean confidence 0.91, generative extraction handles struc-
tural openings, and the bounding-box fallback covers low-
contrast regions.

Route SAM2 first SAM2 refine Generative Bbox

Elements 77% 4% 12% 7%
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Figure 7: Task 1 outcomes. Top row: each participant’s source image with added element(s). Bottom row: the fabricated artifact.
All six participants created a layered souvenir from the same riverside village photograph.

6 Practitioner Study
Having validated C1–C3 (sourcing, preparation, spatial awareness)
with novices and identified C4 (fabrication constraints) as unad-
dressed in Round 2 (Sec. 3), we evaluated the redesigned Fab-
Dreamer with six fabrication practitioners spanning diverse do-
mains and laser-cut expertise levels. The study addressed two ques-
tions: RQ1, whether FabDreamer effectively supports layered laser-
cut art creation across expertise levels and resolves C1–C4; and
RQ2, how the three-stage workflow transfers to other fabrication
domains and where domain-specific knowledge must be supplied.

6.1 Participants
We recruited six fabrication practitioners (4 female, 2 male; ages
25–39) from the university community and local maker networks,
selected for diversity in both fabrication domain and laser-cut ex-
pertise (Table 2). All participants used AI tools in other aspects of
their work, such as text generation or image creation, but none had
integrated AI into their fabrication practice, citing a lack of tools
that fit their fabrication workflows. Each participant was asked to
bring 2–3 images from their own fabrication domain for our study.

6.2 Study Protocol
The study used a two-task within-participant design. In Task 1
(40–50 min), all participants created a layered laser-cut souvenir
from the same riverside village photograph, each required to add
at least one element not in the original image. In Task 2 (40–50
min), each participant chose one of the images they had brought
from their own practice and used FabDreamer to work toward a
domain-relevant artifact. The fixed Task 1 provides a controlled
baseline; the contrast between each participant’s behavior across
the two tasks isolates domain transfer from system unfamiliarity
and individual working style, and constitutes the central analytical
move for RQ2.

Each session lasted 90–120 minutes, conducted remotely via
Zoom with participants on their own laptops. All sessions were
screen- and audio-recorded. Before each task, a brief interview
(10–15 min) established the participant’s baseline workflow. After
each task, a semi-structured interview (10–15 min) collected sys-
tem impressions, C1–C4 verification (Task 1), and domain-transfer
reflections (Task 2). Participants thought aloud throughout. Inter-
action logs captured all AI invocations, canvas edits, and stage
transitions, complementing the recordings and interviews. Full
interview protocols are provided in Appendix C.

6.2.1 Fabrication and Follow-Up. In Stage 3, participants finalized
material choices and physical dimensions; the research team then
fabricated all 12 artifacts (6 participants × 2 tasks) on an xTool P2
CO2 laser cutter at participant-specified scale, using manufacturer
presets for the chosen material (3 mm basswood, 3 mm acrylic,
poster paper, or foamcore). All artifacts were cut and assembled
without structural failures. Participants received photographs and
a short video of their fabricated artifacts and assessed, in a 10–15
minute follow-up interview, whether the physical result matched
their design intent.

6.2.2 Analysis. Three researchers independently coded transcripts
and think-aloud recordings following a reflexive thematic anal-
ysis approach [7], reconciling through discussion. For RQ1, we
compared Task 1 behavior across expertise levels; for RQ2, we con-
trasted each participant’s behavior across the two tasks to identify
structural transfer versus domain-specific friction.

6.3 Results
All participants successfully completed both tasks and exported
fabrication-ready files. All 12 artifacts were subsequently fabricated
by the research team without structural failures (Figures 7, 8).

6.3.1 Task 1: Challenge Resolution Across Expertise Lev-
els. All six participants completed Task 1 within 40–55 minutes
regardless of laser-cut experience. Despite working from the same
photograph, designs diverged substantially in frame shape, ma-
terial, scale, and added elements (Figure 7); this divergence from
identical input indicates a genuine creative design space rather than
convergence toward a single solution.

