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Abstract

Deep superpixel algorithms have made remarkable strides by
substituting hand-crafted features with learnable ones. Nev-
ertheless, we observe that existing deep superpixel meth-
ods, serving as mid-level representation operations, remain
sensitive to the statistical properties (e.g., color distribu-
tion, high-level semantics) embedded within the training
dataset. Consequently, learnable features exhibit constrained
discriminative capability, resulting in unsatisfactory pixel
grouping performance, particularly in untrainable applica-
tion scenarios. To address this issue, we propose the Content
Disentangle Superpixel (CDS) algorithm to selectively sepa-
rate the invariant inter-pixel correlations and statistical prop-
erties, i.e., style noise. Specifically, We first construct aux-
iliary modalities that are homologous to the original RGB
image but have substantial stylistic variations. Then, driven
by mutual information, we propose the local-grid correla-
tion alignment across modalities to reduce the distribution
discrepancy of adaptively selected features and learn invari-
ant inter-pixel correlations. Afterwards, we perform global-
style mutual information minimization to enforce the sep-
aration of invariant content and train data styles. The ex-
perimental results on four benchmark datasets demonstrate
the superiority of our approach to existing state-of-the-
art methods, regarding boundary adherence, generalization,
and efficiency. Code and pre-trained model are available at
https://github.com/rookiie/CDSpixel.

Introduction
Superpixel segmentation (Achanta et al. 2012; Liu et al.
2011; Achanta and Susstrunk 2017; Yang et al. 2020; Wang
et al. 2021) divides an image into compact and contiguous
regions of pixels based on specific criteria such as color sim-
ilarity, texture, or brightness. Compared to pixel-level pro-
cessing, superpixels significantly reduce the number of im-
age primitives and preserve the structural information, thus
improving the efficiency and accuracy of many downstream
tasks, i.e., semantic segmentation (He et al. 2015; Zhu et al.
2014; Kwak, Hong, and Han 2017; Gadde et al. 2016),
stereo matching (Yang et al. 2020; Birchfield and Tomasi
1999; Wang and Zheng 2008), self-supervised pretraining
(Sautier et al. 2022), image classification (Zhao, Zhu, and
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Figure 1: Motivation. (a) Visualization of the t-SNE distri-
butions on the BSDS dataset. From left to right are the base-
line and our CDS. After applying color inversion, the fea-
ture distribution of baseline displays a noticeable decision
boundary. In contrast, the feature distribution extracted by
CDS is more compact (i.e.,[-80, +80] vs [-40, +40]) and in-
divisible. (b) Gradually modifying the stylistic information
of both auxiliary (Ht) and original data (Ho) enhances the
purity of the shared invariant inter-pixel correlations (Hinv).

Feng 2022; Guo et al. 2018), etc. The usual practice of tra-
ditional superpixel algorithms is to initialize a regular grid
of superpixels and iteratively adjust the association of pixels
and neighboring superpixels. Afterward, deep learning algo-
rithms leverage image features learned by neural networks
to replace hand-crafted features, i.e., XYlab used by tradi-
tional methods, significantly improving the performance of
superpixel algorithms.

However, although learnable features have been proven
effective, they also introduce new challenges. Superpixel
segmentation, as a mid-level image representation task,
needs to adapt to a variety of open-world scenarios. Tra-
ditional superpixel algorithms employ independent online
processes (e.g., clustering or graph-cut), which remain un-
affected by inter-instance influences. In contrast, deep su-
perpixel algorithms carry the potential risk of learning the
unique data distribution present in the training set. To vali-
date this potential risk, we conducted a straightforward ex-
perimental verification in Fig. 1(a). Given that this con-
cern reflects the algorithm’s generalization ability, we opted
for SCN (Yang et al. 2020), a deep superpixel algorithm
renowned for its solid generalization, for experimental vali-
dation. We applied an inversion operation (subtracting each
pixel value from 255) to simulate variations in the data dis-
tribution within the test set. While the inter-pixel correla-
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tions of identical images should remain constant through the
linear transformation of RGB values during superpixel gen-
eration, the features extracted by the baseline algorithm ex-
hibit a discernible decision boundary. Hence, learnable su-
perpixels not only encompass a pure representation of inter-
pixel correlations, but are also influenced by stylistic noise
from the training set, such as high-level semantics and color
distribution. Among the previous works, this issue is over-
looked even though necessary.

