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Abstract

Superpixels partition an image into perceptually coherent

regions, reducing the cost of downstream vision tasks. Mod-

ern deep learning methods excel at superpixel generation

but often yield irregular boundaries and isolated pixels,

necessitating non-differentiable post-processing to enforce

connectivity. This undermines the end-to-end learning ca-

pabilities. We propose a simple, fully differentiable graph-

Laplacian loss that encourages spatial regularity and con-

nectivity during training. The loss is model-agnostic and

can be seamlessly integrated into the training of existing

architectures to improve the quality of superpixels. In addi-

tion, we introduce two novel metrics, the average stray pixel

count and excess component count, to measure the quality

of superpixels. We demonstrate both qualitative and quanti-

tative improvements over state-of-the-art methods with and

without enforced connectivity. Our approach represents

a significant step toward eliminating non-differentiable

post-processing. Project code: https://github.

com/jeremyJJB/Differentiable-Laplacian-

Matrix-Guided-Superpixel-Segmentation.

1. Introduction

Superpixels are clusters of pixels that exhibit visual sim-

ilarity and continuity, functioning as an effective means

of data compression in computer vision. This technique

significantly reduces computational complexity for down-

stream tasks such as object segmentation and detection [7,

11, 15, 20, 22, 24, 30, 49, 50, 57, 59, 60], optical flow [27],

stereo matching [51], tracking and medical image applica-

tions [3, 25, 29, 31, 34, 43, 61, 62]. By aggregating pix-

els into coherent regions characterized by similar features

while adhering to image boundaries, superpixels facilitate

a transition from pixel-level processing to a less computa-

tionally intensive region-level analysis, often achieving re-

ductions in complexity by several orders of magnitude [49].

Traditional methods for superpixel generation, such as Sim-

ple Linear Iterative Clustering (SLIC), fulfill the criteria

for high-quality superpixels, which include boundary ad-

herence, compactness, and, most critically, spatial connec-

tivity [2]. In such algorithms, each superpixel label corre-

sponds to a single connected component, and isolated pixels

are naturally avoided by design.

Deep learning has dramatically improved superpixel

quality (boundary adherence and segmentation accuracy)

with models such as SCN [51], AINet [42], CDS [47], and

SSM [17]. However, a major limitation is that these mod-

els often produce irregular boundaries, disconnected super-

pixels (same label in multiple fragments), and isolated pix-

els as seen in the first row of Fig. 1. In practice, a non-

differentiable post-processing step borrowed from SLIC,

Enforced Connectivity (EC), is applied after inference to

reassign stray pixels so that each superpixel forms a single

connected component. This compromises differentiability,

breaks end-to-end learning, preventing joint optimization

with downstream tasks [2, 16, 17, 42, 47, 51]. In fact, one

model [54] is an exception: it enforces connectivity through

alternating multi-layered horizontal and vertical interpola-

tion steps within a dedicated architecture (i.e., it is not a

model-agnostic, drop-in loss), yet lags in overall accuracy.

More specifically, enforced connectivity (EC) introduces

several fundamental challenges. In traditional methods,

connectivity emerges naturally from the design because iso-

lated or irregular superpixels are assigned distinct identi-

fiers. In contrast, deep learning models frequently produce

fragmented superpixels, i.e., disjoint regions that share the

same identifier. These disjointed fragments, or excess com-

ponents, violate spatial continuity. EC addresses this by

reassigning these excess components to new or neighbor-

ing superpixels, forcibly restoring connectivity. However,

this correction is a non-differentiable operation that breaks

the end-to-end learning pipeline [54]. As a result, models

cannot be trained jointly with downstream tasks, limiting

their integration into fully differential architectures. Con-

sequently, most deep learning applications that rely on su-

perpixels continue to depend on traditional algorithms for

superpixel generation [3, 7, 22, 25, 27, 29, 31, 34, 43, 49,

50, 57, 61, 62]. Essentially, EC serves as a workaround that

masks a great limitation: deep learning models have yet to

learn to produce spatially connected superpixels.

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
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the final published version of the proceedings is available on IEEE Xplore.
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(a) CDS: with EC (b) CDS: no EC

(c) CDS-LAP: with EC (d) CDS-LAP: no EC

Figure 1. Comparison of superpixels from a deep learning model

(CDS) under Enforced Connectivity (EC) post-processing and the

same model with graph-Laplacian (LAP) regularization. Our pro-

posed LAP yields more compact superpixels, more precise bound-

aries, and fewer excess components without requiring EC.

