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Abstract. Existing 3D understanding models are typically built on a
fixed geometric representation and often fail when the representation
format changes. Unlike domain generalization, which studies distribu-
tion shift under a fixed input structure, we focus on representation shift,
where identical 3D semantics are expressed through heterogeneous geo-
metric encodings such as points, voxels, meshes, and 3D Gaussian prim-
itives. As 3D representations continue to evolve beyond a predefined
set, this challenge is becoming increasingly important. We formalize this
problem as Representation Generalization (RG), a new setting for unified
3D learning. RG requires a model to share knowledge across representa-
tions during training, remain effective when only a single representation
is available at test time, and extend efficiently to unseen or newly emerg-
ing representations. To this end, we propose ReGen3D, a unified frame-
work with three modules: Unified Representation Tokenization (URT),
which maps heterogeneous representations into a shared token space;
Shared Memory Interaction (SMI), which enables cross-representation
learning during training while supporting inference from any single avail-
able representation; and Efficient Representation Adapter (ERA), which
supports lightweight adaptation to unseen representations without modi-
fying the shared backbone. We further establish RepShift-3D for system-
atic evaluation under the RG setting. Extensive experiments on classi-
fication, segmentation, and reconstruction show that ReGen3D achieves
strong and robust performance across diverse representation scenarios.

Keywords: Representation Generalization - Unified 3D Modeling - 3D
Understanding

1 Introduction

3D understanding has moved beyond a single geometric representation. Modern
3D data can be expressed as point clouds [37-39, 52|, voxels [62], meshes [10,
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Fig. 1: From representation shift to representation generalization. Left: the same 3D
object can be represented as points, voxels, meshes, or 3D Gaussian primitives. Middle:
existing methods are either representation-specific or tied to fixed multi-representation
inference. Right: ReGen3D addresses these limitations with URT, SMI, and ERA.

27|, or, more recently, 3D Gaussian primitives [23,28,49], each offering different
structural priors and modeling affordances. However, most existing methods are
still built on a fixed representation assumption: they are designed, trained, and
evaluated on one representation. Once the representation changes, performance
often drops substantially [9,20,21,59,61], even when the underlying 3D semantics
remain the same. As illustrated in Fig. 1(a), the same 3D object can be encoded
by heterogeneous geometric representations, yet existing models often fail to
transfer across them. This reveals a practical but largely overlooked challenge in
3D learning, which we refer to as representation shift.

Existing paradigms do not fully address this challenge. Domain generaliza-
tion studies distribution shift under a fixed input structure [1,25,42,61], whereas
representation shift arises from the geometric encoding itself. Multimodal learn-
ing has explored interaction across language, 2D, and 3D [29, 41, 55], but fo-
cuses on semantic complementarity rather than structural variation within 3D.
A more relevant direction is joint learning across heterogeneous 3D representa-
tions [16, 17]. However, as illustrated in Fig. 1(b), existing methods still suffer
from two key limitations: (1) most methods encode each representation with
separate representation-specific models, with any subsequent interaction intro-
duced only afterward. Such designs do not reduce representation discrepancy
within a unified model, but merely fuse fragmented representation spaces; (2)
existing interaction schemes typically assume a fixed representation set and cou-
ple inference to the training-time configuration, making it difficult to support
single-representation inference or extend to unseen representations.

To address this gap, we introduce Representation Generalization (RG), a
new setting for unified 3D learning under representation shift. RG requires a
unified model to satisfy three properties: (1) shared learning across heteroge-
neous representations during training, so that complementary structural cues
can be exploited; (2) decoupled inference, where only a single representation
may be available at test time; and (3) scalable expansion beyond a predefined
representation set, allowing unseen or emerging representations to be integrated
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efficiently. These requirements make RG fundamentally different from standard
multi-representation fusion: the goal is not simply to process multiple represen-
tations jointly, but to learn a unified model that remains robust when represen-
tation availability changes and the representation space continues to evolve.

In this paper, we propose ReGen3D, a unified framework for Representation
Generalizable 3D understanding. ReGen3D resolves representation dependency
at three levels. Unified Representation Tokenization (URT) maps heterogeneous
representations into a shared token space while preserving representation-specific
structural cues. Shared Memory Interaction (SMI) enables cross-representation
knowledge learning during training through a shared latent memory, while allow-
ing inference from any available representation. Efficient Representation Adapter
(ERA) supports lightweight extension to unseen representations without modify-
ing the shared backbone. We further establish RepShift-3D, a benchmark for RG,
with aligned heterogeneous representations and unified protocols across classifi-
cation, segmentation, and reconstruction. Our contributions are three-fold:

— We introduce Representation Generalization (RG), a new setting for 3D un-
derstanding that studies robustness under representation shift, where identi-
cal semantics are expressed through heterogeneous geometric encodings and
representation availability may vary between training and inference.

