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Abstract

Multi-modal 3D object detectors achieve state-of-the-art
performance but remain notoriously brittle to asymmetric
sensor degradation, such as when LiDAR point clouds be-
come sparse in new environments. In this paper, we in-
vestigate unsupervised cross-modal adaptation to rescue a
degraded sensor using an unaffected reference modality,
without requiring target-domain labels. Using UniBEV on
the nuScenes dataset, we simulate severe degradation by
reducing LiDAR resolution from 32 to 8 beams. We sys-
tematically compare two leading adaptation paradigms an-
chored by the reliable camera stream: output-level camera
pseudo-labeling and feature-level cross-modal mapping via
a Bird’s-Eye-View (BEV) Attention U-Net. Our experiments
reveal a compelling insight: while feature mapping success-
fully aligns coarse spatial structures (improving LiDAR-
only mAP by 5.6%), it fails to preserve fine-grained lo-
calization metrics. In contrast, simple confidence-filtered
pseudo-labeling provides a significantly stronger recovery,
yielding a 13.1% mAP improvement. Ultimately, our find-
ings suggest that basic feature-level alignment may be in-
sufficient to restore fine-grained 3D detection under severe
spatial degradation, indicating that direct output-level su-
pervision can be a more effective and reliable strategy for
cross-modal adaptation in this regime.

1. Introduction

As AV systems are deployed across the world in diverse
environments, they face significant challenges in maintain-
ing robust perception due to distribution shifts in sensor
data [24]. These shifts arise from changes in weather, light-
ing, road infrastructure, and sensor configurations, leading
to performance degradation of perception models when de-
ployed in new domains [15, 17, 24]. Collecting and anno-
tating new data for every deployment location is impracti-
cal, necessitating methods that can adapt existing models
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Figure 1. Overview of our CM-FKD framework. We address
the challenge of cross-modal degradation by leveraging a robust
camera modality as an anchor. (Top) In the source domain, we
learn a mapping function from camera to LiDAR Bird’s-Eye-View
(BEV) features. (Bottom) During adaptation, the frozen camera
encoder and mapping function generate ”Pseudo-LiDAR” features
from the target domain images. These serve as a stable supervisory
signal to align and adapt the degraded LiDAR encoder without re-
quiring target labels. Fire indicates trainable and snowflake indi-
cates frozen parameters

to new domains without requiring extensive labeled target-
domain data. Especially when one realizes that to train an
AV system from scratch requires millions of labeled data
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points [1, 4], which is infeasible to repeat for every new
domain.

Specifically, in multi-modal systems, sensor modalities
frequently demonstrate asymmetric failure modes. LiDAR
degrades heavily under motion-level corruption and ad-
verse weather, while cameras maintain more stable perfor-
mance across these same shifts [10, 15, 32]. This asymme-
try presents a unique opportunity: when one modality de-
grades, we can leverage the unaffected modality as a stable
anchor for cross-modal knowledge transfer, recovering the
degraded sensor’s performance without manual annotation.

LiDAR degradation is particularly critical to address, as
its output is weighted more heavily in the fusion process and
its failure can lead to severe performance drops compared
to camera failing [11, 19, 27]. When degrading the resolu-
tion of the sensors in a camera and LiDAR system, the Li-
DAR’s performance drops significantly more than the cam-
era’s, creating a clear asymmetric degradation scenario [32].

This observation motivates our focused study of asym-
metric sensor degradation: a regime where one modality
remains relatively robust while another severely degrades
in a new domain. In our case, we simulate this by reducing
LiDAR resolution from 32 beams to 8 beams, while keep-
ing the camera modality intact. This setup allows us to sys-
tematically investigate how to best leverage the robust cam-
era stream to recover the degraded LiDAR’s performance
through unsupervised cross-modal adaptation.

Standard unsupervised domain adaptation (UDA) meth-
ods typically assume uniform domain shift across all in-
puts or focus solely on mono-modal adaptation [28, 30, 31].
Even multi-modal UDA approaches primarily rely on using
the unaffected modality only during source domain train-
ing [6, 20]. Existing literature overlooks the compelling
possibility of actively using the unaffected modality to su-
pervise the degraded one dynamically during target domain
adaptation.

To address this gap, we design a methodology to sys-
tematically compare two paradigms of cross-modal adap-
tation under asymmetric degradation: standard output-level
pseudo-labeling and our proposed framework, Cross-Modal
Feature-Level Knowledge Distillation (CM-FKD). Unlike
standard UDA, our approach translates the robust camera
signal into the degraded LiDAR’s native feature space to
provide dense, structural supervision.

Our CM-FKD framework utilizes an explicit two-phase
mapping logic:
1. C.M.F.M. Learning (Source Domain): We train an At-

tention U-Net to reconstruct full high-fidelity LiDAR
BEV features (e.g., 32-beam) directly from camera fea-
tures. This network learns the complex cross-modal re-
lationship where labels and clean data are abundant.

2. Knowledge Distillation (Target Domain): We freeze
the mapper and generate ”Pseudo-LiDAR” features from

target domain images. These clean features serve as a
stable supervisory signal to guide the degraded LiDAR
encoder (e.g., 8-beam), requiring zero target labels.
An overview of CM-FKD is illustrated in Fig. 1 and de-

tailed in Sec. 3.
Fundamentally, this thesis investigates the core research

question: Under asymmetric sensor degradation and un-
labeled domain shift, when does feature-level mapping
outperform simple output-level pseudo-labeling? We in-
vestigate this through three specific sub-questions:
1. What is the baseline degradation when one modality is

compromised without any adaptation?
2. Which strategy gives the best recovery: no adaptation,

pseudo-labeling or cross-modal feature mapping?
3. Can feature-level distillation using reconstructed fea-

tures improve the degraded encoder’s performance in the
target domain?
By employing PCA and variance analysis to interpret

the feature representations, we observe that while our fea-
ture mapper successfully aligns overarching coarse struc-
tural patterns between modalities, it struggles to recover
fine-grained spatial acuity. Consequently, we demonstrate
that direct output-level pseudo-labeling remains ultimately
more effective for recovering strict detection metrics like
mAP (13.1% vs 5.6%), despite the theoretical appeal of
dense feature distillation.

2. Related Work
2.1. AV Datasets
Domain adaptation research relies heavily on creating re-
producible domain shifts. Most often, common AV datasets
are used to test for domain adaptation. Either by splitting
existing datasets into different domains based on the do-
main gap (nuScenes into day/night or Boston/Singapore) or
by using different datasets as source and target (e.g., KITTI
to nuScenes) as shown used by [6, 18, 20, 23]. The domain
adaptation is then evaluated based on the performance drop
when testing on the target domain without adaptation.

The most common AV datasets for 3D Object De-
tection include KITTI [3], nuScenes [4], Waymo Open
Dataset [25]. These datasets provide a variety of sensor
data, including LiDAR, camera, and radar, across different
geographic locations and environmental conditions. They
have been widely used for training and evaluating 3D ob-
ject detection models, as well as for studying domain adap-
tation. However, they often contain multiple domain shifts
at once, making it difficult to isolate specific factors con-
tributing to performance degradation.

In terms of sensor degradation, there is no pre-defined
dataset that simulates sensor degradation in a controlled
manner. Therefore, researchers often simulate degradation
by modifying the existing datasets, such as reducing the res-
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olution of LiDAR point clouds or camera images, adding
noise, or simulating adverse weather conditions. This al-
lows for testing the robustness of models under specific
types of sensor degradation and evaluating the effectiveness
of domain adaptation techniques in mitigating performance
drops [10, 15, 16, 33].

2.2. Multi-Modal 3D Object Detection
3D Object Detection in Autonomous Vehicle (AV) systems
is a critical task that involves classifying and localizing ob-
jects in 3D space using sensor data. The goal is to enable
AVs to understand their surroundings and make informed
decisions for safe navigation. Uni-modal models only use
one sensor modality, I.E., LiDAR, cameras, or radar, while
multi-modal models combine data from multiple sensors to
leverage their complementary strengths.

SoTA multi-modal methods combine the strengths of
both modalities, often using LiDAR for accurate depth esti-
mation and cameras for rich semantic information through
feature fusion. Leading to superior performance when
tested on AV datasets [24]. These methods typically involve
a shared feature space where features from both modalities
are fused to improve detection performance. [14] Birds’
Eye View (BEV) has recently become the paradigm shared
feature space used in 3D object detection [2, 5, 11, 14, 19,
24, 27, 29, 34]. BEV features provide a top-down view of
the scene, allowing for effective fusion of LiDAR and cam-
era data.

