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Abstract— Recent endeavors have been made to leverage
self-supervised depth estimation as guidance in unsupervised
domain adaptation (UDA) for semantic segmentation. Prior
arts, however, overlook the discrepancy between semantic
and depth features, as well as the reliability of feature fu-
sion, thus leading to suboptimal segmentation performance.
To address this issue, we propose a novel UDA framework
called SMART (croSs doMain semAntic segmentation based on
eneRgy esTimation) that utilizes Energy-Based Models (EBMs)
to obtain task-adaptive features and achieve reliable feature
fusion for semantic segmentation with self-supervised depth
estimates. Our framework incorporates two novel components:
energy-based feature fusion (EB2F) and energy-based reliable
fusion Assessment (RFA) modules. The EB2F module produces
task-adaptive semantic and depth features by explicitly mea-
suring and reducing their discrepancy using Hopfield energy
for better feature fusion. The RFA module evaluates the
reliability of the feature fusion using an energy score to improve
the effectiveness of depth guidance. Extensive experiments on
two datasets demonstrate that our method achieves significant
performance gains over prior works, validating the effectiveness
of our energy-based learning approach.

Index Terms— Unsupervised Domain Adaptation, Semantic
Segmentation, Energy-based Model, Depth Estimation

I. INTRODUCTION

Semantic segmentation [1], [2] is a crucial yet challenging
computer vision task that is vital for robotics and self-driving
systems, as it ensures accurate perception for improving
safety and efficiency. Deep neural network (DNN)-based
methods have been successfully applied thanks to a large
amount of high-quality labeled data [3]. However, in real-
world scenarios, the performance of these methods is often
hindered by domain shifts, such as illumination variances
or scene differences, between the training and test data.
Unsupervised domain adaptation (UDA) [4], [5] has emerged
as a solution to mitigate the domain shift issue between the
labeled source and unlabeled target domains. Recently, the
supplementary information, e.g., depth, has been exploited to
bring the geometric cues to enhance the performance of se-
mantic segmentation and facilitate domain adaptation. Since
the tasks of semantic segmentation and depth estimation are
closely related and complementary, it is beneficial to consider
them jointly for scene understanding.

Representative works [6], [7] have leveraged supervised
depth information from the synthetic domain due to unavail-
able depth labels in the real domain. However, in reality,
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Fig. 1: Energy-Based Feature Fusion (EB2F) is proposed to de-
crease the discrepancy between semantic and depth features, and
Reliable Fusion Assessment (RFA) enables the fusion to facilitate
segmentation.

depth ground-truth (GT) is not always available for both do-
mains. To address this limitation, some studies have proposed
to leverage self-supervised depth estimation approaches [8],
[9] in the absence of GT depth labels.

One of the primary problems in utilizing depth informa-
tion for semantic segmentation is ignoring the discrepancy
between depth and semantic features, as they inherently
extract semantic and geometric information respectively [10].
Although existing methods, such as [6], [7], [9], incorpo-
rate fusion modules to integrate depth guidance into the
segmentation network, they often fail to fully consider the
discrepancy between depth and semantic features, result-
ing in suboptimal segmentation performance. In CTRL [6],
the segmentation accuracy even degrades with the fusion
of depth and segmentation features. Furthermore, previous
works have not explicitly evaluated the reliability of feature
fusion, which hinders our understanding of the role of fusion
in improving segmentation. Predictions of some regions with
feature fusion are worse than predictions without feature
fusion. Intuitively, we ask a question: ‘how to explicitly 1)
learn task-adaptive features and 2) assess the quality of
fusion in domain adaptive semantic segmentation with self-
supervised depth estimation?’

We advocate a unified and effective framework for achiev-
ing these objectives by employing Energy-Based Models
(EBMs) [11]. In principle, EBMs aim to quantify the compat-
ibility between variables by building an energy function and
give the lowest energy to correct answers and higher energy
values to other incorrect answers. Specifically, the Hopfield
network [12], [13] employs an energy function to assess the
closeness between input patterns and stored patterns and de-
signs an update rule to modify the input patterns to align with
the stored patterns. In addition, free energy has been shown
to be more effective in detecting out-of-distribution data than
softmax scores [14]. The aforementioned two objectives can
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be subtly achieved via a unified EBM framework enhancing
segmentation with depth guidance.

To this end, we propose a novel UDA framework called
SMART (croSs doMain semAntic segmentation based on
eneRgy esTimzation) that utilizes EBMs to extract task-
adaptive features and perform reliable fusion, facilitating
segmentation. SMART comprises two technical novelties that
enhance the performance of UDA for semantic segmentation
(See Fig. 1). Firstly, we leverage the Hopfield energy ap-
proach [13] to explicitly measure the discrepancy between
semantic and depth features, allowing for extracting the
task-adaptive semantic and depth features. Additionally, we
introduce an energy-based feature fusion (EB2F) to extract
task-adaptive features for improved fusion. Secondly, we
utilize an energy score to evaluate the reliability of feature
fusion by comparing the predictions made with and without
feature fusion. We propose an energy-based reliable fusion
assessment (RFA) module that transfers reliable guidance to
other tasks, thus improving performance using the fusion.

Our main contributions are four-fold: (I) We introduce
a novel energy-based framework to solve the cross-domain
adaptation problem for semantic segmentation with self-
supervised depth estimation. (II) We propose the Energy-
Based feature fusion (EB2F) module to facilitate the feature
fusion with task-adaptive semantic and depth features. (III)
We introduce the Energy-Based reliable fusion assessment
(RFA) module to evaluate the reliability of fusion by compar-
ing the predictions made with and without the feature fusion.
(IV) Our proposed method consistently achieves state-of-the-
art performance on two benchmark datasets.

II. RELATED WORK

UDA for Semantic Segmentation. Numerous methods [15],
[16] have been proposed to address this task. One line of
research is to align the pixels of input images between the
source and target domains by utilizing generative networks
[17], [18]. Other approaches explore adversarial learning to
reduce the domain gap [19]–[21], which trains a discrim-
inator to discern the domain (i.e., source or target) from
the data. In particular, in [22], the alignment is done in
the feature space, while in [20] the alignment is achieved
with the output space. In addition, self-training is explored
to generate pseudo labels for unlabeled data [23].
Depth-guided UDA for Semantic Segmentation. Depth
estimation has been increasingly popular in facilitating do-
main adaptation for semantic segmentation. SPIGAN [24]
and DADA [7] are among the first to use privileged depth
information to guide UDA for semantic segmentation. GIO-
Ada [25] and CTRL [6] further exploit adversarial learning
to align the domains with depth estimation. However, due
to the lack of supervised depth information in practical
applications, recent works leverage self-supervised depth
estimation to assist UDA for semantic segmentation. D4 [8]
and GUDA [8] exploit strong depth priors based on self-
supervised learning. Recently, CorDA [9] applies the depth
prediction discrepancy to measure the pixel-wise adaptation
difficulty for refining the target pseudo labels. Unfortunately,

