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Fig. 1: Comparison between PointRSP and conventional fragmented autoregressive
models. Traditional methods (a) generate shapes by merging independently generated
subsets, whereas ours (b) follows a topology-preserving tessellation process.

Abstract. Autoregressive models have emerged as an effective
paradigm for point cloud generation. However, most existing approaches
rely on heuristic tokenization strategies, such as spatial sorting or
stochastic downsampling, which often disrupt intrinsic point cloud topol-
ogy and weaken the structural coherence of the generated shapes. In
this paper, we present PointRSP, an autoregressive framework that re-
formulates point cloud generation as a topology-preserving tessellation
process via recursive spectral partitioning. Instead of constructing to-
ken sequences heuristically, we introduce a topology-aware partitioning
autoencoder that decomposes an unstructured point cloud into a non-
balanced binary tree through a hybrid recursive spectral partitioning
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strategy. This hierarchical representation provides a deterministic geo-
metric blueprint that preserves topological relationships while capturing
multiscale structural dependencies within a quantized latent space. To
synthesize shapes in this space, we propose a dual-stream cascaded gen-
erator that jointly models structural evolution and feature synthesis.
In addition, we design a geometry-calibrated positional encoding mecha-
nism that anchors latent embeddings using multi-scale structural centers,
which stabilizes cascaded generation during the early stages of structural
formation. Extensive experiments show that PointRSP achieves state-of-
the-art performance in generation quality and diversity, demonstrating
strong generalization across complex 3D topologies.

Keywords: Point Cloud Generation · Autoregressive Generative

1 Introduction

Synthesizing high-quality point clouds is pivotal for modern 3D intelligent sys-
tems, facilitating the modeling of complex 3D distributions and driving advance-
ments in embodied perception [30,33] and reconstruction [7,35]. While diffusion-
based models have emerged as the prevailing paradigm [15, 20, 24, 26, 29, 41, 42],
their reliance on holistic denoising within a global geometric context often pre-
cludes the preservation of fine-grained local features, resulting in artifacts that
violate the underlying topological structures.

Autoregressive (AR) models [6, 12, 22, 23, 34] offer an alternative by explic-
itly modeling long-range geometric dependencies through sequential prediction.
Despite their efficiency, effectively tokenizing point clouds while respecting their
intrinsic geometric topology remains a great challenge. Unlike regular grids, point
clouds are unstructured and lack a canonical ordering aligned with the underly-
ing shape manifold. Existing schemes typically rely on heuristic discretization,
such as spatial coordinate sorting [36] or space-filling curves [4], which often fail
to capture manifold continuity, resulting in incoherent local details and frag-
mented structural outputs. Therefore, we posit that it is more natural to view
point cloud tokenization as a structural decomposition problem, where the model
learns to implicitly tessellate 3D space in a manner consistent with topology.

Recently, next-scale prediction AR models have advanced this domain [17,
18, 40] by tokenizing point clouds along an axis of increasing geometric detail
(Figure 1(a)). While this paradigm alleviates the restrictive unidirectional de-
pendencies of fixed linear orderings, the scale definitions remain largely heuristic
and stochastic. Consequently, these frameworks struggle to preserve stable spa-
tial or structural correspondence across varying levels of detail. To establish
robust structural priors, a topology-aware strategy is required to partition the
geometric structure rather than relying on heuristic downsampling.

In this context, local geometric relations are critical for learning expressive
3D representations. This principle has been validated by graph-based point cloud
understanding architectures such as DGCNN [32]. Since these models success-
fully learn from local topology via dynamically constructed neighborhood graphs,
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a compelling question naturally arises: can we develop an AR generative model
that tokenizes 3D space by explicitly preserving graph connectivity? By lever-
aging graph clustering, we can explicitly decompose a global point cloud into a
series of locally connected groups, preserving the structural integrity throughout
the generation process.

