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Abstract—LiDAR place recognition is a critical component
of LiDAR-based localization pipelines, tasked with identify-
ing previously visited places across diverse environments and
temporal conditions. A growing body of deep learning-based
approaches has recently tackled this problem. However, their
performance often degrades when the models are deployed in
unseen environments. Although offline fine-tuning can partly
recover performance, it is prone to catastrophic forgetting of
previously acquired knowledge and cannot respond quickly
enough to rapidly changing data distributions. In this paper,
we introduce OCLPlace, an online continual learning frame-
work that learns directly from highly temporally correlated
LiDAR streams and strikes a trade-off between rapid domain
adaptation and resistance to catastrophic forgetting. To the
best of our knowledge, OCLPlace is the first LiDAR place-
recognition approach enhanced by online continual learning
that can automatically adapt to new environments while mit-
igating catastrophic forgetting. Experimental results on six
large-scale datasets, which cover both ground-view and aerial-
view scenarios, demonstrate the effectiveness and robustness
of our method. The source code will be publicly available at:
https://github.com/npu-ius—-lab/OCLPlace.

I. INTRODUCTION

Place recognition enables a robot to identify the most
similar location in a pre-built map, serving as a founda-
tion for global localization. Recently, deep learning-based
LiDAR place recognition has achieved remarkable perfor-
mance on large-scale benchmark datasets. However, most of
these methods are developed and evaluated under single-type
environments, where conditions remain consistent. In real-
world navigation, robots are likely to encounter a diverse
range of environments such as urban areas, campuses, and
forests, or even cross-view scenarios (e.g., transitions from
ground to aerial perspectives). Under such conditions, ex-
isting approaches often experience substantial performance
degradation due to domain shifts in the operating environ-
ments, thereby limiting the deployment of source-domain
pre-trained models in real-world applications. A straightfor-
ward solution is to incrementally collect training data from
the working environment and fine-tune the model offline
through multiple iterations. However, this method is often
ineffective in the face of rapid and abrupt environmental
changes. With these challenges in mind, the lack of rapid
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adaptability to changing environments remains a major ob-
stacle preventing existing place recognition methods from
effectively supporting long-term localization tasks.

For learning-based methods, it is crucial to update model
parameters promptly to cope with continuous environmental
changes, especially when domain shifts are present. How-
ever, when the test-time distribution diverges significantly
from the source domain, long-term adaptation may lead
to catastrophic forgetting of previously acquired knowl-
edge. Online continual learning (OCL) has emerged as a
principled framework to address this challenge, enabling
models to adapt incrementally after deployment while al-
leviating forgetting. Recent studies have explored OCL in
image classification [1], 3D object detection [2], person
re-identification [3], etc., demonstrating promising results.
Nevertheless, its application to LiDAR place recognition re-
mains largely unexplored, leaving a gap between the demand
for robust long-term localization and the current state of
research.

In this paper, we explore LiDAR place recognition under
the OCL paradigm. Using a lightweight, robust, and gener-
alizable backbone [4], we introduce a dual-memory module
that jointly leverages short-term and long-term memories for
on-the-fly adaptation and durable knowledge. This architec-
ture enables the model to quickly adapt to new LiDAR data
distributions while preserving knowledge from previously
LiDAR settings and visited environments, thereby providing
a reliable solution for long-term localization in diverse real-
world scenarios. The main contributions of this paper are as
follows:

e We introduce an online continual learning paradigm
for LiDAR place recognition that achieves fast in-situ
adaptation while mitigating catastrophic forgetting.

e We propose OCLPlace, an online dual-memory frame-
work where a short-term memory enables fast consol-
idation and a long-term memory preserves mined hard
triplets for durable replay.

e We benchmark existing online continual learning meth-
ods for challenging LiDAR place recognition tasks
across six large-scale datasets, covering both ground
and aerial scenarios. The code and benchmarks will be
released.

