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Abstract

Autonomous driving systems must not only interpret the cur-
rent scene but also anticipate perceptual challenges such as
occlusions, sparse observations, and recurring failure pat-
terns. However, most existing LIDAR semantic segmenta-
tion methods operate in a frame-centric manner, process-
ing each scan independently and discarding past contextual
experience, which limits robustness under dynamic scene
changes. We propose DREAM, a Dual-memory REAsoning
[framework for continual LiDAR seMantic segmentation that
reframes perception as an experience-driven and anticipa-
tory process. DREAM maintains two complementary mem-
ory banks in a strictly online setting: a latent memory
that stores compact semantic abstractions of previously ob-
served scenes, and an error memory that records repre-
sentations associated with uncertain predictions. At each
timestep, relevant memory entries are retrieved via cosine
similarity and integrated into the feature space through a
lightweight modulation mechanism, enabling the model to
reinforce consistent semantic patterns while suppressing re-
curring failure modes. The backbone remains frozen and no
past scans are replayed, ensuring computational efficiency
and bounded memory growth. Extensive experiments on
multiple large-scale LiDAR benchmarks demonstrate that
DREAM achieves state-of-the-art performance, with con-
sistent improvements on dynamic and small-scale objects,
highlighting the effectiveness of persistent and error-aware
memory for robust long-horizon perception.

1. Introduction

Semantic scene understanding is a core capability for au-
tonomous systems operating in complex environments such
as autonomous driving. Among perception tasks, seman-
tic segmentation provides dense structured representations
of the surrounding scene that are critical for downstream
planning and decision-making. However, reliable auton-
omy requires perception systems that remain robust under

challenging sensing conditions such as occlusions, sparse
measurements, and dynamic scene changes. Despite strong
progress in deep learning—based perception, most LiDAR
semantic segmentation methods remain fundamentally re-
active, processing each scan independently or within short
temporal windows [7]. This frame-centric formulation pre-
vents perception systems from leveraging past experience
to anticipate recurring perceptual challenges.

In real-world deployment, LiDAR observations arrive as
a continuous stream where each scan provides only a par-
tial and noisy view of the environment. Measurements are
often affected by occlusions, sensor noise, and long-range
sparsity. Under such conditions, treating frames indepen-
dently [4, 13, 21, 27, 29, 32] leads to brittle predictions and
temporal inconsistencies, particularly for distant or rarely
observed structures. In contrast, human perception relies
on accumulated experience: past observations inform fu-
ture interpretation and help anticipate recurring patterns of
uncertainty [14]. Enabling perception models to accumu-
late and exploit such experience remains a key challenge
for robust long-horizon scene understanding.

Three-dimensional representations provide a natural
foundation for storing perceptual experience. Unlike im-
age projections, 3D space preserves metric structure, allow-
ing memory to maintain consistent object scales and spatial
relationships across viewpoints. This enables stable seman-
tic priors, more uniform representation across near and far
regions, and improved reasoning about occlusions and mo-
tion. Regions that become temporarily unobserved due to
occlusions can therefore be retained in memory without in-
terference from newly observed surfaces. However, main-
taining spatial memory alone does not fully address a key
limitation of deployed perception systems: the tendency to
make similar errors under recurring sensing conditions re-
peatedly.

Recent work has begun exploring memory-augmented
perception for LiDAR segmentation. Earlier approaches,
such as Cylinder3D [32] and Meta-RangeSeg [25], primar-
ily focus on improving feature representations and spatial-
temporal aggregation for semantic segmentation, but they
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do not explicitly maintain persistent memory across obser-
vations. MemorySeg [12], for example, maintains a per-
sistent voxel memory that aggregates information across
streaming LiDAR scans and improves understanding of
long-range and occluded regions. While effective, such
approaches primarily accumulate spatial context and treat
memory as a passive repository of past observations. In
practice, perception systems frequently encounter recurring
failure patterns, such as systematic uncertainty under se-
vere sparsity or occlusion. Conventional architectures lack
mechanisms to explicitly represent these failure modes and
use them to guide future predictions.