For ease of use, we adapt UniBEV [27] as our base detec-
tor, which uses a shared BEV feature space for multi-modal
fusion and has shown strong performance on the nuScenes
dataset [4]. UniBEV’s architecture allows for flexible inte-
gration of different modalities and serves as a suitable plat-
form for testing our proposed cross-modal feature mapping
approach under asymmetric sensor degradation.

2.3. Knowledge Distillation and Cross-Modal learn-
ing

Knowledge Distillation (KD) is a technique where a
smaller, often less complex model (the student) learns to
mimic the behavior of a larger, more complex model (the
teacher) [12, 26]. This is typically achieved by training
the student to replicate the teacher’s output distributions
or intermediate feature representations. KD can be clas-
sified in mainly three categories: response-based, feature-
based, and relation-based distillation. Response-based dis-
tillation focuses on matching the output logits of the teacher,
while feature-based distillation aims to align intermediate
feature representations. Relation-based distillation captures
the relationships between different samples or features in
the teacher’s output.

MonoDistill [8] aligns modalities in image space by pro-
jecting LiDAR into camera views, but its transfer quality

depends on noisy depth estimation. BEVDistill [7] and
UniDistill [35] move distillation to shared BEV space, im-
proving cross-modal alignment through feature-level (and
in UniDistill also relation- and response-level) supervision
with flexible teacher student assignments. However, these
methods mainly target uni-modal performance gains and do
not explicitly address unlabeled target-domain adaptation
under sensor degradation. In contrast, our work uses cross-
modal BEV mapping for adaptation, leveraging an unaf-
fected modality to improve a degraded modality in unseen
domains without target labels.

2.4. Modality Robustness
Prior work shows that sensor robustness is corruption-
dependent rather than absolute. In [17] they report strong
LiDAR sensitivity to several corruptions, while [33] find
that under noisy sensing and synchronization issues, camera
inputs can be more resilient than LiDAR. The large-scale
benchmark of [10] confirms that robustness varies by cor-
ruption type and model design, and that fusion generally
benefits from modality complementarity.

However they find that generally in fusion, Camera de-
grades more with the corruptions they tested, even for
weather types. [15] in contrast found that LiDAR is more
sensitive to weather corruption compared to Camera. In
our target setting of hardware-like degradation, our prior
study [32] shows a larger performance drop from LiDAR
beam reduction than from camera resolution reduction. In
fact, lowering the camera resolution showed that the perfor-
mance of Camera barely got affected.

[22] compares the performance of LiDAR-only mod-
els and found that the LiDAR model always degrades when
moving to another sensor, independent of whether the Li-
DAR used for training was of high- or low-resolution.
Therefore, this thesis adopts an asymmetric degradation as-
sumption: camera features serve as the relatively unaffected
supervision signal to adapt a degraded LiDAR branch in un-
labeled target domains.

2.5. Domain Adaptation for Autonomous Driving
Perception

Domain Adaptation (DA) aims to address the challenge of
distributional shifts between training (source) and deploy-
ment (target) environments. In the context of autonomous
driving (AV) perception, DA is crucial due to the variabil-
ity in environmental conditions, sensor configurations, and
geographic locations that AV systems may encounter. With-
out effective DA techniques, models trained on one domain
may perform poorly when deployed in a different domain.
Unsupervised Domain Adaptation (UDA) methods are par-
ticularly relevant, as they do not require labeled data in the
target domain, making them practical for real-world appli-
cations.
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Unsupervised Domain Adaptation methods in AV have
primarily focused on mono-modal settings [18, 23, 28].
For instance, ST3D [30] and ST3D++ [31] are self-training
frameworks for UDA in 3D object detection that focus on
generating high-quality pseudo-labels in the target domain.
ST3D first pre-trains the detector on the source domain
using a Random Object Scaling (ROS) strategy to miti-
gate source domain bias. The detector then produces ini-
tial pseudo-labels on the target domain, which are filtered
via a class-specific confidence threshold to select high-
confidence predictions. This ensures a balanced selection
of pseudo-labels across different categories. ST3D++ im-
proves upon this by introducing a denoising strategy that
removes noisy pseudo-labels through iterative refinement.
These approaches demonstrate that pseudo-labeling is an
effective adaptation strategy when high-quality predictions
are prioritized.

However, a principal limitation of ST3D and ST3D++
is that they focus almost exclusively on uni-modal LiDAR
UDA. They assume the exact same sensor configuration
across domains and do not leverage secondary modalities,
like cameras, to compensate for LiDAR degradation. When
self-training relies on pseudo-labeling within the same de-
graded modality, it risks entering a “vicious circle” of error
accumulation, especially if the sensor is severely hardware-
degraded. In our work, we adopt a similar baseline strat-
egy of confidence thresholding, but crucially shift to cross-
modal supervision: generating pseudo-labels from an un-
affected camera modality to break this cycle and guide the
degraded LiDAR modality safely.

Beyond mono-modal methods, there has been limited ex-
ploration of multi-modal approaches for domain adaptation.
Two recent works make use of multi-modal data for domain
adaptation.

CMDA [6] is a framework that addresses the task of
unsupervised domain adaptation for LiDAR-based 3D ob-
ject detection by combining cross-modal distillation with
domain adversarial training. The method is divided into
two stages: LiDAR encoder pretraining and self-training.
In the pretraining stage, CMDA leverages the complemen-
tary strengths of LiDAR and camera modalities by project-
ing them into a shared bird’s-eye view (BEV) space, where
features from both modalities can be spatially aligned. A
cross-modal distillation objective is then applied to en-
force consistency between LiDAR and camera BEV fea-
tures, enabling the LiDAR branch to inherit semantic pri-
ors from the image modality. Once the LiDAR encoder
is enriched through this interaction, the self-training stage
applies domain adversarial learning, where a discriminator
enforces domain invariance by penalizing features that re-
veal whether they come from the source or target domain.
In this way, CMDA effectively combines cross-modal su-
pervision and domain alignment to improve LiDAR-based

3D detection in the target domain. However, the cross-
modal interaction is limited to a pretraining phase in the
source domain. Its adaptation stage solely relies on do-
main adversarial training to make LiDAR features domain-
invariant. Meaning that it does not leverage the stable cam-
era modality during adaptation in the target domain to re-
cover structural information lost in the degraded LiDAR
features, which is critical under severe asymmetric sensor
degradation.

DualCross [20] is a framework designed to address the
challenges of cross-modality and cross-domain adaptation
in monocular bird’s-eye-view (BEV) 3D object detection.
Unlike traditional methods that focus on a single domain
or modality, DualCross aims to enhance monocular BEV
perception by transferring knowledge from LiDAR sensors
in one domain to camera-only testing scenarios in a dif-
ferent domain. The framework employs a two-stage ap-
proach: first, a LiDAR-Teacher model is trained using vox-
elized LiDAR point clouds to transform image features into
the BEV frame, providing essential knowledge on how to
guide image learning given LiDAR information. Second,
a Camera-Student model is supervised by both the teacher
model and the LiDAR ground truth, enabling it to learn
from the rich 3D information provided by the LiDAR sen-
sor. Additionally, discriminators are used to align features
from source and target domains, ensuring domain invari-
ance. By combining cross-modality knowledge transfer
with cross-domain adaptation, DualCross effectively facil-
itates monocular BEV perception in real-world scenarios
where only camera data is available during testing. How-
ever, the cross-modal interaction is fundamentally restricted
to a pre-training/training stage where LiDAR acts as a
teacher for a camera-student. Because DualCross aims for
camera-only perception at test time, it does not explore us-
ing a robust camera modality to “rescue” a degraded LiDAR
encoder during target-domain adaptation. This highlights a
key gap in addressing asymmetric sensor degradation where
both modalities remain present but one has severely failed.

While these methods are effective for standard domain
shifts (e.g., changing geographic locations like Waymo to
KITTI or removing a sensor entirely at test time), they do
not focus on asymmetric sensor degradation. In our work,
we isolate a scenario where one modality (camera) remains
robust while another (LiDAR) is hardware-degraded in a
new environment.

Furthermore, methods like CMDA and DualCross heav-
ily focus on aligning the camera and LiDAR feature spaces,
which is highly important for multi-modal fusion perfor-
mance. In our research, we assume this foundational spa-
tial alignment is already intrinsically handled by the shared
BEV architecture of our base 3D object detector. Conse-
quently, our work bypasses the alignment objective to solely
focus on learning a direct, robust predictive mapping from
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camera features to LiDAR features.
To evaluate adaptation in this unique regime, we com-

pare two strategies: a naive pseudo-labeling baseline
that generates bounding box predictions from the camera
modality and filters them by confidence, and a feature-level
mapping approach that reconstructs intermediate BEV fea-
tures for the degraded LiDAR modality using the unaffected
camera features as supervision. The former relies on poten-
tially noisy output-level predictions, while the latter aims
to recover structural information lost at the feature level,
which is critical under severe sensor degradation.

