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ABSTRACT

Semantic segmentation empowers numerous real-world applications, such as au-
tonomous driving and augmented/mixed reality. These applications often operate
on high-resolution images (e.g., 8 megapixels) to capture the fine details. However,
this comes at the cost of considerable computational complexity, hindering the
deployment in latency-sensitive scenarios. In this paper, we introduce SparseRe-
fine, a novel approach that enhances dense low-resolution predictions with sparse
high-resolution refinements. Based on coarse low-resolution outputs, SparseRe-
fine first uses an entropy selector to identify a sparse set of pixels with the least
confidence. It then employs a sparse feature extractor to efficiently generate the
refinements for those pixels of interest. Finally, it leverages a gated ensembler to
apply these sparse refinements to the initial coarse predictions. SparseRefine can
be seamlessly integrated into any existing semantic segmentation model, regardless
of CNN- or ViT-based. SparseRefine achieves significant speedup: 1.5 to 3.9 times
when applied to HRNet-W48, SegFormer-B5, Mask2Former-T/L and SegNeXt-L
on Cityscapes, with negligible to no loss of accuracy. We will release the code to
reproduce our results. Our “dense+sparse” paradigm paves the way for efficient
high-resolution visual computing.

1 INTRODUCTION

Semantic segmentation is a fundamental task within the field of computer vision and plays a crucial
role in many real-world applications, such as autonomous driving and augmented/mixed reality. Over
the past few years, advancements in deep neural networks (Long et al., 2015; Chen et al., 2017b;
Wang et al., 2020; Xie et al., 2021; Cheng et al., 2022; Guo et al., 2022) have greatly enhanced
the performance of semantic segmentation. However, the computational demands of these models
present obstacles when it comes to their practical deployment on edge devices with limited resources.

Significant efforts have been dedicated to designing compact neural networks with reduced compu-
tational complexity (Howard et al., 2017; Sandler et al., 2018; Ma et al., 2018; Zhang et al., 2018;
[andola et al., 2016). However, in dense-prediction tasks like semantic segmentation, the image
resolution makes greater impact to model’s inference latency than the model size. This is because
real-world segmentation applications often involve megapixel high-resolution images, which surpass
the typical image classification workload by 1-2 orders of magnitude.

Reducing the image resolution through downsampling can
result in a noticeable increase in speed. But, this comes
at the cost of accuracy degradation. Segmentation models
are generally more adversely affected by reduced resolu-
tion compared to classification models as low-resolution
images result in the loss of fine details, including small
or distant objects. The missing information can be safety-
critical (e.g., for autonomous driving).

Latency (ms)

This paper introduces SparseRefine as a novel and com-
plementary approach to address this problem. Instead of HRNet-H HRNet-L HRNet-L
downsampling high-resolution inputs, SparseRefine en- (1024x2048)  (512x1024) +SparseRefine
hances dense low-resolution predictions (based on downsampled inputs) with sparse high-resolution
refinements. SparseRefine only refines a sparse set of carefully-selected pixels, enabling it to avoid
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Figure 1: Processing dense high-resolution inputs is computationally expensive. In this paper, we
propose an alternative approach by integrating dense low-resolution and sparse high-resolution inputs,
which provide complementary information about the overall scene layout and intricate object details.
Leveraging the lower resolution and sparsity of these inputs allows for more efficient processing.

unnecessary high-resolution computations at the fine-grained pixel level. Also, it can be plugged into
any existing semantic segmentation model, no matter it is CNN- or ViT-based. SparseRefine achieves
remarkable and consistent speedup: 1.5 to 3.9 times when applied to HRNet-W48, SegFormer-B5,
Mask2Former-T/L and SegNeXt-L on Cityscapes, while maintaining accuracy. We will publicly
release the code to facilitate further research and reproducibility.

2 RELATED WORK

Semantic Segmentation is a fundamental task in computer vision which assigns a class label to each
pixel in an image. Following FCN (Long et al., 2015), early deep learning models (Badrinarayanan
et al., 2017; Ronneberger et al., 2015) for semantic segmentation relied on CNN-based architectures.
DeepLab and PSPNet (Zhao et al., 2017) improved FCN by introducing atrous convolution (Chen
et al., 2015), spatial pyramid pooling (He et al., 2015; Zhao et al., 2017; Chen et al., 2016), encoder-
decoder mechanism (Chen et al., 2017a), depthwise convolution (Chen et al., 2018) and neural
architecture search (Liu et al., 2019). Follow-up research proposed attention mechanism (Fu et al.,
2019) and object context modeling (Yuan et al., 2020). Recently, researchers also studied efficient
segmentation architectures (Paszke et al., 2016; Wu et al., 2019; Poudel et al., 2019; Mehta et al.,
2018; Yu et al., 2018; 2021; Zhao et al., 2018; Chen et al., 2020; Hong et al., 2021; Guo et al., 2022).

Recent advances in vision transformers (Dosovitskiy et al., 2021; Liu et al., 2021; 2022b; Wang
et al., 2021b; Yuan et al., 2021a; Fan et al., 2021) also inspired the design of attention-based semantic
segmentation models. SegFormer (Xie et al., 2021), SETR (Zheng et al., 2021), Segmenter (Strudel
etal., 2021), HRFormer (Yuan et al., 2021b), SwinUNet (Cao et al., 2022) and EfficientViT (Cai et al.,
2022) designed transformer-based backbones for segmentation, while MaskFormer (Cheng et al.,
2021) and Mask2Former (Cheng et al., 2022) modeled semantic segmentation as mask classification.

Activation Sparsity naturally exists in videos (Pan et al., 2018; 2021a), point clouds (Graham et al.,
2018; Liu et al., 2022a) and masked images in self-supervised visual pre-training (He et al., 2022;
Gao et al., 2022; Tian et al., 2023; Huang et al., 2022). It can also be introduced through activation
pruning (Pan et al., 2021b; Rao et al., 2021; Kong et al., 2022; Yin et al., 2021; Song et al., 2022;
Liang et al., 2022), token merging (Bolya et al., 2023; Bolya & Hoffman, 2023) or clustering (Ma
et al., 2023). These methods are specifically designed for classification or detection tasks, where
there is no need to preserve information from all pixels. However, they are not suitable for semantic
segmentation, which requires per-pixel predictions. An exception is SparseViT (Chen et al., 2023),
which skips computation on pruned windows while retaining their features. As such, SparseViT also
works for semantic segmentation tasks. We will demonstrate that SparseRefine achieves superior
efficiency compared with SparseViT in Section 4. Recently, system and architecture researchers
also created high-performance GPU libraries (Ren et al., 2018; Choy et al., 2019; Yan et al., 2018;
Tang et al., 2022; 2023; Hong et al., 2023) and specialized hardware (Zhang et al., 2020; Wang et al.,
2021a; Lin et al., 2021; Gondimalla et al., 2019; Wang et al., 202 1c) to exploit activation sparsity.