To address this limitation, we propose DREAM, a dual-
memory framework for continual LiDAR semantic segmen-
tation that augments perception with both perceptual and
error-aware memory. DREAM maintains two compact la-
tent memory banks operating in a strictly online setting.
A latent perceptual memory stores compressed semantic
descriptors of previously observed scenes, while an error
memory stores latent representations associated with uncer-
tain predictions. At each timestep, a global latent descrip-
tor extracted from the current scan retrieves relevant en-
tries from both memory banks using cosine-similarity ad-
dressing. The retrieved latent and error memories are pro-
jected into the dense feature space and integrated through
a lightweight modulation mechanism prior to classification.
This allows the network to reinforce reliable semantic pat-
terns while suppressing conditions that previously produced
low-confidence predictions.

The proposed framework DREAM, processes one scan
at a time, maintains bounded memory capacity, and avoids
computationally expensive attention mechanisms or long-
horizon backpropagation. The backbone encoder remains
frozen, while lightweight memory modulation layers condi-
tion perception on retrieved experience. This design enables
temporally aware semantic segmentation while maintaining
efficiency suitable for real-time autonomous driving scenar-
ios. The effectiveness of the proposed DREAM architecture
is substantiated through comprehensive evaluations on three
benchmark datasets: SemanticKITTI[2], nuScenes[3], and
PandaSet[26].

In summary, the key contributions of this work are as
follows:

* Proposal of DREAM, a Dual-Memory Reasoning for An-
ticipatory 3D Perception for Autonomous Driving.

* We introduce an error-aware memory mechanism that ex-
plicitly models recurring uncertainty patterns and helps
mitigate future perceptual failures

* Proposal of a Dual Memory Modulation scheme for con-
tinual LiDAR semantic segmentation that integrates per-
ceptual and error-aware memories to enable experience-
conditioned perception, one of its first kinds.

2. Related Works

In this section, we review existing LiDAR semantic seg-
mentation methods and discuss approaches that incorporate
temporal reasoning for streaming LiDAR perception.

2.1. LiDAR Semantic Segmentation

LiDAR semantic segmentation methods can be broadly cat-
egorized based on the underlying data representation: point-
based [11, 15, 16, 24], projection-based [6, 27, 31], voxel-
based [4, 10, 32], and hybrid approaches that combine mul-
tiple representations [21, 28].

Point-based methods [11, 15, 16, 24] operate directly
on raw point clouds and learn point-wise features using
permutation-invariant networks. While effective, many of
these approaches rely on aggressive downsampling to main-
tain computational efficiency. For example, KPConv [24]
introduces deformable point convolutions that significantly
improve segmentation performance, but at the cost of in-
creased computational complexity.

Projection-based methods [6, 27, 31] project 3D point
clouds into structured 2D representations such as range-
view or bird’s-eye-view images. These approaches benefit
from efficient 2D convolutional networks and often achieve
real-time inference. However, the projection process intro-
duces geometric distortions and information loss, which can
limit segmentation accuracy.

Voxel-based approaches [4, 10, 32] convert point clouds
into structured 3D grids and process them using sparse con-
volutional networks [5, 22]. These methods have demon-
strated strong performance by preserving spatial structure
while enabling efficient computation. Nevertheless, dis-
cretization into voxels may lead to loss of fine geometric
details when voxel resolution is reduced.

To leverage the strengths of different representations,
recent works combine multiple modalities [21, 28-30].
For instance, SPVNAS [21] integrates point-based and
voxel-based features within a unified architecture, while
RPVNet [28] employs a tri-branch network that jointly pro-
cesses range-view, point-wise, and voxel features. These
hybrid approaches improve segmentation accuracy by ex-
ploiting complementary geometric representations.

