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Abstract

Quantifying the predictive uncertainty emerged as a possible solution to common challenges like overconfidence, lack of
explainability, and robustness of deep neural networks, albeit one that is often computationally expensive. Many real-world
applications are multi-modal in nature and hence benefit from multi-task learning. In autonomous driving or robotics, for
example, the joint solution of semantic segmentation and monocular depth estimation has proven to be valuable. To this end, we
introduce EMUFormer, a novel student-teacher distillation approach for efficient multi-task uncertainties in the context of joint
semantic segmentation and monocular depth estimation. By leveraging the predictive uncertainties of the teacher, EMUFormer
achieves new state-of-the-art results on Cityscapes and NYUv2 and additionally estimates reliable predictive uncertainties
for both tasks that are comparable or superior to a Deep Ensemble despite being an order of magnitude more efficient
to compute. These findings even extend to out-of-domain and domain adaptation scenarios, highlighting EMUFormer’s
remarkable reliability.

Keywords Uncertainty Quantification - Semantic Segmentation - Monocular Depth Estimation - Knowledge Distillation -
Out-of-Domain - Domain adaptation.

1 Introduction likowski et al., 2022), and struggle to distinguish between

in-domain and out-of-domain samples (Lee et al., 2018),

Due to their unparalleled performance in fundamental per-
ception tasks like semantic segmentation (Minaee et al.,
2022) or monocular depth estimation (Dong et al., 2022),
deep neural networks are increasingly being deployed in
real-time and safety-critical applications such as autonomous
driving (McAllister et al., 2017), industrial inspection (Heiz-
mann et al., 2022; Steger et al., 2018), and automation
(Landgraf et al., 2023). However, they often suffer from
overconfidence (Guo et al., 2017), lack explainability (Gaw-
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which is of paramount importance for applications where
prediction reliability is crucial. Since incorrect predictions
can lead to severe consequences, previous work suggests that
quantifying the uncertainty inherent in a model’s prediction is
a promising endeavor to make such applications safer (Land-
graf et al., 2024a,b; Lee et al., 2018; Leibig et al., 2017,
Loquercio et al., 2020; Mukhoti & Gal, 2018; Mukhoti et
al., 2023). In autonomous driving, for instance, the car could
provide feedback to the driver when it is uncertain or preemp-
tively make risk-averse predictions based on the uncertainty.

In recent years, a number of promising uncertainty quan-
tification methods for deep neural networks have been
proposed (Amini et al., 2020; Gal & Ghahramani, 2016; Lak-
shminarayanan et al., 2017; Liu et al., 2020; MacKay, 1992;
Mukhoti et al., 2023; Valdenegro-Toro, 2023; Van Amers-
foort et al., 2020). Unfortunately, these methods either
introduce technical complexity or require computationally
expensive sampling from a stochastic process to estimate the
uncertainty of a prediction. Additionally, they do not exploit
that many real-world applications in robotics (Nekrasov et
al., 2019) or autonomous driving (Chen et al., 2018) are
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Table1 Overview of the segmentation (Seg.), depth estimation (Depth)
and uncertainty quantification (Pred. Unc.) capabilities as well as the
respective number of parameters, FLOPs and FPS for different single-
task and multi-task models and their respective Deep Ensemble (DE)
versions with 10 members. SegFormer (Xie et al., 2021) and Depth-

Former represent single-task models, whereas SegDepthFormer and
EMUFormer depict multi-task models. B2 represents the medium-sized
encoder of SegFormer, which was used for all models. Results are based
on single-scale inference conducted on the NYUv2 (Silberman et al.,
2012) dataset using an NVIDIA A100 GPU

Seg. Pred. Unc. Depth Pred. Unc. Parameters FLOPs FPS
a) SegFormer-B2 Xie et al. (2021) v X X X 27.3M 72.6G 55.3
b) DepthFormer-B2 X X v X 27.3M 72.1G 57.1
c¢) SegDepthFormer-B2 v X v X 30.5M 120.1G 44.8
DE of a) v v X X 273.6M 726.4G 5.6
DE of b) X X v v 273.5M 720.8G 7.2
DE of ¢) v v v v 305.1M 1201.1G 4.9
EMUFormer-B2 (Ours) v v v v 30.5M 120.1G 44.8

multi-modal in nature and, hence, have the potential to ben-
efit from multi-task learning, especially within the context
of semantic segmentation and monocular depth estimation
(Chen et al., 2018; Nekrasov et al., 2019). Although there
have been successful attempts to make uncertainty quantifi-
cation methods more efficient through knowledge distillation
(Besnier et al., 2021; Holder & Shafique, 2021; Landgraf et
al., 2024b; Shen et al., 2021; Simpson et al., 2022), they
have either focused on semantic segmentation (Landgraf et
al., 2024b; Besnier et al., 2021; Holder & Shafique, 2021;
Shen et al., 2021) or monocular depth estimation (Shen et
al., 2021; Simpson et al., 2022). This represents a notable
research gap in the current literature.

Our contributions can be summarized as follows:

e We propose a novel student-teacher distillation approach
for Efficient Multi-task Uncertainties for joint seman-
tic segmentation and monocular depth estimation with
a modern Vision TransFormer, which we call EMU-
Former.

e We highlight the generalizability and reliability of EMU-
Former on two out-of-domain scenarios: Foggy Citysc-
apes (Sakaridis et al., 2018) and Rainy Cityscapes (Hu et
al., 2019).

e We assess the domain adaptation capabilities of EMU-
Former. This work introduces a novel perspective for
evaluating efficient uncertainty quantification methods. It
emphasizes their capacity to adapt efficiently to domain
shifts without requiring extensive re-training or re-
distillation efforts.

e We show that by leveraging the predictive uncertainties
during training through the use of the Gaussian Negative
Log-Likelihood loss, EMUFormer achieves state-of-the-
art results on Cityscapes and NYUv2, while providing
high-quality uncertainties with a single forward pass.

@ Springer

As Table 1 demonstrates, EMUFormer is able to estimate pre-
dictive uncertainties for both tasks that are comparable to the
Deep Ensemble teacher despite being an order of magnitude
more efficient to compute.

Please note that only the second and third contributions
are novel to this work, while the others have been previously
published in Landgraf et al. (2024).

2 Related Work

In this section, we summarize the related work on joint
semantic segmentation and monocular depth estimation,
uncertainty quantification, and knowledge distillation.

