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1 Introduction

Convolutional neural networks (CNN) have been widely adopted in semantic segmentation. There have emerged
significant efforts to design spatial pyramid pooling [2, 37] and attention models [16, 18, 20, 22, 43, 46]. Nevertheless,
these approaches often neglect the drawbacks of standard convolution in feature extraction. That is, traditional
convolution generally utilizes fixed-size kernels that slide over the image, which may not be suitable for capturing
objects with varying shapes. In contrast, deformable convolution allows the kernel to adapt its geometry according to
the input images, making it more effective for dense prediction tasks.

During recent years, the potential of deformable convolution [5, 47] in semantic segmentation, utilized as plug-
and-play modules, has been extensively explored [6, 7, 17]. Basically, there exist five main versions of deformable
convolutions, including Deformable ConvNets (DCN V1) [5], More Deformable ConvNets (DCN V2) [47], Entire
Deformable ConvNets [35], Deformable ConvNets V3 (DCN V3) [29], and Deformable ConvNets V4 (DCN V4) [33].
These have been commonly applied in model design for semantic segmentation [1, 7, 13, 17, 35]. Although these
networks can sample the key information adaptively. The critical challenge is that these deformable convolutions still
lack long-range dependencies due to the limitation of the restricted effective receptive field (ERF). Luo et al. [24] defined
the ERF, which refers to the region of the input image that influences the output of a particular neuron in a neural
network. A larger ERF enables convolution-based networks to capture longer-range dependencies, which is particularly
beneficial for dense prediction tasks such as semantic segmentation. Traditional deformable convolutions [5, 47] build
a CNN by stacking convolution layers with a kernel size of 3 × 3 based on ResNet [12], with the goal of expanding
the ERF as the network deepens. However, it has been demonstrated by Veit et al. [27] that the ResNet behaves like
ensembles of relatively shallow networks rather than a truly deep network. While DCN V3 asserts its capability
to capture longer-range dependencies through depthwise separable convolution and grouping strategies, empirical
evidence indicates that achieving considerable receptive fields necessitates the stacking of multiple layers across various
stages [29]. Such deep stacking approaches are not fully efficient for plug-and-play purposes in general segmentation
benchmarks [14, 42, 48].

Inspired by the findings of Ding et al. [8] and Zhang et al. [40], which demonstrate that increasing kernel size can
substantially expand the ERF compared to stacking multiple smaller kernels, the application of larger convolution
kernels emerges as a direct strategy. However, DCN V3 has been shown to be obviously less effective when applied to
larger kernels [29]. Our experimental results in the Section4.5 about the ablation on kernel sizes also corroborate this
observation, revealing that existing variants of deformable convolution encounter a similar challenge. This challenge
likely stems from the dense sampling strategy employed in DCN V1-V3, where deformable offsets are assigned to
each sampling location and stride as the kernels slide over the input features. Such a sampling strategy constrains the
practical utility of larger kernels in deformable convolutions. Although recent advancements like Entire Deformable
ConvNets and DCN V4 have aimed to enhance efficiency and reduce computational load, the fundamental constraints
on the application of larger kernels in deformable convolutions persist.

Based on the findings above, we aim to propose a more efficient deformable sampling strategy that takes advantage
of the larger receptive field provided by the larger kernel to improve offset learning, enabling a more accurate prediction
of deformable offsets. In this paper, we introduce Enhanced Deformable Convolution (EDC), which contains a Center-
invariant Offset Module (COM) and an Edge-aware Mask Module (EMM). The EMM enhances the deformations to
be more refined by adaptively selecting whether to use deformable operations during the convolution kernel sliding
across the input features based on the guidance of edge detection. The COM utilizes larger kernel sizes to ensure that
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deformations can benefit from a larger receptive field. We enlarge the kernel size of EDC from 3 × 3 to 𝐾 × 𝐾 , where
𝐾 = 5, 7, 9, 13, 17.

The proposed EDC is then utilized to replace the standard convolution in CNN-based semantic segmentation methods
as a plug-and-play layer. Common segmentation methods [14, 15, 26, 42, 48] typically follow an “encoder-decoder”
framework. For convenience, we conceive a general architecture for CNN-based methods (as illustrated in Figure
1) by observing the position of standard convolution in the decoders. The architecture consists of a conventional
encoder, a decoder with the Spatial Semantic Mixers (SSMs), and a standard convolution layer. To be clear, the novelty
of research in semantic segmentation mainly lies in the way of spatial semantic aggregation in the decoder. Therefore,
we collectively name the remaining components other than the standard convolution layer as SSM. The SSM before the
standard convolution layer is named Front SSM (FSSM), and the one after the standard convolution layer is called Back
SSM (BSSM). Different methods incorporate specific SSMs due to the varied positions of standard convolution within
their original backbones. Specifically, the standard convolution layer in PSPNet [42] is at the end of the network, so
PSPNet has its FSSM and no BSSM; While the standard convolution layer in ISANet [14] is located at the beginning
of the network, so ISANet has its BSSM and no FSSM; The standard convolution layer in ANN [48] is located in the
middle of the network, so ANN has both FSSM and BSSM. Finally, the version where the standard convolution layer is
replaced with the proposed EDC in this architecture is named Enhanced Deformable ConvNets (EDCN).

Compared with previous works, our major contributions can be summarized as follows:
1) We propose a novel Enhanced Deformable Convolution (EDC), which integrates large-kernel and edge information

awareness to improve deformable offsets sampling.
2) We conceive the encoder-decoder architecture for semantic segmentation, named Enhanced Deformable ConvNets,

in which various deformable convolutions are compared as plug-and-play layers. The proposed EDC retains the benefits
of the deformable convolution counterparts while surpassing their performance on four semantic segmentation datasets.

3) Extensive ablation studies are implemented. We comprehensively analyze the impact of kernel sizes. Moreover,
the visualization results show that our method is capable of achieving a more suitable and finer edge for target objects.
Furthermore, the center ratio to the border, the edge detection operator, the binary logistic regression, and the thresholds
are analyzed. The model complexity and inference speed are also compared.

The rest of this paper is organized as follows. Section II introduces the related work about deformable convolutions
and their applications. Section III then discusses the proposed Enhanced Deformable Convolution. Section IV shows the
experimental setup and results. Finally, we conclude the paper in Section V.

2 Related Work

Deformable convolutions have shown promising capabilities for dynamic spatial modeling and have been widely
applied in many applications, such as image debanding [25], image/video super-resolution [28, 30, 41], knowledge
distillation [39], face image synthesis [34], and crowd counting [44]. Basically, there are five main versions of deformable
convolution variants, including Deformable ConvNets (DCN V1) [5], More Deformable ConvNets (DCN V2) [47],
Entire Deformable ConvNets [35], Deformable ConvNets V3 (DCN V3) [29], and Deformable ConvNets V4 (DCN
V4) [33]. These variants have subtle differences in the sampling strategy of deformable offsets. Specifically, Deformable
ConvNets [5] supposes two learnable offsets in horizontal and vertical directions for each sampling location in a regular
grid. An extra convolution is applied to model the offset function, which allows the deformation to modify based on
the input feature maps in a local, dense, and adaptive manner. More Deformable ConvNets [47] further refines the
original Deformable ConvNets by adding a weight for each sampling location to modulate the amplitude of each offset,
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Fig. 1. Enhanced Deformable ConvNets (EDCN): An overall architecture for semantic segmentation, involving a generic encoder-
decoder scheme. The EDCN replaces the standard convolution in the generic CNN-based methods with Enhanced De-
formable Convolution (i.e., EDC). The remaining components in the original methods, except for standard convolution, are
collectively referred to as the Spatial Semantic Mixer (SSM). SSM is named as Front Spatial Semantic Mixer (FSSM) or Back Spatial
Semantic Mixer (BSSM) due to its different positions relative to standard convolution. Specifically, the PSPNet employs parallel
pyramid pooling layers before the standard convolution, thus it has an FSSM (green box in (a)); ANN consists of two feature extraction
modules with a standard convolution layer in the middle, thus it has both FSSM (green box in (b)) and BSSM (red box in (b)), the “Q,
K & V" refer to “query, key & value" that are used to calculate attention scores; ISANet stacks long-range and short-range sparse
self-attention blocks after a standard convolution layer, thus it has a BSSM (red box in (c)), and the “SA" refers to “self-attention".
Besides, the EDC consists of a Center-invariant Offset Module (i.e., COM in the yellow box) and an Edge-aware Mask Module (i.e.,
EMM in the blue box), where the two modules are combined with a dual branch.