To address this issue, we introduce a novel deep super-
pixel method named the Content Disentangle Superpixel
(CDS) algorithm to disentangle the dataset-specific style
from the invariant content, i.e., the inter-pixel correlation
used for superpixel segmentation. Our CDS achieve the ob-
jective of decoupling by constructing auxiliary data. As su-
perpixel segmentation focuses not on high-level semantics
but on pixel correlations, auxiliary data, despite altering
style, do not disrupt the inherent pixel relationships. As il-
lustrated in Fig.1(b), gradually modifying the stylistic in-
formation of both auxiliary and original data enhances the
purity of the shared invariant inter-pixel correlations. Con-
cretely, our method consists of three parts in order: feature
extraction, content disentangle (CD), and superpixel gener-
ation. In the CD phrase, we feed the modality embeddings
into the content selective gate to adaptively decouple con-
tent features and style noise. Afterwards, we propose the
superpixel-grid correlation alignment to ensure that the se-
lected content features from two modalities have the same
pixel correlations. To prevent the occurrence of degenerate
solutions in the content selective gate above. We enforce
constraints to encourage the dataset/modal-specific features
to have smaller mutual information while avoiding degra-
dation of the selected modality style. Finally, a modality-
shared superpixel decoder is designed to predict superpixel
associations. Moreover, the auxiliary modality is only used
in the training phase. In summary, our contributions are:

• We discover that existing deep superpixel algorithms de-
pend on the distribution of training data and propose the
CDS algorithm to ensure that learnable superpixels have
a high generalization and boundary adherence power.

• During the training phase, CDS introduces an auxiliary
modality to help decouple the correlated features among
pure pixels in the RGB modality; while performing in-
ference using only RGB. Compared to previous work,
our algorithm does not increase additional computational
burden but effective.

• Experimental results on datasets from four different do-
mains indicate the superiority of our approach to existing
superpixel algorithms. In addition, we demonstrate that
our method improves the performance of downstream
tasks.

Related Work
Traditional Superpixel Algorithms. The research of tra-
ditional superpixel algorithms (Achanta et al. 2012; Bergh
et al. 2012; Felzenszwalb and Huttenlocher 2004; Li and
Chen 2015; Liu et al. 2011; Grady 2006; Meyer 1992) has

a long timeline. In times of scarce parallel computing re-
sources, traditional superpixel algorithms can reduce im-
age information redundancy and are often used to improve
the computational efficiency of downstream tasks. Tradi-
tional superpixel algorithms are mainly classified into graph-
based, clustering-based, and energy-based approaches. Con-
cretely, graph-based methods, e.g., ERS (Liu et al. 2011),
treat superpixel segmentation as a graph partitioning prob-
lem. The image is formulated as an undirected graph, and the
edge weight indicates the inter-pixel similarity. Clustering-
based methods, e.g., SLIC (Achanta et al. 2012), SNIC
(Achanta and Susstrunk 2017), and LSC (Li and Chen
2015), initial the superpixels with seed pixels and apply clus-
ter algorithms like k-means to adjust the pixel association.
Energy-based methods, e.g., SEEDS (Bergh et al. 2012) and
ETPS (Yao et al. 2015), first partition the image into regu-
lar grids and leverage different energy functions as an objec-
tive to exchange the pixels between neighboring superpixels.
Traditional superpixel algorithms usually use CIELAB col-
ors, concatenated with two-dimensional position encoding
as pixel features.
Deep Superpixel Algorithms. SEAL (Tu et al. 2018) com-
bines the neural networks with the ERS (Liu et al. 2011)
by proposing the segmentation-aware affinity loss to learn
cluster-friendly features. SEAL is not end-to-end trainable.
To address this problem, Jampani et al. relaxes the nearest
neighbor constraints of SLIC and develops the first differ-
entiable deep algorithm SSN (Jampani et al. 2018). Since
both SEAL and SSN require iterative traditional superpixel
operations to complete the segmentation, SCN (Yang et al.
2020) model the superpixel segmentation as a classification
problem between each pixel and its neighboring nine super-
pixels, which significantly improves the computational effi-
ciency of superpixel segmentation. Based on the SCN, Wang
et al. (Wang et al. 2021) propose the association implanta-
tion module, i.e., AINet, to enable the network to enhance
the relations between the pixel and its surrounding grids.
Among them, SCN and AINet are the SOTA algorithms with
optimal performance.
Style Removal Algorithms. To better understand our work,
we introduce the style removal techniques related to our Mo-
tivation. Style removal is not an independent visual task,
often used as a technical means to solve problems such as
style transfer and domain generalization. Existing methods
mainly focus on two aspects: Normalization (Pan et al. 2018;
Ulyanov, Vedaldi, and Lempitsky 2017; Huang and Be-
longie 2017) and Whitening (Li et al. 2017; Pan et al. 2019;
Cho et al. 2019; Choi et al. 2021). Especially in (Ulyanov,
Vedaldi, and Lempitsky 2017), the authors propose instance
normalization to prevent overfitting on the domain-specific
style of training data. (Pan et al. 2018) achieve significant
performance improvement by incorporating the IN layers to
capture style-invariant information. (Li et al. 2017) visually
validates that the image style exists mainly on the correlation
of feature channels and proposes the whitening transform to
extract image content. Channel whitening calculates the co-
variance matrix across all channels, resulting in excessive
computational complexity (O(n2)). In (Cho et al. 2019),
the authors introduce group-wise instance whitening (GIW)
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transform to improve time efficiency. Overall, instance-level
normalization and whitening both ensure that feature chan-
nels are independent of each other.