Unlike CMDA or DualCross, which restrict cross-modal
interaction to pre-training, our feature mapping framework
enables the camera to provide a stable supervisory signal
through the learned feature mapping during the entire adap-
tation process. By aligning the degraded modality’s feature
representation with our stable camera ”anchor” in the target
domain, our model recovers missing semantic cues. This
ensures robustness even under severe sensor-level failures
where the bounding box predictions would otherwise be too
sparse or noisy to provide a useful training signal.

2.6. Contributions
This thesis investigates cross-modal feature mapping for un-
supervised adaptation under sensor degradation in multi-
modal 3D object detection. The main contributions are:
• We investigate and propose CM-FKD, cross-modal fea-

ture knowledge distillation as a mechanism to recover de-
graded LiDAR representations.

• We show that feature-level reconstruction preserves
coarse spatial structure but fails at precise localization.

• We demonstrate that camera pseudo-labeling provides
stronger adaptation signals than dense feature reconstruc-
tion.

3. Method
3.1. Problem Formulation
We address the problem of unsupervised cross-modal do-
main adaptation for multi-modal 3D object detection under
asymmetric sensor degradation. The objective is to adapt
a degraded sensor modality in an unseen target domain by
leveraging a robust sensor modality as a stable “anchor”,
without access to target-domain annotations.

Let C and L denote two sensor modalities, where C
is the unaffected modality (camera) and L is a degraded
modality (low-resolution LiDAR). We are given a labeled
source-domain dataset

S = {(xC
i , x

L
i , yi)}Ni=1, (1)

where xC
i ∈ XC and xL

i ∈ XL are paired observations from
modalities C and L, respectively, and yi ∈ Y denotes the
corresponding 3D object detection annotations.

In the target domain, we are given an unlabeled dataset

T = {(zCj , zLj )}Mj=1, (2)

where zLj ∈ ZL follow a different data distribution than the
source domain, i.e.,

pS(x
L) ̸= pT (z

L). (3)

No ground-truth annotations are available for the target do-
main. We assume that the unaffected modality C is not af-
fected by the domain shift, such that

pS(x
C) ≈ pT (z

C) (4)

or is not affected by the degradation at all. This assumes
that the camera sensor is not being swapped out, and that the
camera data distribution remains consistent across domains,
while the LiDAR data distribution shifts due to degradation
(sensor swap).

We consider a multi-modal 3D object detector, pre-
trained on S , composed of modality-specific encoders EC

and EL for modalities C and L, respectively, followed by
a fusion module and detection head. The encoders extract
intermediate feature representations from the input data:

EC : XC → FC , EL : XL → FL, (5)

where FC ,FL ⊂ RC×H×W denote intermediate bird’s-
eye-view (BEV) feature representations. Let

fC
x = EC(x

C), fL
x = EL(x

L) (6)

denote the extracted modality-specific features.
Due to domain shift (sensor degradation), the feature dis-

tribution of the degraded modality encoder EL may become
misaligned in the target domain

pS(EL(x
L)) ̸= pT (EL(z

L)), (7)

resulting in degraded detection performance.
Our goal is therefore to adapt the degraded modality en-

coder EL in the target domain such that its feature represen-
tations remain consistent with those induced by the unaf-
fected modality, thereby improving detection performance
without requiring target-domain labels.

3.2. Camera Pseudo-Labeling
A straightforward approach to leverage the unaffected
modality for adaptation is to use it to generate pseudo-labels
for the degraded modality. Specifically, we can use the pre-
trained multi-modal detector to generate predictions based
on the unaffected modality’s features in the target domain.
These predictions can then serve as supervisory signals to
fine-tune the degraded modality encoder. In figure 2 we il-
lustrate the pipeline for this method.

5



Detection Head Detection Head

Images 

Point
Cloud 

Point Cloud 

Images 

Images Point
Cloud 

Camera
Encoder

LiDAR
Encoder

Feature
Mapper

LiDAR
features

Camera
Features

Pseudo
LiDAR

features

Loss
function

Camera
Encoder

LiDAR
Encoder

LiDAR
features

LiDAR
features

LiDAR
Encoder

Camera
Features

Feature
Mapper

Loss
function

Pseudo
LiDAR

features

Camera
Encoder

Camera
Features

Camera
Bounding

Boxes

Camera
Bounding

Boxes

LiDAR
Bounding

Boxes

Loss
function

C.M.F.M. Feature-level Knowledge Distillation
CM-FKD

Camera Pseudo-Labeling

Generating Pseudo-Labels Pseudo-Labeled Self-Training

Trainable sub-network, Gradient flow, Target / supervision signal of loss function, Prediction of sub-network / loss function input.

Figure 2. Overview of two main methods. Above we display the pipeline for the proposed cross-modal feature mapping framework
CM-FKD, which consists of two main phases. (1) C.M.F.M. learning: we learn a cross-modal feature mapping network that reconstructs
the degraded-modality features from the unaffected-modality features on the source domain. (2) Feature-level knowledge distillation: we
use the learned mapping to generate pseudo-degraded-modality features in the target domain, and adapt the degraded modality encoder
by minimizing a feature-level distillation loss between the generated pseudo-features and the features extracted by the adapted encoder.
Below we display the pipeline for camera pseudo-labeling, which uses the unaffected modality to generate pseudo-labels for fine-tuning
the degraded modality encoder in the target domain. Both methods leverage the unaffected modality to guide adaptation of the degraded
modality without requiring target-domain annotations.

Since the C modality is unaffected by the domain shift,
we can directly use the pre-trained detector to generate
pseudo-labels for the target domain samples. For a target-
domain sample pair (zC , zL), we compute the unaffected-
modality features fC = EC(z

C) and feed them into the
detection head to obtain pseudo-labels ŷC . For all samples
in the target domain, we can express this as:

ŶC
z = Detector(EC(z

C
j |Mj=1)), (8)

where ŶC
z = {ŷCj }Mj=1 denotes the set of pseudo-labels

generated for the target domain samples.
We can then use these pseudo-labels to fine-tune the de-

graded modality encoder EL by minimizing a supervised
loss between the predictions based on EL(z

L) and the
pseudo-labels ŶC

z . This approach allows us to leverage
the unaffected modality to guide the adaptation of the de-
graded modality in the target domain, without requiring any
ground-truth annotations. However, the effectiveness of this

method may be limited by the quality of the pseudo-labels,
which can be noisy due to the worse performance compared
to the L modality. To combat this, we filter the bounding
boxes ŶC

z by confidence score, only keeping those with a
confidence score above a certain threshold. This helps to
reduce the noise in the pseudo-labels and improve the sta-
bility of the fine-tuning process.

To select the confidence score threshold, we use the
training set of nuScenes. We obtain the bounding boxes
from the pre-trained detector on the training set and com-
pute the confidence scores for each bounding box. Finally,
we calculate the precision, recall and f1 score as shown in
Equation 11.
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Precision =
True Positives

True Positives + False Positives
(9)

Recall =
True Positives

True Positives + False Negatives
(10)

F1 Score = 2 · Precision · Recall
Precision + Recall

(11)

These metrics are computed for different confidence
score thresholds, and we select the threshold that yields the
highest F1 score on the validation set. By maximizing the
F1 score, we aim to find a balance between precision and re-
call, ensuring that the pseudo-labels used for fine-tuning are
both accurate and comprehensive enough to guide effective
adaptation of the degraded modality encoder.

Finally, the loss function for self-training using pseudo-
labels generated from EC is expressed in Equation 12. The
fine-tuned degrade modality is promptly renamed as EL →
EPL (PL means Pseudo-labels).

Jpseudo(θL) = E(zC ,zL)∼T
[
ℓ(ŷCz , y

L
z )

]
(12)

Where θL is the set of parameters of the LiDAR en-
coder EL,ŷCz are the pseudo-labels generated from the cam-
era modality, and yLz denotes the bounding boxes obtained
through the detection head using EFM . For the loss func-
tion ℓ(·, ·), we use the same loss function as the detec-
tion head of the pre-trained multi-modal 3D object detec-
tor, which includes a combination of classification and re-
gression losses. Specifically, a Focal Loss is employed for
handling the class imbalance in the detection task, and an
L1 loss is applied for bounding box regression. By min-
imizing this loss, we encourage the adapted encoder EPL

to produce feature representations that lead to predictions
consistent with the pseudo-labels generated from the unaf-
fected modality, thereby improving its performance in the
target domain.

