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Abstract. Accurate predictions with well-calibrated uncertainties are
vital for safety-critical LIDAR scene understanding in autonomous driv-
ing and robotics. While Bayesian Neural Networks and deep ensembles
are effective, they are computationally expensive, requiring multiple for-
ward passes or independently trained models. We propose GMM-NIG; a
Bayesian generative classification head that extends the GMMSeg frame-
work by placing conjugate Normal-Inverse-Gamma (NIG) priors over
class-conditional GMM parameters to obtain posterior-predictive uncer-
tainty. While the backbone remains deterministic, GMM-NIG enables an-
alytic closed-form posterior updates in a single training run. In inference,
GMM-NIG yields a mixture of Student-t distributions, providing well-
calibrated predictive uncertainty without extra computational overhead.
On SemanticKITTI and nuScenes, GMM-NIG achieves state-of-the-art
calibration with an Adaptive Calibration Error of 2.01%, outperforming
deep ensembles, Monte Carlo Dropout, evidential models and post-hoc
calibration methods. Beyond calibration, it increases segmentation mloU
by nearly 6% and yields the strongest failure detection performance.

Keywords: Epistemic uncertainty - Confidence calibration - Segmenta-
tion - Generative classification - Gaussian Mixtures - Failure detection

1 Introduction

3D scene understanding from LiDAR point clouds is commonly addressed using
semantic segmentation models, with range-view representations widely adopted
due to their compact, information-rich panoramic encoding of LiDAR data, en-
abling real-time deployment [15[33]. However, these models are often trained as
point estimators, producing a single categorical distribution over classes, typi-
cally via a softmax layer. While these models achieve strong predictive perfor-
mance, their confidence estimates are often poorly calibrated, leading to overcon-
fident predictions even when they are incorrect. This limitation is particularly
critical in safety-sensitive applications, where reliable uncertainty estimation is
necessary to detect likely failure regions and prevent erroneous decision-making.
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Uncertainty in predictive models is generally categorized into aleatoric un-
certainty, arising from intrinsic noise or ambiguity in the observations, such as
noisy data or labels [60], and epistemic uncertainty, which reflects uncertainty in
model parameters, typically emerging in regions distant from the training distri-
bution or on unseen samples. Bayesian Neural Networks, including variational
inference [21], Monte Carlo dropout (MC Dropout) |17], and Laplace approxi-
mations [48|, provide a principled approach for modeling predictive uncertainty
but introduce substantial computational overhead due to additional variational
optimization or repeated stochastic forward passes at inference.

To address this, second-order predictive models have been proposed that rep-
resent predictions as distributions over class probabilities, enabling direct uncer-
tainty estimation in a single forward pass. Evidential Deep Learning (EDL) [49]
follows this direction, estimating parameters of a second-order Dirichlet distribu-
tion within a deterministic framework. While EDL enables efficient uncertainty
estimation, recent studies have questioned its theoretical consistency as a model
of epistemic uncertainty |[5}6,[25/39,/50]. In particular, these works argue that
second-order uncertainty learned solely through empirical risk minimization may
fail to recover the true predictive uncertainty and lacks guarantees of consistency
with Bayesian posterior inference. Consequently, EDL may behave more like an
energy-based model or an out-of-distribution detector rather than a principled
estimator of predictive uncertainty [50].

In this work, we introduce GMM-NIG, a sampling-free uncertainty estimation
framework for LIDAR semantic segmentation. Our method builds on the genera-
tive classification formulation of GMMSeg [34], which replaces the conventional
softmax classifier with class-conditional Gaussian mixture model (GMMs) in
the feature space. We extend it by modeling uncertainty over the Gaussian com-
ponent parameters. Specifically, we impose conjugate Normal-Inverse-Gamma
(NIG) priors over the component-wise means and variances and analytically
marginalize these parameters at inference time. This yields a mixture of Student-
t predictive densities, which provides calibrated predictive uncertainty without
stochastic sampling, model ensembling, or retraining.

Our main contributions, validated on two LiDAR datasets across both CNN-
and Transformer-based backbones and evaluated against established uncertainty
estimation baselines, are summarized as follows:

— Improved segmentation performance. Our proposed t-distribution pos-
terior predictive improves segmentation accuracy by modeling richer feature
distributions beyond discriminative classifiers.

— Reliable uncertainty estimation. GMM-NIG produces well-calibrated
uncertainty estimates and improves failure detection compared to existing
uncertainty-aware baselines.

— Single-forward uncertainty quantification. Our method enables samp-
ling free predictive uncertainty using a single deterministic forward pass,
achieving the theoretical benefits of Bayesian inference with the computa-
tional speed of a standard deterministic network.
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— Backbone-Agnostic Integration. Our approach can be seamlessly in-
corporated into CNN and Transformer-based segmentation models without
architectural redesign.

