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Abstract

Humans intuitively perceive object shape and orientation from a single image,
guided by strong priors about canonical poses. However, existing 3D generative
models often produce misaligned results due to inconsistent training data, limiting
their usability in downstream tasks. To address this gap, we introduce the task
of orientation-aligned 3D object generation: producing 3D objects from single
images with consistent orientations across categories. To facilitate this, we con-
struct Objaverse-OA, a dataset of 14,832 orientation-aligned 3D models spanning
1,008 categories. Leveraging Objaverse-OA, we fine-tune two representative 3D
generative models based on multi-view diffusion and 3D variational autoencoder
frameworks to produce aligned objects that generalize well to unseen objects across
various categories. Experimental results demonstrate the superiority of our method
over post-hoc alignment approaches. Furthermore, we showcase downstream ap-
plications enabled by our aligned object generation, including zero-shot object
orientation estimation via analysis-by-synthesis and efficient arrow-based object
rotation manipulation.

1 Introduction

Humans possess a remarkable ability to imagine the 3D structure of an object (“synthesis”) and
infer its properties, such as orientation (“analysis”), from a single image. We intuitively recognize
the correct orientation of a car on the road, know how to grasp a cup by its handle, or decide
how to place a chair in a room. In cognitive science, this ability is linked to the concept of object
constancy—the capacity to mentally reconstruct a canonicalized object despite changes in viewpoint
or other variations [26}16]. This synthesis of an internal object representation enables analysis of its
pose, a process often described as analysis by synthesis.

Replicating this perceptual capability has long been a central pursuit in computer vision. Recent
progress in generative Al has significantly advanced single-view 3D object generation, making it
both accessible and effective. This advancement in “synthesis” offers a rapid and adaptable means
of constructing 3D models from everyday images, enabling a wide range of applications in AR/VR
content creation, robotic simulation, etc.

Despite these strides, a critical challenge remains: orientation alignment. Existing methods often
neglect this aspect, largely due to inconsistencies in large-scale 3D datasets [6, 57]. As a result,
generated models frequently lack standardized canonical orientations—chairs may face different
directions, mugs may appear tipped over, and vehicles may be misaligned. This disparity between
human perceptual consistency and the output of generative models poses a significant obstacle for
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Figure 1: Objaverse-OA for Orientation-Aligned Generation. We construct a new dataset named

Objaverse-OA, which contains orientation-aligned 3D models across 1008 categories (top). Using
Objaverse-OA, we make existing 3D generative models orientation-aligned, which can further be
used for zero-shot model-free orientation estimation (bottom left) and efficient arrow-based 3D object
rotation manipulation (bottom right).

downstream tasks such as analysis-by-synthesis, e.g., orientation estimation. To bridge this perceptual
gap, it is essential that 3D generative models not only reconstruct object geometry but also generate
objects in consistent, semantically meaningful orientations.

In this paper, we introduce a novel task: orientation-aligned 3D object generation—the generation
of a 3D object from a single image such that its orientation is consistently aligned both within and
across categories, in accordance with common-sense priors. While no existing methods explicitly
address this task, a possible workaround involves first generating a 3D object and then applying
pose estimation to align its orientation. However, achieving robust and generalizable orientation
alignment across diverse object categories remains a significant challenge. Most 3D pose estimation
approaches [54]29] 40] focus on predicting relative poses with respect to predefined 3D CAD models
or multi-view reference images. In contrast, our task demands absolute orientation prediction —
aligning objects to a canonical coordinate frame that corresponds to intuitive understandings of
front, top, and upright directions. While some prior works explore absolute pose estimation [47, 3],
they are typically constrained to a limited set of categories, primarily due to the substantial manual
effort required to curate orientation-aligned training data. Recent efforts to scale such methods have
relied either on labor-intensive human annotations [15} 24]] or on the use of Vision-Language Models
(VLMs) [52]). However, the former approach remains category-restricted, while the latter is subject to
the inherent inaccuracies of VLM-based orientation predictions. Moreover, these strategies necessitate
complex post-processing after 3D generation, which not only introduces potential inaccuracies but
also reduces user-friendliness and practical applicability.

