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’ Covupectus: A Transformer net (TransF Net) or Transformer neural network (TransF NN) consists

of an attention layer and MLP-NN to carry out Natural Language processing (NLP). The seminal paper
of Ashish Vaswani et al. entitled “Attention is All You Need”, in the year 2017 revolutionised sequence
text data processing. The evolution of architecture of TransF NN, attention mechanism, and

hybridization with other methods, during these few years, brought this paradigm to the fore-front of Data
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Science dealing with Text, numerical time-series, sound (speech), images and video sequence with local
and global inter-dependencies.

Data: Data are many types, viz., Boolean (AND (Conjunction), OR (Disjunction), NOT(Negation) ...),
numerical (integer, floating point), sound (speech), text, image, video, and that from tactile senses
(touch, smell, taste etc.). Real and complex (and quaternion, octonion, ...) belong to real and imaginary
spaces. Depending upon bases of items, tensors (zero, first, second, third order or scalar, vector, matrix,
tensor-of-third-order) are popular. Higher (>3) order tensors are also sometimes called as multi (4-, 5-
,06-) —way-data. Data are also referred as binary, octal, decimal and hexa-decimal with base 2,8,10 and
16 respectively. Inimages pixels for two-dimensional and voxels for 3-dimensional spaces are standard
with black/white, RGB, and grey-colors. An image is also conceived as a culmination of patches.

Text data contain documents, pages, paragraphs, sentences, words and alphabetic characters. Each
datum for example, a word in text, amino-acid in protein, real numerical value in stock market/forex
field (time series), or patch in an image is called a token. The position of token in the sequence and
numerical (embedded) value are the primary input for analysis. A few typical tasks in NLP are
translation of text in one language (English) to another (German or French or ...), summarizing
documents, generation of new stories in text format and so on.

_ The architectures of a few of Transformer neural nets (TransF-NN) documented in this state-of-
knowledge-methods-module for Data2Knowledge transformation are

&£\ Multi-scale Acceleration Feature Fusion (MAFF) Transformer (TMAFF)
&\ Video second-order transformer network (ViSoT)

& DHCT-GAN Transformer (DHCT: Dual-branch Hybrid CNN-Transformer Network, GAN:
generative adversarial network)

&\ Discrete Cosine Transform Network (DCTNet)

&\ Hierarchical Cross-Modal Similarity Search and Transfer (HCMSST)

&\ Enhanced Hybrid of CNN and Transformer Network (EHCTNet)

& Swin Transformer (SwinTrmF)

a Spatial-Temporal Transformer Network (ST-TNet)

JA Hybrid Attention-Dense Connected Transformer (HADT) Networks

&\ Efficient Conv-Transformer (ECTFormer)

& Model architecture of MultiscAle Relational Transformer network (MART)
& Multifractal Spectrum Transformer (MFSTransFormer)

&£ Residual sparse Transformer branch (RSTB) ; {{MSFN Mixed scale FFNN Top C sparse
attention (TCSA)]}

& Parallel pyramidal Transformer [MSD (Multi-Scale Decoder), PPT, (Parallel Processing
Transformer) FM. (Feature Modulation)]

2 SCACD-Net [SCA (Spatial and Channel Attention) CD (Contextual Decoder)]
JA Digital image correlation (DIC) transformer (DICTr)

&8 TC (tea chrysanthemums) ViT

& SF-Hformer (Spatial-Frequency Hybrid Transformer)

& Multi-Patch De-raindrop Transformer for UAV images (MPDT) [contains frequency attention
Transformer block (FATB) and Adaptive Feature Enhancement Module (AFEM)]
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& Swin Transformer-CNN Gait (STCG) Recognition

&\ Histoformer [Dynamic-range Histogram Self-Attention (DHSA) module and the Dual-scale

Gated Feed-Forward]

& DTCN-EFFN-Transformer [DTCN: Deep time (Temporal) convolution network structure
diagram; EFFN (Feed-Forward Networks based on Expansion factor) adds an expansion factor

to the linear layer]
& MDTNet (Multi-Domain Transformer Network)

&\ Enhanced Hierarchical Vision Transformer (EHVT); local geometric transformer; global

semantic transformer

a Progressive alignment and interwoven composition network (PAIC-Net)

a Denoising Adaptive Graph Transformer (DAGT)

& Conformer (Convolution-augmented and confidence estimation network Transformer)

£ MEMAFormer
£ SAPPM

&£\ Multi-Scale Convolutional Prediction Network; Multi-Scale Convolutional PoolFormer block

(MSCPNet)
& MUTtifuSion (MUST) Transformer
&\ Enhanced Downsampling Attention Block (EDAB)
JA Frequency Prompting image restoration (FPro) Method

K@/wwds: Artificial intelligence (Al); Capsule Neural Nets— MLP-
Attention Mechanism-TransFormer Nets—Hybrid TransFormer Networks--

CNN : [C [Computations; Computer; Chemistry, Cell, Cellestial, Cerebrum]

NN [New News; News New; Neural Nets; Nature News; News of Nature;] ]
Fits : [Figure Image Table Script;]
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A Transformer Net 2025-02 |
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TMAFF: Transformer neural network (TNN) with
Multi-scale Acceleration Feature Fusion (MAFF)
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Transformer Net

convolution(kermnel size:1)
CxL depth-wise convolution(kernel size:3)

@ Matrix transpose
& Matrix Multiplication
@ Efementwise Addition

ITransformer
(Improved Transformer)

Table 1 Detailed configuration of the feature map compression and classifier

Laver Type Stride  Kernel size  Padding With BN With dropout Activation
1 Pooling 4 4 Valid True P=0.1 GELU
2 Pooling 4 4 Valid True P=0.1 GELU
3 Pooling 4 4 Valid True P=0.1 GELU
4 Flatten None None None False None None
5 FC None None None False P=0.1 GELU
6 FC None None None False None None
7 Softmax None None None False None None
A Transformer Net 2025-02
Back propagation
True damage
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Workflow of SDD (Structural damage detection) based on
TMAFF

.MU ™ T T ™ .
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Figure 6 Activation function and derivative. (¢) ReLU; (b) ELU; (¢) GELU

Table 4 Configurations of training process

Name Value Description

Batch size 256 The size of the data batch used in training

Initial learning rate 5x10* The initial learning rate for the optimization algorithm

L2 rate 1x107 The weight of L2 regularization

Random seed 2 The seed value used for random number generation

Patience 30 A parameter of early sFomeg. the acceptable duration if the

performance does not increase
The total number of epochs through the entire dataset durin

Total epochs 200 P el :

the training process.

AAA: 66B-Transformers-architectures & Fits 284



| Transformer Net ‘ 2025-01

Second-order Classification Head ff Layer ¥ L

D Class Token
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stage
| stem |

Token Embedding
Architecture. video second-order transformer network (ViSoT)

& ViSoT: It consists of token embedding, ViSoT encoder and second-order classification head.
& The temporal convolutions are added in the stage of token embedding for temporal modeling
from the start.
&  Token shift module and space-time attention as in-placed components are inserted into ViSoT
layers to model temporal relations and spatio-temporal interactions respectively.
& The class tokens combined with second-order aggregated visual tokens are used for
classification

Transformer Net 2025-01
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(a) VIT layer (b) ViSoT layer

Comparison between standard transformer layer in ViT and present temporal-aware ViSoT layer.
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/ Transformer Net 2025-02 ‘
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| Class Token Visual Tokens
(a) Temporal Convolution (b) Token Shift&Space-Time Attention
Two temporal modeling schemes
v (a) Temporal convolution in stage of token embedding.
v (b) Token Shift & Space-Time Attention block (TS_STA) in ViSoT layer.

/ Transformer Net ‘ 2025-01
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(a) 2D demonstration of shift operation (b) 3D rendering of Token Shift

Token shift operation.
v" Only class token is shifted along the temporal axis
v' (a) intuitively shows this operation in 2D space of class token matrix for simplicity that
discards //visual tokens.
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v (b) illustrates such operation from a 3D perspective of one video clip. White rectangle or cube
refers to padding zeros.

