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Fig. 1: High-quality compositional 3D assets generated by CAST3D. Customized
Composition: Our method enables transforming arbitrary 2D assets into semantically
coherent and geometrically consistent 3D objects under textual guidance, e.g. putting
on diverse caps or backpacks for a boy. Customized Editing: Our method also allow
components in the 2D assets, such as wings of a dragon, to be replaced by those from
another asset while preserving overall consistency.

Abstract. High-quality 2D assets have become increasingly abundant
and easy to edit, providing a rich foundation for creative content across
art, design, and virtual environments. However, while diffusion-based 3D
generation has achieved remarkable progress in single-object synthesis,
leveraging such 2D assets for controllable 3D composition remains a chal-
lenging problem. To address this, we introduce CAST3D, a training-free
framework that enables Customized Composition in 3D: transforming
arbitrary 2D assets into a coherent 3D object or scene under textual
guidance. CAST3D consists of two stages: 3D Layout Hinting and Com-
positional Generation. To maintain structural consistency and eliminate
artifacts, we further design stochastic trajectory manipulation (STM)
for structure-preserving modification and a connectivity-based pruning
strategy for clean geometry integration. Extensive experiments demon-
strate that CAST3D produces semantically consistent and visually faith-
ful 3D compositions, bridging 2D asset creation and 3D world synthesis.

Keywords: 3D Generation - Training Free - Diffusion Models
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1 Introduction

Recent advances in visual content generation have led to the proliferation of high-
quality 2D assets across domains such as digital art, design, and virtual environ-
ments [821}/22]. Their accessibility and high editability provide a rich foundation
of visual knowledge that can support 3D content creation. However, compared
with the efficiency of 2D generation, constructing 3D objects and scenes still
requires complex structural representations |15}28}32] and geometric optimiza-
tion |11},/44]. Effectively leveraging existing 2D assets for cross-dimensional 3D
composition and customization remains a promising yet underexplored direction
in generative modeling.

To address this gap in 3D generative modeling, we introduce a new task
termed Customized 3D Composition, which aims to transform arbitrary 2D
assets into semantically coherent and geometrically consistent 3D object or scene
under textual guidance. For example, given images of a boy, a baseball cap, and
a backpack, and the prompt “a boy wearing a baseball cap and a backpack,” the
goal is to produce a geometrically plausible and visually consistent 3D compo-
sition. This task is inherently challenging because the provided 2D assets may
exhibit mismatched viewpoints, inconsistent scales, and missing occlusion infor-
mation, making the transformation from discrete 2D observations to a coherent
3D structure non-trivial. We view this task as bridging multi-modal generative
modeling and controllable 3D synthesis, extending diffusion-based 3D generation
toward compositional reasoning.

Although diffusion-based 3D generation methods such as Trellis [59] and
Hunyuan3D [50] have achieved remarkable progress in single-object synthesis,
they are primarily optimized for isolated objects and lack controllable composi-
tionality across assets. Also, existing approaches typically rely on solely textual
or single-image guidance, limiting their ability to integrate personalized visual
priors from heterogeneous 2D sources. As a result, current diffusion-based 3D
models remain insufficient for capturing cross-asset semantic relationships and
ensuring geometric consistency in multi-object composition.

Intuitively, customized 3D composition from 2D assets can be approached
through two straightforward paradigms.

1) Uplift-then-Compose: Lift each 2D asset into 3D using image-to-3D methods
such as Score Distillation Sampling [39], followed by spatial arrangement
based on textual descriptions. However, independently generated assets often
have inconsistent scales, orientations, or coordinate frames, leading to spatial
misalignment and geometric overlap.

2) Customize-then-Generate: First synthesize a compositional 2D image using
multi-concept diffusion models or VLMs [4}34,55,/57| and then generate the
corresponding 3D object as a whole. This strategy relies heavily on the 2D
generator’s multi-concept consistency capability, and is likely to suffer from
geometric distortions and inconsistencies due to modality conversion.