previous works focuses on leveraging depth information for
semantic segmentation while disregarding the discrepancy
between depth and semantic features and the reliability of
depth guidance. As a complement to these methods, our
work investigates the potential of energy-based learning for
improving feature fusion and depth guidance. Our method
estimates energy to extract task-adaptive features for the
fusion and ensure reliable fusion for better depth guidance.
Energy-based Learning. It aims to build a function that
maps each point x of an input space to a single scalar
called the energy. The basic idea of energy-based models
(EBMs) [11] is to measure the compatibility between vari-
ables (e.g. images and labels) by energy function. The energy
function output with a lower scalar value indicates a high
degree of compatibility. The variables with low compatibility
are assigned a high energy value. Recently, it has been
widely recognized that EBMs has a significant role to play
in generative models [26]. The output of the discrimina-
tor is shaped into the energy function to distinguish low-
energy real data and high-energy generated data. Moreover,
EBMs are also used for object detection tasks [27]. Since
energy-based learning can be used to describe the most
valuable distribution in a finite target sample, a recent
work [28] attempted to apply it to active domain adaptation
and proposed to align domain distributions by reducing
free energy biases between domains. Additionally, [14] has
provided both mathematical insights and empirical evidence
that the energy score is superior to the softmax-based score
in detecting out-of-distribution inputs. Furthermore, EBMs
are becoming increasingly popular for solving problems in
contrastive learning [29], continual learning [30], adversarial
training tasks [31], and domain adaptation [32]. Differently,
we make the first attempt to achieve cross-domain semantic
segmentation with depth guidance from an energy-based per-
spective. Our method significantly enhances the effectiveness
of depth guidance with task-adaptive features and reliable
fusion based on energy estimation.

III. METHODOLOGY

A. Energy-based Models: Preliminaries

The EBMs aim to build a function E(x) that maps the
variable x to a single non-probabilistic scalar, called the
energy. A collection of energy values can be turned into a
probability density p(x) via Gibbs distribution:

p(y | x) = e−E(x,y)/τ

∫
y′ e−E(x,y′)/τ

=
e−E(x,y)/τ

e−E(x)/τ
, (1)

where the denominator
∫
y′ e

−E(x,y′)/τ is called the partition
function, which marginalizes over label y, and τ is the
temperature parameter and is set as 1.

In this work, we mainly focus on the segmentation task
and get per-class predictions Pseg(x) by a neural network,
which maps an input x into K classes known as logits. These
logits are used to derive a per-class distribution using the
softmax function:

p(y | x) = eP
y
seg(x)

∑K
i eP

i
seg(x)

, (2)
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Fig. 2: Architecture of the proposed SMART framework, consisting of the shared encoder, task nets, and task decoders.

where P y
seg(x) indicates the yth index of Pseg(x), i.e., the

logit corresponding to yth class label. By connecting Eq.1
and Eq. 2, we can define an energy for a given input (x, y)
as Eseg(x, y) = −P y

seg(x). We design EBMs [11] to give
the lowest energy to the correct answer and higher energy
to all other (incorrect) answers by utilizing a negative log-
likelihood (NLL) loss, which is defined as

Lnll = Eseg(x, y) + log
K∑

j=1

e−Eseg(x,j).

The negative of the second term can be interpreted as the
free energy of the ensemble of energies.

B. Overview

In this work, we are given a labeled synthetic source
domain DS =

{(
xS
1 ,y

S
1 ,d

S
1

)
, . . . ,

(
xS
n ,y

S
n ,d

S
n

)}
and an

unlabeled target domain DT =
{(

xT
1 ,d

T
1

)
, . . . ,

(
xT
m,dT

m

)}
,

where xS
i (xT

i ) is the i-th source (target) sample, yS
i is the

corresponding source label for semantic segmentation with
K classes, dS

i (dT
i ) is the i-th label for depth estimation, and

n (m) represents the total number of source (target) samples.
Note that precise depth information is often not provided
in the real-world target dataset. Therefore, as proposed in
CorDA [9], we utilize self-supervised depth estimation to
generate pseudo depth labels on the target domain dT

i

or the source domain (e.g., GTA5 [33]), where the depth
information is also unavailable. Additionally, we employ
the self-training approach [34] to generate target semantic
pseudo-labels based on the target semantic predictions.

Our proposed SMART architecture is shown in Fig. 2. Our
key ideas are two folds. First, to achieve task-adaptive feature
fusion, we propose an energy-based feature fusion (EB2F)
module to measure the relationship between the semantic and
depth features. Second, we propose an energy-based reliable
fusion assessment (RFA) loss to evaluate the feature fusion
by comparing the energy of the predictions with or without
fusion. Below are technical details for our proposed method.
Based on EBMs, the objectives of semantic segmentation for
two domains are formulated as:

Lseg =

H∑

h=1

W∑

w=1

(
Eseg(x,y) + log

K∑

j=1

e−Eseg(x,j)

)
, (3)

where H and W are the height and width of images. Since

depth estimation is a regression problem, its energy function
is defined differently as:

Ldep =

H∑

h=1

W∑

w=1

Edep(x,d)

=

H∑

h=1

W∑

w=1

(berHu (Pdep(x)− d)) ,

(4)

where Pdep(x) is the depth prediction from a depth decoder,
and berHu is the reverse Huber loss for depth:

berHu (ez) =

{
|ez| , if |ez| ≤ c
e2z+c2

2c otherwise
,

where c is a threshold set to 1
5 of the maximum depth

difference. Then, the objective of semantic segmentation and
that of depth estimation are formulated respectively as:

Ltotal
seg = LS

seg + LT
seg + L̃S

seg + L̃T
seg.

Ltotal
dep = LS

dep + LT
dep + L̃S

dep + L̃T
dep.

(5)

Note L (L̃) is the objective of the framework without (with)
fusion, LS(LT ) denotes for source (target) domains. Overall,
through Eq. 5, we deploy the supervised loss to train the
proposed SMART framework:

Ls = Ltotal
seg + αLtotal

dep .

C. Energy-Based Feature Fusion

In contrast to prior methods that directly fuse features,
we notice the discrepancy between semantic and depth
features and propose a novel approach to obtain more task-
adaptive semantic and depth features before fusion. Our
approach draws inspiration from the Hopfield network [12],
which is originally proposed for pattern storage and retrieval.
Specifically, we utilize the Hopfield energy [13] to describe
the relationships between semantic and depth representations
in our proposed method. This is a crucial step in addressing
the issue of discrepant feature fusion, which can significantly
impair segmentation performance. In accordance with the
definitions of the Hopfield network, ξ and ν denote the input
pattern and stored pattern. The Hopfield energy function
Eh(ξ;ν) is then employed to measure the similarity be-
tween these patterns, ensuring better fusion of task-adaptive
semantic and depth features for improved segmentation per-
formance. Our method provides a means to the challenge of
feature fusion in UDA for segmentation with depth guidance.
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Fig. 3: The illustration of the proposed EB2F module.

The Hopfield energy function Eh(ξ;ν) is computed using
the log-sum-exp (lse) function as follows:

Eh(ξ;ν) =
1

2
ξT ξ − lse

(
νT ξ

)
, (6)

To make the patterns closer, we update the input pattern
by taking the derivative ∇ξEh(ξ;ν) of the energy function
with respect to ξ in Eq. 6.

∇ξEh(ξ;ν) = ξ − ν softmax
(
νT ξ

)
, (7)

where ∇ξ denotes the gradient with respect to ξ, and
softmax denotes the softmax function. We update the input
pattern using a gradient descent with a step size γ:

ξn+1 = ξn − γ
(
ξn − ν softmax

(
νT ξn

))

= (1− γ)ξn + γν softmax
(
νT ξn

)
,

(8)

where ξn+1 and ξn are the updated input pattern after n+1
iterations and at the n-th iteration respectively. We propose
the energy-based feature fusion (EB2F) module based on
the updated input patter. The fusion module is utilized to
combine the updated input pattern and the stored pattern to
obtain an updated stored pattern. The updated stored pattern
is formulated as:

ν̃ = EB2F (ξ, ν)

= Fusion((1− γ)ξn + γν softmax
(
νT ξn

)
, ν).