X; «NxD
Wy :1x1x1 Wy :1x1x1 Wy, :1x1x1
TxNxC TxNxC TxNxC
TNxC Q TN=C K TNxC vV

1x1x1 Conv

j\?
T xNxD

X
Space—time attention (STA) operation

v Orange boxes indicate 1 X 1 X 1 convolutions.

v" The soft max function acts on every row of similarity matrix. The shape of corresponding
tensors and their proper reshaping are also provided (e.g., 77 XAV X C— 77/ X ().

v" & denotes matrix multiplication, and & denotes element-wise sum.
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Transformer Net 2025-01
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Visualized comparison between ViSoT network and others based on transformers.

v" The four gray circles in the upper right corner serve as references for the size of the parameters
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Transformer Net ‘ 2025-01 ‘

Fig. 8. Visual analysis of ViSoT on the K400 dataset.

Transformer Net 2025-03 ‘ Visual explanation
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Fig. 2. Diagram of the self-attention module and the gradient back-propagated to the

query tensor Q®,
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Fig. 3. Diagram of the extraction process for the attention relevance vector R”, R®
is a general explanations without distinguishing different categories of predictions., The
dashed lines in the diagram represent corresponding relationships.

Transformer Net 2025-03
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Input GradCAM Input RawAtten  Rollout  GradToken
{a) (b)

Fig. 1. Visualizations for the model predictions via running the baselines Grad-
CAM (Selvaraju, Cogswell, Das, Vedantam, Parikh, & Batra, 2020), LRP (Bach et al,,
2015), RawAtten (Clark, Khandelwal, Levy, & Manning, 2019), Rollout (Abnar &
Zuidema, 2020), and the proposed GradToken. (a) GradCAM and LRP fail to highlight
the target regions. (b) Both RawAtten and Rollout cannot discriminate different targets.
In contrast, GradToken can focus on the targets and have better selectivity.

Fig. 1. Visualizations for the model predictions via running the baselines Grad- CAM (Selvaraju,
Cogswell, Das, Vedantam, Parikh, & Batra, 2020), LRP (Bach et al., 2015), RawAtten (Clark,
Khandelwal, Levy, & Manning, 2019), Rollout (Abnar & Zuidema, 2020), and the proposed
GradToken

(a) GradCAM and LRP fail to highlight the target regions.
(b ) Both RawAtten and Rollout cannot discriminate different targets. In contrast, GradToken
can focus on the targets and have better selectivity

~ Transformer Net ‘ 2025-03 ‘
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Framework of gradient-decoupling-based token relevance method (GradToken)

& s-dimensional maps for the convenience of displaying.

7 Transformer Net 2025-03
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Transformer Net ‘ 2025-03 ‘

Qualitative comparison of the single-class visualizations
generated by GradToken and other methods

Transformer Net ‘ 2025-03 ‘

Input GradCAM RawAtten Rollout TransAttrib VIT-CX AGCAM GradToken

- --'-‘..
- -------

(b)

Cow—>

Input GradCAM RawAtten Rollout TransAttrib ViT-CX AGCAM GradToken

Qualitative comparison of the multi-class visualizations
generated by the proposed GradToken and other methods.
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v" The texts above and below the input images indicate the target classes of the visualizations

Transformer Net 2025-03
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Fig. 10. Multi-head relevance integration and distribution of positive and negative
values across different heads. The left side shows the input image and the visualization
maps obtained by using two different multi-head integration schemes. The right side
shows the visualization maps of twelve heads. The numbers in the figure indicate the
head index. Red indicates the positive value and blue indicates the negative value.
Some heads with negative values cause the integrated relevance of the target to tumn
negative in GradToken-i, while having no effect on GradToken-ii.

GradToken-ii

Transformer Net ‘ 2025-04
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Structure of DHCT-GAN
& DHCT: Dual-Branch Hybrid CNN-Transformer Network
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& GAN: generative adversarial network

y

- Transformer Net | 2025-04
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Structure of (a) the generator and (b) the discriminator
TransformerNet B 202505
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Peach disease detection system

%

1 Transformer Net ‘ 2025-05 ‘

" Prediction heads

Affine Transformer
(ADCT+RGEN)

positional
' encoding

Input Image

Structure of DCTNet network

/ Transformer Net 2025-05
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Table 3 The hyperparameters in the training process
Stage Hyperparameter Value
Freeze Freeze epoch 50
Freeze batch size 6
UnFreeze UnFreeze epoch 300
UnFreeze batch size -
General Initial learning rate le—3
Optimizer SGDM
Image Size 368KB
Resolution S125% 512
Table 2 Experimental platform setup
Items Parameters
CPU Intel(R) Core(TM) i9-12900K
GPU NVIDIA GeForce RTX 4080
Operating system Windows 11
Acceleration environment CUDA 12.1
Development Platform Pytorch 1.7.0
Transformer Net ‘ 2025-06 |
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Fig. 1. (a) Architecture of the proposed HCMSST;
& (b)) deep spectral-feature-extraction module (DSPEM);
& (c) deep spatial-feature-extraction module (DSPAM);
& (d) structure of the proposed spectral Transformer (spet);
& (e) structure of the proposed spatial Transformer (SpaT).

®denotes pixel-wise multiplication operation.
Y. Chen et al. ExpertSystemsWithApplications263(2025)125742

2025-06
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Transformer Net 2025-07 ‘

Bi-temporal input images
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Image A Image B | Heatmap |Changemap| Heammap Changemap Heatmap = Changemap | Heatmap Changemap |

r_‘"

Heatmaps and change results of our EHCTNet compared with BIT4 & VcT7

v’ Baseline: feature extraction module of EHCTNet
v Yellow rectangle: presence of missed detections, false detections, and incorrect merging of
adjacent change areas
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Example of network visualization
(a): Bi-temporal input images; (b): Raw multi-scale feature images; (c): First-order feature images;
(d): Semantic pixel maps; (¢): Semantic difference map; (f): Second-order semantic difference map;
(g): Change detection heatmap
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Transformer Net 2025-08
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v" Initial training on the pretext tasks and representation extraction,

v" Finetuning on target tasks using acquired knowledge.
+  Swin Transformer further enhances key point detection performance
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/ Transformer Net ‘ 2025-08
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Network architectures for pretext tasks, face detection, and keypoint detection

o The encoder is connected to fully connected (#1) for classification and parallelly to the decoder
for image inpainting and is trained on these pretext tasks.

o The pre-trained encoder is employed for face detection using fully connected (#2), and for
facial keypoint detection, encoder is utilized alongside fully connected (#3) and Swin
transformer block

~ Transformer Net ‘ 2025-09
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Fig. 1 Overall network architecture,
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CBAM:The spatial compensation attention mechanism of S-TTNet.
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(©
Fig. 7. Comparison results of different SOH estimation algorithms. (a) SOH estimation curves. (b) SOH
estimation errors. (c) SOH statistical errors. (d) Error distribution.
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| Transformer Net ‘ 2025-11
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| Transformer Net 2025-11
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Figure 3: Proposed Shifting operations
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Figure 4: Swin base leafl cyclic shifting

Table 1: Layered description of the proposed model

(None, 56, 56, 128)

Type of Layer Output Vector Configurations
Input Layer (None, 224, 224, 3) Image
VGG Block

Conv2D (3 x 3) (stride-
1), BN, ReLU, MaxPool-
ing2D (2x2) (stride-2)

Inception Block

(None, 56, 56, 512)

Conv2D (diffi-diff kernel
size and stride), BN,
RelLU, MaxPooling2D
(2x2) (stride-1)

Stage 1

(None, 14, 14, 512)

Conv2D (4 x 4) (stride-
4), LayerNormalisa-
tion, W-MSA, MLP,
Proposedshifting-MSA

Stage 2

(None, 7, 7, 512)

LayerNormalisation,
W-MSA, MLP,
Proposedshifting-MSA

Classification
(None, 6)

LayerNormalisation, Avg-
Pooling, Linear
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Figure 5: Proposed leaf random shifting

Table 2: Soybean Real Field Dataset

Description for data col-

lection

Data source location

Subject Information

Type of data Raw data

How data were acquired |Data curation performed with the help of local farmers, ex-
perts, and pathologists using different devices. The Sony Cyber-
shot DSC-300 camera, and smartphones, including the Samsung
Galaxy M31 equipped with a 64-megapixel camera and an Ap-
ple iPhone with a 12-megapixel camera.