Together, these limitations highlight the need for a paradigm that jointly enables
semantic reasoning and geometric composition, which forms our core.
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To overcome these challenges, we propose CAST3D, a training-free frame-
work for compositional 3D generation from arbitrary 2D assets. As shown in
Fig. [[ CAST3D leverages the semantic and geometric priors of 3D latent dif-
fusion models and constructs 3D compositions through two stages: 3D layout
hinting and compositional generation. This progressive workflow preserves the
structural priors encoded in diffusion models while allowing independent image-
3D alignment for each asset, achieving both global semantic coherence and local
geometric fidelity.

Aimed at further improving stability during structural modification and gen-
eration, CAST3D introduces Stochastic Trajectory Manipulation, dubbed STM,
as its core innovation. STM adjusts the denoising trajectory in latent space to
balance semantic modification and geometric stability, enabling concept-specific
edits while avoiding the structural drift caused by strong conditioning. Addi-
tionally, a lightweight connectivity-based pruning step removes disconnected ar-
tifacts during composition, further enhancing visual coherence.

Our main contributions are summarized as follows:

— We introduce the Customized 3D Composition task and present CAST3D,
a training-free progressive framework that bridges 2D asset utilization and
controllable 3D generation;

— We design Stochastic Trajectory Manipulation (STM) as a novel mechanism
for balancing semantic modification and geometric preservation, and adopt
a connectivity-based pruning strategy for improved composition quality;

— We provide extensive experiments demonstrating that CAST3D produces se-
mantically coherent, geometrically consistent, and visually faithful 3D com-
positions across diverse assets and scenes.

2 Related Works

2.1 Customized Image Composition

Despite the remarkable progress of diffusion-based models, synthesizing coherent
images that compose multiple distinct concepts remains highly challenging, even
for purely textual concepts [3}/7,37]. This difficulty is further amplified in image-
conditioned settings, i.e., customized image composition, where models must
align and integrate several visual inputs in a coherent manner.

CustomDiffusion [20] pioneers multi-concept customization through test-time
finetuning and KV-merging to fuse multiple concepts. MS-Diffusion [55] intro-
duces a grounding resampler as a dedicated image encoder together with explicit
layout guidance, enabling effective cross-attention modulation and mitigating
concept mixing. In parallel, several methods [18,38|60] utilize LoRA [14] mod-
ules to encode distinct concepts, applying multiple LoRAs at inference to inject
multiple identities or attributes. Another line of work employs encoder-based
conditioning, enriching visual guidance via refined attention mechanisms [12}/36|
or multi-stage training pipelines [34L/58|. Related efforts further explore modu-
lation space, learning disentangled concept representations to improve composi-
tional control [4,9], or integrate with latest VLMs [57].
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2.2 Personalized 3D Generation

As image generation techniques continue to advance, 3D generation has also wit-
nessed substantial progress. Score-based diffusion distillation |3953] bridges the
gap between 2D and 3D, providing a viable pathway for personalized 3D syn-
thesis using powerful 2D priors. DreamBooth3D [41] and Consist3D [35] further
pushes this direction by introducing a partial-to-full training strategy that pro-
gressively incorporates concept-specific visual cues into multi-view supervision.
TIP-Editor [63] performs test-time finetuning of diffusion models, enabling con-
cept embedding with user-provided 3D masks that designate regions of interest.
Subsequent works [46,/56] leverage richer 3D priors through multi-view diffusion
models [45] or 3D latent diffusion models [5}/241/59,(62] to further improve fidelity
and controllability.

Although these methods produce impressive results, they remain limited in
composing multiple 2D assets with distinct concepts, primarily due to the lack of
spatial reasoning, especially in identifying appropriate layout hints for coherent
spatial arrangement. To the best of our knowledge, no existing approach provides
a training-free, multi-asset, and geometrically consistent solution for customized
3D composition, which motivates the development of CAST3D.

3 Preliminaries

We adopt Trellis [59] as our underlying 3D latent diffusion model. Trellis rep-
resents 3D content in a unified latent space called Structured Latents (SLAT),
which bridges multiple 3D representations. A SLAT is a set of active voxels, each
associated with a latent feature, formally z = (f,, p;), where voxel coordinates
p, capture the coarse spatial structure and latent features f, encode fine-grained
geometry and appearance.

