ROAR-3D: ROuting ARbitrary Views for
High-Fidelity 3D Generation

Hanxiao Sun®2"°, Mingxin Yang?", Shuhui Yang?, Zebin He'2, Xintong Han?,
Hongbo Fu!, Chunchao Guo?', and Wenhan Luo'

! The Hong Kong University of Science and Technology
2 Tencent Hunyuan

Fig. 1: High-quality 3D geometry generated by ROAR-3D from arbitrary collections
of concept art, design sketches, and video frames, exhibiting fine geometric detail.

Abstract. Single-image-to-3D generative models can now produce high-
quality geometry, yet conditioning on a single view inevitably introduces
ambiguity about unseen regions. Multi-view conditioning can reduce this
ambiguity, but existing methods either require fixed canonical viewpoints
or rely on external reconstruction modules that impose heavy training
costs and limit generation quality. We observe that pretrained single-
view models already possess strong 2D-to-3D grounding that can be
reused for multi-view conditioning. However, a closer analysis reveals
that their conditioning mechanism entangles orientation control with ge-
ometry transfer, two functions that conflict when images from different
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viewpoints are naively combined. Based on this analysis, we propose
ROAR-3D, a lightweight method that upgrades a pretrained single-
view model to accept an arbitrary number of unposed images. A token-
wise view router assigns each 3D latent token to its most relevant view,
implicitly establishing 2D-to-3D correspondences without explicit pose
input. A dual-stream attention design preserves the pretrained primary-
view behavior while routing auxiliary views through a separate path
dedicated to geometric enrichment. An orientation perturbation strat-
egy ensures the auxiliary path learns orientation-independent geometry
transfer. These components introduce lightweight architectural additions
and incur only low additional inference overhead relative to the single-
view baseline. ROAR-3D achieves state-of-the-art multi-view 3D gener-
ation quality and supports test-time view scaling from 1 to 12+ views
with consistent improvements.

Keywords: 3D Generation - Multi-View Conditioning - Diffusion Trans-
former - View Routing - Pose-Free 3D Reconstruction

1 Introduction

Recent advances in diffusion-based 3D generative models have enabled remark-
ably high-quality 3D geometry generation from a single image [5,(25}26,[31} 32!
70,/71,/811/86487], producing increasingly detailed and plausible 3D geometry. By
leveraging generative priors learned from large-scale 3D datasets, these methods
can synthesize complete geometry even for regions not visible in the input. How-
ever, conditioning on a single view inevitably introduces ambiguity: the model
must hallucinate unseen structures, and the generated output may not faith-
fully reflect the user’s intended geometry from other viewpoints. This limits
the practical utility of single-view methods in applications where the generated
3D geometry must closely match the appearance specified by multiple reference
images.

A natural solution is to condition the generation on multiple views. Multi-
view conditioned generation occupies a unique position between pure generation
and multi-view reconstruction: it retains the ability to complete unobserved re-
gions and tolerate inconsistencies across input views (as it samples from a learned
conditional distribution), unlike reconstruction methods [23}/42//60] that struggle
with occlusion, incomplete coverage, weak texture and require strictly consis-
tent multi-view inputs. However, these methods significantly reduce ambiguity
by constraining the output to be consistent with multiple observed images. This
generative nature also opens up workflows that are inaccessible to traditional re-
construction, such as producing 3D geometry from concept art, design sketches,
or video frames (see Fig. , substantially reducing the manual effort required in
3D content creation workflows.

