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Abstract. 3D object detection from LiDAR point clouds faces a fun-
damental dilemma: voxel-based methods achieve efficiency at the cost
of geometric quantization, while point-based methods preserve fidelity
but suffer from prohibitive computational bottlenecks. Specifically, point-
based architectures are crippled by slow downsampling strategies (e.g.,
FPS) and expensive dynamic neighbor queries (e.g., k-NN) coupled with
costly continuous interactions. To tackle these systemic inefficiencies, we
propose PointLAM, a highly efficient and powerful point-based architec-
ture driven by two synergistic innovations. First, to resolve the downsam-
pling bottleneck, we develop the Laplacian Point Sampler (LPS). LPS
employs an implicit discrete Laplacian high-pass filter and Doubly Sorted
Sampling to achieve fast, structure-aware foreground preservation. Sec-
ond, to overcome local modeling latency, we design the Local Hadamard
Aggregator (LHA). LHA decouples spatial indexing from feature repre-
sentation using transient grids, and replaces complex continuous interac-
tions with a Hadamard Gating mechanism for topology-aware, attentive
modulation. By coupling this local gating with Bi-Directional Mamba
(BDM) layers for global sequence modeling, we formulate the Local At-
tentive Mamba (LAM) block. Powered by this architecture, PointLAM
achieves competitive performance on nuScenes and Waymo for point-
based detectors. It rivals highly optimized voxel competitors while re-
quiring a fraction of the computational footprint, demonstrating marked
superiority in detecting small instances and handling extreme sparsity.
Project page: https://pointlam.github.io/.
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1 Introduction

Accurate 3D object detection from LiDAR point clouds, a cornerstone of mod-
ern autonomous systems, hinges on effectively processing vast and unstructured
raw data. Historically, the field has confronted a fundamental dilemma between
geometric fidelity and computational efficiency, diverging into voxel-based and
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Fig. 1: Comparison of 3D point cloud processing paradigms. Left: Point-based meth-
ods [27,128,/33L/45] rely on expensive neighborhood queries, while voxel-based meth-
ods [211/391/47,/48| sacrifice fine geometric details for efficiency. Right: PointLAM offers
a favorable performance-efficiency trade-off on nuScenes. It is faster and lighter (marker
size indicates parameter count) than several strong voxel-based baselines (circles), po-
sitioning it as a competitive point-based model (red star).
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point-based paradigms. While voxel-based approaches efficiently process struc-
tured volumetric grids via 3D Sparse CNNs [3],4,/8.(9,|19}32,/34,{46/-48] or Trans-
formers [1},22[23]25}/39, |42/ 53|, they inherently sacrifice geometric fidelity. In
contrast, point-based methods [33)35,/45,51] operate directly on raw point sets,
preserving precise, fine-grained geometric details and avoiding quantization er-
rors and information loss inherent to voxelization. As summarized in Fig.[I] these
paradigms occupy different performance-efficiency regimes, motivating Point-
LAM as a point-level design for a better accuracy-efficiency balance.

However, systemic inefficiency hinders the widespread adoption of point-
based detectors, critically manifesting in two fundamental bottlenecks. First,
the downsampling bottleneck restricts foreground preservation. The dominant
Farthest Point Sampling (FPS) [11}/18,31L32,45] is computationally prohibitive
and structure-agnostic, whereas semantic-dependent alternatives [45/51] incur
heavy overhead and lack robust geometric priors. Second, capturing intricate
local geometries mandates expensive spatial queries (e.g., k&-NN) and heavy con-
tinuous interactions [27,[28,|33L|45], severely degrading latency.

To tackle these issues, we introduce PointLAM, an efficient point-based archi-
tecture driven by two synergistic innovations. For the downsampling bottleneck,
we propose the Laplacian Point Sampler (LPS). Instead of relying on structure-
blurring local pooling [15/52] or computation-heavy semantic samplers [51], LPS
exploits a fundamental high-frequency geometric prior. Specifically, by calcu-
lating the feature deviation from the local neighborhood mean, we construct an
implicit discrete Laplacian high-pass filter [41] that inherently highlights distinct
structural boundaries and corners. Guided by these Laplacian saliency scores,
our Doubly Sorted Sampling (DSS) module ranks and selects points globally and
regionally, ensuring uniform spatial coverage while strictly preserving informa-
tive geometric skeletons without the latency of FPS.

For the local modeling bottleneck, we propose the Local Hadamard Aggre-
gator (LHA). Traditional queries like k-NN are computationally prohibitive and
density-sensitive, often introducing severe spatial noise by retrieving distant ir-
relevant points in sparse regions [40]. LHA resolves this by utilizing a transient



PointLAM 3

grid strictly as a deterministic spatial router. This imposes a bounded receptive
field to isolate distant noise, allowing sparse convolutions to aggregate context
directly over continuous points. Furthermore, LHA replaces computation-heavy
continuous relative positional embeddings [43] with a Hadamard Gating mecha-
nism, adaptively modulating channel-wise amplitudes via the Hadamard product
between a point’s intrinsic feature and its aggregated context.

To structurally unify local and global modeling, we formulate the Local
Attentive Mamba (LAM) block. While standard Mamba models [10,/56] offer
linear-time sequence modeling for long sequences, their 1D nature disrupts spa-
tial structures when directly applied to 3D point clouds, degrading fine-grained
local geometries. The LAM block resolves this limitation by coupling LHA with
Bi-Directional Mamba (BDM) layers. Within this block, LHA functions as a
topology-aware attentive gating mechanism that anchors local geometric pri-
ors before serialization, while BDM processes the serialized streams to establish
global dependencies. This synergy allows PointLAM to deliver linear-complexity
global perception while strictly preserving local geometric fidelity.