Trellis’ generation pipeline follows two stages with two Rectfied Flow Trans-
formers. In the sparse structure stage, a dense latent field is first predicted and
decoded into a 642 occupancy grid. In the SLAT stage, noised SLATs are ini-
tialized from the occupancy grid and progressively denoised, yielding detailed
geometry and appearance.

4 Methods

4.1 Problem Formulation

We aim to address the problem of Customized 3D Composition, where arbitrary
2D assets are transformed and combined into a coherent 3D asset under textual
guidance, with each component in the resulting asset following the appearance
of its 2D counterpart.

Given a source text prompt ¢ and 2D asset prompts {(0;, I;)}}¥, consisting of
N text-image pairs assigning certain terms o; in text prompt ¢ with asset I;. To
reduce layout ambiguity and ease generation, a “main asset" or anchor is selected,
denoted as (0, I ). More formally, the goal is to design a 3D generation pipeline
P(c,{(0;, I;)}Y,,ip), where ip denotes the index of the main asset.
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4.2 Stochastic Trajectory Manipulation

To enable structure-preserving latent [ ope-gased editing | 4 ]
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ables high-fidelity generation and fast ' <pggit .

sampling with simple ODE solvers,
such as Euler’s method. However, due to linearization error, ODE-based inver-
sion methods @ often require additional measures to maintain
reconstruction quality. We take inspiration from SDE-based inversion techniques
to guide denoising trajectory, which effectively mitigate these issues.

Following prior works , we derive reverse-time SDE whose evolution
yields the same marginal probability density as Eq. :

da; = v(xy, t) dt (1)

dz; = [v(x, 1) — %f(t)Vlogpt(a:t)]dt + g(t) dw (2)

where p; is the probability density generated by Eq. (1), dw is a Wiener process
defined backward in time and g(t) is an arbitrary diffusion coefficient. We set
g(t) = v/2Aqirt in our experiments, leaving Agi as a hyperparameter to adjust
stochasticity during sampling.

Exploiting the Diffusion Term Given Eq. which enable stochastic sam-
pling for Rectified Flow models, we solve the backward process with Euler-
Murayama method, transforming it into a DDPM-like sampling process:

1
Tipar ~ Ty + V(T 1) At — 592(75)V10gpt(90t)ﬂt +g(t)V/|Atle:
é Ty —+ ft(:ct)At + gt/ |At|€t

182
183
184

185



186
187
188
189
190
191
192
193
194

196

197

198

199

200

201

202
203
204
205
206

6 ECCYV 2026 Submission #8909

Algorithm 1 Stochastic Trajectory Manipulation

Input: source sample :1:“‘3 {t Yimex F. G
Output: edited sample :co
Init: 7 < G(tmax; o °), a:tmx —xie
for i = nmax to 1 do
At =t,—1 —t;
src <_ g(tl % w?)rc)
Compute fsrc( src) ttlgt( tgt) gt
€, (@0, —ai” — fi S (21°) At) /(ge /| At])
€« Fle +.°) // depend on mapping strategy
B ol [ () + g0y AT
end for
Return: z{%"

where At < 0 and z; ~ N(0,1I), f; and g; are drift coefficient and diffusion
coeflicient respectively, corresponding to a standard SDE. Denoting the source
and target denoising trajectory as " and wzgt, as well as corresponding noises
€’ and etgt, we further define a generic noise mapper function F that maps
€;'° to et , and a trajectory generator G that generates samples at noise level
t based on clean samples and optionally other conditions. To enable flexible
guidance of target trajectories, we formulate a generic algorithm that extracts
the noise applied at each step of an arbitrary denoising path and transforms it
accordingly. The simplified procedure is described in Algorithm
Notably, the algorithm reduces to a special case of FlowEdit [19] where 1,y =
1 and nymin = 0, as well as FlowAlign [17] given regularization ratio ¢, with:

Grr(t; o) = Gra(t; o) = (1 — t)xo + te (4)
. t) At
Fre(€) = €' + &(Vlogngt( tgt) V log pi™(x7°)) (5)
2 /|27
gmat ¢

Fra(€) = € + ( )(Vlog pi' (") — Vlog pi" (7))

2\/]4t] 1-t
C Src
+ m(wt — x")

(6)

where €; ~ N(0, ) are i.i.d. Gaussians. This setting provides another interpre-
tation for these two methods from the perspective of noises, and also shows that
our method has the potential to be inversion-free under certain conditions. A
detailed proof is provided in the Supplementary Material.

