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A. Hyper-parameters
A.1. ImageNet-1K image classification

On ImageNet-1K [2, 8] classification benchmark, following
ConvNeXt [6] and ConvNeXt-A trained by timm [12], we
adopt the hyper-parameters shown in Table 1 to train Incep-
tionNeXt at the input resolution of 2242 and fine-tune it at
3842. Our code is implemented by PyTorch [7] based on
timm library [12].

A.2. Semantic segmentation

For ADE20K [16] semantic segmentation, we utilize Con-
vNeXt as the backbone with UpNet [14] following the con-
figs of Swin [5], and FPN [4] following the configs of PVT
[11] and PoolFormer [15]. The backbone is initialized by
checkpoints pre-trained on ImageNet-1K at the resolution
of 2242. The peak stochastic depth rates of the Inception-
NeXt backbone are shown in Table 2. Our implementation
is based on PyTorch [7] and mmsegmentation library [1].

B. Qualitative results
Grad-CAM [9] is employed to visualize the activation maps
of different models trained on ImageNet-1K, including
RSB-ResNet-50 [3, 13], Swin-T [5], ConvNeXt-T [6] and
our InceptionNeXt-T. The results are shown in Figure 1.
Compared with other models, InceptionNeXt-T locates key
parts more accurately with smaller activation areas.
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InceptionNeXt
Train Finetune

A T S B B
Input resolution 2242 2242 3842

Epochs 450 300 30
Batch size 1280 4096 1024
Optimizer AdamW AdamW AdamW
Adam ϵ 1e-8 1e-8 1e-8
Adam (β1, β2) (0.9, 0.999) (0.9, 0.999) (0.9, 0.999)
Learning rate 1e-3 4e-3 5e-5
Learning rate decay Cosine Cosine Cosine
Gradient clipping None None None
Warmup epochs 5 20 None
Weight decay 0.05 0.05 0.05
Rand Augment 5/uniform 9/0.5 9/0.5
Repeated Augmentation off off off
Cutmix 1.0 1.0 1.0
Mixup 0.2 0.8 0.8
Cutmix-Mixup switch prob 0.5 0.5 0.5
Random erasing prob 0.1 0.25 0.25
Label smoothing 0.1 0.1 0.1
Peak stochastic depth rate 0.1 0.1 0.3 0.4 0.7
Dropout in classifier 0.0 0.0 0.5
LayerScale initialization 1e-6 1e-6 Pre-trained
Random erasing prob 0.1 0.25 0.25
EMA decay rate None None 0.9999

Table 1. Hyper-parameters of InceptionNeXt on ImageNet-1K
image classification.

Method InceptionNeXt stochastic depth rate
T S B

UperNet [14] 0.2 0.3 0.4
FPN [4] 0.1 0.2 0.2
Table 2. Stochasic depth rate of InceptionNeXt backbone with
UperNet and FPN for ADE20K semantic segmentation.
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Figure 1. Grad-CAM [9] activation maps of different models trained on ImageNet-1K. The visualized images are from the validation set
of ImageNet-1K.
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