All four challenges were addressed, though with different resolu-
tion profiles. C1 (sourcing) and C2 (preparation) resolved uniformly:
AI generation and the Grab pathway removed element sourcing
friction, with P1 noting the tool “significantly lowers the cost of
finding and preparing materials”; automated segmentation with
on-demand repair addressed preparation bottlenecks, with P3 and
P4 particularly valuing occlusion completion for reconstructing
hidden content. C3 (spatial awareness) also resolved uniformly but
with expertise-dependent usage: all six participants used the 3D pre-
view actively, though less experienced participants (P5, P6) relied
on it for basic spatial orientation while more experienced ones (P2,
P4) used it for precise alignment and material contrast decisions
across layers.
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Table 2: Study participants. Yr = years of domain experience. LC = laser-cut experience (0: none, 1: observed, 2: occasional, 3:
regular).

ID Role / Domain Yr Layered Artifact Practice LC

P1 Fabrication researcher 10 Wax-paper actuator prototypes 2
P2 Architecture instructor 11 Stacked contour landscape models 2
P3 Illustrator / sticker products 4 Layered scene stickers for DIY decor 1
P4 Makerspace manager / toy design 13 Pop-up greeting cards, multi-material 3
P5 Accessible tech researcher 2 Tactile Braille cards (fabric + paper) 2
P6 Fabric artist / children’s books 6 Handmade layered fabric books 0

Figure 8: Task 2 outcomes. Top row: each participant’s design in FabDreamer’s 3D preview. Bottom row: the fabricated artifact.
Participants applied FabDreamer to six different fabrication domains.

C4 (fabrication constraints) produced the most differentiated
responses and most directly answers RQ1. Its resolution was uni-
versal but asymmetric across expertise levels. Participants with less
laser-cut experience found agent warnings revelatory. P5’s compact
design triggered a thin-feature warning she had not anticipated;
she scaled up the entire composition until it cleared. P2’s sun was
flagged as floating; rather than simply bridging it, he returned to
Stage 2 and added a clear acrylic basement layer so the sun could
appear suspended while remaining physically supported, turning
a constraint warning into a material design decision. Participants
with stronger fabrication expertise engaged warnings selectively.
P4 rejected the auto-fix for her floating horse and drew her own
bridge, controlling the attachment point for both structural and
visual reasons. She also identified a constraint the agent had not
flagged: auto-generated bridges may be too narrow to survive as-
sembly handling even when they pass geometric checks, a gap
between detected geometry and material survivability that expert
users filled from their own knowledge.

All six found FabDreamer more convenient and fluid than their
self-described workflows, crediting the integrated pipeline for elim-
inating software-switching overhead (Sec. 7). Stage preferences
were heterogeneous, consistent with the intent of varying AI initia-
tive: P1 and P2 most valued Stage 1’s generation pathway, P4 most
valued Stage 3’s prepare-and-preview workflow, and P3, P5, and
P6 experienced the three stages as a coherent whole. Stage-level
friction was concentrated in Stage 1 (Decompose) and modulated
by familiarity with layered thinking: P2 and P4 confirmed AI pro-
posals with minimal modification, while P5 and P6 revised more
iteratively before proceeding. P4 summarized: “The decompose

part needs a little bit of scaffolding as a first-time user, but from
create to prepare it’s pretty straightforward.” One Stage 3 (Prepare)
gap emerged from post-task interviews: P1 observed that material
choices made during design (thickness, burn thresholds) are not
propagated into fabrication software settings, pointing toward a
natural next step in closing the image-to-physical loop (Sec. 8).

6.3.2 Task 2: Workflow Transfer Across Domains. All six par-
ticipants applied FabDreamer to their own domains and produced
fabricable, domain-relevant designs (Figure 8, Table 3). Designs
diverged substantially from Task 1: a 4-layer foamcore actuator pro-
totype (P1), a 5-layer architectural site model from a plan drawing
(P2), a 2.5D room-design sticker set (P3), a spiral pop-up greeting
card (P4), a Mucha painting decomposed on 0.16mm basswood for
tactile reading (P5), and a cartoon monkey in fur-color layers for
fabric cutting (P6).

