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Semi-Supervised Federated Learning for LiDAR-based 3D Object Detection in
Autonomous Driving

Ricardo Ramautar Ali Burak Ünal Holger Caesar

Abstract

3D object detection is a fundamental perception task for
autonomous driving. However, the generalization of 3D
object detectors remains constrained by the limited geo-
graphical and environmental diversity of available anno-
tated datasets. Although sensor data passively recorded by
privately operated vehicles offer a promising source of di-
verse training data, the absence of object labels, together
with the distributed and privacy-sensitive nature of such
data, makes it difficult to use for training. Semi-supervised
federated learning (SSFL) provides a potential solution by
enabling clients to collaboratively train a shared global
model on their unlabeled data without requiring raw data to
be shared, while leveraging the limited labeled data avail-
able at the server to guide training. Nevertheless, SSFL re-
mains unexplored for LiDAR-based 3D object detection. To
address this gap, we implement labels-at-server SSFL for
LiDAR-based 3D object detection by alternating client-side
self-training with server-side supervised fine-tuning. We
further investigate the impact of data heterogeneity arising
naturally in autonomous-driving settings using controlled
partitions of the nuScenes dataset that isolate location- and
weather-based differences, alongside a more realistic log-
based partition. The results show that the SSFL imple-
mentation successfully exploits unlabeled client data to im-
prove global detection performance. Moreover, despite in-
creased variation in pseudo-label quality and greater diver-
gence between client updates under the non-IID partitions,
global detection performance remains comparable to that
of the corresponding IID configurations. Performance also
remains stable under partial client participation.

1. Introduction
3D object detection is a fundamental perception task for au-
tonomous driving, as it enables the identification and local-
ization of surrounding traffic participants [4, 22]. However,
training such models typically requires large amounts of la-
beled data, which are difficult to obtain as collecting and an-
notating 3D data is expensive and laborious [16, 33, 44]. As

a result, existing autonomous-driving datasets are often lim-
ited to specific locations and driving conditions [5, 9, 31],
which may limit the ability of trained detectors to generalize
across diverse driving domains [34, 37, 39].

This motivates research into alternative learning ap-
proaches for 3D object detection in autonomous driving.
While semi-supervised learning (SSL) [25, 33, 40] and un-
supervised learning [16, 36] can reduce the annotation bur-
den by enabling models to learn from unlabeled data, the
challenge of obtaining sufficiently diverse driving data re-
mains. In contrast to dedicated data collection campaigns,
privately operated vehicles already traverse a wide variety
of locations and encounter diverse weather conditions and
driving scenarios as part of regular use. Sensor data col-
lected from privately operated vehicles therefore present a
promising source of varied training data that may help im-
prove the generalization of 3D object detectors [1, 6, 24].

However, the large volume and privacy-sensitive nature
of vehicle sensor data make it difficult to gather such dis-
tributed data on a central server, particularly given strict
data protection regulations such as GDPR [6, 24]. Although
federated learning (FL) enables distributed clients to col-
laboratively train a global model without requiring raw data
to be shared [23], the absence of annotations in client data
poses a challenge [29]. Labels-at-server semi-supervised
federated learning (SSFL) addresses this limitation by en-
abling clients to train on their unlabeled data while using
limited labeled data at the server to guide training [8, 29].
SSFL therefore provides a natural framework for leveraging
the distributed, unlabeled sensor data collected by privately
operated vehicles for training 3D object detectors.

Although labels-at-server SSFL has been investigated for
image classification [10, 15, 35, 42] and, more recently, 2D
object detection [14, 30], its applicability to LiDAR-based
3D object detection remains unexplored. Consequently, it
is unclear how labels-at-server SSFL behaves in this set-
ting, particularly under heterogeneous client data arising
from differences in driving environment. Data heterogene-
ity is a well-established challenge in FL, as differences be-
tween client data distributions can cause client drift, lead-
ing to slower convergence and degraded global model per-
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formance [13, 35, 47]. The effects of such heterogeneity
may be exacerbated in labels-at-server SSFL, as the global
model used to generate pseudo-labels may generalize dif-
ferently across clients, causing differences in pseudo-label
error characteristics that can increase both divergence be-
tween client updates and confirmation bias [41, 45]. In
autonomous-driving applications, such heterogeneity may
arise naturally as vehicles operate in different locations and
weather conditions [6, 37, 39]. While prior work on 2D
object detection has shown that weather-based distribution
shifts can adversely affect SSFL [14], it remains unclear
whether location- and weather-based differences in LiDAR
data have a similar effect on SSFL for 3D object detection.

