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Abstract

Deep learning, particularly deep neural networks, has driven remarkable advances in computer
vision over the past two decades, achieving state-of-the-art performance in tasks such as image
classification, object detection, and semantic segmentation. Existing survey papers largely
concentrate on narrow sub-domains, specific applications, or individual technical components of
computer vision. Nevertheless, there is still a shortage of systematic overviews that trace the
intertwined evolution of neural network architectures and underlying paradigms which underpin

modern deep-learning-driven computer vision.

In this systematic review, we synthesize seminal publications and pivotal methodological
advances to trace the architectural and paradigm-driven evolution of deep learning for computer
vision. We organize major technical developments into three coherent core dimensions: (1)
task-oriented neural network architectures, (2) design principles of effective sub-modules for feature
learning, and (3) essential strategies for constructing high-performance deep neural networks.
Within each dimension, we examine representative foundational approaches, highlighting their

effectiveness, robustness, and generalizability across diverse computer-vision application scenarios.

Beyond retrospective literature synthesis, we deliver a critical discussion of prevailing open
challenges, inherent limitations of existing paradigms, and promising emerging research directions.
Framed under a unified analytical framework, this survey intends to equip researchers and
practitioners with structured insights into how deep-learning architectures and associated paradigms
have evolved in computer vision. By consolidating milestone developments, core design principles,
and forward-looking research trends, our work seeks to deepen community-wide understanding of
this field and stimulate further innovations for both basic theoretical research and practical

real-world deployments.
The project page can be found at https://github.com/apple1986/DevelopmentOfDL.

Keywords: Deep Learning, CNNs, Transformer, Architecture, Image Classification, Object

Detection, Semantic Segmentation
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1. Introduction

“It was the best of times, it was the worst of times” [1]. As the development of artificial
intelligence, especially the leap of the deep neural network (dubbed “Deep Learning”), many magic
productions have been proposed which we can almost not imagine in the past. The deep convolution
neural network (CNN) surpasses human-level performance on ImageNet classification [2] in 2015.
The AlphaGo [3] defeated a world champion in the game of Go in 2016. In 2017, Dermatologist-
level classification of skin cancer with deep neural networks was reported [4]. The AlphaFold (deep
learning-based) was proposed for highly accurate protein structure prediction and achieved
remarkable performance [5], which was a difficult thing in the past. Currently, large generation
models ignite our enthusiasm to purse the machine intelligence on par our human’s level, such as
GPTs [6-8] for language generation, CLIP [9] and DALL.E [10] for image generation.

Although significant progress has been made, an important question remains: what are the
fundamental architecture developments that have driven the evolution of computer vision over the
past two decades? Many review papers have been published, yet most of them focus on the specific
task or topic of computer vision. In [11, 12], the authors reviewed the deep convolutional neural
networks for image classification, in which analyzed the short history of deep learning and several
symbolic works and improvement for image classification. Several review papers have been
published on image classification using deep learning across various modalities, including
hyperspectral images [13, 14] and remote sensing [15, 16], medical image [17, 18] and biological
image [19, 20]. In addition, numerous review papers have been published on topics such as object
detection [21, 22], semantic segmentation [23, 24], image super resolution [25, 26], image denoising
[27, 28], transfer learning [29, 30], video object segmentation and tracking [31, 32] and a name of
few. These reviews cover various deep neural networks applied to different tasks and integrate prior
knowledge specific to different image modalities (see in Table 1). However, they do not fully discuss
the architecture evolution and the general principles and strategies for designing or using effective
deep neural networks. More specifically, how can we identify, integrate, and even advance beyond
the most influential techniques and methodologies for designing effective and efficient deep neural

networks across diverse computer vision tasks?



72 Table 1 Comparative analysis of representative survey papers on deep learning for computer

73 vision, categorized by major research topics and their corresponding scopes
Survey Topic Description/Scope
MIA[33], Annu. Annotation efficiency, Learning from imperfect annotations, including
Rev. Biomed. medical image limited, weak, noisy, and image-level annotations
Eng[34] segmentation for medical image segmentation.
PR[35], Artif. ) Comprehensive review of image augmentation
Image augmentation ) ) ] )
Intell. Rev[36] techniques for improving deep learning models.
Neural Comput[11], ) ) Development and evolution of deep learning
Image classification ) ) )
MIA[17] methods for image classification.
Artif. Intell. Advances in image segmentation for natural images,
Rev[24], ) medical images, and other imaging modalities.
Segmentation
TPAMI[37],
MIA[38]
Semi-supervised learning methods for image
TKDEJ[39], Semi-supervised classification and segmentation, including network
TNNLS[40] learning architectures, consistency learning, and optimization
strategies.
TPAMI [41], Algorithms, benchmarks, and challenges for small
Expert Syst. Small object detection object detection.
App[42]
TNNLS[43], ] Recent advances in convolutional neural networks,
Convolution, o
CUSR[44], Vision Transformers, Mamba, and related
Transformer, Mamba ) .
TIST[45] architectures for computer vision.
CUSR]J46, 47], Efficient neural architectures, model compression,
Efficient learning ) ) )
TPAMI[48] acceleration algorithms, and benchmark studies.
Deep generative models, including Generative
TPAMI[49], . . e
Image generation Adversarial Networks (GANSs) and diffusion models
CUSR[50] ) )
for image synthesis.
Deep learning methods for video object
TIST[32],
Video analysis segmentation, object tracking, and video object
TPAMI[51],
detection.
EAAI[52], Essential components | Fundamental network components and techniques,
TCSVT[53] and techniques such as residual learning and Gaussian splatting.
74
75 To address this question, we systematically survey seminal deep learning studies published over

76  the past two decades and distill their core concepts, design philosophies, and underlying

77  methodologies. This review seeks to equip readers with a holistic understanding of the intertwined
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architectural and paradigm-driven evolutionary trajectory of deep learning in computer vision (CV).
As outlined in Figure 1, we organize the major technical advances into three core dimensions that
structure our manuscript: (1) task-oriented neural network architectures, (2) design principles of
effective sub-modules for feature learning, and (3) essential strategies for constructing high-
performance deep neural networks.

Section 2 is dedicated to task-oriented neural network architectures. Within this section, we
examine backbone and prediction-head designs tailored to representative vision tasks, including
image classification, object detection, semantic segmentation, and image restoration tasks such as
super-resolution and denoising. Section 3 elaborates on the design principles of effective sub-
modules for feature learning. We cover core building blocks including multi-scale feature extraction
and fusion, attention mechanisms, local-global feature modeling, and other practical feature
learning strategies. Section 4 summarizes essential strategies for constructing high-performance
deep neural networks, where we discuss residual learning and skip connections, the integration of
prior knowledge, and contrast-based learning paradigms. Following these retrospective reviews,
Section 5 presents a critical discussion of open challenges and promising future research directions,
covering efficient network architectures, representation learning, world models, universal learning,

and AIGC. Section 6 concludes this survey.

\
[Architecture and Paradigm Evolution of Deep Learning in Computer Vision
J
l ~N 4 N 'd l
Architect Feature Effective
rehitecture Representation Principles
l Y, \ 1 J \ l
Classification Multi-scale Skip Connection
Detection Attention Prior Knowledge
Segmentation Local & Global Contrast-Based

Figure 1. Organizational framework of this review, illustrating three core dimensions: task-oriented
network architectures, feature representation design, and effective network construction principles,

along with their respective subtopics.
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2. Task-oriented neural network architectures

As the AlexNet [54] achieved the champion of image classification in ImageNet Large scale
visual recognition challenge (ILSVRC) in 2012, deep neural networks became widely accepted in
computer vision. Unlike conventional approaches that rely on manually designed feature
engineering, deep learning models automatically learn hierarchical feature representations from raw
data, thereby eliminating labor-intensive handcrafted feature extraction and mitigating the inherent
limitations of artificial feature design. Afterwards, many seminal neural network architectures are
proposed focusing on specific problems. In this section, we review some fundamental and
impressive works in image classification, object detection, semantic segmentation and image super-

resolution, which are becoming the first-choice or default baseline for various tasks.

2.1. Image classification

The VGG [55] is a convolutional neural network (CNN) architecture known for its simplicity
and depth. It features small 3x3 convolutional filters stacked sequentially to increase the depth of
the network, allowing for better feature extraction while maintaining fewer parameters. VGG
models, such as VGG-16 and VGG-19, have been widely used in image classification tasks and
transfer learning due to their strong performance on large-scale image datasets like ImageNet. Yet,
increasing the number of layers does not necessarily lead to improved accuracy in neural networks.
In fact, accuracy may plateau and then degrade sharply beyond a certain point [56, 57]. The ResNet
[58] was proposed to introduce residual connections, or skip connections, between layers (see Figure
2). These residual connections allow the network to effectively "skip" layers, enabling the training
of much deeper networks without loss of performance. ResNet's architecture, including models like
ResNet-50 and ResNet-101, has become a foundational building block for many tasks in computer
vision. Afterwards, the skip connection or residual learning has been the default choice for designing
neural networks [52], such as DenseNet [59], Inception-v4 [60], ResNeXt [61], and ConvNeXt [62].
Collectively, these advances demonstrate that simply stacking more convolutional layers cannot
yield consistent performance gains. Instead, well-designed connection mechanisms for feature
propagation and gradient flow are critical for unlocking the representation potential of deep neural

networks.
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Figure 2. Residual learning block

Despite the strong representation learning capabilities of convolutional neural networks, they
still have inherent limitations. One major challenge is their limited ability to capture long-range
dependencies, as convolution operations are intrinsically localized [63]. To address this, the
Transformer model [64], which relies solely on self-attention mechanisms, was introduced to
overcome CNNSs' limitations, enabling the capture of global context in natural language processing
(NLP). Building on this, the Vision Transformer (ViT) was developed for image classification,
allowing the model to learn relationships between all image patches. However, due to ViT's high
computational cost, the Swin Transformer [65] was introduced to limit self-attention to non-
overlapping local windows while enabling cross-window interactions through shifted window
operations. This shifted window mechanism, combined with its hierarchical architecture, provides
flexibility to model at various scales and achieves linear computational complexity relative to image
size.