which helps to stabilize the learning process of the offsets. To mitigate the potential drawbacks of dense offset sampling,
Entire Deformable ConvNets [35] proposes a global kernel shift mechanism, wherein an entire convolution kernel
shifts instead of individual sampling points. This strategy significantly reduces mutual interference among offsets
but at the cost of losing the adaptive shape and dynamic sampling capability of the deformable kernel. Deformable
ConvNets V3 [29] draws inspiration from depthwise separable convolution, decomposing the convolutional operation
into depth-wise and point-wise components. This approach, combined with a grouping mechanism, therefore improves
Manuscript submitted to ACM
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computational and memory efficiency while maintaining deformability, but it is proven to be less effective when applied
to larger kernel sizes. Most recently, Deformable ConvNets V4 [33] introduces further optimizations, such as removing
softmax normalization in spatial aggregation and refining memory access, leading to faster convergence. But DCN
V4 is specially designed for a 3 × 3 kernel. From the above, it is obvious that the expansion of existing deformable
convolution variants on larger kernel sizes is still challenging.

3 Proposed Method

Existing deformable convolution variants introduce dense offsets to each sampling point and every stride of sliding
convolution operations, allowing for the adaptive deformation of the regular sampling grid. However, two critical issues
persist. Firstly, these methods cannot be effectively extended to large convolution kernels. Secondly, not all regions
within the input features necessitate the application of deformable offsets. Therefore, we propose a new Enhanced
Deformable Convolution (EDC), and adopt it in an overall framework for semantic segmentation named Enhanced
Deformable ConvNets, as illustrated in Figure 1.

3.1 Enhanced Deformable ConvNets

We aim to enhance semantic segmentation performance in CNN-based methods by replacing the standard convolution
with EDC. To clarify the placement of EDC within these methods, we’ve outlined a general framework termed “Encoder-
Decoder" for CNN-based approaches, as depicted in Fig .1. Subsequently, we designate the framework where the standard
convolution is replaced with EDC as Enhanced Deformable ConvNets. The encoders for semantic segmentation typically
employ well-known backbones used in image classification, including ResNet [12], ResNeSt [38], ResNeXt [32], Vision
Transformer [9], and Swin Transformer [23]. These encoders are often pre-trained on large-scale datasets like ImageNet-
1K and subsequently utilized to encode images for the decoder. The majority of research in the field of semantic
segmentation concentrates on decoder design, and their claimed novelty mainly lies in the way of spatial semantic
aggregation. Therefore, we collectively name the remaining components other than the standard convolution
layer of these decoders as “Spatial Semantic Mixer (SSM)". Subsequently, we designate the framework where
the standard convolution is replaced with EDC as Enhanced Deformable ConvNets (EDCN). The SSM before standard
convolution is named Front SSM (FSSM), and the one after the standard convolution is called Back SSM (BSSM). Note that
we replace the standard convolution (larger than 1×1) in the generic CNN-based framework with EDC, sowhether the
EDCN for a specific method has FSSM or BSSM depends on the relative position of the standard convolution
in its original segmentation model. Specifically, the PSPNet [42] employs parallel pyramid pooling layers before
the standard convolution, thus it has an FSSM but no BSSM; ANN [48] consists of two feature extraction modules
with standard convolution in the middle, thus it has both FSSM and BSSM; ISANet [14] has a standard convolution
layer at the beginning of its backbone, followed by a stack of long-range and short-range sparse self-attention blocks,
thus it has a BSSM but no FSSM. By the proposed Enhanced Deformable ConvNets, the robust capabilities of dynamic
spatial modeling and acquiring longer-range dependencies can significantly benefit the semantic segmentation. We will
interpret the EDC in detail in the following subsection.

3.2 Enhanced Deformable Convolution

As the core of the Enhanced Deformable ConvNets, Enhanced Deformable Convolution selectively introduces Center-
invariant Offset to a deformable kernel covering crucial areas of the input feature map, rather than applying it all
over the input. Deformable kernels sliding over less informative regions are replaced by standard convolution. This is
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Fig. 2. Illustration of Enhanced Deformable Convolution (EDC), integrating Center-invariant Offset Module (COM) and Edge-aware
Mask Module (EMM), where𝐶,𝐻,𝑊 refer to channel dimension, length, and width of input. 𝐾 refers to the kernel size of deformable
convolution. In COM, the “Center-invariant Offsets" are obtained by removing the center offsets of initial “Dense Offsets", and then
sampling the deformable locations on the input image. In EMM, the “Edge-aware Masks" decide where to utilize deformable/standard
convolution. The final EDC is obtained by adding the dot product of outputs in EMM and COM.

accomplished through a dual-branch structure. Figure 2 presents the detailed mechanism. By adaptively using the novel
deformable kernels only in salient feature regions of the input features, our method can elastically mitigate the impact
from less important information as well as obtain richer semantic information from large kernels.

With the input feature map, the Center-invariant Offset Module (COM) eliminates the learnable offsets from the
center sampling locations of each deformable convolution kernel. Concurrently, the Edge-aware Mask Module (EMM)
generates binary masks for the COM. The following paragraphs delve into the dual-branch module in detail.

3.2.1 Center-invariant Offset Module. Deformable convolutions are known to add vertical and horizontal offset variables
to each sampling point, which is applied to models with shallow convolution layers and small kernel sizes due to
the high computational complexity. However, small convolution kernels limit their learning ability by focusing on
local information rather than long-range dependencies. This limitation hampers the offset’s ability to gather adequate
information, resulting in inaccurate deformation. One approach could be to directly increase the kernel size to capture
longer-range dependencies. However, not all sampling points need adjustment, especially when the kernel size is scaled
up, as an excess of offset variables may cause noise and confusion rather than fine-tuning. Therefore, we propose a novel
Center-invariant Offset for deformable kernels with scaled-up kernel size and a limited extra number of parameters as
well.

As illustrated in Figure 3, (a) is a standard convolution with fixed sampling locations. (b) is a 3 × 3 deformable
convolution from Deformable ConvNets, in which each sampling location is modified to a new direction. Our center-
invariant large deformable kernel is shown in (c), where sampling points only need modification at the border sampling
locations (gray), while the center sampling locations (yellow) remain unchanged.

Let R define the relative location of the receptive field in the input feature map I. For each p0 on the output feature
map O, let w(·) denote the convolution weights in the R, p𝑛 denote the relative locations for standard sampling points
Manuscript submitted to ACM



Enhanced Deformable Convolution with Center-invariant Offset and Edge-aware Mask 7

Fig. 3. Illustration of the sampling location in the standard kernel, deformable kernel, center-invariant large deformable kernel. (a)
regular sampling grid (blue dots) of the standard kernel. (b) deformable kernel of 3 × 3. The offsets are added to each point in the
regular sampling grids. Green dots show the deformation of sampling locations. (c) center-invariant large deformable kernel of 5 × 5.
Offsets are added to border sampling locations (grey) and center sampling locations (yellow) remain unchanged.

of the kernel in R, and Δp𝑛 denote the originally learned offsets for the kernel. Let q denote the integral spatial locations
in the input feature map I, and G(·, ·) denote the bilinear interpolation function.

