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Method size #para. FLOPs Top-1 | Method size #para. FLOPs Top-1
WIH TS WH : . W P WIu w + ReGNetY-4G [21] 224 2IM 4.0G 80.0
i s n TXTX e i ST i i1 PVTv2-B2[27] 224 25M  40G 820 | Focal-T[31] 224 29M  49G 822
£ 2 Plal ile Swin-T [18] 24 29M  45G 813 | BOATSwinT(ours) 224 3IM  52G 823
b Lot E . 1B e il Lo CSWin-T [8] 24 23M  43G 827 | BOALCSWinT(ours) 224 2IM  5.1G 837
i H ocal i ocal i
Sl 3 w0 B 7 Atenion | 7 Atenton | ReGNetY-8G[21] 224 39M 80 817 | PVIv2-B4[27] 24 &M 101G 836
5 5 & eI P : Twins B 224 S6M  83G 832 | Shuffle-S [14] 24 SOM  89G 835
L H H H H NesT-S [37], 224 38M 104G 83.3 | Focal-S [31] 224 5IM 9.1G 835
xhy xLy H i xly : xLs : Swin-S [18] 224 50M 8.7G 83.0 | BOAT-Swin-S (ours) 224 56M 10.1G 83.6
Stage” StageZ Stage3 Staged CSWin-S [8] 224 35M  69G 836 | BOAT-CSWin-S (ours) 224 4IM  80G 841
. . . . . o ReGNetY-16G [21] 224  84M 16.0G 82.9 | ViT-B/16T [9] 384 86M 554G 719
Figure 2: Architecture of Bilateral 10cal Attention Vision Transformer (BOAT). DeiTB [25] 24 86M 175G SL8 | T2T24[36] 24 M 141G 823
TNTB [10] 24 66M 141G 828 | PiTB[I3] 24 UM 125G 820
PVTv2-B5 [27] 224 82M 11.8G 83.8 | Twins-L 224 9M 148G 837
Shuffle-B [14] 224 88M 154G 84.0 | NesT-B [37], 224 68M 17.9G 838
Focal-B [31] 24 90M 160G 838 | CrossFormerL[29] 224 92M 161G 840
: s Swin-B [18] 224 88M 154G 835 | BOATSwin-B(ours) 224 98M 178G 838
(a) Image-space Local Attention (b) Feature-space Local Attention 3 s 85 CSWin-B [8] 24 78M 150G 842 | BOAT.CSWin-B (ours) 224 O0M 175G 847
o E oS
. . . P % g %E = 5 Table 1: Comparison of image classification performance on the ImageNet-1K dataset.
Figure 1: The image-space local attention versus = 8% 23 aoaktink
. c® =® Method #para.(M) FLOPs(G) mloU(%) ‘ Method #para(M) FLOPs(G) mloU(%)
- Q LR
the feature space local attention. B © 23 TwinsP-S [6] 55 919 462 | Twins-S (6] 54 901 462
L | S —— | Shuffle-T [14] 60 949 46.6 Focal-T [31] 62 998 458
[N Swin-T [18] 60 945 445 BOAT-Swin-T (ours) 62 986 46.0
N Figure 3: Architecture of Bilateral Local Attention (BLA) Block. CSWinT(E) 60 99 43 |BOATCSWinT(ows) 64 o2 s
/\ TwinsP-B [6] 74 977 47.1 | Twins-B [6] 89 1020 417
4" balanced binary 9 T T ISLA(LN(T, Shuffie-S [14] 81 1044 484 | FocalS [31] 85 1130 480
\ = H + i . Swin-S [18] 81 1038 476 BOAT-Swin-S (ours) 87 1113 484
(N2 clustering N2 ISLA n ( ( 1n )) CSWin-S (8] 65 1027 500 | BOATCSWin-S (ours) 70 1101 50.6
/\ /\ TwinsP-L [6] 92 1041 486 | Twins-L [6] 133 1164 488
— Shuffle-B [14] 121 1196 49.0 Focal-B [31] 126 1354 49.0
4 y N\ h / Dy ’ESLA IHSLA + FSLA (LN(7ISLA) ) N Swin-B [18] 121 1188 48.1 BOAT-Swin-B (ours) 131 1299 487
N/4 | | N4 | N/4 N/4 CSWin-B [8] 109 1222 50.8 BOAT-CSWin-B (ours) 121 1349 50.9

/\ /\ /\ /\ 7:)\1!, = 7—155[‘ A —+ MLP(LN(ESL A) ) N Table 5: Performance of semantic segmentation on ADE20K. FLOPs are obtained at 512 x

2048 resolution. mloU is for the single-scale setting. Testing image size is 512 x 512.
