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Fig. 1. The ‘SIGGRAPH’ example is created using our method: (S) demonstrates the fundamental approach with good shape containment, non-overlap, and
uniform distribution; (I) incorporates padding around geometric elements; (G-G) illustrates the smooth transition from axis-based initialization to final filling;
(R) showcases collages with stripe blocks; (A) highlights packing within a shape with a downward force; and (P, H) display open packing arrangement with a

downward force.

Collage and packing techniques are widely used to organize geometric shapes
into cohesive visual representations, facilitating the representation of visual
features holistically, as seen in image collages and word clouds. Traditional
methods often rely on object-space optimization, requiring intricate geometric
descriptors and energy functions to handle complex shapes. In this paper, we
introduce a versatile image-space collage technique. Leveraging a differentiable
renderer, our method effectively optimizes the object layout with image-space
losses, bringing the benefit of fixed complexity and easy accommodation of
various shapes. Applying a hierarchical resolution strategy in image space, our
method efficiently optimizes the collage with fast convergence, large coarse
steps first and then small precise steps. The diverse visual expressiveness of
our approach is demonstrated through various examples. Experimental results
show that our method achieves an order of magnitude speedup performance
compared to state-of-the-art techniques.
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1 Introduction

Assembling and collaging geometric elements to encapsulate visual
features provide a unified representation, which has been instrumental
in creating intriguing visual designs and artworks, such as circular
packing maps to show the thematic topic [4], word clouds for engaging
overview of texts [33], or digital collages of photos [39]. Despite its
popularity across various fields, the task of packing elements into
given regions presents significant challenges. Numerous techniques
have been proposed to address this task, with the majority of existing
collage methodologies concentrating on object-space optimization [18,
28,37, 46]. In object space, measuring the fit between geometric objects
often involves designing geometric descriptors and energy functions
specifically tailored to address the complexity of the objects’ shapes.

Object-based techniques frame
collages as a geometric constraint
satisfaction problem, accompa-
nied by certain limitations. First,
geometric shapes usually need
careful analysis to enable effec-
tive shape matching [18, 41]. For instance, reducing the overlap be-
tween shapes A and B necessitates the shape descriptors for their
boundaries (dA and 9B). Additionally, geometric descriptors often lack
generalizability. For instance, some works necessitate shapes with
curvature and are unable to handle open shapes [18]. Some others
are limited to fitting containers within convex boundaries [46]. Fur-
thermore, the optimization process in object-based approaches can be
computationally intensive, depending on the scale and complexity of
the objects involved.