This paper therefore investigates SSFL for LiDAR-
based 3D object detection in a labels-at-server autonomous-
driving setting, where the server has access to a limited la-
beled dataset and clients hold only unlabeled driving data.
Specifically, we adopt the alternate training strategy in-
troduced in SemiFL [8], which alternates client-side self-
training on pseudo-labels generated by the global model
with server-side supervised fine-tuning of the aggregated
model. To investigate how data heterogeneity encountered
in real-world driving affects SSFL performance, the result-
ing framework is evaluated under non-IID data partitions
representing location- and weather-based heterogeneity, as
well as a more realistic log-based partition combining dif-
ferences in location, weather distribution, time of day, and
client data volume. These client data partitions are con-
structed from the nuScenes dataset [5], and experiments are
conducted using a LiDAR-only variant of the Cross Modal
Transformer (CMT) [38].

Our contributions can be summarized as follows:
• We implement a labels-at-server SSFL framework for

LiDAR-based 3D object detection, enabling a detector to
learn from unlabeled client-side driving data while only a
limited amount of labeled data is available at the server.

• We evaluate the impact of naturally occurring data hetero-
geneity on SSFL performance under controlled location-
and weather-based partitions, as well as a more realistic
log-based setting, in which we additionally assess robust-
ness to partial client participation.

• We further investigate the client-level effects of the con-
trolled non-IID partitions by analyzing inter-client update
divergence and pseudo-label quality across clients.

2. Related Work

2.1. Semi-Supervised 3D Object Detection

Many semi-supervised 3D object detection (SS3DOD)
methods adopt a teacher-student framework [19, 25, 33,
40, 44]. As illustrated in Figure 1, this setup comprises
two network branches—a teacher and a student—that gen-
erally share the same architecture. Here, teacher predic-
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Figure 1. Generalized schematic of the self-training branch of the
teacher-student framework commonly adopted in SS3DOD.

tions generated from a weakly augmented view of the in-
put point cloud are used to supervise the student, which is
trained on a more strongly augmented view of the same in-
put. This asymmetric augmentation helps preserve pseudo-
label quality while encouraging the student to learn predic-
tions that are robust to input perturbations [28, 33]. Ad-
ditionally, labeled samples are typically included in each
batch to stabilize self-training and reduce confirmation bias
[2, 19, 25, 33, 44]. The supervised and unsupervised losses
are then combined to update the student model. More-
over, rather than remaining fixed, the teacher in SS3DOD
methods is often updated as an exponential moving average
(EMA) of the student following the Mean Teacher paradigm
[32], allowing it to improve alongside the student in a more
stable manner.

Nevertheless, the effectiveness of the teacher-student
framework is strongly influenced by the quality of the
pseudo-labels generated by the teacher model. Conse-
quently, prior work on SS3DOD has proposed strategies
to filter or refine teacher predictions used for student su-
pervision. These include methods for filtering low-quality
teacher predictions based on class confidence and estimated
localization quality [33], cross-modal agreement [25], and
adaptive thresholding [19], as well as pseudo-label refine-
ment through spatial-temporal ensembling [40].

2.2. Labels-at-Server SSFL
Extending SS3DOD to FL is attractive for autonomous-
driving applications, as it enables unlabeled sensor data col-
lected by vehicles to be used to improve the detector with-
out sharing raw data. However, centralized SSL methods
typically train on batches containing both labeled and un-
labeled samples, jointly optimizing supervised and unsu-
pervised losses to reduce confirmation bias and improve
pseudo-label quality [2, 19, 25, 33, 44]. The separation of
labeled server data and unlabeled client data in the labels-
at-server SSFL setting therefore makes it difficult to directly
apply centralized SSL methods [8, 12, 15, 29]. Some meth-
ods address this separation by training the server model and
client models in parallel before aggregating their parame-
ters at the end of each communication round [42, 43]. Here,
the server model is trained on the labeled data, while clients
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Figure 2. Overview of the implemented labels-at-server SSFL framework. In each communication round, (1) the server broadcasts the
global model to the selected clients, which (2) perform self-training on their local unlabeled data and (3) return the resulting local models.
(4) The server aggregates these models using FedAvg and (5) subsequently performs supervised fine-tuning on its labeled data to obtain the
global model for the next round. Subfigure (a) illustrates this overall procedure, while subfigure (b) details the client-side self-training and
server-side supervised fine-tuning procedures, with the snowflake and flame symbols denoting frozen and trainable parameters, respectively.

