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A. Additional Implementation Details

Vision Embedding Module. The Vision Embedding
module is responsible for extracting patches from the range
image features produced by the convolutional stem. We use
patch sizes of 7 × 7 with a stride of 4 in both the verti-
cal and horizontal directions. Given an input range image
of size 64 × 1024, as in the case of PandaSet [11] and Se-
manticKITTI [1], this produces 15 patches vertically and
255 horizontally, resulting in a total of M = 3825 tokens.

Backbone. The backbone of our method consists of L =
8 layers of the Retentive Network [9] block. Each layer pro-
cesses an input of shape (M,Ch), where M is the number
of tokens and Ch = 128 is the feature dimension. Each
layer employs h = 4 heads, which in the retention case
correspond to 4 different scales, modeled by the γ factors,
where γ = 1 − 2−5−arange(0,h). The value matrix V has a
hidden dimension of Cv = 256, which is twice the size of
the query and key matrices dimensions (Ch = 128), as in
the original RetNet architecture. Each Feed-Forward Net-
work consists of two linear layers that expand features to a
hidden dimension Cf = 256 before projecting them back
to the original dimension Ch = 128, preserving input and
output channel size across layers.

Semantic Head. The semantic head consists of two linear
layers where the first maps the input features from 128 to
64, and the second projects to the number of output classes,
depending on the target dataset.

B. Insights on Circular Retention

In this section, we provide a detailed explanation of how the
retention mechanism originally proposed for NLP tasks [9]
is adapted to the vision domain, specifically for the range-
view representation of LiDAR data. The original retention
mechanism is defined as:

Retention(X) = (QKT ⊙D)V (1)

where, the input sequence X ∈ RN×d is projected into
query, key and value matrices Q,K,V ∈ RN×dk of a hid-
den dimension dk, and D is a decay matrix that incorporates
causal masking and exponential decay. This formulation
is suitable for NLP tasks, where tokens represent a tempo-
ral sequence and the current token should not be influenced
from future ones. In the vision domain, this causal con-
straint is not necessary. To address this, RMT [5] modifies
the decay matrix to be bi-directional, as image patches do
not have a temporal order but spatial relationships. To better
capture these spatial dependencies, it proposes a decay ma-
trix based on the Manhattan distance between tokens, which
better capture the 2D structure of images. However, when
applying this to LiDAR range images, further adaptation is
needed. Range images are generated by projecting a 3D
point cloud onto a 2D surface, effectively representing a
360° view of the surrounding environment. This results in
a unique spatial structure where the left and right borders
of the image are adjacent in the physical world. To model
this continuity, we compute token distances using a circular
Manhattan distance, capturing spatial relationships across
the image boundaries. The impact of these adaptations is il-
lustrated in Fig. 1, which shows the distance matrices used
in the decay computation. Each heatmap highlights token
distances. The original (causal) decay matrix discards fu-
ture tokens, making it inefficient for vision tasks. The bi-
directional variant improves coverage but fails to capture
the circular structure inherent to range images. In contrast,
our circular distance formulation produces a smoother and
more coherent decay pattern that better reflects the 360° ge-
ometry of the range-view representation. This distinction
is evident in the heatmaps. While the standard Manhat-
tan distance used in [5] introduces discontinuities, resulting
in repetitive sub-patterns, our circular approach preserves a
continuous spatial flow across the entire map. These quali-
tative differences are also supported by the quantitative re-

1



Bi-directional Distance Manhattan Distance Circular Manhattan DistanceUni-directional Distance

Figure 1. Visualization of heatmaps representing token distances used to construct the decay matrix in the retention mechanism, highlight-
ing spatial relationships among tokens.
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Figure 2. Exponential mapping comparisons using range images
64× 1024 with patch size (7, 7) and stride 4.

sults in Tab. 1, which highlights the superior performance of
our circular decay matrix compared to previous approaches.

C. Exponential Mapping
Figure 2 illustrates different exponential mapping strate-
gies designed to map circular Manhattan distances between
patches and align them with the original range values used
in [9]. Given a range image of size H × W , patch size
(PH , PW ) and stride (sH , sW ), we extract a number M =
(⌊H−PH

sH
⌋+1)× (⌊W−PW

sW
⌋+1) of tokens. Following [9],

the retention range is [0,M − 1], with M − 1 the maximum
token distance. However, computing circular Manhattan
distances yields a much smaller range, up to ⌊w

2 ⌋+(h−1),
where w = (⌊W−PW

sW
⌋ + 1) and h = (⌊H−PH

sH
⌋ + 1) are

the number of tokens in the horizontal and vertical dimen-
sions, respectively. This smaller scale reduces the effective-
ness of the decay matrix, limiting the model ability to cap-
ture long-range dependencies. To address this, we re-scale
the distances using two exponential mappings: Mapping A,
which normalizes by the standard Manhattan maximum dis-
tance, Mapping B, which normalizes by the circular Man-
hattan maximum distance. As shown in Fig. 2, both meth-

Method Map. A Map. B mIoU (%)

Attention [10] 58.5
Retention [9] 57.7 (–0.8)
MaSa [5] 58.4 (–0.1)
MaSa [5] ✓ 59.2 (+0.7)

CiR (ours) 58.7 (+0.2)
CiR (ours) ✓ 59.9 (+1.4)
CiR (ours) ✓ 60.7 (+2.2)

Table 1. Ablation study on exponential mapping on Se-
manticKITTI validation set.

ods expand the value distribution effectively, with Mapping
B offering the widest spread. Employing this mapping is
supported by the improved performance observed in Tab. 1,
where also the method in [5] benefits from this remapping
strategy.