Preliminaries
Superpixel segmentation is the task of partitioning an in-
put image I ∈ RH×W×3 into a set of n superpixels S =
{S1, S2, ..., Sn}, where each superpixel Si consists of a
group of adjacent pixels with similar characteristics. Mathe-
matically, superpixel segmentation algorithms aim to calcu-
late the pixel-superpixel association map Q. Since comput-
ing the association between each pixel p with n superpixels
has a high computational complexity, the latest deep super-
pixel approaches (Yang et al. 2020) formulate the superpixel
segmentation as a local classification problem between pixel
p with nine neighbor superpixel grids, and improve the time
efficiency. This also served as our theoretical foundation.

Concretely, the image I is initialized into regular grids,
and Q ∈ RH×W×9 indicates the probability that each pixel
p is attributed to its nine nearby superpixel grids. The asso-
ciation map Q is predicted by a series of CNNs. Since no
label is available for this output, deep algorithms design the
superpixel loss inspired by the k-means convergence condi-
tion. Formally, let f(p) be the pixel properties, i.e., seman-
tic one-hot vector and positional encoding; we first obtain
the superpixel clustering center properties g(s) leveraging
Q and f(p). Then reconstruct the pixel property as follows:

g(s) =

∑
{p|s∈Np} f(p) · Qs(p)∑

{p|s∈Np} Qs(p)
, f ′(p) =

∑
s∈Np

g(s)·Qs(p).

(1)
Here Np indicates the set of adjacent superpixels of p, and
the Qs(p) is the predicted probability that pixel p is assigned
to superpixel s. Finally, superpixel segmentation amounts to
minimizing the reconstruction distance

Lsp(Q) =
∑
p

Dis (f(p), f ′(p)) . (2)

Following previous works (Yang et al. 2020; Wang et al.
2021), we use the cross-entropy and the Euclidean distance
as the distance measure of the semantic label and the posi-
tion vector, respectively.

Proposed Algorithm
In this section, we present Content Disentangle Superpixel
(CDS) algorithm (shown in Fig.2), which aims to learn in-
variant inter-pixel correlations and reduce the style noise for
superpixel generation. We first introduce the auxiliary modal
and feature extraction, and then, present the content disen-
tangle mechanism. Finally, the superpixel decoder is shown
in the last subsection.