To address this limitation, we propose a graph-Laplacian

(LAP) loss that encourages spatial regularity and connec-

tivity of superpixels during training. We represent each su-

perpixel as a graph of its individual pixel assignment prob-

abilities, wherein neighboring nodes (pixels) are strongly

connected when there is a high likelihood that they belong

to the same superpixel. Each node in the graph can have

up to eight edges, i.e., a maximum degree of 8. In graph

theory, the multiplicity of the null eigenvalue of the Lapla-

cian matrix equals the number of connected components.

By maximizing the Laplacian’s trace (sum of degrees), we

implicitly reduce disconnected components as seen in the

second row of Fig. 1. Crucially, this loss is fully differen-

tiable and can be added to any superpixel model.

To evaluate the quality of connectivity, we define two

new metrics: average stray pixel count and excess com-

ponent count. The excess component count refers to the

total number of isolated regions of a superpixel excluding

the largest region, while the stray pixel count represents the

sum of pixels in isolated components. A perfect superpixel

has 0 stray pixels and 0 excess components (a property of

traditional methods after EC). We show that our Laplacian

loss drives these counts toward zero.

In summary, our contributions include:

• Graph-Laplacian loss: A novel loss term that signifi-

cantly reduces excess components and stray pixels, en-

hancing connectivity with a minimal accuracy trade-off.

• Novel weighted reconstruction and minimum seman-

tic distance loss terms: These losses when combined

with the Laplacian loss achieve 15% better compactness

for equivalent ASA while improving boundary recall, at a

modest cost in boundary precision.

• New evaluation metrics: We introduce stray-pixel and

excess-component counts as quantitative measures of su-

perpixel fragmentation before EC.

• Toward end-to-end superpixels: By embedding con-

nectivity into the loss, we begin to eliminate the need

for non-differentiable post-processing, paving the way for

seamless integration with downstream vision networks.

2. Related Work

Traditional approaches. Classic superpixel algorithms op-

timize color–spatial homogeneity subject to boundary reg-

ularity, and are commonly grouped into clustering-, graph-

and energy-based categories. SLIC dominates practice by

adapting k-means clustering to a 5D color-spatial space

and restricting updates to local regions surrounding clus-

ter centers, yielding regular, connected regions [2]. Other

clustering approaches include LSC, which achieves spectral

clustering benefits without expensive eigenvalue decompo-

sition [23]. Graph-based methods treat images as weighted

graphs [9, 26, 28, 32, 37], while energy-based methods per-

form hill-climbing optimization over color histogram simi-

larity and boundary smoothness [39].

Deep superpixels. Deep learning transformed superpixel

segmentation around 2018 by making algorithms differ-

entiable and trainable end-to-end. SSN replaces SLIC’s

hard assignments with soft pixel-superpixel associations,

enabling task-specific optimization [16]. SEAL introduces

segmentation-aware affinity loss that emphasizes boundary

pixels by incorporating over-segmentation errors [38]. SCN

removes iterative clustering entirely via an encoder-decoder

architecture that directly predicts pixel-to-superpixel prob-

abilities [51]. AINet explicitly models pixel-superpixel

relations with boundary-aware loss [42]. CDS separates

unchanging inter-pixel correlations from statistical proper-

ties of the underlying dataset to improve assignment ro-

bustness [47]. SSM leverages the vision Mamba trans-

former with global-local fusion for broader semantic aware-

ness [17]. SIN enforces connectivity through alternating

horizontal and vertical interpolation within a dedicated ar-

chitecture, eliminating post-processing but sacrificing ac-

curacy and generalizability as a drop-in component [54].

A common assumption throughout the literature is the ex-

istence of a hard trade-off between ASA and compact-

ness [1, 2, 13, 14, 21, 35, 41, 46, 47, 55, 58], where strong

boundary adherence has come at the cost of fragmented la-

bel maps, motivating losses and architectures that promote

connectivity without sacrificing end-to-end differentiability.