— We propose ReGen3D, a unified framework that combines URT, SMI, and
ERA to support shared learning across multiple representations, decoupled
single-representation inference, and extension to unseen representations.

— We establish RepShift-3D, a benchmark for systematic evaluation under
the RG setting. Extensive experiments on classification, segmentation, and
reconstruction demonstrate strong performance and robust generalization
across diverse representation scenarios.

2 Related Work

Representation-Specific 3D Learning. Most 3D understanding methods are
developed under a fixed representation assumption [52], where the architecture
is tightly coupled to a specific geometric format [10,23,38,43,44,52]. Point-based
methods learn from unordered point sets through permutation-invariant aggrega-
tion, hierarchical grouping, graph construction, or attention-based neighborhood
modeling [4, 15, 30,37-39,46, 51,54, 56, 60]. Voxel-based methods exploit regular
volumetric grids for convolutional processing [5,8,52], while mesh-based methods
leverage surface connectivity and topology [6,10]. More recently, Gaussian-based
representations have emerged as efficient primitives for 3D reconstruction and
rendering [11,14,23,49, 50,53, 58]. Despite their success, these methods remain
representation-specific, with architectures and inductive biases tied to the native
input format. As a result, they do not naturally transfer when the representation
changes, even if the underlying 3D semantics remain the same. Our work instead
studies robustness under representation shift.

Multi-Representation 3D Learning. Several studies explore learning from
multiple geometric representations to exploit complementary structural cues
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[16,17,40]. Common designs either process each representation with a dedi-
cated encoder and introduce interaction via alignment, contrastive learning, or
cross-attention, or convert heterogeneous inputs into a shared format before
processing [18,19,31]. In parallel, transformer-based architectures have become
a dominant paradigm for 3D representation learning [24, 35,47, 60] thanks to
tokenized modeling, which offers a flexible interface and suggests mapping het-
erogeneous inputs into a shared token space while preserving structural priors.
Yet most transformer-based 3D models remain representation-specific, e.g., for
point clouds [36] or meshes [27], and their tokenization is tightly coupled to the
native format. As a result, existing multi-representation schemes still rely on
separate pipelines and introduce interaction only after independent encoding;
moreover, they typically assume a predefined representation set and couple mul-
tiple streams at inference, which does not naturally support single-representation
inference or extension to unseen representations.

Generalization beyond Distribution Shift. Robustness under distribution
shift has been extensively studied in domain adaptation, domain generalization,
and test-time adaptation [1,7,32,45,48]. These paradigms improve transfer across
datasets, domains, or environments through invariant feature learning, distribu-
tion alignment, or online adaptation. Related work on parameter-efficient tun-
ing further supports scalable extension [12,13,26] of pretrained models to new
domains while preserving learned knowledge. However, most existing generaliza-
tion frameworks assume a fixed input structure and focus on statistical variation
rather than structural variation induced by heterogeneous geometric representa-
tions. As a result, they do not explicitly address representation shift, nor do they
study how a unified model should support shared learning, decoupled inference,
and scalable expansion under changing representation availability. In contrast,
our work formalizes RG as a distinct setting for 3D learning across heterogeneous
geometric encodings within a unified framework.

3 Method

3.1 Problem Formulation

We study Representation Generalization (RG) for 3D understanding under rep-
resentation shift. Let R = {r1,...,rk} denote a set of geometric representations,
e.g., point clouds, voxels, meshes, and 3D Gaussian primitives. For an object
with semantic label y, each representation r; provides a structured observation
z® ¢ x®)  Although {z(®) K| describe the same 3D semantics, they differ
substantially in geometric encoding and structural organization.

Unlike standard domain generalization, RG does not assume a fixed input
structure. Training may access multiple representations of the same sample,
whereas inference may rely on only a single available representation. Moreover,
the representation set is open-ended, so a practical unified model should sup-
port efficient extension to unseen representations. Formally, let S C R denote
the set of available representations for a sample. RG seeks a unified predictor
fo : {z®) | k € S} — y that satisfies three requirements: (1) shared learning
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Fig.2: Overview of ReGen3D. Given heterogeneous representations, we first per-
form reconstruction pretraining with Unified Representation Tokenization (URT) and
Shared Memory Interaction (SMI), enabling cross-representation learning in a unified
architecture. For an unseen representation, Efficient Representation Adapter (ERA)
provides a lightweight adaptation to the same frozen shared encoder. The learned
model is further finetuned for downstream classification and segmentation.
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across heterogeneous representations during training, (2) decoupled inference
under varying representation availability, and (3) scalable expansion to unseen
representations via lightweight adaptation while keeping the backbone frozen.

These requirements distinguish RG from representation-specific learning and
fixed multi-representation fusion. The goal is to learn a unified model that re-
mains robust when the available representation changes.