Although impressive performance has been achieved in image classification, most state-of-the-
art networks still require substantial computational resources and often overlook training and
inference efficiency, which is crucial for deployment on edge devices such as smartphones and
autonomous vehicles. To this end, many lightweight and efficiency architectures are proposed. In
MobileNets [66], it utilizes depthwise separable convolutions to build light-weight deep neural
networks. The MobileNetV2 [67] inherits the idea of residual learning and depthwise separable
convolutions, presenting an inverted residual structure. It demonstrates that increasing the channel
number of feature maps in bottleneck could maintain representational power while trade-offs the

accuracy and efficiency. Combination of hardware-aware network architecture search (NAS) and
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the NetAdapt algorithm, the MobileNetV3 is present. Besides the MobileNets series, there are other
efficient architectures are proposed. The ShuffleNet [68] and ShuffleNet V2 [69] are introduced,
which utilizes pointwise group convolution and channel shuffle to reduce computation cost while
maintaining accuracy. Due to the success of Transformer, some architectures are present based on
Transformer, such as Efficientformer [70], EdgeViTs [71] and EfffcientViT [72], or hybrid of CNN
and Transformer, like MobileViT [73], Mobile-Former [74] and LeViT [75]. The main purpose of
these architectures is to reduce the computation overhead from self-attention between each patch of

image of feature maps.

2.2 Object detection

As a fundamental task in computer vision, object detection has attracted extensive attention
and achieved remarkable progress over the past two decades with the development of deep learning
techniques [21]. Compared with image classification, object detection aims not only to classify
object categories but also to accurately localize objects with tight bounding boxes (see Figure 3).
Depending on whether region proposals (or candidates) are generated, object detection methods can

generally be divided into two-stage and one-stage approaches.

classification

object detection

Figure 3. Comparison of representative vision tasks: classification, object detection, semantic

segmentation, and instance segmentation

For two-stage methods, the R-CNN series [76-78] represents one of the most influential lines
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of research. The pioneering R-CNN introduced bounding box proposal-based object detection using
deep convolutional neural networks (DCNNs). Specifically, it first generates approximately 2,000
candidate object proposals using selective search algorithm on inputting image. Each resized
proposal is then fed into a CNN for feature extraction, followed by class-specific linear SVMs for
classification. However, R-CNN suffers from substantial computational redundancy because each
proposal is processed independently.

To address this limitation, Fast R-CNN [77] was proposed to improve computational efficiency
by forwarding the entire image through the network only once. Features of all proposals are
subsequently extracted directly from the shared feature maps using a Region of Interest (Rol)
pooling operation, which produces fixed-size feature representations for classification and
bounding-box regression. Building upon this framework, Faster R-CNN [78] further introduces a
Region Proposal Network (RPN) to automatically generate region proposals during training. This
design enables proposal generation and object detection to be jointly optimized within a unified
end-to-end framework, significantly improving both detection accuracy and efficiency.

In contrast to two-stage detection pipelines that first generate sparse region proposals and
subsequently refine classification and localization within object proposals, one-stage detectors
directly predict object categories and bounding coordinates in a fully end-to-end manner, thereby
achieving more concise inference pipelines and higher computational efficiency. As the most
representative and pioneering one-stage detection frameworks, YOLO (You Only Look Once) [79]
and SSD (Single Shot MultiBox Detector) [80] have laid the foundation for subsequent single-stage
detection research. Specifically, the YOLO paradigm reformulates object detection as a unified
regression task, which enables simultaneous optimization of bounding box regression and class
probability prediction via a single convolutional network. In the original YOLO architecture, input
images are resized to a fixed resolution of 448x448 and downsampled through consecutive
convolutional layers to produce low-resolution deep feature maps. After a total downsampling stride
of 64, the network outputs a 7x7 feature grid (spatial dimension) with rich semantic representations
(channel dimension). The extracted feature maps are then flattened and fed into multilayer
perceptrons (MLPs) for global feature aggregation, ultimately yielding a fixed-dimensional
prediction vector. This output vector is reshaped into a structured prediction tensor with a dimension

of 7x7x30. In this design, the input image is uniformly divided into a 7x7 grid containing 49
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independent spatial cells. Each grid cell predicts two bounding boxes, with each box encoded by
five parameters representing coordinate offsets, box width and height, and object confidence.
Additionally, each grid cell outputs 20 dimensional class probabilities, corresponding to the
predefined object categories of the detection dataset.

Following the one-stage object detection paradigm pioneered by YOLO, SSD introduces two
key architectural innovations. First, SSD employs a set of predefined default bounding boxes with
multiple scales and aspect ratios, and performs bounding-box regression and category prediction for
each anchor on different feature maps. Unlike YOLO, which predicts a limited number of bounding
boxes for each spatial grid cell, SSD generates a larger number of candidate predictions through
dense multi-scale anchor settings, thereby improving detection flexibility and localization capability.
Second, SSD effectively exploits multi-scale feature representations from different stages of the
backbone network to jointly capture low-level spatial details and high-level semantic information.
This design enables the detector to better handle objects of varying sizes, particularly small objects.
By combining multi-scale anchor-based prediction with hierarchical feature representations, SSD
achieves a favorable trade-off between detection accuracy and computational efficiency.
Experimental results in the original study demonstrated that SSD outperformed YOLO in accuracy
while maintaining real-time inference speed, with performance comparable to Faster R-CNN under

certain benchmark settings.
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Figure 4. Architecture of SSD and YOLO

After the introduction of YOLOv1 and SSD, a series of increasingly advanced YOLO detectors
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have been successively proposed, establishing the YOLO family as one of the most influential
paradigms in one-stage real-time object detection. For example, YOLOv2 [81] introduced the novel
Darknet-19 backbone, which incorporated batch normalization and global average pooling to
improve training stability, convergence speed, and inference efficiency. In addition, anchor boxes
and multi-scale training were adopted to significantly enhance localization accuracy and
generalization capability. Subsequent versions, ranging from YOLOv3 to YOLOv12, have been
released in rapid one-year to two-year iterative cycles, continuously driving the evolution of object
detection techniques. These models progressively integrated a wide range of innovations, including
more powerful backbone and neck architectures [82, 83], robust data augmentation strategies [83,
84], efficient multi-scale feature fusion mechanisms [83], attention modules [84], anchor-free
designs [85], label assignment strategies [86], normalization techniques [83], and advanced
optimization paradigms [87] (see Table 2). Such improvements have substantially enhanced both
detection accuracy and computational efficiency, enabling YOLO-based detectors to achieve state-
of-the-art (SOTA) performance across diverse real-world applications while maintaining real-time
inference capability. Furthermore, recent YOLO variants increasingly emphasize lightweight
deployment, end-to-end optimization, and adaptability to edge devices, thereby broadening their
applicability in autonomous driving, medical image analysis, robotics, remote sensing, and
intelligent surveillance systems.

Table 2 The evolution of YOLO series for one-stage object detection

Model Year Main contribution

First unified one-stage object detector; formulates detection as a single
YOLOvVI [79] 2015 ) )
regression problem for real-time performance.

Introduced Darknet-19, batch normalization, anchor boxes, and multi-
YOLOV2 [81] 2016 o )
scale training for improved accuracy and speed.

Adopted Darknet-53 and feature pyramid networks (FPN) for
YOLOV3 [82] 2018
enhanced multi-scale detection capability.

Integrated CSPDarknet53, Mosaic augmentation, CloU loss, and Bag-
YOLOV4 [83] 2020 ) ) )
of-Freebies/Bag-of-Specials strategies.

Improved engineering efficiency and deployment flexibility with
YOLOVS [88] 2020 ] ) o o o
adaptive scaling and optimized training pipelines.

Designed for industrial applications with efficient decoupled heads
YOLOV6 [89] 2022
and hardware-aware optimization.

YOLOv7 [84] 2022 Introduced trainable Bag-of-Freebies and extended efficient layer
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Model Year Main contribution

aggregation networks for higher accuracy-speed tradeoff.

Anchor-free architecture with improved backbone and decoupled
YOLOVS [85] 2023 ) o
detection head for enhanced robustness and flexibility.

Proposed programmable gradient information and generalized
YOLOV9 [86] 2024 ) ) )
efficient layer aggregation mechanisms.