Laplacian regularization. Laplacian regularization has
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been widely adopted in deep learning to enforce smooth-

ness, manifold structure, or cluster separation in learned

representations. Early graph-based semi-supervised meth-

ods penalize quadratic forms to ensure nearby samples in

an affinity graph have similar embeddings, preserving lo-

cal geometry [5]. This principle has been incorporated into

deep architectures through graph embedding losses, Lapla-

cian eigenmap objectives, and manifold regularization lay-

ers that constrain intermediate features to vary smoothly

along data graphs [19, 44, 53]. Related graph convo-

lutional approaches interpret repeated Laplacian smooth-

ing as low- and high-pass filtering, denoising graph sig-

nals and encouraging feature homogeneity within neigh-

borhoods [10, 19, 45]. Yang et al. [52] proposed a graph-

regularized deep network for unsupervised image represen-

tation learning in which a Laplacian term preserves neigh-

borhood relationships, echoed by subsequent work lever-

aging graph Laplacian regularization for smoothness and

structural consistency [6, 12, 56]. More broadly, trace-

based Laplacian terms are generally used to regularize fea-

tures rather than enforce explicit topological properties of

discrete spatial assignments.

3. Method

We train a generic superpixel assignment network fθ =
h◦g, where g is the pixel embedding network, h is a convo-

lutional layer (with softmax normalization) to produce su-

perpixel assignment probabilities and θ denotes all trainable

parameters. To promote spatial connectivity, we optimize

fθ with three proposed loss terms: a graph-Laplacian loss,

a minimum semantic distance loss, and a weighted recon-

struction loss. For a given image x ∈ R
H×W×3 with height

H and width W , the network outputs a superpixel assign-

ment matrix Q = fθ(x) ∈ [0, 1]N×M , where N = H ×W

and M is the number of superpixels. Q is a sparse matrix

where each element qi,s specifies the probability that the

i-th pixel is assigned to the s-th superpixel.

Following prior work [16, 17, 42, 47, 51], the image

is partitioned into a regular grid of square blocks induced

by a 16 x 16 stride, and each superpixel s is centered on

one such block, B. We restrict the assignment of each pixel

i to only the 9 superpixel candidates in its local neighbor-

hood (e.g., 3× 3 blocks), denoted Si, for computational ef-

ficiency. Conversely, for each superpixel s ∈ {1, . . . ,M},

we define Ps as the set of pixels that may be assigned to

it; this set spans the 3 × 3 blocks around s. We denote

by yi the ground-truth semantic property (e.g., class la-

bel vector) at pixel i. Note that Q is row-normalized with
∑

s∈Si
qi,s = 1.

3.1. Graph­Laplacian Loss

To encourage pixels within each superpixel to be connected,

we introduce a graph-Laplacian loss, which is applied to

a set of graphs constructed based on Q. In particular, for

each superpixel s ∈ {1, ...,M}, we construct an undirected

graph Gs whose vertices are the pixels in Ps and whose

edges connect each pixel i to its 8 neighboring pixels. For

each pair of neighboring pixels i and j, we define the edge

weight to be qi,sqj,s.

It follows that the degree di,s of pixel i in the graph Gs,

which is the sum of all edge weights involving pixel i, is

given by:

di,s =
∑

j∈Ni

qi,sqj,s, (1)

where Ni is the 8 immediate neighbors of pixel i.

For each superpixel s, let Ns = |Ps| be the number

of pixels in s. The graph-Laplacian of Gs associated with

the superpixel s is defined as Ls = Ds − As, where

Ds ∈ R
Ns×Ns = diag(d1,s, ..., dNs,s) is the diagonal de-

gree matrix and As ∈ R
Ns×Ns is the adjacency matrix,

where each (i, j)-th entry is the edge connection between

pixel i and pixel j and has a weight of qi,sqj,s. Since the

graph-Laplacian matrix of an undirected graph is symmetric

and positive semi-definite, all eigenvalues of Ls are nonneg-

ative. The eigenvalues of Ls capture structural properties of

the graph Gs corresponding to superpixel s. In particular,

the multiplicity of the zero eigenvalue equals the number of

connected components in Gs [40]. Hence, reducing the mul-

tiplicity of the zero eigenvalue encourages spatial connec-

tivity among pixels within the same superpixel. In practice,

maximizing the sum of eigenvalues of Ls, which equals the

trace of Ls, tr(Ls) =
∑

i∈Ps
di,s, serves as a convenient

proxy for minimizing this multiplicity (see supplement).

