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Fig. 1: Zero-shot 3D Visual Illusion Generation. Given two different text
prompts, our method creates a single 3D mesh that embodies a dual-semantic visual
illusion. The generated shape appears unrecognizable from arbitrary viewpoints, but
it perfectly reveals the two target semantics (e.g., a peacock and a pineapple) when
observed from specific camera angles (View θ1 and View θ2). Our framework achieves
this intricate 3D illusion efficiently without requiring per-shape optimization.

Abstract. Creating 3D visual illusions, a single 3D mesh that reveals
entirely different semantics from various viewing angles, is a fascinat-
ing but tough challenge. Existing optimization-based methods are slow
and can produce oversaturated colors. In contrast, naive stitching ap-
proaches fail to produce geometrically coherent objects. This results in
visible unnatural seams and semantic leaks. In this paper, we present
a fast and training-free framework for generating text-driven 3D visual
illusions. Our approach decouples the generation into two stages. First,
we propose a cross-space dual-branch denoising process. This process
dynamically decodes 3D latents into voxel space for CLIP-guided orien-
tation alignment and Signed Distance Field (SDF) blending, which en-
sures seamless geometric fusion. Second, we introduce a view-conditioned
texture synthesis module that projects and aggregates view-specific 2D
diffusion priors onto the fused geometry. Extensive experiments demon-
strate that our method generates highly realistic, dual-semantic 3D illu-
sions in just 3–5 minutes. It significantly outperforms existing methods
in geometric integrity, semantic recognizability, and efficiency. Project
page: https://siang1105.github.io/JanusMesh.github.io/
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Fig. 2: Comparison of 3D visual illusion generation methods. (a) SDS-Based
Methods suffer from severe over-saturation and slow optimization. (b) Direct Con-
catenation exposes unnatural geometric seams and semantic leakage at target views
(red arrows). (c) Our method creates a seamless, dual-semantic coherent 3D mesh.
Unlike previous approaches, our method does not require training. It generates high-
quality 3D visual illusions in just 3–5 minutes while completely preventing geometric
interference between the two semantics.

Keywords: 3D Visual Illusion · Dual-Branch Denoising · View-Conditioned
Texturing

1 Introduction
Visual illusions have long fascinated human perception by challenging our under-
standing of physical reality. While diffusion models have enabled computational
optical illusions in 2D, bringing this concept into the 3D world—creating a sin-
gle object that presents entirely different semantics depending on the viewing
angle—remains a formidable challenge. As illustrated in Fig. 1, our goal is zero-
shot 3D visual illusion generation: synthesizing a single 3D mesh that presents,
for instance, a peacock from �1 and a pineapple from �2, while appearing as an
abstract geometry from arbitrary angles.

Earlier 3D optical illusion works focused on 2D projections or surface patterns
such as shadow art, wireframe silhouettes, or height fields. With text-to-image
diffusion models, zero-shot 2D illusion methods (e.g., Visual Anagrams [20])
synchronize noise predictions across views to create multi-interpretation images.
Extending this to true 3D meshes, existing approaches rely on SDS to optimize
a 3D representation so its renders match different prompts at different view-
points [37].

However, existing methods fall short in producing high-quality 3D illusions
efficiently. As shown in Fig. 2, optimization-based approaches (e.g., Shape From
Semantics [37]) require �40 minutes per shape and suffer from severe color over-
saturation. A naive Direct Concatenation of two separately generated objects
produces unnatural geometric seams and visible backside leakage, breaking the
perceptual illusion.
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We present a zero-shot two-stage framework that generates coherent 3D vi-
sual illusions in 3�5 minutes. Stage 1 employs a dual-branch denoising process
using TRELLIS [71], decoding latents into voxel space at each step, aligning ob-
jects via CLIP-guided orientation search, and merging them via SDF blending
before re-encoding. Stage 2 performs view-conditioned texturing by projecting
Stable Di�usion predictions onto the fused mesh. Our method demonstrates su-
perior geometry coherence, texture realism, and semantic recognizability over
existing baselines.