2 Related Works

2.1 Uncertainty Quantification in Semantic Segmentation

In early deterministic networks, uncertainty is often approximated using softmax
confidence or softmax entropy [23]. However, these measures are often poorly
calibrated |22]. To address this issue, some works explicitly model aleatoric un-
certainty to calibrate confidence [12}26,/41], though these methods necessitate
modifications to the training procedure.

Alternatively, post-hoc calibration methods, such as temperature scaling [22]
35|, calibrate model confidence by rescaling output logits using a learned pa-
rameter. Dirichlet calibration [29] extends this approach by modeling predictive
probabilities with a Dirichlet distribution and Depth-aware scaling [28] rescales
according to LiDAR depth. While simple and effective on in-distribution data,
these techniques fail to generalize under distribution shift [47] and lack explicit
uncertainty estimation.

Bayesian models capture epistemic uncertainty by inferring the posterior dis-
tribution of model parameters, yet exact inference remains intractable. Varia-
tional inference approximations, such as Bayes by Backprop [9], optimize the
Evidence Lower Bound to learn a family of tractable distributions over network
weights. Similarly, MC Dropout [17] interprets dropout as a variational approxi-
mation, estimating epistemic uncertainty by performing multiple stochastic for-
ward passes during inference with dropout activated. However, they often face
poor scalability to large models [18] and the computational overhead due to
repeated sampling [44].

Deep Ensembles (DEs) |31 are widely regarded as the gold standard for
uncertainty estimation by aggregating predictions from multiple independently
trained models [24}[32]. While empirical studies have consistently demonstrated
that DEs outperform MC Dropout [4L(1847], the need to retrain the model
multiple times leads to a computational cost that scales with both the ensemble
sizes and the complexity of the underlying architecture.

While these approaches have been primarily studied in image-based settings,
several works have adapted uncertainty estimation techniques to LIDAR seman-
tic segmentation.

2.2 LiDAR Semantic Segmentation

Range-view-based semantic segmentation models are commonly implemented
using CNN [11,/42,/56},/58/|61]. RangeNet++ [42] introduced an encoder—decoder
fully convolutional network, while SalsaNext [13] enhances contextual model-
ing through dilated convolutions that enlarge receptive fields. FIDNet [61] and
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CENet |11] adopt ResNet encoders with lightweight interpolation-based decoders
for efficient feature upsampling, and FRNet [59] further enhances segmentation
performance through feature refinement modules. Recent transformer-based ap-
proaches, including RangeViT |2| and RangeFormer [27], capture both local and
long-range contextual dependencies, addressing limitations of fully convolutional
architectures.

To incorporate the prediction uncertainty, MC Dropout has been considered
in SalsaNext [13] and subsequent studies [14], while DE has also been explored
for reliable LIDAR segmentation |16] as well.

Beyond sampling-based methods, evidential frameworks have been proposed
for LIDAR perception [1}/43}/52]. More recent works compare energy-based meth-
ods, ensembles, MC Dropout, and evidential learning on bird’s-eye view Li-
DAR segmentation [60], while Calib3D [28| investigates post-hoc calibration ap-
proaches for this task.

2.3 Generative Classifiers

However, the aforementioned segmentation approaches remain discriminative,
which output predictions directly using a softmax and focus solely on optimiz-
ing decision boundaries, often leading to overconfident predictions. To overcome
this limitation, several works in the image domain have explored generative clas-
sifiers that explicitly model latent feature distributions [46], particularly through
Gaussian and GMM-based approaches. However, some Gaussian-based classifiers
are still trained within discriminative frameworks [37,/46}/51,|54]. For instance,
DDU |[44] assumes that, once the model is trained discriminatively, the features
of each class follow a Gaussian distribution in the latent space, and uses this
assumption to estimate predictive uncertainty, although this assumption lacks
theoretical guarantees. In contrast, GMMSeg |34] performs semantic segmenta-
tion via likelihood-based training by modeling class-conditional features using
Gaussian mixtures instead of softmax normalization. However, the model pa-
rameters are still estimated deterministically (point estimation), limiting their
ability to represent epistemic uncertainty over distribution parameters.

The classification formulation of our work falls within the family of Bayesian
generative models, inferring posterior predictive distributions to deliver well-
calibrated outputs. However, unlike DE or MC dropout, our approach allows
for single-forward inference. This design combines computational efficiency with
Bayesian uncertainty estimation. Our proposed GMM-NIG head expects gaus-
sian feature space, for which we adopt GMMSeg [34] to ensure class-conditional
GMM in the latent feature space. The key difference is that GMMSeg esti-
mates the GMM parameters as deterministic point estimates, whereas GMM-
NIG places conjugate NIG priors over the component parameters and derives a
Student-t posterior predictive distribution by analytic marginalization.
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3 Methodology

We aim to offer an accurate and sampling-free framework for uncertainty esti-
mation in LiDAR scene segmentation. An overview of our approach is illustrated
in Fig.[1] with details described below.