3.2 Overview of ReGen3D

ReGen3D addresses three representative 3D tasks under the RG setting: re-
construction, classification, and segmentation. As shown in Fig. 2, it learns
from heterogeneous geometric inputs in a shared architecture, enables cross-
representation interaction during training, and extends efficiently to unseen
representations. Specifically, Unified Representation Tokenization (URT) maps
heterogeneous inputs into a shared token space while preserving native struc-
tural cues. The resulting tokens are processed by a shared encoder with Shared
Memory Interaction (SMI), where cross-attention enables information exchange
across representations and a shared memory bank accumulates transferable pri-
ors. Task-specific heads are then used for reconstruction, classification, and seg-
mentation. To extend the model beyond a closed representation set, Efficient
Representation Adapter (ERA) introduces a lightweight low-rank adaptation
pathway for unseen representations.



6 H. Zhang et al.

In practice, the shared encoder is pretrained for reconstruction on hetero-
geneous representations and then finetuned for classification and segmentation.
For unseen representations, ERA aligns their inputs to the learned token space
without modifying the shared backbone, allowing the same framework to support
both pretraining and downstream inference under the RG setting.

3.3 Unified Representation Tokenization

ReGen3D begins by mapping heterogeneous 3D representations to a shared token
interface. Instead of explicit structural conversion (e.g., collapsing all inputs to
points), which may discard representation-specific priors (occupancy, topology,
radiance), we design Unified Representation Tokenization (URT) to unify the
input space while preserving native structural cues.

For representation r, each primitive is described by a unified attribute vector

0t =g 5] e R, (1)

where ggk) € R3 is the normalized coordinate, and sgk) collects representation-
dependent attributes, e.g., voxel size, face normal, curvature or Gaussian opacity,
scale, and radiance coefficients. Since different representations expose different
attribute types, missing entries are zero-padded so that all primitives share the
same attribute dimension dg, yielding A®) ¢ RV¥*da  The detailed attribute
instantiations are provided in the supplementary.

To produce tokens that can be processed by a shared backbone, URT de-
couples geometric grouping from attribute projection. We build local neighbor-
hoods purely in R? by selecting G anchors via FPS on {ggk)} and gathering
neighbors by KNN, ensuring geometry-consistent patching across encodings. At-
tributes are then mapped to a unified feature space by a shared linear projec-
tion ¢ : R% — R avoiding learning separate representation-dependent feature
spaces, and zero-padded entries contribute no informative signal under ¢.

For each anchor ¢4, neighbor attributes are aggregated into a patch token

= ({ole? = al) |  Moten}) + e ®

where p(-) is a permutation-invariant aggregation operator and ey, is a learnable
representation embedding that injects representation identity into the shared
token space. Stacking all patch tokens gives

7k _ [ch)’._.,zgc)] c RG*D. (3)
URT maps heterogeneous representations to the same token dimension D

with geometry-consistent patching and shared attribute projection, providing
the unified input interface for subsequent cross-representation learning.
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3.4 Shared Memory Interaction

URT aligns heterogeneous inputs in a shared token space, but RG still requires
cross-representation interaction during training. A direct solution is pairwise
fusion between representations, but such designs depend on the representation
combination and become cumbersome as the number of representations grows.
We instead introduce Shared Memory Interaction (SMI), which performs cross-
representation interaction through a shared memory space.

Let M € RT*P denote a learnable memory bank with T' slots, and let
Z#) e RE*P denote the token sequence of representation rj. For a sample
with available representation set S, we build a shared interaction context by
concatenating all available representation tokens with the memory bank:

Zs = Concat({Z(j)}jeg, M). (4)
Each representation then attends to this shared context:
720 =720 L Attn(Q = ZW, K = Zs, V = Zs), (5)

where Attn(-) denotes cross-attention [2] followed by a feed-forward block.

SMI serves two purposes. First, it enables each representation to access in-
formation beyond its own token stream by attending to other available represen-
tations and the shared memory. Second, the memory bank acts as a persistent
carrier of transferable priors, absorbing geometric regularities shared across het-
erogeneous encodings and feeding them back during interaction. Rather than
hard-wiring pairwise correspondence, SMI lets different representations commu-
nicate through a shared latent space.

A key property of SMI is that its interaction form remains unchanged when
representation availability changes. When only a single representation is available
at test time, the shared context reduces to

Zs = Concat(Z(k), M), (6)

and Eq. (5) is applied without architectural modification. The same mechanism
also benefits unseen representations once they are mapped into the shared to-
ken space. Although their token statistics may differ from seen representations,
cross-attention to the shared memory exposes them to priors accumulated from
heterogeneous training representations. This helps pull unseen tokens toward a
feature space structured by shared geometric semantics, making the encoder less
sensitive to representation-specific discrepancies.

