Ilustrator’s Depth: Monocular Layer Index Prediction for Image Decomposition
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Abstract

We introduce Illustrator’s Depth, a novel definition of
depth that addresses a key challenge in digital content cre-
ation: decomposing flat images into editable, ordered lay-
ers. Inspired by an artist’s compositional process, illus-
trator’s depth infers a layer index for each pixel, forming
an interpretable image decomposition through a discrete,
globally consistent ordering of elements optimized for ed-
itability. We also propose and train a neural network us-
ing a curated dataset of layered vector graphics to predict
layering directly from raster inputs. Our layer index in-
ference unlocks a range of powerful downstream applica-
tions. In particular, it significantly outperforms state-of-the-
art baselines for image vectorization while also enabling
high-fidelity text-to-vector-graphics generation, automatic
3D relief generation from 2D images, and intuitive depth-
aware editing. By reframing depth from a physical quantity
to a creative abstraction, illustrator’s depth prediction of-
fers a new foundation for editable image decomposition.

1. Introduction

The organization of a digital artwork into a stack of layers is
a fundamental concept in creative software. This paradigm,
common to both vector-based and raster graphics tools, is
central to the creative process as it allows for the indepen-
dent manipulation and editing of individual compositional
elements. This layering is also inherently related to the
physical depth of objects within a scene, in that closer el-
ements obscure those that are farther away.

While recent neural architectures can efficiently and ac-
curately predict monocular depth from images [2, 54] or
compute panoptic segmentations [15, 33], they are unable to
decompose input illustrations or images into useful, ordered
layers for three main reasons. First, illustrative layers differ
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Figure 1. Overview. Given an input image, our model predicts
Lllustrator’s Depth, a learned ordering of compositional layers that
reflects how an artist might have structured the image layout. This
representation, applicable broadly to illustrations (left), paintings
(middle), or even some realistic images (right), enables multiple
downstream applications such as vectorization, intuitive editing,
text-to-vector generation, and 3D relief fabrication.

fundamentally from physical depths: important visual ele-
ments such as shadows may be placed above the objects on
which they are cast, and non-orthogonal flat surfaces with
overlapping physical depth gradients may nevertheless be
mapped to discrete, sortable layers (see dominoes in Fig. 2).
Second, because illustrations typically appear on flat media
(i.e., book pages, posters, or paintings), monocular depth



estimation models are explicitly trained to ignore them (see verse data [1, 2, 31, 54]. They yield nely detailed and con-
t-shirt in Fig. 2). Third, illustrative layering is conceptually tinuous (relative or metric) depth maps that serve as robust
independent from standard panoptic segmentation: contemphysical priors. Yet, they remain blind to content without
porary segmentation models [33] generate predictions with-true volume, like printed posters or patterns on clothing. In
out encoding any relative ordering, addressing fundamen-contrast, our objective is to produce a new kind of depth
tally distinct aspects of scene understanding. Layer depthsprioritizing user editability over metric prediction.
derive, instead, from a subtle mix of segmentation and depth|_ayered depth for view synthesis. Layered Depth Im-
ordering to facilitate both design and editing. ages store multiple depth samples per ray to model oc-
Although rarely acknowledged as such, layer inference clusions [5, 43], while Multiplane Images approximate
is a core challenge in vectorization that impacts numerousscenes by many fronto-parallel planes for novel-view ren-
downstream applications by offering an intuitive layer de- dering [24, 63]. These abstractions excel at detecting dis-
composition enhancing editing capabilities. Existing state- occlusions and synthesizing new views, but they produce
of-the-art methods, however, remain limited in scope, han- multi-sample or multi-plane depths, not a single discrete in-
dling only simple inputs [44, 51] or relying on brittle  dex per pixel that a designer can restack. Furthermore, they
heuristics [11, 18, 23, 29, 61, 62] which do not consis- focus on physical depth like MDE, unlike our illustrator's
tently yield useful results. In the raster domain, several ap- depth which focuses on layer index prediction.
proaches have explored transparent layer extraction or gena ,qal / instance / panoptic segmentation. Moving from
eration [20, 28, 46, 50, 53, 56], yet these operate exclusively yoometry to semantics, segmentation families group re-
at the_objectle_vel. To the be_st of_our knowledge, no eX|s_t_|ng gions by categories, but do not encode geometric order-
technique achieves ne-grained image layer decomposmon.ing_ Standard instance and panoptic methods provide high-

We introduce lllustrator's Depth, a novel concept for rep- quality visible masks [3, 4, 10, 14-16, 32] without global
resenting the structural layering of vector graphics Specif- per-pixel depth ordering. Amodal instance and amodal-
ically, we de ne the illustrator's depth of an image as the panoptic formulations extend masks to occluded regions
inverse mapping from each pixel to its corresponding layer (for countable “thing” categories, typically), while “stuff
index in its digital mockup, effectively capturing the spa- categories remain modal; representative datasets and mod-
tial and compositional ordering of the artwork. We infer els include [25, 30, 52, 65]. Occlusion-aware and amodal
illustrators' depth from arbitrary images automatically by
leveraging a Depth Pro based neural network [2] trained
on a large, curated SVG dataset. Our model operates in
a feed-forward manner to predict pixel-level layer indices,
enabling a wide range of applications such as image edit-
ing and depth-aware vector graphics manipulation. More
speci cally, we present a number of contributions:

» We introduce the notion of lllustrator's Depth and train a
network to predict it, enabling fast layer decomposition;
*We show that incorporating our model into standard
vectorization pipelines yields consistently layered SVGs

with state-of-the-art visual delity;