Two of these applications illustrate that the approach extends
beyond decorative artifacts. P2, an architecture instructor, saw the
integrated flow as removing the file-handoff overhead that domi-
nates studio work, freeing students for design itself; for site models,
working from images rather than meshes lowered the entry cost:
“3D models for slicing are very hard to find; comparatively, images
are more convenient.” P5, an accessibility researcher, positioned lay-
ered decomposition as a low-cost path to tactile graphics for blind
and low-vision readers, a need text-only Braille tooling does not
cover: “we could make things that let them feel the brushstrokes...
if there’s a mountain, you actually make a raised mountain in the
canvas.”

Stages 1 (Decompose) and 2 (Create) transferred across all six
domains with minimal friction, directly answering the first half of
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Table 3: Task 2 workflow adaptations by participants.

ID Key Workflow Adaptation

P1 Described full design in natural language; AI generated geometry
directly. Used gap controller to preview vertical depth for layers
glued onto a horizontal plane.

P2 Assigned site features to layers; duplicated building layers to
simulate different heights. Toggled between Stage 2 and Stage 3
to iterate on layer count and material.

P3 Exported PNGs for all decomposed elements into existing print
pipeline. Stage 2 Repair reconstructed occluded objects. SVG
output eliminated manual bleed step.

P4 Created spiral shape, added bridges between concentric circles
as structural joints. When folded, rings stand in 3D. Treated
Prepare as part of Create.

P5 Decomposed complex organic artwork into semantically mean-
ingful layers (jewelry, figure, zodiac, background). Fine engrav-
ing preserves brushstroke texture for tactile reading.

P6 Generated cartoon character, decomposed into fur-color and
feature layers (muzzle, eyes, panels) for cutting from different
colored cloth.

RQ2. The core workflow remained stable; what varied was how
participants appropriated generic geometric operations for domain-
specific purposes. P1 used the gap controller (for previewing layer
spacing) to visualize how layers would look glued vertically onto
a horizontal plane, repurposing a stacking tool for a non-stacking
assembly. P2 duplicated building elements across multiple layers
to express different building heights, reinterpreting layer depth as
architectural elevation. P4 treated bridges not as constraint fixes but
as structural joints for a fold-up pop-up card. P3 used FabDreamer
for decomposition and repair, then exported PNGs into her existing
Procreate-to-print pipeline, integrating the tool as an upstream
stage rather than a complete replacement.

AI initiative comfort followed the Task 1 pattern across domains:
all participants welcomed the Stage 1 layer proposal as a starting
point, with the same split between minimal modification (P2, P4)
and iterative revision (P3, P5, P6), and the Stage 2 on-demand model
was accepted universally; P3 described the balance as natural, al-
lowing her to focus on compositional decisions as she would in her
own illustration software.

Stage 3 (Prepare) surfaced domain-specific constraints not en-
coded in the fabrication agent, directly answering the second half
of RQ2. Four categories emerged from Task 2 interviews. Material
parameters: P1 and P4 both noted that cutting power and speed vary
by material and machine, and that propagating material choices
from design into machine settings would eliminate manual re-entry,
a step the current export leaves to the user. Assembly and joinery: P4
identified that how layers physically connect after cutting, whether
by glue, notch, or press-fit, requires joinery knowledge the geo-
metric agent cannot supply, referencing finger-joint and T-slot
conventions the system does not represent. Tactile and spatial re-
quirements: P5’s sensor assembly required a three-layer structure
in which layer order was governed by circuit topology rather than
visual depth, a constraint invisible to any geometry-only analysis.

Print specifications: P3 noted that her commercial print pipeline
requires CMYK conversion and bleed width; the SVG export elimi-
nated her manual bleed step but does not encode the color-profile
metadata that print factories require.

In follow-up interviews, all participants confirmed the physical
output matched their design intent; the remaining assembly steps
(P1’s horizontal support plane, P4’s fold pattern) drew on their own
domain expertise.