To address this, we propose to learn canonical 3D object generation by directly fine-tuning pre-trained
3D generative models, thereby avoiding the limitations of such two-stage pipelines. Our key insight
is that a sufficiently diverse set of orientation-aligned 3D models can effectively adapt existing
generative models from producing arbitrarily oriented outputs to generating objects with consistent,
canonical orientations, while maintaining strong generalization capabilities to unseen objects across
various categories. To support this, we introduce Objaverse-OA, a new dataset comprising 14,832
3D models spanning 1,008 categories, each aligned to a consistent, common-sense orientation.
Leveraging Objaverse-OA, we fine-tune two representative 3D generative models [57, to produce



Trellis-OA and Wonder3D-OA, allowing for generating well-aligned 3D objects across a broad
spectrum of categories, including those not included in the ne-tuning set.

We further demonstrate the utility of orientation-aligned 3D generative models through two down-
stream applications: zero-shot 3D object orientation estimation and ef cient arrow-based object
rotation manipulation. For orientation estimation, our canonically generated 3D models serve as
templates to estimate object poses from single images, generalizing well across categories. Moreover,
we develop a user-friendly interface for object rotation manipulation in the augmented reality applica-
tions and 3D software, allowing users to specify the desired orientation via drawing an arrow, thereby
facilitating precise placement without tedious pose adjustments.

Our contributions are as follows: 1) We introduce the novel task of orientation-aligned 3D object
generation across a wide range of categories. 2) We construct Objaverse-OA, the largest orientation-
aligned 3D dataset in terms of category coverage. 3) We ne-tune existing 3D generative models
on Objaverse-OA to enable canonical object generation with robust generalization to unseen objects
across various categories. Experimental results across multiple datasets demonstrate that our method
achieves superior orientation alignment compared to existing baselines. 4) We showcase the practical
bene ts of our orientation-aligned models in two key applications: zero-shot orientation estimation
and ef cient object rotation manipulation via intuitive user interaction.

2 Related Work

3D Generative Models: Early 3D generation method&4, (36, [1, [28, 4] typically employed

GAN: s [46] to model 3D distribution, while these methods generate orientation-aligned objects, they
are limited to a single category. The recent breakthroughs in 2D diffusion m&il@i¥ provide

new solutions for 3D generation. Pioneering works DreamFu&8hdnd SJC/48] propose to
generate 3D models by distilling from a 2D text-to-image generation model. However, these methods
and their follow-ups18,[19, 43,142, [51] always suffer from low ef ciency and multi-face problems

due to per-shape optimization and lack of explicit 3D supervision. Recently, methods based on
multi-view diffusion modelsi23,121,[49, 37, 41, 38, 44, 60] have succeeded in ef ciently producing
multi-view consistent images via 3D attention. More recenfig, 57, 64, 62, 59] utilize 3D latent
spaces to further improve the geometry quality of the 2D-assisted approaches. However, despite
huge progress on quality and ef ciency, they all produce 3D models with uncanonical orientations
due to orientation misalignment in their 3D training data, like Objavesgedbjaverse-XL f], and
TRELLIS-500K [57].

Object Orientation Estimation: One feasible approach to align 3D model orientations is to render
the 3D models from a xed camera and estimate the object orientations in the renderings. Although
image-based 3D object pose estimation has been widely researched, most nieth2@<ip, 17, 22,

61] focus on predicting relative poses based on known 3D CAD models or reference images. Since the
orientation-aligned 3D CAD models and reference images are not available, they cannot estimate the
object orientations aligned with common sense. Category-level object pose estimation méthods [
3,53, 20, 9, 45] address this problem by generating 3D shape priors from the input images. However,
most of them are limited to category-level due to heavy labor effort in constructing orientation-aligned
3D datasets47, 2, 15, 24]. In contrast, our method can generate orientation-aligned 3D objects across

a large number of categories. Concurrently, Orient Anythb®]j fealizes zero-shot object orientation
estimation by automatically constructing large orientation-aligned 3D datasets using advanced Vision
Language Models (VLMs). However, it still suffers from generalizability and accuracy due to a lack
of training on the object orientation estimation task. Besides, post-processing after 3D generation is
costly compared to directly generating orientation-aligned 3D models. Concurrel@yprpposes

an intra-category object pose canonicalization method and constructs Canonical Objaverse Dataset,
which contains 3D objects with canonical poses within categories. However, our work focuses on
inter-category object pose canonicalization.