II. RELATED WORK
A. Learning-based LiDAR Place Recognition

The existing learning-based LiDAR place recognition
methods can be broadly divided into three groups: point-
based methods [5], [6], voxel-based methods [7], [8], and
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projection-based methods [4], [9]. Point-based methods di-
rectly process raw 3D points to exploit the inherent spatial
structure of LiDAR data. A representative example is Point-
NetVLAD [5], the pioneering learning-based method for
point cloud place recognition, which extracts point-wise fea-
tures using PointNet [10] and aggregates them into a compact
global descriptor via the NetVLAD module. Voxel-based
methods discretize point clouds into voxel grids and employ
sparse or dense 3D convolutions to learn discriminative
global descriptors. These methods, such as MinkLoc3D [7]
and EgoNN [8], leverage voxelization to preserve local
geometric structures while enabling efficient large-scale re-
trieval. Projection-based methods transform point clouds
into 2D representations, such as range images or bird’s-
eye view (BEV) maps, and then apply mature 2D con-
volutional networks for feature learning. Typical examples
include OverlapNet[9] and BEVPlace++[4], which achieve
high efficiency and robustness to viewpoint changes through
effective projection designs.

B. Online Learning for Robotics

Online learning in robotics focuses on enabling robots to
automatically adapt to changes in domain distributions by
updating their models in real time from streaming data [11].
Unlike offline learning, where adaptation is performed after
data collection, online learning continuously incorporates
incoming observations from the environment or human inter-
actions to maintain task performance under domain shift con-
ditions. A major challenge for such methods lies in acquiring
reliable supervision signals during deployment, so that the
model can progressively adapt to the environment while
being used, without relying on densely annotated target-
domain data. In the field of deep visual-based odometry,
self-supervised VO [12] addresses this issue by deriving
supervision directly from sequential frames, using appear-
ance consistency (e.g., photometric and structural similarity)
and geometric consistency between adjacent views to guide
model updates without external labels. Beyond purely vi-
sual self-supervision, Adaptive VIO [13] incorporates IMU
measurements to provide high-frequency motion priors, and
performs immediate model updates via joint optimization of
visual consistency losses and inertial constraints, enabling
continual adaptation to domain shifts without offline retrain-
ing or manual annotations. In the field of LiDAR-based 3D
object detection, OCL3D [2] introduces an efficient online
transfer learning framework that transfers knowledge from
a pre-trained 2D visual detector to an online 3D detector,
enabling rapid adaptation without extensive 3D annotations.

C. Continual Learning for Robotics

Continual learning is characterized by the ability to ac-
quire new knowledge from sequentially arriving data while
retaining previously learned information [14], [15]. In the
field of visual place recognition, AirLoop [16] is the first
to introduce a lifelong learning approach for loop closure
detection, which mitigates catastrophic forgetting by com-
bining experience replay with feature regularization based on

Euclidean distance. VIPeR [17] introduces a continual visual
place recognition method that combines adaptive mining for
metric learning, a multi-stage memory bank for rehearsal,
and probabilistic knowledge distillation for regularization.
For LiDAR place recognition, InCloud [18] combined a
random initialized memory buffer and a structure-aware
loss function, to distill the angular relationship between
embedded triplets. CCL [14] combines momentum contrast
to help the model learn new environmental knowledge,
along with replaying experience and KL divergence-based
constraints to mitigate catastrophic forgetting. MICL [15]
maximizes mutual information between input data and its
representations, as well as between representations across
multiple environments.

III. PROBLEM FORMALIZATION AND PRELIMINARIES
A. BEV Image-based Place Recognition

Given a LiDAR scan S and its corresponding position p,
we first convert S into a BEV image I. The feature extraction
backbone fy then encodes I into a global descriptor z:

z = fo(I),

where 6 denotes the parameters of the backbone. The global
descriptor z captures the distinctive features of the place
at position p. Ideally, the principle of place recognition
requires that, for any point cloud triplet 7 = {S;, S;, Sk},
the following condition holds:

z€ ZcCR? (1)

Dy(8i,85) < Dyg(Si,8x) = 1z —z;ll2 < ||zi — 2|2,

2
where D, (S;, S;) denotes the geographical distance between
two point clouds, and || - |2 represents the Ly-norm in the

embedding space Z.