Motivated by the above insights, we introduce PointRSP, an autoregres-
sive generation framework that reformulates point cloud generation as a
topology-preserving tessellation process driven by recursive spectral partition-
ing. PointRSP consists of two components: a Topology-Aware Partitioning Au-
toencoder and a Dual-Stream Autoregressive Generator. To construct a robust
geometric blueprint, the autoencoder represents point clouds as nearest neigh-
bor topology graphs and applies a hybrid recursive spectral partitioning strategy.
This strategy combines a greedy merging stage to capture local geometric details
and a top-down spectral bisection stage to preserve global manifold topology. By
tracking these sequential partition decisions, we linearize the unstructured point
set into a hierarchical, non-balanced binary tree. This explicit tree structure acts
as a deterministic prior, directly guiding the structural quantization of local point
features to construct a multiscale, topology-aware latent space.

To synthesize point clouds within this latent space, our Dual-Stream Gen-
erator employs a cascaded architecture where structural priors explicitly dic-
tate content synthesis. At each generation step, a structural predictor models
the binary branching patterns of the tessellation tree, while a feature predic-
tor generates residual coordinates conditioned on this evolving structure. To
overcome the cold-start instability inherent in early cascaded generation, where
reconstructed coordinate cues are highly unreliable, we propose a Geometry-
Calibrated Positional Encoding mechanism. This module anchors early latent
embeddings by calibrating them against multiscale geometric centers derived di-
rectly from the generated structural hierarchy. By tightly intertwining structural
prediction with feature synthesis, PointRSP achieves stable, interpretable, and
topologically faithful 3D generation.

Our contributions are summarized as fourfold:
1. We reformulate point cloud tokenization as a principled structural decompo-

sition. By framing generation as a manifold-consistent tessellation, the gen-
erative sequence is governed by intrinsic geometric topology, mitigating the
structural fragmentation caused by heuristic ordering strategies.

2. We propose a topology-aware partitioning autoencoder that constructs a hi-
erarchical binary tree using hybrid recursive spectral partitioning, capturing
multiscale geometric dependencies within a quantized latent space.

3. We introduce a dual-stream cascaded generator that jointly models struc-
tural evolution and feature synthesis, together with a geometry-calibrated
positional encoding that stabilizes early-stage generation.

4. Extensive experiments show that PointRSP achieves state-of-the-art perfor-
mance in generation quality and diversity, while faithful to 3D topologies of
complex 3D shapes.
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2 Related Work

Point Cloud Generation. Existing point cloud generation methods can be
broadly categorized into continuous distribution models and discrete autoregres-
sive frameworks. Early continuous approaches, such as PointFlow [38], employ
normalizing flows to model latent geometric distributions. More recently, diffu-
sion models have become the dominant paradigm [13,15,20,26,29,42], generating
shapes by iteratively reversing a noise corruption process in continuous or latent
spaces. While these methods achieve high fidelity, the sparsity of point clouds
combined with high-dimensional sampling trajectories results in substantial com-
putational cost. Moreover, their reliance on global denoising contexts may limit
the preservation of fine-grained geometric topology.

Autoregressive models provide a more efficient alternative by flattening un-
ordered point sets into discrete sequences for step-wise prediction. A key chal-
lenge is defining a meaningful ordering for inherently permutation-invariant
data. Prior work addresses this through heuristic linearization strategies, in-
cluding voxel-based spatial traversal [36], canonical patch serialization [6], and
space-filling curves [4]. Although these approaches reduce certain directional de-
pendencies, the imposed orderings often disrupt intrinsic manifold continuity,
leading to structural fragmentation. Recent next-scale prediction methods, such
as PointNSP [17], extend visual autoregressive modeling [25] by progressively
predicting subsets of points at increasing resolutions. This strategy improves
stability compared with strict linear prediction. However, stochastic or heuristic
subset sampling can weaken geometric correspondence across scales. In con-
trast, PointRSP reformulates the autoregressive sequence through a determin-
istic structural hierarchy derived from recursive spectral partitioning, enabling
topology-consistent generation across the entire process.
Visual Autoregressive Generation Models. Visual autoregressive models
synthesize complex outputs by iteratively generating discrete components. These
approaches are typically divided into sequential and cascaded paradigms. Se-
quential models [5, 8] represent images as collections of tokens or patches gen-
erated in a fixed order. Cascaded models [11, 19] instead adopt a hierarchical
coarse-to-fine strategy, first producing low-resolution representations and pro-
gressively refining them to higher resolutions. Recent work further explores fac-
torizing generation targets through token granularity [2,9] or frequency-domain
representations [39] to improve efficiency.