To further improve the fusion process, this work employs
two fusion schemes as follows:
Scheme 1: Directly adding features ξ and ν is defined as

Fusion1(ξ,ν) = ξ + ν.

Scheme 2: Building upon the attention module [9], we
propose to fuse the features ξ and ν as follows:

Fusion2(ξ,ν) = ν + (W 1
d ⊗ ξ)⊙ σ(W 2

d ⊗ ξ).

Here, ⊗ denotes the convolution operation, and ⊙ denotes
the element-wise multiplication. σ refers to the sigmoid
function used for the normalization of attention maps. W 1

d

and W 2
d represent the learnable convolution weights. Based

on the above EB2F, we obtain the fused semantic and depth
features as:

f̃seg = EB2F(fdep, fseg), f̃dep = EB2F(fseg, fdep),

where fseg and fdep represent the semantic and depth
features extracted by the semantics and depth networks,
respectively, and f̃seg and f̃dep are the fused features for
the segmentation and depth tasks, respectively.

D. Reliable Fusion Assessment

Due to the disparity between semantic and depth features,
the feature fusion might slightly improve or even degrade
segmentation performance. Therefore, we aim to measure the
reliability of the feature fusion for facilitating segmentation.
However, there is a challenging problem:‘how to explicitly
measure the reliability of feature fusion for segmentation?’.

Energy Score

Fig. 4: Illustration of the proposed RFA. P1 and P̃1 are predictions
of same pixel without and with fusion module.

To this end, we subtly compare the energy of predictions
made with and without fusion. The reason is that the fusion
aims to improve segmentation performance. If the frame-
work’s performance is worse than that without fusion, it
means the fusion is less reliable for facilitating segmenta-
tion. Specifically, we utilize energy scores to disseminate
reliable fusion. To assess the reliability of depth guidance
for segmentation, we first calculate the free energy of each
pixel as the energy score for segmentation without EB2F
by: Eseg(x) = − log

∑K
i=1 e

P i(x). Similarly, the free energy
of each pixel for segmentation with EB2F is formulated as
Ẽseg(x) = − log

∑K
i=1 e

P̃ i(x), where P̃ and P represent the
predictions with and without EB2F, respectively.

To measure the reliability of fusion, we compare the
energy scores of the predictions for the same pixel. The
larger the free energy, the less reliable the fusion or guidance
is. As shown in Fig. 4, the energy score Edep(x) of the
prediction P1 is larger than P̃1 in the same pixel of an
image, which means that the prediction P1 is less accurate
than P̃1. Therefore, inspired by the online distillation [44],
[45], we enable the prediction P1 to be close to P̃1 using
KL divergence. Finally, the predictions P1 and P̃2 of the
whole image are reliable, which means that the fusion is
more reliable based on collaborative learning. Specifically,
we utilize the matrix m(h,w) ∈ RH×W to indicate which
prediction is more reliable. If the energy score of P̃seg is
less than that of Pseg , m(h,w) is set to 1, and vice versa for
m(h,w) = 0. Based on the matrix m(h,w), we use the KL
divergence to enable the decoders with and without fusion
to learn from each other.

Lseg
RFA =

1

H×W−M

H∑

i=1

W∑

i=j

(1−m(h,w))KL
(
Pseg(x)(h,w)∥P̃seg(x)(h,w)

)

+
1

M

H∑

i=1

W∑

i=j

m(h,w)KL
(
P̃seg(x)(h,w)∥Pseg(x)(h,w)

)
,

(9)

where M =
∑H

h=1

∑W
w=1 m(h,w). Moreover, we utilize the

energy of depth to disseminate reliable fusion with semantics
for depth estimation. We utilize the matrix m̂ to denote the
reliability of depth predictions from our framework with or
without fusion. Same as segmentation, if the energy score of
P̃dep is less than that of Pdep, m(h,w) is set to 1, and vice
versa for m(h,w) = 0.

Ldep
RFA =

1

H×W −M̂

H∑

i=1

W∑

i=j

(1−m̂(h,w))BerHu
(
Pdep(x)

(h,w)
−P̃dep(x)

(h,w)

)

+
1

M̂

H∑

i=1

W∑

i=j

m̂(h,w)BerHu
(
P̃dep(x)

(h,w)
−Pdep(x)

(h,w)

)
,

(10)

where M̂ =
∑H

h=1

∑W
w=1 m̂(h,w).

In summary, the loss function of RFA is defined as
LRFA = Lseg

RFA + αLdep
RFA.
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mIoU
Source [21] 75.8 16.8 77.2 12.5 21.0 25.5 30.1 20.1 81.3 24.6 70.3 53.8 26.4 49.9 17.2 25.9 6.5 25.3 36.0 36.6
BDL [35] 91.0 44.7 84.2 34.6 27.6 30.2 36.0 36.0 85.0 43.6 83.0 58.6 31.6 83.3 35.3 49.7 3.3 28.8 35.6 48.5
MRKLD-SP [36] 90.8 46.0 79.9 27.4 23.3 42.3 46.2 40.9 83.5 19.2 59.1 63.5 30.8 83.5 36.8 52.0 28.0 36.8 46.4 49.2
Kim et al. [37] 92.9 55.0 85.3 34.2 31.1 34.9 40.7 34.0 85.2 40.1 87.1 61.0 31.1 82.5 32.3 42.9 0.3 36.4 46.1 50.2
CAG-UDA [38] 90.4 51.6 83.8 34.2 27.8 38.4 25.3 48.4 85.4 38.2 78.1 58.6 34.6 84.7 21.9 42.7 41.1 29.3 37.2 50.2
FDA [39] 92.5 53.3 82.4 26.5 27.6 36.4 40.6 38.9 82.3 39.8 78.0 62.6 34.4 84.9 34.1 53.1 16.9 27.7 46.4 50.5
PIT [40] 87.5 43.4 78.8 31.2 30.2 36.3 39.9 42.0 79.2 37.1 79.3 65.4 37.5 83.2 46.0 45.6 25.7 23.5 49.9 50.6
IAST [41] 93.8 57.8 85.1 39.5 26.7 26.2 43.1 34.7 84.9 32.9 88.0 62.6 29.0 87.3 39.2 49.6 23.2 34.7 39.6 51.5
DACS [42] 89.9 39.7 87.9 30.7 39.5 38.5 46.4 52.8 88.0 44.0 88.8 67.2 35.8 84.5 45.7 50.2 0.0 27.3 34.0 52.1
CorDA [9] 95.2 65.1 87.4 33.0 40.0 39.9 47.7 53.6 87.6 45.3 88.7 66.2 33.5 89.9 53.9 53.3 0.2 41.0 55.8 56.7
SMART+Fusion1 94.3 59.7 88.4 37.9 42.9 40.0 48.4 51.5 87.3 48.1 88.8 66.6 28.8 91.5 67.4 57.9 0.0 44.3 51.9 57.7
SMART+Fusion2 94.5 60.3 88.3 31.8 42.8 41.0 48.5 50.5 87.3 47.3 89.0 66.4 28.0 91.4 63.9 56.1 0.0 44.0 51.2 57.0