2.1 Joint Semantic Segmentation and Monocular
Depth Estimation

Semantic segmentation and monocular depth estimation are
both fundamental problems in image understanding that
involve pixel-wise predictions based on a single input image.
Motivated by the strong correlation and complementary
properties of the two tasks, multiple previous works have
focused on solving both tasks jointly (Bruggemann et al.,
2020; Briiggemann et al., 2021; Gao et al., 2022; He et al.,
2021; Ji et al., 2023; Jiao et al., 2018; Kendall et al., 2018;
Lin et al., 2019; Liu et al., 2018, 2019; Mousavian et al.,
2016; Nekrasov et al., 2019; Wang et al., 2015; Xu et al.,
2018, 2022). General multi-task approaches with joint rep-
resentation sharing (Zhang & Yang, 2021) or methods that
leverage the depth map to improve the semantic segmenta-
tion prediction (Hu et al., 2018; Wang et al., 2021) are not
relevant for our work and, therefore, are not covered by this
review.

Wang et al. (2015) and Liu et al. (2018) propose frame-
works for combining semantic segmentation and monocular
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depth estimation using conditional random fields. In contrast,
Mousavian et al. (2016) train parts of the model for each task
separately and then fine-tune the full model on both tasks with
a single loss function. Multiple previous works introduce
attention mechanisms to improve the results (Briiggemann et
al., 2021; Gao et al., 2022; Jiao et al., 2018; Liu et al., 2019).
Gao et al. (2022) and Kendall et al. (2018) introduce confi-
dences to weight the individual losses accordingly. Xu et al.
(2018) propose a multi-task prediction-and-distillation net-
work, where the predictions of intermediate auxiliary tasks
are the multi-modal input for the final task — a concept that
others (Nekrasov et al., 2019; Vandenhende et al., 2020) fol-
lowed as well. Finally, there are multiple works (He et al.,
2021;Jietal., 2023; Lin et al., 2019) that propose specialized
architectures, focusing on task-relevant feature separation,
geometric constraints, and dynamic loss balancing, respec-
tively.

Remarkably, most of the discussed approaches use older
CNN-based architectures and require complex adaptations
to either the model, the training process, or both. To advance
the state of the art, we adapt a relatively recent Vision-
Transformer-based architecture, similar to Xu et al. (2022),
which offers strong accuracy—efficiency trade-offs. Also, to
maintain methodological simplicity and transparency of the
results, we do not use cross-task attention mechanisms, con-
trastive self-supervised learning algorithms, or a demanding
loss weighting strategy like that of Kendall et al. (2018),
and nevertheless achieve superior results. However, these
strategies could be applied to our method as well, potentially
further improving the results.

2.2 Uncertainty Quantification

A variety of uncertainty quantification methods (Amini et
al., 2020; Gal & Ghahramani, 2016; Lakshminarayanan et
al., 2017; Liu et al., 2020; MacKay, 1992; Mukhoti et al.,
2023; Valdenegro-Toro, 2023; Van Amersfoort et al., 2020)
address the shortcomings of deep neural networks. Predictive
uncertainty can be decomposed into aleatoric and epistemic
uncertainty (Gal, 2016), which is essential for applications
like active learning and detecting out-of-distribution samples
(Gal et al., 2017; Schwaiger et al., 2020). Aleatoric uncer-
tainty captures the irreducible data uncertainty, such as image
noise or noisy labels from imprecise measurements. Epis-
temic uncertainty accounts for the model uncertainty and
can be reduced with more or better training data (Gal, 2016;
Kendall & Gal, 2017).

Most well-known uncertainty quantification methods requ-
ire multiple forward passes at test time, making them com-
putationally expensive. For instance, Gal and Ghahramani
(2016) propose Monte Carlo Dropout (MCD) as an approx-
imation of a stochastic Gaussian process. While dropout is
usually only used for regularization during training (Srivas-

tava et al., 2014), MCD applies this technique during test
time to sample from the posterior distribution of the pre-
dictions at test time. Although MCD is easy to implement
and thus very popular, Deep Ensembles (Lakshminarayanan
et al., 2017) are commonly regarded as the state-of-the-art
approach for uncertainty quantification across varying tasks
(Gustafsson et al., 2020; Ovadia et al., 2019; Wursthorn et al.,
2022, 2024). They consist of an ensemble of trained models
that generate diverse predictions due to the introduction of
randomness through random weight initialization or different
data augmentations during training (Fort et al., 2020).

Due to the impracticality of multiple forward passes in
time-critical applications, there’s interest in deterministic
single forward-pass methods. Van Amersfoort et al. (2020)
and Liu et al. (2020) consider distance-aware output layers
in the form of radial basis functions or Gaussian processes
for uncertainty quantification. Mukhoti et al. (2023) propose
an alternative approach with Gaussian Discriminant Anal-
ysis post-training. Valdenegro-Toro (2023) proposes Deep
Sub-Ensembles (DSE), where the ensemble covers only a
subset of layers instead of the whole model. They enable a
trade-off between uncertainty quality and computational cost
(Valdenegro-Toro, 2023).

Overall, quantifying uncertainties in joint semantic seg-
mentation and monocular depth estimation has been largely
overlooked. To the best of our knowledge, Landgraf et al.
(2024) are the only ones to consider this research question so
far. They compare multiple uncertainty quantification meth-
ods for this task and show how multi-task learning has the
potential to positively influence the quality of uncertainty
estimates in comparison to solving both tasks separately.

2.3 Knowledge Distillation

Knowledge distillation, introduced by Hinton et al. (2015),
involves transferring the knowledge from a complex model
(teacher) to a typically smaller model (student). It aims to
enhance the student’s performance on a given task by imi-
tating the predictions of the teacher (Hinton et al., 2015) or
transferring knowledge from intermediate features (Romero
etal., 2015). More recent work has adapted knowledge distil-
lation to enable real-time uncertainty quantification. While
some previous work employs MCD to estimate uncertain-
ties for the student to learn (Besnier et al., 2021; Gurau et
al., 2018; Shen et al., 2021), the majority proposes to use
a Deep Ensemble (Deng et al., 2021; Holder & Shafique,
2021; Landgraf et al., 2024b; Malinin et al., 2019; Simpson
et al., 2022). Among these, Deng et al. (2021) are the only
ones to consider a multi-task problem in the field of emotion
recognition.