generate pseudo-labels using their evolving local models.
Nevertheless, because the supervised server model is ag-
gregated together with client models trained on imperfect
pseudo-labels, the resulting global model is not directly
optimized on labeled data and may be adversely affected
by client updates [8]. Accordingly, labels-at-server SSFL
methods commonly alternate client-side self-training with
supervised fine-tuning of the aggregated model on labeled
server data, thereby providing supervised correction before
the next client-training phase [8, 14, 20, 21, 45].

Beyond this separation of labeled and unlabeled data,
non-IID distributions across clients pose an additional chal-
lenge for labels-at-server SSFL [29, 35, 41, 45]. Part of this
challenge is shared with supervised FL, where differences
between local data distributions can cause client updates to
drift in different directions, slowing global convergence and
potentially degrading learning performance [13, 47]. Partial
client participation can further compound these effects, as
the global model is constantly skewed towards the data dis-
tribution of the participating clients in each round [11, 18].
In labels-at-server SSFL, however, the effects of hetero-
geneity extend beyond federated optimization because the
global model also guides client-side self-training. In par-
ticular, under heterogeneous client distributions, the global
model may generalize differently across clients, resulting in
different pseudo-label error characteristics that can increase
divergence between client updates. Furthermore, when the
global model generalizes poorly to a particular client’s data,
the resulting pseudo-labels may be less reliable, increas-
ing confirmation bias [35, 41, 45]. Existing SSFL methods

address such heterogeneity through joint local and global
pseudo-labeling [45], grouping- and frequency-based aver-
aging [42, 43], and regularization to facilitate knowledge
transfer between clients [35].

Although the effects of non-IID data in FL [3, 7, 13]
and SSFL [35, 42, 43, 45] have been studied extensively in
image-classification settings with label skew, the influence
of statistical heterogeneity in vehicle sensor data on semi-
supervised federated object detection has received limited
attention, with existing work focusing on 2D detection
[14, 30]. To the best of our knowledge, no prior work has
investigated the impact of naturally occurring heterogene-
ity in point-cloud data collected by vehicles on SSFL. Con-
sequently, it remains unclear how such heterogeneity af-
fects labels-at-server SSFL performance for LiDAR-based
3D object detection.

3. Method

3.1. Problem Formulation
We consider the labels-at-server SSFL setting for LiDAR-
based 3D object detection. The system comprises K clients
indexed by k ∈ {1, . . . ,K} and a central server. The
server holds a labeled dataset Dl

s = {(xi,yi)}Ns
i=1 con-

taining Ns samples, where xi denotes an input point cloud
and yi = {(bj

i , q
j
i )}

Gi
j=1 denotes its ground-truth annota-

tions, comprising bounding box parameters bj
i and seman-

tic class labels qji for Gi objects. By contrast, each client
k holds a private unlabeled dataset Du

k = {xi}Nk
i=1 of size

Nk. The objective is therefore to learn weights θs for a
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global detector fθs by jointly exploiting the limited labeled
data Dl

s available at the server and the distributed unlabeled
datasets {Du

k}Kk=1 across multiple communication rounds
t ∈ {1, . . . , T}.

3.2. Alternate Training Strategy
To exploit both the limited labeled data available at the
server and the private unlabeled data held by clients, we
adopt the alternate training strategy introduced in SemiFL
[8]. The overall training procedure, illustrated in Figure 2a,
comprises five main steps repeated in each communication
round. (1) At the start of round t, the central server ran-
domly selects a subset St of m clients and broadcasts the
current global model parameters θts to them. (2) Each par-
ticipating client k ∈ St then performs self-training on its
local unlabeled dataset Du

k . Following SemiFL, each client
trains a local copy θtk of the received global model parame-
ters θts using pseudo-labels generated by the global model.