Compared with explicit pairwise fusion, SMI keeps the interaction operator
independent of any fixed representation combination and scales naturally as the
representation set grows. It is the core mechanism that enables training-time
knowledge sharing and flexible test-time generalization in ReGen3D.

3.5 Efficient Representation Adapter

New representations may emerge after pretraining, but retraining the full net-
work for each new format is inefficient and undermines the idea of a shared
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representation-agnostic backbone. To address this issue, we introduce Efficient
Representation Adapter (ERA), which extends ReGen3D to unseen representa-
tions through parameter-efficient fine-tuning (PEFT) [12, 13].

Suppose a new representation 7x 11 ¢ R becomes available after pretraining.
ERA keeps the shared components of ReGen3D frozen, i.c., the URT embed-
ding layers, the SMI mechanism, and the Transformer backbone, and introduces
lightweight low-rank adaptation (LoRA) branches [13] on top of the frozen net-
work. For a learned weight W € R%n>dout  the adapted weight is written as

W' =W +BA, BeRW" AcR™>ew < min(d,dow), (7)

where W remains frozen and only the low-rank parameters (A, B) are optimized.

The adaptation scope depends on the downstream task. We attach LoRA
branches to the URT embedding layers and the Transformer. For reconstruc-
tion, we additionally retrain the reconstruction head for the unseen represen-
tation since the output structure is representation-dependent. For classification
and segmentation, we instead attach LoRA branches to the task head, enabling
adaptation to the new input structure while preserving the shared backbone.

This design is enabled by URT and SMI in the framework. URT maps het-
erogeneous inputs into a shared token interface, and SMI organizes interaction
in a shared latent space through a fixed memory-guided operator. As a result,
adapting an unseen representation does not require re-learning the shared en-
coder or memory, but only lightweight task-dependent adjustments that align
the new representation with the pretrained feature and prediction spaces.

Once adapted, the unseen representation can be processed by the same frame-
work. As shown in Fig. 2(b), its tokens are aligned to the shared token space
through the adapted URT embedding, then interact with the fixed shared mem-
ory through the same cross-attention mechanism, while ERA compensates for
representation-specific discrepancies without disturbing learned priors. This en-
ables ReGen3D to extend beyond the original representation set while preserving
shared knowledge acquired from heterogeneous training representations.

3.6 Training Objective

ReGen3D is trained in two stages: reconstruction pretraining on heterogeneous
representations, followed by finetuning for classification and segmentation.
Reconstruction pretraining. The model reconstructs the target represen-
tation from encoded tokens. For representation rj, let A®) and A®) denote
predicted and ground-truth attributes. The attribute reconstruction loss is

2
al —al9| . (8)

where N} is the number of primitives in 7, and the geometry loss is

£ = cp (P, PO 9)
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where CD(-, ) is the Chamfer Distance between reconstructed and target geom-
etry. The overall reconstruction objective is

_ 1 (k) (k)
Lrec - |S| l;g (‘Cattr + )‘Lgeo) ’ (10)

where X\ balances attribute and geometry reconstruction.
Classification and segmentation finetuning. For downstream tasks, the
pretrained encoder is finetuned with standard supervised loss:

1 N
£task = E Zg(y(k)ay> ) (11)

keS

where £(-, ) is the cross-entropy loss for classification or segmentation.

ReGen3D does not require explicit pairwise alignment loss across representa-
tions. Instead, cross-representation consistency is induced by shared supervision
on identical semantics, the unified token interface of URT, and the latent inter-
action of SMI. This keeps the objective simple while enabling shared learning
during training and flexible generalization across representations.

4 Experiments

4.1 RepShift-3D Benchmark

To evaluate Representation Generalization (RG), we establish RepShift-3D,
a benchmark built on ModelNet40 [52] and ShapeNet-Part [3,57]. Each object
has four representations, i.e., point clouds, voxels, meshes, and 3D Gaussian
primitives, and annotated for reconstruction, classification, and segmentation.
For classification and reconstruction, RepShift-3D contains 9,840 training
samples and 2,467 test samples. For segmentation, it contains 12,052 training
samples, 1,851 validation samples, and 2,841 test samples. All representations
are normalized in a unified setting. Coordinates are centered and scaled to a
unit sphere, and structural attributes are constructed accordingly. Point clouds
are uniformly sampled to 1,024 points. Meshes are processed by manifold [22]
reconstruction and resampling, standardized to 1,024 faces by default and 4,096
faces for reconstruction. Voxels are obtained by voxelizing mesh-derived samples.
Gaussian representations are derived from ShapeSplat [34] and downsampled to
a comparable scale. For segmentation, part labels are defined on point clouds and
mapped to corresponding representations. Details are provided in supplementary.