7 Discussion
Though FabDreamer is instantiated in one domain, the cross-domain
study lets us test, rather than assert, what generalizes (Sec. 6.3). We
draw three lessons for AI-assisted fabrication tools: carry fabrica-
tion constraints as a continuous thread rather than a terminal check;
integrate the operations practitioners currently span across tools;
and provide domain-neutral geometric operations that practitioners
reinterpret.

7.1 Physical Awareness Creates Creative
Opportunities

Making physical constraints visible during design supported cre-
ative invention beyond error prevention. Screen-based design tools
assume that what looks right on screen is the end goal; when the
target is a physical artifact, that assumption breaks down. Fab-
Dreamer’s fabrication agent surfaced physical consequences while
design decisions were still open, and participants responded by de-
signing with the constraints: as seen with P2 and P5 in Task 1 (C4),
warnings became starting points for material and compositional
choices. Here the constraint check acts as productive friction: an
interruption that redirects rather than merely delays [11].

P4’s engagement in Task 2 went further still. She recognized
bridges not as constraint fixes but as structural elements for pop-up
card design, connecting them to Love Pop’s commercial products:
“Can I manipulate the bridge a little more?” She iterated between
Stage 2 and Stage 3, treating structural verification as part of cre-
ative composition rather than a final quality gate. This collapses
the assumed boundary between “create” and “prepare”, consistent
with Jacobs et al. [24], whose computational tools enhance practice
without enforcing linear stage progression.

7.2 End-to-End Integration Restructures
Practice

Practitioners valued the pipeline’s integration more than the capa-
bility of any individual stage. Participants identified existing tools
that handled individual stages better than FabDreamer (Rhino for
vector editing, Photoshop for layer management, Cricut for mate-
rial prompting), yet consistently endorsed the integrated pipeline.
P2 explained: “Switching between software is very troublesome;
this kind of integrated flow is obviously better, and file handoff be-
tween tools is itself a common source of error,” echoing findings on
hybrid craft tools where workflow continuity outweighs per-stage
capability [56].

P3went further: with FabDreamer, she “probablywouldn’t bother
separating layers in detail while drawing; I’d just throw it in here
to separate at the end.” This comment concerns upstream behavior
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rather than decomposition quality: knowing that the pipeline han-
dles decomposition changes how she would draw from the outset.
Similarly, P2 observed that layer planning in Stage 1 “seems not
that important” because Stage 2 allows reassignment. The tool does
not merely automate steps in an existing workflow; it restructures
how practitioners think about their entire pipeline.

This restructuring is not reducible to efficiency gains: it appears
precisely because physical feedback (3D preview, constraint detec-
tion, material simulation) lives in the same environment as image
editing and layer composition. The design implication is that in-
tegration should be a first-order goal for image-to-physical tools,
with its payoff measured upstream as well as downstream [8]. Their
preference for the pipeline over stronger standalone stages mirrors
the distinction in behavioral design between optimizing individual
choices and shaping the infrastructure that conditions them [45].

7.3 Geometric Primitives Are
Domain-Appropriable

Practitioners appropriate generic geometric primitives for domain-
specific purposes the system was never designed for, which means
supporting multiple fabrication domains does not require encoding
each domain’s rules into the agent. P4 repurposed bridges as pop-up
card joints, P1 repurposed the gap controller as a vertical-assembly
preview, and P2 repurposed layer depth as architectural elevation,
in each case supplying the domain interpretation that the system’s
geometry-only representation left open.

The extensibility model this suggests is to provide appropriable
geometric operations and let practitioners supply the interpreta-
tion. This aligns with Li et al. [29]’s call for vertical movement in
creativity support tools: the ability to inspect and retool a tool’s
abstractions rather than being bound by them, applied here to
physical fabrication.