2.2. Temporal LiDAR Reasoning

To incorporate temporal context, several works attempt to
aggregate information from multiple LiDAR frames. Early
approaches [18, 20, 25] integrate a small number of past
frames to enhance segmentation accuracy. For example,
SpSequenceNet [20] introduces cross-frame attention and
interpolation mechanisms to combine features from consec-
utive scans, while MetaRangeSeg [25] incorporates resid-
ual depth information from previous frames. Although
these methods improve short-term consistency, they oper-
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ate within limited temporal windows and discard historical
context beyond a few frames.

Other works explore recurrent formulations for tempo-
ral state maintenance. Duerr et al. [8] propose a recur-
rent model that aligns range-view features across streaming
scans, while MemorySeg [12] introduces a persistent latent
voxel memory for improved segmentation in long-range and
occluded regions. StrObe [9] similarly maintains a multi-
scale BEV memory for incremental object detection. How-
ever, range-view and BEV representations are prone to pro-
jection artifacts and occlusion conflicts, and none of these
approaches explicitly model recurring perceptual failures.

In contrast, DREAM augments LiDAR segmentation
with persistent latent memory designed for long-horizon
perception. Rather than storing raw observations or geomet-
ric maps, our framework maintains compact representations
capturing both semantic experience and historical uncer-
tainty. Retrieving relevant past contexts while suppressing
recurring failure patterns enables robust, anticipatory per-
ception, making DREAM one of the first approaches to han-
dle LiDAR segmentation entirely within the latent space.

3. Methodology

Most LiDAR segmentation networks process each scan in-
dependently, ignoring temporal context critical for han-
dling occlusions, sparsity, and recurring scene configura-
tions. To address this, we introduce DREAM (Fig. 1),
a dual-memory reasoning framework for continual LiDAR
semantic segmentation. DREAM treats segmentation as an
experience-driven process where structured latent memo-
ries evolve, enabling anticipatory reasoning over streaming
data in a strictly online regime.

3.1. Problem Formulation

Refer to Fig. | for the detailed architecture diagram of the
proposed DREAM framework. We model segmentation as a
recurrent reasoning process. At each timestep ¢, the model
receives a LiDAR scan X; and produces semantic predic-
tions Y; conditioned on both the current input and an accu-
mulated memory state M;_;. The system operates online:
past scans are never revisited, and only compact latent rep-
resentations are retained.

Given a temporally ordered sequence {X;}] ,, the
model defines the mapping

Y = f( Xy, My_10), (1)

where 6 denotes learnable parameters. After prediction, the
memory is updated as

M, =UM,_1, X, Y7). 2)

The central challenge is to design a compact yet expressive
representation for M, along with mechanisms for retrieval
and integration into perception.

3.2. Perceptual Encoding

Each raw LiDAR scan X is projected into a range-view en-
coder I; € R>*H*W containing range, spatial coordinates
(z,y, ), and intensity. A convolutional backbone g(-) ex-
tracts hierarchical features:

Fy, Zy = g(Iy), 3)
where F; € REXH'XW’ are dense spatial features for seg-
mentation and Z; € RP*"*% are higher-level latent fea-
tures. The backbone is frozen to stabilize representations
and decouple long-term reasoning from low-level feature
drift.

We summarize the latent representation via global aver-
age pooling:
z = GAP(Z,) € R”, “)

which serves as the interface between perception and mem-
ory.

3.3. Latent Memory Representation

LiDAR observations are inherently partial, with objects of-
ten sparsely sampled, occluded, or incomplete across indi-
vidual scans. Relying solely on the current frame leads to
unstable predictions, particularly for distant or rarely ob-
served objects. To address this, we introduce a latent per-
ceptual memory that stores compressed semantic descrip-
tors from past observations, enabling the model to retrieve
relevant contextual information during inference.