Despite their potential, existing multi-view conditioned 3D generation meth-
ods face notable limitations, which can be broadly categorized into two cate-
gories. The first category adopts fixed viewpoint configurations, requiring input
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images to be captured from a predefined set of canonical poses. This includes
feed-forward reconstruction-generation hybrids |16}52}|73] as well as commercial
systems [14,|57,[58] that only support a small number of predetermined view-
points, severely limiting their applicability to unconstrained real-world inputs.
The second attempts to incorporate flexible multi-view information by integrat-
ing external reconstruction modules such as VGGT [60] features into the gener-
ative pipeline [1]. However, the domain gap between reconstruction features and
the latent generative space imposes a substantial training overhead. Further-
more, the generation fidelity is strictly upper-bounded by the accuracy of the
reconstruction module; consequently, when external features are inaccurate or
incomplete, the generative model lacks the inherent robustness to rectify these
artifacts or plausibly complete the missing regions. A truly flexible system should
accept an arbitrary number of images from arbitrary viewpoints without requir-
ing camera poses or external reconstruction as input.

We observe that pretrained single-view image-to-3D models already contain
the necessary knowledge for multi-view conditioning. Given an input image cap-
tured from a wide range of viewpoints, these models can map it to plausible
canonical 3D geometry, suggesting that the attention layers bridging 2D im-
age tokens and 3D latent tokens have learned useful 2D-3D correspondences
across viewing angles. These layers are among the most expensive components
to train, as they must establish correspondences across two very different modal-
ities. Rather than re-learning these correspondences from scratch, we aim to
maximally reuse them. However, naively feeding multiple views into the existing
attention layers leads to degraded results. A closer analysis reveals that the con-
ditioning process entangles two distinct roles: (i) defining the global orientation
of the output, and (ii) transferring local geometric structure. In the single-view
case, this coupling is harmless, but with multiple views, conflicting orientation
signals from different viewpoints destabilize the generation. The challenge, there-
fore, reduces to: how to let multiple views contribute complementary geometry
without disrupting the learned weights or introducing orientation conflicts?

We introduce ROAR-3D, a lightweight method that upgrades a pretrained
single-image-to-3D model to accept arbitrary multi-view input without training
the backbone from scratch or introducing external encoders. At its core is a
token-wise view router that, for each 3D latent token, selects the single most in-
formative view before the attention computation. Because each 3D latent token
carries spatial meaning, this selection naturally establishes 2D-t0-3D correspon-
dences across views, sidestepping the need for explicit pose conditioning. The
router’s projections are initialized from the pretrained attention weights, greatly
reducing training cost. To separate orientation control from geometric struc-
ture transfer, we adopt a dual-stream attention design: the primary stream pre-
serves the pretrained behavior for the reference view (setting both orientation
and base geometry), while the auziliary stream handles supplementary views
(enhancing geometric structure without altering orientation). An orientation
perturbation strategy further strengthens the auxiliary stream by training it on
deliberately misaligned 3D latents, ensuring it learns orientation-independent ge-
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Fig. 2: An overview illustration of the proposed ROAR-3D framework, which seam-
lessly integrates supplementary visual cues from arbitrary unposed views with pre-
trained single-view generative priors via a lightweight token-wise routing mechanism
for high-fidelity 3D reconstruction.

ometric transfer. Together, these components keep the per-token cross-attention
cost identical to the single-view baseline and incur only low additional overhead
from view encoding and routing, while enabling the model to dynamically fuse
information from any number of unposed views.

Our contributions are as follows:

— We propose ROAR-3D, a method that extends pretrained single-view 3D
generative models to support multi-view input without requiring external
encoders or camera poses.

— We introduce a token-wise view router that uses 3D latent tokens as anchors
to ground multi-view 2D information in 3D space, combined with a dual-
stream attention design and orientation perturbation strategy that explicitly
decouples orientation control from geometric structure transfer.

— ROAR-3D achieves state-of-the-art multi-view 3D generation quality with
low additional inference overhead, and supports test-time view scaling from
1 to 12+ views with consistent improvements.

