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Abstract

Accurate and efficient object detection is a crucial component
for fully autonomous self-driving. LiDAR sensors are employed
to augment or replace cameras for more robustness in diverse
driving situations, making object detection on LiDAR point
clouds a critical area of research and improvement. Traditional
approaches to LiDAR object detection wait for a full 360 degree
turn of the scanning sensor before processing the entire point
cloud in one go, introducing significant latency and lowering
throughput. Previous streaming approaches use the raw LiDAR
polar coordinate system to process egocentric partial scans
of point clouds, but rely on translation-invariant convolutions,
which are incompatible with polar coordinates and lead to per-
formance degradation. In this paper, we show that the reliance
on convolutions is not necessary and propose a Mamba-only
backbone with Polar Hierarchical Mamba (PHiM) blocks, ag-
gregating per-point features within each partial scan with a
local bidirectional state space model and capturing higher-level
global features in a streaming fashion with a global forward
state space model. Our model on the Waymo Open dataset
demonstrates 10% performance improvement from the previous
leading polar-based detector, featuring state of the art perfor-
mance among all polar-based methods while being competitive
with existing Cartesian-based detectors with a 2x improvement
in processing throughput evaluated as predictions per second.

1. Introduction
Object detection is a vital task for autonomous vehicles (AVs), re-
quiring not only high accuracy but also robustness and efficiency
due to the unpredictability of real-world driving. To enhance
perception, most AVs incorporate LiDAR sensors, which out-
perform other modalities in low-light and long-range scenarios.
Traditional LiDAR methods [8, 21, 34, 37, 46, 48, 57] process
full or aggregated point cloud scans [2, 4, 38] which leads to sig-
nificant latency— hundreds of milliseconds—making real-time
detection challenging. This has sparked interest in streaming
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approaches that process partial scans directly [5, 9, 15, 31].
Polar coordinates provide an efficient format for streaming

LiDAR data but introduce spatial distortion, making them
incompatible with standard convolutional backbones [31]. Prior
methods [5, 31, 45] attempt to correct for these distortions post
hoc, often resulting in complex architectures. In contrast, we
propose a simple yet effective solution using the Mamba state
space model [13], which avoids convolution-heavy processing
and does not rely on translation invariance. Mamba enables near-
linear sequence modeling and has shown strong performance
across modalities [7, 18, 61]. By treating streaming LiDAR data
as egocentric sequences of partial scans, we introduce a Polar Hi-
erarchical Mamba (PHiM) architecture that processes each scan
independently and efficiently, without the need for serialization
techniques or positional encodings. Our approach achieves
state-of-the-art results among streaming methods, competitive
accuracy compared to Cartesian-based models, and supports
fast, pipelined inference—all within a clean and streamlined
architecture. Our contributions are summarized as follows:
• We introduce a Polar Hierarchical Mamba (PHiM) block,

which enables fast local and global feature learning on
egocentric sequences of point cloud sectors.

• We introduce decomposed dimensional convolutions to
downsample sparse 3D feature maps while avoiding
the polar-distorted (r, θ) plane, enabling application of
polar-based methods for other 3D LiDAR tasks.

• We provide a thorough comparison of our method against
existing Cartesian and polar-based detectors on the Waymo
Open dataset, demonstrating new state of the art performance
among all polar methods and competitive performance among
Cartesian methods with a fraction of the end-to-end latency.

2. Related work
Convolution-based methods. Early LiDAR object detection
methods borrowed heavily from image-based detection, trans-
forming raw point clouds into structured voxel grids and apply-
ing dense 3D convolutions for feature learning. VoxelNet [57]
exemplifies this approach by defining a 3D voxel grid and using
PointNet [34] to extract features within each voxel. To reduce
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Figure 1. Our model pipeline begins by voxelizing input point clouds into polar-based voxel grids. To simulate a streaming setup, the resulting feature
map is divided into individual sectors. Within each sector, stacked PHiM blocks (see Fig. 2) perform three key operations: they aggregate local
features, encode sector-level representations, and propagate global information across sectors in the forward (temporal) direction to maintain causality.
The output is a 3D feature map, which is then concatenated with buffered features from previous sectors. This combined representation is condensed
into a 2D bird’s-eye-view (BEV) format and transformed into the Cartesian plane. A BEV convolutional backbone further processes the features, and
predictions are made using a CenterPoint-based detection head. Our main contributions are highlighted within the dashed box in the model overview.