3 Objaverse-OA Dataset

In this section, we introduce the construction of our dataset, Objaverse-OA. Dataset diversity plays a
crucial role in achieving strong generalization capability. To the best of our knowledge, the existing
orientation-aligned 3D datase4] with the largest category humber includes only 200 categories



Figure 2:VLM's Performance in Orientation Estimation . We utilize our manually curated dataset

as ground truth (GT) and show the error rate of VLM's estimation across different categories. We
observe that (1) the VLM demonstrates particular dif culty in recognizing front-facing orientations
for stick-like objects, and (2) a signi cant portion of recognition errors occur when processing objects
with inherently unclear or ambiguous frontal views. These challenges highlight the necessity of our
manual curation.

and fewer than 2,000 3D objects. In contrast, our Objaverse-OA dataset contains 14,832 orientation-
aligned 3D objects across 1008 categories, which will be made publicly available to the research
community. To build this large-scale dataset while maintaining both ef ciency and accuracy, we
employ a hybrid pipeline that combines Vision-Language Model (VLM) pre-processing with manual
correction.

VLM pre-processing: As discovered by Orient Anythingp], advanced VLMs demonstrate the
ability to recognize object front views without task-speci ¢ training. Since most models in Objaverse
primarily vary in the horizontal (yaw) axis, we follow the strategy proposed in Orient Anything:
we render each 3D object from four horizontal viewpoints—front, back, left, and right—and use a
VLM to identify the correct front view. Based on the identi ed view, we then rotate the 3D model
accordingly to align it to a canonical orientation. Our data processing begins with the Objaverse-LVIS
dataset, and we use Gemini-232] as the VLM for view recognition. From a total of 46,219 3D
models, Gemini successfully identi es front views for 20,664 objects. However, we observe that
VLM-based recognition, while promising, still falls short of human-level accuracy due to the absence
of ne-tuning and challenges associated with ambiguous or dif cult cases. We illustrate the error rate
of VLM's prediction across different categories in Fig. 2. One of the challenging cases is stick-like
objects, like spears, keys, and forks, since many of them are not aligned in roll and pitch angles in the
Objaverse. Another challenge involves geometrically narrow or thin objects such as sh, bicycles, and
water faucets. In such cases, VLM struggles to identify the correct orientation, as it relies solely on
visible front-view features without reasoning from side-view context, unlike humans. What's more,
objects with ambiguous front views, like teapots, extinguishers, and cups, can result in inconsistent
orientation predictions. To address these issues, we introduce a manual correction step described
below.

Manual correction: Starting from the VLM-based alignment, we manually Iter or correct the
wrong recognition results of the VLM and canonicalize objects with the ambiguous front-view
de nition. Moreover, to preserve category diversity, we reintroduce objects that were incorrectly
Itered out by the VLM, particularly in cases where a category has too few correctly aligned instances.
As illustrated in the Figure 2, we manually correct the orientations for about 600 object categories,
especially the stick-like objects and objects with ambiguous orientation or unclear front view features.
Note that some objects have orientation ambiguity, especially tools like spoons, mugs, and re
extinguishers. During the manual correction process, we refer to the object orientations de ned in
prior work, speci cally ImageNet3DZ4], for the categories it covers. For example, for spoons,



Figure 3:Trellis-OA and Wonder3D-OA .We ne-tune two representative methods: Trelbs]
based on a 3D-VAE backbone (top), and Wonder28},[based on a multi-view diffusion backbone
(bottom). For the 3D-VAE, we nd that ne-tuning only the sparse structure generator is suf cient
to produce orientation-aligned objects. For the multi-view diffusion model, we adopt LORA as a
lightweight domain adapter to enable the generation of orientation-aligned target images.

which are included in ImageNet3D, we align their poses in our dataset accordingly. For ambiguous
objects only included in our dataset, we de ne canonical poses based on semantic part structures,
geometric features, and common knowledge, following the principles established by ImageNet3D
and our supplementary material Section A.1. What's more, we also Iter objects with low geometry
quality and scenes with multiple objects. Experiments show that the pre-trained 3D generative models
can further improve geometry quality after ne-tuning on our dataset.