Training with GMM per class via EM Bayesian inference over GMM parameters
Treat GMM parameters as random variables with a NIG priors

0% ~ Inv.Gamma (a, B) NIG
1o~ N, 02/K)

5D Range View Images .
(x_v,z,Rzgng,_R,ﬂ,m,?ce) @ Backbone for Feature Extraction

Probability Density

LiDAR @@ Features of each class
Point Cloud

Marginalizing over GMM parameters:
Predictive Distribution is a t-distribution, not a Gaussian distribution.

Softmax t-distribution

Fig. 1: Overview of our approach. For ambiguous points far from the cluster mean,
softmaz and GMM produce overconfident probabilities and low entropy (H). In con-
trast, our NIG-derived heavy-tailed ¢-distribution assigns lower probabilities, yielding
higher entropy and better-calibrated uncertainty.

3.1 Problem Definition

Let a raw LiDAR point cloud be represented as an unordered set P, where each
point contains its Cartesian coordinates (, y, z) and intensity 4, and is annotated
with a semantic label ¢ € {1,...,C}. We transform the unstructured point cloud
into a structured representation using spherical projection , which projects
each 3D point onto a 2D grid of resolution H x W. Each projected pixel is
represented by a 5D input feature vector (r,z,y, z,1), where r = /22 + y? + 22
denotes the range from the LiDAR sensor.

The resulting training data D = {(x,,c,)}Y_; consists of N pairs, where
each input x,, € REXWX5 is a projected range image with five input channels,
and ¢, € {1,...,C}H*W is the corresponding semantic label map. The goal is
to learn a model that predicts a semantic label ¢ € {1, ..., C} for any given pixel
with an input vector x’.

To this end, we employ a dense feature extractor fy
typically implemented as an encoder-decoder network, which maps an input

R HXW X5 HXW xD
'R —R ,
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image X to a spatial feature representation z = fp(x) € R¥*W*D_ Since the
spatial resolution remains unchanged in semantic segmentation tasks, we simplify
notation by omitting H and W, and treat each pixel’s feature vector as z € R”.

Conventional discriminative classifiers estimate the posterior distribution
p(c|z) by first mapping the feature vector z € R” to a set of class logits in
RC through a linear projection or 1 x 1 convolution, followed by a softmax
function to obtain class probabilities. In contrast, we adopt a generative clas-
sification approach that models the joint distribution p(z,c), by learning the
class-conditional p(z|c) and given the class prior p(c), which are commonly as-
sumed to follow a uniform distribution, also adopted in our work. The class
posterior is then obtained via Bayes’ rule:

p(zle)p(c) _ p(zlc)p(c) 1)
p(z) > p(zld)p(c)

p(clz) =

3.2 Generative Classification with GMMs

Inspired by GMMSeg [34], we model the features of each class ¢ using a GMM
composed of M multivariate Gaussian components in a D-dimensional latent
space. To address the practical challenges of directly training generative models
discussed in [§|, a hybrid approach is adopted, combining the Sinkhorn-EM al-
gorithm [40] for GMM parameter estimation, with discriminative training of a
dense feature extractor fy. Specifically, the likelihood of a pixel-level feature vec-
tor z € RP for class c is expressed as: p(z | ¢; ¢,.) = an\le Tem N (25 o s Xem) s
where 7., denotes the mixing weight of the m-th Gaussian component of the
class ¢, subject to the simplex constraint > ., = 1. The terms p.,, € RP,
Xom € RPXP represent the mean and covariance, respectively. We denote the
complete set of parameters for the GMM of class ¢ as ¢, = {Tem, Bems Zem F_q.

Sinkhorn-EM algorithm [40|] formulates the E-step as an entropy-regularized
optimal transport problem solved via Sinkhorn iterations. This replaces point-
wise posterior responsibilities with globally coupled, balanced assignments, yield-
ing improved numerical stability and convergence in high-dimensional latent
spaces. In this formulation, the mixture weights are assumed to be uniform,
ie., Tem = ﬁ, such that class priors are handled exclusively at the semantic
prediction stage rather than within the class-conditional GMM.