With the input feature map I, there are (𝐾 × 𝐾) sampling locations in one kernel, and two offset variables for each
location. Hence, there are (2 × 𝐾 × 𝐾) original offsets for one kernel, and Δp𝑛 is obtained through a convolution layer:

∆pn = Conv(I, out channels = 2 × K × K) . (1)

Let (𝐶 × 𝐻 ×𝑊 ) denote the size of output feature O. Due to the weight sharing of convolution, there are (𝐻 ×𝑊 )
kernels that need offsets, with each kernel having 𝐾 × 𝐾 sampling points, and each sampling point has two 2 offsets.
Thus the shape of Δp𝑛 is (2 × 𝐾 × 𝐾 × 𝐻 ×𝑊 ). Then the originally learned offsets of center sampling points are set to
zero, and the Center-invariant Offset ∆p

′
n is received through the progress in the COM branch as shown in Figure 2.

This process can be formulated as Eq.2. Besides, there are several “ratios" between the center area and border area,
such as “𝑘 × 𝑘”, 𝑘 = 0, 1, 3, . . . , (𝐾 − 2) to “(𝐾 ×𝐾) − (𝑘 × 𝑘)”, denoting the center area and border area respectively. We
provide a lucid discussion about the “ratio" in the ablation study.

areacenter =

{𝑝𝑛 | −𝐾 − 3
2

≤ 𝑝𝑥𝑛 ≤ 𝐾 − 3
2

, −𝐾 − 3
2

≤ 𝑝𝑦𝑛 ≤ 𝐾 − 3
2

}

areaborder = {kernel | K × K} \ areacenter

Δp
′
𝑛 =

{
0, 𝑝𝑛 ∈ areacenter

∆pn, 𝑝𝑛 ∈ areaborder .

(2)

These Δp
′
𝑛 are then used in bilinear interpolation to calculate sampling locations of deformable kernels. The single-

channel offsets are applied to input I, sampled and then interpolated to form a feature map of size (𝐻 × 𝐾) × (𝑊 × 𝐾) ,
which is then expanded across𝐶 channels, resulting in output features of size (𝐶 ×𝐻 ×𝑊 ) through a convolution layer
with stride 𝐾 .

The Center-invariant Offset Module is designed based on receptive field dynamics in deformable convolution. While
all sampling points can shift, those near the kernel boundary contribute most to altering the receptive field, much like
how a polygon’s shape is defined by its vertices. In contrast, central points rarely shift beyond the original kernel and
have limited influence. Modifying them can also hinder optimization. By removing central offsets, our approach reduces
parameters while maintaining adaptive geometric modeling, enabling its effectiveness with larger kernels.
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3.2.2 Edge-aware Mask Module. Existing deformable convolution variants introduce learnable offsets at each stride
of the convolution operation, which can lead to chaotic output features when the deformable kernel captures less
important information. We hypothesize that selectively applying a deformable kernel only to crucial regions of the
input feature maps, while employing a standard convolution kernel in less informative areas, could lead to more precise
deformations and simultaneously reduce the number of required offsets.

He et al. [11] demonstrated that edge information plays a pivotal role in segmentation tasks, and utilized edge
information as the guidance for remote sensing image semantic segmentation. Liu et al. [21] and Yu et al. [36] showed
that edge detection is a well-established method for identifying significant features. Inspired by these insights, we
employ edge detection to assess the significance of input features. Additionally, in our ablation studies, we thoroughly
compare the effects of three mainstream edge detection operators on segmentation performance. By generating a
grayscale map of the input features using the Sobel operator, we can effectively evaluate the importance of different
regions within the image content. Consequently, in this section, we propose an edge-aware mask for the proposed
novel offset, as depicted in the EMM branch of Figure 2. Let ⊗ denote the convolution operation. With the input feature
map I, the horizontal and vertical brightness difference approximate values Gx and Gy can be obtained respectively:

Gx =


−1 0 +1
−2 0 +2
−1 0 +1

 ⊗ I, (3)

Gy =


+1 +2 +1
0 0 0
−1 −2 −1

 ⊗ I.

Then the following Eq.4 is used to combine the horizontal and vertical gray values to get the gradient map of I:

G(I) =
√︃

Gx2 + Gy2 . (4)

The gradient map G indicates the importance of each pixel in the output feature map O, whose shape is (1×𝐻 ×𝑊 ). In
order to get the edge-aware mask, G is normalized at [0, 1] using a trainable nonlinear transformation and Sigmoid
function as shown in the following equation:

g(O) = Sigmoid(𝜂G + 𝜏) . (5)

Let L denote the logistic regression function. For each p0 in the output feature map O, the gray values larger than
or equal to the threshold are chosen as meaningful information and others as less meaningful information. In this
module, the threshold is set to 0.5, then L is calculated as Eq.6. Besides, the ablation studies on the threshold and
logistic regression are thoroughly analyzed in Section IV.

L(·) =
{

0, 𝑔(p0) < 0.5
1, 𝑔(p0) ≥ 0.5

. (6)

Then the edge-aware mask for the offsets can be obtained:

MD = L(g(G(I))), (7)

MS = 1 − L(g(G(I))), (8)
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Table 1. Information on existing deformable convolution variants. The column “Large Kernel (≥ 5 × 5) Support” indicates whether
the variant can be applied to kernels of size 5 × 5 or larger. “Deformation Type” summarizes the offset design, and “Input Shape”
indicates the tensor shape of inputs.

Variant Year Large Kernel (≥ 5 × 5) Support Deformation Type InPut Shape

Deformable ConvNets (DCN) 2017 True Dense offsets [B,C,H,W]
More Deformable ConvNets (DCN V2) 2018 True Dense Offsets [B,C,H,W]

Entire Deformable ConvNets (Entire DCN) 2019 True Single Offset Per Kernel [B,C,H,W]
Deformable ConvNets V3 (DCN V3) 2023 True Grouped Dense Offsets [B,C,H,W]
Deformable ConvNets V4 (DCN V4) 2024 False (Restricted to 3 × 3) Grouped Dense Offsets [B, L,C], L = H ×W

Enhanced Deformable Convolution (EDC) 2025 True Center-invariant Offset + Edge-aware Mask [B,C,H,W]

where MD,MS refer to the mask for Center-invariant Offset and standard convolution, respectively. To sum up, by merg-
ing modules in subsections 1 and 2, an Enhanced Deformable Convolution can be constructed, which significantly
provides far more precise and selectively adaptive deformations to deformable convolutions. Therefore, the learnable
offsets can more effectively concentrate on target information, which may result in more precise deformation. The
output feature O of the proposed EDC can be enumerated as:

p
′
= p0 + p𝑛 + Δp

′
𝑛,

y (p0 ) =
∑︁

p𝑛 ∈R
w (p𝑛 ) · (

∑︁
q

G(q, p′ ) · x(q) ),

OD = {y (p0 ) },OS = Conv(I),

O =MD · OD +MS · OS,

(9)

where y (p0) is the sampling progress through a convolution layer, taking input image I and center-invariant offset p
′

as input.