Formally, we maintain a fixed-capacity latent memory
bank

M ={m{ e RV}, 5)

where each entry encodes a compressed semantic abstrac-
tion of a previously observed scene. Given the global
descriptor Zz; extracted from the current scan, the system
retrieves relevant past contexts through content-based ad-
dressing using cosine similarity:

EtT mE

7 (6)

Si = T T
ClENImE

The top-k most similar entries are selected to form the re-
trieved latent context

M} c M. 9

By retrieving semantically related past descriptors, the
model can incorporate previously observed contextual in-
formation when interpreting the current scan. This mech-
anism provides a compact form of long-term contextual
memory that improves robustness to sparse observations,
partial visibility, and recurring scene configurations.
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Figure 1. Overview of the proposed DREAM architecture. The network processes each LiIDAR scan through hierarchical feature encoding
and dual-memory reasoning modules that leverage past experience to guide current perception.

3.4. Error Memory Representation

Complementary to perceptual memory, we introduce an er-
ror memory bank
E E D\ K

My = {mj eR }j:Ela 3)
which explicitly encodes latent representations associated
with unreliable predictions. Let p:(c|u) denote the pre-
dicted class probability at location u. Uncertain regions are
identified using a confidence threshold 7:

E={Z(u) | méixpt(du) < T} 9

Latent vectors from &; are aggregated using mean pooling
to produce a compact descriptor &; € R, which is then
inserted into MFE. While ML captures stable semantic
abstractions, ./\/lf accumulates representations of recurring
perceptual failures. By explicitly modeling these patterns,
the system can anticipate similar uncertainty conditions in
future observations and adjust its predictions accordingly.

3.5. Dual Memory Modulation

The retrieved latent memories M/} and error memories M}
are integrated into the dense feature space prior to classifi-
cation. Error memory retrieval follows the same content-
based addressing mechanism as the latent memory, where
cosine similarity between the global descriptor Z; and stored
error memory entries is computed and the most similar en-
try is selected using top-1 retrieval. Let ¢(-) and ¢)(-) denote
learnable projection functions mapping latent vectors to the
dense feature space. We define the modulated features as

where « and 5 control the strength of positive reinforcement
and error suppression, respectively. In practice, « and /3 are
treated as fixed hyperparameters selected via validation to
balance contextual enhancement against over-suppression.
Empirically, moderate values ensure stable training and
consistent gains across datasets. The additive formulation
preserves spatial alignment while injecting global semantic
priors derived from past experience. Crucially, modulation
occurs before classification, allowing retrieved memories to
influence perception before predictions are produced.

3.6. Segmentation and Optimization

The modulated features F} are fed to a lightweight segmen-
tation head h(-): R .
Yy = h(F}). (1)

Training minimizes a class-weighted cross-entropy loss
Ly = CE(Y;,Y)), (12)

where only the segmentation head and modulation layers
are optimized, while the backbone remains frozen.

3.7. Online Memory Update

After prediction, the global descriptor z; is inserted into
MUE, and the aggregated error descriptor é&; derived from
uncertain latents &; is inserted into M¥. Both memories
operate with fixed capacity using a replacement strategy
(e.g., FIFO), ensuring bounded memory growth while re-
taining long-term experience in compressed form.

3.8. Memory-Conditioned Perception

DREAM formulates LiDAR semantic segmentation as a
perception problem conditioned on accumulated context
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from streaming observations. Rather than processing each
scan independently, the model maintains two latent mem-
ory banks, ML and ME, which store compact representa-
tions of previously observed semantic structures and his-
torical low-confidence predictions. At each timestep, a
global latent descriptor retrieves relevant entries through
content-based addressing, and the retrieved memories mod-
ulate the dense feature representation prior to classification.
This mechanism allows the model to incorporate contex-
tual information from past observations while maintaining
a feed-forward inference pipeline. As a result, DREAM
integrates long-horizon contextual cues into LiDAR per-
ception in a computationally efficient manner, enabling
temporally aware semantic segmentation in streaming au-
tonomous driving scenarios.