Introduced end-to-end NMS-free detection framework for lower
YOLOv10 [87] 2024 ) )
latency and improved efficiency.

Further optimized architectural efficiency, feature representation, and
YOLOvI1 [90] 2024
lightweight deployment performance.

Focuses on next-generation real-time detection with enhanced
YOLOv12 [91] 2025 . ) ) .
scalability, efficiency, and cross-domain adaptability.

One limitation of both two-stage and one-stage object detectors lies in their reliance on hand-
crafted or pre-defined candidate generation mechanisms. In two-stage methods, such as R-CNN and
Fast R-CNN, region proposals are typically generated using external algorithms like Selective
Search. Faster R-CNN improves this pipeline by introducing a Region Proposal Network (RPN)
that learns to generate proposals directly from feature maps in an end-to-end manner. In contrast,
one-stage detectors eliminate explicit proposal generation but rely on dense, predefined anchor
boxes of various scales and aspect ratios distributed across feature maps. Both of two-stage or one-
stage leads to a large number of candidate bounding boxes, which are subsequently refined and
filtered using non-maximum suppression (NMS) to remove redundant detections. However, NMS
is a non-differentiable post-processing step, which introduces additional computational overhead

and limits full end-to-end optimization.
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The pursuit of a fully end-to-end object detection framework has motivated the development
of transformer-based detectors, which reformulate object detection as a direct set prediction problem
and eliminate the need for hand-crafted anchors, region proposal mechanisms, and post-processing
non-maximum suppression (NMS). One of the earliest and most representative frameworks is the
Detection Transformer (DETR) [92]. DETR adopts an encoder—decoder Transformer architecture
to capture global contextual relationships through self-attention mechanisms. Unlike conventional
CNN-based detectors, DETR introduces a fixed set of learnable object queries that serve as object-
level representations, functioning analogously to the proposal generation process in the Region
Proposal Network (RPN) of Faster R-CNN.

Benefiting from the global receptive field of the Transformer, these object queries interact with
the encoded image features to generate bounding boxes candidates in parallel. To achieve unique
object prediction assignment, DETR employs bipartite matching based on the Hungarian algorithm
to establish a one-to-one correspondence between predicted boxes and ground-truth annotations.
Consequently, redundant predictions are naturally suppressed during training, eliminating the
requirement for heuristic post-processing methods such as NMS. The matched predictions are then
optimized using a combination of classification and bounding-box regression losses in an end-to-
end manner.

Although the original DETR suffers from relatively slow convergence and suboptimal
performance on small-scale objects, its elegant end-to-end formulation and simplified detection
pipeline have inspired extensive follow-up research and significantly advanced the development of
transformer-based object detection frameworks. Representative extensions include Deformable
DETR [93], which introduces sparse attention sampling to accelerate convergence and improve
small-object detection; Dynamic DETR [94], which dynamically refines object queries during
training; and DN-DETR [95], which incorporates denoising training strategies to stabilize
optimization and further speed up convergence.

Reviewing the evolution of object detection reveals several major development trends
compared with conventional image classification tasks. First, object detection extends image-level
recognition to simultaneous localization and classification, transforming the task from “what” to
“where and what,” thereby requiring more sophisticated loss formulations and optimization

strategies. Second, the field continuously benefits from advances in network architectures, ranging
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from CNN-based backbones to Transformer-based frameworks. Third, object detectors
progressively integrate state-of-the-art techniques from the broader computer vision community,
such as multi-scale feature learning in SSD and YOLOV3, attention mechanisms and Transformers

in DETR, and increasingly efficient optimization and feature representation strategies.

2.3. Semantic segmentation

Semantic segmentation aims to assign a semantic label to each pixel in an image. It plays a
crucial role in numerous applications, including autonomous driving, medical image analysis, and
image editing. Since the pioneering work of FCN (Fully Convolutional Networks) [96], which
introduced end-to-end learning for semantic segmentation, the field has experienced substantial
progress. Building upon FCN, the U-Net [97] was proposed as an encoder—decoder architecture
with skip connections that transfer feature maps from the encoder to the corresponding decoder
stages (See Figure 6). This design effectively combines low-level spatial details with high-level
semantic information, enabling more accurate segmentation results. Due to its simplicity,
effectiveness, and strong performance in limited-data scenarios, U-Net has become one of the most

widely adopted architectures in biomedical image segmentation.
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Figure 6. Structure of U-Net

Numerous subsequent studies have extended the U-Net framework by incorporating additional

prior knowledge and architectural improvements, such as multi-scale feature fusion, residual
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learning, and attention mechanisms. For example, 3D U-Net [98] replaces all 2D operations in U-
Net with 3D counterparts to better handle volumetric medical image segmentation. However, the
original U-Net directly concatenates encoder and decoder features through skip connections, which
may introduce semantic discrepancies between low-level and high-level representations and
potentially limit segmentation performance. To address this issue, UNet++ [99] redesigns the skip
pathways with nested and dense skip connections to better exploit multi-scale features and reduce
the semantic gap between encoder and decoder representations. Furthermore, UNet 3+ [100]
introduces full-scale skip connections to aggregate semantic information from multiple feature
scales more comprehensively. More recently, nnU-Net [101], built upon the U-Net framework,
demonstrated that automatically configuring preprocessing, network architecture, training strategies,
and post-processing pipelines for different datasets can achieve highly robust and generalizable

segmentation performance across diverse medical imaging tasks.
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Figure 7. Structure of DeepLabv3+
In addition to the rapid development of U-Net-based architectures for medical image
segmentation, several seminal methods have also been proposed for natural image segmentation.
Among them, the DeepLab series [102-105] introduced dilated (atrous) convolutions to effectively
enlarge the receptive field while preserving spatial resolution. In particular, DeepLabv3+ (see Figure

7) combines an encoder—decoder architecture with Atrous Spatial Pyramid Pooling (ASPP) and
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depthwise separable convolutions, leading to significant improvements in segmentation accuracy
and computational efficiency. Similarly, PSPNet [106] employs a pyramid pooling module to
capture contextual information at multiple spatial scales, thereby enhancing scene understanding.
HRNet [107], in contrast, maintains high-resolution representations throughout the entire network
and performs repeated multi-scale feature fusion in parallel branches, enabling more precise spatial

representation learning.
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Figure 8. Comparison structure of Non-local block and Criss-Cross Attention block

While methods such as dilated convolutions and pyramid pooling primarily exploit multi-scale
contextual information, another line of research focuses on attention mechanisms to model long-
range dependencies and contextual relationships. For example, DANet [108] introduces both
position attention and channel attention modules to capture spatial and channel-wise contextual
dependencies, respectively. Furthermore, Non-Local Networks [109] and CCNet [110] (see Figure
8) leverage self-attention mechanisms to model global contextual interactions, effectively
addressing the inherent locality limitation of convolutional operations.

Apart from convolutional neural network (CNN)-based or CNN with attention modules
approaches, several representative Transformer-based methods have also been proposed for image

segmentation, including SETR [111], Pyramid Vision Transformer (PVT) [112], SwinUNETR [113],
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and SegFormer [114]. These methods exploit the strong global modeling capability of Vision
Transformers while incorporating multi-scale feature representations to improve segmentation
performance. In particular, SETR formulates semantic segmentation as a sequence-to-sequence
prediction task using pure Transformers, demonstrating the potential of Transformer architectures
for dense prediction tasks.

More recently, the Segment Anything Model (SAM) [115] has emerged as a foundational
model for image segmentation due to its remarkable segmentation capability and strong
generalization across diverse domains. Owing to its powerful zero-shot and promptable
segmentation abilities, SAM has attracted increasing attention in medical imaging applications [116-
118], where it has been adapted for various tasks such as organ segmentation, lesion delineation,
and interactive medical image analysis.

In summary, image segmentation methods have evolved from conventional CNN-based
architectures to more advanced Transformer-based and foundation model-based frameworks, with
continuous improvements in contextual modeling, multi-scale representation learning, and
generalization capability. In Table 3, we list ten fundamental neural network architectures for image
classification, semantic segmentation, object detection and image super-resolution. Beyond the
overall macro network paradigms tailored for distinct vision tasks, many performances gains stem
from carefully crafted intermediate building blocks. In the next section, we turn our focus to the
design principles of effective sub-modules for feature learning, and dissect representative
components that empower powerful multi-scale modeling, attention mechanisms, and local-global
feature aggregation in deep vision models.

Table 3. Representative seminal neural architectures for computer vision tasks.

Model Year Main contribution
Demonstrated that deeper CNNs with small
convolution kernels (3%3) significantly improve Image classification, feature
vee representation learning while maintaining a simple extraction
architecture.
Introduced residual learning through skip Image classification,
ResNet connections, enabling the effective training of very detection, segmentation,
deep neural networks. vision backbone
Proposed inverted residual blocks with linear Mobile vision, edge Al, real-
MobileNetV2
bottlenecks for lightweight and efficient mobile time inference
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Model

Year

Main contribution

vision models.