Data format The images are in JPEG format with a standard size of 224 x 224

pixels.

The images were captured around 11:30 am. and 3:30 p.m.
during ideal illumination and mild temperatures for data cura-
tion. captured primarily concentrate on the upper regions of
soybean leaves affected by insect infestation, as well as leaves
that exhibit normal, healthy conditions.

Season 1 is collected from Vidisha district, whereas season 2 is
from the guna district of Madhya Pradesh, India.
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Table 4: Accuracy comparison on soybean dataset

Classification Models Accuracy | Precision | Recall F-1 score | Parameters
in Milions
Ghost-convolution enlightened | 0.67 0.68 0.67 0.66 25.39
Transformer (32|
PlantXVIT (33| 0.78 0.80 0.78 0.77 6.40
Convolutionsl Swin Trans- | 0.89 0.90 0.88 0.89 1747
former (27]
Inception convolutional trans- | 0.92 0.96 0.95 0.95 11.16
formers (ICVT) [34)
Former-Leaf [35) 0.74 0.76 0.74 0.74 60.00
Con-Vit (23] 0.73 0.75 0.73 0.75 38.00
RIC-Net (3] 0.88 0.89 0.87 0.58 6.71
MobileNet-V2 [36] 0.80 0.85 0.76 0.80 5.32
MFSwin Trans (28] 0.74 0.75 0.74 0.74 12.00
Proposed 0.84 0.93 0.84 0.02 5.20
2025-12

Transformer Net

AAA: 66B-Transformers-architectures & Fits

315



Algorithm 1 :Proposed Model

1: Input: Dataset

2: Output: Optimal Classification

3: Set Nepochs as Number of Epochs

4: for epoch = 1,2,...,Nepochs do

D:  Set previous state + image pixels position

6: for batch =12,....T do

T Collect z € P(z) size(224,224,3) from dataset to train the model
8: current state + previous state

Y window size « 7x7

10: array b have (224,224) position + 50176

11: n_windows « 1024

12: for window =1,2.,....n_windows do

13: array.c + elements of current window

14: array.b + array_b -array.c

15: arrayd ¢ random 49(7X7) elements from remaining array_b to
16: array_b ¢ arrayb - array_d

IT: array.b + array.b + arrayc

18: end for

19:  end for

20: end for

21: Save model after training
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Table 1: Layered description of the proposed model

Type of Layer

Output Vector

Configurations

Input Layer

(None, 224, 224, 3)

Image

VGG Block

(None, 56, 56, 128)

Conv2D (3 x 3) (stride-
1), BN, ReLU, MaxPool-
ing2D (2x2) (stride-2)

Inception Block

(None, 56, 56, 512)

Conv2D (diff-diff kernel
size and stride), BN,
ReLU, MaxPooling2D
(2x2) (stride-1)

Stage 1

(None, 14, 14, 512)

Conv2D (4 x 4) (stride-
4), LayerNormalisa-
tion, W-MSA, MLP,
Proposedshifting-MSA

Stage 2

(None, 7, 7, 512)

LayerNormalisation,
W-MSA, MLP,
Proposedshifting-MSA

Classification

(None, 6)

LayerNormalisation, Avg-
Pooling, Linear
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Transformer Net ] 2025-14

82

()
4-@’
rmer-x1.5
80 A
_ EdgeNeXt-S

.rllormer-xl.zs

MobileViT-S
78 4
' EdgeViT-XS =
" EfficientNet-B0 EdgeNeXt-S
CTFormer-x1.0 ¥ 2 N
76 1 om
_ConuNext'

v ”m'sbileNethxl_a
- O 6M
O 4aM

(N S

?2 L T v L
15 25 35 45 55 65

Latency on Jetson Nano (ms)

Top-1 Accuracy of ImageNet-1K (%)

Accuracy vs. Latency on ImageNet-1K
v" Orange and blue color: points indicate performances ConvNets and Conv-Transformer hybrid
models
v" Green color: points indicate performances of ECTFormer family
+  ECTFormer outperforms other lightweight networks with respect to the trade-offs
between accuracy and inference speed.
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Graphical illustration of DSA in AttnModule

v' The input tensor is split to query Q and key K in half along the channel dimensions, which
makes prevent an increase in the size of the model parameters.

v" Due to the single-head mechanism, it can effectively alleviate the bottleneck of the attention
operation, specifically the reshape operation, resulting in a reduction in the model’s execution

time

Table 1

Performance comparison of ImageNet-1K.
Models Params (M) FLOPs (G) Size Top-1 (%) Throughput Latency (ms) Acc./ Latency
MobileNetv2-x1.4 [9] 6.4 0.6 2247 74.7 4589.1 23.3 3.2
EfficientNet-BO [32] 53 0.4 2242 771 5845.3 23 is
ConvNeXt' 4.1 0.6 224° 74.9 5586.4 20.7 3.6
MobileViT-8 [17] 56 1.4 256° 78.4 2613.2 55.8 1.4
EdgeNeXt-§ [13] 5.6 1.3 256 79.4 3263.7 47.6 1.7
EdgeNeXt-5" 5.6 1.0 2247 77.3 4207.0 40.6 1.9
EdgeViT-XS [24]) 6.8 1.1 2247 77.5 4551.7 33.8 23
ECTFormer-x1.0 4.4 0.7 247 77.1 6553.5 19.7 3.9
ECTFormer-x1.25 6.7 11 2247 79.0 4919.8 25.6 31
ECTFormer-x1.5 9.6 1.6 2247 80.3 42449 30.0 2.7

AAA: 66B-Transformers-architectures & Fits

* Refers to ConvNeXt-Tiny with reduced channel dimensions and depths for each stage, as described in Section 3.4,
" Denotes the performance trained with the input image sizes of 224 x 224 without multiscale sampler [17] for a fair comparison.
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Traffic light Snorkel|

Cup

Visualization of the activation maps using Grad-CAM between ECTFormer and the other

EdgeNeXt-S

efficient models

EdgeViT-XS

ECTFormer-x1.25

Table 2
Performance comparison on various fine-grained datasets.

Datasets # Classes Models Params (M) Top-1 (%) Top-5 (%) Acc./ Latency
ConvNeXt' 3.8 86.5 97.4 4.2
EfficientNet-BO [32] 4.1 85.8 9.6 3.8

. ) EdgeNeXt-§* 5.3 87.7 9.8 22

Aircraft [46 100

ek 19a) EdgeViT-XS [24] 6.4 88.0 97.5 26
ECTFormer-x1.0 4.1 87.6 97.4 44
ECTFormer-x1.25 6.4 87.9 97.1 3.4
ConvNeXt' 3.8 97.6 99.6 4.7
EfficientNet-BO [32] 4.1 98.4 997 4.4
EdgeNexXt-S* 5.3 97.9 99.8 2.4

47 0

TRows W 3 EdgeViT-XS [24] 6.4 97.9 9.7 29
ECTFormer-x1.0 4.1 98.3 99.8 5.0
ECTFormer-x1.25 6.4 98.6 9.7 3.9
ConvNeXt' 3.8 87.8 96.9 4.2
EfficientNet-BO [32] 4.1 89.0 97.5 4.0
EdgeNeXt-S* 5.3 89.4 97.5 22

Food [48 101 .

ad 148 EdgeViT-XS [24] 6.4 90.1 97.8 2.7
ECTFormer-x1.0 4.1 89.5 97.5 45
ECTFormer-x1.25 6.4 89.5 97.5 a5
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e