The Sinkhorn-EM procedure is coupled with discriminative supervision. Mo-
tivated by the improved calibration properties of Focal Loss |36], we propose the
joint loss function as:

Etotal - )\g ACEM + )\d (ACLovasz + ACFocal) 5 (2)

where Lgy denotes the negative expected log-likelihood of the GMM under the
Sinkhorn assignments: Ly = — Zle D ie,—c 108 Z%Zl Tem N (2i; e, Zem)

where z; denotes the deep feature extracted from the i-th input, and ¢; €
{1,...,C%} is the corresponding ground-truth class label. The discriminative su-
pervision is explicitly constructed as the sum of the multi-class Lovasz-Softmax
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loss |7] and the focal loss [36], both computed using ground-truth semantic labels.
The scalars Ay and Ag control the balance between generative feature modeling
and discriminative segmentation performance. Importantly, GMMSeg treats the
GMM parameters p and Y as deterministic point estimates, limiting its ability
to estimate the uncertainty over model parameters.

3.3 Epistemic Uncertainty Estimation

Unlike conventional GMM-based classifiers using point estimates, we treat the
GMM parameters ., and X.,, as random variables with their own distribu-
tions. This allows us to express uncertainty over the parameters themselves. Note
that this uncertainty is defined at the level of the GMM classifier head and is not
interpreted as a full Bayesian treatment of the segmentation backbone. Formally,
we place a conjugate prior over the mean and covariance of each Gaussian. As-
suming that a feature vector assigned to a component (¢, m) follows a Gaussian
distribution (we omit the subscripts cm for brevity), z ~ N (u, X), the conjugate
prior on the component parameters is the Normal-Inverse-Wishart (NIW) distri-
bution [19,45]: u|X ~ N (g, X/ko), X ~ InvWishart(¥, vp), where p, € RP
and ¥y € RP*P denote prior location and scale, while kg > 0 and vy > D — 1
control the prior precision and degrees of freedom.

Given an observed dataset D of N feature vectors, with empirical mean z
and empirical covariance S, the resulting posterior distribution will also be a
NIW distribution: (u,3|D) ~ NIW (L, &, 7, i?), where the posterior parameters
are updated analytically as:

N
h=ro+ N, ="t t2E
oy ®)
koIN
D=1+ N, U=0i+S+—(z—py)(z— p)
o+ N

This posterior defines a higher-order distribution over the GMM compo-
nent parameters, capturing the epistemic uncertainty associated with the class-
conditional likelihood p(z|c). Intuitively, the updated hyperparameters (£, ) can
be interpreted as evidence accumulated from N observed samples, reflecting how
confidently the model estimates each component’s mean and covariance.

In the special case where feature dimensions are modeled independently, the
multivariate Gaussian reduces to a product of univariate Gaussians. The corre-
sponding conjugate prior becomes the Normal-Inverse-Gamma (NIG) distribu-
tion |19,45|, where for each scalar feature z € R, (u,0?) ~ NIG(uo, Ko, @0, Bo),
and the posterior hyperparameters are updated as:

N
F=ro+ N, p= 7“0:OJN &
0
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In a standard full-covariance setting governed by NIW priors, the predictive
distribution takes the form of a multivariate Student-t. In this work, under the
assumption of feature independence, employing NIG priors, the multivariate
posterior predictive density factorizes into a product of D independent univariate
Student-t distributions. For a specific component m of class ¢, this is given by:

p(zle,m, D) = / / Pzl S)p(p, Zle, m, D)dudS

D () 1) 4@ (5)
_ () ey (Fem + D)fem o a)
- H T(Z |Mcm7 /A{(d)d(d) ?2acm)
d=1 cmtem
Mixing all Gaussian components of the (ij}th class GMM, the class-conditional
likelihood p(z|c; @) reads: p(z | ¢) = >, | Temp(z | ¢,m, D) and applying
Bayes’ rule (Eq. ) gives the corresponding posterior p(c|z), which reflects
uncertainty in the underlying generative model. Finally, predictive uncertainty
is quantified as the Shannon entropy of the predictive distribution:

C

H(clz) = — Zp(c|z) log p(c|z). (6)

c=1

4 Experimental Setup

Datasets and network architectures We evaluate our proposed method in
LiDAR semantic segmentation on the official validation split of SemanticKITTI
[3] and nuScenes |10|, which provide dense point-wise semantic annotations for
LiDAR scans collected in diverse real-world driving scenarios. Each 3D scan is
projected into a range-view image of size 64(H) x 1024(W) x5 for SemanticKITTI
and 32(H) x 1024(W) x 5 for nuScenes with five input features, which are an-
notated in 20 and 16 classes, respectively.