4 Experiments

In this section, we empirically compare the proposed Enhanced Deformable Convolution (EDC) with existing deformable
convolution variants. We first introduce the datasets and experimental setup. For semantic segmentation, EDC and all
baselines are evaluated within the Enhanced Deformable ConvNets framework on ADE20K, MS COCO, Cityscapes, and
PASCAL VOC. Table 1 summarizes their key properties: DCN, DCN V2, Entire DCN, DCNv3, and our EDC support
large kernels, whereas DCNv4 is limited to a 3 × 3 window and cannot be directly extended to larger kernels such as
5 × 5. Since EDC is specifically designed for kernels beyond 3 × 3, we compare it against DCN, DCN V2, Entire DCN,
and DCNv3 across state-of-the-art decoders (PSPNet, ANN, ISANet) under a 5 × 5 setting. For DCNv4, we separately
report its 3 × 3 performance in the ablation studies. To further examine the scalability of EDC, we conduct additional
ablation studies using ultra-large kernels (up to 17 × 17) on the RepLKNet benchmark [8].

4.1 Experimental Setup and Implementation

In training and testing procedures, we run experiments on an NVIDIA DGX Station with a Tesla V100-DGXS-32GB
GPU and Ubuntu 18.04 LTS.

4.1.1 Dataset. For semantic segmentation, we adopt ADE20K, MS COCO, Cityscapes, and PASCAL VOC. ADE20K [45]
contains 25K densely annotated images (20K/2K/3K for train/val/test) with 150 categories. MS COCO [19] provides
164K images (118K/5K/20K for train/val/test) covering 172 categories. Cityscapes [4] includes 5,000 finely annotated
street-scene images (2,975/500/1,525 for train/val/test) across 19 categories, plus 20K coarsely labeled images. PASCAL
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Table 2. Test Performance comparison onMSCOCO. All variants are trained for 80k iterations. The encoder is ResNet50 pretrained on
ImageNet-1K, and kernel sizes are 5 × 5. The best and second-best performances are highlighted in bold and underlined, respectively.

Method Performance

Decoder FSSM BSSM Deformation aACC mIoU Macc

PSPNet

✓ × No 58.96 24.81 37.93

✓ × Deformable ConvNets [5] 60.78 26.28 39.06

✓ × More Deformable ConvNets [47] 59.74 26.18 39.37

✓ × Entire Deformable ConvNets [35] 59.08 23.91 36.6

✓ × Deformable ConvNets V3 [29] 60.74 25.77 38.02

✓ × Enhanced Deformable ConvNets 61.23 27.01 39.61

ISANet

× ✓ No 57.53 20.98 32.32

× ✓ Deformable ConvNets 39.46 5.74 10.25

× ✓ More Deformable ConvNets 39.08 5.76 10.64

× ✓ Entire Deformable ConvNets 56.15 19.76 30.45

× ✓ Deformable ConvNets V3 54.58 17.25 27.03

× ✓ Enhanced Deformable ConvNets 58.1 22.6 33.45

ANN

✓ ✓ No 59.76 24.75 36.47

✓ ✓ Deformable ConvNets 60.97 26.11 38.23

✓ ✓ More Deformable ConvNets 60.85 25.95 39.14

✓ ✓ Entire Deformable ConvNets 48.27 14.2 24.6

✓ ✓ Deformable ConvNets V3 60.54 25.37 37.60

✓ ✓ Enhanced Deformable ConvNets 61.53 26.69 38.57

Segformer - - No 54.85 20.89 31.46

VOC [10] follows the settings in [42, 47] with 20 object classes and 1 background class, containing 1,464/449/456
train/val/test images.

For image classification, we use CIFAR-100, which contains 60K images from 100 classes. The training and test sets
include 50K and 10K images, respectively. Each image has both a fine-label (class) and a coarse-label (superclass).

4.1.2 Implementation Details. For Enhanced Deformable Convolution, offsets Δ𝑝 are initialized to zero and the threshold
is set to 0.5. Training settings follow MMSegmentation [3]. For ADE20K, MS COCO, and Cityscapes, models are trained
for 80K iterations with validation every 8K iterations, using SGD with poly learning rate scheduling (initial LR 0.01,
momentum 0.9, weight decay 0.0005). For PASCAL VOC, the same settings apply except that the training length is
reduced to 40K iterations. Since existing segmentation decoders are not tailored for large kernels, all deformable variants
use a 5 × 5 kernel. We additionally analyze the effects of kernel sizes, the contributions of EMM, COM, and SSM, model
complexity, inference speed, and provide extensive qualitative visualizations.

To evaluate the scalability of EDC with larger kernels, we conduct experiments on CIFAR-100 following the Re-
pLKNet [8] protocol. We construct RepLKNet variants with kernel sizes 9 × 9, 13 × 13, and 17 × 17, keeping the block
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Table 3. Performance comparison on ADE-20K. All variants are trained for 80k iterations.

Method Performance

Decoder FSSM BSSM Deformation aACC mIoU Macc

PSPNet

✓ × No 73.80 27.38 39.72

✓ × Deformable ConvNets [5] 73.36 26.72 37.64

✓ × More Deformable ConvNets [47] 74.08 27.81 39.25

✓ × Entire Deformable ConvNets [35] 72.90 27.08 40.02

✓ × Deformable ConvNets V3 [29] 75.37 29.52 41.03

✓ × Enhanced Deformable ConvNets 76.34 31.07 43.30

ISANet

× ✓ No 72.49 22.74 32.23

× ✓ Deformable ConvNets 58.32 6.44 9.81

× ✓ More Deformable ConvNets 62.96 8.79 12.54

× ✓ Entire Deformable ConvNets 72.46 22.08 30.81

× ✓ Deformable ConvNets V3 74.27 24.64 34.15

× ✓ Enhanced Deformable ConvNets 74.31 24.44 33.53

ANN

✓ ✓ No 74.92 26.86 37.38

✓ ✓ Deformable ConvNets 74.36 27.18 39.23

✓ ✓ More Deformable ConvNets 74.59 27.31 38.67

✓ ✓ Entire Deformable ConvNets 74.45 26.34 37.41

✓ ✓ Deformable ConvNets V3 76.30 29.89 42.17

✓ ✓ Enhanced Deformable ConvNets 76.37 30.06 41.81

Segformer - - No 72.84 27.40 39.86

configuration at (2, 2, 5, 5, 2). Due to computational limits, half of the convolution layers in stages 2 and 3 are replaced.
Models are trained using SGD with LR 0.1, momentum 0.8, and weight decay 0.0001. Ablation studies further examine
kernel-size effects, the “ratio” in COM for 7 × 7 and 9 × 9 kernels, and the roles of “logistic regression,” “threshold,” and
“edge-detection operator” in EMM.

4.2 Semantic Segmentation Results

Table 2, Table 3, Table 4, and Table 5 present the performance comparison on various state-of-the-art decoders on MS
COCO, ADE-20K, Cityscapes, and PASCAL VOC, including PSPNet, ANN, and ISANet. All variants of models follow the
unified architecture, Enhanced Deformable ConvNets, as depicted in Figure 1. To compare with the other counterparts,
we replace our Enhanced Deformable Convolution with other deformable convolution variants.

Table 2 presents the test performance of the proposed Enhanced Deformable ConvNets in comparison to other
counterparts on the MS COCO dataset. It is evident that while Entire Deformable ConvNets marginally decrease
parameter count, as illustrated in Table 6, their segmentation performance is subpar. Despite the slight reductions
in offsets, Entire Deformable ConvNets lack both the adaptability of shape and the receptive field of convolution
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Table 4. Performance comparison on Cityscapes. All variants are trained for 80k iterations.