Extensive empirical evaluations systematically corroborate our theoretical
formulations. Evaluated on the nuScenes [2] and Waymo Open Datasets [36],
PointLAM achieves competitive accuracy on both benchmarks while maintain-
ing a point-based architecture, approaching or matching several strong voxel-
based baselines. Crucially, these competitive accuracies are achieved while requir-
ing a fraction of the computational footprint—drastically reducing parameters,
FLOPs, and inference latency. Furthermore, PointLAM demonstrates strong per-
formance in detecting small instances and handling extreme sparsity, directly
validating the geometric fidelity preserved by our point-based architecture.

2 Related Work

2.1 LiDAR-based 3D Object Detection

LiDAR-based 3D object detectors can be broadly categorized into two types:
point-based and voxel-based methods. Point-based methods [271/28,/33,/35,45,51|
directly process raw, irregular point sets using techniques such as the PointNet
series |27)28| to extract geometric features from local point neighborhoods. While
preserving precise location information, these methods often contend with chal-
lenges such as high computational costs for sampling and grouping, lower infer-
ence efficiency, and difficulties in capturing expansive contextual features due to
their localized processing. In contrast, voxel-based approaches |14l/7}14119)39/47]
convert unstructured point clouds into regular 3D voxel grids. This regularization
allows the application of more conventional network architectures and has led to
voxel-based methods becoming a mainstream approach in 3D object detection.

Voxel-based methods can be broadly categorized into Sparse Convolutional
Neural Network (SpCNN)-based and Transformer-based. SpCNN-based meth-
ods [315,(8./9, (17,34}, [44] 4648 utilize 3D sparse convolutions, which efficiently
process only non-empty voxels. While efficient for sparse data, the reliance on
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small kernels can restrict the effective receptive field, limiting the capture of long-
range dependencies. Transformer-based methods [1,(6}7,(12}/16,|19,22}23,[25] /37
391142,/53./55] have been introduced to the voxel domain, grouping voxels and ap-
plying self-attention to model global relationships. However, the quadratic com-
plexity of Transformers often necessitates processing a limited number of voxels
or voxel groups to remain computationally feasible. The constraints of restricted
receptive fields in SpCNNs and the computational demands or limited scope of
voxel-based Transformers motivate the exploration of alternative architectures
like Mamba, which PointLAM leverages within its point-based framework to
capture global context efficiently.

2.2 Mamba for 3D Point Cloud Processing

Mamba [10]| has recently been introduced into deep neural networks as a com-
pelling alternative to Transformers. Mamba incorporates input-dependent pa-
rameters and a selection mechanism to achieve linear-time sequence modeling
and strong performance. Its success has spurred adaptations to general vision
tasks such as image classification, semantic segmentation, and 2D object de-
tection, with models such as Vision Mamba [56] and Vmamba |20| employing
different bidirectional SSMs or 2D-selective scanning techniques to process im-
age data and learn global visual clues effectively.

Building on these advancements, leveraging Mamba for 3D point cloud anal-
ysis is an emerging research frontier, initiated by pioneering efforts such as
PointMamba [18]. Applying these inherently sequential models to unordered
and unstructured 3D point clouds presents distinct challenges: devising effec-
tive point serialization strategies that preserve spatial locality, adequately cap-
turing fine-grained local geometric details (which is not the primary strength
of global-centric Mamba), and addressing the non-causal nature of 3D spatial
relationships. Subsequent works like Mamba3D [11], Point cloud mamba [50],
and others (e.g., |14,21},/49]) have explored various solutions, often involving
specific serialization protocols, such as coordinate sorting |20] and space-filling
curves |26}29], specialized scanning methods, or the integration of components
such as convolutions [14}/21,/49] to boost local feature extraction.

3 Method

This section details the architecture of PointLAM, our proposed efficient point-
based 3D detector. We begin with an overview of the overall framework (Sec.
, followed by in-depth descriptions of its two core innovations: the Laplacian
Point Sampler (Sec. and the PointLAM backbone block (Sec. [3.3).

3.1 Overall Architecture

As illustrated in Fig. [2] PointLAM processes raw point clouds through a stream-
lined pipeline comprising the Laplacian Point Sampler (LPS) and a hierarchical
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3D backbone. First, the proposed LPS (Sec. efficiently downsamples the
massive input. It utilizes a Deviation Network (DevNet) to explicitly encode
the geometric distinctiveness of each point. This is followed by a Doubly Sorted
Sampling (DSS) strategy to rapidly and strictly retain the most informative
foreground structures. The sampled points are then processed by the 3D back-
bone, which consists of a stack of N Local Attentive Mamba (LAM) blocks.
To synergize global and local modeling, each block sequentially integrates Bi-
Directional Mamba (BDM) layers (Sec. for long-range dependency modeling,
and Local Hadamard Aggregator (LHA) modules (Sec. for fine-grained fea-
ture extraction. Notably, LHA circumvents the severe computational overhead
of dynamic neighbor queries (e.g., k-NN) by utilizing a transient grid to decou-
ple spatial indexing and isolate distant noise. This is followed by a Hadamard
Gating mechanism to adaptively modulate features based on local topology. Fi-
nally, after stage-wise downsampling, the point features are projected into a
Bird’s-Eye-View (BEV) representation for the detection head.