B. Online Continual Learning for Place Recognition

Online continual learning for place recognition targets
practical scenarios where a pre-trained model can automat-
ically adapt to domain shifts while alleviating catastrophic
forgetting. In the OCL setting, we consider a sequence of
training datasets D!t each of which was collected from
distinct and disjoint environments. We further assume access
to a small memory buffer M¢, which is a subset of M,
Unlike offline continual learning methods, which typically
assume repeated access to each environment in an offline
manner, our approach builds and updates the memory M in
an online fashion as the data stream arrives.

IV. PROPOSED METHOD

In this section, we present OCLPlace, an efficient online
continual learning framework for LiDAR-based place recog-
nition. The overall architecture is illustrated in Fig. 1. We
first introduce two strategies for constructing BEV images,
tailored for ground-vehicle and aerial-UAV perspectives, re-
spectively. We then describe our online dual-memory system,
which consists of both short-term and long-term memories
designed to balance rapid adaptation and knowledge reten-
tion.
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Fig. 1.  The architecture of OCLPlace. The framework operates online with a dual-memory design: the short-term memory (STM) performs fast

consolidation, loop-aware mining, feature refreshing, and forgetting, while hard triplets mined in the STM are consolidated into the long-term memory
(LTM). Both memories are replayed to train a lightweight backbone, i.e., BEVPlace++ [4], using a lazy triplet loss. The proposed method can be seamlessly
integrated into SLAM systems (dashed region), thereby enhancing online loop-closure detection while mitigating catastrophic forgetting. The information

flow is represented by the shape and color of the arrows.

A. BEV Image Generation

BEYV Density Images. Given a point cloud S, we first crop
a cubic region of size D x D x D m centered at the LIDAR
origin. We then apply a voxel-based downsampling with a
resolution of r. The cropped cube is divided into vertical
2D » 2D pillars in the ground plane. For each pillar, we

compute the normalized point density as the pixel value of
the BEV image, which can be expressed as:

min(Ng, Np,)

N, ) 3)

Idensily (u, U) =

where N, is the number of points within the pillar at
position (u,v), and N, is the normalization factor, set to
the maximum point density in the point cloud.

BEYV Height Images. Different from ground-view LiDAR
scans, we propose to use height-based BEV images for
aerial-view LiDAR data. In ground-view LiDAR, variations
in point density often capture object contours and scene
structures. By contrast, aerial-view LiDAR mainly observes
the rooftops and upper surfaces of objects, where density
information provides limited distinction between ground and
object surfaces. Instead, height becomes a more discrimina-
tive cue in the aerial perspective. To construct the height-
based BEV image, we first shift all point cloud heights such

that the minimum height is aligned to zero:

e = B2 — min (B
= Ry mjm( ™),

4)

where h}*¥ denotes the raw height of the k-th point.

For each pillar at position (u,v), the pixel value of
the height-based BEV image is defined as the normalized
average height:

M) o) =

1 Ng(u,v)
Theigne(u, v) = W Z hi,
k=1
&)
where Ng(u,v) is the number of points that fall into pillar
(u,v), and

Hpax = min (max h(u,v), 20) (6)

u,v
is the normalization factor with a clipping threshold of 20 m.
Fig. 2 illustrates the results of the two methods on the
AMtown02 [19] sequence. It can be observed that the height-
based representation is more suitable for aerial-view LiDAR
scans than the density-based representation.

B. Short-term Memory

1) Fast Consolidation: We implement the short-term
memory (STM) using reservoir sampling [20], a streaming-
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Fig. 2. Comparison of density-based and height-based BEV images on
the MARS-LVIG AMtown02 sequence. Top: Density-based BEV images,
where the boundaries between buildings, trees, and ground are difficult to
distinguish. Bottom: Height-based BEV images, where trees, buildings, and
ground are clearly separated.

friendly mechanism widely adopted in online continual learn-
ing. Since place recognition requires query—positive pairs
rather than single labeled samples, we treat each query—
positive pair as the atomic unit stored in the STM. Each
frame is represented as (I, p, z), where I is the BEV image,
p € R3 the position, and z € RP the global descriptor.
We retain only pairs satisfying a spatial constraint, e.g.,
Tmin < ||[Pg — Ppll2 < 74, ensuring valid correspondences
for metric learning.