Method Performance

Decoder FSSM BSSM Deformation aACC mIoU Macc

PSPNet

✓ × No 94.36 68.48 76.27

✓ × Deformable ConvNets 94.49 71.44 80.46

✓ × More Deformable ConvNets 95.03 72.19 81.54

✓ × Entire Deformable ConvNets 94.26 65.39 78.99

✓ × Deformable ConvNets V3 95.11 71.35 83.46

✓ × Enhanced Deformable ConvNets 95.47 73.52 82.95

ISANet

× ✓ No 90.37 66.46 80.53

× ✓ Deformable ConvNets 92.08 62.84 76.26

× ✓ More Deformable ConvNets 77.13 22.32 26.97

× ✓ Entire Deformable ConvNets 93.5 61.77 72.52

× ✓ Deformable ConvNets V3 93.84 64.95 78.10

× ✓ Enhanced Deformable ConvNets 93.59 64.76 77.58

ANN

✓ ✓ No 95.07 69.92 78.56

✓ ✓ Deformable ConvNets 94.98 70.23 82.85

✓ ✓ More Deformable ConvNets 95 72.50 81.53

✓ ✓ Entire Deformable ConvNets 95 71.9 82.85

✓ ✓ Deformable ConvNets V3 94.91 70.75 82.81

✓ ✓ Enhanced Deformable ConvNets 95.61 73.89 83.95

Segformer - - No 94.43 66.99 77.23

kernels, thereby constraining their deformability and learning capacity. Table 4 shows the performance comparisons
on the Cityscapes dataset. Table 3 shows the performance comparisons on the ADE-20K dataset. Table 5 shows the
performance comparisons on the PASCAL VOC dataset. It can be observed that our method is able to outperform other
counterparts in most cases.

Meanwhile, both Deformable ConvNets and More Deformable ConvNets exhibit occasional instability when applied
to ISANet. Given that ISANet only has BSSM without FSSM, deformable convolutions are positioned at the beginning
of the network in ISANet. We posit that Deformable ConvNets and More Deformable ConvNets are not well-suited
for application in shallow (or early) network layers due to several reasons. Firstly, in Deformable ConvNets and More
Deformable ConvNets, deformable convolution layers are primarily utilized in the final few layers within ResNet.
Secondly, deformable convolutions only achieve a significant receptive field in deep network layers, whereas shallow
networks lack long-range dependencies. The dense offsets at the beginning of the network may introduce chaos into
network optimization rather than adaptively fine-tuning due to the lack of adequate information. Thirdly, the proposed
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Table 5. Performance comparison on PASCAL VOC. All variants are trained for 40k iterations.

Method Performance

Decoder FSSM BSSM Deformation aACC mIoU Macc

PSPNet

✓ × No 91.02 63.39 75.61

✓ × Deformable ConvNets 90.5 61.91 75.76

✓ × More Deformable ConvNets 90.36 60.18 73.66

✓ × Entire Deformable ConvNets 90.38 61.53 75.11

✓ × Deformable ConvNets V3 91.42 64.64 76.83

✓ × Enhanced Deformable ConvNets 91.89 65.30 75.89

ISANet

× ✓ No 89.93 59.5 71.73

× ✓ Deformable ConvNets 72.21 14.28 23.85

× ✓ More Deformable ConvNets 72.32 16.36 24.95

× ✓ Entire Deformable ConvNets 81.9 39.63 55.54

× ✓ Deformable ConvNets V3 87.12 50.97 65.44

× ✓ Enhanced Deformable ConvNets 91.24 63.29 75.22

ANN

✓ ✓ No 91.96 65.17 73.96

✓ ✓ Deformable ConvNets 91.82 64.68 75.17

✓ ✓ More Deformable ConvNets 91.6 64.2 76.01

✓ ✓ Entire Deformable ConvNets 91.14 62.02 72.8

✓ ✓ Deformable ConvNets V3 90.50 62.47 77.38

✓ ✓ Enhanced Deformable ConvNets 91.88 65.23 74.76

Segformer - - No 88.59 55.8 65.02

EDC is designed to reduce the number of unnecessary offsets, effectively addressing the failure issues associated with
More Deformable ConvNets in ISANet.

The proposed EDC aims to effectively implement deformable offsets on large convolution kernels, thereby enhancing
the utilization of the receptive field. This allows offsets to lead to more precise adaptive sampling. Considering that
the transformer model inherently captures global dependencies, we compare Segformer [31]’s performance across
four datasets. It can be observed that the major advantage of Segformer over CNN-based approaches lies in its lower
number of parameters and comparable performance. But segformer does not have an overwhelming advantage, because
although it has a global receptive field theoretically, it lacks attention to local information. Our method is able to
outperform Segformer, while other deformable counterparts may fall short in comparison.

4.3 Comparison on Model Complexity and Efficiency

Table 6 compares the Enhanced Deformable ConvNets (EDCN) with other deformable convolutions across PSPNet,
ISANet, and ANN decoders in terms of complexity and inference speed. The results demonstrate that EDCN achieves a
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Table 6. Comparison of model complexity across decoders. The input shape is 3 × 512 × 512, with deformable convolution kernel
sizes of 5 × 5. Inference speed is averaged over 100 runs.

Method Complexity

Decoder FSSM BSSM Deformation Params/M Flops/G Speed/Ms

PSPNet

✓ × No 55.63 205.61 32.37

✓ × Deformable ConvNets 56.27 208.23 48.26

✓ × More Deformable ConvNets 56.59 209.54 52.28

✓ × Entire Deformable ConvNets 55.67 205.76 52.66

✓ × Deformable ConvNets V3 47.31 181.51 47.16

✓ × Enhanced Deformable ConvNets 52.21 192.88 45.99

ISANet

× ✓ No 37.71 149.43 18.54

× ✓ Deformable ConvNets 44.90 178.90 38.48

× ✓ More Deformable ConvNets 45.22 180.21 41.72

× ✓ Entire Deformable ConvNets 41.94 176.84 39.96

× ✓ Deformable ConvNets V3 36.04 152.83 59.92

× ✓ Enhanced Deformable ConvNets 40.64 160.38 47.65

ANN

✓ ✓ No 46.23 184.88 17.30

✓ ✓ Deformable ConvNets 53.42 214.35 41.49

✓ ✓ More Deformable ConvNets 53.74 215.66 52.34

✓ ✓ Entire Deformable ConvNets 52.81 211.83 44.53

✓ ✓ Deformable ConvNets V3 44.48 188.03 47.69

✓ ✓ Enhanced Deformable ConvNets 49.16 195.83 47.87

Segformer - - No 3.72 6.44 13.21

good balance between parameter size, computational cost (FLOPs), and inference speed. Compared to other variants
such as Deformable ConvNets, More Deformable ConvNets, and Entire Deformable ConvNets, EDCN significantly
achieves a better trade-off between performance and model complexity. Meanwhile, the baseline Segformer has the
lowest parameters and FLOPs but may fall short for segmentation tasks. Therefore, the proposed EDC serves as an
efficient and high-performing choice for plug-and-play purposes.

4.4 Validity on Individual Contributions of SSM, COM, and EMM

We systematically validate the individual contributions of the Spatial Semantic Mixer (i.e., SSM), Center-invariant Offset
Module (i.e., COM), and Edge-aware Mask Module (i.e., EMM).

Since the proposed EDCN consists of SSMs and EDC, where the SSMs are pre-existing modules in existing segmenta-
tion decoders (e.g., PSPNet, ANN, ISANet), and EDC is our proposed convolution module. Therefore, we first validate
the performance of EDCN after removing these SSMs, which can ensure that any performance gains can be attributed
to EDC itself rather than being inherited from existing segmentation architectures.