In our experiments, we primarily employ two trajectory generators:

Gste(t; o) = (1 — t)xo + teg (7)
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Gurj (£ o, {®]"°}) = @5 + (@] — w0) At/ (8)

where {x}"°} is a sequence of samples extracted from another denoising trajec-
tory. In our experiments, we adopt the identity mapping as the noise mapper:

Fler) = e )

Though several methods utilized SDE in flow matching, they primarily focus
on improving sample quality [2947|, expanding search space [16}23] and deriving
PF-ODEs [42]. To the best of our knowledge, we are the first to leverage SDE
conversion in flow models to achieve stochastic inversion and denoising trajectory
manipulation. As shown in Fig. 2| our proposed algorithm outperforms various
existing asset variation methods [31,42].

4.3 CAST3D

Overview As shown in Fig. [3] our method follows a two-stage pipeline, namely
3D Layout Hinting and Compositional Generation.

3D Layout Hinting In this stage, we first generate the main geometry p5 from
the anchor image I, and obtain a layout proposal p. by applying STM to pg
with prompt c. Denoting Dy as the flow transformer in Trellis, the proposal
process is formulated as:

pbp = DSS(pnoise; IB)

10

po = DE™M(Gui (i pp {2} ¢ 05) 1o
where p, ;.. is Gaussian noise and x? is trajectory of pg, with ¢ and op acting
as target and source condition used in STM respectively. We also jointly lever-
age text prompt ¢ and op, further amplifying modification strength, eventually
obtaining a voxelized layout proposal p.. The process is performed entirely in
the 3D modality, fully leveraging the spatial knowledge and reasoning capabili-
ties of pretrained 3D diffusion models. This design avoids occlusion and multi-
view inconsistency issues commonly encountered in 2D uplifting-based methods.
Meanwhile, our STM strategy constrains the generation process, ensuring that
the proposed layout remains well aligned with the provided 2D assets.

After proposal, the layouts are extracted at a per-component granularity to
obtain layout hints. A text-based segmentation approach is required, with multi-
ple available implementations, such as PartField [26] + MLLM [10]. In practice,
for comparison on a fairer parameter scale, we utilize LangSAM [30| for 2D seg-
mentation and modified FlashSplat [43] for 3D backprojection. Specifically, we
first turn the voxelized layout proposal p into a textured 3D model represented
by SLAT z¢ using the text prompt ¢. Denoting Dgj,¢ as the SLAT transformer,
the generation can be formulated as:

zZc = Dslat(znoise; C) (11)
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Fig. 3: Overview of our two-stage pipeline. 3D Layout Hinting: A layout proposal is
generated through applying STM on the main geometry, and hints are extracted with
segmentation approaches. Compositional Generation: We generate the components
based on layout hints and 2D assets, then compose the geometries and generate ap-
pearances of each component, finally collating together to obtain the 3D asset.

where z,0ise is Gaussian noise structured as pc.

We decode z¢ into 3D Gaussians, render them into multiview images, and
back-project the segmentation masks to accumulate votes for Gaussians belong-
ing to each component. Formally, for the j-th Gaussian kernel, let P} denote
the set of pixels it influences on view v € V. Its membership to mask M; is
determined by:

m! = sgn Z Z a;T;(p)[I(p € M) —1(p ¢ M;)] (12)

veV pEP;’

where M} is the mask obtained from SAM with prompt o; within each asset
{0i,I;} on view v, and each mask is back-projected separately. We calculate
the ratio of masked 3D Gaussians within each voxel, and mask voxels whose
ratio exceeds a predefined threshold 7.5k to suppress artifacts introduced by
segmentation noises. This produces a voxelized layout hint for each component,
denoted as h;, which is used in the subsequent generation stage.