The constraint taxonomy in Sec. 6.3, however, marks the bound-
ary of this model: the four domain-specific constraint types prac-
titioners identified cannot be detected from geometry alone. P5’s
trust concern (“If AI helped me, I would expect it to definitely
work”) is instructive: an agent that flags floating elements with the
same confidence as it estimates joinery clearance misleads practi-
tioners exactly when they need calibrated judgment. The bound-
ary between geometry-detectable and domain-supplied constraints
should be a visible property of the agent interface [29], as in other
review tools where the agent surfaces candidate issues for expert
judgment rather than resolving them [12].

8 Limitations and Future Work
The decomposition pipeline relies on SAM2 with generative ex-
traction as fallback: SAM2 can confidently segment the wrong
element when bounding boxes overlap, occlusion completion pro-
duces plausible but not faithful output, and because each layer’s
inpainting feeds the next, errors can compound; the modular archi-
tecture allows swapping in improved models. Our study included
six participants in single sessions: the domain diversity provided
breadth for cross-domain patterns, but longitudinal use would re-
veal whether the adaptations we observed persist beyond initial
exposure.

Stage 1’s text-based proposal could be complemented by inter-
action on the segmentation itself, such as direct click prompts
augmenting the VLM’s prompts to SAM2 or multiple candidate
decompositions to choose among; a segment-first, group-later path-
way would invert the order-then-segment architecture that enables
occlusion inpainting (Sec. 5.1). Offering several candidates rather
than one would also change what users explore before committing,
an effect documented for pre-decision exploration designs [10].

Our account of the varying-initiative design is qualitative (Sec. 6.3),
and the right initiative setting proved domain-dependent: P1weighted
workflow efficiency, P3 creative control. A standardized per-stage
scale would average away exactly these differences, so a systematic
initiative-allocation study is a natural next step.

Within the geometry-detectable class the agent covers, further
checks such as kerf-aware spacing and press-fit clearances can
join the agent’s detection loop (Sec. 5.2). FabDreamer’s output is a
fabrication-ready SVG; machine-specific parameters remain with
fabrication software presets, and propagating material choices into
machine settings would close this remaining gap in the image-to-
physical workflow. Both pilot experts and participants (P4) high-
lighted FabDreamer’s potential for scaffolding students’ understand-
ing of the digital-to-physical transition.

9 Conclusion
Developing FabDreamer and observing six practitioners apply it
within their own fabrication domains yields three conclusions that
extend beyond the system itself. First, AI initiative should be cali-
brated to the recoverability of error: participants accepted an AI that
leads when errors are recoverable, and expected to lead themselves
when errors consume material. This calibration, more than any
single capability, sustained the collaboration, and it offers designers
of fabrication tools a concrete criterion for deciding where automa-
tion belongs. Second, visible physical constraints open creative
opportunities beyond error prevention: when structural warnings
carried physical explanations, practitioners treated them as design
material, inventing support layers and repurposing bridges as struc-
tural joints. Constraint feedback should therefore be designed as
a creative surface woven through composition rather than as a
terminal check before export. Third, domain-neutral geometric
operations scale across domains in a way that per-domain rules
cannot: practitioners supplied the domain meaning themselves,
reading layer depth as architectural elevation and gap spacing as
assembly preview. Designers of fabrication agents should invest in
appropriable primitives and make visible the boundary between
what geometry can verify and what only the maker knows. The
image-to-physical gap will continue to narrow as models improve.
How initiative, constraints, and domain knowledge are shared be-
tween maker and machine is the more durable design question, and
these three conclusions constitute our answer.
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A Round 1: Formative Study Details
Followingmethods from prior analyses of creative practices [30, 31],
we analyzed 25 YouTube tutorials (2019–2024) onmultilayered laser-
cut design workflows, sourced using keywords including “multi-
layered laser cut workflow” and “layered laser cut tutorial.” We
excluded content focused solely on machine operation, single-layer

cutting, or assembly without design documentation. We addition-
ally conducted a 60-minute semi-structured interview with a pro-
fessional publisher with over 10 years of experience in digital fabri-
cation and layered laser-cut production. Guided by Albaugh et al.’s
material practice framework [1], three researchers independently
coded the video content and interview transcript across three di-
mensions: physical characteristics and operations, abstractions and
workflows, and aesthetics and forms. A reflexive thematic analy-
sis of the coded data produced the five-phase workflow (ideating,
preparing, arranging, processing, finalizing) and the four challenges
described in Section 3. Scenic and landscape designs were the most
common category (60% of tutorials), and 76% of creators relied on
existing vector libraries rather than personal images for source
material.