4. Experimental Setup

We evaluate the proposed framework on three large-
scale autonomous driving datasets: SemanticKITTI [2],
nuScenes [3], and PandaSet [26]. These datasets are col-
lected using different LiDAR sensors and capture diverse
urban environments, making them suitable for evaluating
perception systems operating in streaming conditions. Our
experiments focus on assessing the effectiveness of persis-
tent memory for long-horizon perception and its ability to
improve robustness under sparse observations, occlusions,
and dynamic scene changes. In addition to comparisons
with existing methods, we perform ablation studies to an-
alyze the contribution of each component of the proposed
dual-memory design.

4.1. Datasets

We evaluate on three large-scale autonomous driving
datasets. SemanticKITTI [2] comprises 22 sequences cap-
tured with a Velodyne HDL-64E in Germany, with se-
quences 0-10 for training and 11-21 for testing. La-
bels are mapped to 19 classes (single-scan) and 25 classes
(multi-scan), where we primarily report multi-scan results
as our method models temporal context. nuScenes [3]
contains 1000 driving scenes from Boston and Singapore
(700/150/150 train/val/test split), captured with a Velodyne
HDL-32E at 2 Hz, with 31 classes mapped to 16 categories.
PandaSet [26] provides temporally continuous sequences
recorded in Silicon Valley using a Hesai Pandar64, with
103 sequences and fine-grained classes grouped into 14 cat-
egories following [8].

4.2. Evaluation Protocol

During evaluation, each sequence is processed in temporal
order from the first frame to the last. The memory state
is updated online during inference, allowing the model to
accumulate experience across the sequence. Performance
is evaluated using Intersection-over-Union (IoU) [17], with

mean IoU (mloU) across all semantic classes reported as
the primary metric. In addition, we report seen-class mloU,
which averages IoU only over classes present in the evalu-
ated sequence, as well as class-wise IoU scores for detailed
analysis.

4.3. Implementation Details

Training proceeds in two stages: the segmentation head is
first trained for 50 epochs in a single-scan setting, after
which the dual-memory mechanism and modulation lay-
ers are fine-tuned for 20 additional epochs in an online
recurrent manner. The backbone remains frozen through-
out. Each LiDAR scan is projected into a 64 x 1024
range-view with five channels (range, x, y, 2, intensity).
A pre-trained ResNet-18 extracts dense features from the
third residual stage and a 512-dimensional global descrip-
tor from the final stage for memory retrieval. The latent
and error memory banks store Kj;=64 and Kp=32 vec-
tors (D=512) respectively, using cosine similarity for top-1
retrieval and FIFO replacement. The error memory is up-
dated via low-confidence regions. Optimization uses Adam
(Ir = 5 x 10~%) with class-weighted cross-entropy and
mixed precision training. Augmentations include global
scaling, random translation, and vertical-axis rotation. The
model is trained on 8 NVIDIA A100 GPUs (80GB) using
distributed data parallelism.

4.4. Quantitative Analysis

We evaluate DREAM on SemanticKITTI, nuScenes, and
PandaSet, with results summarized in Tables 1, 2, and 3.

On SemanticKITTI (Tab. 1), DREAM achieves 61.7%
mloU, outperforming MemorySeg (58.3%) and Meta-
RangeSeg (49.7%). Gains are most pronounced in dy-
namic categories (moving cars, bicyclists, pedestrians, mo-
torcyclists) and structural classes (building, trunk, terrain),
reflecting the benefit of temporal reasoning via the dual-
memory design.

On nuScenes (Tab. 2), DREAM achieves 81.8% mloU,
with notable improvements in barrier, pedestrian, and traffic
cone categories, suggesting the memory mechanism effec-
tively addresses sparsity and scale challenges.

On PandaSet (Tab. 3), DREAM achieves 71.0% mloU,
performing consistently across foreground classes (truck,
person, traffic sign) and background classes (sidewalk, ter-
rain), confirming generalization across sensor configura-
tions and urban environments.

Across all benchmarks, persistent latent memory enables
robust segmentation under sparse observations, occlusions,
and dynamic scene changes.