Given a buffer capacity of M, the first £ = % pairs
are directly inserted. For the n-th incoming pair (n > k),
a random index j ~ U(0,n) is drawn; if j < k, the pair at
index j is replaced. This yields an unbiased, time-adaptive
subsample of the stream with (O(1) update complexity,
enabling efficient online consolidation without growth in
computational cost.

2) Memory Forgetting: While the STM supports fast

consolidation via probabilistic replacement when the buffer is
full, pure reservoir sampling treats all arrivals uniformly and
does not account for hardness. For LIDAR place recognition,
however, we prefer to retain samples that constrain the
decision boundary (i.e., “hard” cases) rather than trivially
satisfied pairs. We therefore introduce a hardness-aware
forgetting policy that periodically prunes easy pairs and frees
capacity for informative ones.
Hardness measure. Let the flattened STM comprise 2N
items (two views per pair: query and positive). Given the
high dimensionality of the global descriptors (D = 8192), we
first project all descriptors with PCA to a compact subspace
D’ <« D to accelerate distance computations while preserving
most of the variance:

Z° = PCA(Z*) € R*V>D', (7

All subsequent feature space distances are computed in

Algorithm 1 Memory Forgetting and hardness-aware Con-
solidation pipeline

1: Input: Short-term memory M*, Long-term memory M,
margin 6.

2: Data: N query-positive pairs P. >N <k

3: Parameters: global descriptor dimensionality D; PCA
target dimension D’, positive threshold 7., negative
threshold 7_, threshold 7, for hard triplets selection.

4: Output: Updated Short-term Memory M?®, Updated
Long-term Memory M.

5: Step 1: From the pair set P, assemble the descriptor
matrix Z* and the position matrix P*. > Z*cR2NV*D,
Psc RQN X3

6: Step 2: Z° « PCA(Z®) > Z5 e RV XD’

7: Step 3: Compute the pairwise feature distance matrix
D/ with entries (Dy);; = ||z5 — zf||§ > Dy e RHV>2N

8: Step 4: Compute the pairwise positional distance matrix
D, with entries (D,);; = ||p§ — pj[[3. > D, e R#V*2N

9: Step 5: Calculate pairwise query-positive feature dis-
tance dp,s based Dy. >
dpos c RQN X 1_

10: Step 6: Calculate query-negatives feature distance dyeq
based Dy and D, with 71 and 7_. > dpe, € R*V 72N,

11: Step 7: Calculate hardness score h with dpq, dpeg and
margin § based on Eq. 11 and Eq. 12. > heR?Vx1,

12: Prune from P all pairs whose hardness score h is
non-positive (< 0). > Short-term memory forgetting

13: Collect the selected hard triplets 7 whose hardness score
h is larger than 7y, and append them to M. >
Hard-aware consolidation

14: return Updated Short-term Memory M?®, Updated
Long-term Memory M’

the PCA space Z5. We then compute the pairwise feature
and spatial distance on all items:

D) =z -z @)y =P —pl ®

We obtain the per query-positive feature distance vector
dpos € R*V*! by treating each item in the STM as the query
and its paired counterpart as the positive, i.e., (dpos)i =
(Dy);, i@1 where & denotes XOR with 1 (thus 041, 24+ 3,
...). We then mask out all negative indices using the spatial
constraint (D,);; > 72 for all queries. Define the binary
negative mask:

1, D ii >7’E,
My =4 b Dok ©)
0, otherwise.