2 Related Work

Single-View 3D Generation. Single-view 3D generation aims to lift a single
2D image into a complete 3D representation, often via diffusion models
. Early approaches distill 3D knowledge from pretrained 2D diffusion
models via score distillation sampling , while another line of

work generates multi-view images from a single input and fuses them into 3D

representations . To achieve high-fidelity
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appearance, several approaches specifically focus on texture generation and ma-
terial decomposition, leveraging generative priors to map 2D appearance onto 3D
manifolds [2}/9,/13}[38}/40]. More recently, 3D native generative methods apply dif-
fusion processes directly on 3D representations such as point clouds [411441(90],
voxel grids [18,/43[55], triplanes [3,[50L/62], and 3D Gaussians [85]. Latent 3D
diffusion models [31}[32}[69} (81} 84} |86-88] further improve quality by learning
mappings between 2D images and compressed 3D latent spaces. These models
have established strong 2D-to-3D grounding through large-scale training; how-
ever, they are inherently limited by single-view ambiguity and must hallucinate
all unseen geometry. Our work builds directly on this family of models, aiming
to activate their learned grounding capability for multi-view conditioning.

Multi-View 3D Reconstruction. Multi-view reconstruction recovers 3D ge-
ometry from multiple calibrated or uncalibrated images. Classical multi-view
stereo (MVS) methods triangulate correspondences across views [10}/11}/49}74],
while learning-based approaches |4} |6} 12,29,[30L|59}78-80] improve efficiency
via deep networks. NeRF-based methods [34,/42,/65] and 3D Gaussian Splat-
ting [17,/23/51] enable high-quality novel view synthesis but typically require
accurate camera poses. Recent works such as DUSt3R [61] and VGGT [60] esti-
mate point clouds and poses directly from unposed views. Large Reconstruction
Models (LRMs) [161/52/66,73l/75] regress compact 3D representations from multi-
view inputs in a feed-forward manner. Despite these advances, reconstruction
methods fundamentally require consistent multi-view observations and strug-
gle with occlusion, weak texture, and incomplete coverage. Without generative
priors, they tend to produce incomplete geometry or over-smoothed surfaces in
unobserved regions.

Multi-View Conditioned 3D Generation. Multi-view conditioned 3D gen-
eration combines the completeness of generative models with the accuracy af-
forded by multiple observations. Existing methods fall into two categories. The
first adopts fixed viewpoint configurations: feed-forward models [16,[52.|73] and
commercial systems [14}20,21}/58] accept images only from a small set of pre-
determined canonical poses, limiting their applicability to unconstrained inputs.
The second category integrates external reconstruction modules into the gen-
erative pipeline. For instance, [1] injects VGGT [60| features into a diffusion
model to provide reconstruction priors. While effective, the domain gap between
reconstruction features and the latent generative space imposes a heavy training
burden, and generation quality is bounded by the accuracy of the external mod-
ule. Other works explore optimization-based pose alignment [67] or volume diffu-
sion [36},72], but face trade-offs between computational cost and output quality.
In contrast, ROAR-3D requires no external reconstruction module, no camera
poses, and no fixed viewpoint assumption. By introducing a lightweight routing
mechanism and dual-stream attention into the pretrained backbone, it enables
direct and efficient conditioning on arbitrary unposed multi-view images.
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3 Method

We present ROAR-3D, a lightweight and effective method that extends a
pre-trained single-image-to-3D generative model to accept an arbitrary num-
ber of multi-view images as input, so that the generated 3D geometry faith-
fully captures the structural details specified by every input view. Illustrated in
Fig. [2 we build upon the flow-matching Diffusion Transformer (DiT) and the
3DShape2VecSet-based VAE of Hunyuan3D 2.1 [19]. To incorporate multi-view
information without retraining the backbone from scratch, we introduce three
key components: a token-wise view routing mechanism ( that assigns
each 3D latent token to its most informative view by repurposing the pre-trained
cross-attention module; a dual-stream cross-attention design (§3.2) where
the primary branch uses a reference view to set 3D orientation and establish its
corresponding geometric structure, while the auxiliary branch adds geometric
details from other views without changing geometry orientation; and an ori-
entation perturbation strategy ( that forces the auxiliary branch to
learn an orientation-invariant image-to-3D geometric transfer, while keeping ori-
entation control strictly in the primary branch. We further adopt a second-stage
refinement model based on LATTICE [26] with the same multi-view conditioning
architecture to enhance the quality of the generated geometry (§3.4]).