(3) After local self-training, the resulting client model
parameters θtk are returned to the server. (4) These model
parameters are then aggregated using Federated Averaging
(FedAvg) [23]:

θtagg =
∑︂
k∈St

Nk

N
θtk, (1)

where N =
∑︁

k∈St Nk denotes the total number of unla-
beled samples held by the participating clients. (5) Finally,
the server fine-tunes the aggregated model θtagg on its la-
beled datasetDl

s to obtain the updated global model param-
eters θt+1

s for the next communication round.

3.3. SSFL for 3D Object Detection
Client-side training follows the teacher-student paradigm
commonly used in SS3DOD [33, 44]. As illustrated in Fig-
ure 2b, the received global model with parameters θts acts as
the teacher, while the local model with parameters θtk, ini-
tialized with θts, acts as the student. Specifically, the global
model is used to generate predictions ỹi for each unlabeled
point cloud xi ∈ Du

k :

ỹi = fθt
s

(︁
xi

)︁
=

{︁
(bj

i , q
j
i , s

j
i )
}︁Mi

j=1
, (2)

where bj
i , qji , and sji denote the predicted bounding box

parameters, semantic class label, and confidence score, re-
spectively, for prediction j ∈ {1, . . . ,Mi}. Predictions
whose confidence scores are lower than a globally defined
threshold τ are discarded to obtain the pseudo-label set:

ŷi =
{︁
(bj

i , q
j
i ) | j ∈ {1, . . . ,Mi} ∧ sji ≥ τ

}︁
. (3)

During local training, strong augmentation is applied to
the resulting pseudo-labeled samples using stochastic trans-
formations A, including flipping, translation, and rotation:

(x̄i, ȳi) = A(xi, ŷi). (4)

Algorithm 1: Labels-at-Server SSFL
Input: K clients; m participating clients; batch size

B; E epochs; T communication rounds;
confidence threshold τ ; client/server learning
rates ηc and ηs; initial model θ0

Server Executes:
θ1s ← PreTrain(θ0,Dl

s);
foreach round t = 1, . . . , T do
St ← (random set of m clients);
foreach client k ∈ St in parallel do

θtk ← ClientSelfTrain(θts, k);

θtagg ← FedAvg ({(θtk, Nk)}k∈St);
θt+1
s ← ServerFineTune(θtagg,Dl

s);

ServerFineTune(θ,Dl
s):

B ← (split Dl
s into batches of size B);

foreach epoch e = 1, . . . , E do
for batch (x,y) ∈ B do
Ll
s ← ℓdet

(︁
fθ(x),y

)︁
;

θ ← θ − ηs∇θLl
s;

return θ;

ClientSelfTrain(θ, k): // Run on client k
initialize D̂u

k ← ∅;
initialize θk ← θ;

// Generate pseudo-labels;
foreach point cloud xi ∈ Du

k do
ỹi ← fθ(xi) = {(bj

i , q
j
i , s

j
i )}

Mi
j=1;

ŷi ← {(bj
i , q

j
i ) | j ∈ {1, . . . ,Mi}∧sji ≥ τ};

D̂u
k ← D̂u

k ∪ {(xi, ŷi)};

// Self-training on pseudo-labels;
B ← (split D̂u

k into batches of size B);
foreach local epoch e = 1, . . . , E do

for batch (x, ŷ) ∈ B do
(x̄, ȳ)← A(x, ŷ);
Lu
k ← ℓdet

(︁
fθk(x̄), ȳ

)︁
;

θk ← θk − ηc∇θkLu
k ;

return θk to server;

The local model parameters θtk are then updated by mini-
mizing the unsupervised objective over these samples:

Lu
k(θ) =

1

Nk

Nk∑︂
i=1

ℓdet
(︁
fθ(x̄i), ȳi

)︁
, (5)

where ℓdet denotes the standard CMT detection loss [38].
Following aggregation of the client model parameters,

the server fine-tunes the aggregated model θtagg on its la-
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beled dataset Dl
s by minimizing the supervised objective

Ll
s(θ) =

1

Ns

Ns∑︂
i=1

ℓdet
(︁
fθ(xi),yi

)︁
, (6)

to yield the updated global model parameters θt+1
s . Al-

gorithm 1 summarizes the complete labels-at-server SSFL
training procedure described above.