@ Springer
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Fig. 1 A schematic overview of EMUFormer. In addition to the reg-
ular Cross-Entropy (CE) loss for the semantic segmentation task and
the Gaussian Negative Log-Likelihood (GNLL) loss for the monocular
depth estimation task, EMUFormer utilizes two additional losses that

3 EMUFormer

In the following, we explain our student-teacher distillation
framework for efficient multi-task uncertainties, which we
call EMUFormer. Our objective with EMUFormer is three-
fold:

1. Achieve state-of-the-art joint semantic segmentation and
monocular depth estimation results

2. Estimate well-calibrated predictive uncertainties for both
tasks

3. Avoid introducing additional computational overhead
during inference

In order to achieve these goals, EMUFormer employs a
two-step student-teacher distillation framework:

1. Training a teacher with ground truth labels
2. Training the student with ground truth labels while dis-
tilling the teacher’s predictive uncertainties

In principle, any architecture capable of outputting a seman-
tic segmentation mask along with a predictive mean and
variance for monocular depth estimation is suitable for EMU-
Former.

Student. To solve both predictive tasks simultaneously,
we use a modified version of SegFormer (Xie et al. 2021),
which we call SegDepthFormer. In addition to the efficient
yet effective hierarchical Transformer-based encoder and
entirely composed of multilayer perceptrons (MLP) decoder

@ Springer
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distill the predictive uncertainties of the teacher into the student model:
the Kullback-Leibler (KL) divergence loss for segmentation uncertainty
distillation and the root mean squared logarithmic error (RMSLE) for
depth uncertainty distillation

of SegFormer, we add an all-MLP depth decoder like shown
in the left part of Fig. 1. Since the intricate details of
SegDepthFormer are not part of the primary contributions
of this paper, we provide details of the architecture and the
training criterion in the Appendix (cf. Section A).

Teacher. Our framework is flexible with regard to the type
of teacher. We select a Deep Ensemble that is known for
producing high-quality estimates (Gustafsson et al., 2020;
Ovadia et al., 2019; Wursthorn et al., 2022), which is also
the case for multi-task uncertainty estimation (Landgraf et
al., 2024).

Improving Uncertainty Distillation. To determine both
predictive uncertainties for the uncertainty distillation, we
compute multiple prediction samples from the teacher, as pre-
sentedin Fig. 1. Since we use the same dataset for training and
distillation, it is possible that the student underestimates the
epistemic uncertainty of the teacher because of overfitting.
Hence, we add color jittering as additional data augmenta-
tion to the teacher’s input X, which was shown to be helpful
by previous work on uncertainty distillation (Landgraf et al.,
2024b; Shen et al., 2021). The color jitter causes the teacher’s
uncertainty distribution on the training dataset to be more
closely aligned with the test-time distribution. In our exper-
iments, we observed that removing this augmentation leads
to noticeably less reliable uncertainty estimates, confirming
that the diversity induced by color jittering plays a crucial role
in preventing the student from overfitting to overly confident
teacher predictions.

Training Criterion. As Fig. 1 shows, EMUFormer is
trained to minimize the weighted sum of four objective func-
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tions:
L = Lcg + wiLoNLL + w2 LKL + W3 LRMSLE, (D
where

e Lcg is the categorical Cross-Entropy (CE) loss for the
semantic segmentation task,

e LgnLL is the Gaussian Negative Log-Likelihood loss for
the monocular depth estimation task,

e Ly is the Kullback-Leibler divergence loss for the seg-
mentation uncertainty distillation,

e LrMsLE is the root mean squared logarithmic (RMSLE)
error for the depth uncertainty distillation,

e and the weighting factors are empirically set to w; =
w3 = 1 and wy = 10.

Segmentation Criterion. For the semantic segmentation
task, we use the well-known categorical Cross-Entropy loss

N C

Lek = —% DD ne log(p@ne) . )
n=1 c=1

where Lcg is the Cross-Entropy (CE) loss for a single image,

N is the number of pixels in the image, C is the number

of classes, yj.. is the corresponding ground truth label, and

P (2)n.c 1s the predicted softmax probability.

Depth Criterion. For regression tasks, neural networks
typically output only a predictive mean p(z) and the param-
eters are, in the most straightforward approach, optimized
by minimizing the mean squared error (MSE). However, the
MSE does not cover uncertainty. Therefore, we follow the
approach of Nix and Weigend (1994) instead: By treating
the neural networks prediction as a sample from a Gaussian
distribution with the predictive mean . (z) and correspond-
ing predictive variance s2(z), we can minimize the Gaussian
Negative Log-Likelihood (GNLL) loss:

o (G =n@)?
GNLL — = W

5 + log(s2<z>)) : 3)

where y is the ground truth depth.

Since this is a major insight of our work, we want to high-
light that, usually, s2(z) is solely learned implicitly through
the optimization of the predictive means based on the ground
truth labels. In the case of EMUFormer, however, the network
is also being trained to mimic the predictive uncertainty of
the teacher in parallel. Consequently, the depth uncertainty
does not need to be learned implicitly, rather it can be used
explicitly to improve the depth estimation itself.

Segmentation Uncertainty Distillation. The segmenta-
tion uncertainty knowledge of the teacher model is trans-
ferred into the student model by using the Kullback-Leibler

divergence loss:

C ~
_ = q:(2)
LxL =Y qe() - log (—pc(z)> : 4

c=1
where 7 are the logits based on the color jittered input image
X, qc(2) is the teacher’s mean softmax probability map, and
pe(z) is the student’s softmax probability map. Minimizing
this loss ensures that the student learns to match the well-
calibrated softmax probabilities provided by the teacher,
allowing the predictive entropy

C
H(p() == p@e-log(p(2)e) )

c=1

to capture the underlying predictive uncertainty.

Depth Uncertainty Distillation. Since it is not possible
to match two distributions for the unbound uncertainties in
the regression task, we introduce the root mean squared loga-
rithmic error (RMSLE) for the depth uncertainty distillation:

1 N
Lrusie = |+ ) (log02() + 1) —log(s3() + D)” .

n=1

(6

where a,% (2) is the teacher’s predictive uncertainty based on
the color jittered input image x and s,% (z) is the student’s pre-
dictive uncertainty estimate. The natural logarithm penalizes
underestimations more than overestimations, thereby provid-
ing special attention to the pixels with higher uncertainties.
By minimizing the depth uncertainty loss, the student is
trained to mimic the predictive uncertainty of the teacher.