*We propose a novel method for evaluating layer quality
in vector graphics by rasterizing the predicted illustrator's
depth and assessing its consistency with the ground truth;

* We demonstrate that coupling our pipeline with Text2Img
models substantially enhances the generation of high-
quality, editable vector illustrations from text;

* Finally, we showcase other applications of illustrator's
depth in layer-based segmentation, depth-aware object in-
sertion, tactile graphics creation, and artwork analysis. (a) Inputimage (b Illustrator's Depth  (c) Physical Depth

(Ours) (Depth Pro [2])
2. Related Work Figure 2. Physical vs. lllustrator's Depth. Unlike monocular
depth estimation, illustrator's depth (middle, in false colors) pro-
Monocular depth estimation (MDE). Classical learning  duces piecewise- at regions corresponding to layers and preserves
approaches for depth estimation from images [6, 8, 12, 36,compositional ordering even for printed or at elements (e.g.,
41, 60] have evolved into strong backbones trained on di- shadows, drawings, or textures) that lack real-world depth (right).



transformers re ne completion and boundary reasoning [5,
13, 19, 47], yet supervision and metrics remain instance-
centric or pairwise. None imposes a single, transitive or-
dering across all pixels, which is the target of our globally-

consistent ordinal layer map.

Generative decompositions for editing. Inspired by tra-

ditional approaches [7, 37, 45], editing-focused decompo-

sitions produce per-subject RGBA layers to facilitate local

edits. Examples include real-time human matting [21], gen-

erative pipelines that output editable layers for subjects andrigure 3. Depth-aware Image Vectorization. Our predicted
effects [20, 53], and atlas-based video methods that unwragillustrator's depth map (bottom left) can be integrated in tradi-
scenes into a few textures with an alpha channel for tem-tional vectorization pipelines to produce well-layered SVG images
poral consistency [18, 22]. These layers are effective for (right, in 3D for clarity). On this example, our model allows the
targeted edits but are independent and not constrained to &rouping of two disconnected white clusters to form a single back-
global, per-pixel depth order. Instead, we seek a single “il- ground layer, while accurately separating the white highlights.
lustrator's depth” map that provides an coherent ordering of

all pixels in order to facilitate further editing. rectly leveraged for editing purposes. This paper proposes
Layering in vectorization. An obvious application of our predicting this mapping .frpm an image using a neur::lll. net-
layer index estimation is vectorization: given our per-pixel work and a curated training set of layered compositions,

ialdi i ] i HW
ordinal map, standard raster-to-vector pipelines can groupy'e'dm,g an illustrator's deP‘h image (1) 2R wherg
paths by layer and export edit-ready stacks. Existing Sys_depth is treated as a continuous value rather than a discrete

tems based on heuristics or optimization [11, 18, 23, 29, 62] !ayer inplex as it still <_:ap_ture_zs relz_:\tive ordering \_Nhile allow-
often fail to infer a clean, useful layering. Learning-based ing straightforward binning into discrete values if necessary.

approaches [22, 34, 38, 39, 5_5] can, in principle, learn layer 3 5 Curating a Training Dataset

order from examples, but their training often compounds all

the steps of the vectorization process (includirégigr con- Training our network to predict lllustrator's Depth requires
trol points), resulting in frequent reconstruction failures on @ large-scale dataset of images paired with their ground-
complex inputs. Very recent works explore explicit layer truth layer structure. Scalable Vector Graphics (SVG) les
predictions for better editing [44, 51], but remain limited are an ideal source for this data, as they are inherently com-
in the amount of paths and details they generate. InsteadPosed of layered vector paths that de ne the stacking order
our layer index prediction provides a supervised signal for of @ composition. We leverage this property by develop-
ordering itself, allowing traditional vectorizers to assemble iNg a three-stage data preparation pipeline: rst, we source

SVGs in a manner most useful for further editing. a suitable dataset of layered SVGs; second, we curate it to
reduce ambiguity; and nally, we rasterize the vector les
3. Method into corresponding image and depth map pairs for training.

Data sourcing. While SVGs provide a structural founda-
We now introduce our notion of illustrator's depth in tion, the quality of their layering is crucial. Many SVG
Sec. 3.1, before describing our dataset curation in Sec. 3.2datasets, while visually correct when rendered, contain dis-
and nally presenting our neural network implementation organized or programmatically generated layers that do not
and training in Sec. 3.3. Evaluation tests and ablation stud-re ect an artist's intent. Yet, effective learning depends on

ies will be presented and discussed at length in Sec. 4. a dataset with intuitively and consistently structured com-
. positions. After reviewing existing options, we selected
3.1. lllustrator's Depth the MMSVG-lllustration dataset [55], which features SVGs

From an input illustration I, represented as a raster H W where elements are layered in a consistent and meaningful
RGB image, we refer to its illustrator's depth as the map- Way, with layers systematically organized from the lowest
ping from each image pixel of the input to a layer index index for the background to the highest index for the fore-
i2f1:::Ng. Conceptually, this map represents how an artist ground, and outline strokes always placed above their cor-
might have structured the image as a composition of N sep-responding color lls for instance.

arate layers (see Fig. 3), each corresponding to a differentData curation. Even a high-quality dataset like MMSVG
element or object drawn at a particular depth. Thus, illustra- contains inherent ambiguities that can hinder learning.
tor's depth provides a per-pixel layer assignment that cap- Artistic layering is often subjective; for instance, multiple
tures an interpretable notion of structural depth implicit in distinct objects might logically share the same depth level,
the artist's compositional work ow, which can then be di- and different artists may have different layering habits. This
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