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import torch

from vit pytorch import ViT image_size: int XEISE, EEA/), MRIGEE
FEG, BHRERBGRI AEENSENSEKAE

patch_size: int Z881&%{, patches#{H.

image_s?ze 256, image_size W/RBETEHY patch_sizeZEfR,
patch_size = 32, num_classes: int XEISE, SEHB.
ngm_classes = 1000, dim: int £BIS%, Zi4ZHnn.Linear(..., dim)S
dim = 1024, HIKENRYT .
depth = 6, depth: int ZEBISE, Transformert&RAINEL,
heads = 16, heads: int £R8I2%, ZL5F=0% "L BN
mlp_dim = 2048, mip_dim: int ZXEIS%, ZERAIFEEZEIEHES
dropout = 0.1, vird 8
emb_dropout = 0.1 channels: int XBISE1, WMABIGRRIEEZL, BN
) 3,
dropout: floatzkEI2%8, Dropout)]1Z, B EEEN
img = torch. (1, 3, 256, 256) [0, 1], BIA 0.,
emb_dropout: floatzREIS2%], HITEmbeddingtf{E
preds = v(img) FfDropout/1#, BUESEEIO, 1], EXIAAO.

(preds.shape) # 1000, SViTiE Y Enum classes— ZJo MRS IESict 5 N =S N NIzl CE I
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1. https://jalammar.github.io/illustrated-transformer
2. https://www.bilibili.com/video/BV18Q4y107NY

3. Dosovitskiy. An image is worth 16x16 words: transformers for image recognition

at scale. In ICLR.

4., EFH, https://www.bilibili.com/

5. https://www.bilibili.com/video/BV1Uu41l1o70Y
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