Therefore, we define the graph-Laplacian loss LLAP

across all superpixels in a training image as

LLAP(θ;x) = 1−
1

M

M
∑

s=1

tr(Ls)

8Ns

(2)

where 8Ns is the maximum trace for a graph with the same

structure as Gs with all edge weights 1.

3.2. Minimum Semantic Distance Loss

A key challenge in superpixel generation is to ensure that

superpixels respect object boundaries and do not span mul-

tiple semantic classes. To address this, we introduce a mini-

mum semantic distance loss that explicitly maximizes inter-

class distances in the learned latent space. By encouraging

greater separation between pixels of different semantic cate-

gories, the model learns representations where class bound-

aries are more pronounced, facilitating the generation of su-

perpixels that naturally align with semantic structure with-

out requiring explicit boundary detection.

To encourage such inter-class separation, we seek to

maximize the Euclidean distance between pixel embed-

dings across all pixel pairs of different semantic classes. For
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pixel i, let zi = g(xi) be the i-th pixel embedding. Ideally,

we would like to maximize the minimum embedding dif-

ference min ∥zi − zj∥2 over all pixel pairs i, j ∈ x with

yi ̸= yj . However, the computational cost of evaluating all

inter-class pixel embedding distances (in order to find the

minimum) is proportional to both the number of pixels per

class and the number of class pairs, which is prohibitively

expensive for a typical multi-class image. To reduce com-

putational cost, we sample 100 pixels per semantic class –

with replacement if a class contains less than 100 pixels, and

maximize ρ = min i,j∈V
yi ̸=yj

∥zi − zj∥2, where V denotes the

set of randomly sampled pixels across all semantic classes.

Mathematically, we define our minimum semantic dis-

tance (MSD) loss as

LMSD(θ;x,y) = (max(0,m− ρ))
2
. (3)

In Eq. (3), we incorporate a margin m so that no MSD loss

is incurred once the minimum inter-class pixel embedding

distance ρ between the sampled pixels exceeds this thresh-

old. This margin helps the MSD loss focus on difficult train-

ing examples where pixel embeddings of different semantic

classes are more alike, thereby improving the accuracy of

the network. In our experiments, we used m = 1.5.

3.3. Weighted Reconstruction Loss

Following prior superpixel methods, we adopt the standard

reconstruction loss, which encourages the pixel-superpixel

assignment matrix Q to preserve per-pixel semantic proper-

ties by penalizing discrepancies between ground-truth and

reconstructed per-pixel properties. Mathematically, as in

[16, 17, 42, 47, 51], the reconstruction loss with cross-

entropy E(·, ·) is defined as

LR(θ;x,y) =

N
∑

i=1

E
(

yi,y
′
i

)

, (4)

where yi denotes the ground-truth semantic property (e.g.,

class label vector) of pixel i and y
′
i denotes the correspond-

ing property reconstructed from the superpixel representa-

tion via Q (detailed construction in supplement).

The standard reconstruction loss, defined by Eq. (4) and

used in prior literature, implicitly treats all pixels as equally

informative. However, in practice, most image blocks in

a regular grid partition of an image are homogeneous, i.e.,

contain pixels from a single semantic class. Only a minor-

ity of blocks are mixed, i.e., contain multiple classes, and

thus intersect object boundaries where accurate superpixel

assignments are critical. To bias the learning process to-

ward these challenging regions, we introduce a weighted re-

construction loss that prioritizes pixels within mixed blocks

while de-emphasizing those in single-class blocks.

Formally, for each block B in a regular grid partition of

an input image, we assign a per-pixel weight wi to all pixels

i ∈ B:

wi =

{

0.1 if B contains exactly one class,

1.0 if B contains ≥ 2 classes.
(5)

where pixels in mixed blocks are assigned ten times the

weight of pixels in single-class blocks. In the BSDS500

dataset we found approximately 70% of blocks are of a sin-

gle class (see supplement). The 10:1 weighting compen-

sates for this imbalance so that the mixed blocks will exert

an influence comparable to the single-class blocks on the

weighted reconstruction loss.