4 Orientation-Aligned 3D Object Generation

Based on our curated Objaverse-OA (Section 3), we ne-tune existing 3D generative models to

generate orientation-aligned objects. To demonstrate that orientation-aligned object generation
bene ts a variety of architectural backbones, we implement our approach on two widely used single-

view image-to-3D reconstruction frameworks: a 3D VAE-based generative model (see Section 4.1)
and a multi-view diffusion model (see Section 4.2).

4.1 3D-VAE Based Generative Model

We choose a state-of-the-art 3D-VAE-based generative model, T&llisds our base model, which
can produce ne-grained geometry and appearance aligned with the input image.

Preliminary: As shown in the Figure 3, Trelli$[/] adopts three modules for 3D asset generation
during inference including sparse structure gener@tgrstructured latents generai@r , and 3D
decoderD . Given the input imagé, sparse structure generat®g produces dense binary 3D
gidO 2 f0;1gN N N: O = Gg(I;"32q), where N is the length of the grid ard, is the

3D noise sampled frorhl (0,1), which is further converted into active voxéigp;)g\.,,; de ned

as sparse structure. After that, sparse latents gendBgta used to generate structured latents
z=1(zi;p))gN;: 2 = GL(l; Znoised ), Wherez ngised is the noised sparse structdr@ i ; p;)gl; -
Finally, the 3D representatidd is obtained via 3D decodingl = D (z).

Trellis-OA: The original Trellis model$7] is unable to produce orientation-aligned 3D outputs due

to the orientation inconsistencies present in its training data. To address this, we ne-tune Trellis
using our Objaverse-OA dataset, resulting in Trellis-OA, which generates 3D objects with aligned
orientations. Although Trellis comprises several modules for 3D generation, we nd that ne-tuning
only the sparse structure genera®8 is suf cient for achieving orientation alignment. This is likely
because Trellis inherently generates object poses randomly sampled from four orthogonal directions,
and our aligned pose distribution resides within this range. As a result, both the pre-trained structured
latent generatoGL and the 3D decoddd remain compatible with the aligned orientations and do



not require additional ne-tuning. Speci cally, our ne-tuned sparse structure gene@%@enerates
canonical sparse structurép?) g\, , which shares aligned orientations. Afterwards, pre-trained
structured latents generai@r generates canonical structured latents and 3D ded@d®oduces

nal canonical 3D modeld o4 with orientation aligned. Our experiments demonstrate that we can
ef ciently ne-tune Trellis to an orientation-aligned one while preserving its 3D priors.

4.2 Multi-view Diffusion Model

We choose Wonder3D2B] as our base multi-view diffusion model since it is one of the most
representative works based on multi-view diffusion frameworks. Note that the recipe for Wonder3D
can also be used by other multi-view diffusion based methods.

Preliminary: Multi-view diffusion models are typically ne-tuned from large-scale pre-trained
text-to-image models3p] and achieve multi-view consistent via 3D-aware attention mechanisms.
Speci cally, given an input imagé, the multi-view diffusion modeMV generate® multi-view
imagesf 11, g™, = MV (I;"), where" 2 N (0; 1) is a sampled noise vector. Here, the poses of
the ground truth of the multi-view imagés!, gL, are dependent on the input imagavherel %,

is set to predict the input imade After that, Wonder3D adopts an optimization method based on
NeusS [50] to liftf | ,, g to 3D representatioM .