4.5. Comparison Against State-of-the-Art

We compare DREAM with prior LiDAR-only methods
across all three benchmarks (Tab. 1-3).
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g E
Method mw § 2 5 2 53 £ 23 FF 252 i FEEEE 52 E 55
TangentConv [23] 34.1 849 20 182 211 185 16 00 00 839 383 640 153 858 49.1 795 432 567 364 312 403 1.1 6.4 1.9 301 422
DarkNet53Seg [1] 416 841 304 329 202 207 75 00 00 91.6 649 753 275 852 565 784 507 648 381 533 615 141 152 02 289 378
KPConv [24] 512 937 449 472 425 386 21.6 0.0 00 865 584 705 267 90.8 645 846 703 66.0 570 539 694 674 675 472 47 58
Cylinder3D [32] 525 946 676 638 413 388 125 1.7 02 907 650 745 323 926 660 858 720 689 63.1 614 749 683 657 119 0.1 0.0
SpSequenceNet [20] 43.1 885 240 262 292 227 63 00 00 901 576 739 27.1 912 668 840 660 657 508 487 532 412 262 362 23 0.1
TemporalLidarSeg [8] 47.0 92.1 47.7 409 392 350 144 00 00 91.8 596 758 232 898 63.8 823 625 647 526 604 682 428 404 129 124 2.1
TemporalLatticeNet [19]  47.1 91.6 354 361 269 230 94 00 00 915 593 753 275 89.6 653 846 667 704 572 604 597 417 510 488 59 0.0
Meta-RangeSeg [25] 49.7  90.8 50.0 495 295 348 166 00 00 908 629 748 265 898 62.1 828 657 665 562 645 69.0 604 579 220 166 2.6
MemorySeg [12] 583 940 683 688 51.3 409 270 03 28 899 643 748 292 922 693 848 751 70.1 655 685 717 744 717 739 151 13.6
DREAM (Ours) 617 97.6 69.1 689 557 431 290 1.7 32 935 626 748 292 922 693 848 773 710 656 684 715 703 715 743 37.6 49.7
Table 1. Comparison with state-of-the-art LIDAR semantic segmentation methods on the SemanticKITTI multi-scan test benchmark. (m)
denotes moving classes. Metrics are reported in mloU (%).
=} Q
g % 5 & o E g
5 3 5 & 2 2 5 ». 2 L % g5 E &
E 2 z s £ 2 3 % FE 2 £ £ 3 5 5 2
Method mloU FWmleU| @ ® A O O = & F & E A O v & =2 »
PolarNet [31] 69.4 87.4 722 16.8 77.0 86.5 51.1 69.7 648 54.1 69.7 635 96.6 67.1 77.7 72.1 87.1 84.5
Cylinder3D [32]  77.2 89.9 | 828 29.8 843 894 63.0 793 772 734 84.6 69.1 97.7 702 803 755 904 87.6
SPVCNN [21] 77.4 89.7 80.0 30.0 919 90.8 64.7 79.0 756 709 81.0 746 974 69.2 80.0 76.1 89.3 87.1
(AF)2-S3Net [4] 783 88.5 | 789 522 89.9 842 774 743 773 720 839 738 97.1 665 77.5 740 877 86.8
MemorySeg [12]  80.6 91.4 849 402 912 924 712 735 859 77.8 88.0 764 979 69.0 812 77.6 92.6 89.7
DREAM (Ours) 81.8 914 ‘86.3 402 923 945 794 739 847 78.0 884 79.1 962 683 819 763 935 904
Table 2. Comparison with state-of-the-art LIDAR-only semantic segmentation methods on the nuScenes test set [3]. Metrics are reported
in mloU (%). Best results are highlighted in bold.
425 On SemanticKITTI (Tab. 1), DREAM outperforms bottom rows illustrate the ground-truth semantic labels and 448
426 Cylinder3D (52.5%), Meta-RangeSeg (49.7%), and Mem- predictions from DREAM, respectively. 449
427 orySeg (58.3%), with the largest gains in dynamic Despite the sparse and partially observed nature of indi- 450