Mask Refinement for segmentation has been studied even before the prevalence of deep learning.
Traditional methods (Shi & Malik, 2000; Boykov et al., 2001; Felzenszwalb & Huttenlocher, 2004;
Rother et al., 2004) formulated the task of semantic segmentation as graph cuts. The mask outputs
were then post-processed using a conditional random field (CRF) (Lafferty et al., 2001; Blake et al.,
2004; Krihenbiihl & Koltun, 2011), which aimed to minimize energy and capture local consistency
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Figure 2: SparseRefine improves initial dense low-resolution predictions with sparse high-resolution
refinements. It first uses an entropy selector to identify a sparse set of pixels with minimal confidence,
and then employs a sparse feature extractor to efficiently generate refinements for those selected
pixels. Afterwards, it applies these sparse refinements to the initial predictions with a gated ensembler.

in predicted labels. While CRF continues to impact the field in the deep learning era (Chen et al.,
2016; Wu et al., 2018; Choy et al., 2019), its inefficiency eventually led to the development of
PointRend (Kirillov et al., 2020) and RefineMask (Zhang et al., 2021). Inspired by graphics rendering,
PointRend (Kirillov et al., 2020) first identifies uncertain pixels from deeper and lower resolution
feature maps. These pixels are then refined using a PointNet (Qi et al., 2017a), leveraging interpolated
shallower and higher resolution features. RefineMask (Zhang et al., 2021) gradually upsamples the
predictions and incorporates the fine-grained features to alleviate the loss of details for high-quality
instance mask prediction. Both PointRend and RefineMask upscale the output resolution with the
help of high-resolution features, while SparseRefine is focused on reducing the input resolution
and retains fine-grained details from full-scale raw RGB pixels. While PointRend and RefineMask
prioritize improving accuracy, SparseRefine aims to minimize /atency. Therefore, our method is
fundamentally orthogonal to existing mask refinement strategies.

Multi-Scale Models have garnered popularity in high-resolution visual recognition tasks due to the
diverse range of object sizes within an image. In early segmentation approaches, multi-resolution
features were fused either using an FPN (Lin et al., 2017; Kirillov et al., 2019; Yu et al., 2018; 2021)
or right before the prediction head (Chen et al., 2016; 2017a; He et al., 2015). Subsequently, new
primitives such as OctaveConv (Chen et al., 2019), HRNet (Wang et al., 2020), and DDRNet (Wang
et al., 2021c) were designed to more effectively leverage multi-scale features within the backbone.
There have also been explorations on refining the predictions in a patch-wise manner (Verelst &
Tuytelaars, 2022; Wu et al., 2020; Huang et al., 2019). Unlike SparseRefine, which enhances dense
low-resolution predictions with sparse high-resolution details, existing methods focus on performing
dense refinements. Also, while existing multi-scale models employ a parallel design for their low-
resolution and high-resolution modules, SparseRefine adopts a sequential counterpart. This makes
our method orthogonal to these designs. We will show in Section 4 that SparseRefine could bring
further improvements to multi-scale models (e.g., HRNet).

3 SPARSEREFINE

SparseRefine improves dense low-resolution predictions with sparse high-resolution refinements. As
in Figure 2, it first uses an entropy selector to identify a sparse set of pixels with minimal confidence,
and then employs a sparse feature extractor to efficiently generate refinements for those selected
pixels. Afterwards, it applies these sparse refinements to the initial predictions with a gated ensembler.
It is worth noting that while the individual modules we employ in our approach are well-established
in the research community, integrating them together to support sparse refinement and achieve
significant speedup in semantic segmentation is not a trivial task.
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Figure 3: The entropy map exhibits a strong correlation with the error map (a). Entropy selector has
superior recall (b) and precision (c) rates than the magnitude selector across various density levels.

3.1 DENSE LOW-RESOLUTION PREDICTION

One of the most straightforward ways for accelerating inference is downsampling the input image.
For instance, halving the resolution of HRNet-W48 (Wang et al., 2020) will lead to a 3.7 x speedup,
close to the theoretical computation reduction of 4 x. In this paper, we will use the coarse predictions
from downsampled images as our starting point. All subsequent refinements will be built upon this.

As almost all semantic segmentation models inherently support different image resolutions, we do
not need to make any modifications to the model architecture. The only adjustment that we need is to
upsample the predictions to match the original input resolution (with nearest neighbour interpolation).
Once the coarse predictions are obtained, there will be no further interaction with the original dense
segmentation model (during both training and inference). As a result, our refinement module can be
regarded as an add-on, allowing it to seamlessly support and enhance any off-the-shelf model.

3.2 SPARSE HIGH-RESOLUTION REFINEMENT

Low-resolution predictions are fast but not as accurate as high-resolution predictions. Fortunately,
the differences in their predictions primarily emerge in a sparse set of pixels, often associated with
small or distant objects and object boundaries. Building upon this observation, our objective is to
sparsely refine the less accurate predictions so that we could bridge the accuracy gap while using
only a portion of the reduced latency.

3.2.1 ENTROPY SELECTOR

The selection of sparse pixels plays a critical role in our entire pipeline as it directly determines the
number and specific pixels on which we apply the refinement process. Ideally, we would want to
choose those pixels that have been misclassified in the initial dense low-resolution prediction, but
this is not feasible in practice. Inspired by recent works (Huang et al., 2019; Abdar et al., 2021) that
utilize entropy maps to identify uncertain pixels, we adopt a similar thought and employ entropy as
the criterion for selecting the pixels we need. Our intuition is that “less confident predictions are
more likely to be wrong”.

Visual verification from Figure 3a confirms a strong correspondence between the entropy map and
the error map. Quantitatively, our entropy selector is able to identify around 80% of the misclassified
pixels while selecting only 10% of the total pixels (Figure 3b). In contrast, the magnitude selector can
only recover 40% of them with a similar density. The precision (Figure 3c) is less relevant in our case
as the recall sets the accuracy upper bound for our refinement process. Apart from its effectiveness,
our entropy selector is remarkably efficient, requiring only ~2ms on an NVIDIA RTX 3090 GPU.

3.2.2 SPARSE FEATURE EXTRACTOR

After obtaining a set of sparse pixels from the entropy selector, our next step is then to generate
the refinement for each of them. Processing sparse pixels poses great challenges due to their
fundamentally different patterns compared to dense images. However, they do exhibit a similar
pattern to 3D point clouds, where occlusion is frequently present, and only the geometry outline is
captured. Despite being sparse, the pixels maintain a well-defined shape. The successful exploration
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of point cloud segmentation in previous works (Wu et al., 2018; Choy et al., 2019; Tang et al., 2020)
provides valuable insight indicating that sparse pixels should also contain contextual information that
can support our sparse refinement approach.

In this paper, we utilize a modified version of MinkowskiUNet (Choy et al., 2019) as our sparse
feature extractor. It follows the standard ResNet (He et al., 2016) basic block design with sparse
convolutions and deconvolutions. Sparse convolution (Graham et al., 2018) is the sparse equivalent
of conventional dense convolution with two main distinctions: firstly, sparse convolution avoids
unnecessary computations for zero activations, and secondly, it preserves the same activation sparsity
pattern throughout the model. These two properties make it much more efficient in processing our
sparse pixel set. Furthermore, recent advances in system support for sparse convolution (Yan et al.,
2018; Choy et al., 2019; Tang et al., 2022; Hong et al., 2023) enable us to translate the theoretical
computational reduction, resulting from sparsity, into actual measured speedup. Please note that
though we have chosen sparse convolution in this paper, alternative designs are also feasible, such as
point-based convolutions (Qi et al., 2017b; Li et al., 2018; Wang et al., 2019) and more recent point
cloud transformers (Fan et al., 2022; Sun et al., 2022; Liu et al., 2023; Wang et al., 2023).