3.2 Laplacian Point Sampler

Point-based 3D detectors critically depend on downsampling to reduce massive
input clouds to manageable scales. However, the dominant Farthest Point Sam-
pling (FPS) [11}18l31}i32/45] imposes a prohibitive computational bottleneck due
to its iterative nature and remains inherently agnostic to foreground structures.
Conversely, recent semantic-aware samplers incur heavy computational overhead
for feature extraction and lack robust geometric priors [45,51]. To resolve this
fundamental inefficiency, we introduce the Laplacian Point Sampler (LPS), a
highly efficient two-stage pipeline driven by a high-frequency geometric prior.
The LPS operates via a Deviation Network (DevNet) to explicitly encode geo-
metric distinctiveness, followed by a Doubly Sorted Sampling (DSS) algorithm
for fast, structure-aware point preservation.
Deviation Network. Given a partitioned point cloud, we project each point p;
and its local offsets into an intermediate feature h; € RP. Standard Point Feature
Networks (PFNs) typically aggregate these using max-pooling. However, max-
pooling acts as a spatial low-pass filter with a sparse, “Winner-Take-All” gradient
flow ( % = 0). Consequently, structurally critical but numerically weaker
foreground signals are severely suppressed by dominant background features.
To resolve this, DevNet replaces max-pooling with a Deviation operation,
computing the difference between each point’s feature h; and its local spatial
mean h:

N
|
S;i=hi—h= N;(hi—hj) (1)

Mathematically, this difference exactly formulates the discrete Laplace oper-
ator. As a spatial derivative measuring local signal roughness, the Laplacian
yields near-zero responses on smooth, low-frequency surfaces (h; ~ h) and
high-magnitude responses at high-frequency geometric singularities (e.g., cor-
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Fig. 2: The overall architecture of PointLAM. Top: The pipeline starts with the Lapla-
cian Point Sampler (LPS) for fast, structure-aware downsampling, followed by a 3D
backbone of N blocks. Each block cascades X-axis or Y-axis Bi-Directional Mamba
(BDM) layers for global context, paired with a Local Hadamard Aggregator (LHA)
module for efficient local topology modeling, followed by BEV projection and detection
heads. Bottom-Left: LPS utilizes a Deviation Network (DevNet) to effectively imple-
ment an implicit discrete Laplacian high-pass filter, combined with Doubly Sorted Sam-
pling (DSS) to strictly preserve informative foreground structures. Bottom-Center:
LHA captures local geometry by spatially indexing via a transient voxel grid, and em-
ploys a Hadamard Gating mechanism for topology-aware feature modulation. Bottom-
Right: BDM establishes global context by sequentially processing points sorted along
the X and Y axes via Mamba blocks.

ners, boundaries). DevNet thus functions as an explicit high-pass filter, robustly
preserving geometrically distinctive points.

Crucially, this Laplacian formulation guarantees a dense gradient flow. Dur-
ing backpropagation, the gradient for any point p; is derived as:

a[,_aa(_1) 1« Oc

o~ \' N) NZag, @)

J#
Unlike the zero-sum nature of max-pooling, this continuous formulation drives
the network to learn cooperative contrast. Every point receives active gradient
updates, optimizing the network to maximize the statistical distinctiveness of
salient points (J;) relative to their neighborhood (d;). The final augmented fea-
ture is then constructed by concatenating the intrinsic feature with its Laplacian
response: Fy = Concat(h;,d;).
Doubly Sorted Sampling. Guided by the Laplacian responses encoded in
lew the DSS algorithm performs fast, structure-aware point selection. First, an
importance score S(p;) = ||F} ||2 is derived for each point p;, directly reflecting
its distinctiveness.
To entirely circumvent the prohibitive latency of iterative Farthest Point
Sampling (FPS), DSS replaces sequential distance queries with an efficient two-
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step sorting mechanism. Points are first globally sorted by S(p;) in descending
order, and then stably sorted by their region indices. This ensures the most
salient geometric points lead each regional subset. Let p;. denote the j-th point
in this doubly sorted list, with region index r;-. The regional top-k selection rule
is strictly formulated as:

True ifj <k
riE L >k

Select p); <= { (3)

Essentially, this deterministic rule selects the first k& points globally (j < k)
and subsequently retains a point only if its region index differs from the k-th
preceding point (r; # r}_; ). Consequently, the DSS strategy guarantees uniform
spatial coverage while strictly preserving the informative geometric skeletons of
foreground objects. By reducing the downsampling bottleneck to a simple sorting
operation, it preserves essential local structures for the subsequent PointLAM
blocks at a fraction of the computational cost.

3.3 PointLAM Block

The Local Attentive Mamba (LAM) block constitutes our PointLAM feature
extraction pipeline. It synergizes fine-grained local attentive modulation with
linear-complexity global sequence modeling to efficiently process unstructured
point clouds. This section details its two structurally unified sub-modules: the
Local Hadamard Aggregator (LHA) for topology-aware local gating, and the
Bi-Directional Mamba (BDM) for global context perception.

Local Hadamard Aggregator (LHA) Capturing fine-grained local geometry
is vital for 3D detection. However, traditional point-based methods [27}28/33]/45|
relying on explicit continuous neighborhood queries (e.g., k-NN) are computa-
tionally prohibitive and density-sensitive, often introducing severe spatial noise
by retrieving distant irrelevant points in sparse regions. To resolve this local
modeling bottleneck, we introduce the Local Hadamard Aggregator (LHA).
Neighbor Query. To circumvent the latency of dynamic queries, LHA decou-
ples spatial indexing from feature representation by utilizing a transient grid.
For each point p; with coordinates p; and features f; € RP, we associate it
with a discrete integer grid index v; = V(p;). Acting purely as a deterministic
router rather than a quantization step, this grid imposes a bounded receptive
field to strictly isolate distant noise. The neighborhood N () is defined as the
set of points whose grid indices fall within a fixed kernel window (e.g., 3 x 3 x 3)
centered on v;. Local aggregation is then performed via a learnable sparse con-
volutional kernel W':

£l = N W(V(p,) - V(pi)) - £ (4)
JEN(3)

Crucially, point features are never merged or averaged into a voxel representa-
tion. The grid serves purely as a structural scaffold, allowing sparse convolutions



8 X. Shang et al.

to aggregate context directly over individual, continuous points. The resulting
context-rich features {f}°°*'} are then passed through a linear layer to produce
a local context representation ¢; € RP.