TABLE I: Semantic segmentation results on the GTA5-to-Cityscapes.
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Source [42] 36.3 14.6 68.8 9.2 0.2 24.4 5.6 9.1 69.0 79.4 52.5 11.3 49.8 9.5 11.0 20.7 29.5
R-MRNet [43] 87.6 41.9 83.1 14.7 1.7 36.2 31.3 19.9 81.6 80.6 63.0 21.8 86.2 40.7 23.6 53.1 47.9
IAST [41] 81.9 41.5 83.3 17.7 4.6 32.3 30.9 28.8 83.4 85.0 65.5 30.8 86.5 38.2 33.1 52.7 49.8
DACS [42] 80.6 25.1 81.9 21.5 2.9 37.2 22.7 24.0 83.7 90.8 67.6 38.3 82.9 38.9 28.5 47.6 48.3
GIO-Ada [25] 78.3 29.2 76.9 11.4 0.3 26.5 10.8 17.2 81.7 81.9 45.8 15.4 68.0 15.9 7.5 30.4 37.3
DADA [7] 89.2 44.8 81.4 6.8 0.3 26.2 8.6 11.1 84.8 84.0 54.7 19.3 79.7 40.7 14.0 38.8 42.6
CTRL [6] 86.4 42.5 80.4 20.0 1.0 27.7 10.5 13.3 80.6 82.6 61.0 23.7 81.8 42.9 21.0 44.7 45.0
CorDA [9] 87.8 46.7 85.4 20.6 3.1 38.0 38.8 44.0 84.3 85.8 67.9 38.9 84.6 37.5 33.7 54.2 53.2
SMART+Fusion1 94.2 65.1 85.3 15.3 3.8 39.5 40.3 44.8 83.5 89.0 67.7 41.2 86.2 42.7 20.4 51.7 54.4
SMART+Fusion2 94.6 65.9 86.3 13.7 4.7 40.6 41.8 47.6 84.3 88.7 69.4 41.2 86.4 35.0 29.9 55.2 55.3

TABLE II: Semantic segmentation results on the SYNTHIA-to-Cityscapes.

Note that RFA is performed on both source and target
domains. The overall objective of the proposed SMART is

L = Ls + βLRFA,

where β is a hyperparameter set to 1.0.

IV. EXPERIMENTS

A. Datasets and Implementations.

We utilize two benchmark tasks, SYNTHIA→ Cityscapes
and GTA5→ Cityscapes, to evaluate the performance of our
model. For fair comparison, we choose ResNet-101 as the
shared encoder, DeepLabv2 as the task decoder, and residual
blocks as the task net, following the approach [42].

B. Comparison.

In the result tables, the source model is trained using the
source data and then tested with the target data. Note that
‘baseline’ refers to the entire framework without EB2F and
RFA. Additionally, we get the results from [9].
Results on GTA5 → Cityscapes. The results are shown
in Tab. I. Overall, our SMART achieves mIoU of 57.7%
and 57.0% with Fusion1 and Fusion2, respectively. The
performance of SMART with two fusion schemes are both
better than the SoTA performance with absolute improve-
ments of +1.0% and +0.3%. The improvement over previous
methods mainly comes from the category of ‘fence’(+2.9%),
‘terrain’(+2.8%), ‘truck’(+13.5%), and ‘moto.’ (+3.3%).
The results demonstrate the effectiveness of alleviating the
discrepancy between features and ensuring reliable feature
fusion. Moreover, we also provide a few qualitative examples
in Fig. 5, and can observe that the segmentation quality is
largely improved on easily confusing classes.
Results on SYNTHIA → Cityscapes. To further demon-
strate the effectiveness of the proposed SMART, we com-
pare our method with previous works on the SYNTHIA-
to-Cityscapes task. Tab. II shows the experimental results
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Fig. 5: Qualitative results for GTA5-to-Cityscapes.
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Fig. 6: Visualization of features with and without EB2F.

with the common 16 classes. Our method with two schemes
yields an absolute improvement of 1.2% and 2.1% mIoU
over CorDA, and achieves 54.4% and 55.3% mIoU, re-
spectively. This outperforms competing methods by a sig-
nificant margin. Specifically, our SMART with Fusion2

achieves the highest mIoU in 10 categories. The improve-
ment over previous methods mainly comes from the category
of ‘road’ (+6.8%),‘s.walk (+19.2%)’, ‘pole’(+2.6%), and
‘sign’(+3.6%). This again verifies the effectiveness of our
SMART, which pursues better utilization of depth guidance.
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C. Ablation Study and Analysis

Individual components of SMART. The main contribution
of SMART is to utilize energy estimation to learn task-
adaptive features and enable reliable fusion. To validate it,
we conduct an ablation study on each of these modules with
Fusion1. As shown in Tab. III, EB2F and RFA improve the
baseline results by +3.7% and +1.5%, respectively, yielding
57.1% and 54.9% mIoU. The results indicate that EB2F can
obtain task-adaptive features for better fusion, while RFA can
ensure that the fusion is reliable. Moreover, the integration
of these two modules leads to a 4.3% performance gain,
resulting in a 57.7% mIoU on the target domain. We also
provide a few qualitative examples in Fig. 6 and Fig. 7 to
demonstrate the effectiveness of these two modules. Fig.
6 shows the discrepancy between the depth features with
semantic features is effectively reduced after learning task-
adaptive depth features via Hopfield energy. Additionally,
we can observe in Fig. 7 that the predictions of model with
fusion are more accurate in some regions, e.g., ‘bus’ and
‘road’, after using RFA module to enable predictions with
(w/) fusion to learn from predictions without (w/o) fusion.
Individual modules of EB2F. To investigate the efficacy of
each component of EB2F, we perform ablation studies on
GTA5→ Cityscapes task. The model with EB2Fseg extracts
task-adaptive depth features for segmentation, and the model
with EB2Fdep extracts task-adaptive semantic features for
depth estimation. In Tab. III, satisfactory and consistent gains
from the baseline to our full method demonstrate the effec-
tiveness of each component. Compared with the baseline, the
model with task-adaptive semantic and task-adaptive depth
features achieves 56.1% and 54.8% mIoU, separately. And
combining both task-adaptive features further improves the
baseline performance to 57.1% mIoU, demonstrating the
effectiveness of extracting task-adaptive features.
Individual components of RFA. We evaluate the effective-
ness of the components of RFA and investigate how the
combination of the two parts contributes to the segmenta-
tion performance on the GTA5 → Cityscapes task. RFAseg

measures the reliability of feature fusion on the segmentation
task, and RFAdep measures the reliability of feature fusion on
the depth estimation task. As shown in Tab. III, we observe
the followings: (1) RFAseg and RFAdep led to a +1.4% and
+1.0% mIoU improvement, respectively, which verifies the

Baseline EB2F RFA mIoU
✓ ✗ ✗ 53.4
✓ ✓ ✗ 57.1
✓ ✗ ✓ 54.9
✓ ✓ ✓ 57.7

Baseline EB2Fseg EB2Fdep mIoU
✓ ✗ ✗ 53.4
✓ ✓ ✗ 56.1
✓ ✗ ✓ 54.8
✓ ✓ ✓ 57.1

Baseline RFAseg RFAdep mIoU
✓ ✗ ✗ 53.4
✓ ✓ ✗ 54.8
✓ ✗ ✓ 54.4
✓ ✓ ✓ 54.9

TABLE III: Ablation study on the individual components of
SMART, EB2F, and RFA using GTA5-to-Cityscapes.