Wonder3D-OA: Wonder3D R3] cannot produce orientation-aligned 3D models due to its misaligned
training data and input-image related camera settings. To address this, we implement Wonder3D-OA,
leveraging our orientation-aligned Objaverse-OA dataset. Given an input iméémder3D-OA rst
generates orientation-aligned, multi-view consistent ima&g&s which are then lifted to orientation-
aligned 3D representatiodd o . Our key change is in the supervision setup: instead of using
input-view-dependent ground truth, we render six canonical views (front, front-left, front-right, left,
right, back) from xed camera poses based on Objaverse-OA. This provides consistent orientation
references. We adopt LoORALZ] as a lightweight domain adapter to ne-tune the pre-trained
Wonder3D, preserving its learned 3D priors from non-canonical data while enabling alignment.
Additionally, we make architectural adjustments for improved performance. Originally, Wonder3D
aligns the input image with one of the predicted views to inject local features, which fails to work in
our canonical camera setting. Inspired by ImageDre#8h Jve instead employ a pixel injector to
integrate local features into the multi-view diffusion model. Speci cally, Wonder3D employs a 3D
dense self-attention mechanism with a shapdgf§, c,h;, w;) across six views within a transformer
layer, wherdy, is the batch size, c is the number of feature charmeindw, are the image resolution.

Our pixel controller modi es this tolf;, 7, c,h, w;), incorporating the input image as an additional
view. We further improve ef ciency by replacing Wonder3D's test-time optimization-based 3D lifting
module (NeuS) with LGM44], a recent model tailored for sparse-view 3D reconstruction. Since
LGM is trained using 4-views as input, we feed the front, left, right, and back views into LGM for
3D lifting. Finally, as our lifting module performs effectively without the need for normal maps, we
omit ne-tuning the cross-domain attention module in Wonder3D, simplifying the pipeline without
sacri cing quality.

5 Downstream Applications

To further demonstrate why making the 3D generative models orientation aligned is important, we
implement two downstream applications, including zero-shot model-free object orientation estimation
Section 5.1 and ef cient arrow-based object rotation manipulation Section 5.2.

5.1 Zero-shot Model-free Object Orientation Estimation

One popular class of solutions to 3D object orientation estimation is based on analysis-by-
synthesis47, 3, 10], but most of them are limited to category-level due to the dif culty in synthesizing
orientation-aligned 3D models across categories. Another line of metB®ds]] estimates poses
relative to a given CAD model, limiting practical use since a corresponding model must be available
for each input image. While one could replace CAD models with generated 3D shapes (e.g., from
Trellis), the misaligned outputs of existing generative models result in unreliable pose references.
In contrast, our method generates orientation-aligned 3D shapes directly from a single image, en-
abling the prediction odbsolute posei a canonical frame by treating the generated 3D shape as



Figure 4:Zero-Shot Orientation Estimation. Our orientation-aligned 3D object acts as a template
for pose estimation by rendering it from multiple views, re ning each, and selecting the best-matching
viewpoint. Note that we do not perform training for this downstream task, where the pose re nement
module is directly from FoundationPose4], and the pose selection module directly utilizes the
pre-trained DINO feature extractor [27].

a per-object template. Speci cally, we build on a state-of-the-art template-based pose estimation
method, FoundationPos®4], which has strong generalizability due to training on a large synthetic
dataset. It renders templates from a xed set of viewpoints, re nes each pose, and then selects the
best match. Although FoundationPose is trained with accurate CAD models and depth maps, we nd
that its pose re nement module remains effective even with our generated 3D shapes and without
depth input. However, its pose selection performance degrades when templates differ slightly in
geometry or appearance. To address this, we retain the pose re nement module but replace the pose
selection stage with a DINOv27]-feature-based similarity metric, as shown in Figure 4. This

is achieved by computing the L2 distance between DINOv2 patch feature maps of each re ned
rendering and the target image, and selecting the view with the highest similarity. Note that when
estimating orientations of objects in scene-level images, we need to extract objects' masks via the
image segmentation method [14] before 3D generation.