D. Additional Quantitative Results

We provide additional quantitative results on the Pan-
daSet [11] validation set in Tab. 2, using a range image of
size 64 × 1024 for all methods. These further confirm the
effectiveness of our approach, particularly in the circular re-
tention mechanism in capturing fine-grained details within
the range-view representation. Our method achieves high
mIoU on challenging classes such as bicycle and person,
as well as on difficult categories like road barriers. These
performances are consistent with the test set results pre-
sented in the main paper, where our method outperforms
other range-view-based approach, including both CNN and
attention-based models.

E. Additional Ablation Study

Patch Extraction We provide a more detailed analysis
of the Vision Embedding module, which is responsible for
patch extraction, before the Retentive Network backbone.
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RangeNet++ [7] 44.7 79.2 2.7 18.9 50.5 24.2 25.2 83.4 20.1 62.0 80.1 66.2 54.6 38.5 19.9
SqueezeSegV3 [12] 53.3 83.8 19.1 20.4 59.2 42.4 39.9 85.9 41.6 67.3 84.9 73.3 60.5 45.1 23.3
RangeFormer [6] 57.4 89.2 25.6 1.7 62.1 52.6 55.6 87.6 39.6 70.4 88.1 77.9 62.0 55.9 35.4
FIDNet [13] 58.4 89.8 18.6 22.1 62.2 55.8 58.5 89.0 35.4 71.2 89.3 79.8 59.5 56.9 28.7
SalsaNext [3] 61.0 89.4 27.8 41.8 64.4 53.4 59.4 88.1 43.4 71.5 88.2 78.3 60.8 55.4 32.6
CENet [2] 64.9 91.2 32.9 36.8 68.7 69.8 68.2 89.9 45.5 73.0 90.2 83.2 67.1 60.1 32.1
RangeRet (ours) 66.7 91.5 50.9 20.8 69.9 72.3 70.4 90.3 56.9 73.1 90.9 84.1 65.9 61.4 35.5

Table 2. Semantic segmentation results on PandaSet validation set for range-view models using inputs of size 64× 1024.

Patch size 16× 16 16× 16 8× 8 8× 8 7× 7 5× 5 4× 4
Stride 16× 16 8× 8 8× 8 4× 4 4× 4 4× 4 4× 4

Tokens 256 889 1024 3825 3825 3825 4096
Params (M) 7.1 7.1 4.0 4.0 3.8 3.4 3.2
Train time ×1 ×1.1 ×1.2 ×3.3 ×3.3 ×3.3 ×3.4

mIoU (%) 56.6 58.0 58.9 59.6 60.7 60.5 60.1

Table 3. Ablation study on the patch size of the Vision Embedding
module on SemanticKITTI validation set.

In Tab. 3, we assess how different patch sizes and strides im-
pact model performance. As expected, smaller patches and
strides produce more tokens, allowing the backbone to cap-
ture finer details and improving overall performance. How-
ever, a large number of tokens implies increased training
time compared to the standard 16×16 patch dimension [4].
On the other hand, larger patches reduce the number of to-
kens but increase the number of parameters, making the Vi-
sion Embedding module a key component of the network.
Our experiments show that a patch size 7 × 7 with stride 4
provides the best results, with a good balance between per-
formance and efficiency.

k-NN Post-processing. Range-view-based approaches
often suffer from information loss during the reprojection
step, where per-pixel predictions are mapped back to the
3D domain. To mitigate this issue, we apply the k-NN post-
processing technique proposed in [7], which refines predic-
tions by exploiting information from neighboring points in
3D space. As reported in Tab. 4, we evaluate various kernel
sizes on the SemanticPOSS [8] validation set, finding that a
7×7 kernel provides the best results. This step significantly
alleviates the projection loss and improves overall results.
Notably, larger kernels result in performance degradation.

Skip Connection We highlight the importance of the
main skip connection introduced in our approach, which
connects the output of the convolutional stem directly to the

Kernel - 3 5 7 9 11

mIoU (%) 51.4 52.4 52.8 52.9 52.7 52.6

Table 4. Ablation study on kNN post-processing technique on Se-
mantiPOSS validation set.

Figure 3. Visualization of the skip connection impact on range im-
age features. Top shows features before, bottom after applying the
skip connection. Results from SemanticKITTI [1] validation set
using PCA features projection. Black boxes highlight improved
border smoothness after the skip connection is applied.

semantic head. This connection enhances the final represen-
tation by injecting low-level spatial details. Since the fea-
ture map produced by the backbone is upsampled to match
the input range image size, it suffers from blurriness and
loss of fine-grained details, particularly along object bound-
aries and for small objects. As demonstrated in the main
paper, the skip connection not only improves quantitative
results, boosting mIoU, but also yields clear qualitative ben-
efits. As shown in Fig. 3, it enhances the sharpness and
spatial layout of range-view features, effectively mitigating
side effects introduced by the bilinear interpolation during
upsampling.



F. Qualitative Results
Figures 4, 5 and 6 show visualization of segmentation re-
sults on PandaSet, SemanticPOSS, and SemanticKITTI,
comparing ground truth point cloud labels with the pre-
dictions produced by our method. The samples are drawn
from the validation split of each dataset. Our approach
demonstrates strong segmentation performance across all
three datasets, with only few misclassifications. Most er-
rors occur in sparse regions far from the LiDAR sensor or
in challenging areas such as borders between road and other
ground types.
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Ground Truth Predictions Errors (in red)

Figure 4. Qualitative results on PandaSet validation set.



Ground Truth Predictions Errors (in red)

Figure 5. Qualitative results on SemanticPOSS validation set.



Ground Truth Predictions Errors (in red)

Figure 6. Qualitative results on SemanticKITTI validation set.
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