3.3. Cross-Modal Feature-Level Knowledge Distil-
lation (CM-FKD)

Figure 2 illustrates our proposed cross-modal feature map-
ping framework for unsupervised domain adaptation in
multi-modal 3D object detection. The framework consists
of three main components: (1) modality-specific encoders
for robust and degraded sensor modalities, (2) a cross-
modal feature mapping network, and (3) a feature-level
knowledge distillation mechanism.

3.3.1. Feature Extraction and Spatial Alignment
Given a paired input sample x = (xC , xL) from the source
domain, we first extract modality-specific features using the
encoders EC and EL of the pre-trained multi-modal 3D ob-
ject detector:

fC
x = EC(x

C), fL
x = EL(x

L). (13)

Here, fC
x and fL

x denote the BEV feature representations
for modalities C and L, respectively. Crucially, we assume
that the foundational spatial alignment between the camera
and LiDAR modalities is already intrinsically handled by
the shared BEV architecture of our base 3D object detector
(e.g., UniBEV). Because the features fC

x and fL
x already re-

side in a unified spatial grid, our framework can safely by-
pass complex cross-modal spatial alignment objectives and
instead focus entirely on learning a direct, predictive seman-
tic mapping between the two distributed representations.

3.3.2. Cross-Modal Feature Mapper (C.M.F.M.)
To learn the relationship between the unaffected and de-
graded modalities, we introduce a cross-modal feature map-
ping networkMC→L. This network aims to reconstruct the
degraded-modality features from the unaffected-modality
features. As input it accepts the unaffected-modality fea-
tures fC

x and outputs the reconstructed degraded-modality
features f̂L

x = MC→L(f
C
x ). The mapping is learned by

minimizing the feature reconstruction loss between the in-
put fC

x and the supervision signal fL
x on the source domain:

Jmap(θM) = E(xC ,xL)∼S

[
ℓ
(
fL
x , f̂

L
x

)]
, (14)

where ℓ(·, ·) denotes a feature-level distance metric. The
mapping network is trained and the rest of the network is
frozen during this phase, ensuring that the mapping function
learns to reconstruct the degraded modality’s features based
solely on the unaffected modality’s features.

The mapping network used is an Attention UNet archi-
tecture [21], which is designed to capture both local and
global feature relationships. The UNet structure allows for
multi-scale feature learning, while the attention mechanism
helps to focus on the most relevant features for reconstruc-
tion.

3.3.3. Feature-level Knowledge Distillation
In the target domain, we leverage the learned cross-modal
feature mappingMC→L to guide the fine-tuning of the de-
graded modality encoder EL. For a target-domain sample
(zC , zL), we compute the following features:

fC
z = EC(z

C), fL
z = EL(z

L). (15)

We then use the mapping network to obtain the pseudo-
LiDAR features f̂L

z =MC→L(f
C
z ). The degraded modal-

ity encoder EL is adapted and becomes EFM (FM means
Feature Mapper) by minimizing the feature-level knowl-
edge distillation loss:

Jdistill(θFM ) = E(zC ,zL)∼T

[
ℓ
(
f̂L
z , f

L
z

)]
, (16)

where f̂L
z is the supervision signal and fL

z is the output
of the adapted encoder EFM . Here ℓ(·, ·) is a feature-level
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distance metric. We minimize the loss between the features
extracted by the adapted encoder EFM and the pseudo-
LiDAR features generated by the mapping network. This
encourages the adapted encoder to produce feature repre-
sentations that are consistent with those reconstructed from
the unaffected modality, thereby improving its performance
in the target domain without requiring any labeled target
data.

For both the C.M.F.M. learning and the feature-level
knowledge distillation phases, we use the Mean Squared
Error (also known as L2 norm) loss as the feature-level
distance metric, which encourages the adapted encoder to
closely match the pseudo-LiDAR features generated by the
mapping network. We chose this loss function as it is a
common choice for feature-level distillation tasks and has
been shown to be effective in encouraging the student model
(adapted encoder) to learn from the teacher model (mapping
network) by minimizing the distance between their feature
representations [6, 7, 20]

3.4. Feature Space Analysis
To justify our comparative study between output-level
pseudo-labeling and feature-level distillation, we system-
atically analyze what the Cross-Modal Feature Mapper
(C.M.F.M.) learns to reconstruct. We hypothesize that while
the feature mapper struggles to synthesize fine-grained spa-
tial details, it successfully preserves the overarching coarse
structural features of the LiDAR BEV space.

To formalize this qualitative rationale, we employ Prin-
cipal Component Analysis (PCA) and spatial variance anal-
ysis on the reconstructed “Pseudo-LiDAR” features f̂L ver-
sus the ground truth 32-beam features fL. By extracting
and projecting the principal components of the dimensional
feature maps, we visually and quantitatively assess the ex-
tent to which major structural variances (coarse details) are
retained and minor variances (fine-grained object bound-
aries critical for mAP) are blurred. This framework ex-
plicitly allows us to evaluate the trade-offs of feature-level
mapping compared to boundary-exact output-level pseudo-
labeling.

3.5. Assumptions
Both methods follow the assumption that the unaffected
modality (camera) is not affected by the domain shift, and
that its data distribution remains consistent across domains.
This allows us to leverage the unaffected modality as a reli-
able source of information for guiding the adaptation of the
degraded modality in the target domain. Additionally, we
assume that the pre-trained multi-modal 3D object detec-
tor has learned meaningful feature representations that can
be effectively utilized for both pseudo-labeling and feature
mapping, enabling successful adaptation without requiring
target-domain annotations. Furthermore, we assume that

only retraining the affected modality encoder is sufficient
for adaptation, and that the fusion module and detection
head can remain unchanged during the adaptation process.
This simplifies the adaptation process and focuses on align-
ing the feature representations of the degraded modality
with those of the unaffected modality.

4. Experiments

4.1. Implementation Details
Dataset and Metrics. The nuScenes [4] dataset is a large-
scale multi-modal dataset for autonomous driving, which
includes paired LiDAR and camera data across multiple
urban environments. We train both methods on the full
nuScenes training data split. We evaluate our method
on the nuScenes validation set, which consists of 1,000
scenes with annotated 3D bounding boxes for various ob-
ject classes.

For fine-tuning the degraded LiDAR modality encoder
through camera pseudo-labeling, we use only the LiDAR
data with the camera-generated pseudo-labels and bounding
boxes.

For training the Feature Mapper, we use the paired cam-
era and LiDAR data from the source domain (32-beam Li-
DAR) to learn the mapping. For fine-tuning the degraded
modality encoder through cross-modal feature mapping, we
use the unlabeled paired camera and LiDAR target domain
data (8-beam LiDAR) for unsupervised adaptation.

We report results on the full validation set to ensure a
comprehensive evaluation of our method’s performance un-
der sensor degradation. We use mean Average Precision
(mAP) and nuScenes Detection Score (NDS) [4] as our
primary evaluation metrics for 3D object detection perfor-
mance. We select both of these metrics, since mAP tells
us about whether the object was found correctly according
to a threshold (in nuScenes it is the 2D center distance).
NDS provides a more comprehensive assessment of detec-
tion quality by considering the true positive errors. We ad-
ditionally report extra information regarding true positive
errors and AP based on the distance threshold.

Model. We use UniBEV [27], a pre-trained multi-
modal 3D object detector as our base model, which con-
sists of modality-specific encoders for the camera and Li-
DAR modalities, followed by a fusion module and detection
head. Specifically, we use the model that is trained with
the channel normalized weights fusion strategy. The en-
coders extract intermediate bird’s-eye-view (BEV) feature
representations from the input data. When we retrain the
degraded modality encoder in both methods, we initialize it
with the weights of the original LiDAR encoder and fine-
tune it using the feature-level knowledge distillation from
the UNet-generated pseudo-LiDAR features or the camera
pseudo-labels and bounding boxes. The fusion module and
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detection head are kept frozen during this process to en-
sure that the adaptation focuses on aligning the degraded
modality features with the robust modality features without
altering the overall detection architecture.