Encoder—decoder architecture with skip

U-Net /nnU- | connections for precise dense prediction; nnU-Net o )
. . . Medical image segmentation
Net provides a self-configuring framework for medical
image segmentation.
Combines atrous convolution and atrous spatial
DeepLabv3+ | pyramid pooling (ASPP) with an encoder—decoder Semantic segmentation
framework for multi-scale semantic segmentation.
Introduced adversarial learning through generator— o
o - o Image generation, image
GAN discriminator competition for realistic image ) i
) translation, super-resolution
synthesis.
Latent diffusion model enabling high-quality and o
Stable ) ) ) Image synthesis, image
computationally efficient text-to-image - i
Diffusion ) editing, content generation
generation.
Extended Faster R-CNN by adding a parallel mask Instance segmentation,
Mask R-CNN

prediction branch for instance segmentation.

object detection

YOLO Series

Established the one-stage detection paradigm for
real-time object detection with successive

improvements in speed and accuracy.

Real-time object detection

SAM

Foundation segmentation model trained on over
one billion masks, enabling promptable and zero-

shot image segmentation.

General-purpose
segmentation, interactive
annotation, vision foundation

models

3. Principles of effective sub-modules for feature learning

3.1. Multiscale features extraction and fusion

Multi-scale (or multi-resolution) analysis has been widely adopted for feature extraction and

feature fusion, with a long developmental history spanning from the era of handcrafted feature

engineering to modern deep learning—based approaches. Classical handcrafted methods, such as the

Scale-Invariant Feature Transform (SIFT) [119], employed Gaussian scale-space representations to

achieve scale-invariant feature extraction, while multi-scale sparse representation frameworks

further enhanced feature robustness across varying resolutions [120]. In deep learning, multi-scale

analysis facilitates the learning of discriminative and scale-invariant representations by capturing

complementary information from different spatial resolutions.
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Image pyramids and feature pyramids are among the most widely adopted paradigms for multi-
scale feature extraction. In early convolutional neural networks (CNNs), such as LeNet [121] and
AlexNet [54], pooling operations were introduced to progressively reduce spatial resolution, thereby
enabling the extraction of high-level semantic features for image classification tasks. Subsequently,
SPP-Net [122] proposed a spatial pyramid pooling layer that aggregates multi-scale features through
pooling operations with different grids and strides (see Figure 9). This design eliminates the
constraint of fixed input resolutions, boosts the network’s robustness against object deformations,

and mitigates overfitting, thereby achieving better recognition performance.
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Figure 9. Architecture of SPP-Net
In object detection, the introduction of the Feature Pyramid Network (FPN) [132] marked a
major advancement in multi-scale representation learning. FPN constructs a top-down feature fusion
pathway with lateral connections, effectively combining high-resolution low-level features with
semantically rich high-level features. This architecture significantly improves the detection of
objects at different scales, particularly small objects, and has subsequently become a fundamental
component in numerous modern detection frameworks, For example, YOLOV6 (see Figure 10) [89]

incorporates the Cross Stage Partial (CSP) block [123], which adopts both top-down and bottom-up
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feature fusion pathways to facilitate more effective information propagation and feature interaction
across different resolutions. Specifically, high-level semantic features from low-resolution layers
are fused with spatially detailed features from high-resolution layers, thereby improving feature
representation capability while reducing computational redundancy. In EfficientDet [124], the
importance of multi-scale feature fusion was further emphasized through the introduction of the
weighted bidirectional feature pyramid network (BiFPN, see Figure 11). Unlike conventional FPN
or CSP-based fusion approaches that directly perform feature summation across scales while
implicitly assuming equal feature importance, BiFPN introduces learnable weights to adaptively
model the contributions of features at different resolutions. By repeatedly performing both top-down
and bottom-up bidirectional feature fusion, BiFPN achieves more efficient multi-scale information
integration and significantly improves the trade-off between detection accuracy and computational

efficiency.
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Figure 11. Comparison of classic multi-scale feature fusion modules: (a) FPN, (b) PANet, (c)
NAS-FPN, and (d) BiFPN. P3—P7 represent multi-scale pyramid features from the backbone. FPN
adopts top-down fusion; PANet introduces an extra bottom-up path; NAS-FPN uses NAS-
discovered cross-scale connections; BiFPN implements bidirectional weighted feature fusion.

Following the principle of multi-scale feature extraction and fusion, numerous studies have
been proposed for image segmentation. In HRNet [107], multi-scale features from different CNN
stages are gradually increased and fused in parallel, enabling high-resolution representations to be

maintained throughout the entire network. Unlike backbones such as ResNet or VGG, which
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progressively discard high-resolution information through repeated pooling operations, HRNet
continuously exchanges information across high- and low-resolution branches. This design has
demonstrated strong effectiveness in dense prediction tasks such as semantic segmentation.
Similarly, UNet++ [99] adopts the spirit of multi-scale feature learning and fusion with skip
connections, enabling multi-scale feature aggregation between the encoder and decoder in an

ensemble-like manner.

Figure 12. Architecture of UNet++

Different from HRNet and UNet++, which redesign multi-scale representation learning at the
architectural level, several studies have revisited multi-scale feature extraction from a module-level
perspective. For example, Res2Net [135] introduces a residual-like building block that performs
hierarchical feature splitting and fusion within a single module, thereby enhancing the receptive
field and enabling finer-grained multi-scale representation learning. Following similar principles, a
variety of lightweight and plug-and-play modules have also been proposed to improve multi-scale
feature representation while maintaining computational efficiency, such as PSPNet [106], SegNeXt

[125], EfficientViT [126] and DeepLab [102].
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Figure 13. Residual-like building block of Res2Net. This block captures multi-scale visual information
by partitioning feature maps into multiple parallel branches and conducting sequential convolutions to

build hierarchical feature representations.

In summary, multi-scale feature processing has become an effective and widely adopted
strategy in computer vision, as it enables models to capture high-level semantic information while
simultaneously preserving fine-grained feature representations. Such capability is particularly
important for dense prediction tasks, including image segmentation, where objects and structures
may appear at substantially different scales. However, the integration and fusion of multi-scale
features often introduce additional computational and memory overhead. Therefore, achieving an
appropriate balance between segmentation accuracy and computational efficiency remains an

important and ongoing research topic in multi-scale feature learning.

3.2. Attention mechanism

Similar to the human visual system, which naturally focuses more on salient objects and
regions of interest, attention mechanisms have been introduced to guide deep learning models
toward informative features while suppressing irrelevant background information. For example,
Attention U-Net [127] incorporates a series of attention gates to suppress unimportant regions and
highlight contextual information related to target structures during segmentation. Extensive studies
have demonstrated both its effectiveness and interpretability of attention mechanism, as the
visualization of attention maps provides intuitive insights into how the network emphasizes different

spatial regions [92, 128, 129]. In this way, attention mechanisms can help models learn more
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discriminative representations associated with target objects.

Generally, attention mechanisms can be categorized into three main types: channel attention,
spatial attention (with or without channel interaction), and self-attention. Channel attention aims to
assign adaptive importance weights to different feature channels. For instance, SENet [130]
proposed the “Squeeze-and-Excitation” (SE) block, which models inter-channel dependencies and
recalibrates channel-wise feature responses. Specifically, the SE block first performs spatial
dimension reduction using global average pooling (the squeeze operation). The resulting channel
descriptors are then passed through two fully connected layers with a Rectified Linear Unit
activation function to capture channel-wise dependencies and generate adaptive weights. Finally,
the learned channel-wise weights are multiplied with the corresponding feature maps to enhance
informative channels while suppressing less relevant ones. Following the same spirit, ECA-Net [131]
proposed a lightweight and efficient channel attention mechanism that avoids dimensionality
reduction while capturing local cross-channel interactions. FcaNet [132] introduced frequency
channel attention by incorporating frequency-domain information into channel representation
learning, further enhancing the discriminative capability of channel attention mechanisms. SKNet
[133] employs multiple convolutional branches with different kernel sizes to capture multi-scale
contextual information and adaptively learns channel attention weights for each branch before
feature fusion. This dynamic selection mechanism enables the network to effectively integrate
multi-scale representations, thereby enhancing the discriminative power and representational

capability of the learned features.
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Different from channel attention, which learns a one-dimensional channel-wise weighting
vector to model the importance of individual feature channels, spatial attention aims to generate a
two-dimensional spatial weighting map that emphasizes informative or target regions while
suppressing irrelevant background responses. Spatial attention is often combined with channel
attention to jointly exploit complementary channel-wise and spatial contextual information, thereby
enhancing the representational capacity and discriminative power of learned features.
Representative studies in this direction include BAM [134], CBAM [135], and GSoP [136]. Among
them, CBAM (see Figure 14) sequentially applies channel attention and spatial attention to
intermediate feature maps, enabling the network to adaptively identify both the most discriminative
feature channels and the most salient spatial regions. Owing to its lightweight and plug-and-play
design, CBAM can be readily integrated into existing CNN architectures to refine feature
representations with minimal computational overhead. Overall, these spatial attention mechanisms
enhance feature learning by modeling spatial dependencies and selectively emphasizing
semantically important regions, thereby improving the discriminative capability of deep feature

maps.
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Figure 15. Comparison of classic attention mechanisms: (a) SE module for channel feature

recalibration; (b) CBAM, combining sequential channel and spatial attention; (c) Self-Attention,

modeling long-range dependencies with query-key-value computation.
In terms of self-attention, it calculates pairwise similarities across all elements in feature maps
via the dot product of query and key matrices (See Figure 15). This mechanism empowers the model