Auxiliary Modal and Feature Extraction
Auxiliary Modal. As shown in Fig.1(b), we construct sam-
ples with large domain offsets homogeneously sourced from
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Figure 2: Flowchart of the proposed content disentangle su-
perpixel algorithm.

the raw data to separate the inter-pixel correlation informa-
tion, and the constructed auxiliary samples need to: (1) pre-
serve the pixel interrelations intact, (2) and exhibit signifi-
cant stylistic differences. Consequently, we adopt the auxil-
iary modality. Modality refers to the way in which some-
thing happens or is experienced (Baltrušaitis, Ahuja, and
Morency 2018), and different modalities, i.e., HSV and LAB
color-space transform and gradient map, describe objects
from different perspectives. Although these modalities do
not possess as significant modality barriers as heterogeneous
data like text and images, they exhibit substantial variations
in pixel-level descriptions.
Modal Encoder. Different from (Yang et al. 2020; Wang
et al. 2021), to facilitate the decoupling of learnable image
features, we remain in the explicit pixel-level feature extrac-
tion phase. For each image I and its auxiliary modality sam-
ple A ∈ RH×W×3, the whole process can be formulated as:

Ψ(I) = P {Φ (I; θ) + I; θ∗} (3)

Ψ(A) = P {Φ (A; γ) +A; γ∗} (4)
where the Φ is a series of convolution layers modified from
the CNN part of SSN (Jampani et al. 2018). We adopt its
structure for simplicity and efficiency. Since we formulate
superpixels as a local classification problem, we do not con-
catenate positional encoding as SSN does. Additionally, to
prevent the loss of pixel information, we additionally use a
non-linear mapping function P{·} to aggregate the original
pixel values. θ, θ∗ and γ, γ∗ indicate the parameters of two
modalities, respectively.

Content Disentangle Mechanism
After feature extraction process, we obtain the pixel-level
embedding of the inputs, i.e., FI ,FA ∈ RC×H×W . In this
section, we introduce the content disentangle mechanism
to adaptively select the inter-pixel correlation information,
which contains three operations in detail.
Content Selective Gate is a learnable filter to separate
the pixel embedding FA,I into content features CA,I ∈
RC×H×W and global modality/dataset style vectors VA,I ∈
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Figure 3: Illustration of the Local-grid Correlation Align-
ment (LCA) mechanism. LCA performs spatial domain dis-
tribution alignment at the superpixel level.

RC . As discussed in the related work, the image style exists
mainly on the correlation of feature channels (Li et al. 2017).
More importantly, superpixels do not consider global se-
mantics like classification tasks do, and each position in the
spatial domain has equal significance. Therefore, the content
selective gate is designed as a share-weighted channel-wise
attention strategy:

Ci = Gate(Fi) · Fi

Vi = avgpool((1−Gate(Fi)) · Fi)
(5)

where i ∈ {A, I}, avgpool is the channel-wise average
pooling operation, and

Gate(Fi) = σ (W2 · δ (W1 · avgpool(Fi))) . (6)

Here, W1 and W2 are the parameters for two fully-
connected layers, and the δ(·) and σ(·) are the relu and sig-
moid function, respectively.
Local-grid Correlation Alignment is proposed to enforce
the auxiliary modality and the primary modality to learn
similar superpixel-friendly invariant features, i.e., the cor-
relations between pixels. For superpixels, our objective is to
ensure that embeddings of neighboring pixels with similar
attributes are highly similar, while those of dissimilar pixels
exhibit pronounced distinctions. This perspective highlights
that superpixels prioritize capturing variations in feature dis-
similarity at each image position, rather than being fixated
on specific numerical values. Consequently, it becomes es-
sential to guarantee the congruence of spatial distributions
between the auxiliary and primary modalities.

As illustrated in Fig.3, given content features CI , CA ∈
RC×H×W and initial superpixel grid with d × d size, We
first employ average pooling to reduce dimensions, fol-
lowed by traversing all superpixel grids and unfolding fea-
tures in the spatial domain, resulting in the feature matrix
Z ∈ RK×d2

. K is the initial superpixel number which cal-
culated by (H/d)× (W/d). Then, the local-grid correlation
alignment constraint is formulated as:

Lalign =
1

K

K∑
i

DKL(Z
I
i ∥ZA

i ). (7)

Algorithm 1: Training pseudocode for CDS.