428 classes (moving cars, bicyclists, pedestrians, motorcy- vidual LiDAR scans, the predicted semantic structure re- 451
429 clists), demonstrating effective temporal modeling via dual mains stable across time. In particular, large structural — 452
430 memory. classes such as road and vegetation are consistently seg- 453
431 On nuScenes (Tab. 2), DREAM sets a new state-of-the- mented across frames. This temporal stability demonstrates 454
432 art among LiDAR-only methods, surpassing MemorySeg the benefit of the proposed memory-based reasoning mech- 455
433 (80.6%) and (AF)?-S3Net (78.3%), with notable improve- anism, which allows the model to leverage historical context 456
434 ments in small-object categories such as barrier, pedestrian, when interpreting the current observation. 457
435 and traffic cone.
436 On PandaSet (Tab. 3), DREAM achieves the best over- 4.6.2. Occlusion Recovery 458
as7 all performance over MemprySeg (70.3%) and SPYCNN Fig. 4 illustrates the behavior of the DREAM framework 459
438 (64.7%), with C.OHS.IStem 8aINS across foregrouncll and back- under partial occlusions. The top row shows the input Li- 460
439 ground categories 1nclud1ng.truck, person, and s1dewa1k.. DAR intensity visualization, where the highlighted region 461
440 Across all datasets, persistent latent memory reasoning exhibits varying point density across consecutive frames 462
441 consistently F)utperforms both single-frame and short-term due to occlusion and sparse observations. 463
a4z temporal fusion approaches. The middle row shows the ground-truth semantic la- 464
443 4.6. Qualitative Analysis bels, while the bottom row presents predictions produced 465
by DREAM. Despite incomplete observations in individual 466
444 4.6.1. Temporal Consistency Analysis LiDAR scans, DREAM maintains temporally consistent se- 467
445 Fig. 3 presents qualitative results across four consecutive mantic predictions with 61.7% mloU and 81.8% mloU on 468
446 LiDAR frames (t —2,t—1, t, t+ 1). The top row shows the SemanticKITTI and nuScenes datasets, respectively, across 469
447 input LiDAR intensity visualization, while the middle and frames, demonstrating the proposed memory mechanism’s 470
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SqueezeSegv3 [27] 557 928 24.1 18.0 36.5 543 63.0 91.1 119 713 86.2 850 61.3 632 20.6
SalsaNext [6] 57.8 92.1 40.7 317 28.7 56.2 69.0 90.0 22.6 67.1 85.6 83.4 58.5 63.3 20.6
TemporalLidarSeg [8] 60.0 93.7 33.6 38.0 37.1 59.9 72.0 91.1 14.6 70.6 88.2 88.4 63.8 68.4 20.7
SPVCNN [21] 647 958 38.1 463 440 74.1 78.6 912 283 703 872 87.5 615 675 35.6
MemorySeg [12] 703 972 60.2 584 629 743 82.6 92.1 277 741 894 90.7 649 728 364
DREAM (Ours) 71.0 978 60.5 59.1 64.0 754 829 93.6 28.1 754 90.7 89.2 64.5 74.6 37.1

