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Architecture of Swin Transformer
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(a) Architecture (b} Two Successive Swin Transformer Blocks

Figure 3. (a) The architecture of a Swin Transformer (Swin-T); (b) two successive Swin Transformer Blocks (notation presented with
Eq. (3)). W-MSA and SW-MSA are multi-head self attention modules with regular and shifted windowing configurations, respectively.

downsp. rate Swin-T Swin-S Swin-B SwinL
(output size)
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Macro design

layer name | output size 18-layer [ 34-layer | 50-layer | 101-layer | 152-layer
convl 112x112 7x7, 64, stride 2
3x3 max pool, stride 2
1x1,64 [ 1x1,64 ] [ 1x1,64 ]
G || dShae [:)’::2“4 2 [:’;:: ]x3 3%3,64 [x3 3x3,64 | x3 3x3,64 [x3
L 1x1,256 | L 1x1,256 | L 1x1,256 |
1x1,128 1x1,128 1x1,128
conv3_x 28x28 [ :z: :g: ]xZ [ :z; :gz ]x4 3x3,128 | x4 3x3,128 [ x4 3x3,128 | x8
e R [ 1x1,512 ] | 1x1,512 | | 1x1,512 |
1x1,256 [ 1x1,256 ] [ 1x1,256 ]
convdx | 14x14 [ g ]xl [ S ] x6 || 3x3,256 |x6 || 3x3,256 [x23 || 3x3,256 |x36
s A | 1x1,1024 | 11,1024 ] 1x1,1024 |
1x1,512 1x1,512 1x1,512
convs_x 7x7 [ ::; Zg ]xl [ ;:;;:z ]x3 3x3,512 | x3 3x3,512 [ x3 3x3,512 | x3
. i | 1x1,2048 | [ 1x1,2048 | [ 1x1,2048 |
Ix1 average pool, 1000-d fc, softmax
FLOPs 18x10° [ 36x10° ] 3.8x10° [ 7.6x10° [ oo 0135302, o
downsp. rate Swin-T Swin-S SwinB SwinL
(output size)
dx concat 4 x4, 96-d, LN concat 4 x4, 96-d, LN concat 4 x4, 128-d, LN concat 4x4, 192-d, LN
stage 1 (56x56) win. sz. 7x7, %2 win. sz. 7x7, %2 win. sz. 7x7, %2 win. sz. 7x7, %2
N dim 96, head 3 dim 96, head 3 dim 128, head 4 dim 192, head 6
8x concat 2x2, 192-d , LN | concat 2x2, 192-d, LN | concat 2x2, 256-d , LN concat 2x2, 384-d , LN
stage 2 (28x28) win. sz. 7x7, %2 win. sz. 7x7, %2 win. sz. 7x7, %2 win. sz. 7x7, %2
dim 192, head 6 dim 192, head 6 dim 256, head 8 dim 384, head 12
concat 2x2, 384-d , LN | concat 2x2,384-d, LN | concat2x2,512-d, LN | concat 2x2, 768-d, LN
16x . . . .
stage 3 (14 14) win, sz, 7x7, %6 win. sz. 7x7, x 18 win, sz. 7x7, % 18 win, sz. 7x7, % 18
dim 384, head 12 dim 384, head 12 dim 512, head 16 dim 768, head 24
concat 2x2, 768-d , LN | concat 2x2, 768-d , LN | concat 2x2, 1024-d , LN | concat 2x2, 1536-d , LN
32x . - . .
stage 4 IxT) win, sz. 717, 2 l win. sz. 1x7, J 2 win. sz. 7x7, J 2 win. sz. 1%7, J 2
| dim 768, head 24| dim 768, head 24 dim 1024, head 32 |dim 1536, head 48
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Inverted Bottleneck
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Micro Design

Swin Transformer Block
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Figure 3. (a) The architecture of a Swin Transformer (Swin-T); (b) two successive Swin Transformer Blocks (notation presented with
Eq. (3)). W-MSA and SW-MSA are multi-head self attention modules with regular and shifted windowing configurations, respectively.



Experiments

Training with Adam 1r=0.0001 on CIFAR10 without augmentation

ConvNext_train_loss ConvNext_total_accuracy
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Training with some tricks(AdamW ;cos Ir) on CIFAR10 without augmentation
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Experiments
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init distributed mode(args=args)

rank = args.rank

device ch. (args.device)
batch_size = args.batch_size
weights path = args.weights
args.1lr *= args.world size

init_distributed_mode(args):
environ
args.world
environ:
args.rank i .environ[ 'S CID 1)

args.gpu = args.rank % torch.cuda.device_count()

ributed mode’)

args.distributed = Tr
torch.cuda.set_device(args.gpu)
nk, args.dist_url

st.init process_group(backend=args.dist_backend, init_method=args.dist_url,
world size=args.world_size, rank=args.rank)

.barrier()



dm{data_loader, file=s

~ step, data in en e(data_loader):
images, labels = data

pred = model(images.to(device))

loss_function(pred, labels.to(device))
backward()
= reduce value(loss, average=Irue)
. loss = (mean_loss * step + loss.detach()) / (step + 1)

if is main_process(

data_loader.desc = "[epoch {}] mean 1 {}".format(epoch, round(mean_loss.item




Visual content analysis

Future work

Visual Question Answering (VQA)

Visual Captioning (VC)

Visual Commonsense Reasoning (VCR)

Retrieval tasks

Image Caption

knowledge graph + CV?
Lifelong learning

Contributions of Shape, Texture, and Coler in Visual Recognition(ECCV2022)

14



Thank you!