to capture long-range dependencies and contextual correlations, rendering self-attention highly
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effective for tasks that demand thorough contextual reasoning. As a representative exploration of
self-attention in computer vision, Non-local Neural Networks [137] introduce a universal non-local
block (self-attention-based) to capture long-range dependencies from images and videos. This
module can be flexibly embedded into conventional CNN or RNN architectures to aggregate global
contextual information from sequential feature representations for diverse vision tasks, including
video classification and object detection. Nevertheless, the exhaustive pairwise similarity
calculation across all spatial locations leads to substantial computational overhead. Specifically,
computing full spatial attention for every pixel generates an attention map of size hw x hw (suppose
the spatial feature map size is h by w), resulting in quadratic computational complexity that severely
limits scalability. To alleviate this limitation, non-local blocks are often combined with local
convolutional operations or feature downsampling strategies to reduce spatial resolution before
attention computation, thereby lowering computational complexity at the expense of fine-grained
global modeling capability. To further improve efficiency, CCNet [110] proposes a criss-cross
attention mechanism that captures contextual information along the horizontal and vertical
directions for each pixel. By recurrently propagating criss-cross attention, the network effectively
aggregates global contextual dependencies while reducing the computational cost by approximately
85% compared with the original non-local block, achieving a more favorable balance between
efficiency and representational power. Despite its high efficiency in contextual aggregation, CCNet
is inherently built upon CNN-based architectures, which inevitably limits its ability to model long-
range and complex semantic relationships.

Unlike previous methods such as Non-Local Networks and CCNet, which integrate self-
attention modules into convolutional networks, the Vision Transformer (ViT) [128] employs a pure
transformer architecture based entirely on self-attention. It demonstrated that such an architecture
can achieve performance comparable to or exceeding that of state-of-the-art CNN-based models,
especially when trained on large-scale datasets. Specifically, ViT partitions an input image into
fixed-size patches (e.g., 16x16 grids) and treats each patch as a visual token, similar to words within
a sentence. Each patch is then flattened and projected into a latent embedding through a linear
projection layer. Positional embeddings are added to preserve spatial information, and the resulting
token sequence is processed by a stack of Transformer encoders, where global dependencies among

all patches are modeled through multi-head self-attention. Following the success of ViT, a series of
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transformer-based vision models have been proposed [138]. By leveraging self-attention, these
models effectively capture long-range dependencies and learn highly representative feature
embeddings. However, compared with CNNs, they lack strong inductive biases, such as locality and
translation equivariance, making them more dependent on large-scale training data. To alleviate this
limitation, self-supervised pre-training approaches, such as DINOv3 and MAE, have been
developed and have demonstrated that pre-trained ViT models can serve as powerful feature

extractors for a wide range of downstream tasks, including object detection and image segmentation.

3.3. Local and global feature leaning based on Convolution and Transformer

The preceding sub-sections have discussed multi-scale feature extraction and attention
mechanisms for learning representative feature embeddings. Among them, transformer-based
models have demonstrated remarkable representation capability, particularly when pretrained on
large-scale datasets. However, their computational complexity grows rapidly with the number of
tokens, as self-attention requires pairwise interactions between queries and keys, followed by
feature aggregation through fully connected layers (see Figure 16). Consequently, the computational
and memory costs become prohibitive for high-resolution images. Moreover, the limited inductive
biases of transformers make them heavily reliant on large-scale training data, which is often
unavailable in many practical applications, such as autonomous driving and medical image analysis

[46, 48].
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Figure 16. Illustration of ViT. Source: reproduced from [128]

To address these limitations, an effective strategy is to incorporate locality as an inductive bias
into the transformer architecture for computer vision. A representative example is the Swin
Transformer (SwinT) [65]. Unlike ViT, which partitions an image into non-overlapping patches and
performs global self-attention across all patches, SwinT restricts self-attention computation to local
windows, substantially reducing computational complexity while preserving local structural
information. To facilitate information exchange across neighboring windows, a shifted window
mechanism is introduced, enabling cross-window interactions without incurring the cost of global
attention (see Figure 17). Furthermore, SwinT adopts a hierarchical architecture in which feature
maps are progressively downsampled through multiple stages, producing multi-scale feature
representations that are well suited for downstream vision tasks such as detection and segmentation.

Following this line of research, numerous variants of the Swin Transformer have been proposed
for different applications. For example, Swin Transformer V2 [139] scales model capacity and input
resolution to improve representation learning, Video Swin Transformer [ 140] adapts the architecture
for video recognition by balancing the trade-off between accuracy and efficiency, SparseSwin
introduces sparse transformer blocks with a limited number of latent tokens to further reduce
computational cost, and Swin-Unet [141] integrates Swin Transformer blocks into the U-Net
architecture for medical image segmentation. Collectively, these works incorporate locality into
quasi-global self-attention to achieve a better balance between computational efficiency, data

efficiency, and model performance.
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Figure 17. Comparison between ViT and Swin Transformer. ViT performs global self-attention on
all image patches, while Swin Transformer implements hierarchical windowed self-attention with
shifted windows to capture both local and long-range dependencies at lower computational cost.

Aside from Swin Transformer variants that introduce local modeling via fixed-size windows,
another prominent research direction focuses on unifying convolutional and Transformer modules
within a single architecture. This hybrid design jointly captures local and global dependencies,
striking a favorable balance between segmentation accuracy and computational efficiency. A
representative example is LeViT [142], which first employs convolutional layers to generate feature
maps with a 16x reduced spatial resolution and subsequently applies a lightweight transformer
module, where the query features are spatially subsampled, to model global context. By performing
self-attention on low-resolution feature maps, LeViT significantly reduces the computational
overhead associated with conventional transformers. Building upon this backbone, LeViT-UNet [63]
incorporates multi-stage transformer blocks into a U-Net architecture and fuses multi-scale
transformer features with convolutional representations in the decoder, enabling effective
integration of global contextual information and local spatial details for medical image segmentation.
Other representative architectures, including TransUNet [143], Mobile-Former [144], and
MobileViT [145], follow a similar hybrid paradigm by coupling convolution and transformer
modules in either serial, parallel or alternative configurations. These hybrid designs exploit the
strong inductive biases of convolutional networks while leveraging the long-range modeling
capability of self-attention, thereby improving computational efficiency and reducing the

dependence on large-scale annotated datasets compared with pure transformer-based models.
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3.4. Ten effective feature learning methods

The preceding sections have reviewed representative approaches to discriminative feature
learning from several complementary perspectives, including multi-scale representation, receptive-
field expansion, adaptive feature extraction, attention mechanisms, and local-global feature
interaction. Building upon these developments, Table 4 summarizes ten representative strategies
that have been widely adopted to enhance feature discriminability in deep neural networks. These
strategies capture several fundamental design principles of modern vision architectures, including
multi-scale modeling, contextual information aggregation, adaptive spatial sampling,
computationally efficient feature extraction, information propagation, attention-based feature
reweighting, global dependency modeling, and multi-level supervision. Together, they provide a
concise taxonomy of commonly used mechanisms for learning more discriminative and robust
visual representations.

Table 4. the effective methods for discriminative features learning

Strategy Description Representative works

Constructs hierarchical feature

Multi-scale Pyramid representations at multiple spatial
) ) ) FPN; PSPNet; HRNet
Representation resolutions to capture objects and structures

with different scales and receptive fields.

Employs parallel convolutional branches

Multi-branch with different kernel sizes or receptive fields Inception/GoogLeNet;

Convolution to capture complementary spatial patterns Inception-v2/v3

and contextual information.

Expands the receptive field by introducing

) ) gaps between convolutional kernel elements )
Dilated Convolution DilatedNet; DeepLab

while preserving spatial resolution, enabling

efficient contextual modeling.

Dynamically learns spatial offsets for

Deformable convolutional sampling locations, allowing Deformable ConvNets;
Convolution the receptive field to adapt to object Deformable ConvNets v2
geometry and irregular structures.
Factorizes standard convolution into
Depthwise depthwise and pointwise operations,
Separable substantially reducing computational Xception; MobileNet
Convolution complexity while retaining effective spatial

feature extraction.
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Strategy Description Representative works

Facilitates information and gradient

) ) propagation by directly connecting shallow
Residual/Skip ) ) )
) and deep representations, enabling effective ResNet; U-Net; DenseNet
Connection
feature reuse and mitigating degradation

during deep network optimization.

Learns channel-wise importance weights to
Channel Attention emphasize informative feature channels and SENet; ECA-Net; CBAM

suppress less relevant responses.

Learns spatially varying attention maps to
) ) selectively emphasize informative regions
Spatial Attention ) CBAM; BAM; DANet
and suppress irrelevant background

responses.

Explicitly models long-range dependencies
by computing interactions between distant Non-local Networks; ViT;
Self-Attention ) - ) )
spatial positions or tokens, enabling global Swin Transformer

contextual representation.

Introduces auxiliary supervision at

intermediate network layers or decoder DSN; U-Net++; deeply
Multi-level - L )
) stages to provide additional optimization supervised segmentation
Supervision
signals and encourage discriminative networks

representations at multiple levels.