The masked negative distance matrix is then

Dy = Dy © M + (400) (117 — M), (10)

where ® denotes the Hadamard product and 1 € R2V*1
is the all-ones vector, so that 117 € R2N*2N Finally, the
score matrix is defined as S:

S=0611" + dpsl’ — Dy, € RPN (11)

5274



And the hardness score h is obtained by taking the row-
wise maximum:

2N x1
R )

h = max; S € (12)

The hardness score h reflects, for each query, the relative
difficulty of distinguishing its positive pair from the most
confusing negative. A larger score indicates that the closest
negative lies closer to the query than its true positive, thus
representing a harder training example. This measure allows
us to prioritize difficult samples for consolidation into the
long-term memory.

Forgetting rule. The hardness score h indicates how difficult
each sample is. A negative value means that, for a given
query, the closest valid negative is already farther away
than its positive by at least the margin J. In other words,
the triplet constraint is satisfied with slack, and the sample
provides little useful information for updating the decision
boundary. Since the STM stores data in query-positive pairs,
we evaluate forgetting at the pair level: for each pair, we take
the larger hardness score of its two items as the pairwise
difficulty. If this value is negative, the pair is considered
uninformative and is directly removed from the STM. Dis-
carding such pairs not only prevents redundant updates to
the model but also frees memory space for harder and more
informative samples, thereby improving the overall efficiency
of the memory buffer. The complete forgetting procedure is
summarized in Algorithm 1.

3) Feature Refreshing: In online continual learning, the
backbone parameters 6 are updated after each optimization
step. As a result, the embedding function fy gradually drifts,
causing the descriptors stored in memory to become out-
dated. For the same image I, the previously cached descriptor

Zold _ Fous (I) £ 7"V = fenew(]:)7 (13)

no longer matches the current feature representation,
which misaligns feature-space distances used for mining
hard examples. To ensure a consistent metric space, we
periodically refresh the descriptors stored in the STM.

C. Long-term memory

1) hardness-aware Consolidation: Based on the hardness
scores h computed in the STM (refer to Eq. 12), we form for
each anchor ¢ a candidate hard triplet (i, ¢ ® 1, j7), where
j7 denotes the index of the hardest valid negative. Triplets
with h; > Thag are selected and inserted into the long-term
memory (LTM) for future replay.

After completing training on an environment, the LTM
performs a budgeted consolidation pass: it re-scores all
triplets by hardness and retains only the highest-scoring
subset, downsampling when necessary to ensure that the total
number of stored items does not exceed the global budget.

2) Loop-aware Mining: To construct informative triplets
for experience replay, we employ a loop-aware positive
selection strategy combined with hard-negative mining for
both STM and LTM. For a given query index 7, we first
collect spatial candidates within the positive radius 7.:

Cili)y={j#i| Dy <77} (14)

Among these, we prioritize loop-closure positives that are

sufficiently separated in time:
L) ={jeCi(i)||t;—ti| =T}, (15)

where I' denotes the minimum temporal gap. The final
positive is selected as:

if L(i) # 0,
if (i@1)eCy(i),

arg min (D,);,
ngL'(i)( p)ij

pr(i)={1®L (16)

arg min (D),

otherwise,
JECL(4)

where ¢ @& 1 denotes the paired index in the stored
query—positive pair (e.g., 01, 24+ 3, etc.).
Negative mining. For each query, we exclude its positive
partner and any samples within the negative radius 7_, so
that only sufficiently distant items remain as valid negatives.
Among these candidates, we sort them by feature-space
distance to the query and select the K closest ones, which
serve as the hardest negatives.

D. Loss Function

We train BEVPlace++ with the lazy triplet loss [4]. Given
a query descriptor z,, its spatially verified positive z,, and
a set of candidate negatives {z,,}/_,, the loss function is
defined as:

L= mjaX(maX((? + llzg = 2pll2 = |24 — 24512, 0)), (17

where z4, z,, and z,,; are the global descriptors of the query
sample, its positive sample, and the j-th negative sample,
respectively. The tunable margin hyperparameter § helps
to enforce a minimum separation between the positive and
negative pairs in the embedding space.