For the cross-modal feature mapping network, we adopt
an Attention UNet architecture [21], which was primar-
ily designed for image segmentation tasks. We adapt the
UNet architecture to operate on the BEV feature maps of
C ×H ×W extracted by the encoders, allowing it to learn
the mapping between the robust and degraded modality fea-
tures effectively. The attention mechanism in the UNet
helps to focus on the most relevant features for reconstruc-
tion, which is crucial for handling the domain shift caused
by sensor degradation.

Since UniBEV produces BEV features at a resolution of
256× 200× 200, we design our UNet to take these feature
maps as input and output reconstructed features of the same
size. Following the original UNet design naively, meaning
we double the number of channels at each downsampling
step, would lead to an unmanageable number of parameters
and risk overfitting. Therefore, we modify the UNet archi-
tecture to maintain a more reasonable number of channels
while still capturing the necessary feature relationships. We
use a base channel size of 128, doubling it to 256 at the first
downsampling step, doubling it again to 512 at the second
downsampling step and maintaining it at 512 for the last
step.

The pre-trained UniBEV model we call EL for the Li-
DAR encoder and EC for the camera encoder. The re-
trained LiDAR encoder is denoted as EFM . The UNet-
based model which translates camera into pseudo-LiDAR
features is denoted as MC→L. The retrained LiDAR en-
coder using camera pseudo-labels is denoted as EPL.

Baselines. Since as far as we know, there are no existing
methods that directly address the problem of unsupervised
domain adaptation under sensor degradation in multi-modal
3D object detection, we compare against several baselines
that represent different levels of performance under degra-
dation. For both methods we compare against the original
pre-trained UniBEV model, which serves as a baseline for
performance under degradation without any domain adap-
tation. This allows us to assess the performance drop due to
sensor degradation and the effectiveness of our adaptation
methods in recovering performance.

For the C.M.F.M. module, we specifically compare it
against the original LiDAR encoder EL that has been
trained on 32 beam data and is inferenced on 32 beam data.
This serves as a baseline for the performance of the UNet-
based pseudo-LiDAR generation when both are evaluated
on the non-degraded data. This allows us to assess how
well the Feature Mapper can reconstruct the LiDAR fea-
tures from the camera features in the source domain, which
is crucial for its effectiveness in guiding the adaptation of

the degraded modality.
Then, the main two methods of Camera Pseudo-Labeling

and CM-FKD are both compared against the original Li-
DAR encoder EL that has been trained on 32 beam data
and is inferenced on 8 beam data. This serves as a baseline
for performance under degradation without any adaptation,
allowing us to assess the effectiveness of both methods in
recovering performance under sensor degradation.

Training Details.
We followed the standard data augmentation done to the

input data during training of UniBEV [27]. For the Li-
DAR point clouds, we applied point shuffle, which ran-
domly shuffles the order of the points in the point cloud.
This helps to improve the robustness of the model to varia-
tions in the input data and prevents overfitting during train-
ing. For the camera images, we applied photometric distor-
tions, which randomly adjust the brightness, contrast, satu-
ration, and hue of the images. This augmentation technique
helps to improve the model’s ability to generalize to dif-
ferent lighting conditions and color variations in the target
domain.

In table 1 you can find the training hyperparameters for
all the methods. We first train CM-FKD. The C.M.F.M.
module was trained till convergence on the source domain
S = {(xC

i , x
L
i )}Ni=1 without any labels. The Feature-Level

Knowledge Distillation was then performed on the target
domain T = {(xC

j , x
L
j )}Mj=1 without any labels. For the

pseudo-labeling method, we generate pseudo-labels using
the camera encoder EC and the detection head on the tar-
get domain data, and then fine-tune the degraded modality
encoder EPL using these pseudo-labels as supervisory sig-
nals. For every method, we only trained the corresponding
subset of the model parameters, while keeping the rest of
the model frozen to ensure a fair comparison and to focus
on the adaptation of the degraded modality.

All models were trained on Tesla V100-SXM2-32GB
gpu’s. Our model is implemented in the open-sourced
MMDetection3D [9]. A detailed summary of the training
hyperparameters utilized across our framework components
follows in Table 1. The Feature Mapper was trained for
roughly 20 hours, the fine-tuning of the degraded modality
encoder using camera pseudo-labels took roughly 4 days,
and the fine-tuning of the degraded modality encoder using
feature-level knowledge distillation took roughly 5 days.

4.2. Results
4.2.1. Quantitative Results
Performance Degradation. Table 2 we can see the effects
of the LiDAR degradation on the performance of the origi-
nal LiDAR encoder EL. The left column under the section
Performance Degradation shows the results for the original
LiDAR encoder EL when evaluated on the non-degraded
data (32 beams) and the degraded data (8 beams). The right
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Table 1. Training Hyperparameters for the Feature Mapper (MC→L) and the two encoder fine-tuning configurations (EFM and EPL).

Hyperparameter MC→L EFM EPL

Batch size 5 5 5
Epochs 10 26 26
Optimizer AdamW AdamW AdamW
Learning rate 2× 10−3 1× 10−4 2× 10−3

Weight decay 0.1 0.1 0.1
Schedule Cosine Annealing Cosine Annealing Cosine Annealing
Loss weights 1.0 MSE 1.0 MSE 2.0 Focal cls, 0.25 L1 Bbox

Table 2. Comprehensive evaluation of adaptation methods under LiDAR sensor degradation. Results are reported on nuScenes
validation set for camera+LiDAR and LiDAR-only configurations. mAP and NDS metrics are shown with relative change (%) computed
with respect to the corresponding baseline. ↑ indicates higher is better. Relative change calculated as result−baseline

baseline
× 100% against

baseline colored in TT . TT indicates a negative change (performance drop), while TT indicates a positive change (performance
improvement).

Method LiDAR Beams Used Metric Relative change

Train Test mAP ↑ NDS ↑ δ mAP% ↑ δ NDS% ↑
Performance Degradation

EL + EC 32 32 0.642 0.685 0 0
EL + EC 32 8 0.391 0.516 -39.1 -24.7
EL 32 32 0.582 0.653 0 0
EL 32 8 0.176 0.395 -69.8 -39.5

Feature Mapper
EL + EC 32 32 0.642 0.685 0 0
MC→L + EC 32 32 0.352 0.432 -45.2 -36.9
EL 32 32 0.582 0.653 0 0
MC→L 32 32 0.331 0.420 -43.1 -35.7
EC 32 32 0.350 0.424 — —

Adaptation Performance
EL + EC 32 8 0.391 0.516 0 0
EFM + EC 8 8 0.368 0.482 -5.9 -6.6
EPL + EC 8 8 0.431 0.520 +10.2 +0.8
EL 32 8 0.176 0.395 0 0
EFM 8 8 0.186 0.365 +5.6 -7.6
EPL 8 8 0.199 0.374 +13.1 -5.3

column shows the relative change in performance due to
degradation. The Train and Test columns indicate the num-
ber of LiDAR beams used for training and evaluating, re-
spectively. When evaluated on the non-degraded data (32
beams), the original LiDAR encoder EL achieves a mAP
of 0.642 and an NDS of 0.685 when combined with the
camera encoder EC . However, when evaluated on the de-
graded data (8 beams), the performance drops significantly
to a mAP of 0.391 and an NDS of 0.516, which corresponds
to a relative change of -29.1% in mAP and -24.7% in NDS.
When using only the LiDAR encoder without the camera
encoder, the performance degradation is even more pro-
nounced, with a mAP of 0.176 and an NDS of 0.395 on the
degraded data, corresponding to a relative change of -69.8%
in mAP and -39.5% in NDS. These results highlight the sig-
nificant impact of sensor degradation on the performance of

UniBEV.
C.M.F.M. Looking again at table 2 we also display the

results of the Cros-Modal Feature MapperMC→L. Under
the section Featur Mapper we display the relevant method
inference results. We can see that the performance of
MC→L is significantly worse than the original LiDAR en-
coder EL when both are evaluated on the non-degraded data
(32 beams). When combined with the camera encoder EC ,
MC→L achieves a mAP of 0.352 and an NDS of 0.432,
which corresponds to a relative change of -45.2% in mAP
and -36.9% in NDS compared to EL + EC . When us-
ing only the pseudo-LiDAR features generated byMC→L

without the camera encoder, the performance drops further
to a mAP of 0.331 and an NDS of 0.420, corresponding to
a relative change of -43.1% in mAP and -35.7% in NDS
compared to EL only. These results indicate that while the
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UNet-based pseudo-LiDAR generation can capture some
useful information from the camera features, it is not able
to fully reconstruct the LiDAR features, leading to a signif-
icant drop in detection performance. The performance of
MC→L is also worse than using the camera encoder EC

alone, which suggests that the Feature Mapper may be in-
troducing noise or artifacts that degrade the quality of the
features for detection.