Input: Input image I and auxiliary modal A.
Output: The superpixel association map QI and QA.
Initialize components: ΨI , ΨA, Gate, and superpixel de-
coder D. Initialize the variational distribution network hθ.
for each training iteration do

Step 1: Update the main network. (Fix the hθ.)
Conduct auxiliary modal A.

Calculate the FI and FA by Eq.3, Eq.4.
Calculate the Ci and Vi by Eq.5, Eq.6.
Predict the QI and QA by feeding Ci into the super-

pixel decoder D.
Calculate Lalign, LMI , and Lsp, respectively.
Update the CDS

Step 2: Update the variational distribution network.
Detach the value of VI and VA from the computa-

tional graph.
Calculate L(θ).
Update the parameters of hθ

end for

Here, we do not directly compute the global spatial distri-
bution for three main reasons: (1) To enhance parallel com-
puting efficiency. (2) To prevent the loss of local informa-
tion, as softmax normalization is employed prior to calculat-
ing KL divergence, and a large number of pixels could lead
to excessively small local probabilities. (3) The deep super-
pixel algorithm is defined as a neighborhood classification
problem.
Global-style Mutual Information Minimization. Since
only alignment lead to information loss or confusion be-
tween modalities, to prevent the occurrence of degenerate
solutions in the content selective gate above, we enforce con-
straints to encourage the dataset/modal-specific features V
to have smaller mutual information. Mathematically, given
the style vectors VA,I , (Cheng et al. 2020) provide an upper
bound on their mutual information:

I(VI ;VA) ≤Ep(VA,VI)[log p(VI | VA)]

− Ep(VA)Ep(VI)[log p(VI | VA)]
(8)

where I(VI ;VA) indicates the mutual information. How-
ever, the VA,I are learnable variables, and conditional distri-
bution p(VI | VA) is unavailable. Consequently, we lever-
age the variational distribution hθ to approximate p(·|·).
Then, the proposed MI loss is given to minimize the MI up-
per bound:

LMI =
1

N2

N∑
i=1

N∑
j=1

[(log hθ(VI
i |VA

i ))− (log hθ(VI
j |VA

i ))]

(9)
Specifically, the variational distribution hθ(VI |VA)) is

usually implemented with neural networks and optimized
independently by L(θ) = − 1

N

∑N
i=1 h

θ(VI
i |VA

i ), the log-
likelihood function (Yue et al. 2022). When participating
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Figure 4: Performance comparison on four datasets from different domains. From Left to Right: BSDS, NYU, KITTI and VOC
datasets. From Top to Bottom: ASA, BR-BP and UE metrics. Except UE, higher values indicate that the algorithm is more
effective.

in the computation of LMI and updating of the main net-
work, the parameters of hθ are frozen, and only gradients
are passed.

Superpixel Generation
Since the features encoding local pixel correlations, i.e.,
CI,A have the same size as the original image, we ini-
tially formulate hierarchical features {c1, c2, ..., cn}, where
n = log2(d), employing bilinear interpolation. The size of
ci is 1

2i−1 · (H,W ), i ∈ [1, n]. Then, similar to U-net, we
construct the decoder in a bottom-up manner, and the pre-
dict association map Q is given as:

Qi = D(c1, c2, ..., cn; ϵ), ∀i ∈ {A, I}, (10)

where ϵ indicates the parameters of D. In this way, we ex-
tend the network’s receptive field to encompass the adjacent
vicinity of nine d × d superpixel grids, thereby enabling a
more nuanced prediction of the relationship map.

Ltotal = Lalign + LMI + Lsp(QI) + Lsp(QA) (11)

Finally, the overall optimization objective of the proposed
CDS is defined in Eq. 11, which comprises three compo-
nents: the loss for the proposed local-grid correlation align-
ment, the mutual information loss, and the superpixel loss.
Algorithm 1 demonstrates the pseudocode for training our
algorithm.