We employ three backbones that have shown the state-of-the-art LiDAR se-
mantic segmentation performance: RangeFormer 27|, a hierarchical transformer-
based architecture, RangeViT [2|, a generic Vision Transformer (ViT) architec-
ture and SalsaNext [13]|, a CNN-based model with a U-Net-style architecture.
All models extract features of dimension D = 64 and are trained using the
multi-class loss function from Eq. , where A\, = 0.1 and A\g = 0.9. We use the
AdamW |38| optimizer with an initial learning rate of 0.01 and utilize OneCycle
learning rate scheduler [53| to adaptively adjust the learning rate during training.
The models are trained with a batch size of 4 for 50 epochs on SemanticKITTI
and 80 epochs on nuScenes. The number of Gaussian components per class is
treated as a hyperparameter and is set to M = 3 in all experiments to optimize
both segmentation and calibration, following the ablation study in Sec. [6.1]

To address the generalization of the proposed uncertainty head beyond range-
view architectures, we additionally evaluate GMM-NIG on two more recent 3D
segmentation backbones: PTv3 [57] and SphereFormer [30]. PTv3 is a point-
based transformer architecture, while SphereFormer is a sparse-voxel/spherical
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transformer architecture. For these experiments, we attach the GMM-NIG head
to the penultimate feature representation of each backbone.

4.1 Comparative Methods

We evaluate our method against established uncertainty estimation baselines.
For deterministic approaches, we consider Maximum Softmax Probability (MSP)
entropy [23], both uncalibrated and with post-hoc temperature scaling [22],
Dirichlet scaling [29], and depth-aware scaling [28]|. For the sampling-based
family, we evaluate MC Dropout (10 stochastic forward passes) [17] and DE
(5 independently trained models) [31]. Among sampling-free distribution-aware
approaches, we include EDL [49]. Furthermore, to validate our contributions,
we compare the GMMSeg [34] in its original point-estimation form with our
Bayesian GMM-NIG formulation.

4.2 Evaluation Metrics

We assess the calibration of the predictive distribution using the Adaptive Cal-
ibration Error (ACE), which is the discrepancy between predicted confidence
and empirical accuracy over adaptively defined bins as: ACE = % Zszl |con fir, —
acck|, where K is the number of non-empty bins, conf; and accy are the aver-
age confidence and accuracy within bin k, respectively. Reliability diagrams are
further used to analyze over- and underconfidence behavior. Segmentation per-
formance is measured by mean Intersection over Union (mIoU). Failure detection
is formulated as a binary task (correct vs. incorrect predictions) and evaluated
using Area Under the Receiver Operating Characteristic Curve (AUROC) and
Area Under the Precision-Recall Curve (AUPR).

5 Experimental Results

We conduct a comprehensive empirical evaluation to support the three main
claims presented in Sec. [ corresponding respectively to Sec. Sec. and
Sec. To support our fourth claim, we simultaneously consider both CNN-
based and Transformer-based backbones in all experiments, demonstrating the
backbone-agnostic nature of our approach. Additionally, qualitative visualiza-
tions (Sec. further confirm that predicted uncertainty aligns with semanti-
cally ambiguous regions. We further investigate factorized and low-rank GMM
covariance structures for modeling class-conditional distributions (see Sec. .
Based on this analysis, the experiments adopt the factorized formulation due to
its favorable trade-off between performance and computational efficiency.

5.1 Segmentation Accuracy

To support our first claim regarding the improved segmentation accuracy, Tab.
presents results on SemanticKITTT across three backbones. Overall, GMM-NIG
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consistently achieves the highest mloU on all architectures, with DE as the
second-best method. Specifically, for RangeFormer, mIoU improves from 63.60%
(MSP) to 65.71% (+2.11% gain), while DE provides a +1.31% gain at roughly 5
times higher inference cost and the additional overhead of training multiple mod-
els. Similar improvements are observed for RangeViT and SalsaNext, confirming
that our proposed posterior predictive formulation improves segmentation accu-
racy over both deterministic and sampling-based approaches.

On nuScenes (Tab. , the same pattern holds: although DE improves over
the deterministic baseline, GMM-NIG attains higher mIoU than DE while main-
taining inference time comparable to the standard single deterministic approach.

Table 1: Quantitative comparison on the validation set of SemanticKITTI. Best results
are highlighted in bold, second-best in blue, and non-real-time inference in red.