Looking at tables 3 and 4 we can investigate in which
way our Feature MapperMC→L is performing worse than
the original LiDAR encoder EL. First, in table 3 we can
see that the performance of MC→L is significantly worse
than EL at a strict distance threshold of 0.5m, with an av-
erage relative drop of 82.2% across all classes. However,
when we relax the distance threshold to 4.0m, the perfor-
mance improves significantly, with an average relative drop
of 11.42%. This indicates that whileMC→L may be able
to capture some coarse spatial information, it struggles to
capture the precise spatial details necessary for accurate de-
tection.

Table 4 further confirms this observation by showing that
the true positive error metrics forMC→L are significantly
worse than those for EL across all metrics, with particu-
larly large increases in translation and velocity errors. This
suggests that the pseudo-LiDAR features generated by the
UNet are not able to capture the fine-grained spatial and
motion information that is crucial for accurate 3D object
detection, leading to a significant degradation in detection
quality compared to the original LiDAR features.

It is no surprise then, when combined with the camera
modality, MC→L + EC performs worse than EL + EC ,
which indicates that the pseudo-LiDAR features are not
providing useful complementary information to the camera
features, and may even be harming performance when com-
bined. Overall, these results suggest that while the Feature
Mapper can produce some features from the camera modal-
ity, it is not sufficient to match the performance of the orig-
inal LiDAR features, and may require further refinement or
additional constraints to improve its effectiveness.

CM-FKD and Camera Pseudo-Labeling. In table 2
under Adaptation performance we show the results for our
two main methods. For the CM-FKD using the Cross-
Modal Feature Mapper we denoted as EFM . The method
of using Camera Pseudo-Labeling to retrain the LiDAR en-
coder is denoted as EPL. First we look at EFM . When eval-
uated on the degraded data (8 beams), EFM + EC achieves
a mAP of 0.368 and an NDS of 0.482, which corresponds
to a relative change of -5.88% in mAP and -6.59% in NDS
compared to EL + EC . When using only the retrained Li-
DAR encoder without the camera encoder, EFM achieves
a mAP of 0.186 and an NDS of 0.365, corresponding to a
relative change of +5.6% in mAP and -7.6% in NDS com-
pared to EL only. These results indicate that while the re-

trained LiDAR encoder using the Feature Mapper EFM is
able to capture some useful information from the camera
modality, it is not able to fully recover the performance of
the original model without degradation. Specifically, the in-
crease in mAP and decrease in NDS when using only EFM

suggests that the retrained LiDAR encoder is able to detect
more objects, but the overall quality of those detections are
worse. Furthermore, the generated feature maps from EFM

are not able to provide useful complementary information
to the camera features, as the performance of EFM + EC is
still worse than EL + EC .

The method where we use Camera Pseudo-Labeling to
retrain the LiDAR encoder EPL performs better than the
Feature Mapper method EFM in both settings (with and
without the camera encoder). In the fusion setting EPL +
EC achieves a mAP of 0.431 and an NDS of 0.520, which
corresponds to a relative change of +10.2% in mAP and
+0.8% in NDS compared to EL + EC . When using only
the retrained LiDAR encoder without the camera encoder,
EPL achieves a mAP of 0.199 and an NDS of 0.374, cor-
responding to a relative change of +13.1% in mAP and -
5.3% in NDS compared to EL only. These results suggest
that Camera Pseudo-Labeling is more effective at recover-
ing the performance of the original model compared to the
Feature Mapper method. However, it suffers from the same
true positive quality issues. When evaluated independently,
EPL has worse NDS score. Through Fusion, the Camera
Encoder EC seems to provide additional benefits and off-
sets the true positive errors.

Looking at the true positive error metrics in table 5, we
can see that both EFM and EPL have significantly worse
translation and velocity errors compared to the degraded Li-
DAR encoder EL,32→8. This suggests that both methods
struggle to capture the fine-grained spatial and motion in-
formation necessary for accurate detection. However, EPL

has a smaller increase in mean relative drop, which explains
its better performance in terms of NDS. Furthermore, look-
ing at the AP by class at different distance thresholds in ta-
ble 6, we can see that both methods perform worse than
the degraded LiDAR encoder across all classes at a dis-
tance threshold of 0.5m, with particularly large drops for
the less common classes. For example, a drop of -69.23%
in mAP for the Motorcycle class for EFM and a drop of
-56.25% for EPL. However, when we relax the distance
threshold to 4.0m, the performance of both methods im-
proves significantly, with EPL even outperforming the de-
graded LiDAR encoder for the Barrier class. This suggests
that while both methods struggle to capture precise spatial
information, they are able to capture some coarse spatial in-
formation that can still be useful for detection at a larger
distance threshold. Again, the Camera Pseudo-Labeling
method EPL seems to perform better than the Feature Map-
per method EFM across all classes and distance thresholds,
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Table 3. AP by class at two distance thresholds Feature Mapper. AP for the original LiDAR encoder EL,32→32 and the camera-to-
LiDAR mapper MC→L at 0.5m and 4.0m distance thresholds. Relative change is calculated with respect to EL,32→32.

Category Dist 0.5m AP Dist 4.0m AP
EL,32→32 MC→L Relative change % ↑ EL,32→32 MC→L Relative change % ↑

Car 0.749 0.198 -73.56 0.901 0.839 -6.88
Pedestrian 0.762 0.063 -91.73 0.862 0.703 -18.45
Barrier 0.485 0.157 -67.63 0.707 0.717 1.41
Motorcycle 0.537 0.033 -93.85 0.699 0.548 -21.6

Mean (all) 0.633 0.112 -82.2 0.792 0.701 -11.42

Table 4. True Positive (TP) Error Analysis: Feature Map-
per. Higher values represent increased error (lower quality). With
EL,32→32 as the original LiDAR encoder inference on 32 beam
data and MC→L as the feature mapper.

Metric EL,32→32 MC→L Relative
drop % ↓

Translation (m) 0.327 0.747 +128%
Scale (IoU) 0.26 0.297 +12.5%
Orientation (rad) 0.321 0.409 +27.4%
Velocity (m/s) 0.292 0.792 +171.2%
Attribute (%) 0.178 0.202 +13.5%

which is consistent with the overall performance results in
table 2.

4.2.2. Qualitative Results
Feature Maps. In figure 3 we visualize the intermediate
feature maps produced for the three trained pipelines. The
left column shows the ground truth feature maps, the mid-
dle column shows the input to the network and the right
colum shows the output/prediction. With row one being the
pipeline for training MC→L, row two being the pipeline
for training EFM and row three being the pipeline for train-
ing EPL. All feature maps are shown averaged across the
channel dimension for better visualization.

For the Feature Mapper pipeline, we can see that the Fea-
ture Mapper is able to learn some features from the cam-
era modality, but fails to produce high-quality features that
are consistent with the original LiDAR features. The fea-
ture maps produced by the Feature Mapper show some ac-
tivation in regions corresponding to objects in the scene,
but they are much noisier and less distinct than the origi-
nal LiDAR features. Since we are mapping from a camera
modality to a LiDAR modality, we can expect there to be in-
herent limitations. We see that background activations are
washed away, since the feature map of EC has a lot of un-
certainty in the background regions. The same is happening
at places where the camera features are producing a streak
of activations instead of a more focused activation. This

Figure 3. Feature Maps of training pipelines. In the left
column we show the supervision signal. The middle column
shows the input to the network and the right column shows the
output/prediction. On the left side we name the corresponding
pipelines. Feature maps are averaged across the channel dimen-
sion for visualization. Feature maps are scaled. High-intensity
means there is high activation across all channels.

is consistent with the quantitative results, which show that
EFM is not able to match the performance of the original
LiDAR features. This is further shown through the PCA
projections of the feature spaces in figure 4. The streaks in
the EC features contain a lot of false positives, indicating
that the camera features think there are objects in those re-
gions but do not know the precise location. EL knows the
precise location, as seen from the corresponding activation
with bounding boxes. However, EFM is not able to learn
the precise location and instead produces more sparse and
less distinct features in those regions, which is likely con-
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Table 5. True Positive (TP) Error Comparison. Adapatation performance. Higher values indicate larger error (lower quality). We
compare the degraded LiDAR encoder EL,32→8 against the feature mapper EFM and the pseudo-labeling encoder EPL. Relative drop is
computed with respect to EL,32→8.