The input to our sparse feature extractor is simply the raw RGB values of the selected pixels. We
have explored adding more information from the low-resolution inference as input, such as final
prediction or intermediate feature. While these additional features do contribute to faster convergence,
they do not yield any improved performance. The output of our sparse feature extractor comprises
multi-channel features for all selected pixels. We attach a simple linear classification head to generate
the refinements for these pixels of interest.

3.2.3 GATED ENSEMBLER

After obtaining the refinement predictions, the straightforward approach is to directly substitute
the initial predictions at the corresponding pixels. However, this approach is not always optimal.
This is because, compared to dense pixels, the context information available for sparse pixels in
high-resolution is relatively limited. Incorporating initial predictions from dense low-resolution
images, which provide more comprehensive context information, can be beneficial.

We introduce the gated ensembler to intelligently integrate the initial predictions (y;) and the refined
predictions (y2). The key idea is to generate a weighting factor w € [0, 1] for each pixel of interest
and utilize it to fuse the two predictions. Concretely, the final predictions are generated by

y=fw-y1+ (1 —w)-y2), wherew = sigmoid(g([y1;y2;e1;e2])). (D

Here, f(-) and g(-) are two-layer multi-layer perceptrons (MLPs). To generate the weighting factor,
we provide both the raw predictions (y;,2) and their corresponding entropies (e1,2) as inputs to g.

4 EXPERIMENTS

4.1 SETUP

Dataset. We conduct our primary experiments on Cityscapes (Cordts et al., 2016), which comprises
5,000 high-resolution images of urban scenes. Each image has a resolution of 1024 x2048 and is
labeled with 19 categories for semantic segmentation. We also validate the general effectiveness
of our method on three additional datasets: BDD10OK for autonomous driving (Yu et al., 2020),
DeepGlobe for aerial images (Demir et al., 2018), and ISIC for medical images (Codella et al., 2018).
Our main evaluation criterion is the mean intersection over union (mloU).

Baselines. To demonstrate that our method is capable of generalizing to different model architec-
tures, we use five different models encompassing both convolution-based and transformer-based
architectures. We choose HRNet-W48 (Wang et al., 2020) as the convolution-based baseline, and
SegFormer-B5 (Xie et al., 2021), Mask2Former-T (Cheng et al., 2022), Mask2Former-L (Cheng
et al., 2022), and SegNeXt-L (Guo et al., 2022) as our transformer-based baselines. We reproduce the
results of all high-resolution and low-resolution baselines using MMSegmentation v1.0.0 (Contrib-
utors, 2020). We follow the default training settings, with minimal modifications made to the data
augmentation parameters to accommodate the lower resolution. Also, as the results for Mask2Former
exhibit some instability, we report the mean of three runs for a more reliable assessment.

5
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Input Resolution ~ #Params (M) #MACs (T) Latency (ms) Mean IoU

HRNet-W48 1024 %2048 (D) 65.9 0.75 534 80.7
)2 3x >1.8 X >+O.2

+ SparseRefine (Ours) 1024 %2048 (S) 85.7 0.32 30.3 80.9

SegFormer-B5 1024 x2048 (D) 82.0 1.16 140.6 81.1
)3 6 X )3.9 X >+0.1

+ SparseRefine (Ours) 1024 %2048 (S) 101.8 0.32 36.2 81.2

Mask2Former-T 1024 %2048 (D) 36.7 0.62 66.8 81.1
> 6% >1.5 X >+().2

+ SparseRefine (Ours) 1024 %2048 (S) 56.5 0.39 44.8 81.3

Mask2Former-L 1024 %2048 (D) 207.0 1.99 150.8 83.0
>2 4 }1.8 X >+0.0

+ SparseRefine (Ours) 10242048 (S) 226.8 0.84 84.4 83.0

SegNeXt-L 1024 %2048 (D) 48.8 0.53 86.3 83.0
)1 7% >1 >—o.2

+ SparseRefine (Ours) 1024 %2048 (S) 68.6 0.32 49.1 82.8

Table 1: SparseRefine effectively closes the accuracy gap between low-resolution and high-resolution
predictions, achieving a remarkable reduction in computational cost by 1.6 to 3.6 times and inference
latency by 1.5 to 3.9 times. In this table, (D) and (S) denote dense and sparse inputs, respectively.

BDD100K DeepGlobe ISIC
Resolution Latency (ms) mloU Latency (ms) mloU Latency (ms) mloU
HRNet-W48 Full (D) 23.5 63.6 146.4 73.4 157.7 82.3
+ SparseRefine  Full (S) 15.6 > 635 >’°‘1 92.9 ? 10X 934 >+0'0 79.4 j 20X g5 >+0

Table 2: SparseRefine effectively generalizes across autonomous driving (BDD100K), aerial (Deep-
Globe) and medical (ISIC) datasets, achieving a 1.5-2.0 x measured speedup with no loss of accuracy.

Model Details. We set a different entropy threshold for each model in our entropy selector. Our
sparse feature extractor is a modified MinkowskiUNet that has five stages with channel dimensions
of 32, 64, 128, 256, and 512 for each stage. At each stage, there are two ResNet basic blocks before
downsampling and another two after upsampling. Our gated ensembler employs two linear layers to
produce the weighting factor and an additional two layers to combine the predictions, both with a
hidden dimension of 64. We refer the readers to the appendix for more implementation details.

Training Details. SparseRefine is trained independently from the dense baselines. We use the same
data augmentation and training strategy employed by the dense baseline to ensure that performance
improvements stem solely from our method. For data augmentation, we apply standard techniques
such as random scaling (between 0.5 and 2.0), horizontal flipping, cropping (with a size of 512x1024),
and photometric distortion. We apply the standard cross entropy loss to supervise the model. We
adopt AdamW (Loshchilov & Hutter, 2019) as our optimizer, with an initial learning rate of 0.0003
and a weight decay of 0.05. We gradually decay the learning rate following the cosine-annealing
schedule (Loshchilov & Hutter, 2017). We train the model for 500 epochs with a batch size of 32.
The training takes around 12 hours on 8 NVIDIA RTX A6000 GPUs.

Latency Details. We use cuBLAS (NVIDIA) for all dense operations and TorchSparse v2.0 (Tang
et al., 2022; 2023) for all sparse operations. We measure the inference latency of all methods using a
single NVIDIA RTX 3090 GPU with FP16 precision and a batch size of 4. We provide additional
results for different precisions and batch sizes in the appendix. We omit all batch normalization layers
for latency measurement as they can be folded into their preceding convolution layers. We report the
average latency over 500 inference steps, with an additional 100 steps designated as warm-up.

)
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(a) Input images (b) HRNet-W48 (LR) (c) HRNet-W48 (LR) + SparseRefine

¥

Figure 4: SparseRefine improves the low-resolution (LR) baseline with substantially better recognition
of small, distant objects and finer detail around object boundaries.