However, directly using wi from Eq. (5) to weight a pixel

in the reconstruction loss would make the average per-pixel

weighting of an image dependent on its layout – pixels in

an image with more mixed blocks would be weighted more

heavily on average than those in an image with fewer. This

would inadvertently vary the effective learning rate across

the training images by entangling the localized emphasis on

mixed blocks with the average per-pixel weight of each im-

age. To ensure more equalized contributions to the loss gra-

dient from pixels across different training images regardless

of their block layout, we normalize the per-pixel weights wi

so that their sum is equal to the number of pixels N :

Wi =
N · wi

∑N

j=1 wj

. (6)

By construction, we have
∑N

i=1 Wi = N , which means

that the average per-pixel weight remains 1 regardless of

the number of mixed and single-class blocks in an image.

Intuitively, the normalized weights redistribute the contri-

butions from pixels in easier single-class blocks to pixels in

harder mixed blocks without changing the overall scale of

the reconstruction loss across training images. The resulting

novel weighted reconstruction loss is:

LWR(θ;x,y) =

N
∑

i=1

WiE
(

yi,y
′
i

)

. (7)

Crucially, our weighted reconstruction loss maintains a to-

tal loss magnitude consistent with the unweighted loss, but

redistributes the gradient signal from single-class regions to

mixed blocks that straddle true semantic boundaries.

3.4. Final Network Loss Design

For each baseline model (SCN, AINet, CDS, and SSM),

we incorporate the Laplacian loss and minimum semantic

distance loss into their respective loss functions, and replace

the standard reconstruction loss with the weighted one. Our

final loss formulation is:

L(θ;x,y) = Lbase(θ;x,y) + λLAPLLAP(θ;x)

+ λMSDLMSD(θ;x;y) + λWRLWR(θ;x,y) (8)
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where Lbase denotes the loss function of the correspond-

ing baseline model without the reconstruction loss Eq. (4),

and λLAP, λMSD and λWR are hyperparameters. We used

λMSD = 10−3, λLAP = 360 and λWR = 1. For details of

Lbase(θ;x,y) for each baseline model see [17, 42, 47, 51].

4. Experiments

4.1. Datasets

We apply our three novel losses to train four deep super-

pixel models (SCN, AINet, CDS, and SSM) and evaluate

them on three common datasets (BSDS500, NYUv, Pas-

calVOC 2012). BSDS500 contains 200 training, 100 val-

idation, and 200 test images [4]. Class labels in BSDS500

refer to objects rather than semantic classes. Each image

has up to five human-drawn object contours; the resulting

annotations vary in scale and granularity (e.g., one annota-

tor labels a cat as a single region, while another separates

eyes/head/paws/body). Following prior work [16, 18, 42,

48, 51], we treat each annotation as a valid ground truth

and restrict to 50 classes. All models were trained only on

BSDS500. For inference-only evaluation, we additionally

use NYUv2 indoor scenes [33] and the Pascal VOC 2012

validation set [8] (results in supplement).

4.2. Evaluation Metrics

In addition to reporting the standard superpixel metrics used

in [16, 36, 42, 48, 51], namely Achievable Segmentation

Accuracy (ASA), Compactness (CO), and Boundary Re-

call/Precision (BR/BP), we introduce two novel fragmen-

tation metrics and motivate area-under-curve (AUC) sum-

maries. Currently, there are no metrics that directly quan-

tify how often a single predicted superpixel is broken into

multiple disconnected pieces before enforced connectivity

(EC) is applied. Our goal in this section is to formalize this

notion of pre-EC superpixel fragmentation.

For a given image, let S = {s1, . . . , sM} denote the

set of hard superpixel assignments partitioning the image,

such that every pixel belongs to exactly one s ∈ S. We de-

compose each superpixel assignment s into connected sub-

components. In an ideal superpixel partition, there is only

a single connected sub-component per each s, as is the case

post EC. However, before EC where individual superpixel

connectivity is not enforced, each s ∈ S may have multi-

ple sub-components. For each superpixel s, let Ts denote

the total number of sub-components cst where t is the sub-

component index. The complete set of sub-components for

superpixel s is denoted by {cst}
Ts

t=1, where we have:

Ts
⋃

t=1

cst = s and cst ∩ cst′ = ∅ for all t ̸= t′. (9)

Let the largest connected sub-component of s be csmax =
argmaxt |c

s
t |.