ConvNeXt' 3.9 92.2 99.1 4.5
EfficientNet-BO [32) 4.3 91.9 98.8 4.1
EdgeNeXt-§* 5.3 92.4 99.0 23
f 49
SmibniGay 19 % EdgeViT-XS [24] 6.5 93.1 99.1 28
ECTFormer-x1.0 4.1 92.4 99.0 47
ECTFormer-x1.25 6.4 93.1 99,0 3.6
ConvNeXt' 3.8 91.6 98.7 4.1
EfficientNet-BO [32] a1 91.8 98.7 3.8
EdgeNeXt-§* 5.3 93.1 99.0 21
Pet (50) 37 EdgeViT-XS [24] 6.4 92.2 99.1 25
ECTFormer-x1.0 4.1 92,5 99.0 4.4
ECTFormer-x1.25 6.3 93.2 99,2 3.4
ConvNeXt' 39 845 93.9 3.6
EfficientNet-BO [32] 4.3 85.4 94.4 35
EdgeNeXt-S* 5.4 86.7 94.8 1.9
Caltech-256 [51 256
e (51 EdgeViT-XS [24] 6.5 84.7 94.1 23
ECTFormer-x1.0 4.2 86.4 94.9 3.9
ECTFormer-x1.25 6.4 87.5 95.1 3.1
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Fig.7: (a) Visualization of attention weights in PRT. (b) Visualization of
attention weights in HRT (left), the group incidence matrix G (middle),
and the corresponding groups (right). The sample results from the identical test
data sample used in Figure 6. For the attention visualization, min-max normalization
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Fig_ 3 UEDB, FRU, and DRB modules
Transformer Net 2025-20
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Example images from the datasets

Ground

nput no-RSTB no-UEDB DBSTNet
Fig. 5 Rain removal results of different branches in the dual-branch joint module

£

Truth

Ground truth Input DIDMDN SEMI UMRL

RESCAN MSPFN MPRNET ELF OUR
Deraining results on the Rain100H Dataset
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Ground truth [nput DIDMDN SEMI UMRL

RESCAN MSPEN MPRNET ELF OCR

Deraining results on the Rain100L Dataset
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| Transformer Net 2025-21

Multigranularity Feature

[ 1
coing —O—KD

I Embedding I I Embedding I I Embedding I
Granularity 1 Granularity 2 Granularity k

Structure of parallel pyramidal Transformer module

PCM module uses multiple convolution operations to construct the input data into a pyramid
structure, generating multilayer sequences from coarse to fine granularity.

PIM module connects adjacent nodes at the same scale and parent—child nodes across different
scales to capture the long-term and short-term dependencies of the time series.

Conv with stride C Conv with stride C Conv with gride C

Input::) Linear E Scale 1 ﬁ Scale 2 E Scale 3

cxD cxD <D

|

Pyramidal
sequence

Structure of pyramid construction module
Input data are first dimensionally reduced through a linear layer,
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then processed through multiple convolutional layers to obtain sequences

at different scales

Sequences at different scales are concatenated to form a pyramid structure.

Scale 4

Scale 3

Scale 2

Scale 1

Parents

5 N\
C}tiﬂ /A\

/ \ ntorscale
\

/ r'.‘( Va \ Connection

Intra Scale

£y
A
/\ Connection
f\ r\ f\ f\ f\
ey AR TR T S ¥
-

M

[7' - - -

6@ A\ A

- - - - -

Structure of pyramid interaction module

The PIM consists of two parts: Intra-Scale connections and Inter-Scale connections. Inter-Scale
connections construct a multi-resolution representation of the sequence and Intra-Scale
connections capture temporal dependencies at different resolutions by connecting consecutive

neighboring nodes

Transformer Net

‘ 2025-20

Gata Denergeniticn

:‘-n’W‘J-J"W 'm'" :
WAV |

AR AR

'y Fusion M

Parallel Pyramidal Transformer Multig

Muhigranuariny Festure Multigranularity Data
2 i j | l Hypey = Attention(F,,Fy, .., F)
B e
I | Z = W H, + b,
= = O =» 2§
— — §= w”;:::"aur + Boye
=] =] =]
=09 =09 =09 — i
Cos 1 (== ] [== ]
- i prediction for energy (\q

Overview of multigranularity parallel pyramidal Transformer which consists of MSD,

PPT, and FM.
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Production process of the ethylene plant
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Transformer Net 2025-22 ‘
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Overall structure of the SCACD-Net.
(a) Feature extraction network
(b ) Cross-attention difference feature extraction network
(c ) Cascaded feature fusion network
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Swin Transformer block.
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Fig. 5 (a) Feature Fusion block. (b) Channel Attention Mechanism (CAM)
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Figure 1. Architecture of DICT?.
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image [M = N = 1]

7 > T Conv, 64,/2

3 = 3 Conv, 64

3 > 3 Conwv, 64

. 2
B 1 x 1 Conwv, 128 |
r
| 3 x 3 Conv, 128 ) | Il 3 >3 Conv, 128,72 |
Feature [MJ/2 > NJ/2Z »x 128]) Feature [M/4 > N/4 = 128)

Figure 2. ResNet network for feature extraction. Additional connections represent the skip connections
(also called shortcuts) of the residual network. The dashed shortcut represents the operations to increase
the channels of the input.

Block A

Layer 0

First window layout of
attention calculation

lmw

Layer 1

Second window layout of

— W-SSA: windowed single-head self-attention
W-SCA: windowed single-head i

Figure 3. Transformer-based block for feature enhancement (left) and two different window layouts

for the attention calculation in Layer 0 and Layer 1 (right). Dashed shortcuts represent concatenation
of the mput and the output.
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,Transformer Net

| 2025-24 |

TR

Reshape

..............

]
s

Non-communicable
Modules

Structure of the proposed TCViT (tea chrysanthemums Vision Tr)
v' Between the generated predicted density map and the ground truth of the density map, an
improved loss function and back propagation are used for the final exact counts

»

Transformer Net | 2025-25 |
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Fig. 2: Overview of the proposed SFHformer. (a) details of spatial-domain branch and

(b) details of frequency-domain branch.
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Transformer Net ‘
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Fig. 1 The overall architecture of the proposed Multi-Patch De-raindrop Transformer for UAV images (MPDT), which mainly
contains frequency attention Transformer block(FATB) and Adaptive Feature Enhancement Module(AFEM).
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Table 2 Quantitative comparisons on Rain200H /L datasets for different methods.

Datasets Rain200L Rain200H
Metrics PSNR SSIM PSNR SSIM
DSC [1] 27.16 0.8663 14.73 0.3815

Prior-based methods
GMM [2] 28.66 0.8652 14.50 0.4164

PReNet [29] 37.80 09814  29.04  0.8991
RCDNet [3] 39.17  0.9885  30.24  0.9048

CNN-based methods MPRNet [5] 39.47 0.9825 30.67 0.9110
DualGCN [30] 40.73 0.9886 31.15 0.9125
SPDNet [i] 40.50 0.9875 31.28 0.9207

Uformer [31] 40.20  0.9860  30.80  0.9105
Restormer [13] 40.99 0.9890 32.00 0.9329

Transformer-based methods IDT [15] 40.74 0.9884 32.10 0.9344
DRSformer [14] 41.23 0.9894 32.18 0.9330
Ours 41.54 0.9898 32.52 0.9349

Transformer Net 2025-27

|

3D CNN

| >
r * 7
Global-I.ocal Feature —
Extractor (STCG) Gait feature map

!