3.1 Token-Wise View Router

In modern image-to-3D DiT models [5}/19}/26}70,|71,[87], the attention layers
that bridge 2D image tokens and 3D latent tokens must learn correspondences
across different modalities, making them one of the most challenging components
to train. Since a well-trained single-view model can map images captured from
diverse viewpoints to plausible canonical 3D geometry, we argue that it has
learned useful 2D-3D correspondences across viewing angles. The challenge for
multi-view extension is therefore not about re-learning these correspondences
from scratch, but about designing a conditioning mechanism that lets multiple
views contribute without disrupting the learned weights.

A naive approach of concatenating all view tokens and feeding them into a
single attention layer introduces two problems: (i) each 3D token must attend to
tokens from all views simultaneously, creating ambiguity from conflicting visual
signals across views, and (ii) computational cost grows linearly with the number
of views. Alternatively, encoding view identity, whether through fixed viewpoint
bins with learnable embeddings or through estimated camera parameters, either
restricts the model to a predefined set of poses or introduces errors from inac-
curate pose estimation. Our router takes a different path: each 3D latent token
directly selects its most informative view based on feature affinity, effectively us-
ing the 3D tokens themselves as anchors that ground multi-view 2D information
in 3D space.

To be specific, the router is applied independently at each transformer block.
For each 3D latent token, it computes a routing score against every input view
and selects the top-scoring one before cross-attention, keeping the per-token
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attention cost identical to the single-view baseline. Since the router’s task of
determining which view best matches a given 3D token is closely related to
what the pretrained cross-attention already computes at the token level, we
initialize the router’s query and key projections directly from the pretrained
cross-attention weights, which greatly reduces the training cost of the router.
We now describe its architecture in detail.

Router architecture. As illustrated in Fig. 2] given a set of V input views
whose DINOv2 [45] patch features are {F, € RS*P}V_, and 3D latent tokens
Z ¢ RVXP_ the router at each transformer block ¢ maintains query and key
projection matrices W((f),W,(f) initialized as described above, along with the
original QK-normalization (RMSNorm as in [19]). The router query is derived
from each 3D latent token. For the router key, since the router selects among
views rather than individual patches, we need a single view-level representation
for each input view. A natural candidate is the CLS token, but it encodes a
global image summary that does not capture how individual patches relate to 3D
tokens. Instead, we use the mean-pooled DINOv2 patch tokens: views with more
patches correlated to a given 3D token produce a mean representation naturally
closer to it in feature space, yielding more accurate routing: Let f, = % Zle f, s

denote the mean-pooled patch representation of view v, and Zz(-e) = LN(ZZ@) the
layer-normalized 3D latent token. The router query and key are:

a¥ = RMSNorm (W 2"}, k(" = RMSNorm(WLIE) . (1)

where ng) € RHIXD and W,(f) € RHIXD project the inputs into a lower-
dimensional space shared with the pretrained cross-attention. Both the pre-
projection LayerNorm and post-projection RMSNorm are inherited from the
pretrained cross-attention of block #.

Routing logits. Both qge) and k! are split into H heads of dimension d,
yielding qE?L, kff;l € R?. The routing logit is:
¢ ¢ ¢ ¢
o [@DTRE @)K

r. = W T =y ey bl
Vd

i,V agg \/& (2>

where W, € R is learnable, initialized to 1/H.