In summary, our main contributions are threefold:

� A zero-shot framework extending generative multi-view illusions from 2D to
fully textured 3D meshes.

� A training-free two-stage architecture featuring dual-branch denoising with
SDF blending and CLIP-guided alignment for geometric integrity, coupled
with view-conditioned texturing for dual-semantic coherency.

� A rigorous evaluation protocol incorporating CLIP, GPT-4.1-mini, FID/KID,
and a novel Object Detection metric, with experiments validating our method
over baselines and demonstrating scalability to three-object illusions.

2 Related Work

Computational Optical Illusions. Prior work has explored appearance-varying
3D objects, including shadow art [54, 62, 67], wire art [24, 58], view-dependent
height�elds [56], SDF-based anamorphic packing [11], and spatially ambigu-
ous geometry [14]; in 2D, spatial-frequency decomposition [19, 55] shifts per-
ceived content with viewing distance, while progressive vector sketching [9] trans-
forms perceived semantics through sequential stroke addition. These approaches
produce 2D projections, surface patterns, or�as with adversarially injected
viewpoint-dependent content in 3D Gaussian Splatting [31]�view-speci�c ar-
tifacts, whereas our work generates a fully textured 3D mesh with distinct se-
mantics from di�erent viewpoints.

Illusion Generation with Di�usion Models. Text-to-image di�usion mod-
els [21, 61, 64] have enabled new illusion synthesis. SDS-based methods [2, 57]
optimize for multiple prompts but converge slowly. Visual Anagrams [20] intro-
duced zero-shot illusions via per-view noise averaging, extended to frequency de-
compositions [19], phase-transfer [18], and audio-visual spectrograms [8]; in 3D,
Illusion3D [17] and LookingGlass [4] lift these priors into NeRF and anamorphic
images, respectively. Our work extends the zero-shot spirit of [20] to native 3D
latent space, producing a fully textured mesh.

Text-to-3D Generation. Optimization-based methods [6,43,57,68] distill 2D
di�usion priors via SDS, with improvements via interval score matching [42],
recti�ed-�ow distillation [73], and Gaussian acceleration [65, 75]. Feed-forward
methods combine multi-view di�usion [46, 48, 50, 63] with reconstruction net-
works [23, 69, 72]. Application-driven variants extend generation to scene scale
and alternative styles: training-free pipelines complete fully textured room-scale
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meshes from sparse images [39], di�usion priors enable city-scale 3D scene cre-
ation with iterative geometry and texture re�nement [35], and di�erentiable
mesh optimization under 2D pixel-art supervision produces stylized 3D con-
tent [25]. Native 3D generative models [30,34,41,70,80] learn latent representa-
tions directly from 3D data; TRELLIS [71] encodes geometry and appearance in
a sparse structured latent space via recti�ed �ow [47], which we repurpose for
dual-semantic mesh generation.

Synchronized Di�usion Denoising. Merging denoising trajectories enables
compositional generation [45], seamless panoramas [1], and perceptual synchro-
nization [36], with advanced samplers addressing compositional failures [15,33].
Recent works average clean-image predictions rather than noise [32] and apply
spatial guidance in 3D latents [16]. Closely related, multi-view di�usion out-
painting coordinates denoising across views with geometry-aware strategies for
sparse-view reconstruction [26], and 3D-aware 360� video di�usion decouples
texture re�nement from a 3D cache that enforces geometric consistency [7]. Un-
like these consistency-enforcing frameworks, our dual-branch denoising uniquely
enforces divergent semantics at target viewpoints via SDF fusion.

3D Texture Synthesis. Di�usion-based mesh texturing spans depth-conditioned
inpainting [60], ControlNet-enhanced generation [5, 77], multi-view consistent
UV-latents [3,10,49], and single-pass feed-forward models [76] with material [13]
or appearance [74] extensions. Crucially, all these methods apply a single prompt
uniformly. Our view-conditioned synthesis instead assigns distinct prompts to
di�erent angular sectors, back-projecting viewpoint-speci�c clean images via
cosine-weighted blending.