Compositional Generation In this stage, we first generate each component
with respect to both the 2D asset I; and the layout hint h;, producing fine
geometry p,. Formally, this procedure can be expressed as:

:DSSSTM(gstC(';ﬁi);Ii,@) (13)

The fine geometries are then composed through a lightweight connectivity-
based pruning strategy for better structural integrity. To be specific, we first
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trivially compose the hints as h¢, identify the difference between the main geom-
etry pp and h¢, and obtain a composition anchor by restricting the differences
only within a certain range of each component other than the main geometry.
Formally, the composition anchor is obtained through:

Daig = Pp B ho

Pdig = Paig © Z Expand(p;) (14)
i#in
P = PB ® Paigr

where @& denotes XOR operation, ® denotes Hadmard Product, pz denotes the
composition anchor and Expand(-) denote Gaussian blurring.

We further mitigate clipping artifacts by decomposing the residual voxels of
the composition anchor relative to other components under 6-connectivity. The
largest connected region of residual voxels and regions with large size or un-
changed connectivity are preserved to maintain the overall structure while also
keeping the floating and thin structures intact. After all the processing, we com-
pose the geometry of all components and obtain coarse geometrical composition
Pacs and refine with STM using generator Gsic(+; Do) and target condition ¢,
producing the geometrical composition pg~ with smoother geometries.

Simultaneously, another branch generates the appearance of each component
z; conditioned on the image I;.

Finally, we perform appearance composition based on the geometrical com-
position pgec and component appearances zp.y. Specifically, we first locate the
regions corresponding to each z; and assign the optimal velocity v(x:,t) =
(s — o)/t to ensure consistency with previously generated components. To fur-
ther maintain smooth transitions, we apply a Gaussian kernel over regions with
components correspondences to define soft boundaries, and interpolate the gen-
erated content with their associated z; within these transition zones, formally:

Zo = Dslat(znoise§ Z1:N, C) (15)

where zp0isc has same shape with pge. During sampling, we do not apply any
guidance or modifications in the last 7, denoising timesteps to avoid blurry
and rough intersections, as widely employed by previous methods.

5 Experiments

5.1 Experimental Settings

Implementation Details Our pipeline is built on Trellis and executed on a
single NVIDIA RTX 4090 GPU. We collected 27 objects composed from 45 2D
assets as test data. The sampling steps is set to 25, with a rescaling ratio of 3.
The classifier-free guidance (CFG) scale for text-condition is set to 7.5 and for
image-condition is set to 5.0 for all steps. We choose nyax ranging from [15, 21]
depending on the structural changes indicated by the prompt for STM in 3D
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Customize-then-Generate Customize-then-Generate
(slngle view) (multiple views)
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pack.
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Fig. 4: Qualitative comparison. Compared to the baselines, our method generates
3D assets with both semantical coherence and geometrical consistency, achieving a bet-
ter balance between faithfulness to the reference 2D assets and structural plausibility.

Layout Hinting, and ny.x ranging from [9, 14] in Compositional Generation. We
set Aqig t0 0.6, Tmask to 0.9 and gy to 0.15.

Baseline Methods In the absence of prior work on Customized Composition
in 3D, we construct two baselines, Uplift-then-Compose and Customize-then-
Generate, using SOTA foundational models. For Uplift-then-Compose, we adopt
Trellis as the 3D generator, consistent with our method. Since no open-source
comparable approach supports text-guided composition of existing 3D objects,
we reuse the layout hints extracted by our pipeline to ensure a fair comparison.
Concretely, we compute the center of mass of the extracted hints and align them
with the mean centroid of the corresponding 3D Gaussians. We also estimate
the voxelized volume of each geometry and scale the uplifted asset to match
the volumes. For the Customize-then-Generate baseline, we adopt the current
state-of-the-art open-source method, Qwen-Image-Edit-2511 , as the multi-
concept, diffusion model to synthesize compositional 2D assets at a comparable
parameter scale. We prompt the model to generate both single-view and multi-
view images given the assets, and subsequently produce the corresponding 3D
assets using the default implementation provided in the official Trellis repository.

Evaluation Metrics Due to the inherent complexity of our task, we face the
trade-off between faithfulness and structural rationality which cannot be easily
measured with existing approaches. We utilize Gemini 3 Pro to evaluate the
generation quality. Specifically, we define three evaluation metrics: Faithfulness,
Aesthetic, and Structural Rationality, which respectively measure the similarity
between each generated 3D object and its reference image, the overall visual
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Table 1: Quantitative comparison. Our method achieves the best in terms of faith-
fulness, aesthetic and rationality as evaluated by most advanced VLMs. The baselines
either fail on structural rationality or faithfulness preserving, as analyzed previously.