5.2 Ef cient Arrow-based Object Rotation Manipulation

Ef cient manipulation of 3D model rotation within simulation systems is crucial, yet challenging,
especially when models are initialized in non-canonical poses. This dif culty arises because users
typically aim to orient a model toward a desired direction, but conventional 3D simulation systems
only record the model's pose relative to its initial state. As a result, users must manually compensate
for any misalignment in the initial pose, complicating the interaction process. In contrast, our
generated orientation-aligned 3D models enable a more direct and user-friendly rotation manipulation
approach due to their aligned initial orientations. With this alignment, users can simply draw an arrow
indicating the desired forward-facing direction, without needing to consider the model's original pose.
This arrow-based interaction paradigm enhances usability and is compatible with both augmented
reality (AR) applications and general-purpose 3D software. In AR applications, users draw an arrow
in the 2D image plane, which is subsequently lifted into 3D space using monocular depth estimation
techniques (e.g.,3[l]). The system then rotates the model so that its forward-facing axis aligns with
the speci ed arrow, while ensuring the object remains grounded on the background plane. Note that
because our models are normalized in scale, their size must still be speci ed, either through a large
language model (LLM) or direct user input. In general 3D software, users draw the arrow directly in
3D space. The system then applies Rodrigues' rotation formula to align the model's orientation with
the user-speci ed direction. Additional implementation details are provided in the supplementary
materials Section A.3.

Figure 5:Qualitative Resultson multi-view diffusion backbone, Wonder3D. For each input image,
we show two views with the same index from the multi-view predictions.



GSO [8] Toys4k [39]

CD# LPIPSt CLIP" | CD# LPIP$ CLIP"
Wonder3D 0.0894 0.2799 76.37 0.0932 0.2859 87.10
Wonder3D + PCA 0.0788 0.2554 77.80 | 0.0858 0.2691 87.58
Wonder3D + VLM (Gemini-2.0) [32] 0.0850 0.2752 76.30 0.0880 0.2804 87.53
Wonder3D + Orient Anything (ViT-L) [52]| 0.1015 0.2600 77.50 0.1079 0.2699 88.12
Wonder3D-OA (ours w/o LGM) 0.0609 0.2300 80.22 | 0.0571 0.2351 91.33
Wonder3D-OA (ours) 0.0564 0.2270 80.30 | 0.0548 0.2317 92.09

Table 1: Quantitative Comparison of geometry and appearance on Multi-view Diffusion back-
bone [23]. We highlight thibést,second-best, arthird-best scores achieved on any metrics.

6 Experiment

6.1 Implementation Details

Dataset. Orientation-aligned 3D generative models Trellis-OA and Wonder3D-OA are trained on our
Objaverse-OA dataset, which is curated from Objaverse-L¥8])SThe base multi-view diffusion
model is trained on Objaversé][ and the base 3D-VAE-based model is trained on TRELLIS-
500K [57]. To demonstrate the generalizability and accuracy of our method's orientation alignment
ability, we evaluate on two unseen datasets, G§@rd Toys4dk B9]. To further demonstrate the
sim-to-real generalizability, we also evaluate on the real-world dataset Imagenet3D [24].

Baselines.For the task of aligned object generation, there are no existing baselines for this task.
Therefore, we design baselines that perform this task in two stages: 1) object generation with
misaligned orientations, and 2) orient them to aligned poses based on pose estimation using different
variants: (i) Principal Component Analysis (PCA); (ii) advanced Vision Language Model (VLM)
Gemini-2.0 B2]; and (iii) zero-shot model-free orientation estimation method, Orient Anyttbgl [

For the task of zero-shot orientation estimation, we compare our method with Orient Anygg&jng [

and FSDetView $8]. Note that FSDetView doesn't support zero-shot estimation. Therefore, we
evaluate its performance only on its supported categories.

Metrics. To evaluate the orientation alignment ability, we rotate reconstructed 3D models using
different kinds of methods and calculate Chamfer Distance (CD), LF8BISdnd CLIP [34] scores

to measure the orientation alignment quality. To evaluate the performance of our zero-shot orientation
estimation method, we calculate Acc@30 and orientation absolute error (Abs) according to the

rotation error. We follow NOCS to calculate the rotatisnde ned by: ex = arccos™ (R R1) 1.

whereT r represents the trace of the matrix. Note that for stick-like objects, top and side directions
typically have ambiguity. Therefore, we only calculate the rotation error in the front direction.