β 0 0.1 0.5 1.0 2.0
mIoU 53.4 54.4 54.5 54.8 54.2
γ 0 0.1 0.2 0.5 1.0

mIoU 53.4 50.8 53.9 55.9 57.1

TABLE IV: Influence of β and γ using using GTA5-to-Cityscapes.

effectiveness of assessing the reliability of feature fusion and
enabling reliable feature fusion. (2) When combining both
losses, our SMART framework further improves the baseline
performance to 54.9% mIoU, surpassing the baseline model
by a clear margin, thus demonstrating the effectiveness of
these two RFA components.
Influence of β and γ. We investigate the impact of β,
which represents the weight assigned to the supervised and
EFA losses. β is varied from 0.1 to 2.0, and the results are
presented in Tab. IV. Our findings highlight the effectiveness
of ensuring reliable feature fusion for segmentation. We
select a value of 1.0 for β as it demonstrates the best trade-
off between the supervised and RFA losses. To evaluate
the effectiveness of extracting task-adaptive features, we
conduct a hyper-parameter analysis about γ in the SMART
framework without RFA. γ is varied from 0 to 1, and we
can observe a gradual improvement in performance. This
demonstrates the effectiveness of obtaining task-adaptive
features for feature fusion. Notably, when γ = 0, semantic
and depth features are directly added. However, the model’s
performance achieves the same results as the baseline, sug-
gesting that depth guidance is ineffective for segmentation.

V. CONCLUSION

In this work, we presented a novel energy-based model
framework, SMART, for the effective fusion of semantic
and depth features in UDA for semantic segmentation with
self-supervised depth estimation. Our proposed energy-based
feature fusion (EB2F) method generates the task-adaptive
semantic and depth features for better feature fusion, while
the energy-based reliable fusion assessment (RFA) ensures
reliable fusion for improving segmentation performance with
depth-guidance. The experimental results demonstrate that
our proposed method outperforms SoTA methods by a large
margin, highlighting the effectiveness of our approach for
semantic segmentation with depth guidance. Moreover, our
proposed energy-based framework is a plug-and-play method
for domain adaptation and multi-task learning, which has the
potential for wide applicability in robotics systems.
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[13] H. Ramsauer, B. Schäfl, J. Lehner, P. Seidl, M. Widrich, L. Gruber,
M. Holzleitner, T. Adler, D. P. Kreil, M. K. Kopp, G. Klambauer,
J. Brandstetter, and S. Hochreiter, “Hopfield networks is all you need,”
in 9th International Conference on Learning Representations, ICLR
2021, Virtual Event, Austria, May 3-7, 2021, 2021.

[14] W. Liu, X. Wang, J. D. Owens, and Y. Li, “Energy-based out-of-
distribution detection,” in Advances in Neural Information Processing
Systems 33: Annual Conference on Neural Information Processing
Systems 2020, NeurIPS 2020, December 6-12, 2020, virtual, 2020.

[15] Y. Wang and J. Li, “Bilateral knowledge distillation for unsupervised
domain adaptation of semantic segmentation,” in 2022 IEEE/RSJ
International Conference on Intelligent Robots and Systems (IROS).
IEEE, 2022, pp. 10 177–10 184.

[16] Z. Chen, Z. Ding, J. M. Gregory, and L. Liu, “Ida: Informed domain
adaptive semantic segmentation,” arXiv preprint arXiv:2303.02741,
2023.

[17] J. Hoffman, E. Tzeng, T. Park, J.-Y. Zhu, P. Isola, K. Saenko,
A. Efros, and T. Darrell, “Cycada: Cycle-consistent adversarial domain
adaptation,” in International conference on machine learning. PMLR,
2018, pp. 1989–1998.

[18] X. Zheng, J. Zhu, Y. Liu, Z. Cao, C. Fu, and L. Wang, “Both style
and distortion matter: Dual-path unsupervised domain adaptation for
panoramic semantic segmentation,” in Proceedings of the IEEE/CVF

Conference on Computer Vision and Pattern Recognition, 2023, pp.
1285–1295.

[19] T. Isobe, X. Jia, S. Chen, J. He, Y. Shi, J. Liu, H. Lu, and S. Wang,
“Multi-target domain adaptation with collaborative consistency learn-
ing,” in Proceedings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition, 2021, pp. 8187–8196.

[20] T.-H. Vu, H. Jain, M. Bucher, M. Cord, and P. Pérez, “Advent:
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Energy-based Domain-Adaptive Segmentation with Depth Guidance
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Jinjing Zhu, Zhedong Hu, Tae-Kyun Kim, and Lin Wang*

Abstract— Due to the lack of space in the main paper, we
provide more details of the proposed method and experimental
results in the supplementary material. Sec. I delves into a
comprehensive discussion of the proposed SMART. Sec. II
shows the comparison between softmax score and energy
score. Sec. III and Sec. IV show the details of datasets and
implementations. Sec. V shows the details of the experimental
results. Sec. VI provides an ablation study about the steps of
updating the input pattern and the results. Sec. VII provides a
visual representation of the results obtained on the GTA5-to-
Cityscapes and SYNTHIA-to-Cityscapes datasets. Sec. VIII
adds the Algorithm of the proposed SMART framework.
Sec. IX introduces the limitation and future work of the
proposed SMART.

I. DISCUSSION

Difference between our proposed method and UDA for
semantic segmentation.

This work mainly focuses on using depth guidance for
improving segmentation performance in the UDA setting,
and the most relevant SOTA method is CorDA. We thus take
CorDA as our baseline and demonstrate our ideas on top of
it. The UDA for segmentation methods [1]–[3] tackle the
problem in another way not using depth guidance. The ideas
of these methods are orthogonal to ours, thus the proposed
method is expected to bring up a complementary effect to
further improve their accuracy.
Difference between cross-attention and our proposed
energy-based fusion.

EBMs are adopted as a unified framework or an effective
tool to obtain task-adaptive feature fusion and assess the
quality of the feature fusion for enhancing segmentation with
depth guidance. Unlike cross-attention modules which only
focus on merging features, we first propose to obtain specific
task-adaptive features (depth) for semantics features, then
use a cross-attention module or direct addition to fuse them.
Moreover, we can utilize Hopfield energy to explicitly mea-
sure the discrepancy between depth and semantic features,
and utilize γ and iteration in Eq.8 to control the degree of
updating features (depth) for better fusion with other features
(semantics). The ablation study about these two parameters
is shown in Tabs. VI and VII.
Details of RFA.

Previous works have shown that energy score is more ef-
fective than softmax which is utilized for calculating entropy
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Z. Hu is with NCEPU, China (caughyhzd@foxmail.com)
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L. Wang is with HKUST(GZ), Guangzhou and HKUST, HongKong,
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for detecting out-of-distribution data. Moreover, this work
not just focuses on the selection, and we propose to enable
predictions with or without fusion bidirectionally, which
learns from each other based on collaborative learning, and
make both predictions more accurate. Due to that the target
data is unlabeled in the training and inference, we propose
to utilize unsupervised energy score to disseminate reliable
fusion instead of using supervised GT.