Temporal
pooling

v

Horizontal ;

L |

@ Cross Entropy
. lLoss
Mainstream of STCG framework

Triplet Loss
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Transformer Net 2025-28 |
L, (Eq.(2)) _— ;(E::ias.siﬁer —+ £, (E9. (1)) ¢ Frozen Domain shift token
‘  Trainable [ | Class token
Vision Transformer Layer L Vision Transformer Layer | + 1
: *
L3
Vision Transformer Layer 2 S i
Domain tmr eature Update
A W
Vision Transformer Layer 1
Lifting
j @ [f] Block
' Embedding Layer Vision Transformer Layer [
t I, 3
u—*ﬁ ® 5 @3

Fig.2: An overview of the proposed Dual-Path Adversarial Lifting method. During
inference in the target domain, the domain shift token P, the prediction network
&, and the update network ¥ are updated given each mini-batch testing samples.
The dual-path lifting transformer (Left). The details of the lifting block in each layer

(Right).
Glass Blur Zoom Biur Defocus Blur
Elastic Transform Frozt Shot Noise
Impuize Noize Contrast IPEG Compression
Snow Fog Piaelate

Fig. 4: The t-SNE visualization for the domain shift features in the first layer (top)
and last layer (bottom) of ViT. Different colors represent different domains. It is able
to learn domain-specific knowledge for different domains across layers.
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Transformer Net 2025-29
Ly ':EQ- (2)) > Classifici v £, (Eq. (1) Frozen AP | Domain shift token
Lifting & Trainable | C; Class token
4 4 i
Vision Transformer Layer L ] Vision Transformer Layer [ + 1
'y . 1 & &
P 1 i |
l;'hmﬁ : PN G
Vision Transformer Layer 2 . |
4 Update
Lifting ! » Network
'y F Prediction ¢ d:l
Vision Transformer Layer 1 Nﬂgloti 1
& 3 4 2 4 —= Lifting
ga o 2 - v Block
m Embedding Layer Vision Transformer Layer [
mom L L $ :
SiE—E» M o

An overview of the proposed Dual-Path Adversarial Lifting method.
v" During inference in the target domain, the domain shift token PI, the prediction network
®1, and the update network W1 are updated given each mini-batch testing samples.
The dual-path lifting transformer (Left). The details of the lifting block in each layer (Right).

Glass Blur Zoom Blur
Elastic Transform Fros:

Motion Blur Gaussian Noise
Impulse Noze Contrast
Snow Fog

Defocus Blur

5hot Noize
Brightness

JPEG Compression
Piselate

v The t-SNE visualization for the domain shift features in the first layer (top)
and last layer (bottom) of ViT. Different colors represent different domains. It is able
to learn domain-specific knowledge for different domains across layers.
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| Transformer Net ‘ 2025-30 ‘

GAN based methods Common sense enhanced method
1 Think
o 4 LMM

I the hackground of the In thee oy, there would
image w il the dheep and | | be 2 masonable place o
o grazing in the fleid place the s pae

Fig. 1: Illustration of the Think Before Placement process. While other methods di-
rectly determine object placement based on image features, our approach adds a think-
ing process to this procedure. First, a large multi-modal model assesses which positions
are reasonable, then it proceeds with the placement, achieving a more rational posi-
tioning of objects. Ir,, My, Ity and Icomp stands for foreground image, foreground
mask, background image and composite image respectively.
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| Transformer Net ‘ 2025-31 ‘
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The overall architecture of Histoformer for weather removal

v The main component is the Histogram Transformer block, and it comprises the Dynamic-range

Histogram Self-Attention (DHSA) module and the Dual-scale Gated Feed-Forward
(DGFF) module. Within DHSA, we present two types of reshaping mechanism, i.e.,
Bin-wise Histogram Reshaping and Frequency-wise Histogram Reshaping

L - E!gggg

PxEzEzE=sExzE=E=

(a) Input (b) [86] (c) [70] (d) [100] (e) |53] (f) Ours (g) Clean

Fig. 3: Visual comparison for desnowing on Snow100K [44]|. The samples from (b) to
(e) are Restormer [86], TransWeather [70], WGWSNet [100], WeatherDiff [53].

o []

(SRR e

(a) Input (b) [86] (c) [70] (d) [100] (e) |53] (f) Ours (g) Clean

Fig. 4: Visual comparison for deraining and dehazing on Outdoor-Rain |32]. The sam-
ples from (b) to (e) are Restormer 86|, TransWeather [70], WGWSNet [100], Weath-
erDiff [53].
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Transformer Net | 2025-32 ‘

1st Layer 4th Layer 6th Layer

6th Layer

1st Layer
(b) Decoder

Overall architecture of PolyRoom.

v" PolyRoom consists of four main components:
o Encoder module,
o Decoder module,
o Room-aware query initialization module, and

o Floorplan extraction module.

changes). Finally, floorplan is extracted based on vertex selection.

where F denotes

while Qi, Qi+1 denote room queries from different layers

o Room queries are initialized with instance segmentation. Subsequently, they are refined in the
Transformer decoder layer by layer with dense supervision (red and blue boxes mark the

The detailed structure of the ith layer in the Transformer decoder is depicted in the right part,

output of the Transformer encoder, Ci, Ci+1 represent content queries from different layers,

Intra-room Self-attention

(EEEmE

Comer-based Representation

(a) Floorplan Representation

Uniform Sampling Representation

—-— ﬁ vy
(BN IWWED v jmiw

1LJ L j==-L |

Inter-room Self-attention

(b) Self-attention Variants
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v" (a) Illustration of floorplan representation including the sparse corner-based (left) and our
dense uniform sampling representation (right). Valid contour vertices (outlined) and corner

vertices (filled) with supervision during training are colored according to the room on the left.
v (b) Illustration of the self-attention variants including the room-aware self-attention and vanilla

self-attention. Our room-aware self-attention is a combination of intra-room and inter-room
self-attention, which works among different vertices in a single room and among different

rooms. And the vanilla self-attention performs on the flattened queries.

w
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Overall structure diagram of DTCN-EFFN-Transformer model
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Deep time convolution network structure diagram

Structure diagram of EFFN

Transformer Net 2025-35
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Transformer Encoder Layers

'tMult&hud Attention HFeed—meud Neural Network ‘

Layer Normalization and Dropout ]

. : Temporaland
Noise Reduction [ Spatial Alignment

L

Before After

v Corneal topography map before noise reduction in the left image and

v’ Corneal topography map after applying Gaussian filtering for noise reduction in the right
image
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Transformer Net 2025-36 ‘
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Overview of proposed MDTNet model.

A degraded image is forwarded to the transformer encoder to extract hierarchical features.

The encoder has Partial transformer blocks to extract useful features from the main patch.

The transformer decoder has learnable degeneration-aware queries to obtain the task features.
Then, hierarchical features from the encoder as well as the features from decoder are forwarded
to a convolutional projection block to obtain the clean image

AN N NN
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Configuration of the degradation-aware module and transformer decoder

w/n Partial w Partial
Transformer '[‘runsformer

Ablation study for the partial transformer block.
v'The results with the partial transformer block have fewer artifacts.
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(a) too little context! (b) good context (¢) too much context!

Fixed size patches (256 X 256) sampled from different documents can result in poor context
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Figure 3: Stage-1 pipeline (Sec. 3.1). Seribbles lines are overlaid on the input
patch for clarity.
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Ground Truth Line

------- Predicted Line

Figure5: Our proposed loss function for penalizing the misalignment between
two lines. If the seribble line touches the top or the bottom patch boundary,
then we use interpolation to calculate the loss as shown in the figure on the right.

Mulliply by

=4 L. seating factor
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Condxlate Patch Sues (7} im=512) Contest- Adapted
Fateh Szw
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Figure7: First, candidate patches of various sizes m = {64,128,...512} are
sampled from the document. Line-parameter predictions are made for each
patch by resizing them to the input shape expected by the model (s = 256)
and then passing them through the Line-Parameter Generator (Sec. 3.2). An
interline-gap value & for each patch is calculated using the line predictions for
the patch. These patch-level interline gap predictions are then scaled to the size
of the original document (§ := 4 - =) and averaged to obtain an estimate of
the average interline gap value for the whole document. This averaged value is
multipled by a scaling factor {, which roughly represents the expected number
of text lines seen in a patch to obtain the final context-adapted patch size (t).
Patches of size t are then sampled from the original document, and are fed to
the Line-Parameter Generator to get the final predictions.
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(c) SM

Zero-shot outputs of LineTR on the newly introduced datasets
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Structure of the vision transformer (ViT-S).
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Structure of SCStem module

Figure 5. Structure of the SWCaT Module.

