Swin Transformer model architecture
[bookmark: OLE_LINK17]Swin Transformer is a hierarchical vision Transformer that balances computational efficiency and global feature modeling capabilities by introducing a window-shifting-based self-attention mechanism[12]. Unlike the global attention computation in standard Transformers, Swin Transformer partitions input images into non-overlapping windows (e.g., 4×4×4 image patches) and performs self-attention calculations within each window. To achieve cross window information interaction, a window shifting strategy is employed to alternate between regular window and shifted window configurations across different hierarchical levels.
For medical image recognition tasks, Swin Transformer is combined with CNN (CNN-ST) to simultaneously leverage local inductive biases and global context modeling capabilities. The input echocardiographic images first pass through convolutional layers to extract low-level features (e.g., edges and textures), followed by Swin Transformer modules that progressively capture hierarchical features through multi-head self-attention and window-shifting operations. This hybrid architecture integrates the spatial sensitivity of CNN with the long-range dependency modeling of the Transformer, enhancing the discriminative feature learning under complex patterns[21].
a) Overall structure
[bookmark: OLE_LINK13]The Transformer architecture, originally developed for sequence modeling in natural language processing (NLP), has demonstrated groundbreaking performance across diverse NLP benchmarks[21]. Capitalizing on this success, Dosovitskiy et al. pioneered the adaptation of Transformer principles to computer vision through their ViT [11], achieving competitive performance on ImageNet classification by processing image patches as sequential tokens. However, the quadratic computational complexity inherent in global self-attention mechanisms poses scalability challenges for high-resolution visual data. To mitigate this computational constraint while preserving global modeling capabilities, Liu et al. proposed the Swin Transformer [12],which introduces two principal technical innovations. First, the Swin Transformer incorporates a hierarchical multi-scale architecture inspired by CNN[21], establishing a pyramid-shaped feature representation structure. This design replaces global self-attention with localized window-based attention, where self-attention operations are confined to non-overlapping local windows (e.g., 7×7 patches). The windowing strategy can reduce the computational complexity, enabling efficient processing of megapixel-scale images. Second, to facilitate cross-window feature interaction without sacrificing computational efficiency, the architecture implements a shifted window partitioning approach between consecutive transformer blocks. This mechanism systematically expands the network’s effective receptive field through successive downsampling stages, progressively integrating local features into global contextual representations. Swin Transformer is a generalized backbone network whose hierarchical design is similar to CNNs’ and consists of four stages. Figure 6 illustrates the overall framework of the Swin Transformer network. As shown in Figure 6, the input image is first divided into non-overlapping patches through patch partitioning, followed by linear embedding to adjust the number of channels. Except for stage1, each subsequent stage employs patch merging to reduce the resolution of feature maps, where 2×2 neighboring patches are concatenated in the first patch merging layer. The output resolutions of each stage are H/4×W/4, H/8×W/8, H/16×W/16, and H/32×W/32, with feature map resolutions identical to those of typical CNN. Consequently, this architecture enables the backbone networks in existing methods to be repurposed for diverse visual tasks.
b) Swin transformer block
[bookmark: OLE_LINK10]To achieve effective modeling, one of the initial improvements is partitioning the image into non-overlapping windows (Window-based Multi-head Self-Attention, W-MSA) and computing self-attention within local windows to achieve linear computational complexity. Although this method reduces computational complexity, it lacks connections between different windows. To address this limitation, SW-MSA is introduced. By applying the shifted window partitioning strategy, relationships between non-overlapping windows can be established, and the receptive field can be significantly expanded. The specific block diagram of Swin Transformer is illustrated in Figure 6.
By using the shift window division method, as in Figure 6, two consecutive Swin Transformer Blocks are calculated as in (A.1):

                                                                                              (A.1)


where  and  are expressed as the characteristic outputs of the block (S)W-MSA module and MLP module, respectively. W-MSA and SW-MSA are the conventional layer and the sliding window multi-head self-attention layer respectively.
When computing self-attention, Swin Transformer introduces a relative position bias for each head, as shown in (A.2).

                                (A.2)
where Q, K, and V correspond to the query matrix, key matrix, and value matrix, respectively. The parameter d denotes the dimension of the query vectors, and B represents the learnable relative position bias matrix.
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