4 Experimental Setup

Baseline Models. For the sake of a more comprehensive
comparison, we use two single-task models and one multi-
task model as baselines:

1. SegFormer (Xie et al., 2021) for the semantic segmenta-
tion task

2. DepthFormer for the monocular depth estimation task

SegDepthFormer for joint semantic segmentation and

monocular depth estimation

et

Considering the efficiency and performance of SegFormer
(Xie et al., 2021), we derive the latter two models from it,
making only minimal changes to adjust for the respective
task. For DepthFormer, we only change the output layer to

@ Springer
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produce two output channels: one for the predictive mean
and one for the predictive variance, a common approach
for uncertainty-aware monocular depth estimation (Laksh-
minarayanan et al., 2017; Loquercio et al., 2020). In order
to jointly solve both tasks with SegDepthFormer, we extend
SegFormer (Xie et al., 2021) by the decoder of DepthFormer
and use one shared encoder.

More details on the baseline models can be found in the
Appendix (cf. Sect. A).

Datasets. We conduct all experiments on Cityscapes
(Cordts et al., 2016) and NYUv2 (Silberman et al., 2012).
Cityscapes is a popular urban street scene benchmark dataset
with 2975 training and 500 validation images. We focus on
Cityscapes because it most closely reflects the real-world
conditions where robust yet efficient uncertainty estimates
are most needed. NYUv2 contains 795 training and 654
testing images of indoor scenes and serves as the main ref-
erence benchmark for previous joint semantic segmentation
and monocular depth estimation models.

For the out-of-domain evaluation, we use the validation
sets of Foggy Cityscapes (Sakaridis et al., 2018) and Rainy
Cityscapes (Hu et al., 2019), which introduce progressively
increasing perturbations to the original urban street scenes,
simulating adverse weather conditions in the form of fog and
rain. These synthetic variants enable a fine-grained robust-
ness analysis under progressively increasing distribution
shifts — an aspect that is difficult to achieve with real-world
datasets such as ACDC (Sakaridis et al., 2021).

Data Augmentations. Regardless of the trained model,
we apply random scaling with a factor between 0.5 and 2.0,
random cropping with a crop size of 768 x 768 pixels on
Cityscapes and 480 x 640 pixels on NYUv2, and random
horizontal flipping with a flip chance of 50%.

Implementation Details. All training runs utilize the
AdamW (Loshchilov & Hutter, 2017) optimizer with a base
learning rate of 0.00006 and employ a polynomial learning
rate scheduler defined as:

(N

iteration )0‘9

Ir = Irbase - (1 * total iterations
where Ir is the current learning rate and /7y, is the initial
base learning rate. Besides, we employ a batch size of 8 and
train on four NVIDIA A100 GPUs with 40 GB of mem-
ory using mixed precision (Micikevicius et al., 2017). The
encoders of the baseline models are initialized with weights
pre-trained on ImageNet (Deng et al., 2009) and subsequently
trained for 250 epochs on Cityscapes and for 100 epochs
on NYUvV2. In contrast, EMUFormer is initialized with the
weights of a pre-trained SegDepthFormer and fine-tuned for
only 100 epochs on both datasets. To maintain simplicity
and transparency, we refrain from employing common tech-
niques such as OHEM (Shrivastava et al., 2016), auxiliary
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losses, class imbalance compensation, or sliding window
testing to boost performance.

Metrics. For the semantic segmentation task, we report
the mean Intersection over Union (mloU), also referred to as
the Jaccard Index. Softmax probability calibration is evalu-
ated using the Expected Calibration Error (ECE) (Naeini et
al., 2015). For monocular depth estimation, we use the root
mean squared error (RMSE). To assess uncertainty quality,
we adopt the following metrics proposed by Mukhoti and
Gal (2018):
p(accurate|certain) = _ Mac ,

Nge + Njc
p(uncertain|inaccurate) = M , 8)
iy + Nic
Rgc + iy

9
ac + Nau + Nic + Ny

PAVPU =

where n,. represents the number of pixels that are accu-
rate and certain, n;. the number of pixels that are inaccurate
and certain, n;, the number of pixels that are inaccurate and
uncertain, and ng, is the number of pixels that are accurate
and uncertain.

Although originally designed for semantic segmentation
(Mukhoti & Gal, 2018), we extend these metrics to evaluate
the depth regression uncertainties as well. To decide whether
a depth prediction is accurate, we apply the following for-
mula:

(M(Z) y
max { ——

—— ) =8 <125, 9
y M(Z)) ' ®

where 11(z) is the predicted depth value of a pixel and y is
the corresponding ground truth depth (Ming et al., 2021).
81 serves as a standard metric for quantifying the accuracy
of monocular depth estimation models, using 1.25 as the
threshold that must not be exceeded by a depth prediction to
be counted as accurate. In contrast, §, and §3 are less strict,
utilizing thresholds of 1.25% and 1.25%, respectively.

5 Experiments

We conduct several experiments to demonstrate the effi-
ciency and efficacy of EMUFormer. Firstly, we compare
EMUFormer’s performance with its Deep Ensemble teacher
and the baseline models. Subsequently, we contrast our
results with previous state-of-the-art approaches, followed by
qualitative examples. Then, we evaluate the generalizability
of EMUFormer on two out-of-domain datasets in compar-
ison to its Deep Ensemble teacher and explore its capacity
for domain adaptation. Thereafter, we study the impact of
utilizing the distilled uncertainties in the GNLL loss. Lastly,
we provide an ablation study on different backbone sizes.
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Unless otherwise specified, we use SegFormer’s B2 back-
bone as default for all experiments as a compromise between
efficiency and performance. In addition, we report results
for the smallest (BO) and largest (B5) backbones to analyze
the effect of model capacity. We employ a SegDepthFormer
Deep Ensemble with 10 members as the teacher for all exper-
iments.