the high computational cost of dense 3D processing, pillar-based
methods [21, 23, 36] project the 3D data into 2D bird’s-eye view
(BEV) maps and employ 2D convolutions, trading some accu-
racy for efficiency. SECOND [46] marked a major shift by intro-
ducing sparse [11] and submanifold [12] convolutions, enabling
efficient, direct processing of sparse features and paving the way
for hybrid 3D-2D backbones that balance geometric richness
and computational efficiency. More recently, CenterPoint [48]
addressed spatial misalignment in bounding box representations
by detecting objects as points. This idea has since been extended
by multiple models [1, 17, 51, 52, 59]. Following this line, our
method also adopts a CenterPoint detection head to mitigate
spatial misalignment issues caused by polar representations.

Non-convolution methods. Transformers [26, 41] and
Mamba [7, 13] have gained traction in LiDAR tasks
[1, 24, 25, 27, 30, 33, 39, 42, 47, 56, 59, 60], building on their
success in language modeling. SWFormer [39] organizes point
clouds into pillars and applies local 2D window attention, while
DSVT-Voxel [42] uses voxel-based formats with grouped set
attention to better capture 3D structure. LION [28] showed
linear RNNs can achieve state-of-the-art performance, sparking
interest in linear models. Voxel Mamba [53] leverages
Hilbert curves [16] to serialize voxelized point clouds into 1D
sequences for a group-free state space model, capturing spatial
locality through multi-granularity implicit window embeddings.

UniMamba [19] uses Z-curves [32] to form local patches that
aggregate both local and global spatial context. Numerous other
works [10, 22, 29, 43, 44, 49, 50, 54] have extended Mamba to
various point cloud tasks. However, existing approaches primar-
ily serialize point clouds spatially and overlook the temporal
dimension inherent to scanning LiDAR sensors. Consequently,
egocentric sequences of partial LiDAR sectors remain underex-
plored. In contrast, our method is the first to explicitly leverage
the temporal dimension by treating point clouds as egocentric
sequences of sectors. This eliminates the need for complex
serialization, spatial windowing, or positional encodings.

Polar coordinates. Polar coordinate representations of
LiDAR point clouds have gained traction due to their uniform
point distribution across polar voxels [31] and their alignment
with the native scanning format of LiDAR sensors [5], making
them ideal for efficient streaming perception pipelines. Polar-
based methods have shown strong performance—sometimes
surpassing Cartesian approaches—in tasks like semantic
segmentation [55] and semantic occupancy prediction [45, 62].
Motivated by these results, several efforts [3, 5, 31, 35] have
attempted to apply polar coordinates to object detection. How-
ever, object detection demands precise structural understanding,
and polar representations inherently introduce distortions—e.g.,
the distance between two azimuth angles increases with radial
distance—leading to misalignment with translation-invariant
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Figure 2. (Left) The Polar Hierarchical Mamba (PHiM) block.
Serialization is according to the azimuth angle, and the bidirectional
local SSM is aggregated with an elementwise addition. (Right)
Decomposed downsampling and upsampling operations.

convolutions. Prior work tackled this with convolutional
backbones and custom distortion-mitigation strategies, which
either led to inferior performance [5] or overly complex models
[31]. Our core hypothesis is that Mamba [13], a state space
model that does not rely on translation invariance, can overcome
the distortion issues of polar representations. This allows us
to build a streamlined pipeline that retains structural accuracy
and delivers competitive performance.