In a high quality superpixel segmentation, each su-

perpixel should have minimal number of connected sub-

components (ideally 1) and minimal number of pixels out-

side the largest connected sub-component. To quantify such

quality, we introduce two metrics: the number of excess

components and the number of stray pixels. For a given

superpixel s, the number of excess components counts the

number of sub-components beyond the ideal case and is

given by Ts − 1, and for a given image with the superpixel

segmentation S, the total number of excess components is:

XC(S) =
∑

s∈S

(

Ts − 1
)

. (10)

However, XC alone is an insufficient quality measure be-

cause it ignores the size of individual sub-components |cst | –

a superpixel with 2 sub-components has only 1 excess com-

ponent, but its second-largest component could be nearly

as large as the largest component csmax. To achieve a more

granular assessment of superpixel fragmentation, for each

superpixel s, we also count the number of stray pixels, de-

fined by the number of pixels outside the largest component

csmax, and for a given image with the (hard) superpixel seg-

mentation S, the total number of stray pixels is:

Stray(S) =
∑

s∈S

∣

∣ s \ csmax

∣

∣. (11)

Intuitively, while XC(S) counts the number of unwanted

additional fragments, Stray(S) accounts for their sizes. In

the ideal case, both measures should be 0. We use XCavg

and Strayavg to denote the dataset-wide averages. Note that

since EC merges all disconnected fragments, thereby mak-

ing both metrics 0 by construction, these metrics are de-

signed to evaluate fragmentation before EC.

AUC summaries. ASA, CO, and BR/BP are typically

plotted as functions of the superpixel count n for infer-

ence [16, 18, 42, 48, 51]. However, different papers of-

ten use different ranges of superpixel counts, which makes

comparisons rely solely on visual inspections. To obtain

scalar summary scores that are comparable across meth-

ods, we fix a common superpixel-count range [nmin, nmax]
and compute a normalized area-under-curve (AUC) for each

metric curve over this range. For example, the normalized

AUC for ASA is:

ASAAUC =
1

nmax − nmin

∫ nmax

nmin

ASA(n) dn. (12)

Normalized AUCs for other metrics are defined similarly.

Note BAUC = BRAUC × BPAUC.

4.3. Implementation Details

We follow each model’s original training recipe [16, 18,

42, 48, 51], but extend training to ensure convergence
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Figure 2. Standard metrics with enforced connectivity (EC). Top row: BSDS500 test set; bottom row: NYUv2. Columns (left→right):

ASA, CO, and BR–BP. Baselines are plotted with star markers—SCN (blue), AINet (green), CDS (red), SSM (brown), SIN(orange) and

SLIC (black). Laplacian variants use the same color with a diamond (⋄) marker (not applicable to SLIC and SIN). Laplacian variant models

out perform their counterparts on CO and BR with minimal impact on ASA and BP.
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Figure 3. Standard metrics without enforced connectivity (EC). Top row: BSDS500 test set; bottom row: NYUv2. Columns (left→right):

ASA, CO, and BR–BP. Baselines are plotted with star markers—SCN (blue), AINet (green), CDS (red), SSM (brown), SIN (orange);

Laplacian variants use the same color with a diamond (⋄) marker (not applicable to SIN). Laplacian variant models without EC out perform

their counterparts on CO and BR with minimal impact on ASA and BP.

of the graph-Laplacian loss. For AINet and SSM, the

Laplacian loss is applied only in the second stage of their

standard multi-stage training schedules. Unless otherwise

noted, the Laplacian weight is set to LLAP=360, selected

from a sweep that balances connectivity against ASA/CO.

All models are evaluated following the common proto-

col [16, 18, 42, 48, 51], with EC applied to only “with EC”

variants. All reported numbers are averages over three runs.

4.4. Results

With and without enforced connectivity. Aggregated re-

sults on BSDS500 and NYUv2 are shown in Figs. 2 and 3.