4.2 Experimental Setup

Implementation details. All models are implemented in PyTorch and trained
on two TITAN RTX GPUs. The shared encoder is pretrained for reconstruction
and finetuned for classification and segmentation. We use AdamW [33] with
learning rate 0.001, cosine decay, and weight decay 0.05. The batch size is 128,
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Table 1: Reconstruction results on the three training representations under LORO.
The upper block reports CD (x1072), and the lower block reports MSE.4. ‘ indicates
that the representation has no structural attributes.

VMG PMG PVG PVM
vV M G P M G PV G P VvV M
Chamfer Distance (CD) (x107°)
PointNet [38] Point |42.5 144.2 467.3|35.2 148.5 474.1|34.2 43.4 475.8/34.9 43.3 1424

Method Ori. Rep.

DGCNN [37 Point |31.2 138.6 40.3 |28.8 135.8 38.2 [30.2 35.4 48.6 |35.7 43.4 148.3
PCT [60] Point |47.2 192.4 38.3 |47.4 207.9 40.1 |57.2 58.4 54.2|50.6 47.3 186.5
Point-MAE [36] Point [34.3 41.2 52.3|33.0 42.5 54.5|25.9 26.0 36.5|26.3 26.8 48.1
MeshNet [6] Mesh |34.6 186.3 108.4|33.0 195.1 110.2|34.7 38.1 97.4|38.6 38.2 181.2

VoxelNet [62] Voxel |53.2 186.1 48.3 [51.5 182.4 47.9 |56.2 54.8 46.2 |53.4 52.1 190.5
MeshMAE [27] Mesh |38.2 102.3 32.3|34.9 108.8 28.3|36.4 35.1 28.4|32.6 35.4 107.2
ShapeSplat [34] Gaussian|43.2 44.2 46.7 |44.2 43.6 43.1|47.2 45.6 42.3 |43.1 41.9 42.3
Baseline Multiple |35.1 41.1 55.3 |34.4 42.0 53.5|27.8 26.6 37.4 (28.3 26.5 49.3
ReGen3D Multiple [23.0 22.1 30.7|23.4 23.6 29.2(25.1 25.2 31.2|27.8 28.0 24.3
Attribute Mean Squared Error (MSEagtr)

PointNet [38] Point - 086 0.13| - 0.87 0.13| — - 119 - - 085
DGCNN [37] Point - 029 051 - 0.28 053] — - 051 - - 0.28
PCT [60] Point - 026 0.56| - 027 057| - - 058 - — 0.26
Point-MAE [36]  Point - 019 058 - 018 058 - - 070 - - 0.17
VoxelNet [62] Voxel | - 027 0.64| - 026 067| - - 056 - - 021
MeshNet [6] Mesh - 028 051 - 026 0.52| — - 053| - - 0.29
MeshMAE [27]  Mesh - 013 057 - 014 056 - - 058 - - 0.14
ShapeSplat [34] Gaussian| — 0.06 0.54| - 0.07 051| - - 043| - - 0.06
Baseline Multiple | - 0.21 0.62| - 0.19 0.59| — - 073 - - 019
ReGen3D Multiple| — 0.04 0.40| — 0.04 0.42| - - 0.38| - - 0.05

the mask ratio 0.6, and training lasts 300 epochs. Each representation is sampled
to 1,024 primitives and partitioned into G = 64 patches of 16 primitives.
LORO protocol. We adopt a leave-one-representation-out (LORO) protocol.
Given four representations, i.e., Point, Voxel, Mesh, and Gaussian, we hold out
one and train on the remaining three, yielding VMG (Point held out), PMG
(Voxel held out), PVG (Mesh held out), and PVM (Gaussian held out). For
each split, we report results on the three training representations to evaluate
unified representation learning, and on the held-out representation to evaluate
unseen representation generalization.

Compared methods. Most existing 3D methods are designed for a single rep-
resentation without modeling interaction across heterogeneous formats. For fair
comparison, we re-instantiate representative methods in our setting and train
them under the same LORO splits, including PointNet [38], DGCNN [37], Vox-
elNet [62], MeshNet [6], PCT [60], Point-MAE [36], MeshMAE [27], and ShapeS-
plat [34]. We also construct a naive interaction baseline by adding cross-attention
before the shared backbone; it will degenerate to self-attention when only one
representation is available at test time. This provides a direct comparison against
simple multi-representation interaction.

Metrics. For reconstruction, we use Chamfer Distance (CD) [52] and attribute
Mean Squared Error (MSE,,) when applicable. For classification, we report
accuracy. For segmentation, we report mean Intersection over Union (mloU).
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Table 2: Reconstruction results on the held-out representation under LORO. CD is
scaled by 1073; MSE,. is reported when applicable.