Discrete selection via Gumbel-Softmax. Each token must select exactly
one view, but arg max is not differentiable. We use hard Gumbel-Softmax [22]
with straight-through estimation. During training, Gumbel noise is added to
encourage exploration:

v} = argmax (rl(? + gv) , gy = —log(—log(uy)), uy ~ Uniform(0,1). (3)
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Gradient flow is enabled via:

yi =y —sg(yi) + i, (4)

where yPard € {0, 1}V is the one-hot selection at v}, y$°f* = softmax((r (Z)—Fg)/T)
and sg(-) is stop-gradient. The forward pass uses the discrete y22'd; gradients in
the backward pass flow through nyft. At inference, noise is removed and selection
is deterministic.

The selected view v; and soft weights y; are then passed to the dual-stream
cross-attention (§3.2)).

3.2 Dual-Stream Cross-Attention

In single-view image-to-3D generation, the attention layers that bridge 2D image
tokens and 3D latent tokens implicitly serve a dual role: they align the output
3D geometry to a canonical orientation determined by the input viewpoint, and
they transfer geometric structure from the 2D image into the 3D representa-
tion. These two functions are entangled within a single attention module. When
extending to multi-view conditioning, however, they must be factored apart: a
designated primary view should anchor the output orientation and establish the
corresponding geometric structure, while the remaining auziliary views should
only contribute additional geometric structure without altering the established
orientation.

We realize this factorization through a dual-stream architecture. Two struc-
turally identical cross-attention modules are maintained: the primary stream
CA(Z) initialized from the pretrained weights, which preserves the original dual

role described above; and the auziliary stream CA , initialized by copying all
parameters from CAI(f), which is restricted to geometric structure transfer only.
One input view is designated as the primary view v,; at inference, this view
is specified by the user or taken as the first input view, and it anchors the
canonical orientation of the output. The router assigns each 3D latent token to
a specific view; tokens assigned to the primary view are processed by CA(e)

while tokens assigned to any auxiliary view are processed by CAa 0, Formally,
the cross-attention output for token i at layer £ is:

~(0) -
CA(‘z (z;7, Fyr) if vf =y,

(0

(0) i ;

% (5)
CA(Z)( gé , Fyr) otherwise,

where v} is the view selected by the router (§3.1) and F,» denotes the patch
features of the selected view. To close the gradient path back to the router, the
output is modulated by the soft weight from the Gumbel-Softmax:

A(f) () Yiors (6)

where y; ,» = 1 in the forward pass (output unchanged) but carries the soft
gradient in the backward pass. When only a single view is provided, all tokens
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are routed to CAI(D[) and the model reduces to standard single-view generation.

The only newly introduced parameters are CA) (a copy of the original module)
and the lightweight router (§3.1)).

3.3 Orientation Perturbation

While CA;, closely mirrors the pretrained single-view attention and requires little
adaptation, CA, needs to decouple orientation control from geometric structure
transfer, which requires additional training effort beyond standard fine-tuning.

A key difficulty is that, in standard training, the geometry latent is always
canonically aligned with the primary view. Under this setting, CA, can take
a shortcut by relying on this fixed alignment rather than learning orientation-
independent geometric transfer, causing it to fail when the 3D orientation and
view directions do not follow the canonical relationship at inference.

To address this, we introduce an orientation perturbation strategy that con-
structs training samples specifically designed to strengthen CA,. With proba-
bility ppert, the following three operations are jointly applied during training:
(i) Misaligned 3D latent construction. The 3D point cloud is randomly
rotated to one of {0°,90°,180°,270°} in azimuth (with elevation fixed at zero),
while explicitly excluding any rotation that would align it with an input view,
ensuring the 3D latent is not canonically aligned with any conditioning image.
(ii) Primary view removal. The primary view designation is discarded, and
all input views are treated as auxiliary, so that every view is processed exclu-
sively through CA,. (iii) Selective weight update. Only CA, is updated in
this mode; CA, remains frozen. By jointly applying these operations, CA, is
forced to establish 2D-3D correspondence purely through content-level feature
affinity, independent of any orientation prior.