Latency (ms) Mean IoU Latency (ms) Mean IoU
Mask2Former-L 150.8 83.0 HRNet-W48 534 80.7
+ SparseViT 132.321 6 83.2 + PointRend 30.5 79.8 )+11
+ SparseRefine (Ours) 844+ 83.0 + SparseRefine (Ours) 30.3 809>
(a) Comparison to token pruning (b) Comparison to mask refinement

Table 3: SparseRefine is more efficient/effective than token pruning and mask refinement approaches.

4.2 RESULTS

We present our key experimental results in Table 1. It is evident that SparseRefine achieves substantial
improvements in terms of #MACs and latency, while maintaining competitive or even better accuracy
compared to the baselines. Specifically, SparseRefine accelerates the baselines by at least 1.5 times
and reduces the MACs by at least 1.6 times. Notably, SparseRefine achieves a significant speedup of
3.9 times for SegFormer-BS5. This huge improvement can be attributed to the fact that SegFormer
incorporates a vanilla self-attention module with high computational complexity (O(H?2W?2)), and our
“downsample then sparsely refine” strategy in SparseRefine can drastically reduce the computational
cost via downsampling while recovering the accuracy through refining. From Table 2, SparseRefine
demonstrates effective generalization across driving (BDD100K), aerial (DeepGlobe), and medical
(ISIC) datasets. It delivers a consistent speedup from 1.5 to 2.0 times without compromising accuracy.

In addition to the quantitative results, we also present qualitative results in Figure 4. In the middle
column, it can be observed that the low-resolution baseline struggles to accurately classify pixels in
distant areas and often misclassifies details near the edges. Our SparseRefine significantly improves
the ambiguous predictions, as shown in the third column. The second row is a notable example,
where the segmentation on low-resolution images fails to detect a person in the far distance, while
SparseRefine accurately predicts their presence. Furthermore, SparseRefine even achieves accurate
predictions in challenging cases, such as the thin rod of traffic lights in the first row. We provide more
visualizations in the appendix. These results further demonstrate the effectiveness of our method.

Comparison to Token Pruning. SparseViT (Chen et al., 2023) is one of the first works that enables
the feasibility of applying token pruning on dense prediction tasks, such as semantic segmentation. As
in Table 3a, SparseRefine exhibits a notable advantage over SparseViT in terms of latency reduction,
achieving a 1.6x speedup while maintaining comparable accuracy. SparseRefine is fundamentally
orthogonal to these token pruning methods and can potentially be applied in conjunction with them.

Comparison to Mask Refinement. We also compare SparseRefine with PointRend (Kirillov et al.,
2020), a mask refinement method. To ensure fair comparisons, we adjust the images to a resolution
of 6721344 for PointRend, aligning its latency with our SparseRefine. As in Table 3b, PointRend
experiences a notable performance decline, while our method demonstrates an improvement over
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Criteria Density Precision Recall mloU a Density Recall Latency mloU  Strategy mloU

Random 10.0% 03% 10.0% 79.2 0.8 3.4% 322% 23.1ms 79.9 Direct  77.7

Magnitude 11.3% 12.1% 38.1% 802 06 69% 64.6% 27.0ms 80.4  Entropy 80.3

Entropy 11.8% 22.8% 84.9% 80.9 03 11.8% 84.9% 30.3ms 80.9 Gated  80.9
0.1 19.0% 943% 373 ms 8l.1

(a) Entropy is a more effective indicator for identi- (b) Performance improves with more pix- (c) Gated ensem-
fying misclassified pixels than feature magnitude. els kept, but latency also increases. bler is the best.

Table 5: Ablation experiments to validate our design choices. Default settings are marked in blue .

#MACs Latency Backend Activation  Latency
Entropy Selector 0 2.3 ms cuBLAS Dense 52.0 ms
Sparse Feature Extractor  0.129T  10.9 ms SpConv v2.3.5 Sparse 14.2 ms
Gated Ensembler 0.001T 2.2ms TorchSparse v2.1.0 Sparse 10.9 ms

Table 6: Breakdown of #MACs and latency. En- Table 7: Sparse inference backend. Sparse in-
tropy selector and gated ensembler are lightweight. ference is more efficient than dense inference.

the baseline. PointRend relies on an MLP-based mask refinement approach using hidden features.
However, when low-resolution images are used as input, the refinement process struggles to effectively
compensate for information loss caused by downsampling. In contrast, SparseRefine operates directly
on the high-resolution image, mitigating information loss and ultimately enhancing performance.

Comparison to Patch Refinement. Some existing meth-

ods (Huang et al., 2019; Wu et al., 2020; Verelst & Tuyte- Latency (ms) mloU
laars, 2022) refine the prediction in a coarse-grained patch Baseline 33.4 80.7
levql, whqe SparseRefine r;ﬁneg the. prediction in a fine- PatchRefine (512) 1 20.8
grained pixel level. As depicted in Figure 3a, errors tend PatchRefine (256) 554 20.8
to be scattered sparsely across the entire image, making i ;

fine-grained sparsity a more suitable solution. Patch-based SparseRefine 30.3 80.9

refinement can often lead to substantial redundant compu-
tation, as not every pixel within a patch may need refine-
ment. This inefficiency renders the patch-based methods
less effective. From Table 4, SparseRefine outperforms patch refinement baselines (with a patch size
of 256 or 512), achieving a speedup of 1.5 to 1.8 times while also delivering higher accuracy.

Table 4: Sparse refinement is faster and
more accurate than patch refinement.

4.3  ANALYSIS

In this section, we analyze various alternative designs for the components of our method. Additionally,
we provide detailed breakdowns of the improvements in both accuracy and efficiency. All the analyses
in this section are conducted based on HRNet-W48 as the baseline model.

4.3.1 ALTERNATIVE DESIGNS

Pixel Selector. 'We compare our proposed entropy-based pixel selector to other alternatives, includ-
ing random selector and magnitude selector, as shown in Table 5a. The random selector randomly
selects pixels based on a density hyperparameter that we set. Compared to the entropy-based selector,
the random selector shows a substantial performance drop of 1.7 mloU, failing to achieve any im-
provement over the low-resolution baseline. This decline can be attributed to the notably low recall
rate (10%) of the random selection approach and its lack of principled criteria to ensure the selection
of misclassified pixels.

Another alternative is the magnitude-based selector, which employs the L2 magnitude activation as the
importance score for pixel selection. As depicted in Table 5Sa, it is evident that the magnitude-based
selector still exhibits significantly lower recall and precision compared to the entropy-based selector.
Consequently, the magnitude-based selector performs worse than our entropy selector by 0.7 mloU.

Furthermore, we also showcase the performance of the oracle setting, wherein we select incorrect
predictions solely based on the ground truth. This highlights the considerable room for improvement
and underscores the immense potential of our proposed paradigm.

8
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HRNet-W48 (512x1024) 98.3 86.1 92.8 57.8 66.8 65.7 70.0 78.9 92.4 64.7 94.8 81.1 62.3 95.0 84.3 88.9 82.6 64.8 77.4 79.2
+ SparseRefine (Ours) 98.4 86.7 93.4 57.7 66.7 70.5 75.0 82.0 93.0 64.4 95.4 84.3 67.4 95.8 85.6 89.6 83.3 67.9 80.1 80.9

Table 8: SparseRefine consistently improves the performance of the low-resolution baseline across
different categories, particularly for small objects.