Table 7 first evaluates the performance of removing the SSMs and taking EDC alone as the decoder. The results
show that EDC alone, with only two standard convolution layers as the decoder, achieves good performance on the
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Cityscapes dataset but struggles on PASCAL VOC and MS COCO. This suggests that while EDC maintains a certain
level of generalization after removing pre-existing SSMs, its generalization performance is limited (e.g., performance on
MS COCO).

Table 7. Validation of EDCNs with and without SSM across three segmentation datasets. The decoder with SSM is based on the
decoder of ANN, while the decoder without SSM is a three-layer convolutional neural network. The best performance is highlighted
in bold.

Decoder Dataset aAcc mIoU mAcc

Without SSM

MS COCO 58.25 21.99 33.66
Cityscapes 95.51 73.04 81.43

PASCAL VOC 87.63 50.57 63.44

With SSM

MS COCO 61.53 26.69 38.57
Cityscapes 95.18 72.16 83.10

PASCAL VOC 91.99 65.46 76.45

Second, we analyze the individual contributions of each component (i.e., COM, EMM) in the proposed EDC, as shown
in Table 8. The results highlight the critical role of COM and EMM in semantic segmentation performance, reinforcing
the necessity of using the center-invariant deformable kernel and employing edge-aware masks to adaptively determine
where to apply deformable or standard kernels.

Third, we further illustrate the rationale of the EMM, as shown in Table 9, the Without Masks variant has a
lower model complexity but suffers from a noticeable performance drop. The Exchange Masks variant exhibits even
poorer segmentation performance, as it applies deformable kernels to non-edge regions while neglecting critical edge
information by employing the standard convolution kernels. In contrast, our With Masks variant is the best way to
employ edge-aware masks to COM, which confirms that strategically applying deformable kernels to edge regions while
using standard kernels in non-edge areas is an effective approach for enhancing semantic segmentation performance.

4.5 Ablation Study on Kernel Size

In this section, we conduct a comprehensive analysis of the impact of kernel size on segmentation performance, model
complexity, and inference speed. We aim to demonstrate the efficiency of the proposed method for larger kernels while
highlighting the instability of other variants under the same conditions. We first evaluate three different kernel sizes for
each variant on the ADE-20K and MS-COCO datasets. As shown in Table 10, the best and second-best performances
are mostly achieved by the proposed EDCN and DCN V3, respectively. In contrast, Entire Deformable ConvNets and
DCN V2 suffer significant performance drops as the kernel size increases. Regarding model complexity and inference
speed, both EDCN and DCN V3 achieve the best trade-off.

We also validate the effectiveness of the DCN V4 as the plug-and-play module in PSPNet. According to the details
in [33] and its source code, DCN V4 is specifically designed for a 3 × 3 kernel and cannot be extended to 5 × 5 or 7 × 7.
The results show that DCN V4 fails on both the ADE-20K and MS COCO datasets. We attribute this failure to the
following reasons: DCN V4 may heavily rely on the deep network structure tailored for its use [33]. According to the
source code, its input feature representation follows the format [𝑁, 𝐿,𝐶] rather than [𝑁,𝐻,𝑊 ,𝐶], where 𝐿 = 𝐻 ×𝑊 ,
𝑁 is the batch size. 𝐻 ,𝑊 , and 𝐶 refer to the height, width, and number of channels of the input tensor, respectively.
This indicates that when processing input features, DCN V4 largely disrupts the original spatial structure of the 𝐻 ×𝑊
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Table 8. Validity on the role of COM and EMM in Enhanced Deformable ConvNets with different kernel sizes on ADE-20K. Note
that “w/o COM” refers to utilizing the deformable kernel from the Deformable ConvNets [5] instead of the proposed center-invariant
deformable kernel.

Decoder Kernelsize w/o EMM w/o COM EMM+COM

PSPNet

aACC mIoU Macc aACC mIoU Macc aACC mIoU Macc

3 × 3 74.47 27.73 40.82 74.39 26.69 39.58 75.24 30.65 45.18
5 × 5 74.42 27.96 40.46 74.69 26.42 38.21 76.34 31.07 43.30
7 × 7 74.28 27.15 40.02 74.27 26.38 38.89 75.78 30.74 44.37

Params/M Flops/G Speed/ms Params/M Flops/G Speed/ms Params/M Flops/G Speed/ms

3 × 3 50.01 182.59 35.44 50.60 186.08 35.94 50.60 186.08 35.96
5 × 5 51.62 189.17 45.28 52.21 192.88 45.97 52.21 192.88 45.99
7 × 7 55.01 203.06 59.52 55.60 207.00 60.37 55.60 207.00 60.32

Table 9. Ablation study on the edge-aware mask on ADE-20K. All variants are evaluated based on the decoder of PSPNet. “Without
Masks” applies the deformable kernel to the entire input feature, while “Exchange Masks” uses standard convolution kernels in edge
regions and deformable kernels in non-edge regions.

Models aACC mIoU mACC Params (M) Flops (G) Speed (Ms)
Without Masks 74.42 27.96 40.46 51.62 189.17 45.28
Exchange Masks 73.48 25.71 38.65 52.21 192.88 45.89
With Masks 76.37 31.07 43.30 52.21 192.88 45.99

feature map. As a result, it fails to function effectively as a plug-and-play module for generic semantic segmentation
baselines.

Table 10. Performance comparison of three different kernel sizes of Enhanced Deformable ConvNets with other counterparts on
both ADE-20K and MS-COCO. The best and second-best results are highlighted in bold and underlined, respectively. ∗ Deformable
ConvNets V4 [33] is designed for 3 × 3 kernel, and cannot be utilized with 5 × 5 and 7 × 7 kernels.

Decoder Kernel Size Deformation ADE20K MS-COCO Params/M Flops/G Speed/ms
aACC mIoU Macc aACC mIoU Macc

PSPNet

3 × 3

No 74.46 27.82 39.90 58.78 24.12 36.41 51.44 188.43 28.36
More Deformable ConvNets 75.88 29.22 40.79 60.28 25.86 37.92 51.56 188.93 38.35
Entire Deformable ConvNets 75.28 27.01 39.67 59.32 24.73 37.56 51.45 188.48 38.92
Deformable ConvNets V3 75.74 29.42 40.82 59.53 25.53 37.37 47.24 181.23 30.36
Deformable ConvNets V4∗ 17.54 0.12 0.67 8.77 0.05 0.58 47.23 181.21 145.74

Enhanced Deformable ConvNets 75.24 30.65 45.18 60.34 25.94 38.94 50.60 186.08 35.96

5 × 5

No 73.80 27.38 39.72 58.96 24.81 37.93 55.63 205.61 32.37
More Deformable ConvNets 74.08 27.81 39.25 59.74 26.18 39.37 56.59 209.54 52.28
Entire Deformable ConvNets 72.90 27.08 40.02 59.08 23.91 36.60 55.67 205.76 52.66
Deformable ConvNets V3 75.37 29.52 41.03 60.74 25.77 38.02 47.31 181.51 47.16

Enhanced Deformable ConvNets 76.34 31.07 43.30 61.23 27.01 39.61 52.21 192.88 45.99

7 × 7

No 73.88 27.10 39.77 56.00 19.90 30.68 61.92 231.38 39.08
More Deformable ConvNets 73.18 26.67 39.75 58.37 23.05 35.41 65.61 246.48 72.41
Entire Deformable ConvNets 73.86 26.69 40.44 59.04 23.92 36.11 62.00 231.68 72.78
Deformable ConvNets V3 75.72 29.24 40.34 60.45 25.43 37.64 47.38 181.82 50.43

Enhanced Deformable ConvNets 75.78 30.74 44.37 60.07 26.14 38.87 55.60 207.00 60.32
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Table 11. Validation of DCN V3 and the proposed EDC for scaling to larger kernel sizes. Specifically, we replace certain layers in the
second and third stages of RepLKNet-9/13/17 with DCN V3 or EDC.