4. Strategies for constructing high-performance deep neural networks

In the preceding sections, we reviewed representative studies across various computer vision
tasks and discussed different strategies for feature learning in deep neural networks (DNNs). Based
on these developments, this section summarizes several general principles for designing effective

neural network architectures for computer vision.

4.1. Residual learning or Skip Connection

Residual learning has become one of the fundamental design principles in image processing,
with its origins tracing back to classical image processing methods [146] and its widespread
adoption in modern deep learning architectures [52]. In particular, ResNet [58] introduced residual
connections through identity skip pathways, enabling networks to learn residual mappings instead
of direct transformations. This simple yet effective design significantly alleviates the optimization

difficulties associated with training very deep networks by facilitating gradient propagation and
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mitigating performance degradation as network depth increases. Owing to its effectiveness, residual
learning has evolved into a standard architectural component, serving as a cornerstone not only in
CNN-based models such as SENet [130], ResNeXt [147], and ConvNeXt [62], but also in
transformer-based architectures like ViT [128], SwinT [65], and DETR [92], where residual
connections are extensively employed to stabilize training and improve representation learning.

In our previous survey [52], we systematically reviewed the evolution of residual learning in
deep neural networks, covering the diverse forms of skip connections employed across modern
neural architectures. In general, residual learning has evolved beyond its vanilla ResNet, and has
been integrated into a variety of architectural designs. First, it is widely combined with bottleneck
structures, where the intermediate feature dimensions differ from those of the input and output,
enabling lightweight and efficient network design, as exemplified by MobileNetV2 [67] and
MobileNeXt [148]. Second, residual connections play a crucial role in multi-scale feature
propagation and fusion, facilitating information exchange across different resolutions in
architectures such as FCN [96] and Res2Net [135]. Third, they are extensively incorporated into
multi-branch architectures, allowing complementary feature representations to be learned within a
single residual block, as demonstrated by Inception-v4 [60] and ResNeXt [61]. Finally, residual
learning has been naturally integrated with attention mechanisms to improve feature representation
and optimization stability, as evidenced by recent architectures such as SegNeXt [125] and ViT
[128]. These developments highlight the versatility of residual learning as a fundamental design
principle that enhances feature representation, optimization efficiency, and architectural flexibility

across both convolutional and transformer-based networks.

4.2. Prior knowledge into computer vision

Prior knowledge provides valuable inductive biases that guide model optimization and improve
generalization by introducing additional constraints or regularization during training. In general,
prior knowledge can be incorporated into deep neural networks through two primary strategies: (1)
objective function design and (2) feature normalization or representation learning.

(1). Objective-Function Design
Integrating prior knowledge into the objective function is one of the most direct and effective

approaches, as it explicitly influences the optimization process. A common strategy is to assign
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class-specific weights in the cross-entropy loss according to the class distribution in the training set,
thereby alleviating the adverse effects of severe class imbalance [149]. Beyond static weighting
schemes, adaptive loss functions have been developed to further emphasize informative training
samples. A representative example is Focal Loss (FL) [150], originally proposed for RetinaNet to
address the severe easy and hard object class imbalance encountered in dense object detection. Focal
Loss extends the standard cross-entropy loss with a modulating factor that dynamically attenuates
the loss weights of easily classified samples and elevates the contribution of hard, misclassified
instances. Consequently, the optimization process focuses more on informative samples, leading to
improved detection performance. Building upon this idea, Generalized Focal Loss (GFL) [151]
further extends the discrete formulation of Focal Loss to continuous probability distributions,
enabling the joint optimization of classification confidence and localization quality within a unified
framework.

For metric learning tasks, the core optimization target is to shrink feature distances within
identical categories while enlarging inter-class feature discrepancies. Triplet loss [152], originally
proposed within FaceNet for face recognition and clustering, fulfills this objective by constraining
embedding space distances during training. It constructs a triplet unit consisting of one anchor
sample, one positive sample sharing the identical label as the anchor, and one negative sample from
a distinct category. Explicitly taking the anchor as a reference, the loss enforces embeddings of
homogeneous samples to cluster tightly and pushes embeddings of heterogeneous samples far apart
in latent space. Compared with pairwise contrastive loss (two-sample loss) that merely computes
mean squared error between two individual embeddings, triplet loss exhibits stronger capability to
capture fine-grained inter-sample distinctions. It has inspired abundant follow-up research across
numerous vision tasks, including person re-identification, content-based image retrieval, and few-

shot classification.

Luipter = S0y max (1 (@) = F@IZ = £ (@) = FI13 +m, 0) )

In image segmentation, conventional pixel-wise optimization based on cross-entropy loss
treats each pixel independently and fails to explicitly account for the spatial structure, shape, and
regional continuity of target objects. Moreover, the severe imbalance between foreground and

background pixels often biases the optimization toward the dominant class, particularly in medical
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image segmentation. To address these limitations, region-based and boundary-aware loss functions
have been proposed to incorporate higher-level structural priors into the optimization process.
Representative examples include Dice Loss, which directly maximizes region overlap and
effectively alleviates class imbalance, and Boundary Loss [153], which explicitly constrains contour
alignment to improve boundary delineation. In addition, numerous hybrid loss functions have been
developed by combining pixel-wise, region-based, and boundary-aware objectives, enabling models
to jointly optimize semantic consistency, shape preservation, and contour accuracy for more robust
segmentation performance.

In addition, various forms of prior knowledge, such as sparsity constraints, feature fidelity,
low-rank or subspace representations, and structural regularization, have inspired the development
of numerous optimization objectives. Representative examples include sparse regularization,
feature reconstruction losses, perceptual losses, low-rank constraints, and manifold-preserving
objectives, all of which explicitly encode domain-specific priors into the learning process. By
guiding optimization toward more meaningful and physically plausible solutions, these
regularization strategies improve feature representation, enhance model generalization, and increase
robustness, particularly in scenarios with limited or noisy training data. Collectively, these studies
demonstrate that incorporating task-specific prior knowledge into the objective function is an
effective strategy for improving optimization and enhancing model performance.

Beyond the above-mentioned families, diverse prior assumptions—encompassing sparsity
constraints, feature fidelity requirements, low-rank (subspace structure), and topological
regularization—have spawned a rich repertoire of optimization objectives. Representative examples
include sparse regularization terms, feature-reconstruction losses, perceptual losses, low-rank
penalties, and manifold-preserving objectives, all of which bake domain-specific inductive priors
into the training loop. By biasing optimization toward semantically meaningful and physically
plausible solutions, these regularizers refine feature representations, elevate generalization capacity,
and strengthen model robustness, especially under regimes characterized by scarce or noisy training
annotations. Taken together, existing literature corroborates that integrating task-aware prior
knowledge into loss-function design represents a powerful instrument for stabilizing optimization
and elevating downstream model performance.

(2) Normalization and Representation Learning
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A second major strategy for incorporating prior knowledge is to regulate the statistical
properties and structural characteristics of intermediate feature representations. Normalization
techniques were initially developed primarily to stabilize and accelerate network optimization, but
they can also be interpreted as imposing implicit priors on feature distributions. By controlling the
mean, variance, or other statistical properties of intermediate activations, normalization reduces
undesirable distributional variations and facilitates more stable gradient propagation.

Batch Normalization (BN) [154] is one of the most influential normalization techniques and
normalizes feature activations using statistics estimated from a mini-batch. By reducing internal
distributional variation and improving the conditioning of the optimization problem, BN enables
the use of larger learning rates and generally accelerates convergence. However, its reliance on
batch-level statistics makes its effectiveness sensitive to batch size and data distribution. This
limitation is particularly relevant in applications such as high-resolution medical image
segmentation, where GPU memory constraints often necessitate small batch sizes.

To alleviate the dependence on batch statistics, Layer Normalization (LN) [155] normalizes
activations across the feature dimension of individual samples rather than across a mini-batch. LN
is therefore independent of batch size and has become a fundamental component of Transformer
architectures. In contrast, Instance Normalization (IN) [156] computes normalization statistics
independently for each sample and channel, making it particularly suitable for tasks in which
instance-specific appearance variations should be suppressed. IN has consequently been widely
adopted in image generation, style transfer, and domain adaptation. Group Normalization (GN) [157]
provides an intermediate formulation by dividing channels into groups and computing
normalization statistics within each group. Unlike BN, GN remains effective under small-batch
training and has therefore been widely used in dense prediction tasks, including object detection and
medical image segmentation. More broadly, normalization strategies can be viewed as mechanisms
for introducing assumptions regarding the desirable statistical structure of learned representations.
Different normalization schemes impose different invariances and retain or suppress different forms
of information. Consequently, the choice of normalization is not merely an implementation detail
but can influence the representation capacity, optimization stability, domain robustness, and task-
specific information preserved by the network.

Beyond conventional normalization, representation learning with prior knowledge provides
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another means by explicitly encouraging learned features to exhibit desirable properties. Examples
include feature reconstruction, prototype-based representation learning, contrastive objectives,
disentangled representations, and domain-invariant feature learning. These approaches impose
constraints on the latent representation space so that semantically related samples exhibit consistent
representations while irrelevant variations are suppressed. In this sense, representation-level priors
complement objective-level priors: rather than modifying only the final optimization criterion, they
directly regulate the intermediate representations from which predictions are generated.

