
A. Datasets
A.1. Image datasets

ImageNet (IN1K) [70]. We use the ILSVRC 2012 challenge
subset of ImageNet that has 1.28M training and 50K val
images with 1000 classes. The 1000 classes cover a wide
range of concepts from fine-grained species of dogs, to every
day indoor and outdoor objects. The dataset is released
under a non-commercial license. This subset of ImageNet is
widely used for benchmarking image recognition models.
iNaturalist-2018 (iNat18) [44]. The iNaturalist dataset is a
fine-grained plant and animal species classification dataset.
We use the 2018 version of the dataset that has 437K train-
ing and 24K val images with 8142 classes. The dataset
was collected in collaboration with iNaturalist, a citizen sci-
ence effort that uses pictures submitted by people around
the world. The dataset is released under a non-commercial
iNaturalist license. To the best of our knowledge, no PII or
harmful content has been reported in the dataset.
Places-365 (P365) [91]. The Places dataset is a scene recog-
nition dataset that evaluates image recognition models on
indoor and outdoor scene classification. The dataset consists
of 1.8M training and 36K val images with 365 scene classes.
The dataset has public images and is released under a non-
commercial license. To the best of our knowledge, no PII or
harmful content has been reported in the dataset.

A.2. Video datasets

Something Something-v2 (SSv2) [37]. This is a video
action classification dataset with a special emphasis on tem-
poral modeling. It consists of ∼ 169K training and ∼ 25K
validation clips, each a few seconds long, classified into one
of 174 action classes. Due to the nature of the classes con-
sidered (e.g. “covering something” and “uncovering some-
thing”), the dataset requires temporal modeling to correctly
classify each video. The dataset has been collected by con-
senting participants who recorded the videos given the action
label, and released under a non-commercial license. To the
best of our knowledge, no PII or harmful content has been
reported in the dataset.
EPIC-Kitchens-100 (EK100) [22]. This dataset consists of
100 hours total of unscripted egocentric videos. Each video
is densely labeled with human-object interactions (“clips”),
which consists of a start time, end time, one of 300 nouns
(the object interacted with) and one of 97 verbs (the type
of interaction). There are ∼ 67K training and ∼ 10K val-
idation clips. Following prior work [22, 33], we tackle the
task of recognizing the 3,806 (verb, noun) pairs given a
clip. Note that not all (verb, noun) combinations occur
in both training and testing data. We use this dataset as a
transfer task to evaluate the learned representation. The data
is released under CC-BY-NC 4.0 license. The videos were
collected by consenting participants who wore egocentric

cameras while recording their daily activities, typically cook-
ing. Given the egocentric nature of the videos, PII such
as faces are not visible in the videos. To the best of our
knowledge, no offensive content has been reported on this
dataset.
Kinetics-400 (K400) [48]. This dataset consists of ∼ 240K
training and ∼ 20K validation third-person video clips that
are 10 seconds in length. Each clip is labeled into one of
400 action categories. The task requires classifying each
validation video into one of these categories. The dataset is
based on publicly available web videos from YouTube. Due
to the videos being taken down over time, the dataset changes
over time making apples-to-apples comparison with prior
work difficult. Hence, we use a static dataset like SSv2 for
pre-training and the primary comparisons. We will release
the set of train and test videos that we had access to from
this dataset. To the best of our knowledge, no PII or harmful
content has been reported on this dataset.

B. Implementation Details

B.1. Details about Pretraining

We pretrain the model jointly on IN1K and SSv2 using
the hyperparameters in Table 3. The dataset-specific hyper-
parameters are in the individual columns, and others are in
the middle. These apply to ViT-B, ViT-L, and ViT-H unless
specified otherwise. We use the same hyperparameters for
pretraining the models on IN1K and K400 (Table 2). The
ViT-H model in Table 2 is pretrained for 2400 epochs.

Config IN1K SSv2

Optimizer AdamW
Peak learning rate 3e-4
Weight decay 0.05
Optimizer Momentum β1 = 0.9, β2 = 0.95 [16]
Batch size 2048
Sample replication 1 4
Warmup epochs 40
Total epochs 800 (default), 1600 (Table 2)
Augmentations:
ShortSideScale N/A 256px
RandomResizedCrop
size 224px
scale [0.2, 1.0] [0.08, 1.0]
ratio [0.75, 1.33]
interpolation Bicubic Bilinear

RandomHorizontalFlip p = 0.5 p = 0.0
Normalize Yes

Table 3. Pretraining hyperparameters

We train the model using 64 (or 128 for ViT-L, ViT-H)