5.1 Quantitative Evaluation

Baseline vs. Teacher vs. Student. We present a comprehen-
sive analysis in Table 2 by comparing the baseline models,
their Deep Ensembles versions with 10 members, and EMU-
Former. EMUFormer emerges as the standout performer,
surpassing the baseline models across a large majority of
the metrics on both datasets. Remarkably, this performance
is achieved while maintaining an equivalent inference time.
EMUFormer even outperforms the SegDepthFormer Deep
Ensemble, which served as its teacher and has approximately
33 times higher inference time, in most cases. In terms
of prediction performance, EMUFormer gives marginally
worse segmentation results compared to the SegFormer Deep
Ensemble on Cityscapes. However, it notably excels in the
depth estimation task, especially on Cityscapes (Cordts et al.,
2016), which is a phenomenon we observed across multiple
experiments (cf. Tables 3 and 9). We primarily attribute this
improvement to the utilization of the predictive uncertain-
ties inside the Gaussian Negative Log-Likelihood loss, but
investigate this more thoroughly in Sects. 5.5 and 6.

Comparison with SOTA.

Table 3 compares EMUFormer with previous state-of-
the-art methods on Cityscapes (Cordts et al., 2016) and
NYUv2 (Silberman et al., 2012). Across both datasets,
EMUFormer consistently achieves competitive results, with
EMUFormer-B5 outperforming all previous approaches in
joint semantic segmentation and monocular depth esti-
mation. For instance, on NYUv2, EMUFormer-B5 attains
a 1.4% higher mloU and a 0.007 lower RMSE than
MTFormer (Xu et al., 2022), which also employs a Vision-
Transformer-based architecture.

We note, however, that performance naturally scales with
model capacity: larger backbones such as MIT-B5 offer
higher representational power, while smaller variants provide
stronger efficiency—accuracy trade-offs. To ensure trans-
parency, we report results for multiple backbone sizes (BO,
B2, and B5) and discuss EMUFormer-B5 as the reference
configuration only because it establishes the upper perfor-
mance bound of our approach. Importantly, even smaller
EMUFormer variants remain competitive with methods of
comparable or larger capacity, demonstrating the scalability
and robustness of our design.

In contrast to prior work such as MTFormer (Xu et al.,
2022), EMUFormer achieves these results without cross-

task attention or self-supervised pre-training, keeping the
architecture and approach lightweight. Moreover, EMU-
Former provides high-quality uncertainty estimates without
any additional computational overhead during inference.

5.2 Qualitative Evaluation

InFig. 2, we provide qualitative examples of EMUFormer-
B2 for Cityscapes (Cordts et al., 2016) and NYUv2 (Silber-
man et al., 2012).

Cityscapes. On Cityscapes, EMUFormer demonstrates
good prediction performance for both tasks. In the seg-
mentation task, its uncertainty prediction proves particularly
insightful as highlighted by the red rectangles. For exam-
ple, for the car hood, which is not part of the training
labels (indicated by black pixels), the model exhibits high
uncertainty values, indicating its ability to capture out-of-
distribution information or epistemic uncertainty. Similarly,
in noisy background areas, the model effectively captures the
aleatoric uncertainty. Additionally, the model correctly pre-
dicts high uncertainties for challenging areas like the wall on
the right of the image, demonstrating the benefit of uncer-
tainties in identifying potential model errors. In the depth
estimation task, analogously to the segmentation task, EMU-
Former predicts high uncertainty on the car hood and the sky,
which are both areas without ground truth information, i.e.,
areas of high epistemic uncertainty. Furthermore, the uncer-
tainty is appropriately high at object boundaries, indicating
sensitivity to significant depth discontinuities.

NYUv2. For the segmentation task, EMUFormer again
outputs high uncertainties for pixels without ground truth
information or that are misclassified, consistently provid-
ing useful predictive uncertainties. In the depth estimation
task, the uncertainties correlate with the estimated depth,
providing an intuitive and helpful indication. This alignment
suggests that the model effectively captures the depth predic-
tion quality, particularly as it relates to increasing distances.

In summary, the qualitative evaluation aligns with the
quantitative findings of Sect. 5.1. It demonstrates the pro-
ficiency of EMUFormer in handling both the segmentation
and the depth estimation tasks and its ability to generate
meaningful predictive uncertainties that enable more thor-
ough interpretations of the predictions.

5.3 Out-of-Domain Evaluation

For out-of-domain evaluation, we compare the SegDepth-
Former baseline model, a SegDepthFormer Deep Ensemble
with 10 members (teacher), and EMUFormer on two out-of-
domain datasets: Foggy Cityscapes (Sakaridis et al., 2018)
and Rain Cityscape (Hu et al., 2019). In order to evaluate the
generalizability, we do not fine-tune any model.
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Table 3 Comparison against
state-of-the-art approaches for
joint semantic segmentation and
monocular depth estimation

(a) Input Image

(h) Input Image

NYUv2 Cityscapes

mloU 1 RMSE | mloU 1 RMSE |
HybridNet A2 Lin et al. (2019) 0.343 0.682 0.666 12.09
Mousavian et al. (2016) 0.392 0.816 - -
C-DCNN Liu et al. (2018) 0.398 0.628 - -
BMTAS Bruggemann et al. (2020) 0.411 0.543 - -
Gao et al. (2022) 0.419 0.528 -
CI-Net Gao et al. (2022) 0.426 0.504 0.701 6.880
SOSD-Net He et al. (2021) 0.450 0.514 0.682 -
Wang et al. (2015)cvpr: 15 0.442 0.745 - -
PAD-Net Xu et al. (2018)cvpr' 13 0.502 0.582 0.761 -
Nekrasov et al. (2019);cra 19 0.420 0.565 - -
MTI-Net Vandenhende et al. (2020):zccv20 0.490 0.529 - -
ATRC Briiggemann et al. (2021);ccv2) 0.463 0.536 - -
MTFormer Xu et al. (2022)zccvo22 0.506 0.483 - -
EMUFormer-B0 (Ours) 0.363 0.674 0.630 8.086
EMUFormer-B2 (Ours) 0.475 0.514 0.752 6.983
EMUFormer-B5 (Ours) 0.520 0.476 0.771 6.157

Best results are highlighted in bold

(e) Depth GT

i) Seg. GT

(1) Depth GT

(c) Seg. Pred.

f) Depth Pred.

j) Seg. Pred.

m) Depth Pred.

g) Depth Unc.

k) Seg. Unc.

n) Depth Unc.