Model Flops/G Param/M Top1(%) Top5 (%)

RepLKNet-9 22.67 41.68 78.28 95.65
RepLKNet-9+DCN V3 23.98 44.49 77.56 95.09
RepLKNet-9+EDC 38.16 71.92 78.73 95.56

RepLKNet-13 23.41 42.26 78.68 95.38
RepLKNet-13+DCN V3 25.54 46.70 77.53 94.99
RepLKNet-13+EDC 90.81 173.89 78.12 95.40

RepLKNet-17 24.40 42.82 78.66 95.04
RepLKNet-17+DCN V3 27.67 49.47 78.08 95.20
RepLKNet-17+EDC 221.47 427.69 78.54 95.71
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Fig. 4. Segmentation predictions of deformable convolution variants based on PSPNet, including standard convolution, More
Deformable ConvNets, Entire Deformable ConvNets, Deformable ConvNets V3, and Enhanced Deformable ConvNets. The original
images are from ADE-20K (Rows 1-2) and the Cityscapes (Rows 3-4). Areas with obvious differences are highlighted with black boxes.

4.6 Extensibility on Larger Convolutional Kernels

Table 11 presents comparative results for larger kernel sizes up to 17 × 17. The findings reveal that RepLKNet with
DCN V3 generally leads to performance degradation, while the model with EDC shows a slight advantage at 𝐾 = 9.
However, it struggles to scale effectively to even larger kernels (e.g., 15 and 17). Additionally, when the kernel size
reaches 15 and 17, a variant with EDC exhibits significantly higher parameter and computational complexity compared
to the original RepLKNet. This underscores the challenge of extending deformable convolution techniques to ultra-large
kernels, which remains a critical problem. Addressing this limitation will be the focus of our future work.
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Fig. 5. Class activation maps (CAMs) of deformable convolution variants based on the decoder of PSPNet. Objects with obvious
differences are highlighted with black boxes.

4.7 Visualization Analysis

4.7.1 Visualization of Semantic Segmentation Predictions and CAMs. To verify that the segmentation results of the
proposed EDC align better with target edges, we visualize the semantic segmentation predictions on Cityscapes
and ADE-20K datasets, as shown in Fig. 4. We employ PSPNet as the original decoder and select images from the
validation set of these datasets. The visualizations of segmentation predictions demonstrate that although existing
deformable convolution variants (More Deformable ConvNets, Entire Deformable ConvNets, and Deformable ConvNets
V3) outperform the standard convolution (original PSPNet) in semantic understanding in cases such as “bathtub” (Row
1, left box), the proposed Enhanced Deformable ConvNets achieve superior object edge segmentation on objects such as
“ottoman” (Row 1, right box), “sink” (Row 2, left box), “pavement” (Row 3, lower box), and “people” (Row 4, upper box).

To further demonstrate how EDC is improved over the other deformable counterparts, we display class activation
maps (CAM) of several target objects (highlighted with black boxes). As shown in Fig. 5, our method more precisely
focuses on objects such as “ottoman” (Row 1) and “bathtub” (Row 2). In Rows 3&4, our method more precisely segments
the “chair” (Row 3) and “pot” (Row 4).

4.7.2 Visualization on Effective Receptive Field. Analysis on reducing “redundant deformations”: As shown in Fig.
6, the selected locations for visualizing the ERF are located in the “table”, “pillow”, “door”, and “glass handrail” in the
ground truth image. The visualizations of ERF show that existing deformable convolution methods cannot precisely
focus on the target object areas compared to our proposed method (e.g., the ERF of the Deformable ConvNets, the More
Deformable ConvNets, and the Entire Deformable ConvNets significantly cover irrelevant regions more than “table”,
“pillow”, and “glass handrail”). These redundant covers are the redundant deformations.

Analysis on modeling “long-range dependency”: To validate the ability of the proposed EDC to strengthen long-
range dependencies, we conduct ablation studies based on ResNet-34. Specifically, we replace 10 standard convolution
layers in the third stage of ResNet-34 with deformable convolution variants and evaluate the model on the CIFAR-100
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Fig. 6. Comparison of the “redundant deformation” in existing deformable convolution counterparts. The visualizations of the effective
receptive field are based on the semantic segmentation baseline (i.e., PSPNet), which are calculated by visualizing the gradient
response of the selected locations (red points) in output features that correspond to the original image. The corresponding positions
of these five positions in the Ground truth are also highlighted. The selected channel of these visualizations is 242 (a total of 512
channels). The redder color represents to higher gradient response. The kernel size is 5×5.
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Fig. 7. Comparison of the “long-range dependencies” modeling. The visualizations of the effective receptive field (ERF) with five
deformable convolution variants are based on ResNet34 on the image classification task (CIFAR-100). The visualization approach
follows [8], where the darker color represents the greater gradient response.

dataset. The visualization approach of the ERF follows [8]. As shown in Fig. 7, the visualizations of ERF show that
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ResNet34 with the proposed EDC has an obviously larger ERF than other counterparts (e.g., DCN V1, DCN V2, and
Entire DCN), which can be beneficial for modeling long-range dependencies. The quantitative data in Table A5 of the
Appendix further prove that ResNet34 with the proposed EDC achieves the best performance. The performances of
other deformable counterparts significantly drop when applied to a larger kernel 7×7, which illustrates the impact of
less effectively modeling long-range dependencies.

5 Conclusion

In this paper, we introduce a unified architecture called Enhanced Deformable ConvNets for semantic segmentation.
At the core of Enhanced Deformable ConvNets, the Enhanced Deformable Convolution comprises a Center-invariant
Offset Module and an Edge-aware Mask Module, integrated within a dual-branch structure. This innovative deformable
convolution enables feature extraction to effectively leverage a larger effective receptive field while selectively applying
deformations at the edge regions, leading to considerable improvements compared to other deformable convolution
counterparts. Additionally, comprehensive ablation studies and visualizations demonstrate that our method achieves su-
perior performance across various kernel sizes. These findings suggest that the proposed EDC enhances the effectiveness
of deformable convolutions in models with larger kernels.
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A Online Appendix

This appendix provides additional experimental results and ablation studies that are not included in the main text due
to page limitations. The contents include: ablation studies on edge detection operators, ratio in COM, logistic regression,
threshold, and ERF quantification on ResNet34.

A.1 Ablation Study on Edge Detection Operators

The EMM within EDC employs edge detection to assess the significance of features. To assess the influence of edge
detection operators on segmentation performance, we compare three commonly used operators: Sobel, Laplace, and
Prewitt, as shown in Table 12. The results show that the Sobel operator achieves optimal performance. There may be
two reasons for this:

1. Noise Sensitivity: The Sobel operator is generally less sensitive to noise compared to the Laplace operator. Laplace
is a second derivative operator and is highly sensitive to noise, which can introduce more false edges in noisy images.
The Sobel operator uses first derivative approximations and includes smoothing in its calculation, making it more
robust against noise.

2. Edge Localization: The Sobel operator can more accurately locate edges because it calculates the gradient with a
focus on both horizontal and vertical directions within its 3 × 3 kernel. Although Prewitt also uses a 3 × 3 kernel, the
difference in weighting can sometimes make the Sobel operator provide a stronger response to edges.