Topology-Aware Hadamard Gating. To adaptively refine the aggregated
local features, LHA abandons computation-heavy neighbor interactions—such
as continuous relative positional embeddings—in favor of a Hadamard Gating
mechanism. The original input feature f; is passed through a parallel linear layer
to produce an intrinsic gating vector g; € RP.

By simply computing the Hadamard product (®) between this gating vector
and the aggregated local context c¢;, LHA adaptively modulates channel-wise
amplitudes based on local topology. Stabilized by a residual connection, the
complete LHA operation is formulated as:

£ = (gi0c) + 1§ (5)

This bipartite design is simple and highly efficient. The transient grid secures
rich local geometry without dynamic spatial searches, while the Hadamard gating
provides a powerful, topology-aware feature refinement with negligible compu-
tational overhead.

Bi-Directional Mamba and LAM Synergy While the Local Hadamard Ag-
gregator (LHA) establishes robust local geometric priors, perceiving 3D struc-
tures necessitates global context. Standard Mamba models excel at linear-time
sequence modeling, effectively overcoming the quadratic complexity of self-attention
for the ultra-long point sequences typical of outdoor LiDAR scenes. However, as
inherently 1D sequence models, vanilla Mamba architectures inevitably disrupt
the spatial locality of unstructured 3D point clouds during serialization.

The Local Attentive Mamba (LAM) block resolves this fundamental limi-
tation by structurally coupling LHA and Bi-Directional Mamba (BDM) in a
synergistic cascade. Rather than enforcing a strict precedence, LAM interleaves
global scanning with local attentive modulation. As BDM processes the seri-
alized streams to establish long-distance dependencies, the accompanying LHA
modules act as topological anchors. They continually restore and reinforce fine-
grained geometric fidelity, effectively preventing the spatial disruption inherent
to 1D serialization from compounding across deep layers.

To capture this global context, BDM serializes the unstructured point sets.
As illustrated in Fig. 2] we deliberately adopt a simple axis scan, merging all
samples within a batch into a single continuous sequence ordered along the X-
axis or Y-axis. The X-sorted points are processed through a Mamba block to
capture X-direction dependencies. The intermediate features are then dynami-
cally reordered based on Y-coordinates and processed through a second Mamba
block to model Y-direction relationships.

Crucially, this architectural synergy eliminates the need for latency-heavy
spatial sorting routines (e.g., space-filling curves). Because the interleaved LHA
modules robustly anchor the local geometry throughout the network architec-
ture, BDM is freed to efficiently deliver linear-complexity global perception with-
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out spatial truncation. Overall, the LAM block combines fine-grained local ag-
gregation with global context modeling in an efficient way.

4 Experiment

4.1 Implementation Details

Our framework is developed upon OpenPCDet [38]. For the LPS, the local
spatial partitions are set to 0.3m x 0.3m x 0.25m for nuScenes and 0.32m x
0.32m x 0.1875m for Waymo, retaining the top-k (k = 1) salient points per
region via DSS. The 3D backbone stacks N = 4 PointLAM blocks. Crucially,
within each LHA module, we efficiently factorize the 5 x 5 x 5 geometric recep-
tive field into two consecutive 3 x 3 x 3 sparse convolutions, preserving spatial
context while decreasing the indexing operations per point. Models are trained
on NVIDIA A800 GPUs for 36 epochs on nuScenes and 24 epochs on Waymo.
On nuScenes, epoch counts are not directly comparable across methods because
Class-Balanced Grouping and Sampling (CBGS) [54] changes the number of it-
erations per epoch. DSVT [39], HEDNet [47], and SAFDNet [48]| use 20-epoch
CBGS schedules, corresponding to 154,480 optimization steps according to their
official implementations, whereas our 36-epoch schedule without CBGS contains
63,324 steps. Thus, 36 epochs does not imply a larger training budget. Ex-
cept for disabling CBGS on nuScenes, we follow DSVT [39] for optimization,
data augmentation, and post-processing. More configurations are provided in
the supplementary material.

4.2 Main Results

nuScenes. As shown in Table [} PointLAM achieves competitive performance
on the nuScenes dataset while maintaining a point-based architecture. On the
validation set, PointLAM yields 72.2 NDS and 67.8 mAP, surpassing promi-
nent voxel-based models such as DSVT (71.1 NDS) and LION (72.1 NDS),
and remaining comparable to the recent UniMamba (72.6 NDS). On the test
set, PointLAM establishes a strong baseline for point-based detectors with 73.0
NDS and 68.8 mAP, significantly outperforming the previous point-based 3DSSD
(+16.6 NDS). It also exactly matches the performance of the highly optimized
voxel-based framework Voxel Mamba (73.0 NDS) and outperforms DSVT (72.7
NDS). These results validate the efficacy of our proposed point-level operators in
successfully bridging the performance gap with state-of-the-art voxel methods.
Waymo. As shown in Table [2| PointLAM demonstrates competitive perfor-
mance on the Waymo Open Dataset while adhering to a point-based architec-
ture. On the validation set, it achieves 73.6 L2 mAPH, outperforming established
detectors such as DSVT (72.1 L2) and HEDNet (73.4 L2), and matching the
strong Voxel Mamba baseline. Similarly, on the official test benchmark, Point-
LAM yields 79.8 L1 mAPH and 74.4 L2 mAPH, performing comparably to the
state-of-the-art voxel-based SAFDNet (74.6 L2). Notably, without relying on



10 X. Shang et al.

Table 1: Performance comparison on the nuScenes dataset without using any test-time
augmentation and model ensemble strategies. ‘C.V.”, ‘Ped.’; ‘M.C.’; and ‘T.C.’ denote
construction vehicle, pedestrian, motorcycle, and traffic cone, respectively.