V. EXPERIMENTAL SETTINGS
A. Datasets

We evaluate OCLPlace on six large-scale LIDAR datasets:
KITTI [21], NCLT [22], HeLiPR [23], BotanicGarden [24],
WildPlaces [25], and MARS-LVIG [19], spanning struc-
tured roads, natural scenes, and aerial surveys. KITTI is
a standard place recognition benchmark covering country
and highway driving scenarios. NCLT provides 27 long-
term campus sessions across seasons and years, introduc-
ing substantial appearance change and dynamics. HeLiPR
contains heterogeneous LiDAR from multiple sensors for
cross-sensor generalization. We use KAIST sequences 04 and
06 spanning roughly five months. BotanicGarden captures
48,000m? of dense vegetation, riversides, and grasslands,
representing unstructured natural environments. WildPlaces
comprises handheld-LiDAR runs in forest reserves with large
viewpoint variation and uneven motion. MARS-LVIG offers
UAV-borne Livox AVIA mapping over large open areas with
non-repetitive, sparse scans, for which we aggregate the latest
10 frames to densify inputs. More details are summarized in
Table L.
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TABLE I
ONLINE CONTINUAL LEARNING DATASETS.

Dataset KITTI [21] NCLT [22] HeLiPR [23] BotanicGarden [24]  Wildplaces [25] MARS-LVIG [19]
Low e e e e oo
Scenes Country, Highway Campus City, Campus  Natural, Unstructured ~ Natural, Wild ~ Aerial Surveying
Time span Single days Across 1 year Several months Single days 14 months Single days
Train seq. 00 2013-02-23 KAIST 04 1005-00 V-01 AMO02

Test seq. 02 & 08 2012-09-28 & 2012-11-16 KAIST 06 100601 & 1008.03  V-04 & K-04 AMO1

V-01, V-04, and K-04 correspond to Venman “0/”, Venman “04” and Karawatha “04”. AM01 and AMO2 refer to AMtown 01 and AMtown02.
TABLE 11

QUANTITATIVE RESULTS UNDER OCL PROTOCOLS

- \ M = 100 \ M =200 \ M = 500 \ M = 1000
cm
| mFl (%)t  F@{ | mFl@t  F@{ | mFl@t  F@{ | mFl@t  F @)

Fine-tuning 7383 £279 11.88 £ 3.64 | 71.53 £ 1.89 13.70 &£ 2.82 | 68.67 £ 2.80 17.16 & 3.44 | 70.46 = 2.91 14.40 £ 2.80
LwF [26] 68.42 £3.72 436 £2.03 | 6688 £ 3.55 499 £1.43 | 67.11 £575 4.02 +£232 | 6848 £3.01 3.95+ 1.04
EWC++ [27] 7048 £491 390 +£3.05 | 73.93 £4.77 530 £3.65 | 77.00 =228 290 +2.02 | 79.62 £ 540 2.92 £ 2.30
A-GEM [28] 74.52 £336 6.14 £348 | 72.11 £2.10 6.96 £ 3.55 | 74.57 =421 550 +£2.83 | 7543 £1.94 5.68 £ 2.20
ER [29] 7491 £ 439 564 £ 199 | 7938 £ 127 2.62 £ 1.25 | 81.40 £1.92 295+ 047 | 8333 £ 195 335+ 234
InCloud [18] 7699 + 1.16 2.24 £ 0.68 | 7829 £222 151 +£0.73 | 81.15+£ 092 119 £0.73 | 82.07 £ 1.50 1.58 £ 0.89
OCLPlace (ours) ‘ 79.76 £ 144 235+ 142 | 8132 +272 2124133 ‘ 83.96 £ 1.89 1.67 £ 1.44 ‘ 84.69 = 1.02 2.10 + 1.81

B. Backbone

In order to meet the real-time online continual learning
requirements for robotics, we choose BEVPlace++ [4] as
the backbone for our method for two main reasons: first, its
lightweight nature allows for fast convergence, and second,
its rotation invariance and strong generalization capabilities
make it well-suited for the task.

C. Baselines

Fine-tuning. We only use short-term memory with reser-
voir sampling based consolidation with the common settings
in online continual learning. We also enable the negative
mining to sample hard triplets for training.