As expected, EC slightly lowers ASA but guarantees conti-

guity. With our Laplacian term, state-of-the-art models gen-

erally improve compactness (CO) while maintaining com-

petitive ASA. SCN and AINet with Laplacian exhibit small

ASA drops but outperform their non-Laplacian counterparts

on CO. Boundary recall (BR) typically increases with a mi-

nor decrease in boundary precision (BP). Without EC, mod-

els without the Laplacian suffer notable CO degradation due

to fragmented labels, whereas models with the Laplacian re-

tain CO comparable to their EC results. An exception is SIN

which has the best CO across all datasets, but suffers greatly

on ASA, boundary recall, and boundary precision. SIN was
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Figure 4. Fragmentation metrics without enforced connectiv-

ity (EC). Top row: BSDS500; bottom row: NYUv2. Columns

(left→right): average excess components counts (XCavg) and

average stray pixels counts (Strayavg). Baselines are plotted

with star markers—SCN (blue), AINet (green), CDS (red), SSM

(brown). Laplacian variants use the same color with a diamond (⋄)

marker Lower metric values are less fragmented superpixels and

all Laplacian variants are lower.
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Figure 5. A CDS-LAP model was trained on the BSDS500 dataset

for each λLAP which is shown on the x-axis using an inference su-

perpixel count of 384. The left y-axis shows the percent of images

that have XC ≤ 15 and the right y-axis is the ASA. There is a

clear relationship between the weight on the graph-Laplacian loss,

XC, and ASA.

Table 1. Laplacian Weight Study. Increasing λLAP improves all

measurements of superpixel quality at a minor expense to ASA.

λLAP ASAAUC(↑) COAUC(↑) BAUC(↑) XCAUC(↓)

240 0.974 0.433 0.116 99.4

360 0.975 0.434 0.122 99.7

720 0.972 0.472 0.119 94.9

1440 0.971 0.508 0.128 81.7

1800 0.971 0.510 0.131 82.5

2880 0.971 0.521 0.136 71.6

5760 0.966 0.571 0.128 10.1

included on both plots for comparison, but inherently does

not utilize EC. SLIC is omitted from the no-EC plots be-

Table 2. Quantitative performance on BSDS500. All results

use 384–1200 superpixels. The best value in each EC setting is

bolded. Models trained with the graph-Laplacian (LAP) loss pro-

duce higher-quality superpixels with minimal impact on ASA.

ECModel ASAAUC ↑ COAUC ↑ BAUC ↑ XCAUC ↓ STAUC ↓

Yes

SCN 0.9724 0.3775 0.1052 0.0000 0.0000
AINET 0.9722 0.3592 0.1068 0.0000 0.0000
CDS 0.9739 0.3670 0.1082 0.0000 0.0000
SSM 0.9748 0.3655 0.1107 0.0000 0.0000
SCN-LAP 0.9710 0.4720 0.1125 0.0000 0.0000
AINET-LAP 0.9710 0.4657 0.1176 0.0000 0.0000
CDS-LAP 0.9741 0.4344 0.1192 0.0000 0.0000
SSM-LAP 0.9746 0.4189 0.1165 0.0000 0.0000

No

SCN 0.9726 0.3606 0.1055 194.5483 880.4743
AINET 0.9728 0.3330 0.1071 339.2057 1439.7918
CDS 0.9741 0.3501 0.1084 218.6546 901.6156
SSM 0.9755 0.3495 0.1118 215.9656 1089.0388
SCN-LAP 0.9714 0.4663 0.1138 116.7020 661.0723
AINET-LAP 0.9726 0.4687 0.1189 129.4661 562.9952
CDS-LAP 0.9746 0.4339 0.1215 103.8117 507.4504
SSM-LAP 0.9753 0.4140 0.1185 124.0733 734.4290

cause it relies on EC to control the number of superpixels

and otherwise produces far more segments.

Fragmentation metrics. Fig. 4 quantifies continu-

ity of superpixels (no EC). Ideal superpixels should have

XC=Stray=0, as generated by traditional algorithms after

EC. Across all architectures, adding the Laplacian loss sub-

stantially reduces both excess components and stray pixels

relative to their non-Laplacian baselines.

Effects of the Laplacian weight. Fig. 5 varies λLAP

for CDS while keeping other losses fixed. Smaller λLAP

increases ASA but leaves many excess components that

would require post-hoc relabeling. Increasing λLAP pro-

gressively suppresses fragmentation; e.g., at λLAP=2880,

roughly half of test images have near-zero excess compo-

nents while ASA at superpixel count n=384 remains 0.964.

Additionally, Tab. 1 shows the effect of increasing λLAP us-

ing aggregated metrics for the superpixel count range from

384 to 1200. While increasing λLAP leads to a noticeable

decline in ASA, it yields improvements across all other su-

perpixel quality metrics.