Method Representation NDS mAP  Car Truck Bus Trailer C.V. Ped. M.C. Bike T.C. Barrier
Results on the validation set
PillarNeXt . 684 622 8.0 574 676 35.6 206 868 686 531 773 69.7
Pillar
DSVT 711 664 874 626 759 42.1 25.3 882 748 587 778 70.9
CenterPoint, 66.5 592 849 574 70.7 38.1 16.9 851 59.0 420 698 68.3

70.1 655 869 60.8 73.1 43.4 252 875 729 573 772 70.3
66.7 60.5 839 555 705 38.1 21.1 846 628 50.0 69.4 69.4
714 66.7 87.7 60.6 778 50.7 289 871 743 568 763 66.9
70.4 647 837 516 66.4 59.1 325 871 714 51.7 803 78.7

SAFDNet Voxel 710 663 876 608 780 435 266 878 755 580 750  69.7

LION 721 680 879 649 776 444 285 896 756 594 808  7L6

Voxel Mamba 719 675 879 628 768 459 249 893 771 586 801 715

FSHNet 7L7 681 887 6L4 793 478 263 893 767 605 786 723

Unian 726 685 887 647 797 479 287 897 746 591 795 723

PointLAM (Ours) Point 722 678 886 641 789 453 265 892 739 595 802 721
Results on the test set

PointPiIla Pillar 453 305 684 230 282 234 41 597 274 11 308 389

PillarNet 714 660 876 575 636 631 279 873 700 423 833 772

CenterPoint 655 580 846 5.0 602 532 175 834 53T 287 767 709

VoxelNeXt 700 645 846 530 647 558 287 858 732 457 790 746

TransFusion- 702 655 862 567 663 588 282 861 683 442 820 782

FSDv2 717 662 837 516 664 591 325 871 714 517 803 787

LargeKernel3D Vosel 706 654 855 538 644 595 207 859 727 468 799 755

’ 710 663 861 557 657 621 309 858 735 475 804 755

720 677 871 565 704 635 336 879 704 448 851 781

727 684 868 584 673 631 371 880 730 472 849 784

739 698 872 6L1 689 650 363 900 740 492 873 795

730 690 868 571 680 632 354 895 74T 508 869 773

740 702 879 604 709 659 367 905 735 495 869 794

3DSSD Point 564 426 812 472 614 305 126 702 360 86 3Ll 479

PointLAM (Ours) 730 638 878 608 724 632 257 886 714 488 863 793

dense volumetric representations, our model exhibits robust capabilities on ge-
ometrically delicate classes, yielding highly competitive scores on pedestrians
(e.g., 75.2 L2 APH on the test set). This intrinsic strength empirically reflects
the advantage of point-based paradigms in preserving fine-grained structural
fidelity free from quantization loss.

Efficiency. Table [3] benchmarks PointLAM’s computational footprint and la-
tency on a single NVIDIA A800 GPU. Yielding top-tier accuracy (72.2 NDS,
73.6 L2 mAPH), our point-based framework operates with 8.6M parameters,
90.7G FLOPs, and 93.1ms latency, establishing a highly competitive trade-off
against established voxel-based methods. Specifically, while HEDNet main-
tains a more compact parameter footprint (4.6M), PointLAM delivers superior
precision (+0.5 NDS, 0.2 L2 mAPH) with fewer FLOPs (90.7G vs. 106.2G) and
lower latency (93.1ms vs. 96.7ms). Compared to LION [21], PointLAM achieves
higher nuScenes accuracy while slashing FLOPs by 45% (90.7G vs. 165.8G)
and accelerating inference by over 2x (93.1ms vs. 195.3ms). Furthermore, it
matches Voxel Mamba’s Waymo performance utilizing 37% of its FLOPs.
These striking margins validate that replacing heuristic sampling and density-
sensitive spatial queries with our LPS and LHA routing intrinsically resolves
the systemic bottlenecks of the point-based paradigm, efficiently mitigating the
accuracy-efficiency trade-off while retaining point-level features.
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Table 2: Performance comparison on the Waymo Open Dataset (single-frame setting)
without using any test-time augmentation and model ensemble strategies. Symbol ‘-’
denotes that the result is not available.

ALL (3D mAPH) Vehicle (AP/APH) Pedestrian (AP/APH) Cyclist (AP/APH)