CLIP-Guided 3D Understanding and Generation. CLIP's [59] render-
caption similarity enables zero-shot 3D generation [28], mesh stylization [52],
NeRF manipulation [29, 66], and latent score distillation [51]. Leveraging this
render-and-score paradigm, our CLIP-guided Orientation Search automatically
selects the relative rotation that maximizes silhouette alignment between the
two objects. This resolves geometric mismatches that would otherwise cause
SDF fusion failures.

3 Method
3.1 Preliminaries
TRELLIS: Structured 3D Latent Representation. TRELLIS [71] is a two-
stage Recti�ed Flow [44] 3D generator that �rst predicts a low-resolution sparse
voxel structure, then re�nes it with high-dimensional appearance features. We
perform geometry blending speci�cally during this �rst structural stage. Because
direct spatial transformations distort latent distributions, we draw inspiration
from LookingGlass [4]: at each denoising step, we decode the latent into voxel
space, perform SDF blending, and re-encode the fused result back to the latent
space. This cross-space denoising ensures the geometric validity of the blended
mesh.
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Fig. 3: Pipeline overview. (a) Stage 1 employs dual-branch denoising. At each
step, latents are decoded to voxel space, rotation-aligned, and fused via SDF blending
(Fig. 4), then re-encoded to continue denoising, producing a single uni�ed 3D mesh.
(b) Stage 2 applies view-conditioned texturing to the fused mesh. Estimated clean
images x̂1jt are predicted via Stable Di�usion, un-projected from viewpoints � 1 and � 2 ,
and iteratively aggregated via Mesh Texture Aggregation, producing a single object
with distinct semantics at each target viewpoint.

Visual Anagrams. Visual Anagrams [20] generates 2D illusions by averag-
ing noisy estimates across transformed views in a canonical space. Because this
restricts transformations to be orthogonal, SyncTweedies [32] relaxes the con-
straint by averaging estimated clean latents instead:ẑi

1jt = � i ( 1
N

P
j � �1

j (z j
1jt )).

We extend this synchronization principle from 2D pixels to 3D voxels, blend-
ing predicted clean geometries via SDF averaging to generate view-dependent
dual-semantic meshes.

3.2 Overview
Given prompts y1; y2 and target viewpoints � 1; � 2, our framework generates a
single 3D mesh exhibiting y1 at � 1 and y2 at � 2. A successful illusion requires:
(1) Semantic Recognizability at target views; (2) Geometric Integrity
from any viewpoint; and (3) Illusion E�ect (concealing opposing semantics at
non-target views), all evaluated in Sec. 4.1. As shown in Fig. 3, our pipeline
achieves this via Stage 1 dual-branch geometric denoising (Sec. 3.3) and Stage 2
view-conditioned texturing (Sec. 3.4).

3.3 Dual-Branch Geometry Generation (Stage 1: Geometry)
Dual-Branch Denoising and Clean Latent Estimation. Stage 1 builds on
TRELLIS's Recti�ed Flow, starting from a shared initial noise z t and performing
two independent denoising branches conditioned on y1 and y2, estimating the
clean latent at each timestep t:

x1
1jt = z t + u � (zt ; t; y 1)(1 � t); (1)
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Fig. 4: SDF blending. (a) Given two rotation-aligned voxels, we compute their SDFs,
take the element-wise average, and binarize with threshold � to obtain the blended
voxel. (b) 2D illustration: averaging the SDFs of a circle (A) and a triangle (B) produces
a smooth intermediate contour lying geometrically between the two.

x2
1jt = z t + u � (zt ; t; y 2)(1 � t); (2)

where u� is the Recti�ed Flow Network. We apply Classi�er-Free Guidance
(CFG) [22] with Interval CFG to improve generation quality while avoiding
over-saturation at extreme noise levels.