Qualitative & quantitative results. Fig. 6 visualizes

outputs for AINet, CDS, and SSM with/without EC and

with/without the Laplacian loss. Incorporating the Lapla-

cian loss yields visibly more compact regions and cleaner

boundaries. When EC is applied, label changes are mini-

mal if the Laplacian loss is used – this is consistent with the

reductions in XC and Stray. Tab. 2 summarizes the results

on the BSDS500 dataset using the AUC summary scores

for easy quantitative comparison with a superpixel range of

384-1200, the same range as that used for the visual result

curves. Tables for NYUv2 and PASCAL VOC 2012 are in

the supplement. These quantitative results clearly confirm

the visual results that models trained with our novel losses

have higher compactness, better boundary statistics, lower

excess components, and lower stray pixels while maintain-

ing state-of-the-art ASA.
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(a) Image and Label (b) AINET (c) AINET-LAP (d) CDS (e) CDS-LAP (f) SSM (g) SSM-LAP

Figure 6. Qualitative comparison on BSDS500 (top two rows) and NYUv2 (bottom two rows). For each dataset, the first row shows the

input image followed by outputs with enforced connectivity (EC) for: AINet, AINet-LAP, CDS, CDS-LAP, SSM, SSM-LAP. The second

row shows the ground-truth labels followed by the corresponding outputs without EC. Colored boxes (red/green/blue) highlight regions

where EC relabels fragmented components and where boundary irregularities are reduced; training with the proposed graph-Laplacian

(LAP) loss yields more compact, connected superpixels and fewer label changes under EC.

Table 3. Ablation study. Adding LLAP improves COAUC, BAUC,

and XCAUC with minimal effect on ASA.

Config AUC metrics

MSD LAP WR EC ASA
↑

AUC
CO

↑

AUC
B
↑

AUC
XC

↓

AUC

0.974 0.350 0.108 218.7

✓ 0.973 0.368 0.107 204.0

✓ 0.975 0.319 0.110 316.6

✓ ✓ 0.975 0.312 0.110 329.1

✓ 0.974 0.367 0.108 0

✓ ✓ 0.973 0.386 0.107 0

✓ ✓ 0.974 0.342 0.109 0

✓ ✓ ✓ 0.974 0.335 0.109 0

✓ 0.973 0.468 0.118 61.6

✓ ✓ 0.973 0.479 0.116 49.9

✓ ✓ 0.974 0.443 0.120 94.6

✓ ✓ ✓ 0.975 0.434 0.122 103.8

✓ ✓ 0.973 0.469 0.117 0

✓ ✓ ✓ 0.973 0.483 0.116 0

✓ ✓ ✓ 0.974 0.445 0.118 0

✓ ✓ ✓ ✓ 0.974 0.434 0.119 0

4.5. Ablation Study

We train all combinations of the proposed losses on CDS

to assess their contributions: LAP (graph-Laplacian), MSD

(minimum semantic distance), and WR (weighted recon-

struction), with and without EC. Tab. 3 reports ASAAUC,

COAUC, BAUC and XC. The LAP term is the primary driver

of connectivity: it dramatically cuts fragmentation with mi-

nor impact on ASA and typically improves CO. MSD and

WR offer complementary gains (e.g., boundary emphasis)

but do not, on their own, eliminate fragmentation.

5. Conclusion

We have introduced a novel graph-Laplacian loss to pro-

mote spatial connectivity in deep superpixel networks. This

loss is simple, model-agnostic, and fully differentiable. Ex-

periments demonstrate that it drastically reduces discon-

nected fragments and stray pixels in raw superpixel outputs,

while preserving or even slightly improving segmentation

accuracy (ASA) and recall. Our minimum semantic dis-

tance and weighted reconstruction losses help balance the

trade-off between connectivity and fidelity. Our proposed

excess component and stray pixel counts quantitatively cap-

ture superpixel continuity pre-EC; after training with our

losses, these metrics approach zero even without EC.

By significantly reducing the need for enforced connec-

tivity, our work moves superpixel generation closer to being

fully end-to-end differentiable. We also advocate reporting

area-under-curve metrics (ASAAUC, COAUC, BAUC) for

clearer quantitative comparisons. In future work, we aim

to integrate our approach into joint vision pipelines (e.g.,

segmentation networks) to fully leverage end-to-end differ-

entiability of learned superpixels.
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