Method Representation 1 12 1 12 L1 12 L1 L2
Results on the validation set
PV-RCNN ) 69.6 633  T7.5/76.969.0 / 68.475.0 / 65.7 66.0 / 57.6 67.8 / 66.4 65.4 / 64.0
Point-Voxel . , , ,
PV-RCNN-++ 752 68.6  79.1/78.670.3/69.980.6/74.6 71.9 / 66.3 73.5 / 72.4 70.7 / 69.6
PointPillar 633 575  T1.6/71.063.1 / 62.570.6 / 56.7 62.9 / 50.2 64.4 / 62.3 61.9 / 59.9
PillarNet 746 684  79.1/78.670.9 / 70.580.6 / 74.0 72.3 / 66.2 72.3 / 71.2 69.7 / 68.7
SWFormer pill - - 77.8 / 77.369.2 / 68.880.9 / T2.7 72.5 / 64.9 - -
PillarNeXt [17] WA 57 697 784/ 77.970.3 / 69.8 82,5 / 77.1 74.9 / 69.8 73.2 / 72.2 70.6 / 69.6
FlatFormer - 67.2 - 69.0 / 68.6 - 715 / 65.3 - 68.6 / 67.5
P1v3 [42] - 70.5 - 71.2 / 70.8 - 76.3 / 70.4 - 715 / 704
SECOND 63.1  57.2 723 /71.763.9 /63.368.7 / 58.260.7 / 51.3 60.6 / 59.3 58.3 / 57.1
Centerpoint 735 676  76.6 /76.068.9 /68.479.0 / 73.471.0 / 65.8 72.1 / 71.0 69.5 / 68.5
VoxelNeXt 763 701 782/ 77.769.9 /69.481.5 / 76.3 73.5 / 68.6 76.1 / 74.9 73.3 / 72.2
DSVT 782 721 79.7 /793714 /71.083.7 / 78.9 76.1 / 71.5 TT.5 / 76.5 T4.6 / T3.T
HEDNet Voxel 794 734 81.1/80.673.2/72.784.4 /80.076.8 / 72.6 78.7 / 77.775.8 / T4.9
SAFDNet i8] 792 732 80.2/79.772.2/71.879.9 / 76.9 76.8 / 72.6 79.1 / 78.176.2 / 75.2
LION 80.1 740  80.3/79.972.0 / 71.685.8 / 81.4 78.5 / 74.3 80.1 / 79.0 77.2 / 76.2
Voxel Mamba 796  73.6  80.8 /80.372.6 / 72.285.0 / 80.8 77.7 / 73.6 78.6 / 77.6 75.7 / 74.8
UniMamba 802 741  80.6 /80.072.3 / 71.886.0 / 81.3 78.7 / 4.1 80.3 / 79.3 77.5 / 76.5
FSHNet 80.6 749  82.2/81.774.5 / 74.085.9 / 80.8 78.9 / 73.9 80.5 / 79.4 78.0 / 76.9
PointLAM (Ours) Point 797 73.6  80.0 / 79.6 7.7 / 71.385.1 / 81.1 78.0 / T4.1 79.4 / 78.3 76.5 / 5.5
Results on the test set
PV-RCNN ) 742 688  80.6 /80.172.8 / 72.478.2 / 72.0 71.8 / 66.0 71.8 / 70.4 69.1 / 67.8
Point-Voxel i . ) e / / / 9/
PV-RONN 757 702 81.6 /81.273.9 / 73.580.4 / 75.0 74.1 / 69.0 71.9 / 70.8 69.3 / 68.2
PointPillar Pillar - - 68.6 / 68.1 60.5 / 60.1 68.0 / 55.5 61.4 / 50.1 - -
PillarNeXt-3 790 741  83.3/82.876.2/75.884.4 / 81.4 78.8 / 76.0 73.8 / T2.7 71.6 / 70.6
CenterPoint 772 719 81.1/80.673.4 /73.080.5 /773 74.6 / 71.5 74.6 / 73.772.2 / 71.3
AFDetV2 752 703 80.5/80.073.0 / 72.6 79.8 / 74.3 73.7 / 68.6 72.4 / 71.2 69.8 / 69.7
SST-3f 783 728  81.0 /80.673.1/72.783.3/79.776.9 / 73.5 75.7 / 74.6 73.2 / 72.2
FSDv1 [3] Voxel 782 724 827 /823744 /741829 /77.975.9 / 71.375.6 / 74.472.9 / T1.8
FSDv2 [9] 790 733 824 /82.074.4 / 74.083.8 / 78.9 77.4 / T2.8 77.1 / 76.0 74.3 / 73.2
SAFDNet 798 746 83.9/83.576.6 /76.284.3 /79.8 78.4 / 4.1 TT.5 / 76.3 T4.6 / 73.4
Voxel Mamba 796 743  84.4 /84.0 77.0 / 76.6 84.8 / 80.6 79.0 / T4.9 75.4 / T4.372.6 / TL.5
FSHNet 80.3  75.2  84.9 /84.577.8 / 77.485.3 / 80.0 79.5 / TA.3 77.7 / 76.5 74.8 / T3.7
PointLAM (Ours) Point 798 744 83.2/82.975.5/75.285.2 /80.779.4 / 75.2 76.9 / 75.7 74.1 / 72.9

Robustness. To systematically evaluate model robustness, we analyze detection
performance across varying global input densities, instance-level point counts,
and physical object sizes (Tables @ Under uniform density reduction (down
to 1/16) and extreme instance-level sparsity (ranging from 5 to 25 points per
object), PointLAM consistently outperforms the highly optimized voxel baseline,
LION. These results validate that our point-based architecture intrinsically pre-
serves critical fine-grained geometries even when spatial information is severely
degraded. Furthermore, we examine the efficacy of our Local Hadamard Ag-
gregator (LHA) across different physical sizes by comparing it against a k-NN
baseline. While £-NN enforces a fixed neighbor count—inevitably retrieving dis-
tant background noise when targets are small or sparsely populated—our tran-
sient grid imposes a strictly bounded spatial receptive field. This deterministic
routing structurally isolates feature contamination, yielding the most substantial
performance advantages on the smallest instances (e.g., +1.24 L1 mAPH over
k-NN at Size 1.0m?). This directly corroborates the theoretical superiority of
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Table 3: Comparison of parameter count, computation cost, and inference latency of

different 3D detection backbones.