Overall, objective-function design and normalization/representation learning provide two
complementary mechanisms for incorporating prior knowledge into deep neural networks. The
former primarily constrains what constitutes an optimal solution, whereas the latter regulates how
information is represented and propagated throughout the network. This distinction has motivated
increasingly sophisticated optimization frameworks that integrate task-specific priors at multiple
levels, ranging from the loss function and feature distribution to the network architecture and learned

latent space.

4.3. Contrast-Based Deep Learning and Cross-Modal Representation Alignment

Contrastive learning has emerged as a fundamental paradigm for representation learning,
particularly in the development of self-supervised and multimodal foundation models. Its central
principle is to learn an embedding space in which semantically related samples are encouraged to
exhibit similar representations, whereas unrelated samples are separated. Unlike conventional
supervised learning, which directly maps an input to a predefined class label, contrastive objectives
exploit relationships among samples, views, or modalities as the primary source of supervision. This
property enables representation learning from large collections of unlabeled or weakly labeled data
and facilitates knowledge transfer across downstream tasks and domains [158, 159].

A major branch of contrastive learning is instance-level and class-level discriminative
representation learning, in which positive and negative relationships are explicitly constructed.
Early Siamese architectures demonstrated that paired inputs could be embedded into a metric space
by optimizing their similarity or dissimilarity, providing an important foundation for subsequent
metric and contrastive learning approaches [160]. More recently, self-supervised methods have

substantially advanced this paradigm. SimCLR constructs positive pairs from different augmented
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views of the same image and treats other samples within a mini-batch as negatives, demonstrating
the importance of strong data augmentation, nonlinear projection heads, and sufficiently large
batches [158]. MoCo addresses the requirement for large numbers of negative samples through a
dynamic dictionary implemented using a queue and a momentum-updated encoder, thereby
decoupling the dictionary size from the mini-batch size [159]. These developments established
contrastive learning as an effective mechanism for learning transferable visual representations
without manual annotations. Supervised Contrastive Learning subsequently incorporated class
labels into the contrastive objective, allowing multiple samples from the same class to form positive
sets rather than relying on a single positive pair [161].

The contrastive paradigm has subsequently evolved beyond explicit negative sampling. DINO
formulates self-supervised learning as a form of self-distillation, where a student network is trained
to match the representations produced by a teacher network under different image views [162].
Although DINO does not rely on conventional positive-negative contrastive pairs, it preserves the
broader principle of relational consistency across views. Similarly, Barlow Twins learns invariant
representations by aligning the cross-correlation matrix of two augmented views with the identity
matrix, thereby combining invariance with redundancy reduction without requiring explicit negative
samples [163]. These approaches indicate that modern representation learning increasingly extends
beyond the classical formulation of “pull positives together and push negatives apart” toward a
broader family of comparison- and alignment-based objectives.

A closely related direction is consistency-based learning, which seeks to maintain stable
predictions or representations under perturbations, model updates, or different network branches.
This principle is particularly important in semi-supervised learning, where unlabeled samples
provide supervision through consistency constraints. Mean Teacher, for example, constructs a
teacher model using an exponential moving average of the student parameters and encourages the
student to match the teacher's predictions [164]. In semantic segmentation, UniMatch further
extends weak-to-strong consistency by combining image-level and feature-level perturbations,
demonstrating that consistency across diverse perturbation spaces can effectively exploit unlabeled
images [165]. Although consistency learning does not necessarily employ an explicit contrastive
loss, it shares the fundamental objective of enforcing semantic agreement between multiple views

of the same underlying sample. Consequently, contrastive learning and consistency learning can be



785

786

787

788

789

790

791

792

793

794

795

796

797

798

799

800

801

802

803

804

805

806

807

808

809

810

811

812

813

814

regarded as complementary mechanisms within a broader comparison-based representation-
learning framework.

Contrastive objectives have also become central to cross-modal representation alignment,
particularly for vision-language learning. CLIP demonstrated that large-scale image-text pairs can
be used to learn a shared embedding space by maximizing the correspondence between matched
images and textual descriptions while suppressing mismatched pairs [9]. Trained on approximately
400 million image-text pairs, CLIP showed that language can provide a flexible supervisory signal
for visual representation learning and enable zero-shot transfer to diverse downstream recognition
tasks. Subsequent approaches have increasingly integrated alignment with cross-modal interaction.
ALBEF first aligns visual and textual representations using contrastive learning and subsequently
fuses them through cross-modal attention, while momentum distillation provides additional
supervision for noisy web-scale image-text data [166]. BLIP further combines contrastive learning,
image-text matching, and language modeling within a unified vision-language pre-training
framework, illustrating the transition from pure embedding alignment toward joint multimodal
understanding and generation [167].

The same principle has been extended to modalities beyond image and text. ImageBind learns
a shared embedding space across six modalities, including images, text, audio, depth, thermal
signals, and inertial measurements. Importantly, it demonstrates that complete pairwise supervision
across all modalities is not necessary; image-paired data can serve as a common semantic bridge for
aligning otherwise unpaired modalities [168]. This observation suggests a broader interpretation of
multimodal contrastive learning: rather than merely matching two modalities, the objective can
establish a common representational geometry in which heterogeneous sensory signals become
mutually accessible. Such a formulation is particularly relevant to multimodal foundation models,
where scalable alignment across heterogeneous data sources is increasingly important.

Cross-modal contrastive learning has also become increasingly influential in medical artificial
intelligence, where paired data are substantially more limited and semantically heterogeneous than
web-scale image-text data. GLoRIA introduced global-local contrastive learning between
radiological images and report text, enabling both global image-report alignment and local
correspondence between image regions and textual concepts [169]. MedCLIP further addressed the

scarcity of paired medical image-text datasets by decoupling images and reports and introducing a
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semantic matching objective designed to reduce false negatives caused by clinically similar but
independently acquired samples [170]. These studies illustrate that directly transferring generic
contrastive objectives to specialized domains may be insufficient; domain knowledge, semantic
granularity, and the structure of cross-modal correspondences must also be considered when
constructing positive and negative relationships.

Recent developments have further questioned the necessity of conventional softmax-based
contrastive objectives. SigLIP replaces the globally normalized contrastive loss used by CLIP with
a pairwise sigmoid loss, allowing image-text pairs to be optimized independently and reducing the
dependence on extremely large global batches [171]. This line of research highlights an important
evolution of contrastive learning from a specific loss formulation toward a general principle of
semantic alignment under scalable and heterogeneous supervision. The objective may involve
explicit negative samples, multiple positive samples, self-distillation, redundancy reduction, or
pairwise cross-modal matching, depending on the characteristics of the learning problem.

It is therefore useful to distinguish contrastive learning, consistency learning, and other
comparison-based objectives, rather than treating them as interchangeable concepts. Contrastive
learning explicitly models relative similarity or dissimilarity among representations; consistency
learning emphasizes invariance of predictions or representations under transformations or across
models; adversarial learning instead optimizes a minimax game between competing networks; and
diffusion-based generative learning estimates a denoising or score-matching objective over
progressively corrupted data [172, 173]. Although these paradigms all involve comparisons between
different states of data or models, their optimization principles and statistical interpretations are
fundamentally different. Maintaining this distinction is important for establishing a rigorous
taxonomy of modern deep learning methods.

Overall, contrastive and alignment-based learning have evolved from instance-level
discrimination into a broader framework for learning relationships among samples, views, models,
and modalities. This evolution has contributed to the emergence of self-supervised visual
representation learning, semi-supervised consistency learning, vision-language pre-training, and
multimodal foundation models. The central methodological shift is from learning solely from
explicit labels toward learning from relationships and correspondences embedded in large-scale data.

Future progress is likely to depend not only on designing stronger contrastive objectives, but also
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on constructing more reliable positive and negative relationships, mitigating false negatives and
semantic ambiguity, exploiting domain-specific knowledge, and establishing robust alignment

across increasingly heterogeneous modalities.

5. Discussion and future work

(1). Efficient architecture for DNN

As model scale continues to grow, computational efficiency has become a critical consideration
in the design of modern deep learning systems. Consequently, a series of efficient architectures,
including SqueezeNet [174], ShuffleNet [68], EfficientNet [175], LeViT [75], EdgeViT [71], and
EfficientViT [126], have been proposed to reduce computational and memory overhead. Despite
their different implementations, these methods generally follow several common principles,
including parameter reduction through decomposition and compression, efficient feature
representation, lightweight operator design, and the incorporation of inductive biases to reduce the
cost of global feature modeling. These strategies collectively enable a better trade-off between
model accuracy and computational efficiency. However, most existing approaches are designed for
task-specific and relatively lightweight models. As vision foundation models continue to scale in
size and capability, the principles governing their efficient design remain less well understood, and
a comprehensive theoretical framework for efficiency-oriented foundation model design is still
lacking.

