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A Additional Ablation Studies1

Effectiveness of Number of Cross-Attention Blocks. We conducted an ablation study with 162

cross-attention blocks. As shown in Table 1, although using more cross-attention blocks will increase3

the computation, it helps to enhance the model performance.4

Table 1: Effectiveness of Number of Cross-Attention Blocks.
# Blocks NYUv2 SUN RGBD

Acc. mAcc. mIoU Acc. mAcc. mIoU
6 77.5 65.8 52.3 79.6 60.5 48.1
8 78.1 65.3 54.1 84.4 60.0 51.4

12 81.5 71.6 59.2 83.9 67.2 54.1
16 83.1 75.1 61.7 85.4 68.7 55.6

Computational Cost. As shown in Table 2, the parameters, GFLOPs, and inference time of our5

method are competitive with prior methods. Meanwhile, we achieved state-of-the-art performance on6

two segmentation benchmarks.7

Table 2: The Comparision of Computational Cost.
Method NYUDv2

mIOU
SUN RGB-D

mIOU PARAMS GFLOPS Inference Time

TokenFusion [2] 54.2 53.0 45.9M 108 126 ms
GeminiFusion [1] 57.7 53.3 75.8M 174 153 ms
MANGO 59.2 54.1 72.9M 152 144 ms

Attention Visualization. As shown in Figure 1, our Invertible Cross-Attention layer can capture the8

attention interaction from the region in the depth image (red box) to the RGB image. This result9

has illustrated the effectiveness of our proposed attention layer in capturing the correlation across10

modalities.11

Figure 1: The Attention Visualization of ICA Layer.
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B Dicussion of Limitations12

Our experiments have chosen a set of learning hyper-parameters and benchmarks to support our13

hypothesis. However, our work could contain several limitations. Our work studied the effectiveness14

of our proposed invertible cross-attention layers in multimodal learning. Thus, the investigation of15

balance weights among learning objectives has not been fully exploited, and we leave this experiment16

as our future work. Due to computation limitations, our experiments are limited to the standard17

scale of the benchmarks. However, we hypothesize that the proposed approaches can generalize18

to larger-scale data and benchmark settings according to the fundamental theories presented in our19

paper.20
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