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1 Details of predictor architectures

We utilize the basic block of resnet to construct the predictor, i.e., 4 basic blocks are stacked to form
the predictor network in our paper. Here we build 4 predictor architectures with fewer parameters
and FLOPs and we compare their performances as follows. We can see that the predictor with fewer
flops leads to slight accuracy degradation.

(1) Predictor-Architecture-1: The original predictor in our paper. The parameters of the first convolu-
tion are Conv2d (3, 64, kernel_size=(7, 7), stride=(2, 2), padding=(3, 3), bias=False).

(2) Predictor-Architecture-2: We reduce the blocks of the predictor in (1) to construct a new predictor.
We retain only 2 blocks.

(3) Predictor-Architecture-3: We increase the stride of the first convolution in (2) to 4. Thus, the
parameters of the first convolution are Conv2d (3, 64, kernel_size=(7, 7), stride=(4, 4), padding=(3,
3), bias=False).

(4) Predictor-Architecture-4: We construct the predictor with only two convolutions.

Predictor | Predictor FLOPs | Total FLOPs Acc
€))] 0.29G 3.35G 82.5%
) 0.17G 3.23G 82.0%
3) 0.04G 3.10G 82.0%
@) 0.09G 3.15G 81.4%

Table 1: comparison of different Predictors.

The details of these predictors are shown as follows:
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(3) Predictor-Architecture-3
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2 ImageNet-100 Categories.
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