Entropy Threshold. We present an analysis of the impact of different entropy thresholds on latency
and accuracy, as outlined in Table 5b. In essence, the entropy threshold involves a trade-off between
latency and accuracy: a lower entropy threshold leads to the selection and refinement of more pixels,
resulting in improved performance but increased latency. We select a moderate setting with o = 0.3
for HRNet-W48, which matches the accuracy of the high-resolution baseline with the largest speedup.
The optimal « for different models could be different. We provide more details in the appendix.

Ensembler. We investigate different ensemble strategies in Table Se. The simplest approach is to
directly replace the initial predictions with the refined predictions. However, this is suboptimal due to
SparseRefine’s limited context (discussed in Section 3.2.3). Another alternative is the entropy-based
ensembler that compares the entropy before and after refinement to determine which predictions to
choose. In comparison, our gated ensembler offers a softer and more compact way to incorporate
refinement into the prediction. It is noteworthy that the gated ensembler outperforms the entropy-
based ensembler by 0.6 mloU. Additionally, we analyze the performance of the oracle setting, where
we choose the better of the predictions before and after refinement. This analysis reveals a substantial
room for improvement of 4.4 mloU, further emphasizing the potential for future enhancements.

4.3.2 BREAKDOWNS

We begin by analyzing the per-class performance, as presented in Table 8. It is evident that SparseRe-
fine consistently improves the performance of the low-resolution baseline in almost every category,
particularly for small instances such as person, rider, pole, etc. These categories also exhibit the most
significant degradation in the low-resolution baseline when compared to the high-resolution baseline.
This observation highlights the effectiveness of SparseRefine in capturing fine-grained details, thanks
to its ability to utilize sparse high-resolution information.

The breakdown of #MACs and latency for each component is presented in Table 6. It can be observed
that the entropy selector and gated ensembler contribute minimally to the overall computation, while
the feature extractor accounts for the majority. We have implemented the sparse feature extractor
using different inference backends. As shown in Table 7, our input activation has high (approximately
90%) sparsity. Therefore, sparse inference backends like SpConv and TorchSparse are more suitable
than dense inference backends such as cuBLAS.

5 CONCLUSION

We present SparseRefine that enhances low-resolution dense predictions with high-resolution sparse
refinements. It first incorporates an entropy selector to identify a sparse set of pixels with the lowest
confidence, followed by a sparse feature extractor that efficiently generates refinements for those
selected pixels. Finally, a gated ensembler is utilized to integrate these sparse refinements with the
initial coarse predictions. Notably, SparseRefine can be seamlessly integrated into various existing
semantic segmentation models, irrespective of their model architectures. Empirical evaluation on the
Cityscapes dataset demonstrated remarkable speed improvements, achieving measured speedups of
1.5 to 3.9 times when applied to HRNet-W48, SegFormer-B5, Mask2Former-T/L and SegNeXt-L.,
with negligible to no loss of accuracy. We believe that the speedups that accrue from our approach
of combining low-resolution prediction followed by sparse high-resolution refinement, will further
enable the deployment of high-resolution semantic segmentation in latency-sensitive applications.



Under review as a conference paper at ICLR 2024

REFERENCES

Moloud Abdar, Farhad Pourpanah, Sadiq Hussain, Dana Rezazadegan, Li Liu, Mohammad Ghavamzadeh, Paul
Fieguth, Xiaochun Cao, Abbas Khosravi, U Rajendra Acharya, et al. A review of uncertainty quantification
in deep learning: Techniques, applications and challenges. Information fusion, 76:243-297, 2021. 4

Vijay Badrinarayanan, Alex Kendall, and Roberto Cipolla. SegNet: A Deep Convolutional Encoder-Decoder
Architecture for Image Segmentation. TPAMI, 2017. 2

Andrew Blake, Carsten Rother, Matthew Brown, Patrick Perez, and Philip Torr. Interactive Image Segmentation
Using an Adaptive GMMRF Model. In ECCV, 2004. 2

Daniel Bolya and Judy Hoffman. Token Merging for Fast Stable Diffusion. arXiv, 2023. 2

Daniel Bolya, Cheng-Yang Fu, Xiaoliang Dai, Peizhao Zhang, Christoph Feichtenhofer, and Judy Hoffman.
Token Merging: Your ViT but Faster. In /CLR, 2023. 2

Yuri Boykov, Olga Veksler, and Ramin Zabih. Fast Approximate Energy Minimization via Graph Cuts. TPAMI,
2001. 2

Han Cai, Chuang Gan, and Song Han. EfficientViT: Lightweight Multi-Scale Attention for On-Device Semantic
Segmentation. arXiv, 2022. 2

Hu Cao, Yueyue Wang, Joy Chen, Dongsheng Jiang, Xiaopeng Zhang, Qi Tian, and Manning Wang. Swin-Unet:
Unet-like Pure Transformer for Medical Image Segmentation. In ECCVW, 2022. 2

Liang-Chieh Chen, George Papandreou, Konstantinos Kokkinos, Kevin Murphy, and Alan L Yuille. Semantic
Image Segmentation with Deep Convolutional Nets and Fully Connected CRFs. In ICLR, 2015. 2

Liang-Chieh Chen, George Papandreou, Konstantinos Kokkinos, Kevin Murphy, and Alan L Yuille. DeepLab:
Semantic Image Segmentation with Deep Convolutional Nets, Atrous Convolution, and Fully Connected
CRFs. TPAMI, 2016. 2,3

Liang-Chieh Chen, George Papandreou, Florian Schroff, and Hartwig Adam. Deeplabv3: Encoder-Decoder
with Atrous Separable Convolution for Semantic Image Segmentation. In CVPR, 2017a. 2, 3

Liang-Chieh Chen, George Papandreou, Florian Schroff, and Hartwig Adam. Rethinking Atrous Convolution
for Semantic Image Segmentation. In CVPR, 2017b. 1

Liang-Chieh Chen, Yukun Zhu, George Papandreou, Florian Schroff, and Hartwig Adam. Deeplabv3+: Encoder-
Decoder with Atrous Separable Convolution for Semantic Image Segmentation. In ECCV, 2018. 2

Wuyang Chen, Xinyu Gong, Xianming Liu, Qian Zhang, Yuan Li, and Zhangyang Wang. Fasterseg: Searching
for Faster Real-time Semantic Segmentation. In /CLR, 2020. 2

Xuanyao Chen, Zhijian Liu, Haotian Tang, Li Yi, Hang Zhao, and Song Han. SparseViT: Revisiting Activation
Sparsity for Efficient High-Resolution Vision Transformer. In CVPR, 2023. 2,7

Yunpeng Chen, Haoqi Fan, Bing Xu, Zhicheng Yan, Yannis Kalantidis, Marcus Rohrbach, Shuicheng Yan, and
Jiashi Feng. Drop an Octave: Reducing Spatial Redundancy in Convolutional Neural Networks with Octave
Convolution. In ICCV, 2019. 3

Bowen Cheng, Alex Schwing, and Alexander Kirillov. Per-pixel Classification Is Not All You Need for Semantic
Segmentation. In NeurlPS, 2021. 2