Method ‘ Faithfulness Aesthetic Rationality Average
UtC. 8.33 7.25 5.29 6.96
CtG. (Single View) 5.73 5.75 6.87 6.12
CtG. (Multiple Views) 6.77 5.89 6.03 6.23
CAST3D 9.19 8.68 8.65 8.84

quality of the generated 3D asset, and the structural plausibility of the composed
objects. The prompts used are provided in the Supplementary Material.

5.2 Main Result

Qualitive Comparison As shown in figure Fig. [l CAST3D is able to operate
across various 2D assets, from synthesized to realistic. Our method produces
high-quality 3D assets with close alignment to both the text prompt and ref-
erence 2D assets, with plausible scale and spatial positioning. In contrast, the
Uplift-then-Compose baseline exhibits severe issue of clipping and artifacts, al-
though reinforced with the extracted layout and volume information. In the
meanwhile, the Customize-then-Generate baseline generally aligns well with the
text prompt thanks to Qwen-Image-Edit model. However, with single view, the
information loss due to conflicting viewpoints results in appearance deviations
in the final 3D asset, particularly on occluded regions; with multiple views, the
problem of multi-view inconsistency exhibits destructive impacts on cases like
the first and last row. In addition, current multi-concept image diffusion models
are primarily designed for identity preservation rather than structural preser-
vation, which can further introduce substantial alterations to the subject and
degrade overall faithfulness.

Quantitative Comparison We present the quantitative comparison in Tab. [T}
it can be seen that our method obtains the results that are most consistent with
the cognition of most advanced VLMs. Among them, the Uplift-then-Compose
baseline receives a lower structural rationality score due to its inability to achieve
natural fusion, while the Customize-then-Generate baseline receives lower scores
for Faithfulness because it could not guarantee high-quality tracking of the input
data. For Aesthetic score, Customize-then-Generate suffer from unintended dark
patches in single view and collapses in multiple views, hindering the performance.

User study To further assess perceptual faithfulness and structural plausibility,
we conducted a user study in which each round presented the textual prompt,
reference 2D assets, and shuffled outputs from all methods. Participants rated
each result on a 1-10 scale for structural rationality and faithfulness to the in-
puts. As shown in Tab. 2, CAST3D achieves the highest scores on both metrics,
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Table 2: User study. Our method achieves the highest score in faithfulness and ra-
tionality, demonstrating its ability to generate visually plausible structure while main-
taining overall faithfulness.

Method ‘Faithfulness Rationality Average
UtC. 7.41 5.92 6.66
CtG. (Single View) 6.49 6.34 6.41
CtG. (Multiple Views) 6.85 6.60 6.72
CAST3D 8.62 8.49 8.55
Tailor3D VoxHammer Ours

A dw. arf wearing a go[dcn crown.

“¥

A dinosaur with wings.
Fig.5: Qualitative Comparison with similar methods. Tailor3D exhibits
significant blurries, while VoxHammer suffers clipping and inconsistencies against
2D assets. Our method maintains the balance of faithfulness and quality successfully.

highlighting its ability to maintain both input fidelity and structurally coherence.
Uplift-then-Compose prioritizes fidelity to the source assets and Customize-then-
Generate favors structural plausibility, consistent with our analysis. Notably, in
the Customize-then-Generate pipeline, human evaluators rate structural ratio-
nality higher for multi-view results than for single-view ones, contrary to VLMs’
evaluation. We attribute this to VLMs concentrating more on details while hu-
man favoring overall structures, where generation with multi-views outperforms.