A-GEM [28]. An inequality-constrained replay method
that updates on the current mini-batch while projecting
the gradient to satisfy constraints induced by an episodic
memory, thereby preventing the loss on replayed samples
from increasing.

LwF [26]. A well-established continual learning method
that does not require storing past data. It leverages the outputs
of the previous model on new data as soft targets to regularize
the current model, thereby alleviating catastrophic forgetting.

EWC++ [27]. An enhanced elastic weight consolida-
tion [30] method for continual learning. It maintains a
running estimate of the Fisher Information Matrix with an
exponential moving average, allowing more stable and up-
to-date importance weights for parameters. Additionally, it
introduces normalization of the Fisher values to balance the
regularization strength across tasks, achieving a better trade-
off between stability and plasticity compared to standard
EWC.

ER [29]. Experience Replay is a simple yet strong baseline
for continual learning. It maintains a fixed-size memory

buffer that stores a subset of samples from previous tasks.
During training on a new task, the model is updated using
both current task data and replayed samples from the buffer,
mitigating catastrophic forgetting by explicitly rehearsing
past knowledge. Despite its simplicity, ER often outperforms
more sophisticated regularization-based methods, highlight-
ing the importance of memory replay in continual learning.

InCloud [18]. Originally developed for offline continual
LiDAR place recognition, we adapt InCloud to the online
setting. We integrate its structure-aware loss with ER and
use this variant as a baseline in our experiments.

D. Learning Protocols

We propose an OCL protocol where a model is first
trained offline on the KITTI dataset and then continuously
trained online across the remaining datasets. Specifically, we
adopt a 6-step protocol: KITTI — NCLT — HeLiPR —
BotanicGarden — WildPlaces — MARS-LVIG. During the
online training process, each LiDAR scan is processed only
once by the system. Since the data stream arrives sequentially
over time, position information from time ¢ + n cannot be
accessed at time ¢, which imposes a constraint that prevents
offline selection of positive and negative samples.

E. Evaluation Metrics

We use the max F1 score to evaluate the loop closure
detection performance. The F1 score can be expressed as:

Precision x Recall

F1 score = 2 x (18)

Precision + Recall’

The Recall and Precision are calculate by the num-
ber of true positives(/Ntp), false negatives(NVpy), and false
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positives(Ngp), which are:

Nrtp
Recall = ——— (19)
N1p + Npn
Precision — — TP (20)
N1p + Npp

We use average max F1 score (i.e., mF1) to evaluate
the overall performance after finishing training on the last
environment. It can be defined as:

1 T
Fl1 = — F1
m T fz:; Tt

where F1; ; represent the max F1 score on environment j
after the model is trained from environment 1 to ¢. Forgetting
score (i.e., F) to measure the performance of our framework
in OCL. The Forgetting score metric is defined as:

2

T
1
F = max ; {F1;;} — Flp, (22)

FE. Implementation details

For each point cloud, we generate a BEV image of size
200x 200. Following the default settings of BEVPlace++, we
train on KITTI sequence “00”. For online continual learning,
we select K = 3 negatives per query, with a positive radius
7+ = bm and a negative radius 7~ = 10m. By default,
the short-term memory M?® has a maximum size of M =
500, corresponding to k = 250 query-positive pairs. Each
long-term memory unit M} is assigned the same capacity
as M?. Feature refreshing is performed every 200 samples.
The margin ¢ is set to 0.3, and the hardness threshold T4
is set to 0.15. The minimum distance threshold 7.,;, is set
to 0.5m to avoid adding overly similar BEV images into the
memory.

VI. EXPERIMENTAL RESULTS

In this section, we first demonstrate that models trained
in a static setting fail to generalize to unseen environments,
particularly when domain shifts are large, and highlight the
impact of catastrophic forgetting. We then present quanti-
tative results of OCLPlace compared with other baselines
under the OCL protocols. To ensure fair evaluation, we use
negative mining for all the methods. Each method is run five
times independently, and we report the mean and standard
deviation of the results.