4. Experiments
4.1. Experimental Setup
Data Setup. To evaluate the implemented SSFL frame-
work for LiDAR-based 3D object detection, we conduct
experiments using the nuScenes dataset [5]. In addition to
providing annotated LiDAR point clouds for 3D object de-
tection, nuScenes contains driving data collected across dif-
ferent locations and weather conditions, making it suitable
for constructing client distributions with naturally occurring
environmental heterogeneity. Specifically, we construct
two controlled training setups to investigate the impact of
location- and weather-based heterogeneity on SSFL. For
the location-based setup, we randomly sample 226 train-
ing scenes from Boston and 226 scenes from Singapore,
all recorded during daytime under clear weather conditions
to isolate differences arising from location. Similarly, for
the weather-based setup, we randomly sample 125 train-
ing scenes recorded under clear weather conditions and 125
scenes recorded under rainy conditions. To isolate differ-
ences in weather, we only include daytime scenes recorded
in Boston. For each setup, separate 2% and 5% labeled con-
figurations are constructed by randomly selecting the corre-
sponding fraction of scenes as labeled, with the remaining
scenes treated as unlabeled training data. Corresponding
validation sets are constructed from the nuScenes validation
split using the same selection criteria as the training subsets.

For centralized SSL, the model is trained directly on
these training subsets, whereas for SSFL, the training
scenes are further divided among the server and clients.
Specifically, for each controlled setup, the labeled portion
is assigned to the server, while the unlabeled portion is
distributed across K = 2 clients. For the location-based
setup, the non-IID partition assigns data from Boston and
Singapore to separate clients, whereas the IID partition dis-
tributes scenes from both locations evenly across the two
clients. Likewise, in the weather-based setup, the non-IID
partition assigns clear and rainy scenes to separate clients,
while the IID partition distributes both weather conditions
evenly across the two clients.

In addition to these two controlled setups, we construct
a log-based data setup intended to more closely reflect how
driving data would be distributed across vehicles in a real-
world federated setting. Here, the nuScenes training set is

partitioned at the log level, with each log representing a con-
tinuous driving sequence. Labeled subsets containing 2%
and 5% of the training data are constructed by manually se-
lecting logs such that each resulting subset approximately
preserves the overall distribution of location, weather, and
time of day (i.e., daytime and nighttime). The remaining
logs are treated as unlabeled training data. For SSFL, the
non-IID setup randomly distributes the unlabeled training
logs across K = 16 clients, with eight clients receiving
only data from Boston and the remaining eight receiving
only data from Singapore. This partition therefore captures
heterogeneity in location, weather conditions, and time of
day across clients, as well as variations in client dataset size
resulting from differences in log sizes. By contrast, for the
corresponding IID setup, we distribute the unlabeled train-
ing data across clients at the scene level, while ensuring that
each client receives the same number of scenes for each lo-
cation, weather condition, and time of day. We evaluate the
log-based setup on the standard nuScenes validation set.

Training Configuration. We adopt the LiDAR-only con-
figuration of CMT [38] as the detector in all experiments.
For each data setup, separate models are pretrained on the
corresponding 2% and 5% labeled subsets following CMT’s
supervised training procedure. Specifically, we pretrain for
200 epochs in all configurations, except for the 5% log-
based setup, which is pretrained for 100 epochs due to its
larger labeled subset. The resulting model weights are used
to initialize the SSL and SSFL experiments. For SSFL, we
follow the framework described in Section 3, while for cen-
tralized SSL, we adopt the teacher-student framework de-
scribed in Section 2.1, using the same augmentation and
pseudo-label filtering strategies as in the SSFL setup.