365
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Figure 7. Schematic of SRWA module divide and shift windows
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Figure 9. Frame of the proposed enhanced model.
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| Transformer Net ‘ 2025-39 ‘

Encoder Stage

Prediction (N, 50) (N/4, 64) (N/256, 512)

Overview of the proposed model.
v" In the encoder and decoder stages, the transformer structure serves as the primary feature
aggregator throughout the network
v/ MLP: Multi-layer perception. N: The number of points in the point cloud

Point Cloud
(B. N, 6+C)
|
* * XYZ+Nermal xyz Compute the Compute the
- "j 22 = l - £ & 3
REEE RIS S [ 1 by Ldiztance by Eq. (2)

b i Sy

v K Q : 3
B N.K O @ :\'.lx. 6 (B. ; 3 \x_' ? ‘_\X

= g weights fo ‘ weight g weightge
| neighborhood points |
i —
" : 00 02 04 06 03 19
M S— o SO =
(B. N. K. 1) B: Batch size
EKNN: K-nearest neighbor algorithm
Weighted Feature (®: Hadamard product
(B. N. O ®: Matrix multiplication

Structure of the local geometric transformer module.
v We visualize the local weight on an airplane, with a red query point located on the wing.
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v' In weightours, the weights of neighbor points in the wing decay slowly as the distance
increases. However, the weights of other neighbor points decay rapidly

P1: query point li=1,: tangent plane of g;
@j=1,2): neighbor points dunj=172): distance from p; to §;

Qo lum P

yane it fang,, . 0@
M‘e‘“ e b hﬂe n
(a) Ground truth (b) Magnification of tangent planes for different neighborhoods

o Illustration of the distance dtanl and dtan2 from p1 to the tangent plane of q1
and g2, respectively.

o Although the Euclidean distance from p1 to both q1 and 2 remain the same, p1 is closer
to t2, signifying that g2 holds greater significance than ql.

Input Features
B N O
e RO OO
' ' L} \
MLP MLP MLP 1 :
¥ K 2 MO ME
B N, O B N O B N, O

! B 4 N, C4) @B 4 N 9

Refined Features
B. N O

(a) Structure of the global semantic transformer

| e
i W!ﬂlﬂm’r
4 e
Clobal Mask

(b) Pipeline of generating the refined similarity by incorporating the multi-head voting strategy

Overview of the global semantic transformer module.
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We visualize the refined
similarity on an airplane, with a red query point located at the wing.

AN

assigned to points belonging to the wing section

In the refined similarity generated by our method, high response weights are exclusively

Table 2. Part segmentation results on ShapeNetPart dataset.

Methods nl;?oﬁij ISI!::I'J air. bag cap car cha. ear. gui. kni. lam. lap. mot. mug pis.

roc. ska. tab.

PointAttn. [5] 859 84.1 833 86.1 857 803 005 827 915 881 855 959 77.9 051 840
PointASNL[26] 86.1 834 841 847 87.9 79.7 922 73.7 910 872 842 958 744 952 810
PointMLP[12] 86.1 846 835 83.4 875 805 903 78.2 922 881 826 962 77.5 95.8 85.4
APES [23] 858 839 853 858 B88.1 81.2 906 740 904 88,7 851 958 76.1 942 83.1
PointTran. [30] 86.5 83.7 85.8 853 868 77.2 905 820 908 875 8.2 963 754 935 838
PointGT [9] 858 842 843 845 883 809 014 781 921 885 853 959 77.1 951 847
PCT [7] 864 831 850 824 800 81.2 919 715 913 881 86.3 058 64.6 958 R83.6
LGGCM [3] 867 848 851 859 00.3 808 016 754 02.7 881 865 961 77.0 942 845
Ours 87.5 85.6 86.1 87.2 881 794 02.4 82.3 020 B84 86.0 06.7 78.7 056 85.8

643 776 828
63.0 763 83.2
64.6 B3.3 843
61.1 793 84.2
59.7 T7.5 825
63.3 756 814
622 776 83.7
63.6 802 843
63.8 703 853

Note: air.: airplane. cha.: chair. ear.: ear-phone. gui.: guitar. kni.: knife, lam.: lamp. lap.: laptop. mot.: motorbike. pis.:
ska.: skateboard. tab.: table.

pistol. roc.: rocket

Transformer Net | 2025-41

Overview of the proposed PAIC-Net

 PAIC-Net : Progressive Alignment and Interwoven Composition Network
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Details of the attention interwoven block (AIB)

Upsample ' Concat

Avgpool =% Upsample

Transformer Net 2025-42
2D depth + 3D points l;‘";“;';““:‘.':‘;“,K,ypo,,,,
I\ _li I\ x___ _, Coordinates
) YRS
y Adaptive Graph Transformer

S B i S i S S S
, o A ml
| Training Noise |-~} %! i‘% o L

X

Hlustration of the HandDAGT concept.
& DAGT: Denoising Adaptive Graph Transformer

o The model feeds 3D local patches cropped from input depth images and corresponding point
clouds to the adaptive graph transformer for the keypoint coordinate estimation.

o The local patches are disturbed by the random Gaussian noise during training for a robust
performance
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3D points Pin 2D depth Din 3D keypoint coordinates J
\‘& _.4—'_' ;
—— __; -~ *
Local 3D 2D auto-
encoder encoder
4

Super points
& features F

/-‘ Patch Pos. Reg.
- = H

(a) Patch & Embeddmg Inmhahzaton (b) Adaptive Graph Transformer

HandDAGT architecture.

o HandDAGT takes a 2D depth image and the sub-sampled point cloud as the input.

o The PointNet-based local 3D encoder and 2D auto-encoder extracts local 3D features and local
2D features, respectively.

o Then, the 2D features are projected into 3D space to fuse with 3D features forming the super
point features F.

o Based on the super points, keypoint embeddings E and 3D patches are extracted as input to the
novel adaptive graph transformer to estimate accurate 3D keypoint coordinates by leveraging
the dynamic kinematic correspondences and local details.

o Notably, during the training stage, the local 3D patches are shifted by random noises in order to
enforce the model providing robust estimations

Table 1: Comparison of the proposed method with previous state-of-the-art methods
on the single-hand ICVL and NYU datasets. Input indicates the input type of 2D depth
image (D), 3D voxels (V), or 3D point cloud (P).

Method :\10{1‘3\5‘;“ pot err;ry(lr;lnl) Input
Ren-9x6x6 [17] 7.31 12.69 D
DeepPrior+ -+ [32] 8.1 12.24 D
Pose-Ren [4] 6.79 11.81 D
DenseReg [44] 7.3 10.2 D
CrossInfoNet [10] 6.73 10.08 D
JGR-P20 [11] 6.02 8.20 D
SSRN [37] 6.01 7.37 D
PHG [36] 5.97 7.39 D
HandPointNet [13] 6.04 10.54 P
Hand-Transformer [21] 6.47 9.80 P
Point-to-Point [16] 6.3 9.10 P
V2V [31] 6.28 8.42 v
HandFolding [8] 5.95 8.58 P
HandR2N2 [6] 5.70 7.27 P

IPNet [35] 5.76 77 D+P

HandDAGT (Ours) 5.66 7.12 D+P

01
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.
¥

Ours Model

Repeat n tin

Lightweigth
CNN - ,
" | Embedding ’
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N Encoder Layer

Figure 1: Overall structure of the model
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Structure of the encoder

Pointer

T

Add & Layernorm

Feed Forward Neural Netword

&

1

Add & Layernorm

-

Masked Multi-Head Attention

7 3

L

Add & Layernorm

I

Multi-Head Partial Self-Attention

i : T
‘DT DS Dt)
I [
| |
/Y it :
12 Positional Encoding
e.’\r’ eN e,\’

Structure of the decoder

Table 1.Comparison of results of different methods on randomised TSP dataset

TSP20 TSP50 TSP100
Method
Len Gap Time Len Gap Time Len Gap Time
Concorde™ 383 0.00% 23m 569 0.00% 14m 776 0.00% 11h
LKH-3" 383 0.00% 212m 569 0.00% 27.3m 7.76 0.00% 55m
Bello et-al ™ 389 1.42% - 595 4.46% - 8.30 6.90% -
Deudon et-al. ™ 384 0.26% - 581 207% - 885 13.97% 5
Kool et-al. (greedy)™ 385 0.34% Os 5.80 1.76% 2s 812 453% 6s
Bresson et-al_ (greedy)™ 389 157% Os 575 1.05% 14s 801 322% 19s
Jung et-al. (greedy)™” 3.84 0.25% Os 575 0.98% 6s 8.00 3.00% 12s
Ours (greedy) 3.84 0.22% Os 5.74 0.95% 1s 7.95 2.45% 6s
Kool et-al. (B=1280) ™ 384 0.08% 5m 573 0.52% 24m 794 2.26% 1h
Bresson et-al. (B=2500)
o 385 0.34% 14m 575 0.97% 44 8m 7.86 1.26% 1.5h
Jung et-al. (B=2500)"" 3.83 0.00% 14m 572 0.46% 26.2m 7.86 1.22% 1.83h
Ours (B=2500) 3.83 0.00% im 5.70 0.14%  20.4m 7.80 0.76% 1h
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lirage

Framework of conformer

(Convolution-augmented Transformer)
o ConFormer consists of two main branches: disparity feature extraction module and color
feature extraction module. As shown in the name, the disparity map and color image are input
for each module.