32GB+ GPUs (A100 or Volta 32GB). The model is trained
with an ℓ2 loss on the pixel values. We normalize the target
using the mean and variance of the pixels in the patch, where
the norm is computed for each color channel separately,
before applying the loss. Note that we use the original 0-
255 pixel values before normalizing for this loss. We use
a a decoder with 4 layers and 384 dimension for ViT-B, 4
layers and 512 dimension for ViT-L, and 8 layers and 512
dimension for ViT-H.
Optimized video dataloading. AI training clusters usually
load data from high-latency high-throughput filesystems,
where dataloading for image and video datasets is bottle-
necked not by the throughput, but by the latency for each
read. For videos, this problem is exacerbated by the addi-
tional time spent decoding videos, ultimately resulting in
situations where video training is bottlenecked by dataload-
ing. In OmniMAE, where the training step is lightweight,
owing to 95% masking for videos, in order to see a congru-
ent improvement in wall-clock times, we needed to optimize
our video dataloading. PyTorch dataloaders read data in
synchronous fashion, which means that while a sample is
loaded from disk and decoded, the corresponding dataload-
ing process blocks without doing any work while waiting.
Having multiple dataloader workers can mitigate this, but
there is a cap to it based on the CPU memory and cores.
To mitigate this issue, we implemented asynchronous dat-
aloaders using asyncio, allowing the same process to send
multiple requests without blocking. This allows us to reduce
the amortized data reading time to effectively zero, resulting
in much faster training speeds. As Figure 5b shows, our
sample replication strategy provides a training speedup over
this optimized dataloading setup.

B.2. Transfer Learning

Table 4 specifies the hyperparameters for finetuning ViT-
B, ViT-L and ViT-H on the image datasets we utilize – IN1K,
iNat18 and P365. We report the peak test accuracy observed
during training. For all three datasets we use the same set-
tings with just different peak learning rates and total epochs.

For fine tuning on video datasets, we sample 16 frames
from clips. For SSv2 and EK100 we sample 2.7 second clips.
For K400 we sample 2 second clips. At test time, we sample
5 clips with 3 spatial crops and report the final test accuracy
at the end of training. Table 5 specifies the hyperparameters
for finetuning on SSv2 and EK100, and Table 6 on K400.

For all the datasets, we use the same finetuning hyperpa-
rameters for ViT-L and ViT-H.

B.3. Details about Ablations

For ablations, we start from a base pretraining config-
uration on IN1K and SSv2 that includes 1) 75% and 90%
masking on IN1K and SSv2 respectively; 2) Random and
Tube masking on IN1K and SSv2 respectively; 3) A common

Config ViT-B ViT-{L, H}

Optimizer AdamW
Peak learning rate

IN1K 4e-3 2e-3
iNat18 2e-3
P365 2e-3

Total epochs
IN1K 100 50
iNat18 300 100
P365 60 50

Warmup epochs 5
Weight decay 1e-4 5e-2
Layerwise LR decay [6, 20] 0.65 0.75
Optimizer Momentum β1 = 0.9, β2 = 0.999
Batch size 1024
DropPath [45] 0.1 0.2
EMA [69] 1e-4
Augmentations:
RandomResizedCrop
size 224px
scale [0.08, 1.0]
ratio [0.75, 1.33]
interpolation Bicubic

RandomHorizontalFlip p = 0.5
RandomAugment [21]
magnitude 9
num_layers 0.5

RandomErasing [90] p = 0.25
Normalize Yes
mixup [88] 0.8
CutMix [86] 1.0
LabelSmoothing [73] 0.1

Table 4. Finetuning hyperparameters for IN1K, iNat18 and P365

4-layer 384D decoder for both datasets; 4) Peak learning rate
of 3e-4.
Masking ratio. For the masking ratio ablation, we vary the
amount of patches that are masked for each of the modalities.
We start from the default 75% masking for each modal-
ity [40], and increase it upto 90% for images and 95% for
videos. We notice that while downstream performance on
images is stable across different masking ratios on the im-
age dataset during pretraining, increasing the video masking
leads to improved performance on downstream video tasks.
We observe the best performance at 95% masking on videos.
Masking type. For this ablation, we vary the type of mask-
ing used in each modality. Starting from the default masking
type of (Random, Tube), we experiment with Causal mask-
ing on images, and Frame, Causal or Random masking on
videos. In all cases we keep the masking ratio to be 75% for



Config ViT-B ViT-{L, H}

Optimizer AdamW
Peak learning rate 1e-3
Total epochs 40
Batch size 512
Warmup epochs 5
Weight decay 5e-2
Layerwise LR decay [6, 20] 0.75
Optimizer Momentum β1 = 0.9

β2 = 0.999
DropPath [45] 0.1 0.2
Augmentations:
ShortSideScale 256px
RandomResizedCrop
size 224px
scale [0.08, 1.0]
ratio [0.75, 1.33]
interpolation Bicubic