3. Method
Figure 1 shows an overview of our architecture. Like prior
methods, we use a voxel feature encoder to convert partial
scans into sparse 3D features, modified to operate in polar
rather than Cartesian coordinates. These features are processed
by a state space model (SSM)-based (Sec. 3.1) 3D backbone
composed of stacked Polar Hierarchical Mamba (PHiM)
blocks (Sec. 3.2), which aggregate local spatial information
bidirectionally. Voxel-wise features are then converted into
sector-wise representations using decomposed convolutions
(Sec. 3.3). A global state space model aggregates features
across sectors using historical context. These sector features are
concatenated with past features to form a complete point cloud
feature map, which is transformed into a Cartesian bird’s-eye
view (BEV) by compressing the height dimension (Sec. 3.4).
A 2D convolutional backbone and CenterPoint-based detection

Algorithm 1: PHiM Block Forward Pass
Data: Voxel features

V , coordinates C, batch size B, spatial shape S
Result: Updated features and coordinates
Partition space into F frustums
along azimuth; update C to encode frustum IDs;

Adjust S and B to reflect frustum partitioning;
Initialize local feature tensor Vlocal;
foreach frustum index f do

Extract Vf from V ;
Ffw←fsm(Vf);
Fbw←bsm(V rev

f );
Fcomb←Ffw+F rev

bw ;
Assign Fcomb to Vlocal at frustum f;

end
Construct SparseConvTensor X from Vlocal,C;
foreach encoder E do

X←E(X);
end
Decode frustum IDs in C to restore original layout;
Initialize global feature tensor Vglobal;
foreach batch index b do

Extract Fb from X;
Fg←fgm(Fb);
Assign Fg to Vglobal for batch b;

end
Update X.features←normalize(Vglobal);
Re-encode frustum IDs and update S, B accordingly;
foreach decoder D do

X←D(X);
end
Apply residual: X.features←X.features+Vlocal;
Decode frustum IDs in C to obtain final layout;
return X.features, X.indices;

head perform final prediction. For efficient training, we split
full point clouds into sectors and enforce temporal causality by
preventing token mixing across time steps.

3.1. Background
The state space (SSM) model [14] continuous system maps a
1D input x(t)∈RL to an output signal y(t)∈RL via a hidden
state h(t)∈RN . This can be represented as the following set
of linear differential equations:{

h′(t)=Ah(t)+Bx(t),

y(t)=Ch(t)+Dx(t),
(1)

whereA∈RN×N , B∈RN×N , C∈R1×N are the learnable
parameters and D∈R1 is a residual connection. Mamba [13]
discretizes the SSM model parameters A and B using the zero-
order hold (ZOH) transformation and a timescale parameter



Type Method mAP/mAPH Vehicle AP/APH Pedestrian AP/APH Cyclist AP/APH

L1 L2 L1 L2 L1 L2 L1 L2

Cartesian

SECOND [46] 67.2/63.1 61.0/57.2 72.3/71.7 63.9/63.3 68.7/58.2 60.7/51.3 60.6/59.3 58.3/57.0
PointPillar [21] 69.0/63.5 62.8/57.8 72.1/71.5 63.6/63.1 70.6/56.7 62.8/50.3 64.4/62.3 61.9/59.9
CenterPoint [48] 75.9/73.5 69.8/67.6 76.6/76.0 68.9/68.4 79.0/73.4 71.0/65.8 72.1/71.0 69.5/68.5
DSVT-Voxel [42] 80.3/78.2 74.0/72.1 79.7/79.3 71.4/71.0 83.7/78.9 76.1/71.5 77.5/76.5 74.6/73.7

HEDNet [51] 81.4/79.4 75.3/73.4 81.1/80.6 73.2/72.7 84.4/80.0 76.8/72.6 78.7/77.7 75.8/74.9
VoxelNeXt [6] 78.6/76.3 72.2/70.1 78.2/77.7 69.9/69.4 81.5/76.3 73.5/68.6 76.1/74.9 73.3/72.2

Voxel Mamba [53] -/79.6 -/73.6 80.8/80.3 72.6/72.2 85.0/80.8 77.7/73.6 78.6/77.6 75.7/74.8
UniMamba [19] -/- 76.1/74.1 80.6/80.1 72.3/71.8 86.0/81.3 78.7/74.1 80.3/79.3 77.5/76.5