¥ ‘-\ r- ) ‘l
| @ :
HW.C) (H2,WR.C) (HAWNAC)
" / - |

Specific network of local prior block

The average AUC values for FlyingThings, Driving, KITTI 2012,
KITTI 2015 dataset by using disparity only as input.
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v The AUC value of ground truth confidence is measured as ‘Optimal’. The result with the
lowestAUC value in each experiment is highlighted.

FlyingThings [25] Driving [25] KITTI 2012 [26]KITTI 2015 [27]
Methods

PSM GA-Net PSM GA-Net PSM GA-Net PSM GA-Net

CCNN-S 0.783 3508 13.150 5.047 0.079 0.906 0.015 0.039
ConfNet-S [2] 10.060 3.719 13502 4.808 0.040 1.078 0.012 0.062
LGC-Net-S [2] 10.272 4.185 12.822 5313 0.041 0.818 0.017 0.039
LAF-Net-S [IT] 8372 3.350 12260 4.358 0.032 0.575 0.014 0.035
ConFormer-S  7.726 2.963 10.784 3.168 0.029 0.339 0.011 0.023

Optimal 4502 1.602 4.040 1.399 0.002 0.086 0.0002 0.0004

/ Transformer Net 2025-45 ‘

Overview of the proposed MEMAFormer
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Comparison of attention frames of the channel attention
(a) efficient channel attention (b), where S<<N, N H X W.
v" Symbols "®", "@" and "sig " represent, addition, elementwise multiplication, and the
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Comparison of three different attentions
v’ a self-attention, b cross-attention, ¢ mix-attention
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Ei FFN 1x1Conv ——» '
Di
il., _______ Bi=Di+1+Ci+1
The overall architecture of multi-layers cross attention module
Input
r A 4 r A r A 4
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+
Architecture of SAPPM
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Method Backbone Parameters (M) mliou
ADE20K Cityscapes
SETR-PUP (80 k) [25] ViT-B 98 46.3 -
ViT-L 318 48.6 82.15
Swin transformer [32 Swin-T 60 46.1 -
Swin-S 81 49.3 -
PVT [50] PVT v2-B0O 7.6 37.2 -
PVT v2-BI 18 426 o
Segmenter [60] Seg-B 86 48.1 80.5
Seg-B/Mask 86 50.1 80.6
HRFormer (150k) [67] HRFormer-S 14 440 80.0
HRFormer-B 50 46.3 814
MaskFormer [68] Swin-T 42 46.7 78.5
Swin-S 63 49.8 -
Mask2Former [69] Swin-T 47 47.7 82.1
Swin-B 216 83.3
Segformer [26] MiT-B0O 3 374 76.2
MiT-BI 13.7 422 78.5

Ablation experiments of transformer variants and MEMAFormer

Method Backbone Parameters (M) GFLOPs FPS mlou
FCN [20] MobileNetV2 9.8 39.6 64.4 19.7
PSPNet [53] MobileNetV2 137 52.9 SET 29.7
DeepLabV3+ [61] MobileNetV2 154 69.4 43.1 340
Segformer [26] MiT-B0 38 8.4 50.5 374
FeedFormer [62] MiT-BO 46 1.8 79.5 39.2
U-MixFormer [66] MiT-BO 6.1 B4 554 41.2
MEMAFormer MiT-B0O 6.4 14.3 494 422
Ablation study showing GFLOPs, parameters and FPS on ADE20K

AAA: 66B-Transformers-architectures & Fits

380




(a) (b) (c) (d)

Visual comparison on ADE20K Dataset.
v alImage. b Ground truth. ¢ Segformer. d Ours
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Original LLMs Fine-

dataset Tuning

— B |
7 1 %/%

- N @

Few-Shot

Labeted Dot New dataset Transter Classification
dataset augmnetation Learning

The workflow of proposed method to classify security and non-security requirements
that rely on LLMs fine-tuning and Few-Shot learning with transfer learning models leveraging
pre-trained models using data augmentation

four datasets.

Table 5. Results of the fine-tuned models in terms of accuracy, precision, recall, and Fl-score on the

Model Accuracy Precision Recall F1-Score
Normal dataset
BERT-based-uncased 0.89 0.89 0.76 0.82
DistilBERT-base-uncased 0.89 0.89 0.86 0.82
RoBERTa-base 0.9 0.86 0.86 0.86
xInet-base-uncased 0.9 0.89 0.81 0.85
Contextual word augmented dataset
BERT-based-uncased 0.94 0.9 0.9 0.9
DistilBERT-base-uncased 0.89 0.85 0.81 0.83
RoBERTa-base 0.84 0.92 0.57 0.71
xInet-base-uncased 0.92 0.94 0.81 0.87
Back translation augmented dataset
BERT-based-uncased 0.92 0.9 0.96 0.88
DistilBERT-base-uncased 0.92 0.9 0.96 0.88
RoBERTa-base 0.84 0.87 0.62 0.71
xInet-base-uncased 0.9 0.83 0.9 0.86
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Heatmap showing the attention visualization of the last layer (12th layer) of the
Roberta-base model fine-tuned in the original dataset
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Flowchart of the complete methodology
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MSCPNet model for maize disease classification
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Grad-CAM visualization of MSCPNet model for
maize disease classification

Algorithm 2: MSCPNet for Maize Disease Classification

Input: X € R¥>*W>3: Input maize leaf image
Output: j € Rmm.dases: predicted class probabilities
1 Step I: Feature Extraction

« Load pre-trained MobileNetV2 and truncate after a certain layer.
« Extract base feature map:

F;, «+ MobileNetV2(X)
Step 2: Channel Reduction
o Apply 1 x 1 convolution to reduce feature map dimensions:
F,- — COI'IV],[(F!,)
Step 3: Multi-Scale Convolution and PoolFormer Application
« Apply multi-scale convolutions and PoolFormer blocks:
Fi < Pi(Convixr(F,)), ke {2,365}

o Apply 1 x 1 convolution branch in parallel:
Fiz1 + Convy i (F)

Step 4: Feature Concatenation
« Concatenate the outputs from all convolution branches:

Feoncat — Concat(F2,F3,F5, Fi21)
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Step 5: Apply 1 x 1 convolution and Layer Normalization

e Apply 1 x 1 convolution to reduce dimensions of concatenated features:

« Apply layer normalization:

Ffinas = Convy .1 (Feoncat)

Fenh + LayerNorm(F'gnal )

Step 6: Global Average Pooling and Classification

« Perform global average pooling on the normalized features:

Fpml «— GAP(Femn)

« Flatten the pooled features and pass through fully connected layers:

Z1 RQLU(“’PIFpoul)- y *— W‘.Qzl

Output: Return predicted class probabilities .

TABLE 4: Hyperparameter configurations

Hyperparameter Configurations
Input Size 224

Adagrad

AdamW
Optimizers SGD

Adam

RMSprop
Batch Size 8, 16, 32
Learning Rate 0.01, 0.001, 0.0001

Early Stopping

Patience of 10 epochs

Loss Function

Categorical Cross Entropy

Number of Epochs

200

Performance comparison of different pre-trained models,
truncated MobileNetV2, and the proposed MSCPNet model.