B Round 2: Early Prototype Study Details
B.1 Early Prototype
The prototype implemented a three-module pipeline for convert-
ing images into laser-ready layered designs. An image generation
module produced images from text prompts using Flux.1 [5], with
prompt engineering to encourage clearly segmentable entities. A
layer decomposition module used a vision-language model (Qwen2-
VL-72B [52]) to analyze depth relationships and assign entities to
up to five layers, then applied Grounding DINO [41] for entity de-
tection, SAM2 [40] for segmentation masks, and Stable Diffusion
3 inpainting [15] to fill occluded regions. A fabrication prepara-
tion module applied style transformations (mosaic or line art) and
converted layers to SVG files with color-coded cut and engrave
paths.

The web interface provided five panels: image generation and
upload, entity segmentation display, basic editing controls (scale,
rotate, position), drag-and-drop layer management, and a real-time
3D stacked preview. Users could generate or upload images, view
auto-decomposed layers, rearrange entities across layers, apply one
of two preset styles, and export SVG files for laser cutting. The
system did not support error recovery during segmentation, offered
limited creative editing, and performed no fabrication constraint
checking.

B.2 Round 2 User Study Procedure
We conducted a two-phase pilot study to evaluate the prototype
with both novice users and domain experts.

In Phase 1, we recruited 10 participants (5 female, 5 male;
mean age = 23.9, SD = 3.1) with no prior experience in layered
laser-cut design. Participants included graphic designers (3), digital
artists (2), and hobbyist makers (5). Each completed a 60-minute
remote session: a brief introduction to layered laser-cut art (10
minutes), an open-ended design task on a self-selected topic with
think-aloud protocol (35–40 minutes), and a post-task survey and
semi-structured interview (10 minutes). We documented screen
interactions, system logs, and verbal explanations. All designs were
fabricated on a Universal Laser System ULTRA X6000, cutting 5.5-
inch square basswood panels at 1/8-inch thickness, and participants
reviewed their physical results in a follow-up session.
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In Phase 2, three domain experts—an educator with over 10
years teaching digital fabrication, a makerspace director special-
izing in creative fabrication, and an active maker with five years
of layered art experience—each reviewed the fabricated pieces and
recorded design processes in a 60-minute session, providing struc-
tured feedback on design quality, technical viability, and system
potential.

B.3 Round 2 Results
All 10 participants successfully created multi-layered designs rang-
ing from 3–5 layers, completing their designs in an average of 25
minutes (Figure 9). Subjects spanned character and animal scenes,
natural landscapes, and architectural compositions—all of which
survived laser cutting and physical assembly. Survey ratings were
positive overall, with the real-time 3D preview feature receiving
the highest satisfaction (mean = 4.9/5), followed by layer control
feature (4.0/5) and entity editing feature (3.8/5). These outcomes
validated that the core pipeline—from AI-generated image through
layer decomposition to physical fabrication—was viable. The gaps
identified from these findings are described in Sec. 3.

C Round 3: Practitioner Study Details
C.1 Recruitment
In Table 2, Yr denotes years of experience in the participant’s pri-
mary fabrication domain. Layered Artifact Practice describes
each participant’s layered artifact work in their own domain, from
which they brought 2–3 images for Task 2. LC (laser-cut experi-
ence) is rated on a four-point scale: 0 = no experience; 1 = observed
others but never operated independently; 2 = occasional use, a few
times per year depending on project needs; 3 = regular use, several
times per month.