A.2 Ablation Study on the “Ratio” in COM

In the Center-invariant Offset Module, the ratio of the center area to the border area can have a notable impact on
performance. As demonstrated in Table 13, we examine the effects of various ratios, primarily ‘𝐾 × 𝐾/𝑘 × 𝑘’, where
𝐾 ×𝐾 represents the kernel size and 𝑘 × 𝑘 denotes the center area. We offer a comparison with K values of 7 and 9, and
k values of 0, 1, 3, 5, and 7, respectively. It can be interpreted that the performance experiences a steady increase as
the proportion of center area increases. Specially, the testing Top1 accuracy of ‘7 × 7/5 × 5’ is 19.2%, 1.61%, and 3.89%
higher than that of ‘7 × 7’, ‘7 × 7/1 × 1’, and ‘7 × 7/3 × 3’ respectively. We discover that performance is significantly
improved when applying the ‘𝐾 × 𝐾/(𝐾 − 2) × (𝐾 − 2)’, hence all variants in this paper apply this ratio.
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Table 12. Validity of three edge detection operators – Sobel, Laplace, and Prewitt onMS COCO. The best performances are highlighted
in bold.

Decoder Edge detector aACC mIoU Macc

PSPNet Sobel 61.23 27.01 39.61
PSPNet Laplace 60.9 26.69 39.38
PSPNet Prewitt 61.17 26.7 39.26

ISANet Sobel 58.1 22.6 33.45
ISANet Laplace 57.51 21.55 31.81
ISANet Prewitt 56.16 20.18 29.95

ANN Sobel 61.53 26.69 38.57
ANN Laplace 61.18 26.36 38.58
ANN Prewitt 61.01 26.37 38.77

Table 13. Performance of Enhanced Deformable Convolutions with different ratios of center to border in Center-invariant Offset
Module. All variants are trained on CIFAR-100 for 120 epochs. The backbone is ResNet18, and kernel sizes are 7 × 7 and 9 × 9.

Training Testing

Ratio Loss Top-1 Top-5 Loss Top-1 Top-5

7 × 7 0.32 90.47 99.56 4.60 34.43 62.31
7 × 7/1 × 1 0.23 92.72 99.74 2.96 52.02 78.94
7 × 7/3 × 3 0.23 92.79 99.72 3.13 49.74 76.69
7 × 7/5 × 5 0.22 93.26 99.75 2.82 53.63 80.32

9 × 9 0.24 92.43 99.73 3.37 47.13 74.72
9 × 9/1 × 1 0.28 91.70 99.65 3.96 40.68 69.02
9 × 9/3 × 3 0.23 92.75 99.73 2.88 52.71 79.40
9 × 9/5 × 5 0.23 92.96 99.75 2.86 52.12 79.24
9 × 9/7 × 7 0.22 93.12 99.76 2.66 54.88 81.01

A.3 Ablation Study on Logistic Regression in EMM

In the Edge-aware Mask Module, the edge-aware mask is generated through two consecutive operations: the Sigmoid
function and binary logistic regression. It appears that using the Sigmoid function alone, rather than logistic regression,
would result in a more precise mask, as the binary operation may somewhat overlook content awareness. This is evident
when the kernel is ‘5 × 5/3 × 3’, as shown in Table 14. However, the situation reverses when the kernels are scaled up
to ‘7 × 7/5 × 5’ and ‘9 × 9/7 × 7’, respectively. In our view, this intriguing reversal stems from inappropriate content
awareness without binary logistic regression.

As mentioned in the EMM, gradient values are normalized within the range of [0,1] by the Sigmoid function. Without
employing binary logistic regression—i.e., using the score obtained by the Sigmoid function directly as the mask—the
offsets of areas with scores close to 0 are not removed. Consequently, deformations are still influenced by less important
information. Additionally, the deformations of other essential areas are limited in amplitude by multiplying offsets with
masks less than 1, constraining their deformation ability.

According to the central limit theorem, plenty of gradient scores normalized by the Sigmoid function should follow a
Gaussian distribution. This implies that, when logistic regression is removed, most edge-aware masks that correspond
to scores around 0.5 could be most affected. Meanwhile, the masks obtained from binary logistic regression act as
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the activation function of offsets, rather than reducing their amplitudes. In summary, as the kernel size increases, the
effectiveness of applying binary logistic regression improves.

Table 14. Analysis concerning the influence of binary logistic regression. All variants are trained on CIFAR-100 for 120 epochs, the
backbone is Resnet18. The displayed scores are the average of the testing results during the last 20 epochs.

Logistic Regression No logistic Regression

Kernel Loss Top-1 Top-5 Loss Top-1 Top-5

5 × 5/3 × 3 3.08 51.06 78.27 2.89 52.83 79.84
7 × 7/5 × 5 2.82 53.63 80.32 2.93 52.61 79.28
9 × 9/7 × 7 2.66 54.88 81.01 2.75 53.39 80.10

A.4 Ablation Study on Threshold of Logistic Regression

One more crucial aspect of binary logistic regression is the threshold, which establishes the dividing point for content
significance. We conduct a comprehensive analysis of threshold values ranging from 0.0 to 1.0, as illustrated in Table 15.
Specifically, all image contents are regarded as essential information when the threshold is set to 0.0, while all the
contents are hypothesized to be less important when the threshold is 1.0. The findings indicate that all counterparts
exhibit similar performances during training, basically 92%–93% of Top-1 accuracy is achieved. However, an excessively
high or low threshold may lead to overfitting. Based on our empirical observations, the optimal threshold value is 0.5.

Table 15. The comparison between various thresholds ranging from zero to one. Specifically, the kernels are all deformable when
the threshold is set to zero, and are all regular with no deformation when the threshold is one. The kernel sizes are 9 × 9, and the
backbone is ResNet18.

Train Test

Threshold Loss Top-1 Top-5 Loss Top-1 Top-5

0.0 0.22 92.96 99.75 2.83 52.44 79.56
0.1 0.22 93.02 99.75 2.76 53.38 80.44
0.2 0.22 93.13 99.76 2.91 52.05 78.68
0.3 0.22 93.02 99.72 2.96 51.46 78.47
0.4 0.22 93.12 99.78 2.95 52.22 78.67
0.5 0.22 93.13 99.76 2.66 54.96 81.01
0.6 0.22 93.27 99.76 2.72 54.06 80.14
0.7 0.22 92.99 99.74 3.03 50.66 77.76
0.8 0.22 93.17 99.77 2.77 53.66 80.01
0.9 0.23 92.84 99.75 3.08 50.28 77.78
1.0 0.22 93.02 99.75 2.94 51.47 78.40

A.5 Ablation Study on ERFQuantification with ResNet34

To support the ERF visualizations, Table 16 provides quantitative results on the CIFAR-100 classification task using
ResNet34, where 10 layers in stage 3 are replaced by deformable variants. The proposed EDC achieves the best accuracy
with both 3 × 3 and 7 × 7 kernels.
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Table 16. Ablation study on five deformable convolution variants based on ResNet34. DCN V1 and V2 refer to the Deformable
ConvNets and More Deformable ConvNets, respectively. Entire DCN refers to the Entire Deformable ConvNets. And DCN V3 refers
to the Deformable ConvNets V3.

Accuracy Top1(%) Top5(%)
Kernel size 3×3 7×7 3×3 7×7
ResNet34 69.88 66.44 90.20 87.44

ResNet34+DCN V1 48.27 65.63 73.28 87.56
ResNet34+DCN V2 72.04 66.44 91.12 87.80

ResNet34+Entire DCN 71.55 65.53 91.34 87.47
ResNet34+DCN V3 70.69 62.41 90.42 84.68
ResNet34+EDC 72.42 67.34 90.92 88.58
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