In this work, we advocate a paradigm shift in shape collage tech-
niques by transitioning the geometric packing optimization from the
object space to the image space. The core idea is to cast the geometric
representation and their spatial relationships onto a grid of pixels,
which are with fixed and object-independent complexity. Leveraging
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the power of di erentiable rendering 22, our method enables gradientiots and lines in the cells. Dalal et aB][proposed the Sum of Squared
backpropagation from image-space losses to geometric objects, édéstance metric for even distribution of the primitives with spatial
tively steering the collage optimization process from the discrete imageent. Further, Reinert et al3H] facilitated real-time computation of
space. Operating in image space facilitates a hierarchical resoluti@sum of squared distance using GPUs and allowed user customiza-
approach to dynamically manage the precision of these image-spameby example. Unlike these methods with tiles and cell adjustments,
losses. The collage process begins with low-resolution losses to failiwork optimizes primitives without global tessellation constraints.
tate large, bold adjustments and progressively increases resolutiorPiomitives can overlap initially with overlaps, like the "G' in Figure 1,
ner re nements. This hierarchical approach signi cantly accelerateand t into open-shaped containers as shown in the "PH' example of
the computation, achieving an order-of-magnitude speedup compalégure 1.
to state-of-the-art methods. Another related research topic is image collection, also called photo
The key strength of our technique is its ability to bypass complegllage, which deliberately allows occlusions and blends. Many ap-
object problem-solving by leveraging the inherent advantages of imgg®eaches have been propose®f[44. For example, ShapeCollageq
space optimization. This enables it to t various geometric shapes iropports to interactively make a collage of photos with overlapping
almost any desired target shapes. As shown in Figure 1, our methotbng photos. Rother et al3§ allowed for soft intersection among
demonstrates its versatility by supporting a wide range of desighotos. Goferman et al5] fused parts of photos into one whole im-
con gurations. These range from core space lling, as seen in &je. Huang et al.J1] matched multiple cutouts from the Internet to
to packing designs in uenced by gravity e ects in "A, open-regionompose a thematic gure. Liu et al2f extracted salient regions
packing exempli ed by "H', and complex shapes, such as the whited proposed a correlation-preserved photo collage. Pan eB3f]. [
stripe blocks in "R'. Another advantage of our method, which emplgy®sented a content-based visual summarization technique for image
gradual descent, is the smooth animation generated during the collagkections. More recently, instead of matching existing photos, Lee et
and packing process, as illustrated by the "G's in Figure 1. In #hg2( generated collage artwork via reinforcement learning based on
evaluation, we compared our collage method against state-of-theaagtven target image and materials, considering scores such as diversity,
baselines. Results show that our method signi cantly surpasses dglesthetics, etc.
baselines in visual quality. More importantly, our method achieves arext Filling Texts can be regarded as special geometric shapes. Con-
remarkable improvement in computational e ciency and scalabilitgjderable research has focused on arranging words to create text-based
with gains on the order of magnitude. visual design and word art. Word clouds, popular for visually represent-
ing words in a compact layout, have been extensively studie@p 47.
Tools such as WordleZ7] help with the easy creation of word clouds.
2 Related Work Cui et al.2] proposed a dynamic force-directed model for word cloud
The collage and packing problem have been widely studié,[in- layout, which preserves semantic context over time. Wu et} Juti-
cluding 3D object arrangementlp, 25 55. Below, we mainly reviewlized seam carving to optimize word cloud layouts. Beyond traditional
the research work related to 2D approaches. word clouds, researchers have explored lling words within speci ¢
Collage In 2D space, collage can be broadly categorized into tsl@mpes. Paulovich et aBf introduced a cutting-stock optimization
types: geometric graphics and images. Circular packing, exempli edbgthod that optimizes the arrangement of words to maximize space
the work of Wang et al. 5, is a common paradigm, with new circlestilization within shapes. ShapeWordl&f took a di erent approach
added to the outer periphery of existing ones. Several variations of layr-utilizing the Archimedean spiral to accommodate irregular shapes,
cular packing have been developed, such as single-axis pacR#h§F, resulting in visually appealing word cloud compositions. MetroWor-
generative treemap43, and hierarchical packing strategylfj. Irreg- dle [21] combined word clouds with maps, incorporating collision
ular shapes have also been considered, with methods like arclenigttection for geotags. Chi et all][presented temporally morphable
descriptor matching 18 and autocomplete-based optimizatiof][ word cloud technology that allows word clouds to undergo smooth
Saputra et al. 37 represented objects as mass element meshes simabe transformations over time. Xie et alq proposed animating
used the repulsion forces between neighboring meshes to even outtbed cloud for emotional expression.
negative space. Calligraphic packing, employed for letter compositiorSome other works support interactive word cloud customization.
has been explored by Xu et &(] and enhanced for legibility by ZouFor example, Koh et all[/] introduced an interactive interface to facil-
et al.[66. Those collage works deliberately describe primitives wittate user-driven word manipulation within word clouds. Jo et al§
geometric parameters, and then optimize over those parameters. i@uroduced WordPlus, which expands the interaction of Wordle by
approach avoids the need for complex geometric computation and ith@rporating pen and touch interactions. Additionally, Surazhsky et
use of task-speci ¢ descriptors within the geometry space. Workia$j[40 proposed a method for text layout on 3D objects. Maharik et
in image space, our approach can be easily adapted for a varietgl §it§ used streamline-based techniques to arrange words artistically.
applications. Zhang et al. p7 introduced a word arrangement method that arranges
There is a another bunch of works achieving visually pleasing atiteme-related words at the salient areas. Xu etZl}[introduced a
balanced packing via a top-bottom manner, which divides the cantase-based ASCII art generation method.
into region cells via tessellation and then adjusts the placement obnlike object arrangement guided by space- lling curves or collision
primitives within the cells. Kim and Pellacinil§] proposed an explicitdetection, our framework utilizes image-based loss for exible word
packing energy function to optimize tiles for compact layouts. Hilletting, accommodating loose compositions like force-attracted lling
et al. [8] optimized the centroid placement of small objects suchiasa non-closed constrained boundary.
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epoch. First, each geometric item undergoes a geometric transforma-
tion applied to its control point$4 resulting in:

PA=rs P &, tg 88 2
where geometric items are continuously adjusted by parameters of
t (translation),s (scaling), and (rotation). Geometric items are then
rasterized into an imagéat resolutionE by di erentiable rendering.
The container image is rasterized into a target image where the
interior is black and the exterior is white. A series of image-based loss
Fig. 2. Image-space collage and packing framework: starting with initialized #lhctions are calculated:
geometric items and their transformations, image-space losses are computed
between the rasterized image and the target shape of the collage container L1 AlG-;~P°- on ©)

across a hierarchy of image resolutions. These losses are then used to itera- . . . . .
tively update the transformation parameters, refining the arrangement of the FOIlOWiNg an update via gradient descent, the image loss is back-

geometric items. propagated to the parameters within the geometric transformation,
updated as:
iminari nb n nb
3 Preliminaries por=t [ s [T (M (4)
Collage ProblenGiven a set of 2D geometric items= 610 60 " " " «.60, nm ne m

pover the optimization process, the image-space loss is calculated

the goal of collaging is to arrange them in a geometric container regio i X X i -
where each shapg may undergo geometric transformations jimong raster images at multiple levels of resolutions, starting with a

cluding translate (), scale ) and rotate ¢). The optimization problem'OW res_olutlon and gradually moving to hlgher re_solutlons. The trans-
is formulated as: formation parameters are updated iteratively until the arrangement of

items converges to an optimal solution.

I 1 e o feresPe e e .
™ 1 e teres? W 4.1 Initialization

whereL quanti es the arrangement quality within the container. We propose a skeleton-based initialization method for distributing
Non-overlapping and shape containment are two basic constraintgeometric items within the shape container. We use the Medial Axis
Transform (MAT)[L9 to extract the skeleton of the target shape and
Shape Containment: gltgrgss® =+ 88=1s2¢"""e= calculate the medial width (distance to the nearest boundary point). As
illustrated in Figure3, visual elements are distributed along the medial
axis, with larger elements positioned at points with greater medial
Vector Representatioive adopt a uniform vector representatiowidth. This approach ensures an even distribution of elements within
for 2D geometric item of any shape. For each item, a closed area Withshape, making it especially e ective for tubular shapes. Note that
# cubic Bézier curve$! ?ge ?ﬂﬁ‘l is initialized and tted to the our method is robust to initialization. In Section 5, we show it can
silhouette of the item via di erentiable rendering. The parametér e ectively handle poor initialization conditions as discussed in [28].
controls the shape's granularity. In our examples, we get 20to
provide a balance of e ciency and geometric precision.

Non-overlap: gltgerees®\  olteerges® =; 88< 9

Di erentiable RenderingRasterization can be considered as a map-
ping (or called scene function) from the vector graphics to a 2D
pixel grid, denoted as'Ge++ ©°, where!Ge2 s the position of a pixel
in the 2D grid, and represents the vector graphic parameters (e.g.,
control points of a Bézier curve). Di erentiable rendering is a class
of techniques that makes the rasterization process di erentiable. [ify. 3. MAT-based position initialization: with the detected medial axes and
ferentiable rendering of vector graphics allows the backpropagatidgir nearest associated widths to the boundary (le ), visual elements are
from the image domain to the vector graphics domain. Speci calhjtialized in the way that larger ones are placed on axes with larger medial
the scene function is di erentiated with respect to the parametergidths (right).

. Several implementations exist, such as those using di erentiable
neural networks to approximate rasterizatio2$, 54. In this work, 4.2 Image-based Loss
we adopt the di erentiable rendering approach by Li et @4, which We designed the image-space function to ensure two essential require-
leverages the observation that pixel colors become continuous afileits, i.e., shape containment and non-overlapping.

anti-aliasing. Shape Containment. We propose a spatial
penalty mask to enhance the basic image mean
4 Image-space Collage square error loss (MSE loss) by encouraging ele-