. Point Voxel Mesh Gaussian
Method Orl. ReP- 5 N SEwy CD MSEsy €D MSEa CD MSEary
PointNet [38] Point  58.4 - 61.2 - 206.2 0.93 4914 1.57
DGCNN [37] Point  48.3 - 53.2 - 226.2 0.31 58.7 0.85
PCT [60] Point  76.2 - 80.4 — 2945 0.29 624 0.88
Point-MAE [36] Point 52.4 - 55.3 — 59.2  0.24 63.1 0.84
VoxelNet [62] Voxel 74.1 — 72.4 — 238.2 0.34 598 0.85
MeshNet [6] Mesh 48.2 - 50.4 - 2124 0.15 137.1 0.84
MeshMAE [27] Mesh  64.2 - 71.7 - 121.3 0.25 48.8 0.85
ShapeSplat [34] Gaussian 54.5 - 55.7 - 524 0.08 522 0.82
Baseline Multiple 55.6 - 57.2 - 59.1 0.22 634 0.86
ReGen3D Multiple 34.5 — 33.1 — 32.1 0.06 32.2 0.73

4.3 Pretraining: Reconstruction

Unified representation learning. We first evaluate reconstruction on the
three training representations under each leave-one-representation-out split. As
shown in Table 1, ReGen3D achieves the strongest and most stable performance
across all splits, consistently yielding the lowest CD on the training represen-
tations. Under VMG, for example, it reduces CD to 23.0 on Voxel and 22.1 on
Mesh, compared with 34.4/41.2 for Point-MAE [36] and 38.2/102.3 for Mesh-
MAE [27]. The same trend holds under other splits and in attribute reconstruc-
tion, where ReGen3D achieves the lowest MSE,, on both Mesh and Gaus-
sian. These results show that URT and SMI enable the shared encoder to ac-
cumulate transferable geometric priors across representations, improving single-
representation reconstruction after joint multi-representation pretraining.
Unseen representation generalization. We next evaluate reconstruction on
the held-out representation under the same LORO splits. As shown in Table 2,
baseline performance drops substantially once the test representation is excluded
from training. The degradation is especially severe for Mesh and Gaussian, where
both geometry and structural attributes must be recovered consistently. On un-
seen Mesh, for example, the best baseline CD is 52.4 from ShapeSplat, whereas
ReGen3D reduces it to 32.1; on unseen Gaussian, it further achieves 32.2, com-
pared with 48.8 from MeshMAE and 52.2 from ShapeSplat. The same trend
holds in attribute reconstruction, where ReGen3D achieves 0.06 on unseen Mesh
and 0.73 on unseen Gaussian. These gains are obtained without changing the
shared backbone, showing that priors learned through URT and SMI transfer be-
yond the training representation set, while ERA provides an efficient adaptation
path for the held-out format.

4.4 Finetuning: Downstream Tasks

Unified representation learning. We then turn to downstream classification
and segmentation on the three training representations under each LORO split.
Table 3 shows that ReGen3D achieves the best performance across all splits. For
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Table 3: Downstream results on the three training representations under LORO. The
upper and lower blocks report classification and segmentation results, respectively.

VMG PMG PVG PVM
v M G| P M G P VvV G P VvV M

Classification Accuracy (%)
PointNet [38] Point [76.2 74.9 80.2|75.4 76.0 79.5|76.9 77.1 77.8|76.2 76.9 75.8
DGCNN [37] Point [82.1 70.2 81.4|81.5 73.7 82.9|83.6 83.8 85.0|80.5 79.7 68.9
PCT [60] Point [58.6 46.2 42.1|60.3 49.3 35.9|78.9 79.0 70.3|78.1 77.8 58.6
Point-MAE [36] Point [46.7 71.4 86.2|43.3 68.4 84.3|86.3 86.0 87.8|76.5 75.3 52.4
VoxelNet [62] Voxel [42.3 45.2 48.1(40.2 44.7 47.6|44.5 43.3 47.4|31.9 31.0 34.4
MeshNet [6] Mesh |64.2 79.4 80.2|65.3 79.0 81.6|76.1 74.9 78.9|75.4 75.6 75.3
MeshMAE [27] Mesh |72.1 71.2 66.8|54.8 70.9 66.2(53.9 74.2 66.1|52.6 74.4 724
ShapeSplat [34] Gaussian|82.4 79.2 87.1|81.2 80.9 86.9|83.8 83.6 88.2|82.1 81.7 80.7
Baseline Multiple [45.2 70.1 81.3|43.1 62.2 80.0|81.4 84.3 83.2|71.5 74.9 51.2
ReGen3D Multiple |[84.6 83.2 90.1|85.6 82.1 89.8|86.5 86.8 88.5|83.4 83.4 78.6
Segmentation mIoU (%)
PointNet [38] Point [43.5 46.5 49.1|50.4 41.5 43.6|50.4 49.5 42.5|47.3 49.4 48.2
DGCNN [37] Point [48.8 45.8 47.8|47.6 43.1 42.6|41.2 40.3 41.4|42.6 46.7 50.1
PCT [60] Point [44.6 46.3 50.6|44.7 44.9 50.0|44.3 45.9 50.0|44.6 45.8 49.6
Point-MAE [36] Point [45.4 47.2 41.7|47.0 45.3 50.7|48.2 46.8 50.7|46.4 46.6 50.1
VoxelNet [62] Voxel [40.3 44.2 46.7[46.3 41.2 47.0|42.3 43.7 47.0|52.2 41.3 45.5
MeshNet [6] Mesh |32.9 39.7 33.7(32.0 31.4 33.3|32.1 49.9 33.3|32.7 33.7 34.7
MeshMAE [27] Mesh |45.5 51.8 49.7|47.1 43.5 48.6|51.4 46.5 48.6|45.9 46.7 48.0
ShapeSplat [34] Gaussian|54.3 56.4 46.7|59.7 57.9 56.4|55.8 54.1 51.4|55.5 55.8 54.0
Baseline Multiple [43.4 46.1 40.2|46.3 44.1 48.3]46.9 46.2 50.1|46.2 46.1 48.9
ReGen3D Multiple |77.8 65.1 58.2|77.5 64.9 58.9(78.9 80.0 57.1|79.0 78.4 63.8