Error metric ↓ EL,32→8 EFM Relative drop (%) ↓ EPL Relative drop (%) ↓

Translation (m) 0.438 0.580 +32.42 0.613 +39.95
Scale (IoU) 0.307 0.338 +10.10 0.317 +3.26
Orientation (rad) 0.582 0.579 -0.52 0.585 +0.52
Velocity (m/s) 0.401 0.553 +37.91 0.521 +29.93
Attribute (%) 0.200 0.237 +18.50 0.218 +9

Mean drop ↓ +19.68 +16.53

Table 6. AP by class at two distance thresholds. Adaptation performance. AP for the degraded LiDAR encoder EL,32→8, the feature
mapper EFM , and the pseudo-labeling encoder EPL at 0.5m and 4.0m distance thresholds. Relative change is measured with respect to
EL,32→8.

Category Dist 0.5m AP Dist 4.0m AP
EL,32→8 EFM Rel. change % ↑ EPL Rel. change % ↑ EL,32→8 EFM Rel. change % ↑ EPL Rel. change % ↑

Car 0.331 0.309 -6.65 0.268 -19.03 0.540 0.582 7.78 0.617 14.26
Pedestrian 0.297 0.184 -38.05 0.236 -20.54 0.386 0.420 8.81 0.470 21.76
Barrier 0.160 0.104 -35.00 0.070 -56.25 0.346 0.454 31.21 0.480 38.73
Motorcycle 0.026 0.008 -69.23 0.025 -3.85 0.050 0.063 26.00 0.103 106.00

Mean (all) 0.2035 0.15125 -25.68 0.14975 -26.41 0.3305 0.37975 14.9 0.4175 26.32

Figure 4. Camera to LiDAR mapping limitations. The left column shows the PCA projections of the Camera features, the middle column
shows the PCA projections of the LiDAR features inferenced on 32 beam data, and the right column shows the PCA projections of the
feature mapper features. Corresponding detections using only those features are shown overlayed on each feature map.

tributing to the performance drop. This makes sense, since
we only provide the camera features as a supervision signal
without anything else, so it becomes a very difficult task for
the Feature Mapper to learn how to produce blobs along this
uncertainty.

Following this, we can see that the retrained LiDAR en-
coder EFM is able to produce features that are more simi-
lar to the original LiDAR features than the Feature Mapper
generated pseudo-LiDAR features. This suggests that while

the Feature Mapper based pseudo-LiDAR generation may
not be able to produce high-quality features on its own, it is
still able to capture some useful information from the cam-
era modality that can guide the retraining of the LiDAR en-
coder to produce features that are more consistent with the
original LiDAR features. However, as we can see in figure 3
at feature map EFM 8 Beams Output, some blobs are re-
covered but background information becomes more washed
away. This is likely because the Feature Mapper in the first
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Figure 5. Variance across channels. The variance of activations
across the channel dimension is shown for each feature map. The
higher the intensity the higher the variance. Feature maps obtained
through 8 beam inference.

phase, while able to learn a mapping for the LiDAR blobs, is
not able to produce high-quality background features. Set-
ting the Feature Mapper features as a supervision signal for
retraining the LiDAR encoder, forces the retrained LiDAR
encoder to also learn to produce these low-quality back-
ground features, which may be harming the performance
of the retrained LiDAR encoder. This is consistent with the
quantitative results, which show that EFM performs worse
than EL and EPL in terms of NDS, which takes into ac-
count the true positive quality.

Finally we observe that EPL at feature map EPL 8
Beams Output is able to produce features with more back-
ground information, which is likely because the pseudo-
labeling method provides a stronger supervision signal that
encourages the retrained LiDAR encoder to produce fea-
tures that are more similar to the original LiDAR features,
including the background features. This is consistent with
the quantitative results, which show that EPL performs bet-
ter than EFM in terms of NDS, suggesting that the higher
quality features produced by EPL are providing more use-
ful complementary information to the camera features, lead-
ing to better overall performance when combined.

However, when we look at figure 5 we can see that the
variance of activations across the channel dimension. EL

we can see clear intensities at locations, meaning that the
model is able to produce distinct features across the chan-
nels that are likely useful for the detection head to distin-
guish between different objects and background. Meaning
it has high certainty that an object is there.

However, for EFM we can see that the variance is much
lower across the channels, meaning that the model is pro-
ducing more similar features across the channels. This is
likely because the model is not able to learn how to pro-
duce distinct features across the channels due to the low-
quality supervision signal provided by the Feature Mapper.
This could be contributing to the performance drop of EFM

compared to EL, since the detection head may be relying on
these distinct features across the channels to make accurate
detections.

For EPL we can see that the variance around the back-

ground is more aligned with what EL produces, which
is likely because the pseudo-labeling method provides a
stronger supervision signal that encourages the retrained Li-
DAR encoder to produce features that are more similar to
the original LiDAR features, including the background fea-
tures. However, we observe no high intensities at the bound-
ing box locations in the center. This is likely because the
pseudo-labeling method is making the retrained LiDAR en-
coder more sensitive to activations across the whole feature
space, which explains the high false positive rate of EPL

which can be seen in figure 6.
This is consistent with the quantitative results, which

show that EPL performs worse than EL in terms of NDS,
but still leading to better overall performance than EFM

when combined. This is likely because even though the
features produced by EPL have lower variance across the
channels, they are still more similar to the original LiDAR
features than those produced by EFM , as seen in the fea-
ture map visualization in figure 3. Which means that when
combined with the camera features, the features produced
by EPL are still able to provide useful complementary in-
formation that leads to better overall performance compared
to EFM .

Detections and PCA. Looking at the detection results
and PCA projections of the feature spaces for the two
pipelines in figure 6, we can see the detection results for
every model overlayed on the PCA projections of the fea-
ture spaces. The PCA projections are fitted on the original
32 beam LiDAR features with 3 components and overlayed
with the detected bounding boxes of corresponding mod-
els. This allows us to visually inspect how well the different
feature representations are aligned with the original LiDAR
features, and how this alignment (or lack thereof) may be
affecting the detection result. The model names are shown
in the title of each subfigure, for example EL,32→8 means
the degraded LiDAR encoder trained on 32 beam data and
inferenced on 8 beam data.

We can see in the detections row how EL performs when
we move from 32 beam data to 8 beam data, and how the
performance drops significantly. Multiple objects are miss-
ing, namely the cars in the far right and smaller objects in
the bottom center. When we look at the PCA projections,
we can see that the features of EL,32→32 are well-clustered
and distinct, with less activations on the degraded method
EL,32→8. Specifically, activations are not found anymore
at the boundingboxes on the far right. This is likely con-
tributing to the performance drop of EL,32→8 compared to
EL,32→32, since the detection head may be relying on these
distinct features in the PCA space to make accurate detec-
tions.

When we look at the Feature Mapper method EFM and
the Camera Pseudo-Labeling method EPL, we can see that
both methods in the zoomed area are able to recover some
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Figure 6. Detections and PCA projections. We display the detection results for each model overlayed on the PCA projections of the
feature spaces and overlayed on the corresponding beam data.The bounding box colors are defined as follows, TT is the True Positive,
TT is the False Positive, and TT is the Ground Truth.

of the missing detections compared to EL,32→8, but they
still perform worse than EL,32→32. Specifically, they did
not recover all objects such as the smaller objects in the
bottom center. When we look at the pca projections, we can
see that the features of EFM and EPL are not well-aligned
with the original LiDAR features (EL) in the PCA space.
EFM has less distinct background features, but was able to
recover activations at bounding boxes, albeit washed out.
EPL has an interesting PCA projection. Through training
with Pseudo Labels, it seems like it made the encoder more
sensitive to activations through the whole feature space, as
indicated by the yellow regions. This corresponds to EPL

having a high false positive rate, since the model is produc-
ing a lot of activations across the feature space, which may
be harming the performance of EPL compared to EL. How-
ever, it is able to recover more distinct features at the bound-
ing boxes compared to EFM , which may explain why it
performs better than EFM in terms of NDS and mAP. Over-
all, when we look at the PCA projections for both methods,
they are not well-aligned with the original LiDAR features,
which is consistent with the quantitative results showing
that both methods perform worse than the original LiDAR
features NDS wise, which takes into account the true posi-
tive quality.

5. Conclusion

In this work, we showed that multi-modal 3D object de-
tection models are highly sensitive to asymmetric sensor
degradation: under LiDAR degradation from 32 to 8 beams
without adaptation, performance dropped by -69.8% in
mAP and -39.5% in NDS, highlighting the sensitivity of
multimodal 3D detectors to sensor quality shifts when eval-
uated on the nuScenes dataset [4].