Geometry Blending in Voxel Space. The clean latent estimates x 1
1jt and

x2
1jt are decoded via the Sparse Structure Decoder into voxel representations v1

and v2. We rotate v2 by � 2 to align both voxels in a common reference frame.
Since directly averaging binary occupancy grids lacks geometric continuity, we
convert both into Signed Distance Fields (SDFs), average them element-wise,
and binarize with threshold � to obtain the blended geometry x̂1jt :

SDFblend =
SDF(v1) + SDF(v 2)

2
; (3)

x̂ 1jt = [SDF blend < � ]: (4)

The blending process is illustrated in Fig. 4. After blending, x̂1jt is rotated by
�� 2 to restore v2 's original coordinate frame, then re-encoded into ẑ11jt and ẑ2

1jt
via the Sparse Structure Encoder for the next denoising step.

3.4 View-Conditioned Texture Synthesis (Stage 2: Texture)
View-Aware Texture Prediction. Because the fused Stage 1 mesh contains
unnatural geometry, direct TRELLIS texturing fails. Therefore, we treat textur-
ing as an independent stage using a depth-conditioned ControlNet [78] (Stable
Di�usion [61]) to predict clean images x̂1jt . At each denoising step, we render the
mesh from �1 and � 2, predict textures, and un-project them onto the 3D surface.
Finally, Mesh Texture Aggregation merges these multi-view contributions us-
ing cosine-weighted blending (based on surface normals), ensuring high-quality,
seamless textures.

View-Dependent Texture Selection. We determine which branch's texture
to use based on the current camera angle. Taking �1 = 0 � as an example, view-
points within 270 � �90 � adopt the texture estimate from y1, while the remaining



JanusMesh 7

Fig. 5: Noise Guidance. Given two prompts y 1 and y2 , two single-semantic voxels
v̂1 and v̂2 are independently generated and concatenated at �1 and � 2 to form v guide ,
encoded into zguide via the Sparse Structure Encoder. Noise Blending Guidance
mixes zguide with pure noise via � � z guide + (1 � �) � z noise , injecting a mild spatial
prior. Space Control Guidance interpolates between z guide and noise at timestep t0 ,
providing stronger structural constraints for geometrically challenging pairs.

angles adopt that from y2. Although switched via a hard cuto�, no visible seam
appears in practice, as cosine-weighted blending naturally smooths the transition
at the boundary.

3.5 Noise Guidance

The starting point of Recti�ed Flow denoising�pure random noise�lacks spa-
tial structural constraint for dual-semantic fusion, making it prone to geometric
interference and di�cult convergence. We propose two noise guidance strategies
that inject a spatial prior before denoising begins, improving geometric fusion
quality, as illustrated in Fig. 5.

Noise Blending Guidance. We pre-generate two single-semantic voxels v̂ 1 and
v̂2, halve and concatenate them at target angles �1 and � 2 to form a guidance
voxel vguide , which is encoded into a guidance latent via the Sparse Structure
Encoder. The guidance latent is then combined with pure Gaussian noise via a
weighted sum as the initial denoising latent:

zinit = � � Encoder(v guide ) + (1 � �) � z noise ; (5)

where � controls the guidance strength, balancing structural prior and generation
diversity.

Space Control Guidance. Inspired by SpaceControl [16], we adapt the princi-
ple of manipulating the starting denoising timestep to our dual-semantic fusion
setting. Similarly to Noise Blending Guidance, we �rst generate vguide and en-
code it into a guidance latent zguide , and interpolate between the guidance latent
and pure noise at timestep t0:

zft 0g = t 0 � Encoder(vguide ) + (1 � t 0) � znoise : (6)

A larger t0 imposes stronger structural constraints, while a smaller t0 preserves
more generation diversity. In our 25-step setting, t0 = 10 means the �rst 10
steps are guided before normal denoising resumes, striking a balance between
structural constraint and generation freedom.
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