Experiments
Experiment Settings
Dataset. Since the proposed CDS superpixel algorithm is
introduced to mitigate the influence of attribute noise from
the training set. We evaluate our method on four segmen-
tation datasets from different domains: BSDS500 (Arbelaez
et al. 2010), NYUv2 (Silberman et al. 2012), KITTI (Geiger,
Lenz, and Urtasun 2012), Pascal VOC2012 (Everingham
et al. 2015). Concretely, BSDS is an object edge detection
dataset that contains five segmentation labels from differ-
ent annotators for each image. NYUv2 is a semantic seg-
mentation dataset for indoor scenes. KITTI is a commonly
used street scene segmentation dataset for autonomous driv-
ing. Pascal VOC is a benchmark segmentation dataset with
twenty object categories, which can be used for tasks such
as object detection, instance segmentation.
Evaluation protocol. Follow the evaluation protocol of pre-
vious works (Yang et al. 2020; Wang et al. 2021), we only
train our model on the BSDS500 dataset and run inference
on the other datasets. The clustering performance is mainly
evaluated by three public metrics: Achievable Segmenta-
tion Accuracy (ASA), Boundary Recall-Precision (BR-BP)
curve, Under-segmentation Error (UE).
Implementation details. During the training phase, we ap-
ply data augmentation through random resize, random crop-
ping to 208 × 208, and random horizontal/vertical flipping
for our CDS. We trained the models using Adam optimizer.
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Model Time(ms) Device
SLIC(Achanta et al. 2012) 120 CPU
ERS(Liu et al. 2011) 940 CPU
ETPS(Yao et al. 2015) 82 CPU
SEAL(Tu et al. 2018) 2658 GPU&CPU
SSN(Jampani et al. 2018) 278 GPU
SCN(Yang et al. 2020) 5 GPU
AINet(Wang et al. 2021) 29 GPU
Ours 6 GPU

Table 1: Runtime comparison for generating about 600 su-
perpixels on NYUv2 with image size 608× 448.

The learning rate starts at 5e-4 and is updated by the poly
learning rate policy. We trained our model for 150k itera-
tions with batch size eight, and superpixel grid size d is set
to 16. We use the gradient map as the auxiliary modality and
conduct all the experiments on single RTX3090 GPU.

Comparison with the State-of-the-Arts
Fig.4 and Tab.1 report the metrics and runtime comparisons
with representative superpixel algorithms, respectively, in-
cluding three traditional approaches, i.e., clustering-based
method SLIC (Achanta et al. 2012), graph-based method
ERS (Liu et al. 2011), and energy-based method ETPS (Yao
et al. 2015), and four deep superpixel approaches, i.e., SEAL
(Tu et al. 2018), SSN (Jampani et al. 2018), SCN (Yang et al.
2020) and AINet (Wang et al. 2021). For traditional super-
pixels, we leverage the hyperparameters posted by (Stutz,
Hermans, and Leibe 2018). For deep superpixel algorithms,
we conduct the experiment with their official implementa-
tions. Among them, SCN and AINet are the SOTA algo-
rithms with optimal performance.

For a fair comparison, we employ the actual number of
generated superpixels due to potential variations from man-
ually specified counts. Our observations reveal the follow-
ing:

• (1) Our method consistently outperforms others across
all datasets, with a widening and stabilizing lead as su-
perpixel count increases. This implies that style noise re-
duction enhances contour accuracy.

• (2) Across diverse domains, our superiority becomes
more pronounced, highlighting superior generalization.

• (3) The auxiliary modality only participates in computa-
tions during the training phase, ensuring both improved
algorithm performance and preserved inference speed.

Qualitative comparison. Fig.7 shows the qualitative results
of six state-of-the art methods on dataset BSDS, NYUv2,
KITTI, and Pascal VOC. Our method has better performance
when facing critical object contours. Please see more visual
results in the supplementary.

Ablation Study
We conduct experiments primarily to address the following
key questions:

• Q1: The choices of auxiliary modalities, and the differ-
ence from using them as a form of data augmentation.
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Figure 5: Component analysis. From left to right: ASA score
on the BSDS and NYU datasets.
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Figure 6: Comparison with other style removal methods.
From left to right: ASA score on the BSDS and NYU
datasets.

• Q2: Since our goal is to extract shared information from
image pairs with significant style differences, why not
use alignment directly.

• Q3: Can other universal style-removal methods improve
the performance of the CDS model structure.