Fig. 2 Representative qualitative examples of EMUFormer-B2 on the Cityscapes (Cordts et al., 2016) (top) and NYUv2 (Silberman et al., 2012)
(bottom) datasets. Red rectangles are added to highlight interesting areas. Best viewed in color. Brighter colors indicate higher uncertainty
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Foggy Cityscapes. Compared to the original Cityscapes
dataset, the Foggy Cityscapes dataset reveals significant per-
formance degradation, as shown by Table 4. Both, the base-
line and Deep Ensemble models, experience declines in pre-
dictive performance and calibration quality as the fog density
increases, with the baseline showing more pronounced degra-
dation. The Deep Ensemble demonstrates greater robustness,
maintaining better performance and uncertainty quality even
under severe fog conditions.

EMUFormer performs comparably to the Deep Ensem-
ble in terms of predictive accuracy for the segmentation
task while offering improved calibration, except for one
case. Additionally, it delivers significantly better perfor-
mance in terms of depth estimation. Regarding uncer-
tainty quality, EMUFormer matches the Deep Ensemble in
p(accurate|certain) and PAVPU for semantic segmentation
but exhibits a notable improvement in p (uncertain|inaccurate).
For depth estimation, EMUFormer provides equal or slightly
better uncertainty quality across all evaluated metrics, further
underscoring its effectiveness in handling challenging out-of-
domain scenarios without the computational overhead of a
Deep Ensemble.

Rainy Cityscapes. Table 5 highlights performance trends
across varying levels of simulated rain. Both the baseline
and Deep Ensemble models experience performance degra-
dation as rain intensity increases, with the Deep Ensemble
consistently demonstrating superior robustness in predictive
performance, calibration quality, and uncertainty metrics.

Compared to the Deep Ensemble, EMUFormer shows
mixed results under varying rain conditions. While it pro-
duces strong calibration on par with the Deep Ensem-
ble, except for one case, its performance in predictive
accuracy decreases with more intense rain. Under the
most challenging conditions, EMUFormer performs worse
than the Deep Ensemble and even slightly worse than
the baseline in semantic segmentation accuracy, though
it achieves significantly better results for depth estima-
tion. Regarding segmentation uncertainty quality, EMU-
Former is slightly worse than the Deep Ensemble for
p(accurate|certain) and PAvPU, but performs on par for
p(uncertain|inaccurate). For depth uncertainty, EMUFormer
matches the Deep Ensemble in p(accurate|certain), performs
slightly worse in p(uncertain|inaccurate), and slightly better
in PAVPU. These results showcase that it can almost match
the performance of a Deep Ensemble in out-of-domain sce-
narios while maintaining the computational efficiency of the
baseline SegDepthFormer.

Summary. Overall, these results demonstrate that EMU-
Former generalizes effectively to out-of-domain scenar-
ios without fine-tuning, achieving competitive performance
compared to the Deep Ensemble while maintaining the
computational efficiency of the baseline SegDepthFormer.
EMUFormer matches or exceeds the Deep Ensemble in cal-

@ Springer

Table 4 Quantitative comparison between the SegDepthFormer baseline model, a SegDepthFormer Deep Ensemble (DE) with 10 members (teacher), and EMUFormer (student) on the Foggy

Cityscapes validation dataset (Sakaridis et al., 2018) without fine-tuning. 8 denotes the attenuation coefficient and controls the thickness of the fog. Higher B values result in thicker fog. The

original Cityscapes and the Foggy Cityscapes datasets share the same validation images, enabling a fair comparison between in-domain and out-of-domain results

Monocular Depth Estimation

RMSE |

Semantic Segmentation

mloU 1

PAVPU 1

p(unc|inacc) 1

p(acc|cer) 1

p(unc|inacc) 1 PAVPU 1

p(accjcer)

ECE |

0.762

0.472

0.745
0.763

7.536
7.156
6.983

0.826
0.828
0.811

0.592
0.609
0.658

0.028 0.913

SegDepthFormer 0.738

Cityscapes

0.773

0.493

0.015 0.917

0.755

SegDepthFormer (DE)

EMUFormer

0.783

0.491

0.772

0.012 0.923

0.752

0.751

0.481

8.061 0.731

0.818

0.602
0.627

0.035 0.906
0914

0.707
0.727

SegDepthFormer

0.005

Foggyp

0.765

0.509
0.500
0.475

0.822 7.487 0.758

0.803
0.814

0.028

SegDepthFormer (DE)

EMUFormer

0.780

0.769
0.715

7.182
8.628

0.678

0.040 0.919

0.721

0.741

0.606
0.637

0.899
0.910

0.054

0.674

SegDepthFormer

0.01

Foggyg

0.761

7.971 0.750 0.511

0.817

0.056

0.699

SegDepthFormer (DE)

EMUFormer

0.778

0.506
0.467

0.764
0.697

7.635

0.794

0.694

0.027 0.915

0.691

0.730

9.844
9.213

0.798

0.593

0.078 0.875

0.609
0.639

SegDepthFormer

=0.02

Foggyg

0.760
0.772

0.517

0.738

0.803
0.778

0.644
0.714

0.895

0.904

0.045

SegDepthFormer (DE)

EMUFormer

0.518

0.750

8.927

0.015

0.629
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For semantic segmentation, fine-tuning EMUFormer leads
to improvements in mloU of at least 2.8% and up to
13.9% compared to the out-of-domain baseline and an
improved softmax calibration, as measured by ECE, in
5 out of 6 cases. Segmentation uncertainty quality also
improves in terms of p(accurate|certain) and PAVPU. How-
ever, p(uncertain|inaccurate) shows a slight degradation,
which can be attributed to the surprising strength of EMU-
Former in terms of out-of-domain performance, outperform-
ing its Deep Ensemble teacher on this specific metric, as
shown by Table 4 in the previous Sect. 5.3. In the depth
estimation task, fine-tuning yields substantial performance
gains, with reductions in RMSE ranging from 0.868 to 3.467.
Depth uncertainty quality also improves consistently across
all evaluated metrics, highlighting the robustness and strong
performance of EMUFormer, particularly in terms of monoc-
ular depth estimation, even while adapting to domain-specific
conditions.

