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A. Hyper-parameters

Pre-training. All models are pre-trained under a 300-
epoch schedule on ImageNet-1K [7] training set. We
use a batch size of 4096 and a learning rate of lr=1.5e-
4×batchsize/256. We adopt a cosine decay schedule with
a warm-up for 15 epochs. We adopt AdamW [6] optimizer
with a weight decay of 0.05. We use random resized crop-
ping random horizontal flipping, color jitter for student only.
The input size is set to 224× 224.
Fine-tuning. We transfer TinyMIM pre-trained models to
ImageNet [7] image classification and ADE20K [10] seman-
tic segmentation. For ImageNet, we use AdamW optimizer
with weight decay of 0.05. For data augmentation, we follow
the settings in MAE [1]. We fine-tune ViT-B for 100 epochs
with a batch size of 1024, a learning rate of 2e-3, and a
drop path rate of 0.1. We fine-tune ViT-S and ViT-T for 200
epochs with a batch size of 2048, a learning rate of 5e-3, and
a drop path rate of 0.1. For ADE20K, we follow the same
setting in MAE and adopt UperNet [9] as our framework
with a TinyMIM pre-trained backbone. The input image
resolution is 512 × 512 for training and evaluating. We use
mIoU as the evaluation metric.

Besides, we evaluate the robustness of TinyMIM on vari-
ous out-of-domain ImageNet datasets [2–4] which are gen-
erated by applying different perturbations on ImageNet, e.g.
natural adversarial examples (ImageNet-A), semantic shift
(ImageNet-R), common image corruptions (ImageNet-C).
We report top-1 accuracy on ImageNet-A/R and mCE error
on ImageNet-C (lower is better).
Hyper-parameters of ImageNet-1K Pre-training. See
Table 1.
Hyper-parameters of ImageNet-1K Image Classification
Fine-tuning. See Table 2. TinyMIM⋆-T retains the plain
architecture and computation budget of ViT-T. We fine-tune
TinyMIM⋆ for 1000 epochs with DeiT-style [8] knowledge
distillation on ImageNet-1K. Following MobileNetV3 [5], an
extra fully connected layer is placed before the classification
layer to increase the feature dimension from 192 to 1280.
The head number is set to 12 instead of the default 3.
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Hyper-parameters for ADE20K Semantic Segmentation
Fine-tuning. See Table 3.

Hyperparameter ViT-T ViT-S ViT-B

Layers 12
Hidden size 192 384 768
FFN inner hidden size 768 1536 3072
Attention heads 3 6 12
Patch size 16× 16

Pre-training epochs 100/300
Batch size 4096
Adam ϵ 1e-8
Adam β (0.9, 0.95)
Peak learning rate 2.4e-3
Minimal learning rate 1e-5
Learning rate schedule Cosine
Warmup epochs 5/15

Stochastic depth 0.1
Dropout %
Weight decay 0.05

Data augment RandomResizeAndCrop
Input resolution 224× 224
Color jitter (student only) 0.4

Table 1. Hyper-parameters of ImageNet-1K Pre-training.
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Hyperparameter ViT-T ViT-S ViT-B

Peak learning rate 5e-3 5e-3 2e-3
Fine-tuning epochs 200 200 100
Warmup epochs 5
Layer-wise learning rate decay 0.65 0.65 0.65
Batch size 2048 2048 1024
Adam ϵ 1e-8
Adam β (0.9, 0.95)
Learning rate schedule Cosine

Stochastic depth 0.1 0.1 0.1/0.2∗

Weight decay 0.05
Label smoothing ε 0.1
Dropout %

Gradient clipping %

Erasing 0.25
Input resolution 224× 224
Rand augment 9/0.5
Mixup 0.8
Cutmix 1.0

Table 2. Hyper-parameters of ImageNet-1K image classification
fine-tuning. ∗ indicates that we use 0.1 and 0.2 for 100-epoch and
300-epoch pre-trained models, respectively.

Hyperparameter ViT-S ViT-B

Input resolution 512× 512

Peak learning rate 1e-4
Fine-tuning steps 160K
Batch size 16
Adam ϵ 1e-8
Adam β (0.9, 0.999)
Layer-wise learning rate decay {0.65, 0.75, 0.8}
Minimal learning rate 0
Learning rate schedule Linear
Warmup steps 1500

Dropout %
Stochastic depth 0.1
Weight decay 0.05

Table 3. Hyper-parameters of ADE20K semantic segmentation
fine-tuning.
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