Method Ori. Rep.

Table 4: Downstream results on the held-out representation under LORO. Cls. and
Seg. denote classification accuracy (%) and segmentation mlIoU (%), respectively.

. Point Voxel Mesh  Gaussian
Method Ori. Rep. Cls. Seg. Cls. Seg. Cls. Seg. Cls. Seg.
PointNet [38] Point 43.3 39.7 48.1 40.1 26.2 39.0 24.0 44.6
DGCNN |[37] Point  45.1 46.1 48.3 38.6 46.3 35.9 35.2 39.7
PCT [60] Point  55.7 37.5 61.2 37.5 38.0 40.6 43.9 42.6
Point-MAE [36] Point 42.6 24.9 36.8 24.6 30.6 26.9 25.2 27.7
VoxelNet [62] Voxel 24.1 37.1 26.5 37.4 25.7 39.6 22.8 38.8
MeshNet [6] Mesh 44.1 26.0 47.7 25.2 27.2 32.2 26.4 21.2
MeshMAE [27] Mesh  32.2 42.5 30.9 42.1 28.3 26.5 38.5 44.2
ShapeSplat [34] Gaussian 61.2 46.7 58.8 47.4 29.9 51.5 45.2 50.1
Baseline Multiple 42.1 25.5 36.2 22.1 29.4 25.1 23.4 26.7
ReGen3D Multiple 78.4 75.2 77.6 76.6 67.5 62.0 85.1 56.6

classification, it reaches 84.6/83.2/90.1 under VMG and 83.4/83.4/78.6 under
PVM. The advantage is larger for segmentation, where it achieves 77.5/64.9/58.9
under PMG and 78.9/80.0/57.1 under PVG. These results show that cross-
representation interaction during finetuning improves single-representation in-
ference across heterogeneous training representations.

Unseen representation generalization. We further examine downstream
performance on the held-out representation under LORO. Table 4 shows that all
baselines degrade markedly once the test representation is excluded from train-
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Table 5: Ablation under the LORO protocol with Point, Gaussian, and Mesh for
training and Voxel held out. The left block reports unified learning, and the right
block reports unseen generalization. Reconstruction is measured by CD (x107*); clas-
sification and segmentation are reported in accuracy (%) and mIoU (%), respectively.

Unified Representation Learning Unseen Representation Generalization
URT SMI ERA |Reconstruction| Classification |Segmentation |Reconstruction|Classification|Segmentation
P M G|P M G|P M G \Y \Y \Y
34.4 42.0 53.5(43.1 62.2 80.0(46.3 44.1 48.3 57.2 36.2 22.1
v 27.2 37.1 38.6(70.9 76.9 85.2|65.4 53.1 51.2 55.7 51.8 52.4
v v 23.4 23.6 29.2(85.6 82.1 89.8|77.5 64.9 58.9 50.6 72.6 58.6
v v Vv [234 23.6 29.2|85.6 82.1 89.8/|77.5 64.9 58.9 33.1 77.6 76.6

Table 6: Robustness evaluation under the VMG setting on real-scan ScanObjectNN
data and geometrically perturbed RepShift-3D point clouds.