A. Limited Generalizability and Catastrophic Forgetting

As shown in Fig. 3, the bottom part presents the perfor-
mance of three methods across all datasets after training
on the final dataset. The source-only represent the pre-
trained model on KITTI dataset, performs poorly across most
datasets. This highlights the limited generalization ability
of models trained in static environments, where the learned
representations are insufficient to cope with large variations
in unseen domains.

Although simple fine-tuning improves the performance on
the most recently trained environment, it often comes at the

~e— Fine-tuning —@— OCLPlace
100

90

max F1 score on KITTI dataset (%)
®
&

3 Source-only [ Fine-tuning 3 OCLPlace

max F1 score on each dataset (%)

KITTI NCLT HeLiPR BotanicGarden Wildplaces MARS-LVIG

Fig. 3. Performance comparison across different continual learning
strategies. Top: Evolution of the max F1 score on the KITTI dataset after
sequential training on multiple environments. Bottom: Max F1 score on six
datasets after training on the final environment.

cost of degrading performance on previously learned do-
mains, such as KITTI and NCLT. This phenomenon indicates
that while fine-tuning enables rapid adaptation to the current
domain, it simultaneously causes catastrophic forgetting of
earlier knowledge, leading to unstable performance across
diverse environments. In contrast, our proposed OCLPlace
maintains stable performance on the KITTI dataset.

B. Quantitative Results under OCL Protocols

Table II reports the quantitative results under different
memory sizes M = {100, 200, 500, 1000}. Across all mem-
ory budgets, OCLPlace consistently achieves the highest
mF1 scores. For instance, when M = 100, OCLPlace
reaches an mF1 of 79.76%, outperforming strong baselines
such as ER (74.91%) and InCloud (76.99%). These results
suggest that our approach remains robust and effective under
varying memory budgets, demonstrating strong scalability
and reliability in leveraging replay memory.

In terms of forgetting (i.e., F), OCLPlace also exhibits
competitive results. Although InCloud achieves slightly
lower forgetting values in some settings, e.g., F = 1.19%
at M = 500, it suffers from a noticeable drop in mF1
compared to our method. In contrast, OCLPlace achieves a
better trade-off, simultaneously maintaining strong resistance
to forgetting and superior overall accuracy. This indicates
that our method effectively preserves past knowledge while
adapting to new domains.

C. Ablation Study

In this section, we conduct ablation studies to evaluate
the impact of each component in the proposed dual-memory
system. Results are summarized in Table III. It can be
seen from Table III that the baseline without dual-memory
components ([a]) performs the worst, with lower mF and
higher forgetting. Incorporating loop-aware mining ([b]) im-
proves performance, and adding memory forgetting on top
([c]) brings further gains. With all three components enabled
([d]), the model achieves the highest mF (83.96%) and the
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TABLE III
ABLATION STUDY FOR DUAL MEMORY

Loop- Memory hardness-

aware Forgetting aware mF1 (%) 1 F (%) |

Mining Consolidation
[a] X X X 81.27 £242 3.06 £ 1.97
[b] Vv X X 82.50 £+ 0.89 3.40 4+ 0.91
[c] v v X 83.05 £ 149 3.02 £ 1.01
[d] vV Vv Vv 83.96 + 1.89 1.67 £ 1.44
le] Vv X V4 83.77 £2.09 2.11 + 1.38
[f] X v v 8226 £ 1.64 275 £ 2.16

lowest forgetting (1.67%), demonstrating their complemen-
tary effects. Removing any component ([e], [f]) degrades
performance, confirming the necessity of the complete dual-
memory design.

VII. CONCLUSIONS

In conclusion, we introduced OCLPlace, the first frame-
work designed for online continual learning in LiDAR
place recognition. By leveraging a dual-memory architecture,
OCLPlace achieved both fast adaptation to new environ-
ments and mitigation of catastrophic forgetting. Extensive
experiments across multiple large-scale datasets validated
its effectiveness and robustness, establishing new baselines
for future research. Future work will focus on extending
OCLPlace to multi-modal settings, improving its scalability
under long-term deployments, and integrating it more tightly
with full SLAM systems for real-world robotic applications.
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