Depth guidance has been shown to improve the segmenta-
tion accuracy in UDA settings, thanks to the geometric cues
it brings, in literature. Therefore, the predictions with fusion
are generally more accurate than the predictions without
fusion. However, note that we tackle the dense prediction
problem, i.e., predicting in each individual pixel. Given a
single image instance, not all pixels might have accurate
depth estimation, thus we better consider the feature fusion
selectively to pixels. That is achieved by the proposed RFA,
which enables predictions with or without fusion bidirection-
ally, letting them learn from each other in pixel-wise level.
Therefore, W 1

d after learning is not zero. As shown in Tabs.
3 and 4 in the main paper, this bidirectional module with
W 1

d improves the baseline accuracy.
Details of training and inference.

The inputs for training are labeled source and unlabeled
target data, and the inputs for inference are only the unla-
beled target data. In the training, we alleviate the domain
gap by gradually obtaining reliable pseudo labels of target
data and then reducing the cross-entropy loss, which is a self-
supervised pseudo-labeling approach and commonly used for
domain alignment in previous works. During the training,
we measure the discrepancy between predictions with and
without the feature fusion as part of our loss functions.
During the inference, we use only the pipeline that goes
through the feature fusion.
Illustration of EB2F module.

The overview of the proposed EB2F module is shown as
Fig. 1. The black arrow means the process of getting the
gradient ∇ξ, and the inputs for the fusion are an updated
pattern ξn and another µ. The loop means that we can update
the pattern ξ by n iterations to obtain better task-adaptive
features.
About improvement of energy-based module.

Our method is agnostic to fusion models, and we conduct
experiments using different fusion schemes (Scheme 1 and
Scheme 2). We directly add features (Fusion1) without any
fusion module, and the results about Fusion1 and EB2F
on Tabs. 1, 2, 3, 4 in the main paper demonstrate the
effectiveness of energy design.
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Fig. 1: The illustration of the proposed EB2F module.

Definition of E(x).
E(x) is the general energy function that maps the variable

x to a single non-probabilistic scalar. Eseg and Edep are
the specific energy functions for segmentation (classification)
and depth estimation (regression) tasks, respectively. And
Eseg and Edep are calculated using the outputs of networks
and ground truth.
Difference between uncertainty estimation and EBMs.

Uncertainty estimation and EBMs are two distinct con-
cepts. Uncertainty estimation quantifies the uncertainty or
lack of confidence in predictions, and EBMs assign the
lowest energy to correct predictions and higher energy values
to other incorrect predictions.

II. COMPARISON BETWEEN SOFTMAX SCORE AND
ENERGY SCORE

Note that the comparison is provided from [4]. Energy
score can serve as a simple and effective replacement for the
softmax confidence score [5] for any pre-trained neural net-
work. To establish this, we derive a mathematical connection
between the energy score and the softmax confidence score:

max
y

p(y | x) = max
y

efy(x)∑
i e

fi(x)
=

ef
max(x)

∑
i e

fi(x)

=
1∑

i e
fi(x)−fmax(x)

=⇒ logmax
y

p(y | x) = E (x; f(x)− fmax(x))

= E(x; f) + fmax(x),

This equation shows that the log of the softmax confidence
score is equivalent to a special case of the free energy score,
where all the logits are shifted by their maximum logit value.
When T = 1, the in-distribution data tends to have a lower
value for E(x; f) and a higher value for fmax(x). As a
result, the shifting leads to a biased scoring function that
is no longer proportional to the probability density p(x) for
x ∈ RD:

logmax
y

p(y | x) = − log p(x) + fmax(x)− logZ︸ ︷︷ ︸
Not constant. Larger for in-dist x

.

Unlike the energy score, which is well-aligned with density
p(x), the softmax confidence score is less reliable in distin-
guishing between in- and out-of-distribution examples. Based
on the aforementioned comparison, we conduct a subtle anal-
ysis of the energy score of predictions made with and without
feature fusion. This is because the feature fusion process is
intended to improve the segmentation performance, and if the
performance of the framework is worse with feature fusion

than without it, then it indicates that the feature fusion is less
reliable in facilitating segmentation. To accomplish this, we
use energy scores to evaluate the reliability of feature fusion.
For a detailed explanation of energy scores, please refer to
[4].

III. DATASETS

In this study, we utilize two standard benchmark tasks,
SYNTHIA → Cityscapes and GTA5 → Cityscapes, to eval-
uate the performance of our model. We utilize SYNTHIA
[6] and GTA5 [7] datasets as synthetic source domains,
and Cityscapes [8] dataset as the real target domain. To
ensure a fair comparison, we generate the depth ground-
truths for Cityscapes and GTA5 datasets as CorDA. The
Cityscapes dataset is a real-world dataset with densely
annotated semantic segmentation for 19 classes, consisting
of 2975 images in the training set and 500 images in the
validation set, each with a fixed resolution of 2048×1024
pixels. Following the experimental protocol used by [9],
we resize the original images to 1024×512 pixels. The
GTA5 dataset is a synthetic dataset generated from a game
environment, with 19 classes using Cityscapes-style anno-
tation. It contains 24,966 synthetic images. The SYNTHIA
dataset is a synthetic dataset of a virtual road scene, with
16 overlapping classes using Cityscapes-style annotations.
We utilize the SYNTHIA-RAND-CITYSCAPES split and
9,400 synthetic images. The source depth supervision is
provided by the simulated depth of the dataset. We evaluate
the performance of our proposed model using the Intersection
Over Union (IoU) for per-class performance, as well as the
mean Intersection over Union (mIoU) over all classes.

IV. IMPLEMENTATIONS

For the purpose of a fair comparison, we have chosen
ResNet-101 as the shared encoder, DeepLabv2 as the task
decoder, and residual blocks as the task net, following the
approach in [10]. We set the batch size to 2 and the learning
rate to start at 2.5 × 10−4, with a polynomial decay of
exponent 0.9. Images from the source domain are scaled
to 1280 × 760, while those from the target domain have a
resolution of 1024 × 512, which is used as input for training.
To further augment the data, we apply random crops of size
512 × 512. We assign weights for the source depth loss
and the target depth loss to α = 0.001 as [10]. All models
undergo training for 250,000 iterations. To ensure more
reliable fusion, we further train the models for an additional
50,000 iterations using RFA based on the previously trained
model, with the learning rate set to 2.5× 10−5.