Polar
PolarStream [5, 31]* -/- -/60.9 72.4/71.8 64.6/64.0 -/- -/- -/- -/-

PARTNER [31] -/- -/63.1 77.8/77.2 70.3/69.8 -/- -/- -/- -/-
PHiM (ours) 78.5/76.6 72.1/70.3 79.2/78.6 71.0/70.5 80.7/76.6 72.7/68.8 75.5/74.4 72.7/71.7

Table 1. Comparison with prior methods on the Waymo Open validation set. Metrics: mAP/mAPH (%)↑ for overall results, AP/APH (%)↑ for
each category. * denotes reimplementation results.

∆, where A=exp(∆A), B=(∆A)−1(exp(∆A)−I)·∆A.
The resulting discretized equations are as follows:{

ht=Aht−1+Bxt,

yt=Cht,
(2)

Finally, the models compute output through an efficient
reformulation as a global convolution:{

K=(CB,CAB,...,CA
k
B),

y=x∗K
(3)

Mamba combines the time-varying strength of self-attention,
near-linear scaling of recurrent neural networks and fast training
of convolutions for efficient modeling of sequences.

3.2. PHiM block
The left side of Fig. 2 shows the PHiM block. Sparse input
features are first serialized by azimuth, radial distance, and
height—directly given by voxel indices in polar coordinates.
Two Mamba blocks then process the features in forward and
backward directions, and their outputs are summed to enhance
local spatial representation within each sector. To capture global
context, voxel features are converted into high-level sector fea-
tures using decomposed convolutions (Sec. 3.3), avoiding the
distortion-prone (r,θ) plane. These sector features are then re-
serialized and passed into a global Mamba block, which aggre-
gates information from previous sectors through its hidden state.
Pseudocode of the PHiM block forward pass is shown in Alg. 1.

3.3. Decomposed convolutions
The right side of Fig. 2 illustrates our decomposed downsam-
pling and upsampling strategy. Standard convolutions struggle
on polar feature maps due to positional variance—objects can
appear distorted depending on location—leading to degraded
performance. Yet, convolutions remain efficient and effective,

particularly for resolution changes. To retain their benefits while
mitigating distortion, we decompose 3D convolutions into 2D
ones. Since most distortion occurs in the (r,θ) plane—whereas
(r,z) forms a vertical cross-section and θ doesn’t scale with
z—we avoid direct convolution in (r,θ). Instead, we apply 2D
convolutions on the (r,z) and (θ,z) planes. Downsampling uses
a sparse 2D convolution with stride (3,3) on (z,r), followed
by a submanifold 2D convolution with the same stride, then
a sparse convolution with stride (1,3) on (z,θ). Upsampling
involves inverse convolutions with the same stride parameters
but in reverse. The third axis is reshaped into a batch dimen-
sion, enabling independent processing. This decomposition
decouples the scaling effects of r and θ, allowing convolution
kernels to better generalize in more translation-invariant planes.

3.4. Polar to Cartesian mapping
To enable efficient downstream processing with convolution-
based bird’s-eye-view (BEV) backbones, we apply a polar-to-
Cartesian mapping along with height compression. Specifically,
we compute Cartesian indices for each sparse feature and
average features within the same bin, converting 3D PHiM
outputs into a format optimized for 2D convolutional backbones.

3.5. Training and implementation
We use the open-souce OpenPCDet [40] toolbox to implement
our method. During training, we split full point clouds into
sectors, treating each sector as an individual batch sample to
prevent any token-mixing between time steps. This process is
illustrated at the bottom left of Fig. 1.

4. Results
Comparison with previous methods. We use reported results
from original papers in our table and scatterplot. For our latency
evaluations, we use specified config files from the OpenPCDet
[40] codebase for the Cartesian based methods and reported



22 23 24 25
55

60

65

70

75

PARTNER [31]

PolarStream [5]

[51] HEDNet

[6] VoxelNeXt

[48] CenterPoint

PointPillar [21]

[46] SECOND

UniMamba [19] [53] Voxel Mamba

[42] DSVT PHiM (Ours)

1
1/4

1/8 1/16

1 1/4 1/8
1/16

Throughput (predictions/sec ↑)

A
cc

ur
ac

y
(L

2
m

A
PH

)
Throughput vs mAP for top methods on Waymo

Ours Streaming methods Full-scan methods

Figure 3. Throughput vs performance on Waymo Open.