We tested two adaptation strategies to recover perfor-
mance: pseudo-labeling and cross-modal feature mapping,
both using the unaffected camera modality as reference.
Inferencing with only the LiDAR modality, the pseudo-
labeling approach provided a +13.1% mAP improvement
over the no-adaptation baseline, while the cross-modal fea-
ture mapping approach provided a +5.6% mAP improve-
ment. However, the NDS score of the pseudo-labeling ap-
proach decreased by -5.3% compared to the no-adaptation
baseline, while the NDS score of the cross-modal feature
mapping approach decreased by -7.6%, suggesting that both
approaches may have introduced noise that hurt overall de-
tection quality, and that the pseudo-labeling approach may
have provided more useful supervisory signals for improv-
ing localization performance.

Overall, cross-modal adaptation provides partial recov-
ery under asymmetric sensor degradation, but both ap-
proaches struggle to preserve the fine-grained geometric in-
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formation required for accurate localization. The feature-
level distillation approach appears particularly limited by
the difficulty of reconstructing LiDAR-like BEV structure
from camera features alone, whereas pseudo-labeling pro-
vides stronger task-level supervisory signals.

Limitations This study has several limitations. The
dataset splits are not fully separated. In ideal scenario, we
would have a pre-train split, a split for retraining the Li-
DAR encoder and a validation split. In our work, the pre-
train split and the split for retraining the LiDAR encoder
contained the same samples (albeit with different LiDAR
beams).

We only evaluated one degradation setting (32-beam to
8-beam LiDAR), so the findings may not directly generalize
to other degradation sources such as weather effects, cali-
bration drift, or sensor noise.

The adaptation pipeline relies on one mapping design
(Attention UNet) trained with a simple reconstruction ob-
jective, which likely under-constrains the fine-grained geo-
metric detail needed for accurate localization. Fourth, the
evaluation of the mapping function was only done with a
non-corrupted camera modality, so it is unclear how well
the mapping would perform if the reference modality also
degrades or is affected by sensor degradation in the target
domain.

Additionally, the employed attention mechanism may
be insufficient for capturing the complex channel-wise and
spatial relationships required for precise BEV feature re-
construction.

Future Work Future work should explore a wider range
of degradation types and severities, and evaluate the map-
ping function under camera degradation in the target do-
main to test its robustness when the reference modality is
also affected by domain shift.

On the modeling side, a promising approach would be
to combine both pseudo-labeling and cross-modal feature
mapping. Using the pseudo-labeling approach to generate
supervisory signals for the degraded modality could help
to improve the quality of the mapped features, while the
cross-modal feature mapping could provide additional spa-
tial alignment and context that may be missing from the
pseudo-labels alone.

Additionally, future work could explore more sophisti-
cated architectures for the mapping function that better pre-
serve high-frequency BEV structure and local details, such
as using multi-scale feature fusion or incorporating tempo-
ral information to capture motion cues.

Finally, future work should also explore training the
mapping function with source domain labels to provide
stronger supervision for learning the cross-modal feature
mapping, which may help to improve the quality of the

mapped features and lead to better adaptation performance
in the target domain.
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Figure 7. Performance of pseudo-labeling approach across
different confidence thresholds. We experimented with differ-
ent confidence thresholds, and found that a threshold of 0.4 pro-
vided the best balance between precision and recall for the pseudo-
labels, leading to improved performance during fine-tuning of the
degraded modality encoder.

6. Camera-Pseudo Labeling

6.1. Confidence Threshold selection

We experiments with the following confidence thresholds
[0.05 0.1 0.15 0.2 0.25 0.3 0.35 0.4 0.45 0.5 0.55 0.6 0.65
0.7 0.75 0.8 0.85 0.9 0.95]. We calculated the precision and
recall of the pseudo-labels generated by the pre-trained de-
tector on the validation set for each confidence threshold.
We found that a confidence threshold of 0.4 provided the
best balance between precision and recall, thus the high-
est F1-score, leading to improved performance during fine-
tuning of the degraded modality encoder. The performance
of the pseudo-labeling approach across different confidence
thresholds is shown in Fig. 7.

7. Cross-Modal Feature Mapper

7.0.1. LiDAR degradation
To simulate the degradation of LiDAR data, we apply a
beam reduction technique to the original 32-beam LiDAR
data. This involves selecting a subset of the beams to cre-
ate a pseudo-LiDAR representation that mimics the charac-
teristics of lower-density LiDAR sensors. The selection of
beams is done in a way that maintains the spatial distribu-
tion of points while reducing the overall point cloud den-
sity. We apply this beam reduction technique in an online
manner during training, allowing the model to learn from

both the original and degraded LiDAR data. An algorith-
mic description of the beam reduction process is provided
in Algorithm 1. The beam selection is handled by using the
numpy library command linspace [13].

Algorithm 1: Spaced LiDAR Beam Reduction

Input: Point Cloud P ∈ RN×D with D dimensions
of (x, y, z, intensity, beam id), Total sensor
beams Ntotal, Number of beams to drop Ndrop

Output: Reduced Point Cloud Preduced

beam id← sort by beam id(P) // Sort
points by their beam ID
Idrop ← linspace(0, Ntotal − 1, Ndrop)
// Calculate indices to remove

foreach id ∈ Idrop do
P ← {p ∈ P | beam id(p) ̸= id} // Filter
points by beam ID

end
return P

An example of the result of this algorithm is shown
in Fig. 8, where we can see the original 32-beam LiDAR
point cloud and the resulting 8-beam point cloud after ap-
plying the beam reduction technique.

7.1. UNet Architecture
An Attention UNet [21] architecture is adopted for
the Cross-Modal Feature Mapper, which consists of an
encoder-decoder structure with skip connections. Attention
mechanisms are integrated into the skip connections to en-
hance the model’s ability to focus on relevant features dur-

Figure 8. Example of beam reduction technique. The left image
shows the original 32-beam LiDAR point cloud, while the right
image shows the resulting 8-beam point cloud after applying the
beam reduction technique.
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Figure 9. Architecture of the UNet-based Cross-Modal Feature
Mapper. The model consists of an encoder-decoder structure with
attention mechanisms integrated into the skip connections.

ing the feature mapping process. The UNet is designed to
take in BEV image feature maps and output pseudo-LiDAR
feature maps that closely resemble those generated by the
original LiDAR encoder. The attention mechanism takes as
input the upsampled feature maps from the decoder and the
corresponding feature maps from the encoder, and generates
an attention map that highlights the most relevant spatial re-
gions for reconstruction. Important to note is that the at-
tention map is generated for all channels, meaning we only
have one attention map per layer, per sample.

In figure 9 we have drawn an architectural diagram of
the UNet trained in this paper. The UNet has 4 levels
of downsampling and upsampling. We sample the BEV
image feature maps from W×H = 200×200 down in the
following order: ”200×200” → ”100×100” → ”50×50”
→ ”25×25”. The final output is upsampled back to
”200×200” to match the original BEV feature map size.
We have chosen the channel expansion as follows: 128 →
256→ 512→ 512 for the encoder, and the decoder mirrors
this structure in reverse.

Training is done using AdamW optimizer with learning
rate of 2e-3 and weight decay of 1e-1. We used CosineAn-
nealing as the learning rate scheduler, with warmup ratio
1e-4. The model is trained till convergence, thus for 5
epochs with a batch size of 5 on 2 Tesla V100-SXM2-32GB
GPUs. The loss function used is the MSE loss between
the UNet-generated pseudo-LiDAR features and the orig-
inal LiDAR features extracted by the pre-trained encoder as
seen in Equation 17.

Jmap(θ) =
1

N

N∑
i=1

∥L̂(EC(x
C))− EL(x

L)∥2 (17)

7.2. PTS Encoder retraining
For the PTS encoder retraining, we initialize the model with
the weights from the original 32-beam LiDAR encoder EL.
The training is conducted on the degraded 8-beam LiDAR
data, allowing the model to adapt to the new input dis-
tribution. The training is done using AdamW optimizer
with a learning rate of 1e-4 and weight decay of 1e-1. We
use CosineAnnealing as the learning rate scheduler with a
warmup ratio of 0.1. We used a batch size of 5, with conver-
gence reached after 26 epochs. The training is performed on
5 Tesla V100-SXM2-32GB GPUs. The loss function used
for retraining is the MSE loss as seen in Equation 18 be-
tween the features extracted by the retrained encoder and
the features outputted by the UNet.

Jretrain =
1

N

N∑
i=1

∥EL(z
L)− L̂(EC(z

C))∥2 (18)
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