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Figure 4: Example of balanced hierar- e e Ty Swins ® o ws
5 N ! dim 96, head 3 dim 96, head 3 dim 128, head 4 2 AP w sy
stage 1 Swin-Block Swin-Block Swin-Block
chical CIUSte'nng‘ .In this ex:flmple, the win. sz. 7x7, | %1 win. sz. 7x7, | % win. sz. 7x7, | X1 Table 6: Performance of object detection on the MS-COCO dataset. FLOPs are obtained at
number of hierarchical levels is 3. There dim 96, head 3 dim 96, head 3 dim 128, head 4 H00 1280 resoluion.
3 - BLA-Block BLA-Block BLA-Block
are 2° = 8 clusters in the bottom level. concat 2 x 2 concat 2% 2 concat 2 x 2 Method [ Reformer [ K-means | Ours
win. sz. 7x7, win. sz. 7x7, win. sz. 7x7, Top-1Accuracy | 817 | 81.8 [823
dim 192, head 6 dim 192, head 6 dim 256, head 8 Table 2: Comparison of image classification accuracy with Reformer and K-means.
Swin-Block Swin-Block Swin-Block
stage 2 > x1 A x1 A x1
- - - - win. sz. 7x7, win. sz. 7x7, win. sz. 7x7, . . B
Algorithm 1: Balanced Binary Clustering. dim 192, head 6 dim 192, head 6 dim 256, head 8 Model | BOAT-Swin-T (with FSLA) | Baseline (with ISLA)
Input: Tokens {t;}?", and the iteration number, 7. BLA-Block BLA-Block BLA-Block Accuracy | 82.3 81.5
Output: Two clusters, Cj and C,. concat 2 x2 concat 2 X2 concat 2 x2 Table 3: Ablation study on FSLA by replacing FSLA with ISLA.
itiali i Py ti win. sz. 7x7, win. sz. 7x7, win. sz. 7x7,
1 Initialize centroids ¢; = =12, ¢ = === dim 384, head 12 dim 384, head 12 dim 512, head 16
2 while n_iter € [1,7] do — Swin-Block | SwinBlock | o SwinBlock | o Overlap | BOAT-CSWin-T | BOAT-CSWin-S | BOAT-CSWin-B
3 | forie[1,2m]do stag win. sz. 7x7, win. sz. 7x7, win. sz. 7x7, No 83.3% 84.0% 84.5%
i L 7y = Stuer) dim 384, head 12 dim 384, head 12 dim 512, head 16 Yes 83.7% 84.1% 84.7%
L st BLA-Block BLA-Block BLA-Block Table 4: Comparison of image classification accuracy between overlapping balanced hierar-
s | L, iom] = argsort((ry, -, ram]) concat 22 “concat 2x 2 concat 2 X2 chical clustering and the non-overlapping version.
Cr={t; )", Co = {t; 2" win. sz. 7x7, win. sz. 77, win. sz. 7x7,
b = L I i=ml stage4 | |dim 768, head 24| x2 | [dim 768, head 24| x2 | |dim 1024, head 32| x 2
7 | e ==l <<C Swin-Block Swin-Block Swin-Block