Backbone ‘Uncertainty Estimation Method‘Segmentatlon‘Cahbratlon‘ Failure Detection ‘Runtime (s) L
\ | mIoU (%) 1 |ACE (%) ||AUROC (%) + AUPR (%) 1]
MSP Entropy (uncalibrated) 63.60 4.97 81.93 37.33 0.21 £0.01
Temperature Scaling 63.60 4.28 82.24 37.91 0.22 +£0.02
Dirichlet Scaling 63.60 4.36 82.01 37.31 0.21 +£0.01
N Depth-aware Scaling 63.60 4.11 82.36 38.01 0.23+0.01
Ra‘f:i‘\”;‘;] EDL 63.51 401 81.80 37.77 0.25+0.01
Deep Ensembles(DE) 64.91 2.81 87.61 48.07 1.31 £0.03
MC Dropout 64.18 3.21 84.90 46.61 2.18 £0.03
GMMSeg 63.90 3.88 86.11 47.01 0.22 +£0.03
GMM-NIG (Ours) 65.71 2.01 89.01 53.33 0.23 +£0.03
MSP Entropy (uncalibrated) 57.58 5.51 81.07 35.01 0.38 £0.02
Temperature Scaling 57.58 4.77 82.03 35.22 0.38 +0.01
Dirichlet Scaling 57.58 6.91 80.36 34.77 0.38 +£0.02
aneaVi Depth-aware Scaling 57.58 4.61 82.05 35.31 0.39 +£0.01
R[i’\‘ii\{/‘; EDL 57.33 5.83 81.02 36.03 0.41+0.01
Deep Ensembles(DE) 61.88 4.30 87.90 41.03 1.96 +0.02
MC Dropout 56.58 3.88 87.21 40.31 3.61 £0.03
GMMSeg 61.01 6.02 81.34 41.67 0.41 +£0.02
GMM-NIG (Ours) 62.88 2.68 88.56 45.36 0.40 £ 0.03
MSP Entropy (uncalibrated) 55.21 6.03 81.60 38.70 0.23 £0.02
Temperature Scaling 55.21 5.28 82.08 39.03 0.23 £0.01
Dirichlet Scaling 55.21 5.71 81.74 38.71 0.22 +£0.02
e : Depth-aware Scaling 55.21 4.98 82.33 39.41 0.24 £0.01
Sﬂ;fffﬁz EDL 55.63 5.32 79.91 35.03 0.25+0.01
Deep Ensembles(DE) 57.83 3.33 81.77 41.78 1.45 4+ 0.02
MC Dropout 55.10 4.43 84.75 41.90 2.21 +£0.02
GMMSeg 57.01 6.67 84.11 41.00 0.23 £0.02
GMM-NIG (Ours) 57.96 2.10 86.32 53.68 0.24 +£0.02

5.2 Confidence Calibration and Failure Detection

To address our second claim, we evaluate two aspects of the predictive distri-
bution: (i) confidence calibration, where confidence is defined as the maximum
posterior probability, and (ii) failure detection, utilizing the entropy of the pre-
dictive distribution as a proxy for uncertainty. The former assesses how well
predicted probabilities align with the observed accuracy, while the latter evalu-
ates how entropy correlates with prediction errors.

Overall, Tab. [I] shows that GMM-NIG consistently achieves the lowest cali-
bration error across all backbones (2.01%, 2.68%, and 2.10%). Among the base-
lines, MSP yields the poorest calibration, while adding post-hoc methods helps
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Table 2: Quantitative comparison on the validation set of the nuScenes dataset.

Failure Detection ‘Time (s) |

Backbone ‘Uncertainty Estimation Method‘Segmentatlon‘Callbratlon‘
| | mIoU (%) t |ACE (%) ||AUROC (%) 1 AUPR (%) 1|
MSP Entropy (uncalibrated) 79.81 3.57 86.00 44.08 0.16 +0.02
RangeFormer|Deep Ensembles(DE) 80.11 2.01 88.90 51.50 0.98 +0.03
GMM-NIG (Ours) 80.18 1.97 91.08 55.21 0.18 £0.01
MSP Entropy (uncalibrated) 73.81 3.71 84.21 40.33 0.25+0.1
RangeViT  |Deep Ensembles(DE) 74.21 2.90 87.21 44.03 1.31£0.2
GMM-NIG (Ours) 75.88 1.26 87.40 47.01 0.314+0.1
MSP Entropy (uncalibrated) 69.99 6.03 83.00 39.56 0.154+0.1
SalsaNext Deep Ensembles(DE) 70.70 3.33 85.38 43.99 0.86 + 0.1
GMM-NIG (Ours) 71.23 2.10 86.10 54.21 0.18£0.2

—=— GMM-NIG (Ours)

—— Msp —— DE
-~ Best Calibration -~ Best Calibration -~ Best Calibration
08 08 08
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5 / o e
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/ / 2
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(a) Softmax Probability (MSP) (b) Deep Ensembles (DE) (c) GMM-NIG (ours)

Fig. 2: Reliability diagrams comparison (RangeViT backbone, SemanticKITTI data).

to reduce ACEs. Although DE and MC Dropout improve calibration by captur-
ing epistemic uncertainty, they still result in larger ACEs compared to our ap-
proach. Notably, GMM-NIG outperforms its non-Bayesian counterpart (GMM-
Seg), demonstrating the merit of modeling second-order distributions.