Recent advances in large language models (LLMs) have provided valuable insights into the
development of efficient large-scale models. Representative examples include the DeepSeek series.
DeepSeekMoE [176] adopts a Mixture-of-Experts (MoE) architecture that activates only a subset
of experts for each input token, thereby reducing redundant computation while enabling specialized
knowledge modeling. Building upon this foundation, DeepSeek-V2 [177] introduces Multi-head
Latent Attention (MLA), which employs low-rank representations to compress the key-value cache
into a compact latent space, significantly reducing memory consumption during inference.
Furthermore, DeepSeek-V3 [178] incorporates multi-token prediction to improve training

efficiency and inference throughput. Collectively, these innovations suggest two promising
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principles for efficient foundation model design: sparsity, which reduces computation through
selective activation and modularized representations, and compression, which minimizes memory
and computational costs by learning compact feature representations. These principles may provide
valuable guidance for the development of next-generation efficient vision foundation models.

Recent studies in computer vision have begun to explore these directions. For instance, sparse
attention mechanisms have been proposed to alleviate the quadratic complexity of full self-attention.
A representative example is the bidirectional sparse attention framework in [179], which sparsifies
attention from both the query and key-value perspectives to reduce computational overhead while
preserving global context modeling. Beyond architectural optimization, lightweight adaptation
modules have emerged as an effective strategy for transferring and fine-tuning foundation models.
For example, the Segment Anything Model (SAM) and its variants employ lightweight mask
decoders on top of powerful pre-trained image encoders, enabling efficient adaptation to
downstream segmentation tasks. Similarly, parameter-efficient fine-tuning techniques, such as
adapters and Low-Rank Adaptation (LoRA), allow large vision foundation models to be customized
for domain-specific applications using only a small fraction of trainable parameters. These
developments demonstrate that sparsity and compression are not only practical solutions for
improving computational efficiency but also key design principles for scaling vision foundation
models while maintaining strong representation capabilities.

Looking forward, efficient vision architectures are likely to evolve along two complementary
directions. The first focuses on developing computation-efficient foundation models through
sparsity-aware designs and advanced compression techniques, enabling large-scale models to
achieve strong representation capabilities with substantially reduced computational and memory
requirements. The second aims to build lightweight yet high-performing models that leverage the
knowledge embedded in foundation models through techniques such as knowledge distillation,
quantization, pruning, and parameter-efficient adaptation. By transferring the capabilities of large
foundation models into compact architectures, these approaches can achieve low-latency inference
while maintaining competitive performance. Together, these two directions may play a crucial role

in advancing efficient and scalable computer vision systems for real-world deployment.
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(2). Representative Feature Learning for VLMs

Vision-language models (VLMs) extend visual representation learning by connecting image
content with natural-language semantics, supporting tasks such as image-text retrieval, zero-shot
recognition, and visual question answering. Learning representative features in this setting requires
both semantic alignment across modalities and preservation of the visual evidence needed for
downstream tasks. CLIP [9] established a scalable approach by training image and text encoders
with a contrastive objective that brings matched image-text embeddings together while separating
mismatched pairs. Its ability to recognize categories specified through text demonstrates the
transferability of language-supervised visual features. For generative VLMs, BLIP-2 [180] uses a
lightweight Querying Transformer to bridge frozen image encoders and frozen large language
models, while LLaVA [181] connects a vision encoder to a language model and applies visual
instruction tuning. These developments make the visual encoder, cross-modal connector, and
training objectives central to the quality of multimodal representations.

Despite these advances, strong semantic alignment does not necessarily imply complete visual
understanding. Image-level contrastive objectives can reward recognition of salient concepts
without requiring precise representations of their attributes and relationships. The Attribution,
Relation, and Order (ARO) benchmark [182] demonstrates that evaluated VLMs can struggle with
compositional distinctions even when conventional retrieval performance is strong. For example,
recognizing two objects is insufficient to distinguish which object is above the other. Generative
VLMs also exhibit object hallucination, producing descriptions of objects absent from the image;
the POPE study [183] identifies associations with object frequency and co-occurrence in visual
instructions. These findings motivate a closer examination of whether predictions depend on visual
evidence or learned linguistic associations. They also suggest that scaling the language component
alone cannot be assumed to resolve deficiencies in visual feature extraction and cross-modal
grounding.

A promising research direction is to combine language-aligned semantic features with detailed
visual representations learned through complementary objectives. DINOv3, although a vision-only
model, demonstrates that self-supervised learning can produce transferable features for both image-

level and pixel-level tasks. Cambrian-1 [184] examines different vision encoders and introduces a
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spatially aware connector for integrating high-resolution features into multimodal language models.
Together, these studies motivate investigating how semantic, spatial, and fine-grained information
can be retained during cross-modal fusion. Future models could combine global image-text
alignment with region-word correspondence, dense visual supervision, and self-supervised feature
learning. Composition-aware hard negatives, supported by the findings in [4], can further encourage
discrimination between descriptions containing similar objects but different attributes or relations.
However, combining objectives or encoders may introduce redundant features and conflicting
optimization signals. Determining which information each component contributes, and how to
balance their training, remains an important open problem.

Another key direction is to preserve task-relevant information under limited computation.
High-resolution images and video produce large numbers of visual tokens, while aggressive
compression may discard small objects, spatial relationships, or temporal changes. Building on
compact connectors such as those in BLIP-2 and Cambrian-1, future work could investigate
adaptive feature selection that allocates more tokens to informative regions or frames while retaining
sufficient global context. Its value should be assessed through controlled comparisons of grounding
accuracy, token budgets, and inference cost. Evaluation should also distinguish feature quality from
the contribution of the language decoder: frozen-feature probes, region-level grounding tasks,
compositional tests, and hallucination assessments provide complementary evidence. Testing with
altered images or misleading textual prompts could help establish whether answers respond to
changes in visual evidence, while evaluation across domains would assess transferability. Ultimately,
progress requires representations that remain discriminative and spatially informative after
alignment with language, enabling more reliable visual understanding across tasks and

environments.

(3). World Models for Visual Prediction and Planning

The architecture of world models has evolved from compact visual state reconstruction to latent
dynamics modeling and task-oriented prediction. Early work [185] combined a variational
autoencoder, recurrent dynamics, and a controller to compress observations into a tractable latent
environment. PlaNet [186] extended this design with a recurrent state-space model that explicitly

separates deterministic temporal memory from stochastic latent states, providing a basis for
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predicting uncertain dynamics and planning in latent space. Later approaches reduced the
dependence on visual reconstruction. MuZero [187] learned task-relevant representations and
transition dynamics from rewards, values, and policies, while DreamerV3 [188] used imagined
latent trajectories to jointly support policy and value learning. TD-MPC2 [189] further adopted a
compact decoder-free dynamics model for trajectory optimization. These developments indicate a
clear architectural trend: the world model is gradually shifting from a visual reconstruction module
to a latent transition model in which the representation is shaped by prediction and planning
requirements.

Recent work has further changed the role of the visual encoder within this architecture. V-JEPA
[190] predicts latent video features instead of reconstructing pixels, reducing the need to model
appearance that is difficult to predict and emphasizing spatiotemporal structure. V-JEPA 2 [191]
extends this formulation by introducing action-conditioned prediction, separating general visual
representation learning from dynamics learning based on interaction data. Genie [192] introduces a
latent action space for learning controllable visual transitions, while DIAMOND [193] uses a
diffusion model to generate future observations conditioned on previous observations and actions.
Compared with earlier latent-state models, these architectures place greater emphasis on what
should be predicted and at which representation level, ranging from compact latent states and
features to high-fidelity visual observations. This also reveals an unresolved architectural trade-off.
Strong compression reduces memory and planning costs but can remove small objects or subtle
motion cues, whereas detailed generative models retain more visual information but require
substantially greater computation and may accumulate errors over long rollouts. Thus, progress in
world models is not simply a matter of increasing model size; it increasingly depends on selecting
an appropriate representation and prediction mechanism for the intended planning horizon and task.

Several architectural issues remain open. Current models often rely on a relatively fixed latent
representation, although different spatial regions and temporal events contribute unequally to future
decisions. Hierarchical, object-centric, or adaptive representations could provide a better allocation
of model capacity by retaining important details while compressing redundant information. Long-
horizon prediction also requires more persistent memory and mechanisms for controlling error
accumulation, rather than relying solely on recurrent state updates or short-range temporal

prediction. Another limitation is the gap between predicting observed dynamics and predicting the
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consequences of interventions: passive video provides information about how scenes change, but
does not necessarily identify how particular actions cause those changes. Future architectures
therefore need tighter coupling between visual encoding, action representation, transition modeling,
and uncertainty estimation. Progress should ultimately be assessed not only by reconstruction or
representation quality, but also by long-horizon consistency, action-conditioned prediction accuracy,
planning performance, generalization, and computational cost. These requirements suggest that the
next stage of world-model development will likely focus on more structured and adaptive latent

architectures rather than simply larger visual backbones.

6. Conclusion

In this systematic review, we revisit the two-decade evolutionary trajectory of deep neural
networks for computer vision. We organize major technical breakthroughs into three coherent
dimensions: task-driven network architectures, feature-learning sub-module designs, and
fundamental principles for constructing high-performance models. Representative seminal works
are analyzed concerning their effectiveness, robustness and generalizability across vision tasks.
Apart from retrospective literature consolidation, we also discuss prevailing bottlenecks of current
paradigms and point out potential future research avenues. We hope this survey provides a
comprehensive overview for our peers and those interested in applying deep neural networks in their

fields, offering insights into the significant strides and ongoing challenges in deep learning.
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