Starting from the pretrained weights, the SSL and SSFL
experiments are run for 20 epochs and communication
rounds, respectively. In SSFL, participating clients train for
one epoch on their unlabeled data, after which the aggre-
gated model undergoes one epoch of server-side supervised
fine-tuning. As in CMT [38], we use the AdamW optimizer
throughout training. For both SSL and SSFL, the initial
learning rate is set to 5 × 10−5 and reduced by a factor of
0.1 every five epochs and communication rounds, respec-
tively. During server-side fine-tuning in SSFL, however,
the learning rate is additionally scaled by a factor of 1.5.
Both methods use a batch size of eight. In SSL, each batch
comprises two labeled samples and six unlabeled samples,
the unsupervised loss is weighted by a factor of four, and
the teacher is updated with an EMA decay of 0.99995. In
both methods, teacher predictions are filtered using a con-
fidence threshold of τ = 0.4. This threshold was selected
empirically, as it performed best across the evaluated setups.
The experiments in Table 1 are conducted under full client
participation, whereas Table 3 reports results under varying
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Table 1. Validation mAP across the three data setups with 2% and 5% of the training data labeled, for supervised training on the labeled
subset, centralized SSL, and SSFL with IID and non-IID client partitions.

Data Setup Weather-based Location-based Log-based

Labeled Fraction 2% 5% 2% 5% 2% 5%

Supervised 17.45 34.28 28.71 41.71 30.91 42.65
Centralized SSL 20.47± 0.14 38.44± 0.13 31.80± 0.17 45.18± 0.10 34.84± 0.02 45.25± 0.21
SSFL (IID) 20.42± 0.08 38.19± 0.23 31.62± 0.29 44.76± 0.15 33.63± 0.17 44.24± 0.03
SSFL (Non-IID) 20.36± 0.09 38.38± 0.09 31.59± 0.15 44.72± 0.10 33.59± 0.22 44.47± 0.14
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Figure 3. Qualitative comparison of 3D object detection results on a nuScenes validation sample in bird’s-eye view (BEV) following
training on the log-based setup with 5% labeled data. The models are obtained through supervised training on the labeled subset, centralized
SSL, and IID SSFL. Ground-truth boxes are shown in blue, and predicted boxes with a confidence score of at least 0.4 are shown in red.
The BEV is cropped to exclude empty scene regions.

participation fractions. Detection performance is reported
using the standard nuScenes mean average precision (mAP)
[5]. For SSL and SSFL, validation mAP is averaged over
three runs with different random seeds after each epoch and
communication round, respectively, and the highest of these
mean mAP values is reported with its corresponding stan-
dard deviation.

4.2. Comparison with Centralized SSL
Table 1 compares the validation performance of the super-
vised baseline trained only on the labeled subset, central-
ized SSL, and SSFL across the three data setups with 2%
and 5% labeled data. In all experiments, SSL and SSFL
improve upon the corresponding supervised baseline, show-
ing that both approaches are able to exploit unlabeled data
to improve detection performance. This performance im-
provement is also illustrated in Figure 3, which compares
the detection results of these training strategies for a single
validation sample. In this example, both centralized SSL

and IID SSFL recover several objects that are missed by
the supervised baseline. While SSFL achieves performance
close to centralized SSL in the weather- and location-based
setups with both 2% and 5% labeled data, the results in Ta-
ble 1 show a larger gap in the log-based setup, where cen-
tralized SSL outperforms IID SSFL by 1.21 mAP with 2%
labeled data and 1.01 mAP with 5% labeled data.

4.3. Impact of Data Heterogeneity
To assess the impact of client data heterogeneity, we com-
pare SSFL performance under the IID and non-IID client
partitions in Table 1. Across all data setups, the IID and
non-IID configurations achieve similar performance with
both 2% and 5% labeled data, differing by at most 0.23
mAP. Moreover, the IID partitions do not show a con-
sistent performance advantage over their non-IID counter-
parts. These results therefore indicate that the considered
non-IID data partitions have little effect on global detection
performance under full client participation.
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Table 2. Relative increase in mean inter-client divergence under non-IID partitioning relative to IID partitioning across detector components
in the location- and weather-based setups with 5% labeled data.

Encoder Backbone Neck Head
Location-based 15.8% 14.9% 21.7% 40.9%
Weather-based 9.6% 11.6% 19.1% 24.5%
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Figure 4. Pseudo-label precision and recall across communication rounds for the IID and non-IID location- and weather-based data setups
with 5% labeled data.