Fig. [2| compares reliability diagrams for the RangeViT backbone, contrasting
our GMM-NIG model with MSP and the gold-standard DE. As illustrated in
Fig. 2B} DE reduces the calibration gap compared to MSP, yet still exhibits a
significant deviation from the ideal calibration line, indicating a higher calibra-
tion error and a clear tendency toward overconfidence. In contrast, our method,
shown in Fig. demonstrates markedly improved calibration. The predicted
confidence aligns more closely with the observed accuracy, yielding a lower ACE.
Notably, our model tends to be slightly underconfident, reflecting a more con-
servative and reliable uncertainty estimation.

To evaluate the predictive uncertainty for failure detection, Tab. [I| summa-
rizes the results on SemanticKITTI. Our method consistently outperforms the
comparative methods across all backbones. On RangeFormer, AUROC improves
from 87.61% (DE) to 89.01%, and AUPR increases from 48.07% to 53.33%.
Comparable improvements are observed for RangeViT and in SalsaNext, only
MC Dropout slightly outperforms DE. This highlights that our approach distin-
guishes erroneous predictions by assigning them higher uncertainty. The same
behavior is consistently observed on nuScenes (Tab. [2).
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Table 3: Generalization across LiDAR representation on SemanticKITTI.

Backbone ‘Uncertainty Estimation Method‘Segmentatlon‘Callbratxon‘ Failure Detection
| mIoU (%) t |ACE (%) ||AUROC (%) t AUPR (%)
. R MSP Entropy (uncalibrated) 71.20 6.81 81.65 40.22
3 571 icver:
P1v3 [57] [overe2a ‘GMM—NIG (Ours) 71.86 3.09 88.20 52.05
§ - y ....|MSP Entropy (uncalibrated) 66.01 4.67 80.00 38.05
SphereFormer [30] [OVPR23]) o\ i1 N1G (Ours) 66.90 2.08 87.08 53.26

5.3 Generalization to 3D Backbones

To further address whether the proposed uncertainty head generalizes beyond
the range-view backbones used in the main experiments, we evaluate GMM-NIG
on PTv3 [57] which directly processes point-based representations and Sphere-
Former [30] which operates with sparse voxel features. As shown in Tab.
replacing the deterministic confidence estimate with the proposed GMM-NIG
posterior predictive consistently reduces ACE by roughly 5% and improves fail-
ure prediction for both architectures, indicating that the benefit is not tied to a
specific range-view representation or backbone design.

5.4 Performance vs. Efficiency

To validate our third claim, we compare the average inference time for a sin-
gle LIDAR scan as shown in the last column of Tab. [T} Across all backbones,
the computational cost results clearly reflect the overhead imposed by sampling-
based methods. DE and MC Dropout are the least efficient approaches, with
inference times increasing by an order of magnitude due to multiple forward
passes (e.g., 1.96s and 3.61s for RangeViT compared to other methods around
0.23s). In contrast, our method requires only a single forward pass and achieves
runtime comparable to deterministic models (0.2 — 0.4s per scan), while simul-
taneously surpassing both deterministic and sampling-based methods across all
performance metrics. This combination of efficiency and superior uncertainty
estimation makes it uniquely suited for real-time safety-critical applications.

While post-hoc methods and EDL offer superior inference efficiency, they pro-
vide limited improvement in confidence calibration and failure detection. Post-
hoc techniques improve calibration without significantly enhancing failure detec-
tion, and EDL—despite its Dirichlet formulation—does not consistently surpass
deterministic baselines in either metric.

5.5 Qualitative Results

Fig. [3 illustrates the correlation between GMM-NIG’s predictive uncertainty
and actual errors. The uncertainty map (Fig. effectively localizes prediction
failures, with high uncertainty mirroring the error map (Fig. at class bound-
aries and misclassified regions like buildings and trunks. We further compare
GMM-NIG with DE on a representative range-view image in Fig. [4] highlighting
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Fig. 3: GMM-NIG uncertainty vs. prediction errors for a representative LIDAR scan.
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Fig. 4: Predictive uncertainty and actual errors (dashed yellow ) for GMM NIG vs.

Deep Ensembles. A other vehicle , | building , , terrain

an example when DE fails to reflect uncertainty for the highlighted trailer mis-
classified as a car, whereas GMM-NIG assigns appropriately high uncertainty.

Qualitative analysis (including additional results in the supplementary ma-
terial) reveals two consistent improvements. First, in ambiguous regions (e.g.,
parking—sidewalk or terrain-vegetation), DE and MC Dropout often produce
overconfident misclassifications, whereas GMM-NIG better distinguishes these
classes, supporting our first claim on accuracy. Second, in cases of inherent am-
biguity where GMM-NIG also misclassifies (Fig. [4)), it assigns significantly higher
uncertainty to such predictions. In contrast, baselines often produce confident
errors, validating our second claim regarding improved reliability.