V. RESULTS

Comparison with previous methods.
Tab. I shows the detailed comparison results on GTA5-to-

Cityscapes.
Tab. II shows the detailed comparison results on

SYNTHIA-to-Cityscapes.
Effectiveness of two components of EBG.
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Source only [11] 75.8 16.8 77.2 12.5 21.0 25.5 30.1 20.1 81.3 24.6 70.3 53.8 26.4 49.9 17.2 25.9 6.5 25.3 36.0 36.6
ROAD [12] 76.3 36.1 69.6 28.6 22.4 28.6 29.3 14.8 82.3 35.3 72.9 54.4 17.8 78.9 27.7 30.3 4.0 24.9 12.6 39.4
OutputAdapt [11] 86.5 36.0 79.9 23.4 23.3 23.9 35.2 14.8 83.4 33.3 75.6 58.5 27.6 73.7 32.5 35.4 3.9 30.1 28.1 42.4
ADVENT [13] 87.6 21.4 82.0 34.8 26.2 28.5 35.6 23.0 84.5 35.1 76.2 58.6 30.7 84.8 34.2 43.4 0.4 28.4 35.3 44.8
CBST [14] 91.8 53.5 80.5 32.7 21.0 34.0 28.9 20.4 83.9 34.2 80.9 53.1 24.0 82.7 30.3 35.9 16.0 25.9 42.8 45.9
BDL [15] 91.0 44.7 84.2 34.6 27.6 30.2 36.0 36.0 85.0 43.6 83.0 58.6 31.6 83.3 35.3 49.7 3.3 28.8 35.6 48.5
MRKLD-SP [16] 90.8 46.0 79.9 27.4 23.3 42.3 46.2 40.9 83.5 19.2 59.1 63.5 30.8 83.5 36.8 52.0 28.0 36.8 46.4 49.2
Kim et al. [17] 92.9 55.0 85.3 34.2 31.1 34.9 40.7 34.0 85.2 40.1 87.1 61.0 31.1 82.5 32.3 42.9 0.3 36.4 46.1 50.2
CAG-UDA [18] 90.4 51.6 83.8 34.2 27.8 38.4 25.3 48.4 85.4 38.2 78.1 58.6 34.6 84.7 21.9 42.7 41.1 29.3 37.2 50.2
FDA [19] 92.5 53.3 82.4 26.5 27.6 36.4 40.6 38.9 82.3 39.8 78.0 62.6 34.4 84.9 34.1 53.1 16.9 27.7 46.4 50.5
PIT [20] 87.5 43.4 78.8 31.2 30.2 36.3 39.9 42.0 79.2 37.1 79.3 65.4 37.5 83.2 46.0 45.6 25.7 23.5 49.9 50.6
IAST [21] 93.8 57.8 85.1 39.5 26.7 26.2 43.1 34.7 84.9 32.9 88.0 62.6 29.0 87.3 39.2 49.6 23.2 34.7 39.6 51.5
DACS [10] 89.9 39.7 87.9 30.7 39.5 38.5 46.4 52.8 88.0 44.0 88.8 67.2 35.8 84.5 45.7 50.2 0.0 27.3 34.0 52.1
CorDA [22] 95.2 65.1 87.4 33.0 40.0 39.9 47.7 53.6 87.6 45.3 88.7 66.2 33.5 89.9 53.9 53.3 0.2 41.0 55.8 56.7
SMART+Fusion1 94.3 59.7 88.4 37.9 42.9 40.0 48.4 51.5 87.3 48.1 88.8 66.6 28.8 91.5 67.4 57.9 0.0 44.3 51.9 57.7
SMART+Fusion2 94.5 60.3 88.3 31.8 42.8 41.0 48.5 50.5 87.3 47.3 89.0 66.4 28.0 91.4 63.9 56.1 0.0 44.0 51.2 57.0

TABLE I: Semantic segmentation results on the GTA5-to-Cityscapes.
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Source [10] 36.3 14.6 68.8 9.2 0.2 24.4 5.6 9.1 69.0 79.4 52.5 11.3 49.8 9.5 11.0 20.7 29.5
ADVENT [13] 85.6 42.2 79.7 8.7 0.4 25.9 5.4 8.1 80.4 84.1 57.9 23.8 73.3 36.4 14.2 33.0 41.2
CBST [14] 68.0 29.9 76.3 10.8 1.4 33.9 22.8 29.5 77.6 78.3 60.6 28.3 81.6 23.5 18.8 39.8 42.6
R-MRNet [23] 87.6 41.9 83.1 14.7 1.7 36.2 31.3 19.9 81.6 80.6 63.0 21.8 86.2 40.7 23.6 53.1 47.9
IAST [21] 81.9 41.5 83.3 17.7 4.6 32.3 30.9 28.8 83.4 85.0 65.5 30.8 86.5 38.2 33.1 52.7 49.8
DACS [10] 80.6 25.1 81.9 21.5 2.9 37.2 22.7 24.0 83.7 90.8 67.6 38.3 82.9 38.9 28.5 47.6 48.3
SPIGAN [24] 71.1 29.8 71.4 3.7 0.3 33.2 6.4 15.6 81.2 78.9 52.7 13.1 75.9 25.5 10.0 20.5 36.8
GIO-Ada [9] 78.3 29.2 76.9 11.4 0.3 26.5 10.8 17.2 81.7 81.9 45.8 15.4 68.0 15.9 7.5 30.4 37.3
DADA [25] 89.2 44.8 81.4 6.8 0.3 26.2 8.6 11.1 84.8 84.0 54.7 19.3 79.7 40.7 14.0 38.8 42.6
CTRL [26] 86.4 42.5 80.4 20.0 1.0 27.7 10.5 13.3 80.6 82.6 61.0 23.7 81.8 42.9 21.0 44.7 45.0
CorDA [22] 87.8 46.7 85.4 20.6 3.1 38.0 38.8 44.0 84.3 85.8 67.9 38.9 84.6 37.5 33.7 54.2 53.2
SMART+Fusion1 94.2 65.1 85.3 15.3 3.8 39.5 40.3 44.8 83.5 89.0 67.7 41.2 86.2 42.7 20.4 51.7 54.4
SMART+Fusion2 94.6 65.9 86.3 13.7 4.7 40.6 41.8 47.6 84.3 88.7 69.4 41.2 86.4 35.0 29.9 55.2 55.3

TABLE II: Semantic segmentation results on the SYNTHIA-to-Cityscapes.
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✓ 93.9 64.5 87.0 26.3 40.1 41.6 46.3 50.9 87.5 46.0 88.3 66.8 36.2 89.5 52.7 52.5 0.0 12.4 32.6 53.4
✓ ✓ 93.5 57.3 88.4 39.8 44.8 40.6 48.3 54.3 88.2 50.6 90.4 66.0 34.7 90.9 60.2 55.6 0.0 18.5 43.3 56.1
✓ ✓ 93.3 54.8 88.3 31.7 44.1 39.2 48.5 57.5 87.5 50.2 89.0 65.7 33.7 89.4 56.4 47.4 0.0 18.3 46.4 54.8
✓ ✓ 93.7 58.9 88.1 40.8 42.3 41.1 47.8 50.3 87.8 47.1 87.3 66.2 27.7 91.4 65.4 54.0 0.0 44.1 51.8 57.1

TABLE III: Ablation study about EB2F

Tab. III shows the detailed results of ablation study of the
proposed EB2F.

Tab. IV shows the detailed results of ablation study of the
proposed RFA.

Tab. V shows the detailed results about influence of β.
Tab. VI shows the detailed results about influence of γ.

VI. ABLATION STUDY

In Tab. VII, to enable the semantic and depth features more
task-adaptive, we perform ablation studies about the steps of
updating of function:

ξn+1 = ξn − γ
(
ξn − ν softmax

(
νT ξn

))

= (1− γ)ξn + γν softmax
(
νT ξn

)
.

We modify the steps in the fusion scheme from 0 to 4
and conduct several experiments to evaluate the performance
of the proposed model. Our results show that: (1) When the
step is 0, the performance is 53.4%. Directly fusing semantic
and depth features using fusion scheme 1 does not improve
the performance compared with the baseline. This verifies

that directly adding these features without iteration does
not enhance the model’s performance. (2) As the number
of steps increases (up to 3), the corresponding performance
gradually improves, demonstrating the effectiveness of iter-
atively extracting task-adaptive features using the Hopfield
energy algorithm. Our model, SMART, achieves 57.1% and
57.3% mIoU with one- and two-step EB2F, respectively.
Given the computational cost of the proposed model, we use
one-step EB2F in the entire training process. (3) However,
when the number of steps is more than 2, updating the
depth features multiple times degrades the segmentation
performance. This is because the repeated updating of depth
features causes them to lose their geometric information,
leading to a degradation in segmentation performance after
feature fusion.