Component Analysis. As illustrated in Fig.5, we first study
the choice of auxiliary modality, i.e., HSV, LAB, and gradi-
ent map (Ours), for question Q1. The performance ranking
is Ours > HSV > LAB. As expected, the dissimilarity be-
tween the auxiliary modality and the RGB modality is pos-
itively correlated with the experimental performance. The
LAB color space retains two color channels, while the image
gradient map does not possess the same color information
as RGB. Then, to answer the question Q2, the conducted
experiments show that employing either feature alignment
constraints or style mutual information minimization alone
reduces the performance of the method, but both are still
superior to the baseline method(Yang et al. 2020). We con-
sider that (1) When only using alignment constraints, it actu-
ally does not decouple and remove the attribute noise of the
dataset, but forcibly brings the two modalities closer in the
feature space, resulting in the retention of some irrelevant
information for superpixel segmentation. (2) Since the two
modalities share the parameters of the superpixel generator,
it is equivalent to implicit alignment. However, without the
pixel correlation guidance for shared information extraction,
it leads to a decrease in performance.
Comparison with universal style-removal approaches.
We compare our method to other style-removal manners in
Fig.6 to further verify the our effectiveness. Firstly, to sup-
plement the question Q1, we employ the auxiliary modality
transform as a data augmentation strategy (model Aug), i.e,
applying the random modal transition by probability 0.3 for
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(a) Image (b) Label (c) SLIC (d) SSN (e) SEAL (f) SCN (g) AINet (h) Ours

Figure 7: Visualization results of ours and previous methods. Compared to other superpixel algorithms, our method achieves bet-
ter boundary adherence when facing unseen images. (From Top to Bottom: examples from BSDS, NYUv2, KITTI, VOC2012.)

training the single-modality model. Due to the significant
style differences between modalities and the original RGB
images, it confuses the lightweight feature extractor of the
superpixel algorithm, resulting in a severe performance de-
cline. Then we compare our methods with the IN (Ulyanov,
Vedaldi, and Lempitsky 2017), IW (Li et al. 2017), GIW
(Cho et al. 2019) for question Q3. As shown in the figure,
our method achieve the best performance. Specifically, the
generalization performance of Instance Normalization (IN)
falls behind our baseline. We believe this is because during
the training phase, Instance Normalization introduces addi-
tional errors due to significant individual variations.

Application

Superpixel algorithms provide better feature representation
for downstream tasks, improving model performance and
efficiency. The performance of superpixels in downstream
tasks also demonstrates the effectiveness of superpixel al-
gorithms. Table.2 reports the performance comparison on
downstream semantic segmentation tasks. We leverage the
pretrained Deeplab(Chen et al. 2014) and Bilateral Inception
(BI) module(Gadde et al. 2016) and directly replace the su-
perpixel segmentation generated by gSLICr(Ren, Prisacariu,
and Reid 2015) with different superpixel results. The first
row indicates the official implementation with 1000 super-
pixels. The following four lines show the results using 600
superpixels. Our method achieved an mIOU of 79.02 on the
reduced validated set used by (Gadde et al. 2016) of Pascal
VOC2012, outperforming other superpixel algorithms.

Base Modal Methods IoU

DeepLab

BI (gSLICr) 78.54
BI (ETPS) 77.67
BI (SCN) 78.90
BI (AINet) 78.96
BI (Ours) 79.02

Table 2: Superpixel algorithms with downstream segmenta-
tion. IoU comparison on the Pascal VOC dataset.

Conclusion

In this paper, we propose the Content Disentangle Super-
pixel algorithm to eliminate the dataset style noise that exists
in the learnable superpixel features and reduce the feature-
level distribution difference between training data and open-
world data for superpixel segmentation. Unlike other deep
superpixel algorithms that use single-modal training, we in-
troduce auxiliary modalities to assist in decoupling the RGB
image features into invariant image content and style noise.
Specifically, we propose local-grid correlation alignment to
maximize the selected image content information across
modalities and learn the invariant inter-pixel correlations for
superpixel generation. Then, we propose the global-style
mutual information minimization to the minimize the up-
per bound of mutual information for style information, and
prevent the degenerate solution during the disentangle pro-
cess. Experimental results demonstrate that our method ef-
fectively mitigates the impact of style noise on deep super-
pixel algorithms and achieves superior results compared to
existing methods on four different datasets.
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