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1. Plugged with existing binarized ViT methods

In the main paper, we evaluated the performance of our Spatial
Interaction Module (SI Module) plugged with existing binarized
ViT methods on ViT-Small backbones. In this section, we extend
our evaluation to more ViT backbones, including DeiT-Tiny and
Nest-Tiny. As shown in Table 1, our SI Module exhibits performance
improvements on all these backbones. Notably, there is a signifi-
cant improvement of 10.40% on the DeiT backbone when combined
with BiBERT[3]. Overall, SI-MLP improves performance by an av-
erage of 5.07%. These results clearly demonstrate the flexibility and
effectiveness of SI Module.

Table 1: Impact of spatial interaction module on existing
binarized ViT methods on Tiny-ImageNet. SI module can be
directly plugged into prevailing model binarization methods
to further improve performance.

Model Method SIModule Sizeppy Ops) Top-1g)
' X 096  0.09 2648
BiBERT [3] v 096 009  36.88(410.40)
DT e X 096 009 3751
e BiVIT [1] v 0.96 0.09  40.22(4571)
_ X 1.05 009 4411
Baseline v 108 0.09  49.80(,5.40)
' X 162 015 3665
BiBERT [3] v 168 015  43.15(s450)
VLS mo X 1.62 0.15 4291
=5 BiViT [1] v 168 016  51.04(513)
‘ X 179 021 5331
Baseline v 184 021  5845(u5.14)
' X 377 118 4896
BiBERT [3] v 379 119 53.40(444
NesTT s X 3.77 118 5563
esl®h BiVIT [1] v 379 119 56.11(4048)
‘ X 377 118 57.90
Baseline v 379 119 60.00(4.10)

2. Effect of expansion ratio in MLP module

Our dual branch consists of an MLP module and an SI module.
To address efficiency concerns, we reduce the size of the MLP
module. The Multi-Layer Perceptron (MLP) is composed of two
linear layers: one expands the dimension, and another reduces it
back to the original size. By adjusting the expansion ratio, we can
control the size of the MLP. Initially, the expansion ratio is set to 4
by default. In stage 1, we apply knowledge distillation to the MLP
module, enabling a smaller MLP without significant performance
degradation. In stage 2, we introduce our SI module to enhance
spatial interaction. As illustrated in Table 2, when the expansion
ratio is set to 1 on the ViT-S backbone, the model struggles to

1

retain knowledge from full precision counterparts, resulting in a
performance of only 51.80% at stage 1. Since the parameters in
stage 2 are initialized based on stage 1, it inevitably leads to a
low performance of 54.70%. Conversely, maintaining the expansion
ratio at 4 yields the highest performance at stage 1 (58.50%), but
due to limited spatial interaction, it degrades significantly in stage 2
(53.53%). Similar trends can be observed with the Swin-T backbone.
Overall, setting the expansion ratio to 3 strikes a balance between
preserving knowledge in stage 1 and enhancing spatial interaction
in stage 2.

Table 2: Performance comparison with different expansion
ratios of MLP module. ‘SIC’ denotes Spaital Interaction Ca-

pability.

Top—l(%)

Models  Expand-ratio  SICtimes) gy, ge-1 Stage-2
1 7 51.80  54.70
. 2 5 56.22  57.65
ViT-S 3 3 56.12 58.45
4 1 5850  53.31
1 7 60.05  61.67
. 2 5 63.06  63.19
Swin-T 3 3 64.07 64.29
4 1 6432  64.22

3. Implementation of Dual-Branch

Our proposed dual-branch approach is straightforward to im-
plement and can be seamlessly integrated into existing training
pipelines. We directly replace the vanilla MLP module with it. Be-
low is a simplified implementation using PyTorch [2]. The full
implementation code will be made publicly available.

class SI_Module(nn.Module):
def __init__(self, dim_mlp, ratio_mlp, dim_spatial,
ratio_saptial,):
super (SI_Module, self).__init__()
# MLP module
self.norml = nn.BatchNormid(dim_spatial)
self.mlp = Mlpilwla(
in_features=dim_mlp,
hidden_features=int(dim_mlp * ratio_mlp),
)
# SI module
self.norm2 = nn.BatchNormld(dim_mlp)
self.spatial = Mlplwla(
in_features=dim_spatial,
hidden_features=int(dim_spatial =*
ratio_saptial),
)
# channel-wise balancing factor
self.learnablescaling = nn.Parameter(torch.zeros
(1,1,dim_mlp), requires_grad=True)
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def forward(self, x):

x1 = self.mlp(self.norml(x))

x2 = self.spatial(self.norm2(x.transpose(1,
transpose (1, 2)

x = x1 + self.learnablescaling x x2

return x

2))).
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