Despite the efficiency advantages of cascaded generation, most autoregressive
methods for 3D point clouds [4, 6, 36], including subset-based approaches such
as PointNSP [17], largely follow the sequential paradigm. In these frameworks,
token groups across stages remain discrete and independent, imposing strong
constraints on sampling strategies. In contrast, PointRSP introduces a cascaded
autoregressive framework guided by recursive spectral partitioning. The resulting
topology-aware hierarchical sequence preserves structural dependencies across
stages, improving both generation efficiency and geometric fidelity.
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Fig. 2: Overview of the Topology-Aware Partitioning Autoencoder. The framework
extracts a hierarchical feature sequence, applying a topology-preserving tessellated
quantization via a recursive spectral partitioning strategy. By dynamically quantiz-
ing features within disjoint geometric subsets dictated by a deterministic structural
blueprint, the model effectively preserves intrinsic topology during reconstruction.

3 Method

Standard autoregressive frameworks [23, 27] synthesize 3D shapes by decoding
discrete tokens according to a predefined, heuristic ordering. However, such ar-
tificial linearizations fundamentally disrupt the intrinsic manifold continuity of
unstructured point clouds. To address this, we propose PointRSP, which refor-
mulates point cloud tokenization and generation as a topology-preserving tessel-
lation process driven by recursive spectral partitioning. Accordingly, Section 3.1
details the Topology-Aware Partitioning Autoencoder, which decomposes the
point cloud into a non-balanced binary tree to serve as a deterministic geometric
blueprint for latent space quantization. Section 3.2 introduces the Dual-Stream
Autoregressive Generator, which employs a geometry-calibrated cascaded archi-
tecture to jointly model structural evolution and continuous feature synthesis.

3.1 Topology-Aware Partitioning Autoencoder

Starting from an input point cloud X = fxigLi=1 with L points, where xi 2 R3

is the coordinate in the Euclidean space. We first employ a sparse convolutional
encoder [37] to obtain latent point feature F0 2 RL�D, where D denotes the
latent dimension. The tessellation of the point features follows a cascaded de-
sign, where we establish T scale levels to produce a coarse-to-fine global shape
feature hierarchy F = fFtgTt=0. Figure 2 illustrates the overall autoencoding
and quantization pipeline. Through our designed topology-preserving tessellated
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quantization, at each level t, every token f(i; t) 2 F t is explicitly associated
with a structural label s(i; t). These labels collectively form the topology anno-
tation S via a hybird recursive spectral partitioning strategy, which acts as the
deterministic geometric blueprint for the subsequent training.

At scale t, the structural label S t assigns each token to a disjoint geometry
subset identi�ed by a unique label c 2 f1; : : : ; C t g. The Ct here denotes the
possible number of subset at scale t. We then pool the token features within
each subset to obtain structure-level representations:

F c
t = ff (i; t) j s(i; t) = cg; �F c

t =
1

jF c
t j

X

f2F c
t

f; (1)

where jFc
t j denotes the cardinality of the subset with label c. Subsequently, the

pooled feature �F c
t serves as the atomic quantization target. This representation

is mapped to a discrete code via a nearest-neighbor search within a learnable
codebook Z. The selected discrete code is subsequently broadcast back to all
tokens sharing the label c, yielding a quantized sequence Qt 2 RL�D . When
t > 0, we proceed the residual features at scale t�1 to its next scale for stable
learning of the quantized features [25]. To encourage the progressive re�nement
of residual geometric details at �ner scales, we process the quantized embeddings
Qt through a lightweight mapping network � t (�) to generate the reconstructed
features F̂t . The �nal 3D shape is reconstructed by aggregating these quantized
features across all T levels and decoding the accumulated representation via a
MLP decoder D:

F̂t = � t (Q t ); X̂ = D

 
TX

t=0

F̂t

!