5.6 Factorized vs. Low-rank Covariance

To evaluate the trade-off between modeling capacity and computational effi-
ciency, we compare two covariance parameterizations for our GMM-based classi-
fier: (i) a factorized formulation, modeling each feature dimension independently,
and (ii) low-rank covariance approximation, where each class—component covari-
ance matrix is represented in low-rank form following the Mixture of Factor
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Analyzers model [20]: Y., = Po P} + Depn, where P, € RP*E is the factor
loading matrix with rank R (with R being a hyperparameter and R < D), and
D¢y = diag(eem) € RP*P is a diagonal matrix representing the independent
stochastic error of each feature dimension, which models the residual variability

not explained by the low-rank factors.

Table 4: Quantitative comparison between factorized and low-rank Gaussian models.

Model mIoU(%)t ACE(%)| FLOPs(G).
GMM-NIG (factorized) 57.96 2.10 63.16
GMM-NIW (low-rank, R=8) 58.01 2.87 66.18
GMM-NIW (low-rank, R=12) 57.33 2.81 67.94

For computational efficiency during the Sinkhorn-regularized E-step, we com-
pute log-densities using the Woodbury matrix identity [55] and the matrix de-
terminant lemma. In the M-step, the update is performed by projecting the
weighted empirical covariance onto the low-rank structure via truncated eigen-
decomposition. Given hardware constraints (32 GB NVIDIA RTX 3060), we eval-
uated low-rank covariance models with ranks R = 8 and R = 12, and compared
them against the factorized Gaussians using the SalsaNext backbone. Tab. [ re-
ports the segmentation accuracy (mloU), calibration (ACE), and computational
cost in FLOPs, measured for a single forward pass with batch size B = 1.

Overall, the factorized formulation achieves superior calibration, while the
low-rank variants slightly improve accuracy at the cost of higher complexity.
Specifically, the rank-8 model attains a marginal mIoU gain of 0.05% but ex-
hibits a degradation in ACE (0.77%). Increasing the rank to R = 12 does not
improve mloU and instead worsens calibration. Both low-rank configurations in-
cur additional computational overhead. In contrast, the factorized counterpart
provides the best calibration and lowest FLOPs, representing the most efficient
and well-calibrated configuration.

6 Ablation Study

6.1 Effect of the Number of Gaussian Components

We study the impact of varying the number of Gaussian components per class
in the GMM-NIG model, represented in Tab. [}] Using a single Gaussian per
class (M = 1) yields the lowest performance (54.3% mloU, 3.04% ACE). In-
creasing M to 3 substantially improves both segmentation accuracy and cali-
bration (57.96% mloU, 2.10% ACE), confirming the benefit of modeling class
multimodality. However, further increasing M to 5 or 10 yields only marginal
or even negative gains, likely due to model overparameterization and reduced
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stability. Consequently, we set M = 3 as the default configuration, which offers
a favorable balance between performance and computational efficiency. It is also
worth noting that this hyperparameter affects both training and inference time.
Additional ablation studies are provided in the supplementary material.

Table 5: Ablation study on the number of GMM components per class for SalsaNext.

Components mIoU (%) © ACE (%) |

1 54.3 3.04
3 57.96 2.10
5 56.21 2.01
10 56.33 2.86

7 Conclusion

We presented GMM-NIG, a Bayesian generative classifier that estimates sa-
mpling-free predictive uncertainty with a single deterministic forward pass. Fol-
lowing the GMMSeg generative classifier to model features for each class, we
place conjugate NIG priors over class-conditional GMM parameters. By ana-
lytically marginalizing these parameters, our method replaces point-estimated
Gaussians with a t-distribution posterior predictive, yielding calibrated con-
fidence and a reliable uncertainty measure without the runtime and training
overhead of MC Dropout or deep ensembles.

Across SemanticKITTI and nuScenes, and for both CNN (SalsaNext) and
Transformer (RangeViT /RangeFormer) backbones, GMM-NIG counsistently im-
proves accuracy, achieves state-of-the-art calibration and failure detection, and
matches the runtime of deterministic inference while avoiding the training and
latency costs of sampling-based baselines.

Overall, GMM-NIG bridges the gap between fast discriminative segmentation
and Bayesian uncertainty estimation by providing an analytic posterior predic-
tive layer that is easy to integrate, robust across architectures, and effective on
large-scale LiDAR benchmarks. It is broadly applicable to other classification
tasks, as it makes no assumptions specific to LIDAR input data.
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