Streaming DDC PHiM Polar2Cart L1 mAP

✗ ✗ ✗ ✗ 13.13
✗ ✓ ✗ ✗ 16.33
✗ ✓ ✗ ✓ 22.00
✓ ✗ ✓ ✗ 21.97
✓ ✗ ✓ ✓ 26.01
✓ ✓ ✓ ✗ 25.87
✓ ✓ ✓ ✓ 41.20

Table 2. Waymo L1 mAP for different combinations of decomposed
depthwise convolutions (DDC), polar hierarchical mamba (PHiM)
blocks and polar to cartesian mapping (Polar2Cart). Streaming indi-
cates whether the model supports processing on partial LiDAR sectors.

results from the original polar-based method papers. All mAP
results are on the validation sets. For comparisons with Cartesian
based methods, we evaluate our model on length 4 sequences
of 1/4 LiDAR sectors - equivalent to one full point cloud.

Measuring throughput. In a dynamic world with sudden
unexpected movements, perception models must be able to
quickly react. Traditional full-scan methods are unable to react
fast enough because they are limited by the artificial sensor
latency of one full 360 degree LiDAR scan. This motivates
evaluation of the throughput - that is, how many predictions
or forward passes of the model is able to be achieved in one
second. Higher throughput indicates a faster reaction speed to
the dynamic world, potentially increasing robustness. To this
end, we measure the end-to-end model latency for each model
as the mean CUDA walltimes over 1000 samples. We measure
this latency on batch size 1 input on 1 H200 GPU. We add on

calculated sensor latency, where one full 360 degree LiDAR
scan is estimated to take 100 ms - in line with the Velodyne
HDL-64E scanning LiDAR sensor. We then compute the
throughput as model inferences per second.

Results on Waymo Open. Table 1 shows a comparison of
Polar Hierarchical Mamba with existing state of the art methods
on the Waymo Open [38] validation set under the full-scan set-
ting. For these evaluations, we take the streaming polar methods
and pass in an entire point cloud as the sole input sector. Notably,
our method presents a 10% performance increase over the
previous leading polar method PARTNER [31] and showcases
competitive performance against leading Cartesian methods.

Performance evaluation. Figure 3 compares performance
and throughput (inferences per second) for leading methods on
the Waymo Open validation set. We compare against full-scan
(shown in red) and streaming methods (shown in blue). Notably,
full-scan methods are limited by the artificial latency introduced
by the sensor scanning process, and thus have a theoretical
maximum throughput of 10 predictions per second. Streaming
methods face lower and lower latency limits as the size of each
individual sector decreases, and are able to achieve much higher
throughput. We report our results on 1/4 LiDAR sectors, show-
ing 2x throughput compared to methods of similar performance.

Ablation study. Table 2 ablates our decomposed convolu-
tions (DDC), polar hierarchical mamba (PHiM) block and polar
to cartesian (polar2cart) mapping. We train each method on
a fixed 1/100 subsample of the Waymo Open dataset and report
the L1 mean average precision on the validation set. Importantly,
all three components are necessary for maximum performance:
decomposed convolutions to capture spatial information without
distortion warp, hierarchical mamba is needed to aggregate
local and global scale information, and polar-to-cartesian
mapping is needed to allow compatibility with downstream 2D
convolutions and the Centerpoint [48] head.

5. Conclusion
We present Polar Hierarchical Mamba (PHiM), a simple and
stackable polar-based architecture which efficiently processes
LiDAR point clouds as an egocentric sequence of partial sectors.
On the Waymo Open dataset, PHiM demonstrates state of the art
performance compared to previous polar methods and compet-
itive performance with Cartesian methods with 2x throughput.
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