Model Accuracy  Precision  Recall Fl-Score MCC  Inference Time (s)
DenseNet121 95.53% 04.37% 05.15%  94.69%  0.939 0.0289
ResNet50 05.21% 93.71% 05.41%  94.37%  0.9356 0.0120
ShuffleNetV2 94.09% 92.20% 93.98%  9282%  0.9209 0.0107
SqueezeNet 03.61% 02.13% 9225%  9212% 009135 0.0091
MobileNetV2 96.65% 06.26% 05.85%  96.04%  0.9542 0.0110
Truncated MobileNetV2  95.85% 95.02% 95.19%  95.09%  0.9434 0.0083
Proposed MSCPNet 97.44% 96.76%  97.37%  97.04%  0.9653 0.0111

Performance Comparison of different backbone models with the Proposed MSCPNet block
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Backbone Model Accuracy  Precision Recall F1-Score  MCC  Inference Time (s)  Total FLOPs

DenseNet121 95.85% 94.82%  9576%  95.24%  0.9436 0.0302 3,066,045.440
ResNet50 05.53% 04.16% 0442%  9429%  0.9390 0.0180 4,915,031,552
ShuffleNetV2 95.53% 93.96% 95.31%  9451% 09396 0.0150 318,950,600
SqueezeNet 04.41% 92.84%  93.78%  93.25%  0.9241 0.0136 1,385,824.800
MobileNetV2 07.28% 06.37% 07.03%  96.67%  0.9631 0.0181 517,634,624
Proposed MSCPNet  97.44% 96.76%  97.37%  97.04%  0.9653 0.0111 315,258,752

TABLE 7: Performance comparison with different optimiz-
ers.

Optimizer Accuracy Precision Recall Fl-Score MCC

Adagrad 96.33%  9562%  9496%  95.26%  0.9498
Adam 97.44%  9676%  97.37%  97.04%  0.9653
AdamW 96.33%  9544%  9575%  95.58%  0.9500
RMSprop  9649%  95.84%  9590%  9587% 09521
SGD 97.12%  9683%  96.16%  9645% 09609

Heatmap (Predicted Class: Gray Leaf

(e) Gray Leaf Spot

Original Image Heatmap (Predicted Class: Gray_Leaf Spot)
LA

(f) Gray Leaf Spot
Grad-CAM visualizations for different disease classes
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Input and output modalities:

v The encoder creates a representation of the past 15 min of events and signal data, which is used
by decoder to forecast an alarm 5 min into the future.

_ Gate |
[ Linear ]
[ Linear ]

1 1

( OltputTAhrms |

[ SoftMax ]

i

Linear

[ Deep Late Fusion ]

Self-Attention
Transformer Block

[ Late Fusion

J f

[ Early Fusion ]

Multimodal Encoder

[ Shifted Output |

Decoder

MUST Architecture.
v Encoder incorporates multiple fusion layers, concatenated and
v’ Passed through a bottleneck layer guided by a sigmoid gate
v'The resulting representation is passed to the cross-attention block of the decoder
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Self-Attention
Transformer Block

[y b

[ Input Events ] [ Signal Data ]

(a) Early Fusion

I.ate Fusion

Self-Attention Self-Attention
Transformer Block Transformer Block
[ Input Events Si:n-.l Data ]

(b) Late Fusion

==

[ Input Events ] [ Sl!nnl Data ]

(c) Skip Fusion {(ours, only as baseline)

Self-Attention
Transformer Block

r[ Deep Late Fusion }'-I
Self-Attention Self-Attention
Transformer Block Transformer Block

[ Input Events ] [ Si!nal Data ]

(d) Deep Late Fusion (ours)

‘—‘{ Hybrld Fusion 1-‘-

Self-Attention Self-Attention Self-Artention
Transformer Block Transformer Block Transformer Block

[ Events ] [ Signal ] [ Input Eventl S‘llllll)m ]

{e) Hvbrid fusion (ours, only as baseline)

Fusion types:
v/ State-of-the-art early and late fusion and the novel skip, deep late and hybrid fusion.
v' Only early, late and deep late fusion are used as building blocks in MultiFusion Transformer.
v" All the fusion types are used as baselines
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Example of a waste incineration plant scheme

o Waste is stored and mixed in the reception area.
o From there, it is moved on the grate to the combustion chamber where it is burnt using
flue gas and pre-heated air, and

o Resulting steam is used to generate electricity, yet it can also be used directly, e. g., for
district heating.

o Finally, gases are cleaned before being emitted from the plant.

Table 3

Performance of MultiFusion compared to SotA fusion techniques based on experiments

on the real dataset, plant B (best in bold).

F1 Bin 1 F1MC1 BLEU 1 Params (M) Time
Skip Fusion 4.1 +02 41.2+02 378+10 16 +00 1.8 +£0.4
Early Fusion 841+03 419+05 392+10 19+00 42+09
Late Fusion 840+03 425+02 394+12 22+00 62+13
Deep Late 840+04 425+05 396+14 25+00 79+21
Hybrid Fusion 84.2 +03 422+03 392+05 25+00 79+14
MultiFusion 843 +03 427 +08 404 +15 29+00 41+1.0
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Global-Local Feature
( Syncheotkion Mase 1 ﬁ Tampered Area Refinement Phase 1

Enhanced Downsampling Attention Block  (__M,_]  Mask in ith Stage

EEM Edge Enhancement Module mr‘m Feature Map
Multi-Scale Dilated Convolution @ Element-Wise Addition

Puxel-level Feature Clustering Module ® Element-Wise Multiplication

Fig. 2. Structure of Multi-scale Iterative Tamper Detection Net.

& The network primarily consists of the global-local feature synchronization phase and the
tampered area refinement phase.

& During the global-local feature synchronization stage, the adoption of a parallel network
architecture ensures that the network can simultaneously capture feature information at
different scales.

& The Enhanced Downsampling Attention Block (EDAB) is introduced to utilize the image's
multi-level features, providing sufficient spatial information for each layer in the network and
maintaining close connections between different scales, thereby effectively addressing the issue
of scale variations.

& Accurate prediction of tampering masks is achieved through feature fusion, ensuring the
comprehensive utilization of features at different scales in tampering detection.

& Additionally, boundary information is processed through the Edge Enhancement Module
(EEM) edge supervision branch, which serves as an auxiliary to the main feature extraction
process
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Fig. 4. Multi-Scale Dilated Convolution (MSDC) structure diagram.
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o Except for the common upper restoration branch, which is similar to existing methods, FPro
contains another bottom prompt branch to extract informative features from a frequency

perspective.

o Specifically, the primary components of the prompt branch in this framework are the gated

dynamic decoupler (GDD) and dual prompt block (DPB).

o The GDD is employed to decompose the low-frequency components and corresponding high-
frequency characteristics from the input features.

o Then these frequency-specific features are further processed in DPB, i.e., the high-frequency
prompt modulator (HPM) and the lowfrequency prompt modulator (LPM), which generates
representative frequency prompt to facilitate the clear image reconstruction.

F.

v

Fig. 2: Illustrations of the Gated Dynamic Decoupler.
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Table 1: Quantitative comparison on
SPAD [62] for rain streak removal.

Method

SPAD [62]
|[PSNR t SSIM 1

DDN [13]
PReNet [50]
RCDNet |61]
MPRNet |75
SPAIR [46]
Uformer-S [64]
SCD-Former [15]
IDT [67]
Restormer |73]

DRSformer [5]

36.16 0.9463
40.16 0.9816
43.36 0.9831
43.64 0.9844
44.10 0.9872
46.13  0.9913
46.80 0.9941
4734 0.9929
47.98 0.9921
48.53 0.9924

FPro (Ours)

| 48.99 0.9936

Table 2: Quantitative comparison on
AGAN-Data [47] for raindrop removal.

AGAN-Data [17]

Method |PSNR 1+ SSIM 1
Eigen's [12] 21.31 0.757
Pix2pix [20] 28.02  0.855
Uformer-S [64] 29.42 0.906
WeatherDiffi2s [12]| 20.66  0.923
TransWeather [55] | 30.17 0.916
DuRN [33] 31.24  0.926
RaindropAttn [48] | 31.37 0.918
AttentiveGAN [47]| 31.59 0.917
IDT |67] 31.63 0.936
Restormer [73] 31.68 0.934
FPro (Ours) | 31.96 0.937
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