Method Venue Backbone Representation #Parameters (M) FLOPs (G) Latency (ms) NDS L2 mAPH
PVRCNN |31 CVPR’20 Point-Voxel 8.5 47.4 281.2 - 63.3
CenterPoint [46] CVPR21 Voxel 2.7 41.8 60.1 66.5 67.6
VoxelRCNN 5] AAAT21 Voxel 11.7 23.3 94.5 - 66.2
VoxelNeXt |4 CVPR’23 SpCONN Voxel 15.5 97.5 192.9 66.7  70.1
PVRCNN++ [32|  1JCV’23 P Point-Voxel 9.5 55.4 97.3 - 68.6
HEDNet [47] NeurIPS’23 Voxel 4.6 106.2 96.7 71.4 73.4
SAFDNet [48] CVPR’24 Voxel 3.7 60.8 104.3 71.0 73.2
FSHNet |19 CVPR’25 Voxel 10.7 161.6 99.2 L7 74.9
FlatFormer |23 CVPR’23 Pillar 1.1 48.1 62.3 - 67.2
DSVT-Pillar [39] CVPR’23 Transformer Pillar 1.2 35.6 73.2 71.1 71.0
DSVT-voxel [39] CVPR’23 Voxel 2.7 108.6 115.6 - 72.1
Voxel Mamba [49] NeurIPS’24 Voxel 15.1 246.2 109.8 71.9 73.6
LION [21] NeurIPS’24  Mamba Voxel 10.1 165.8 195.3 72.1 74.0
PointLAM (Ours) - Point 8.6 90.7 93.1 72.2 73.6

Table 4: Robustness comparison under Table

5: Robustness comparison across

varying input point densities. different points number in one object.
Density Ours LION |21 Number Ours LION |21
L1 mAPH L2 mAPH L1 mAPH L2 mAPH L1 mAPH L2 mAPH L1 mAPH L2 mAPH
1/2 70.06 63.78 69.47 63.23 5 21.40 19.76 19.98 18.39
1/3 62.28 56.17 55.44 0 22.50 20.71 21.46 19.71
1/4 56.70 50.82 49.55 15 24.33 22.36 23.00 21.07
1/8 40.52 35.80 34.57 20 26.27 24.10 24.76 22.63
1/16 25.08 21.86 20.60 25 28.50 26.13 26.84 24.52

bounded discrete indexing over dynamic continuous queries in preserving pure

object features.

Interpretability of LPS and LHA. Fig-
ure (3| visualizes our sampling behavior and
feature activations. It explicitly demonstrates
the high-pass filtering nature of our Laplacian
Point Sampler (LPS): it aggressively discards
low-frequency flat surfaces while preserving
the informative geometric skeletons of fore-
ground objects. Furthermore, the heatmaps
reveal that the Hadamard modulation in LHA
is highly topology-aware. High activations
align perfectly with distinct structural bound-
aries and corners, whereas responses on planar
regions remain suppressed, directly validating
our geometric prior design.

4.3 Ablation Studies

We adopt an ablation strategy driven by
the distinct physical characteristics of two
datasets. Experiments on the highly sparse

Fig. 3: Visualization of LPS sam-
pling and LHA feature modula-
tion. Raw input points are in light
gray. Points retained by LPS are
colored based on their LHA activa-
tion magnitude, highlighting high-
frequency structural boundaries.
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Table 6: Robustness comparison across different object sizes.

Size (m?) Ours LION [21] Ours-KNN
L1 mAPH L2 mAPH L1 mAPH L2 mAPH L1 mAPH L2 mAPH
1.0 3.75 3.28 3.38 2.93 2.51 2.17

1.5 20.70 18.82 20.26 18.37 19.09 17.27
2.0 29.75 27.27 29.36 26.85 27.77 25.34
2.5 35.40 32.69 34.95 32.23 33.76 31.08
3.0 47.12 43.97 46.12 42.97 43.72 40.68

Table 7: Ablation on Laplacian Point Table 8: Effect of aggregation modes in

Sampler components. the Local Hadamard Aggregator.
Encoding Sampling mAP  NDS Aggregation Mode mAP NDS
PFN Pooling 67.41 7142 Addition 67.13 70.98
DevNet Pooling 67.82  71.59 Subtraction 67.51 71.53
PFN DSS 67.77  71.56 Hadamard 68.14  71.82
DevNet DSS 68.14 71.82 Concatenation 67.63 71.51

nuScenes dataset (18-epoch schedule) evaluate feature representation capacity
and module synergy. Conversely, the 1/5 subset of the massive, dense Waymo
Open Dataset serves as a stress test for operator scalability, computational effi-
ciency, and spatial indexing.

Effectiveness of Laplacian Point Sampler. Table [7] dissects the LPS into
its encoding and sampling phases. A standard voxelization-like baseline using a
Point Feature Network (PFN) and local pooling yields 71.42 NDS. Upgrading
the encoder to our DevNet improves performance to 71.59 NDS, proving that
explicitly capturing high-frequency structural boundaries is superior to semantic-
agnostic aggregation. Concurrently, replacing pooling with our Doubly Sorted
Sampling (DSS) achieves 71.56 NDS. Synergizing both delivers the optimal 71.82
NDS. This confirms that in highly sparse regimes, encoding geometric priors and
preserving structural skeletons are equally indispensable.

Effectiveness of Aggregation Mode in LHA. Table[§evaluates the aggrega-
tion mechanisms within LHA. In sparse conditions without explicit continuous
positional embeddings, simple linear operations like addition (70.98 NDS) or
concatenation (71.51 NDS) fail to achieve sufficient channel-wise interaction.
In contrast, our Hadamard product achieves a peak 71.82 NDS, outperform-
ing the next-best mode by +0.29 NDS. This validates that a Hadamard gating
mechanism acts as a highly expressive, dynamic feature-wise filter, adaptively
modulating local topology with minimal computational overhead.
Architectural Synergy of Backbone Modules. Table[J|demonstrates the in-
dispensable, highly complementary relationship between LHA and Bi-Directional
Mamba (BDM). Relying solely on serialized BDM yields a sub-optimal 69.58
NDS, as pure sequence models inherently struggle with unstructured sparse
points and easily overfit to serialization artifacts. Conversely, utilizing LHA alone
achieves only 69.40 NDS due to the absence of global receptive fields. Synergizing
both boosts performance by a massive +2.24 NDS (to 71.82). This confirms our
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Table 9: Ablation on architectural syn- Table 10: Impact of Mamba scan orders

ergy between LHA and BDM. on performance and latency.
LHA BDM AP NDS Scan order mAP  NDS Latency (ms)
X-axis Y-axis Random 66.74  71.08 0.1
Hilbert ~ 67.06 171.26 5.5
v 64.37  69.40 Z-order  67.27 71.23 5.6
v 63.67  68.68 Shuffle  66.35 70.62 11.2
v v 64.87  69.58 Shuffle* 66.75  70.89 11.2
v v 67.26  71.23 Axis Sort  67.26  71.23 0.1
v v v 68.14 71.82