This raises the question of whether the environmental
differences used to construct the non-IID partitions actu-
ally affect client updates. To investigate this, we com-
pare the divergence between client updates in the IID and
non-IID configurations for each detector component in the
controlled setups with 5% labeled data. Specifically, inter-
client divergence is measured as

dt =
∥∆t

1 −∆t
2∥2

(∥∆t
1∥2 + ∥∆t

2∥2)/2
, (7)

with ∆t
k = θtk−θts denoting the parameter update produced

by client k in communication round t. Table 2 reports the
relative increase in mean inter-client divergence under non-
IID partitioning relative to IID partitioning, averaged across

communication rounds. As shown, the mean inter-client di-
vergence is higher under non-IID partitioning for every de-
tector component in both data setups, with relative increases
ranging from 14.9% to 40.9% for the location-based setup
and from 9.6% to 24.5% for the weather-based setup. Im-
portantly, the non-IID configurations exhibit greater inter-
client divergence in every communication round. This pat-
tern is consistent with the behavior commonly observed
under non-IID FL, where heterogeneous client distribu-
tions cause local updates to move in different directions
[13, 17, 46, 47]. Together, these results show that the envi-
ronmental differences captured by the constructed non-IID
partitions do affect client updates, despite their limited ef-
fect on global detection performance.
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4.4. Pseudo-Label Quality
We further evaluate the quality of the pseudo-labels gener-
ated by the global model on each client’s local data to in-
vestigate whether the global model generalizes differently
across the non-IID client distributions. Figure 4 compares
the precision and recall of client pseudo-labels under the IID
and non-IID location- and weather-based data partitions for
the 5% labeled-data setting. Here, true and false positives
are defined using the nuScenes detection matching criterion
[5] with a center-distance threshold of 0.5 m.

Although some variation is observed between the IID
clients, their pseudo-label precision and recall remain rel-
atively similar. In contrast, substantially larger differences
emerge when the data are partitioned according to loca-
tion or weather condition. For instance, in the weather-
based setup, pseudo-labels generated on rainy data consis-
tently exhibit lower precision and recall than those gener-
ated on clear-weather data (Figures 4b and 4d). For the
location-based setup, pseudo-labels generated on Singa-
pore data achieve higher precision, whereas those gener-
ated on Boston data achieve higher recall (Figures 4a and
4c). These results therefore show that the global model
indeed generalizes differently across the constructed non-
IID client distributions, leading to variation in pseudo-label
quality across clients. Although prior SSFL work suggests
that such variation in pseudo-label quality can adversely af-
fect learning performance [41, 45], we do not observe such
degradation of global detection performance in our experi-
ments under full client participation.

4.5. Impact of Partial Client Participation
Table 3 evaluates the impact of varying the client participa-
tion fraction in the non-IID log-based setup with 2% and 5%
labeled data. Varying the number of participating clients per
round from 16 to 3 results in only small fluctuations in per-
formance with no clear relationship between client partic-
ipation and global model performance. Although the low-
est performance is observed with the minimum participation
level of 3 clients, the differences compared with full partici-
pation are marginal at 0.27 and 0.31 mAP for 2% and 5% la-
beled data, respectively. Overall, these results indicate that
SSFL performance is relatively insensitive to partial client
participation within the considered range and data setup.

5. Discussion

The experimental results demonstrate that labels-at-server
SSFL can successfully exploit distributed unlabeled vehi-
cle sensor data to improve LiDAR-based 3D object detec-
tion. Overall, centralized SSL achieves higher mean per-
formance than SSFL, although the differences are small in
the controlled data setups and more pronounced in the log-
based setup. This trend is consistent with an advantage of

Table 3. Validation mAP for different client participation fractions
in the non-IID log-based setup with 2% and 5% labeled data.

Participation Validation mAP
Fraction 2% labeled 5% labeled
16/16 33.59± 0.22 44.47± 0.14

13/16 33.70± 0.11 44.30± 0.12

10/16 33.81± 0.15 44.39± 0.04

6/16 33.66± 0.07 44.42± 0.12

3/16 33.32± 0.10 44.16± 0.14

centralized SSL, where labeled and unlabeled data can be
jointly exploited during training, whereas SSFL separates
client-side self-training on unlabeled data from server-side
supervised fine-tuning on labeled data [8].