VII. VISUALIZATION

We provide a few qualitative examples on GTA5-to-
Cityscapes and SYNTHIA-to-Cityscapes tasks in Fig.2 and
Fig.3, respectively.
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✓ 93.9 64.5 87.0 26.3 40.1 41.6 46.3 50.9 87.5 46.0 88.3 66.8 36.2 89.5 52.7 52.5 0.0 12.4 32.6 53.4
✓ ✓ 94.6 64.1 88.1 37.6 42.8 41.4 47.7 51.4 87.8 47.5 87.8 67.5 37.2 89.9 52.4 57.0 0.0 12.0 34.1 54.8
✓ ✓ 94.8 65.0 88.0 35.4 40.5 41.0 47.4 51.9 87.9 44.9 87.4 66.7 36.2 90.0 50.0 58.5 0.0 12.6 35.8 54.4
✓ ✓ ✓ 94.7 61.9 86.8 31.7 34.6 39.3 45.2 51.8 86.9 43.5 88.5 63.8 32.3 90.2 53.0 47.6 0.0 38.4 55.2 54.9

TABLE IV: Ablation study about RFA.
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0 93.9 64.5 87.0 26.3 40.1 41.6 46.3 50.9 87.5 46.0 88.3 66.8 36.2 89.5 52.7 52.5 0.0 12.4 32.6 53.4
0.1 95.1 64.4 88.1 28.5 42.1 42.5 48.2 50.4 88.0 48.1 88.5 67.3 36.2 90.2 54.9 58.1 0.0 12.3 33.2 54.4
0.5 95.0 64.7 87.6 27.0 39.9 40.5 47.2 50.8 87.9 47.4 88.8 67.3 37.1 89.9 54.2 58.9 0.0 14.4 37.4 54.5
1.0 94.6 64.1 88.1 37.6 42.8 41.4 47.7 51.4 87.9 47.5 87.8 67.5 37.2 89.9 52.4 57.0 0.0 12.0 34.1 54.8
2.0 95.4 67.5 87.6 26.5 39.0 39.1 47.2 50.8 88.0 47.7 88.7 67.2 37.5 90.2 54.0 58.1 0.0 12.2 33.1 54.2

TABLE V: Influence of β.
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0 93.9 64.5 87.0 26.3 40.1 41.6 46.3 50.9 87.5 46.0 88.3 66.8 36.2 89.5 52.7 52.5 0.0 12.4 32.6 53.4
0.1 92.8 48.9 87.7 32.0 36.0 37.4 47.1 41.9 87.0 46.9 89.6 65.8 36.8 90.5 43.5 45.1 0.0 10.8 25.3 50.8
0.2 95.0 64.7 88.1 31.8 38.0 37.6 48.2 54.9 88.1 49.7 90.3 65.8 35.8 90.3 53.5 48.3 0.0 12.7 31.3 53.9
0.5 93.4 54.9 88.3 39.4 43.9 41.5 48.1 51.9 88.3 50.7 89.7 66.7 36.7 91.0 60.0 55.7 0.0 18.6 44.8 55.9
1.0 93.7 58.9 88.1 40.8 42.3 41.1 47.8 50.3 87.8 47.1 87.3 66.2 27.7 91.4 65.4 54.0 0.0 44.1 51.8 57.1

TABLE VI: Inluence of γ.
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0 93.9 64.5 87.0 26.3 40.1 41.6 46.3 50.9 87.5 46.0 88.3 66.8 36.2 89.5 52.7 52.5 0.0 12.4 32.6 53.4
1 93.7 58.9 88.1 40.8 42.3 41.1 47.8 50.3 87.8 47.1 87.3 66.2 27.7 91.4 65.4 54.0 0.0 44.1 51.8 57.1
2 93.9 57.3 88.1 35.8 41.2 40.3 48.4 51.2 87.7 46.0 89.4 67.4 36.0 91.3 58.1 55.2 0.0 45.7 55.9 57.3
3 95.0 65.1 88.5 39.5 42.4 41.1 48.4 51.8 88.3 48.5 90.7 67.4 36.6 91.2 51.5 46.4 0.0 11.0 23.2 54.0
4 88.4 42.2 82.7 26.5 26.9 32.0 23.7 14.3 82.6 33.8 80.7 49.6 8.2 84.3 28.3 33.1 0.0 6.9 0.2 39.2

TABLE VII: The ablation study about steps.

VIII. ALGORITHM

The overall algorithm of SMART is shown in Algorithm.1.

IX. LIMITATION AND FUTURE WORK

In this paper, we mostly use the Hopfield energy function
to build up our SMART framework by measuring the discrep-
ancy between semantic and depth features. Future work will
explore other energy functions to better learn task-adaptive
features. Moreover, our SMART framework can be extended
to explore the correlation between different tasks to improve
the performance of these tasks, e.g., depth estimation.
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Fig. 2: Qualitative results for GTA5-to-Cityscapes.
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Fig. 3: Qualitative results for SYNTHIA-to-Cityscapes.



Algorithm 1 The Proposed framework

1: Input: DS =
{(

xS
1 ,y

S
1 ,d

S
1

)
, . . . ,

(
xS
n ,y

S
n ,d

S
n

)}
,

DT =
{(

xT
1 ,d

T
1

)
, . . . ,

(
xT
m,dT

m

)}
; max iterations: T1

and T2

model: f(Θ);
2: Initialization: Set Θ;
3: for for t ←− 1 to T1 do
4: Compute the Hopfield energy between semantic and

depth features:
Eh(ξ;ν) =

1
2ξ

T ξ − lse
(
νT ξ

)
;

5: Obtain the task-adaptive features:
ξn+1 = (1− γ)ξn + γν softmax

(
νT ξn

)
;

6: Obtain the fused semantic and depth features with two
fusion schemes:
Fusion1(ξ,ν) = ξ + ν,
Fusion2(ξ,ν) = ν + (W 1

d ⊗ ξ)⊙ σ(W 2
d ⊗ ξ);

7: Compute the supervised losses for semantic segmen-
tation and depth estimation, respectively:
Ltotal
seg = LS

seg + LT
seg + L̃S

seg + L̃T
seg,

Ltotal
dep = LS

dep + LT
dep + L̃S

dep + L̃T
dep,

Ls = Ltotal
seg + αLtotal

dep ;
8: Back propagation for Ls;
9: Update the model Θ.

10: end for
11: for for t ←− 1 to T2 do
12: Calculate the energy score for semantic segmentation

and depth estimation:
Eseg(x) = − log

∑K
i=1 e

P i(x),
Ẽseg(x) = − log

∑K
i=1 e

P̃ i(x),
Edep(x) = Ldep,
Ẽdep(x) = L̃dep;

13: Calculate the loss function of RFA:
LRFA = Lseg

RFA + αLdep
RFA;

14: Obtain the overal objective:
L = Ls + βLRFA;

15: Back propagation for L;
16: Update the model Θ.
17: end for
18: return Θ.
19: End.
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