3.4 Geometric Refinement Stage

To further improve the quality and cleanness of the generated geometry, we adopt
a second-stage refinement model following LATTICE |26|. This refinement stage
uses the same multi-view conditioning architecture and training strategy de-
scribed above, including the token-wise view router, dual-stream attention, and
orientation perturbation. These components are applied to a higher-resolution
geometric latent space. The coarse geometry produced by the first stage provides
positional encoding for the refinement model through a voxel grid, guiding the
generation of fine-grained geometric details.

4 Experiments

4.1 Experimental Setup

Dataset. We train and evaluate ROAR-3D on a filtered subset of Objaverse [3]
and ObjaverseXL 7], comprising approximately 300K high-quality 3D objects.
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We follow the data processing pipeline of Hunyuan3D 2.1 [19], including wa-
tertight mesh conversion, point cloud sampling with normals, and conditional
image rendering. For rendering, we divide the azimuth range into four bins cen-
tered at {0°,90°,180°,270°}, each spanning +45°. Within each bin, we render
16 images with randomly sampled field of view (20°-70°) and elevation (—90°—
90°). We hold out 100 objects that are not seen during training as the Obja-
verse/ObjaverseXL test set for geometry-based evaluation.

To assess generalization to real-world captures, we construct a multi-source
evaluation set of 200 objects, ANYVIEW-200. This set comprises 120 objects
with multi-view images generated by Nano Banana Pro [56] (which may con-
tain cross-view inconsistencies inherent to Al generation), 70 objects collected
from the internet, and 10 objects captured from real-world scenes. The number
of input views per object ranges from 1 to 12, and the views exhibit diverse
real-world challenges, including strong perspective distortion, varying camera
intrinsics across views of the same object, and incomplete coverage of the object
surface. Since ANYVIEW-200 has no ground-truth meshes, it is used for qual-
itative evaluation and semantic image-shape similarity rather than geometry
metrics.

Evaluation Metrics. We adopt a comprehensive set of metrics spanning both
geometric accuracy and semantic quality. For geometry, we report symmetric
Chamfer Distance (CD, x103) and F-Score (F1, %) at thresholds of 0.1 and
0.05 on the held-out Objaverse/ObjaverseXL test set. We sample 100K points
from each mesh, normalize meshes by their bounding boxes, and align predic-
tions to ground truth using ICP before computing CD and F1. To assess the
semantic quality of generated geometry, we report ULIP [77] and Uni3D [89] im-
age similarities (ULIP-I and Uni-T), which measure the alignment between the
generated 3D shape and the input image condition in a shared embedding space.
For multi-view inputs, we compute the image-shape similarity against each input
view and average the scores over all views.

Baseline Methods. We compare ROAR-3D against the following categories
of methods: (1) Single-view generative models: Hunyuan3D 2.1 [19], Trellis [71],
Trellis2 [70]; (2) Multi-view reconstruction methods: LGM [52] and VGGT [60];
(3) Multi-view conditioned generation: ReconViaGen |1|, a TRELLIS-based ex-
tension that injects external VGGT reconstruction features into the generative
pipeline. We additionally include qualitative comparisons with two leading com-
mercial 3D generation services (denoted as Model 1 and Model 2 in Fig. [3).
These services are anonymized due to their terms of use and are included as
illustrative qualitative comparisons rather than controlled benchmark evidence.
For single-view baselines, we provide the same reference view used by ROAR-3D.
For multi-view methods, we provide all V' available views.