Interestingly, despite increased variation in pseudo-label
quality across clients and greater divergence between client
updates observed under the controlled non-IID partitions,
global detection performance remains comparable to the
corresponding IID configurations. Moreover, although par-
tial client participation can exacerbate the effects of data
heterogeneity [11, 18], we do not observe a consistent
degradation in performance as client participation is re-
duced. One possible explanation for these findings is that
the environmental heterogeneity considered in our data se-
tups may not induce sufficiently large differences between
client updates to degrade global performance. Prior work
on FL and SSFL commonly simulates non-IID data through
artificial label skew across clients [3, 13, 35, 42], which may
induce stronger disagreement between local learning objec-
tives than the heterogeneity considered here.

5.1. Limitations
These findings should, however, be interpreted in light of
several limitations. First, all experiments are conducted on
data from nuScenes, which has limited geographical and en-
vironmental diversity. The location heterogeneity captured
in our location- and log-based setups is therefore restricted
to differences between Boston and Singapore, which may
limit the generalizability of the experimental results to other
geographical regions. Similarly, the weather conditions rep-
resented in our experiments are limited to clear weather and
mild rain, while other adverse conditions relevant to au-
tonomous driving, such as snow, fog, and heavy rain, are
not represented. Moreover, our work does not cover het-
erogeneity arising from differences in sensor configurations
across clients, such as variations in LiDAR resolution, field
of view, sensing range, and sensor placement. Further eval-
uation on data covering a broader range of locations and
weather conditions, as well as greater variation in LiDAR
configurations across clients, is therefore warranted to as-
sess the generalizability of our findings.
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Another limitation is that this work only evaluates
the alternate training strategy introduced in SemiFL [8].
Other labels-at-server SSFL methods adopt different train-
ing mechanisms and may therefore behave differently un-
der heterogeneous client data. Furthermore, all experiments
are conducted using a single detector, namely the LiDAR-
only configuration of CMT. Since prior work has shown
that model architecture can influence robustness to hetero-
geneous data in FL [26, 27], alternative 3D object detec-
tion architectures may respond differently to the data het-
erogeneity considered in this work.

6. Conclusion
In this paper, we investigated labels-at-server semi-
supervised federated learning for LiDAR-based 3D object
detection in autonomous driving using the alternate training
strategy introduced in SemiFL [8]. To investigate the im-
pact of naturally occurring environmental heterogeneity in
autonomous-driving settings, we evaluated the framework
under controlled location- and weather-based data partitions
alongside a more realistic log-based setup. The results show
that SSFL can successfully exploit unlabeled client data to
improve detection performance, demonstrating its potential
for learning from distributed sensor data collected by pri-
vately operated vehicles. Overall, the implemented SSFL
framework achieves performance close to centralized SSL
in the controlled location- and weather-based setups, while
a larger performance gap is observed in the log-based setup.

Furthermore, across the evaluated non-IID partitions,
global detection performance remains comparable to the
corresponding IID configurations. Performance in the log-
based setup also varies only marginally across the evalu-
ated client participation fractions. Together, these findings
suggest that the considered forms of naturally occurring en-
vironmental heterogeneity have little effect on global de-
tection performance. However, the scope of these findings
is limited to the geographical and environmental diversity
in nuScenes and the assumption of homogeneous LiDAR
configurations across clients. Future work should therefore
investigate whether these findings generalize to broader ge-
ographical and environmental conditions, as well as to het-
erogeneous LiDAR setups.
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Hampson, and Blaise Agüera y Arcas. Communication-
efficient learning of deep networks from decentralized data.
In Proceedings of the 20th International Conference on Ar-
tificial Intelligence and Statistics, AISTATS 2017, 2017. 1,
4

[24] Christian Neumeyer, Mario Bijelic, and Dariu M. Gavrila.
Learning to predict motion from raw 3D object detections.
In IEEE Intelligent Vehicles Symposium, Proceedings, pages
1241–1247. Institute of Electrical and Electronics Engineers
Inc., 2022. 1

[25] Jinhyung Park, Chenfeng Xu, Yiyang Zhou, Masayoshi
Tomizuka, and Wei Zhan. DetMatch: Two teachers are better
than one for joint 2D and 3D semi-supervised object detec-
tion. In Computer Vision – ECCV 2022, 2022. 1, 2

[26] Sara Pieri, Jose Restom, Samuel Horváth, and Hisham
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