Bowen Cheng, Ishan Misra, Alexander G Schwing, Alexander Kirillov, and Rohit Girdhar. Masked-attention
Mask Transformer for Universal Image Segmentation. In CVPR, 2022. 1,2, 5

Christopher Choy, JunYoung Gwak, and Silvio Savarese. 4D Spatio-Temporal ConvNets: Minkowski Convolu-
tional Neural Networks. In CVPR, 2019. 2, 3,5

Noel CF Codella, David Gutman, M Emre Celebi, Brian Helba, Michael A Marchetti, Stephen W Dusza, Aadi
Kalloo, Konstantinos Liopyris, Nabin Mishra, Harald Kittler, et al. Skin Lesion Analysis toward Melanoma
Detection: A Challenge at the International Symposium on Biomedical Imaging (ISBI) 2016, hosted by the
International Skin Imaging Collaboration (ISIC). In ISBI, 2018. 5

MMSegmentation Contributors. MMSegmentation: OpenMMLab Semantic Segmentation Toolbox and Bench-
mark. https://github.com/open-mmlab/mmsegmentation, 2020. 5

10


https://github.com/open-mmlab/mmsegmentation

Under review as a conference paper at ICLR 2024

Marius Cordts, Mohamed Omran, Sebastian Ramos, Timo Rehfeld, Markus Enzweiler, Rodrigo Benenson, Uwe
Franke, Stefan Roth, and Bernt Schiele. The Cityscapes Dataset for Semantic Urban Scene Understanding. In
CVPR, 2016. 5

Ilke Demir, Krzysztof Koperski, David Lindenbaum, Guan Pang, Jing Huang, Saikat Basu, Forest Hughes, Devis
Tuia, and Ramesh Raskar. DeepGlobe 2018: A Challenge to Parse the Earth through Satellite Images. In
CVPR Workshop, 2018. 5

Alexey Dosovitskiy, Lucas Beyer, Alexander Kolesnikov, Dirk Weissenborn, Xiaohua Zhai, Thomas Unterthiner,
Mostafa Dehghani, Matthias Minderer, Georg Heigold, Sylvain Gelly, et al. An Image Is Worth 16x16 Words:
Transformers for Image Recognition at Scale. In ICLR, 2021. 2

Haoqi Fan, Bo Xiong, Karttikeya Mangalam, Yanghao Li, Zhicheng Yan, Jitendra Malik, and Christoph
Feichtenhofer. Multiscale Vision Transformers. In ICCV, 2021. 2

Lue Fan, Ziqi Pang, Tianyuan Zhang, Yu-Xiong Wang, Hang Zhao, Feng Wang, Naiyan Wang, and Zhaoxiang
Zhang. Embracing Single Stride 3D Object Detector with Sparse Transformer. In CVPR, 2022. 5

Pedro F Felzenszwalb and Daniel P Huttenlocher. Efficient Graph-based Image Segmentation. IJCV, 2004. 2

Jun Fu, Jing Liu, Haijie Tian, Yong Li, Yongjun Bao, Zhiwei Fang, and Hanqing Lu. Dual Attention Network
for Scene Segmentation. In CVPR, 2019. 2

Peng Gao, Teli Ma, Hongsheng Li, Jifeng Dai, and Yu Qiao. ConvMAE: Masked Convolution Meets Masked
Autoencoders. In NeurlPS, 2022. 2

Ashish Gondimalla, Noah Chesnut, Mithuna Thottethodi, and TN Vijaykumar. SparTen: A Sparse Tensor
Accelerator for Convolutional Neural Networks. In MICRO, 2019. 2

Benjamin Graham, Martin Engelcke, and Laurens van der Maaten. 3D Semantic Segmentation With Submanifold
Sparse Convolutional Networks. In CVPR, 2018. 2, 5

Meng-Hao Guo, Cheng-Ze Lu, Qibin Hou, Zhengning Liu, Ming-Ming Cheng, and Shi-Min Hu. SegNeXt:
Rethinking Convolutional Attention Design for Semantic Segmentation. In NeurIPS, 2022. 1,2, 5

Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun. Spatial Pyramid Pooling in Deep Convolutional
Neural Networks for Visual Recognition. TPAMI, 2015. 2, 3

Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun. Deep Residual Learning for Image Recognition. In
CVPR, 2016. 5

Kaiming He, Xinlei Chen, Saining Xie, Yanghao Li, Piotr Dollér, and Ross Girshick. Masked Autoencoders Are
Scalable Vision Learners. In CVPR, 2022. 2

Ke Hong, Zhongming Yu, Guohao Dai, Xinhao Yang, Yaoxiu Lian, Zehao Liu, Ningyi Xu, and Yu Wang.
Exploiting Hardware Utilization and Adaptive Dataflow for Efficient Sparse Convolution in 3D Point Clouds.
In MLSys, 2023. 2, 5

Yuanduo Hong, Huihui Pan, Weichao Sun, and Yisong Jia. Deep Dual-resolution Networks for Real-time and
Accurate Semantic Segmentation of Road Scenes. 7-ITS, 2021. 2

Andrew G. Howard, Menglong Zhu, Bo Chen, Dimitry Kalenichenko, Weijun Wang, Tobias Weyand, Marco
Andreetto, and Hartwig Adam. MobileNets: Efficient Convolutional Neural Networks for Mobile Vision
Applications. arXiv, 2017. 1

Lang Huang, Shan You, Mingkai Zheng, Fei Wang, Chen Qian, and Toshihiko Yamasaki. Green Hierarchical
Vision Transformer for Masked Image Modeling. In NeurIPS, 2022. 2

Yu-Hui Huang, Marc Proesmans, Stamatios Georgoulis, and Luc Van Gool. Uncertainty Based Model Selection
for Fast Semantic Segmentation. In MVA, 2019. 3, 4, 8

Forrest N. Iandola, Song Han, Matthew W. Moskewicz, Khalid Ashraf, William J. Dally, and Kurt Keutzer.
SqueezeNet: AlexNet-Level Accuracy with 50x Fewer Parameters and < 0.5MB Model Size. arXiv, 2016. 1

Alexander Kirillov, Ross Girshick, Kaiming He, and Piotr Dollar. Panoptic Feature Pyramid Networks. In
CVPR, 2019. 3

Alexander Kirillov, Yuxin Wu, Kaiming He, and Ross Girshick. PointRend: Image Segmentation as Rendering.
In CVPR, 2020. 3,7

11



Under review as a conference paper at ICLR 2024

Zhenglun Kong, Peiyan Dong, Xiaolong Ma, Xin Meng, Wei Niu, Mengshu Sun, Bin Ren, Minhang Qin, Hao
Tang, and Yanzhi Wang. SPViT: Enabling Faster Vision Transformers via Soft Token Pruning. In ECCV,
2022. 2

Philipp Krihenbiihl and Vladlen Koltun. Efficient Inference in Fully Connected CRFs with Gaussian Edge
Potentials. In NeurIPS, 2011. 2

John Lafferty, Andrew McCallum, and Fernando CN Pereira. Conditional Random Fields: Probabilistic Models
for Segmenting and Labeling Sequence Data. In ICML, 2001. 2