5.3 Additional Results

Aside from the main results, we also compared against similar methods, such as
part-level generation and 3D Editing 7 yet these approaches target fun-
damentally different tasks, with part-level generation prioritizing decomposing
an asset into parts, while 3D editing perform variations on existing 3D assets. We
also notice that some related approaches achieved inspiring results with image
generated by industrial-level VLMs. Inspired by these approaches, we adapted
Tailor3D and VoxHammer to our task by replacing some procedure in
their pipeline with cutting-edge VLMs. Specifically, we first leverage Nano Ba-
nana Pro to fuse the 2D assets and produce multi-view images. For Tailor3D,
we directly feed the forward and backward view. For VoxHammer, we first em-
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Ours(full) w/o STM w/0 Pruning

e 1t H A

A boy wearing a metal helmet.
Fig. 6: Ablation on STM and Pruning. The results demonstrate the effectiveness of

A table with a pile of apples on it.
our STM algorithm and connectivity-based pruning strategy, which preserve structural
consistency during modification and reduce artifacts during composition.

ploy OmniPart on fused front image, and manually compose and scale the
generated parts to form source 3D models and masks for editing, before fed into
VoxHammer’s pipeline. The result is shown in Fig. [5| These adapted methods
perform short of our approach even if equipped with most advanced VLMs.

5.4 Ablation Study

We introduce Stochastic Trajectory Manipulation (STM) to preserve global
structure while enabling semantic modifications. A lightweight connectivity-
based pruning module further suppresses artifacts during composition. We con-
ducted ablation experiments to validate their effectiveness.

Ablation results in Fig. [6]show that removing STM leads to noticeable incon-
sistencies in layout. Without STM’s layout-preserving mechanism, the positional
information drifts dramatically, eventually yielding inconsistent compositions.
Meanwhile ablating the connectivity-based pruning module causes clipping ar-
tifacts after composition, thereby degrading the overall quality and producing
visually unnatural results.

5.5 Case Studies

Failure modes of image-based composition With the results demonstrated
in prior sections, we further studied the failure modes of image-based composi-
tion methods including most advanced VLMs. As shown in Fig. [7] even Nano
Banana Pro demonstrated significant multiview inconsistency when faced with
complex composition tasks. When conditioning on single image, inevitable oc-
clusion causes information loss, creating “shadowed” regions (Trellis) or content
drift (OmniPart). In the meantime, conditioning on multiview images faces mul-
tiview conflicts, which create artifacts or unrealistic structures, eventually hin-
dering the performance. Meanwhile, our approach proposes layouts directly in
the 3D domain, leveraging the rich spatial priors of 3D diffusion models and
thereby avoiding these issues.
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VLM Generation VLM + TRELLIS VLM + TRELLIS VLM + OmniPart

(Reference) (single view) (multi views) (single view)

ke 4% £1 #% 4

A boy wearing a baseball cap and a brown backpack.

LT e

A desk with a monitor on it and a chair beside it.

Fig. 7: Failure modes of image-based compositions. Cases with images composed
by Nano Banana Pro. Unintended dark patches and content drift occur when condi-
tioned on single view, while conditioning on multi views suffer from inconsistencies.

Hint to Geometry Generation Result Hint to Geometry Editing Result

Fﬁ% ﬂafrﬁz?ﬁﬂ ‘ﬁ’v ..%

A dwarfwearinga golden crown. Arobot wielding a shield.

Fig. 8: Flexibility and Robustness. Our method tolerates layout hints of low quality
or dissimilar shapes. Left: Even with imperfect hints due to model capacity, our second
stage enables generating geometry consistent with the 2D asset. Right: Our method
supports layout hints extracted from existing models for customized editing, where we
alter the geometry while maintain the positional and scale information.

Flexibility and Robustness Thanks to the two-stage design, our method has
high tolerance towards layout hints, our intermediate result. In Fig. |8 we fed low
quality hints (left) and hints from existing models (right) to the second stage of
our pipeline. As shown by our comparison between layout hints and generated
geometry, our stochastic trajectory manipulation algorithm in the Compositional
Generation stage is able to handle the discrepancies, following the 2D asset with
respect to layout information within the hints.

6 Conclusion

In this paper, we introduce the task of Customized 3D Composition, which
aims to faithfully transform multiple 2D assets into a coherent 3D object. To
the best of our knowledge, this is the first attempt to address this task. Our
proposed CAST3D tackles this challenge with our novel stochastic trajectory
manipulation algorithm and connectivity-based pruning strategy in nearly pure
3D modality. Extensive experiments demonstrate that CAST3D produces co-
herent and faithful 3D compositions, and can be flexibly extended to other 3D
generation scenarios.
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