: (2)

Topology-Preserving Tessellated Quantization. Existing hierarchical
quantizers, such as NVG [31], initialize a binary sequence matrix S(2) 2
f0; 1gL�T to record token partition decisions. Here the partition decision of token
i at scale t is denoted as s(2) (i; t). Structural labels are obtained by converting
these binary codes into decimal indices via operation Dec(�):

Dec(s(2) (i; j)) =
tX

j=0

s(2) (i; j) 2 t�j : (3)

This formulation preserves cross-scale hierarchical relations but implicitly en-
forces balanced spatial bisections through KNN-style clustering, restricting the
number of structural labels at stage t to exactly 2t . While acceptable for dense
2D grids, uniform splitting is highly restrictive for unstructured point clouds,
where geometry is naturally unbalanced across di�erent branches and scales.
Forced uniform bisection frequently blurs topological boundaries and erroneously
merges structurally unrelated regions (see Figure 3(a)).

To accurately respect intrinsic geometric relations, we propose a recursive
spectral partitioning strategy based on graph-Laplacian spectral clustering [3,
28]. Because token-level spectral partitioning across the entire point cloud is
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Fig. 3: Visualization of the recursive spectral partitioning strategy. The geometric
blueprint is constructed through a hybrid approach: a bottom-up greedy merge stage
(T l ) captures �ne-grained local details, while a top-down spectral split stage (T k ) pre-
serves global topology. Compared to (a) standard KNN-style balanced clustering, (b)
our approach explicitly accommodates the non-balanced nature of 3D geometries to
maintain strict boundary integrity.

computationally expensive and can yield misaligned structural sequences, we
introduce a hierarchical hybrid strategy. As illustrated in Figure 3, we decompose
the quantization blueprint into a bottom-up greedy merge stage with Tl steps
and a top-down spectral split stage with Tk steps, satisfying Tl + T k = T .

In the initial merge stage, we start from the raw feature sequence F0 and iter-
atively merge the most similar token pairs based on their local feature distances.
This coarse-scale greedy merging captures �ne-grained local details and reduces
the sequence length from L to K, bounded by the condition log2 L�log 2 K = T l .
We record these bottom-up binary decisions at each step as Smerge 2 f0; 1g L�T l

and extract the pooled features Fk to serve as computationally e�cient nodes
for the subsequent global stage.

During the spectral split stage, we construct a nearest-neighbor graph Lapla-
cian over the K merged tokens and perform recursive spectral bipartitioning for
t = 0; : : : ; T k �1. At each step, we compute the Fiedler vector of the graph Lapla-
cian to capture the dominant geometric variation. Let v(k; t) denote the Fiedler
vector value for token k at step t. Structural split labels are deterministically
assigned based on the sign of v(k; t). Because this topology-driven partitioning
yields a non-balanced binary tree, tokens reach terminal leaf states at variable
depths. Let lk denote the e�ective split sequence length of the k-th merged to-
ken. We de�ne the global split horizon as Tk = maxfl k g for k = 1; : : : ; K. The
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split labels Ssplit are assigned as:

ssplit (k; t) =

8
><

>:

0; v(k; t) � 0; t < l k ;
1; v(k; t) > 0; t < l k ;
�1; otherwise:

(4)

Finally, we establish the global topology-preserving structural blueprint S(2)

by integrating the binary labels from both the merging and splitting stages. An
alignment function map(�) traces each original point i through the merge hier-
archy to its corresponding aggregated token k in the split stage. This alignment
guarantees structural consistency across the entire generation process:

s(2) (i; t) =

8
><

>:

ssplit (k; t); t < l k ; k = map(i; S merge );
smerge (i; t � l k ); l k � t < l k + T l ;
0; otherwise:

(5)

Training Loss. The Topology-Aware Partitioning Autoencoder is optimized
end-to-end using a weighted combination of three objectives: a Smooth-`1 loss
L smooth

L1 [10] between the original points X and the reconstructedX̂ 0, a Cham-
fer loss Lcmf to enforce global shape-level geometric �delity, and an improved
quantization loss Lvq with better codebook usage [16] to ensure latent feature
consistency between the initial features F0 and the quantized outputs F̂ :

L total = � L1 L smooth
L1 (X; X̂) + � cmf L cmf (X; X̂) + � vqL vq (F0; F̂T ): (6)

3.2 Dual-Stream Autoregressive Generator

Standard autoregressive 3D generators typically encode structural dependencies
implicitly via manually crafted attention masks. In contrast, PointRSP adopts
a topology-aware dual-stream cascaded paradigm (see Figure 4) comprising two
explicit modules: a structural predictor that models inter- and intra-scale geom-
etry, and a feature predictor that performs residual feature synthesis conditioned
on the predicted structure. By promoting structural prior from an implicit con-
straint to an interpretable, recursively updated representation, the generation
process is directly guided by the evolving geometric blueprint.

Let eFt denote the generated feature representation at scale t, and leteF:t

represent the accumulation of generated features from resolution levels 1 to t.
Prior to generation, the initial feature sequence at t = 1 is initialized as a zero
vector, and the corresponding structural sequence is initialized by sampling from
a standard Gaussian distribution. During generation, the scale index t iterates
from 1 to T . Each cascaded step executes three core operations: computing
geometry-calibrated positional embeddings, predicting next-level features condi-
tioned on the current structure, and updating the structural representation. Both
predictors are built upon self-attention mechanisms and utilize Rotary Position
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Fig. 4: Overview of the cascaded generation from scale t �1 to t. The dual-stream gen-
erator employs a structural predictor and a feature predictor, stabilized by a geometry-
calibrated positional encoding. The right panel illustrates the dynamic construction of
topology-aware positional embeddings to resolve early-stage cold-start instability.

Embedding (RoPE) [21]. First, the feature representation eFt is predicted from
the accumulated history eF:t�1 using the feature attention module Attn f :

eFt = Attn f ( eF:t�1 ) � eF:t�1 : (7)

These features are then quantized under the guidance of the preceding struc-
tural sequenceeSt�1 . We employ a MLP-based projection layer to associate the
pooled features with codebook entries, ensuring stable gradient propagation. The
accumulated feature sequence for the next step is computed as:

eF:t = Quantize( eFt ; eSt�1 ) + eF:t�1 : (8)

To predict the subsequent structural sequence, we concatenate the accumu-
lated features eF:t with the prior structural labels eSt�1 , enabling the generated
feature content to iteratively re�ne the structural blueprint. A lightweight pro-
jection ' ensures dimensional compatibility prior to processing by the structural
attention module Attn s:

eS(2)
t = �

�
Attn s

�h
eF:t ; '(Bin( eSt�1 ))

i��
> 0; (9)

where Bin(�) denotes the inverse process of Eq. 3, �(�) is the sigmoid activation
function to squash the output into probabilistic binary decisions that de�ne the
structural path of each node. After T recursive steps, the �nal accumulated
feature sequenceeF:T is decoded into the generated 3D shape.
Geometry-Calibrated Positional Encoding. Unlike 2D images equipped
with regular grid indices, unstructured point clouds lack dense positional priors.
Furthermore, collapsing 3D coordinates into a single 1D index space [17, 20]
severely distorts spatial proximity and undermines local geometric consistency.

To address this, we formulate the positional embedding at scale t as the con-
catenation of a structural term E s

t and a feature-based term Epos
t . The structural
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