Yangyan Li, Rui Bu, Mingchao Sun, Wei Wu, Xinhan Di, and Baoquan Chen. PointCNN: Convolution on
X -Transformed Points. In NeurIPS, 2018. 5

Youwei Liang, Chongjian Ge, Zhan Tong, Yibing Song, Jue Wang, and Pengtao Xie. Not All Patches Are What
You Need: Expediting Vision Transformers via Token Reorganizations. In /CLR, 2022. 2

Guosheng Lin, Anton Milan, Chunhua Shen, and Ian Reid. Refinenet: Multi-path Refinement Networks for
High-resolution Semantic Segmentation. In CVPR, 2017. 3

Yujun Lin, Zhekai Zhang, Haotian Tang, Hanrui Wang, and Song Han. PointAcc: Efficient Point Cloud
Accelerator. In MICRO, 2021. 2

Chenxi Liu, Liang-Chieh Chen, Florian Schroff, Hartwig Adam, Wei Hua, Alan Yuille, and Li Fei-Fei. Auto-
DeepLab: Hierarchical Neural Architecture Search for Semantic Image Segmentation. In CVPR, 2019.
2

Jianhui Liu, Yukang Chen, Xiaoqing Ye, Zhuotao Tian, Xiao Tan, and Xiaojuan Qi. Spatial Pruned Sparse
Convolution for Efficient 3D Object Detection. In NeurIPS, 2022a. 2

Ze Liu, Yutong Lin, Yue Cao, Han Hu, Yixuan Wei, Zheng Zhang, Stephen Lin, and Baining Guo. Swin
Transformer: Hierarchical Vision Transformer Using Shifted Windows. In ICCV, 2021. 2

Ze Liu, Han Hu, Yutong Lin, Zhuliang Yao, Zhenda Xie, Yixuan Wei, Jia Ning, Yue Cao, Zheng Zhang, Li Dong,
et al. Swin Transformer v2: Scaling Up Capacity and Resolution. In CVPR, 2022b. 2

Zhijian Liu, Xinyu Yang, Haotian Tang, Shang Yang, and Song Han. FlatFormer: Flattened Window Attention
for Efficient Point Cloud Transformer. In CVPR, 2023. 5

Jonathan Long, Evan Shelhamer, and Trevor Darrell. Fully Convolutional Networks for Semantic Segmentation.
In CVPR, 2015. 1,2

Ilya Loshchilov and Frank Hutter. SGDR: Stochastic Gradient Descent with Warm Restarts. In /CLR, 2017. 6
Ilya Loshchilov and Frank Hutter. Decoupled Weight Decay Regularization. In /CLR, 2019. 6

Ningning Ma, Xiangyu Zhang, Hai-Tao Zheng, and Jian Sun. ShuffleNet V2: Practical Guidelines for Efficient
CNN Architecture Design. In ECCV, 2018. 1

Xu Ma, Yugian Zhou, Huan Wang, Can Qin, Bin Sun, Chang Liu, and Yun Fu. Image as Set of Points. In /CLR,
2023. 2

Sachin Mehta, Mohammad Rastegari, Anat Caspi, Linda Shapiro, and Hannaneh Hajishirzi. ESPNet: Efficient
Spatial Pyramid of Dilated Convolutions for Semantic Segmentation. In ECCV, 2018. 2

NVIDIA. cuBLAS. URL https://developer.nvidia.com/cublas. 6

Bowen Pan, Wuwei Lin, Xiaolin Fang, Chaoqin Huang, Bolei Zhou, and Cewu Lu. Recurrent Residual Module
for Fast Inference in Videos. In CVPR, 2018. 2

Bowen Pan, Rameswar Panda, Camilo Fosco, Chung-Ching Lin, Alex Andonian, Yue Meng, Kate Saenko, Aude
Oliva, and Rogerio Feris. VA-RED?: Video Adaptive Redundancy Reduction. In ICLR, 2021a. 2

Bowen Pan, Rameswar Panda, Yifan Jiang, Zhangyang Wang, Rogerio Feris, and Aude Oliva. IA-RED?:
Interpretability-Aware Redundancy Reduction for Vision Transformers. In NeurIPS, 2021b. 2

Adam Paszke, Abhishek Chaurasia, Sangpil Kim, and Eugenio Culurciello. ENet: A Deep Neural Network
Architecture for Real-Time Semantic Segmentation. arXiv, 2016. 2

Rudra PK Poudel, Stephan Liwicki, and Roberto Cipolla. Fast-SCNN: Fast Semantic Segmentation Network. In
BMVC, 2019. 2

12


https://developer.nvidia.com/cublas

Under review as a conference paper at ICLR 2024

Charles Ruizhongtai Qi, Hao Su, Kaichun Mo, and Leonidas J Guibas. PointNet: Deep Learning on Point Sets
for 3D Classification and Segmentation. In CVPR, 2017a. 3

Charles Ruizhongtai Qi, Li Yi, Hao Su, and Leonidas J Guibas. PointNet++: Deep Hierarchical Feature Learning
on Point Sets in a Metric Space. In NeurIPS, 2017b. 5

Yongming Rao, Wenliang Zhao, Benlin Liu, Jiwen Lu, Jie Zhou, and Cho-Jui Hsieh. DynamicViT: Efficient
Vision Transformers with Dynamic Token Sparsification. In NeurIPS, 2021. 2

Mengye Ren, Andrei Pokrovsky, and Raquel Urtasun. SBNet: Sparse Blocks Network for Fast Inference. In
CVPR, 2018. 2

Olaf Ronneberger, Philipp Fischer, and Thomas Brox. U-Net: Convolutional Networks for Biomedical Image
Segmentation. In MICCAI, 2015. 2

Carsten Rother, Vladimir Kolmogorov, and Andrew Blake. “GrabCut” — Interactive Foreground Extraction
Using Iterated Graph Cuts. In SIGGRAPH, 2004. 2

Mark Sandler, Andrew Howard, Menglong Zhu, Andrey Zhmoginov, and Liang-Chieh Chen. MobileNetV2:
Inverted Residuals and Linear Bottlenecks. In CVPR, 2018. 1

Jianbo Shi and Jitendra Malik. Normalized Cuts and Image Segmentation. TPAMI, 2000. 2

Zhuoran Song, Yihong Xu, Zhezhi He, Li Jiang, Naifeng Jing, and Xiaoyao Liang. CP-ViT: Cascade Vision
Transformer Pruning via Progressive Sparsity Prediction. arXiv, 2022. 2

Robin Strudel, Ricardo Garcia, Ivan Laptev, and Cordelia Schmid. Segmenter: Transformer for Semantic
Segmentation. In /CCV, 2021. 2

Pei Sun, Mingxing Tan, Weiyue Wang, Chenxi Liu, Fei Xia, Zhaoqi Leng, and Dragomir Anguelov. SWFormer:
Sparse Window Transformer for 3D Object Detection in Point Clouds. In ECCV, 2022. 5

Haotian Tang, Zhijian Liu, Shengyu Zhao, Yujun Lin, Ji Lin, Hanrui Wang, and Song Han. Searching Efficient
3D Architectures with Sparse Point-Voxel Convolution. In ECCV, 2020. 5

Haotian Tang, Zhijian Liu, Xiuyu Li, Yujun Lin, and Song Han. TorchSparse: Efficient Point Cloud Inference
Engine. In MLSys, 2022. 2,5, 6