Qualitative Evaluation. Figure 3 presents qualitative

examples of our domain-adapted, i.e., fine-tuned, EMUFormer-

B2 on the most difficult versions of the Foggy Cityscapes
(Sakaridis et al., 2018) and Rainy Cityscapes (Hu et al.,
2019) validation datasets. EMUFormer demonstrates strong
performance across both tasks and datasets, with uncertainty
estimates effectively highlighting challenging regions. More
specifically, on Foggy Cityscapes, segmentation uncertainty
aligns with objects absent from the training data, such as an
elderly person’s walker in the foreground, as well as misclas-
sified or noisy areas, exemplified by the region marked with
a red rectangle in the right part of the image. Depth uncer-
tainty is notably high for sky regions, where depth estimation
is inherently ill-defined. Similarly, on Rainy Cityscapes, the
model assigns high uncertainty to out-of-distribution objects,
like a dumpster, and to distant regions obscured by rain and
fog, as indicated in the central part of the image. Depth uncer-
tainty remains elevated for sky pixels and distant, occluded
regions, reflecting the model’s sensitivity to visually ambigu-
ous or uninformative cues.

Summary. Overall, these findings align with the quantita-
tive evaluations, demonstrating that EMUFormer is capable
of efficiently adapting to domain shifts without requiring
extensive re-training or re-distillation efforts, while main-
taining strong performance and reliable uncertainty estimates
across both tasks.

5.5 Impact of Uncertainty Utilization

As described in Sect. 3 and shown by Equation 3, GNLL
treats every prediction as a sample from a Gaussian distribu-
tion with a predictive mean and a corresponding predictive
variance. Typically, these variances are learned implicitly
through optimizing predictive means based on ground truth
labels. However, with EMUFormer, the network is optimized

to mimic the teacher’s predictive uncertainty. This allows the
depth uncertainty to be used explicitly to improve depth esti-
mation. In order to explore this more thoroughly, we study the
impact of the uncertainty utilization by replacing the GNLL
loss with the Mean Squared Error (MSE) loss and the Huber
loss (Huber, 1992), respectively, which do not account for
the available predictive uncertainty.

Table 8 shows a quantitative comparison of the impact
of the respective depth loss for EMUFormer-B2 on the
Cityscapes and NYUv2 datasets. On Cityscapes, training
with GNLL loss leads to the best performance across the
board, especially with regard to the RMSE for monocular
depth estimation. GNLL loss results in a RMSE of 6.983
in comparison to 7.217 and 7.340 for MSE and Huber loss
(Huber, 1992), respectively. Similarly, on NYUvV2, training
with GNLL loss yields the best RMSE with 0.514 versus
0.527 and 0.533 for MSE and Huber loss (Huber, 1992),
although at the cost of a very slight deterioration of 0.006
in mloU. GNLL loss leads to the highest depth uncertainty
quality for both datasets.

5.6 Ablation Studies

Backbone Size. Table 9 displays a comprehensive assess-
ment of the influence of the backbone size on Cityscapes
(Cordts et al., 2016) and NYUv2 (Silberman et al., 2012). In
this context, we decided to evaluate the three baseline models
as a Deep Ensemble with ten members each in comparison
to EMUFormer for the smallest, BO, and the biggest, BS,
backbone of SegFormer (Xie et al., 2021), respectively.

More specifically, EMUFormer emerges as the top per-
former on all segmentation metrics, except for the mloU
where the SegFormer Deep Ensemble gives slightly better
results. On the Cityscapes dataset, EMUFormer stands out
by delivering the best results for all depth metrics across both
backbones. Notably, it achieves this superior performance
while maintaining a 20 to 30 times faster inference time
compared to the Deep Ensembles. On NYUv2, the Depth-
Former Deep Ensemble performs marginally better on the
depth metrics, although EMUFormer remains highly com-
petitive, especially if inference time is considered.

6 Conclusion

EMUFormer employs student-teacher distillation to achieve
state-of-the-art results in joint semantic segmentation and
monocular depth estimation on Cityscapes (Cordts et al.,
2016) and NYUv2 (Silberman et al., 2012). Simultaneously,
it estimates well-calibrated predictive uncertainties for both
tasks. This is achieved without introducing any additional
computational overhead during inference, making EMU-
Former usable for time-critical applications. EMUFormer

@ Springer
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(a) Input Image

(e) Depth GT

(h) Input Image (i) Seg. GT

(d) Seg. Unc.

(f) Depth Pred. (g) Depth Unc.

(j) Seg. Pred. (k) Seg. Unc.

e R

(1) Depth GT

(m) Depth Pred. (n) Depth Unc.

Fig. 3 Representative qualitative examples of our domain-adapted EMUFormer-B2 on the Foggy Cityscapes (Sakaridis et al., 2018) (top) and
Rainy Cityscapes (Hu et al., 2019) (bottom) datasets. Red rectangles are added to highlight interesting areas. Best viewed in color. Brighter colors

indicate higher uncertainty

Table 8 Impact of the depth loss on the results of EMUFormer-B2 on Cityscapes (Cordts et al., 2016) and NYUv2 (Silberman et al., 2012)

Semantic Segmentation

Monocular Depth Estimation

mloU+ ECE| p(acc/cer) ¥  p(inacc/unc) ¥ PAvPU 4 RMSE |  p(acc/cer) +  p(inacc/unc) +  PAvPU 1

Cityscapes

MSE 0.749 0.014 0.922 0.659 0.810 7.217 0.742 0.446 0.761
Huber (1992)  0.748 0.013 0.923 0.657 0.809 7.340 0.743 0.446 0.760
GNLL 0.752 0.012 0.923 0.658 0.811 6.983 0.772 0.491 0.783
NYUv2

MSE 0.481 0.127 0.788 0.690 0.737 0.527 0.788 0.431 0.587
Huber (1992)  0.481 0.127 0.788 0.689 0.737 0.533 0.786 0.431 0.587
GNLL 0.475 0.129 0.787 0.692 0.737 0.514 0.810 0.440 0.633

Best results are highlighted in bold

even surpasses the performance of its Deep Ensemble teacher
in certain cases, despite the latter having ten times the param-
eters and approximately 30 times higher inference time. Most
interestingly, EMUFormer achieves particularly outstand-
ing performance in the depth estimation task in comparison
to the teacher. These findings remarkably extend to out-of-
domain scenarios, where EMUFormer reliably matches the
Deep Ensemble teacher’s overall performance, while con-
sistently providing superior depth estimates. This success
can primarily be attributed to the use of the Gaussian Nega-

@ Springer

tive Log-Likelihood loss (cf. Sect. 5.5), which is commonly
employed to implicitly learn corresponding variances in addi-
tion to the predictive means. In the case of EMUFormer,
however, the teacher model already provides high-quality
variances through distillation, allowing for a more accurate
approximation of the predictive means and their associated
uncertainties. Overall, these findings go along nicely with
previous work (Landgraf et al., 2024a; Kendall et al., 2018)
on leveraging uncertainties during training, making it an
interesting venue for future work. Moreover, EMUFormer
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shows promising results for domain adaptation, enabling sub-
stantial performance gains with minimal fine-tuning effort.
Exploring domain adaptation in the context of uncertainty
quantification fills a critical gap in current research and rep-
resents an exciting opportunity to further advance this field.