Implementation Details.
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First Stage (Coarse Geometry). We initialize the backbone 3DShape2VecSet
VAE and DiT from the pretrained weights of Hunyuan3D 2.1 [19]. The DiT
has a hidden dimension of 2048 and operates on 4096 latent tokens. The image
features are extracted from a frozen DINOv2 ViT-L/14 |45] encoder, yielding
S5=256 patch tokens of dimension D=1024 per view, which are projected to
match the DiT hidden dimension. The router projection matrices W,ge), W,(f) and
the auxiliary attention path CA, are initialized by copying the corresponding
pretrained weights. The Gumbel-Softmax temperature 7 is set to 1.0 throughout
training. During training, we randomly sample 1 to 4 auxiliary views per instance
with uniform probability, allowing the model to handle variable view counts. We
train with the AdamW optimizer [39] at a learning rate of 1 x 1075 with a cosine
decay schedule. The orientation perturbation probability is set to ppert = 0.2.
The model is trained for 50K iterations with a per-GPU batch size of 4, requiring
approximately 3~4 GPU days. In this stage, the DiT, primary stream, auxiliary
stream, and router are trainable (3.45B parameters), while the DINOv2 encoder
and VAE are frozen (606M parameters). At test time, the model generalizes
to an arbitrary number of views without modification, supporting scaling well
beyond the training range (see supplementary for more comparison).

Second Stage (Geometric Refinement). We build upon LATTICE [26] with a
1.6B-parameter DiT operating on 6144 latent tokens, replacing its self-attention-
based conditioning with cross-attention to enable integration of our multi-view
modules (view router, dual-stream attention, and orientation perturbation). The
image encoder is upgraded to DINOv2 ViT-G/14 [45]; all other training settings
follow LATTICE. This stage contains 4.53B trainable parameters and 1.44B
frozen parameters, and requires approximately 10 GPU days.

4.2 Comparison

Quantitative Results. Tab. [I] summarizes results on the held-out test set
of 100 objects. Single-view methods (Hunyuan3D 2.0, Trellis2) achieve reason-
able quality but suffer from high CD due to hallucinated geometry in unseen
regions. Multi-view reconstruction methods reduce this ambiguity yet remain
limited: LGM produces over-smoothed outputs with the lowest F1 scores across
both thresholds, and VGGT, despite better geometric coverage, scores poorly
on semantic metrics (ULIP-I: 0.103) due to the absence of a generative prior.
Among multi-view conditioned methods, Hunyuan3D 2.0-MV shows marginal
improvement over its single-view counterpart, and ReconViaGen achieves the
best baseline performance with the lowest CD (32.055) and highest semantic
scores (Uni-I: 0.345), though the geometric gap over single-view methods re-
mains modest. ROAR-3D stage 1 already outperforms all baselines across every
metric (CD: 25.372 vs. 32.055 for ReconViaGen), and stage 2 refinement brings
further substantial improvement, reducing CD to 21.039 and raising F1(0.05) to
81.6—a 34% CD reduction and 12% F1(0.05) improvement over the strongest
baseline.
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Table 1: Quantitative comparison on the held-out Objaverse/ObjaverseXL test set of
100 objects. Best results are in bold, second best are underlined. CD is multiplied by
10® (lower is better). Higher is better for all other metrics.

Method CDJ F1(0.1)t F1(0.05)t ULIP-It Uni-It
Single-view generative models

Hunyuan3D 2.0 |19 35.421 80.5 64.2 0.141 0.302
Hunyuan3D 2.1 |19 34.031 82.6 68.7 0.147 0.317
Trellis2 |70 33.722 84.4 71.0 0.149 0.321
Multi-view reconstruction

LGM [52] 58.009 71.0 52.3 0.089 0.215
VGGT [60] 34.686 81.3 65.4 0.103 0.211
Multi-view conditioned generation

Hunyuan3D 2.0-MV [19] 33.954 82.4 67.1 0.147 0.301
ReconViaGen |[1] 32.055 85.1 72.7 0.165 0.345
ROAR-3D (Ours) - stage 1  25.372 88.7 76.8 0.168 0.346
ROAR-3D (Ours) - stage 2 21.039 91.2 81.6 0.173  0.349