Table 11: Validation of Laplacian geo- Table 12: Ablation on neighbor queries
metric priors and DSS sensitivity to k.  and kernel sizes in LHA.

Method L1 mAPH L2 mAPH Neighbor L1 mAPH L2 mAPH Latency (ms)
DSS-Random (k=1.0) 74.59 68.50 KNN 74.61 68.40 44.5
DSS-IS (k=1.0) 75.02 68.90 PTv3 72.52 66.53 11.2
DSS-Random (k=1.5) 74.57 68.48 Ours 75.95 69.87 2.7
DSS-IS (k=1.5) 74.99 68.91
DSS-Random (k=2.0) 74.59 68.46 Kernel L1 mAPH L2 mAPH Latency (ms)
DSS-IS (k=2.0) 75.14 69.02 3x3x3  75.63 69.54 80.7
DSS-Random (k=2.5) 74.51 68.39 5%x5%5 75.95 69.87 93.1
DSS-IS (k=2.5) 74.93 68.79 TXTXT  76.02 69.95 104.2

structural paradigm: LHA’s robust local topological extraction perfectly miti-
gates the spatial information loss of 1D serialization, empowering BDM to effi-
ciently establish global dependencies.

Effectiveness of Mamba Scan Orders. Table|10| compares Axis Sort against
random sequences, space-filling curves (“Hilbert”, “Z-order”), and their block-
wise mixtures (“Shuffle”, “Shuffle*”). While complex curves yield marginal gains
by preserving spatial locality, they incur a prohibitive 50x latency overhead. In-
triguingly, even the geometrically agnostic “Random” scan remains highly com-
petitive. This robustness empirically validates our architectural synergy: because
LHA modules explicitly anchor local topologies prior to serialization, BDM’s
global perception is fundamentally desensitized to precise sequence ordering.
The simple Axis Sort delivers the optimal precision-efficiency trade-off.
Validation of Laplacian Geometric Priors. To efficiently explore the hy-
perparameter space, we conduct this ablation on a 10% Waymo subset. Ta-
ble |11| validates our Laplacian saliency scores across varying sampling densities
(k). Replacing our Laplacian-guided sorting (DSS-IS) with random selection
(DSS-Random) consistently degrades performance across all k. This empirically
confirms that our implicit Laplacian filter effectively isolates and anchors the
high-frequency structural skeletons of foreground objects. Moreover, the sus-
tained performance stability across diverse k thresholds underscores the robust,
plug-and-play nature of this geometric prior.

Efficiency of LHA Neighbor Query. Table (top) benchmarks our transient
grid-based routing against traditional spatial queries. The continuous spatial
search of k-NN is fundamentally density-sensitive, resulting in a prohibitively
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expensive latency (44.5 ms). While PTv3’s serialization mitigates this, computing
space-filling curves and reordering points still incurs a heavy 11.2 ms overhead.
In stark contrast, our transient grid acts as a deterministic O(1) spatial router,
slashing routing latency to a negligible 2.7 ms. Crucially, this grid imposes a
strict physical boundary that inherently isolates distant noise in dense regions,
yielding the peak accuracy of 75.63 L1 mAPH.

Effectiveness of Kernel Size in LHA. Table [12| (bottom) investigates the
spatial receptive field of LHA by varying kernel sizes. While a compact 3 x 3 x 3
kernel is highly efficient (80.7 ms), it confines the local context. Expanding to
5 x 5 x 5 captures a broader geometric neighborhood, providing essential struc-
tural robustness against varying point densities and yielding a +0.32 L1 mAPH
improvement (93.1 ms). However, further enlarging to 7 X 7 x 7 triggers severe
diminishing returns, gaining a mere +0.07 mAPH for an additional 11.1 ms over-
head. We therefore adopt the 5 x5 x 5 kernel as our default, deliberately securing
stable, robust geometric perception while successfully averting the severe latency
bloat characteristic of unconstrained neighborhood queries.

5 Conclusion

In this work, we present PointLAM, a highly efficient point-based 3D object de-
tector that mitigates the trade-off between geometric fidelity and computational
cost. To overcome inherent point-based bottlenecks, we introduce two synergistic
designs: the Laplacian Point Sampler (LPS) for fast, structure-aware downsam-
pling using an implicit Laplacian high-pass filter, and the Local Hadamard Ag-
gregator (LHA) for local spatial indexing and parameter-free topology modula-
tion. Crucially, by structurally coupling LHA with Bi-Directional Mamba (BDM)
layers, we formulate the Local Attentive Mamba (LAM) block. This core building
block interleaves fine-grained local attentive gating with linear-complexity global
context perception. PointLAM achieves competitive performance on nuScenes
and Waymo while maintaining a lightweight point-based design. It approaches
or matches several strong voxel-based baselines with fewer parameters and lower
latency. We hope PointLAM encourages point-level designs and inspires future
research in efficient 3D perception.
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