Candidates were screened using an online eligibility form cover-
ing primary fabrication domain, years of practice, types of layered
artifacts produced, and current software tools. We required at least
two years of active fabrication practice and at least one layered
physical artifact produced in the candidate’s domain. We excluded
candidates whose primary practice was laser cutting specifically,
to avoid a ceiling effect in Task 1 that would reduce the behavioral
contrast between tasks. All participants used AI tools in other con-
texts (text generation, image generation, or design assistance) but
had not integrated AI into their fabrication workflows, confirming
they were neither resistant to AI in principle nor already habituated
to AI-assisted fabrication.

C.2 Background Survey
Administered online before the session to preserve session time for
qualitative data collection. Four sections:

Practice. Role, years of fabrication experience, primary domain,
materials, and machines used.

Layered artifact experience. Whether participants had cre-
ated layered physical artifacts, a description of a recent example,
and their typical image-to-physical workflow including most time-
consuming and most technically difficult steps.

Laser-cut experience. Rated on a four-point scale: 0 = no ex-
perience; 1 = observed others but never operated independently;

2 = occasional use, a few times per year depending on project needs;
3 = regular use, several times per month.

AI familiarity. Frequency of use, specific tools used, self-assessed
comfort level, and whether participants had used any AI tool for
image decomposition or segmentation.

C.3 Round 3 Procedure and Interview Protocols
Opening Interview (15 minutes). Participants described a recent
fabrication project from start to finish before any system interaction,
with probes for C1–C4 if not raised spontaneously. For example,
“Have you ever had a design fail during fabrication because of some-
thing not caught at the design stage?” The vocabulary that emerged
served as a pre-tool baseline for RQ2 analysis.

Pre-Task 1 Interview (10minutes). Participants were shown the
Task 1 image and asked to walk through how they would approach
it using their own tools, including estimated time and hardest step.
The interviewer probed for C1–C4 if not mentioned. Estimated
times and identified hardest steps were recorded as anchors for
post-task challenge verification.

Post-Task 1 Interview (10–15 minutes). System impressions
were anchored to each participant’s pre-task estimates: “Earlier
you estimated this would take [X] and that [step] would be hardest
— how did your experience compare?” C1–C4 challenge verification
followed, with the C4 probe: “Did the fabrication agent catch things
you would have caught yourself, or things you would not have noticed?
Did it miss anything you knew would be a problem?” Feature-level
feedback covered the layer proposal in Stage 1, the canvas and
3D preview in Stage 2, and the fabrication agent and SVG export
in Stage 3. Feature feedback was collected here rather than after
Task 2 because participants had just engaged with every feature in
a controlled, fixed-image context.

Pre-Task 2 Interview (10 minutes). Same C1–C4 probe struc-
ture as the pre-Task 1 interview but focused on the participant’s
primary domain. Two activation questions surfaced initial transfer
mental models before system exposure: “How would you describe
FabDreamer to a colleague in your field?” and “If you were going to
use FabDreamer on a project in your domain, what kind of project
would you try?”

Post-Task 2 Interview (10–15 minutes). Transfer impressions:
which stages transferred directly, which required adaptation, and
which felt absent or mismatched. Domain-specific constraint probe:
“Were there fabrication constraints that matter in your domain that
FabDreamer had no concept of? How should a tool communicate those
to someone without your expertise?” Task contrast: “Did you use the
tool differently in Task 2 than in Task 1? What constraints were you
thinking about that the tool did not ask you about?”

Follow-Up Interview (10–15 minutes). Conducted after partic-
ipants received photographs and a short video of their fabricated
artifacts. Physical output assessment: whether the result matched
design intent, any structural surprises, and what would need to be
different for the artifact to be usable in their actual practice. Revised
overall assessment: “Now that you have seen the physical results, has
your assessment of FabDreamer changed?”
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Figure 9: Round 2 user study participant creations. All 10 novice participants successfully created 3–5 layer designs spanning
diverse subjects—landscapes, character scenes, architectural compositions—and all designs survived laser cutting and physical
assembly. Each cell shows the text prompt, generated image, and final fabricated artifact.