Table 3. Comparison with state-of-the-art LIDAR semantic segmentation methods on the PandaSet test set [26]. Metrics are reported in

mloU (%). Best results are highlighted in bold.
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Figure 2. Distance-based performance comparison of SFB (dooted blue), MemorySeg (solid red), and DREAM (solid green) across
nuScenes, SemanticKITTI, and PandaSet. DREAM demonstrates consistently improved robustness at mid- and long-range distances, with
gains increasing as point sparsity and occlusion become more severe.

Method Params (M) FPS
SFB 14.2 29
DREAM (Full) 16.8 25

Table 4. Parameter count and inference speed comparison on Se-
manticKITTI. DREAM introduces a modest increase in the num-
ber of parameters and runtime while maintaining real-time perfor-
mance.

ability to recover semantic structure in occluded or sparsely
observed regions.

4.7. Ablation Studies
4.7.1. Importance of the Memory

To evaluate the impact of persistent memory, we com-
pare DREAM against a single-frame baseline (SFB) that
removes both latent perceptual memory and error mem-
ory components. The comparison is performed using the
distance-based evaluation shown in Fig. 2. Results indicate

that incorporating memory significantly improves segmen-
tation performance, particularly at larger distances where
LiDAR measurements are sparse and noisy. This demon-
strates that maintaining a persistent latent representation of
past observations helps the model recover semantic context
that may be missing in individual frames.

4.7.2. Distance-based Analysis

Fig. 2 highlights the benefit of persistent dual memory at
longer ranges, where LiDAR point clouds become increas-
ingly sparse. We compare DREAM against a single-frame
baseline (SFB) that removes both memory modules.

DREAM consistently outperforms the SFB across all
distance bins, with the most pronounced gains at 80m:
26.47% mloU on nuScenes and 52.33% mloU on PandaSet,
where point density is lowest. The progressive improve-
ment with distance confirms that persistent memory be-
comes more beneficial as perceptual difficulty increases, en-
hancing semantic consistency through compact scene repre-
sentations and explicit uncertainty modeling.
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Figure 3. Temporal qualitative results across consecutive LIDAR
frames.Columns correspond to four consecutive frames (t — 2,
t —1,t, t+ 1). The top row shows the input LiDAR intensity
visualization, the middle row shows the ground-truth semantic la-
bels, and the bottom row shows the predictions produced by the
proposed DREAM framework.
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Figure 4. Qualitative example illustrating occlusion recovery
across consecutive frames. As objects become partially occluded,
DREAM maintains stable semantic predictions by leveraging tem-
poral context stored in latent memory.

4.7.3. Effect of Error Memory

We evaluate the contribution of the proposed error memory
on the SemanticKITTI multi-scan validation set (Tab. 5).
Compared to the single-frame baseline (SFB), introducing
latent perceptual memory improves mloU from 78.6% to
81.0%, highlighting the benefit of persistent semantic ag-
gregation. Adding the error memory further increases per-
formance to 81.8%, with more pronounced gains in long-
range regions, where mloU improves from 24.8% to 27.3%.
These results indicate that explicitly modeling recurrent

Method mloU (%)
SFB 58.4
DREAM w/o Error Memory 60.9
DREAM (Full) 61.5

Table 5. Ablation study on the SemanticKITTI multi-scan valida-
tion set. Latent perceptual memory accounts for the majority of
the improvement over the single-frame baseline (SFB). The pro-
posed error memory further enhances performance, particularly in
long-range regions (60m+), where point sparsity and occlusions
are more severe.

low-confidence patterns complements spatial memory and
enhances robustness under sparse and occluded observa-
tions.

4.7.4. Parameter Count.

DREAM introduces only a modest computational overhead
compared to the single-frame baseline (SFB). As shown
in Tab. 4, the proposed dual-memory design increases
the parameter count from 14.2M to 16.8M (approximately
18%) and reduces inference speed from 29 FPS to 25 FPS
(approximately 15%), while maintaining real-time perfor-
mance.

5. Conclusion

We presented DREAM, a dual-memory reasoning frame-
work for continual LiDAR semantic segmentation that
reformulates perception as a temporally grounded process.
DREAM maintains two complementary memory banks:
a perceptual memory that accumulates stable semantic
abstractions and an error memory that records recurring
failure patterns. Retrieved memories modulate dense
features before classification, reinforcing consistent se-
mantics while suppressing previously observed errors. The
framework operates strictly online, avoids scan replay, and
keeps the backbone frozen, yielding a bounded-memory
design suitable for real-world deployment. Experiments
on SemanticKITTI, nuScenes, and PandaSet demonstrate
state-of-the-art performance, with the most significant
gains in dynamic and small-object categories. DREAM
advances LiDAR segmentation from stateless prediction
to memory-augmented reasoning, offering a scalable
foundation for long-horizon autonomous perception.
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