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Motivations & Solution

= The ViT adapter has emerged as a pivotal methodology for extracting vision-specific inductive
biases from pre-trained ViT models|1], effectively mitigating the limitations inherent in the
conventional pre-training followed by fine-tuning paradigm.

= While existing ViT adapters have demonstrated notable accuracy in vision tasks, their in-
ference efficiency is substantially compromised by suboptimal memory access patterns|2],
particularly due to operations such as standard normalization and frequent tensor reshaping.
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As illustrated in Figure 2, the whole network mainly consists of two parts:

1. The upper part is a pre-trained plain ViT model, which consists of 4 backbone blocks.

2. The lower part is a trainable ViT adapter, which includes a spatial prior module and a set of
cascaded MEA injectors and cascaded MEA extractors that act on each Vil backbone block.
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Experiments & Results

Datasets: \We conduct experiments on two datasets: MS-COCO for object detection (ODet)
and instance segmentation (ISeg), and ADE20K for semantic segmentation (SSeg).

Baselines and settings: Mask R-CNN, Cascade Mask R-CNN, ATSS, and GFL are employed as
the baseline models for ODet and [Seg. We select Semantic FPN and UperNet as baseline
models for SSeg, where the Semantic FPN is trained for 80k iterations and the UperNet is
trained for 160k iterations. All the baseline models are pre-trained on ImageNet-1k by default.
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= As illustrated in Figure 1, qualitative performance evaluations across various models reveal

1
significant advantages of the proposed META over existing ViT models and ViT adapters. L)
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The Attn Branch. To optimize memory efficiency and computational overhead, we employ cross-

Table 1. Result comparisons with SOTA methods under Cascade Mask R-CNN, ATSS, and GFL on the val set of
MS-COCO dataset for ODet and [Seg. MC: memory consumption.

= META exhibits superior efficiency in terms of training parameter optimization, application gap
reduction, memory access cost minimization, and inference time acceleration.
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Figure 1. Qualitative performance comparisons of different models with respect to training parameters (Params.),
application gaps, memory consumptions, and inference time costs.
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the key and value. For each head, the output of the h-th head ﬁ?lf and IA:SZ’; is added into the

input features of the next (h + 1)-th head F’;;“—l and Fg,jt_l’i to be used in the calculation of
subsequent self-attention features, where h = 1,2, ..., H.

~h.i | -
MEA Extractor: FSZ;Z is used as the query, Ffj;;; s used as the key and value. The output of the

i-th cascaded MEA extractor is Fgl’f’
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