Qualitative Results. Fig. 3| presents qualitative comparisons across repre-
sentative examples. Several trends are visible. First, ROAR-3D produces geo-
metrically correct structures where other methods falter: the hammer (row 2)
maintains its correct upright orientation, the aircraft (row 4) faithfully repro-
duces both the nose and tail geometry, and later rows show that our outputs
consistently avoid the distorted or tilted shapes that appear in some baselines.
Second, our method achieves higher detail fidelity with the input views: the war-
rior (row 1) preserves fine-grained surface details that match the input, the por-
trait (row 6) correctly reconstructs the pendant on the back of the jacket visible
in the reference image, and the cartoon characters (rows 7-8) retain ornamental
details consistent across views. Third, ROAR-3D demonstrates robustness to in-
consistent inputs: the crocodile (row 3) is captured from views with noticeable
appearance discrepancies, yet our method produces a physically plausible and
complete geometry while maximizing fidelity to each input view. Overall, by
combining the generative prior of the pretrained DiT with accurate multi-view
conditioning, ROAR-3D yields complete 3D shapes with correct global orien-
tation and faithful local details, outperforming both reconstruction-based and
generation-based baselines.

4.3 Ablation Study

We conduct ablation studies on the held-out Objaverse/ObjaverseXL test set to
validate the key design choices of ROAR-3D. To isolate the effect of our multi-
view conditioning module, all ablations are performed using the first-stage model
only (without the lattice refinement stage). Unless otherwise stated, all variants
are trained under identical settings for 50K iterations.
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Fig. 3: Qualitative comparison with baseline methods. ROAR-3D produces complete,

high-fidelity 3D shapes that are consistent with all input views.
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Component Ablation. We incrementally add each proposed component to
a baseline that simply concatenates all multi-view tokens and feeds them into
the original attention layers. The three components are added in order: (1) the
token-wise view router, which replaces naive concatenation with per-token view
selection; (2) dual-stream attention, which separates the primary-view path from
the auxiliary-view path; and (3) the orientation perturbation strategy, which
yields our full model. Quantitative results are reported in Tab.[2] and qualitative
comparisons are shown in Fig. [

As shown in Fig. [d] each added component brings visible improvement in ori-
entation accuracy and geometric fidelity. For the fighter jet (row 1), the baseline
incorrectly replicates the nose geometry onto the tail; introducing the router par-
tially alleviates this, and adding dual-stream attention further improves struc-
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Input Baseline + Token-Wise View Router + Dual-Stream CA  + Orientation Perturbation
(Arbitrary-view) (Ours)

Fig. 4: Ablation study on the three key components of ROAR-3D. Removing any single
component leads to incorrect orientation or degraded geometry (highlighted with red
boxes). Best viewed when zoomed in.

tural separation, but only the full model with orientation perturbation correctly
distinguishes front and rear. For the cartoon character (row 2), the baseline
produces both incorrect orientation and degraded details; each component pro-
gressively improves orientation control and geometric faithfulness, with the full
model being the only variant that achieves both. For the motorcycle (row 3),
the baseline generates duplicated wheels; the router resolves this, but the kick-
stand geometry remains incorrect until dual-stream attention and orientation
perturbation are both applied. We note that some intermediate variants still
exhibit orientation errors; for fair visual comparison, we manually rotate them
to approximately matching viewpoints.

Table 2: Ablation on the three key components of ROAR-3D.

Variant CDhy F1(0.1)t F1(0.05)t ULIP-If Uni-It
Baseline 39.412 79.6 66.3 0.154 0.322
+ Token-wise View Router 28.143 86.3 73.5 0.159 0.335
+ Dual-Stream Attention 26.732 87.5 75.1 0.163 0.339
+ Orientation Perturbation (Ours) 25.372  88.7 76.8 0.168 0.346

5 Conclusion

We presented ROAR-3D, a lightweight method that upgrades pretrained single-
view 3D generative models to accept arbitrary unposed multi-view input. Three
complementary components, a token-wise view router, dual-stream attention,
and orientation perturbation, decouple orientation control from geometry trans-
fer, enabling effective multi-view fusion without external modules or camera
poses, while incurring only low additional inference overhead. ROAR-3D achieves
state-of-the-art quality and supports test-time view scaling from 1 to 12+ views.
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