Given the collage container, the set of 2D geometric items are ments to full Il the target shape. Geometric items
iteratively optimized into a collage, as illustrated in Figure 2 for eaahe rendered into black and white imadggr . The
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penalty mask 2 RF  assigns a small penaltf¥go= 1) for pixel initial computations and progressively increasing to a high resolution
di erence within the target container region and a large penalf¢00 600 for re nement. Further details are discussed in Section 6.1.
(Fs9= 100Q for di erence outside. The Weighted Mean Square Er-

ror (WMSE) between di erentiable rasterized imadand the target

image is then calculated as:

1

— A 2,
L containment= F_’ 1&2

®)
Non-overlapping. In image space, detecting

overlap among .elements |s. Stralghtforwar_d and_ Fig. 4. Trade-o between collage quality and computation time for di erent
avoids geometric computations. Overlap is esti- image resolutions. Note that the three collages on the right have been resized
mated by rendering all vector primitives with a xed for be er visualization of quality di erences and do not reflect their original
transparencyg, and and counting pixels whose trans- resolution.
parency values deviate from, indicating overlapping regions, where
| is an indicator function for the transparency condition, ardis a
pixel of the image: 5 Results
~ Building on the core image-space collage method introduced earlier,
L _ 1 (0] 1y 190 | g ©6) Figure 13 presents examples of visual collage designs, spanning from
overlap™ g o intricate vector icons to hand-drawn sketches. Figure 14 demonstrates
' how the collage technique integrates seamlessly with images. Below,
we explore how this technique can be extended to support a diverse
range of use cases.
2 X . ’ . Force Attraction Our method can be seamlessly integrated with
b_Ut'On may still occur, nega_tlvely impacting ovgrall force-directed techniques. For example, by de ning an attracting or
visual quality. To address this, we propose a uniform . repelling force source, the distance between visual elements and the
lossL yniform- This is achieved through di erentiable image dilatiog, o source can be computed as a loss function to in uence the move-
(3), using a series of convolution kernels with increasing bandWithh%nt of the elements. This approach enables controlled attraction or
(starting at ve pixels, incrementing by six pixels per step) to approXisision of elements based on the speci ed force eld. As shown in
mate a distance eld. As de ned in Equation L,yniform IS cOmMputed o, e 5 (leff), a packing layout such as a circular or horizontal layout

as the weighted sum of pixel€) in non-occupied regions within the.,, jye achieved using a central force point or a linear downward force.

collage container. The weight$-( are assigned based on kemnel banghitionally in Figure 5 (right), elements can be attracted into the
widths, increasing for larger kernels. Larger dilations highlight broadﬁ{ask by the force attraction with the collage mask.
gaps and are assigned higher weights, while smaller dilations receive

lower weights. This approach emphasizes larger spaces, prioritizing
their reduction to achieve a more uniform distribution. The equation
is as follows:

Even Distribution. The two loss functions dis-
cussed above constrain visual elements within the
target shape and prevent overlap, but uneven distri-

606
L uniform = F3” (7)
3 ?

The overall loss function, shown in Equation 8, uses weight¥,
andWset to 3e3, 8e4, and 5e-4 respectively, to determine the relative
contributions of the factors in the optimization process:

L = UL containment. VI- overtap, W uniform ®) Fig. 5. Packing examples with a racting forces: (le ) our technique integrates

. . . a centripetal or downward force to pack elements e iciently within an open
4.3 Hierarchical Image Resolution area,; (right) using a collage container, elements are first a racted and confined
The resolution of the imagé2' F plays a crucial role in balancingyithin specific shapes.

loss precision and computational e ciency, as is also observed inAnimation E ects The gradual optimization process of our col-
general image analysis task§][ Figure 4 illustrates this trade-o lage technique produces a side e ect: captivating animation e ects,
Low-resolution images enable faster loss computation but provitistinguishing it from search-and-match algorithm4§. As shown
lower precision in detecting overlap and containment, resulting in Figure 6(top), the star glyphs are initialized on the top line and
reduced collage quality. Conversely, high-resolution images enhafateby a downward attracting force, creating an animation e ect of
precision and overall collage quality but come with signi cantly highéfalling down'. In Figure 6(bottom), by the MAT-based initialization, the
computation costs. To balance precision and e ciency, we adoptiaual elements move outwards to t in the shape of the US boundary,
hierarchical strategy: starting with a low resolutio(Q 50) to expedite creating an animation e ect of “expanding".
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