Appendix A Baseline Models

Hereinafter, we present the three baseline models SegFormer
(Xie et al., 2021), DepthFormer, and SegDepthFormer in
more detail. For each model, we briefly describe its architec-
ture, training criterion, and how we obtain a measurement for
the uncertainty. While these models are capable of estimating
the aleatoric uncertainty (Kendall & Gal, 2017; Lakshmi-
narayanan et al., 2017), they are not able to quantify the
more complete predictive uncertainty, which includes the
epistemic uncertainty. For this, one of the aforementioned
uncertainty quantification methods (cf. Sect. 2 of the main
part of the paper) has to be used.

A.1 SegFormer

Architecture. For solely solving the semantic segmenta-
tion task, we use SegFormer (Xie et al., 2021), a modern
Transformer-based architecture that stands out because of
its high efficiency and performance. Thus, it is particularly
suitable for real-time uncertainty quantification. As depicted
in Fig. 4, SegFormer consists of two main modules: A
hierarchical Transformer-based encoder that generates high-
resolution coarse features and low-resolution fine features
and a lightweight all-MLP segmentation decoder. The lat-
ter fuses the multi-level features of the encoder to produce
a final segmentation prediction with the softmax activation
function:

(AD)

where p(z) are the class probabilities of the softmax function
that exponentiates each of the K elements of the input vector
x, often referred to as logits, and then normalizes the results
to obtain a probability distribution. Since SegFormer (Xie et
al., 2021) only outputs logits at a % X % resolution given
an input image of size H x W, we use bilinear interpolation
(Xie et al., 2021) before applying the softmax function on
Z to obtain the original resolution for the final segmentation
prediction.

Training Criterion. For the objective function during
training, we use the well-known categorical Cross-Entropy

@ Springer

loss for a single image

N
‘CCE = _% Z Z Yn,c log(p(z)n,c) 5

n=1 c=1

(A2)

where N is the number of pixels in the image, C is the number
of classes, yj.. is the corresponding ground truth label, and
P(2)n.c 1s the predicted softmax probability.

Aleatoric Uncertainty. We compute the predictive entropy

C
H(p@) ==Y p@e-log(p@)e) ,

c=1

(A3)

which serves as the aleatoric uncertainty (Kendall & Gal,
2017).

A.2 DepthFormer

Architecture. Inspired by the efficiency and performance of
SegFormer (Xie et al., 2021), we propose DepthFormer for
monocular depth estimation. Fig. 4 shows that we use the
same hierarchical Transformer-based encoder as SegFormer
to generate high-level and low-level features. Similarly, these
multi-level features are fused in an all-MLP decoder. In con-
trast to SegFormer, the output layer differs by having two
output channels: one for the predictive mean . (z) and one
for the predictive variance s2(2) (Loquercio et al., 2020).

Predictive Mean. The first output channel uses a Rectified
Linear Unit (ReLU) output activation function
w(z) = max(0, z) , (A4)
which serves as the predictive mean for monocular depth
estimation.

Predictive Variance. The second output channel applies
a Softplus activation
s2(z) = log(1 + &%) , (A5)
which is a smooth approximation of the ReLU function
with the advantage of being differentiable, also at z = O.
Empirically, we found Softplus to work better than ReLU
for the predictive variance, following the work by Lakshmi-
narayanan et al. (2017).

Training Criterion. For regression tasks, neural networks
typically output only a predictive mean 1(z) and the param-
eters are, in the most straightforward approach, optimized
by minimizing the mean squared error (MSE). However, the
MSE does not cover uncertainty. Therefore, we follow the
approach of Nix and Weigend (1994) instead: By treating
the neural networks prediction as a sample from a Gaussian
distribution with the predictive mean . (z) and correspond-
ing predictive variance s2(z), we can minimize the Gaussian



Fig. 4 A schematic overview of the SegFormer (Xie et al., 2021)
and DepthFormer architectures. Both models share the same hierarchi-
cal Transformer-based encoder that generates high-resolution coarse

Negative Log-Likelihood (GNLL) loss, which can be formu-
lated as:

_ 2
1 ((y u(z)) (A6)

LoNLL = 3 20

+ log(sz(z))) )
where y is the ground truth depth.

Aleatoric Uncertainty. Through GNLL minimization,
DepthFormer does not only optimize the predictive means,
but also inherently learns the corresponding variances, which
can be interpreted as the aleatoric uncertainty (Kendall & Gal,
2017; Loquercio et al., 2020).

A.3 SegDepthFormer

Architecture. In order to jointly solve semantic seg-
mentation and monocular depth estimation, we propose
SegDepthFormer. The architecture shown in Fig. 5 comprises
three modules: a hierarchical Transformer-based encoder,
an all-MLP segmentation decoder, and an all-MLP depth
decoder. The encoder and segmentation decoder are adapted
from SegFormer (Xie etal., 2021) (Sect. A.1), while the depth
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features and low-resolution fine features, and a lightweight all-MLP
segmentation decoder. They only differ in the number of output chan-
nels and in terms of output activations

decoder is from DepthFormer (Sect. A.2). Both decoders fuse
the multi-level features obtained through the shared encoder
to predict a final segmentation mask and a pixel-wise depth
estimation, respectively.

Training Criterion. SegDepthFormer is trained to min-
imize the weighted sum of the two previously described
objective functions:

L = Lcg + wiLeNLL (A7)
where w is a simple weighting factor. Since both loss values
are of similar magnitude, we set w; = 1. However, tuning
w1 might slightly improve SegDepthFormer’s performance.

Aleatoric Uncertainty. The respective aleatoric uncer-
tainty is obtained by computing the predictive entropy
H(p(z)) (see Eq. 5) for the segmentation task or by the
predictive variance sz(z) (see Eq. AS), which is learned
implicitly through the optimization of LgNLL.

@ Springer
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Fig. 5 A schematic overview of the SegDepthFormer architecture. The model combines the SegFormer Xie et al. (2021) architecture with a

lightweight all-MLP depth decoder
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