Training and inference time. To ne-tune Trellis-OA, we use a total batch size of 64 for training
30000 steps, which takes only about 10 hours on the cluster of 8 Nvidia Tesla A100 GPUs. To
ne-tune Wonder3D-OA, we use a total batch size of 512 for training 40000 steps, which takes about

3 days on the cluster of 8 Nvidia Tesla A100 GPUs.. For the 3D object generation, Trellis-OA takes
32.93s and Wonder3D-OA takes 6.69s for multi-view generation, 2.53s for fused 3DGS generation,
and 45.37s for mesh extraction. Given the generated 3D models, our pose re nement module takes
6.54s and the pose selection module takes 7.47s, which are comparable with the SOTA template-based
pose estimation method FoundationPose [54].

6.2 Orientation-Aligned Object Generation

Comparison with baselines: We rst evaluate the performance of orientation-aligned object
generation. As shown in the Table 1 and Table 2, our ne-tuned models, Wonder3D-OA and Trellis-
OA, surpass most two-stage baselines in geometry and appearance on both GSO and Toys4k datasets.
Note that our method is suboptimal in appearance on the GSO dataset compared to the VLM baseline.
It is probably because the GSO dataset has more objects with irregular geometry and appearance,
which is challenging for our ne-tuned generator to handle. We present more qualitative results

in the Figure 5 and Figure 6. As shown in Figure 6, PCA cannot handle objects with different
shape features and has dif culty in distinguishing the direction of estimated principal axes. VLM



GSO [8] Toys4k [39]

CD# LPIPSt CLIP' | CD# LPIPSt CLIP"
Trellis 0.0770 0.2502 82.88 0.0951 0.2722 92.31
Trellis + PCA 0.0798 0.2771 78.84 0.0911 0.2758 88.09
Trellis + VLM (Gemini-2.0) [32] 0.0421 [70:19987789:97"| 0.0564 0.2137 95.19
Trellis + Orient Anything (ViT-L) [52] | 0.0604 0.2193 88.61 | 0.0725 0.2313 94.81
Trellis-OA (ours small) 0.0448 0.2224 82.46 0.0465 0.2055 93.74
Trellis-OA (ours) 0.0407 0.2118 88.41 | 0.0393 0.1932 9571

Table 2:Quantitative Comparison of geometry and appearance on 3D-VAE backbone [57].

Figure 6: Qualitative Results based on the 3D-VAE backbone, Trellis. For each input image,
we render the reconstructed object from two consistent views. Note that our method consistently
generates objects in their canonical space.

has trouble recognizing objects with unclear front-view features, like dolphins and boats. Orient
Anything is still not that accurate, and typically rotates objects into leaning poses. In contrast, our
method accurately aligns the orientation of the generated 3D models without obvious geometry and
appearance degradation. Besides, our method can handle real world internet images and multi-objects
images as shown in Figure 7 and Figure 8. Furthermore, due to the high geometry quality of our
Objaverse-OA, Trellis-OA eliminates the production of plane-like geometries. Please refer to the
supplementary materials Section B for more qualitative results.

Ablation Study: To assess the importance of using an orientation-aligned dataset with diverse
categories, we conduct an ablation study by ne-tuning 3D generative models on a reduced set of 100
categories with 5720 objects, see (ours small) in Table 1 and Table 2. The results show that reducing
the number of training categories degrades both geometric and visual quality, highlighting the value
of large category diversity in our Objaverse-OA dataset.

Figure 7: Qualitative Results of Trellis-OA on real Figure 8:Qualitative Resultsof Trellis-
world internet images. OA on multi-objects images.

6.3 Zero-Shot Object Orientation Estimation

Comparison with baselines: As shown in Table 3, without speci c training, our method is already
comparable with the SOTA orientation estimation mett&#] yvith the ViT-large architecture and
surpassesp] with the ViT-small architecture by a large margin. Besides, our method can handle
challenging stick-like objects collected from the real-world dataset while baselines all fail to work,
which further demonstrates our utility in coping with long-tailed situations.
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