RandomAugment [21]
magnitude 7
num_layers 4

RandomErasing [90] p = 0.25
Normalize Yes
mixup [88] 0.8
CutMix [86] 1.0
LabelSmoothing [73] 0.1

Table 5. Finetuning hyperparameters for SSv2 & EK100.

images and 90% for videos.
Decoder capacity. For this ablation, we explored different
decoder capacities by varying the decoder depth and embed-
ding dimension. In particular, we test decoder depths of 2,
4 and 8 layers as well as embedding dimensions of 384 and
512.
Sample replication. We briefly note the procedure for sam-
ple replication. Let B denote the total batch size for training
without any replication. To maintain the total batch size for
training, when replicating a sample t times, we sample B

t
training samples from the dataset. After replication, each
of the B samples is augmented and processed individually.
Thus, sample replication reduces the I/O associated with
reading and decoding a sample by a factor proportional to
the replication factor t.
Dataset ratio. We experiment with varying the relative
dataset ratio of IN1K and SSv2 such that we replicate only
one dataset at a time. In addition to the default dataset ratio
of 1:1 (IN1K:SSv2), we test dataset ratios of 1:2, 1:3, 2:1
and 3:1. For such dataset ratios, the samples for one of the
datasets are replicated for every epoch, leading to longer
training wall clock time.
Specify random variance. Due to the large number of ex-

Config ViT-B ViT-{L, H}

Optimizer AdamW
Peak learning rate 1e-3
Total epochs 175 100
Sample replication 2
Batch size 1024 512
Warmup epochs 9
Weight decay 5e-2
Layerwise LR decay [6, 20] 0.75
Optimizer Momentum β1 = 0.9

β2 = 0.999
DropPath [45] 0.1 0.2
Augmentations:
ShortSideScale 256px
RandomResizedCrop
size 224px
scale [0.08, 1.0]
ratio [0.75, 1.33]
interpolation Bicubic

RandomHorizontalFlip p = 0.5
RandomAugment [21]
magnitude 9
num_layers 2

Normalize Yes
mixup [88] 0.8
CutMix [86] 1.0
LabelSmoothing [73] 0.1

Table 6. Finetuning hyperparameters for K400.

periments and compute associated with training the models,
we note the random variance across a small subset of our
experiments from § 4.2. We measure the random variance of
both pretraining and transfer learning. We pretrain the model
with different random seeds and finetune it on ImageNet and
SSv2. Across a trial of 3 such pretraining and 2 finetuning
(total 6 runs), we observed a variance of 0.3% and 0.7% on
ImageNet and SSv2 respectively.

B.4. Visualization details

To visualize the pixel reconstructions, we train another
model without the patch mean/var normalization in the loss.
This ensures the model can directly generate the pixel val-
ues that we can visualize without needing to provide it the
patch’s mean/variance. For visualization, we reshape the
predicted pixel values to the original image dimensions, and
replace the unmasked patches with the ground truth pixel
values.

C. Additional Visualizations
We present additional visualizations in Figs. 6 and 7. To

match the model’s training settings, we visualize by masking
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Figure 6. Additional Reconstruction visualizations using Omni-
MAE on different video datasets. We show the model predictions
for a masking ratio of 95%.

Figure 7. Additional Reconstruction visualizations using Omni-
MAE on the IN1K image dataset. We show the model predictions
for a masking ratio of 90%.

90% of the image patches and 95% of the video patches.

D. Additional Ablations

Effect of extra data. Since OmniMAE is trained with extra
data compared to MAE, one concern is whether the gains
can be attributed to joint training or simply the extra frames.
To that end, we experiment with training MAE with indi-
vidual frames from SSv2 instead of videos. To ensure an
exact apples-to-apples comparison, we use the exact setup
for OmniMAE, and simply convert each video input into
individual frames, hence ensuring the exact same epochs,
number of parameter updates, data, learning rates schedule
etc. As we see in Table 7, the SSv2 video classification per-

Setting Data IN1K SSv2
OmniMAE IN1K + SSv2 frames 82.7 64.2
OmniMAE IN1K + SSv2 82.8 69.0
MAE (cf . Figure 2) IN1K 83.4 59.5

Table 7. Effect of extra data. We train OmniMAE with the
exact set of IN1K images and SSv2 frames used during original
OmniMAE pretraining with IN1K images and SSv2 videos. This
follows our setup in § 4.2, where we train ViT-B for 800 epochs.
While the IN1K image classification performance in both settings
is comparable, the SSv2 video classification performance drops
significantly by almost 5% when trained only using frames and
not video clips, although it is better than just training with IN1K
images. This shows that the performance gains with OmniMAE
are not merely due to the additional data being used for training.

formance drops by almost 5% when trained with frames and
not video clips, although it is better than training with only
IN1K images. This ensures that the gains are indeed from
jointly training on the two modalities, rather than simply
using more data during training.
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