Haotian Tang, Shang Yang, Zhijian Liu, Ke Hong, Zhongming Yu, Xiuyu Li, Guohao Dai, Yu Wang, and Song
Han. TorchSparse++: Efficient Point Cloud Engine. In CVPRW, 2023. 2, 6

Keyu Tian, Yi Jiang, Qishuai Diao, Chen Lin, Liwei Wang, and Zehuan Yuan. Designing BERT for Convolutional
Networks: Sparse and Hierarchical Masked Modeling. In ICLR, 2023. 2

Thomas Verelst and Tinne Tuytelaars. SegBlocks: Block-Based Dynamic Resolution Networks for Real-Time
Segmentation. TPAMI, 2022. 3, 8

Haiyang Wang, Chen Shi, Shaoshuai Shi, Meng Lei, Sen Wang, Di He, Bernt Schiele, and Liwei Wang. DSVT:
Dynamic Sparse Voxel Transformer with Rotated Sets. In CVPR, 2023. 5

Hanrui Wang, Zhekai Zhang, and Song Han. SpAtten: Efficient Sparse Attention Architecture with Cascade
Token and Head Pruning. In HPCA, 2021a. 2

Jingdong Wang, Ke Sun, Tianheng Cheng, Borui Jiang, Chaorui Deng, Yang Zhao, Dong Liu, Yadong Mu,
Mingkui Tan, Xinggang Wang, Wenyu Liu, and Bin Xiao. Deep High-Resolution Representation Learning
for Visual Recognition. TPAMI, 2020. 1, 3,4, 5

Wenhai Wang, Enze Xie, Xiang Li, Deng-Ping Fan, Kaitao Song, Ding Liang, Tong Lu, Ping Luo, and Ling
Shao. Pyramid Vision Transformer: A Versatile Backbone for Dense Prediction Without Convolutions. In
ICCV,2021b. 2

Yang Wang, Chen Zhang, Zhigiang Xie, Cong Guo, Yunxin Liu, and Jingwen Leng. Dual-side Sparse Tensor
Core. In ISCA, 2021c. 2,3

Yue Wang, Yongbin Sun, Ziwei Liu, Sanjay E. Sarma, Michael M. Bronstein, and Justin M. Solomon. Dynamic
Graph CNN for Learning on Point Clouds. In SIGGRAPH, 2019. 5

Bichen Wu, Alvin Wan, Xiangyu Yue, and Kurt Keutzer. SqueezeSeg: Convolutional Neural Nets with Recurrent
CREF for Real-Time Road-Object Segmentation from 3D LiDAR Point Cloud. In /CRA, 2018. 3, 5

13



Under review as a conference paper at ICLR 2024

Huikai Wu, Junge Zhang, Kaiqi Huang, Kongming Liang, and Yu Yizhou. FastFCN: Rethinking Dilated
Convolution in the Backbone for Semantic Segmentation. arXiv, 2019. 2

Tong Wu, Zhenzhen Lei, Bingqgian Lin, Cuihua Li, Yanyun Qu, and Yuan Xie. Patch Proposal Network for Fast
Semantic Segmentation of High-Resolution Images. In AAAZ, 2020. 3, 8

Enze Xie, Wenhai Wang, Zhiding Yu, Anima Anandkumar, Jose M Alvarez, and Ping Luo. SegFormer: Simple
and Efficient Design for Semantic Segmentation with Transformers. In NeurlPS, 2021. 1,2, 5

Yan Yan, Yuxing Mao, and Bo Li. SECOND: Sparsely Embedded Convolutional Detection. Sensors, 2018. 2, 5

Hongxu Yin, Arash Vahdat, Jose Alvarez, Arun Mallya, Jan Kautz, and Pavlo Molchanov. AdaViT: Adaptive
Tokens for Efficient Vision Transformer. In CVPR, 2021. 2

Changgian Yu, Jingbo Wang, Chao Peng, Changxin Gao, Gang Yu, and Nong Sang. BiSeNet: Bilateral
Segmentation Network for Real-time Semantic Segmentation. In ECCV, 2018. 2, 3

Changgian Yu, Changxin Gao, Jingbo Wang, Gang Yu, Chunhua Shen, and Nong Sang. BiSeNet V2: Bilateral
Network with Guided Aggregation for Real-time Semantic Segmentation. IJCV, 2021. 2, 3

Fisher Yu, Haofeng Chen, Xin Wang, Wengqi Xian, Yingying Chen, Fangchen Liu, Vashisht Madhavan, and
Trevor Darrell. BDD100K: A Diverse Driving Dataset for Heterogeneous Multitask Learning. In CVPR,
2020. 5

Li Yuan, Yunpeng Chen, Tao Wang, Weihao Yu, Yujun Shi, Zi-Hang Jiang, Francis EH Tay, Jiashi Feng, and
Shuicheng Yan. Tokens-to-Token ViT: Training Vision Transformers from Scratch on ImageNet. In ICCV,
2021a. 2

Yuhui Yuan, Xilin Chen, and Jingdong Wang. Object-Contextual Representations for Semantic Segmentation.
In ECCV, 2020. 2

Yuhui Yuan, Rao Fu, Lang Huang, Weihong Lin, Chao Zhang, Xilin Chen, and Jingdong Wang. HRFormer:
High-Resolution Transformer for Dense Prediction. In NeurIPS, 2021b. 2

Gang Zhang, Xin Lu, Jingru Tan, Jianmin Li, Zhaoxiang Zhang, Quanquan Li, and Xiaolin Hu. RefineMask:
Towards High-Quality Instance Segmentation with Fine-Grained Features. In CVPR, 2021. 3

Xiangyu Zhang, Xinyu Zhou, Mengxiao Lin, and Jian Sun. ShuffleNet: An Extremely Efficient Convolutional
Neural Network for Mobile Devices. In CVPR, 2018. 1

Zhekai Zhang, Hanrui Wang, Song Han, and William J Dally. SpArch: Efficient Architecture for Sparse Matrix
Multiplication. In HPCA, 2020. 2

Hengshuang Zhao, Jianping Shi, Xiaojuan Qi, Xiaogang Wang, and Jiaya Jia. Pyramid Scene Parsing Network.
In CVPR, 2017. 2

Hengshuang Zhao, Xiaojuan Qi, Xiaoyong Shen, Jianping Shi, and Jiaya Jia. ICNet for Real-Time Semantic
Segmentation on High-Resolution Images. In ECCV, 2018. 2

Sixiao Zheng, Jiachen Lu, Hengshuang Zhao, Xiatian Zhu, Zekun Luo, Yabiao Wang, Yanwei Fu, Jianfeng Feng,

Tao Xiang, Philip HS Torr, and Li Zhang. Rethinking Semantic Segmentation from a Sequence-to-Sequence
Perspective with Transformers. In CVPR, 2021. 2

14



	Introduction
	Related Work
	SparseRefine
	Dense Low-Resolution Prediction
	Sparse High-Resolution Refinement
	Entropy Selector
	Sparse Feature Extractor
	Gated Ensembler


	Experiments
	Setup
	Results
	Analysis
	Alternative Designs
	Breakdowns


	Conclusion