Settings Real Scan Noise Rotation  Shift Scale
Condition  ScanObjectNN 10% +20° +0.1 +10%
Results  40.1 CD / 70.6 Acc. 75.3 Acc. 78.2 Acc. 79.9 Acc. 78.3 Acc.

ing, indicating limited transfer across representations. By contrast, ReGen3D
remains stronger on both classification and segmentation. For classification, it
improves the best baseline from 45.2 to 85.1 on unseen Gaussian and from 46.3 to
67.5 on unseen Mesh. For segmentation, it achieves 75.2/76.6/62.0/56.6 on un-
seen Point, Voxel, Mesh, and Gaussian, respectively. These results show that the
finetuned shared encoder retains representation-transferable semantic structure,
which can be extended to held-out formats with lightweight adaptation.

4.5 Ablation Studies

Key Modules. We ablate URT, SMI, and ERA under the same LORO proto-
col, using Point, Gaussian, and Mesh for training while holding out Voxel. Ta-
ble 5 reports results on both training and held-out representations. URT already
brings clear gains over the baseline, especially for classification and segmenta-
tion, showing that a unified token interface reduces structural discrepancy at the
input level. Its improvement on held-out reconstruction remains limited, indi-
cating that token alignment alone is insufficient for stable transfer across repre-
sentations. Adding SMI further improves all three tasks, particularly reconstruc-
tion and segmentation, confirming the importance of shared-memory interaction
for accumulating transferable priors across heterogeneous representations. ERA
then yields additional gains only on the held-out Voxel representation while leav-
ing the training representations unchanged, consistent with its role as an efficient
adaptation module for unseen formats. These progressive gains validate the roles
of URT, SMI, and ERA in reducing representation discrepancy, strengthening
shared learning, and extending the model to unseen representations.

Robustness evaluation. We further evaluate ReGen3D on real scans and ge-
ometric perturbations under the VMG setting. Since ScanObjectNN contains
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Different Representation Reconstruction Results H Input Output Ground Truth

Fig. 3: Qualitative reconstruction results. Left: unified learning results on the three
training representations. Right: RG results on the held-out unseen representation. We
follow MeshMAE [27] and ShapeSplat [34] for mesh and Gaussian visualization.

only point clouds without paired mesh, voxel, or Gaussian counterparts, it can-
not form a fully aligned four-representation benchmark. We therefore use it as
a joint domain and representation shifts stress test: ReGen3D is pretrained on
the voxel, mesh, and Gaussian representations of RepShift-3D, with point clouds
held out, and ERA adapts the unseen ScanObjectNN point inputs while keeping
the shared backbone frozen. We also apply controlled noise, rotation, transla-
tion, and scaling to RepShift-3D point clouds to simulate real-world acquisition
and preprocessing variations. As shown in Table 6, ReGen3D adapts effectively
to real-scan inputs and remains robust across these controlled perturbations.

4.6 Visualization Results

Visualization for representation generalization. Fig. 3 shows qualitative
reconstruction results under the LORO setting. ReGen3D preserves complete
geometry and faithful structural details across different held-out representations,
which are consistent with the quantitative gains in Table 2.

t-SNE visualization. We further visualize features under the same LORO
setting with Gaussian as the unseen representation. As shown in Fig. 4(a), fea-
tures remain clearly separated after URT, indicating that unified tokenization
preserves representation-specific structure. After introducing SMI, the seen rep-
resentations become more aligned in Fig. 4(b), showing reduced representation
discrepancy and shared learning. After applying ERA, the unseen Gaussian fea-
tures in Fig. 4(c) align to the shared feature space. This progressive transition
illustrates the roles of URT, SMI, and ERA in preserving native structure, en-
abling shared learning, and aligning unseen representations.
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Fig. 4: t-SNE visualization under the LORO setting with Gaussian held out.

4.7 Limitations

Despite strong robustness to representation shift, ReGen3D still has several lim-
itations. First, URT uses geometry-guided FPS and KNN grouping to construct
unified tokens, which reduces representation discrepancy but does not explicitly
preserve all fine-grained native structures, such as mesh connectivity. Second,
ERA keeps the shared backbone frozen but still requires lightweight optimiza-
tion to align a new representation with the learned space. Third, appearance
attributes of 3D Gaussians, such as color and radiance, remain more challenging
to reconstruct than geometry, motivating richer appearance-aware modeling.

5 Conclusion

We introduced Representation Generalization (RG), a new setting for 3D under-
standing under representation shift, where the semantics are expressed through
heterogeneous geometric encodings and representation availability may change
between training and inference. To address this problem, we proposed ReGen3D,
a unified framework built on Unified Representation Tokenization (URT'), Shared
Memory Interaction (SMI), and Efficient Representation Adapter (ERA), which
together enable shared learning, decoupled inference, and efficient extension to
unseen representations. We further established RepShift-3D for systematic eval-
uation under the RG setting. Extensive experiments on reconstruction, classi-
fication, and segmentation demonstrate strong and robust performance across
diverse representation scenarios. We hope this work can encourage future re-
search on scalable unified 3D learning beyond fixed representation assumptions.
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