D AI Components and Prompt Design
FabDreamer uses 19 AI components plus SAM2 (Table 4). All Gemini
calls use the Google Gemini API via the google-genai SDK. The
system uses three model tiers: Gemini 3.1 Pro for image analysis
and spatial reasoning, Gemini 3.1 Flash Image for generation and
inpainting, and Gemini 2.5 Flash for the fabrication agent. SAM2
Large is self-hosted on aMacMini (M4) for pixel-level segmentation.
Each component includes an automatic fallback to an alternative
model on API errors.

Two prompt design patterns are worth noting. First, because
the pipeline removes elements front-to-back and inpaints between
layers, earlier elements may be gone by the time deeper layers are
analyzed. All element descriptions use absolute spatial references
(“bottom-center of the image”) rather than relative ones (“below
the duck”), and each inpainting prompt lists previously removed

elements to prevent the generator from recreating them. Second,
background reconstruction uses a two-level strategy: a one-time
style analysis captures the input’s art style and texture language
(e.g., “quilted fabric art, crosshatch linen background”), and per-
layer fill instructions reference this description to maintain visual
consistency (e.g., “continue red-navy plaid pattern at 45-degree
diagonal”). Occlusion completion and segment repair draw the
target element on a solid magenta background; chroma-key removal
produces a clean transparent PNG whose alpha channel serves as
the segmentation mask. We also explored an alternative all-Gemini
pipeline (∼1,500 lines) that used the image generation model for
both detection and mask generation in a single multi-turn session,
eliminating SAM2. It was abandoned after producing lower mask
quality than the hybrid approach for pixel-precise segmentation.
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Figure 10: Pipeline test results for 24 images. Each pair shows the input image (left) and the one-shot cascade result with
extracted elements stacked (right). Most noisy elements can be recovered via the repair tool in Stage 2. Low-contrast elements
such as distant mountains and clouds against light skies are the most challenging cases for extraction.

Table 4: AI component summary. Components 1–17 operate
in Stage 1; component 18 in Stage 2; component 19 in Stage 3.

# Component Model Output

1 Layer analysis gemini-3.1-pro JSON
2 Batch detection gemini-3.1-pro JSON
3 Grab detection gemini-3.1-pro JSON
4 Sub-segment detection gemini-3.1-pro JSON
5 Humanize names gemini-2.5-flash JSON
6 Layer modification gemini-3.1-pro JSON
7 Rough mask (diff-mask) gemini-2.5-flash-image Image
8 Native mask (fallback) gemini-2.5-flash-image Image
9 Image structure analysis gemini-3.1-pro Text
10 Per-layer inpaint analysis gemini-3.1-pro Text
11 Background inpainting gemini-3.1-flash-image Image
12 Occlusion check (simple) gemini-3.1-pro JSON
13 Occlusion check (detailed) gemini-3.1-pro JSON
14 Occlusion completion gemini-3.1-flash-image Image
15 Image generation gemini-3.1-flash-image Image
16 Image update gemini-3.1-flash-image Image
17 Image stylization gemini-3.1-flash-image Image
18 Segment repair gemini-3.1-flash-image Image
19 Fabrication agent gemini-2.5-flash Text + tools
— SAM2 Large sam2.1_hiera_large Mask

E Pipeline Evaluation Details
The 24 test images were downloaded from Vecteezy (free license)
and manually cropped to 1024 × 1024 pixels, spanning six subcat-
egories: scenery (6), city (2), desert (4), beach (4), animals (4), and
transportation (4); extraction-route shares across the 107 layers and
238 elements are reported in Table 1. Generative extraction handled
elements with structural openings (e.g., tree canopies, rock arches);
the bounding-box fallback cases were primarily low-contrast clouds
against light skies. Illustration and vector-style images produced
the cleanest extractions due to sharp object boundaries. For real pho-
tographs, animals and human figures segmented well, consistent
with SAM2’s training distribution, while diffuse natural boundaries
(distant mountains, fog gradients, low-contrast terrain) were the
most challenging (Figure 10).
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