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Abstract
The objective of this paper is an efficient training method for video tasks. We make
three contributions: (1) We propose Turbo training, a simple and versatile training paradigm
for Transformers on multiple video tasks. (2) We illustrate the advantages of Turbo
training on action classification, video-language representation learning, and long-video
activity classification, showing that Turbo training can largely maintain competitive performance while achieving almost 4× speed-up and significantly less memory consumption. (3) Turbo training enables long-schedule video-language training and end-to-end
long-video training, delivering competitive or superior performance than previous works,
which were infeasible to train under limited resources.

1

Introduction

The extra temporal axis of video, compared to a static image, can capture rich information
such as long term activities and stories. However, it also brings a few orders of magnitude of
more data with the concomitant costs in processing and memory requirements. This, together
with the long training schedules required to train networks on video data, has tremendously
slowed research progress in video understanding and has raised the bar for researchers to
make contributions in this area, particularly with limited resources. Furthermore, training
consumes a significant amount of energy and hardware, with detrimental consequences for
the natural environment.
In this paper, we propose a computation-efficient paradigm for training Transformers on
video tasks, termed as Turbo training, which only needs to process sparsely sampled visual
tokens. It is based on a multi-task training that jointly optimises two objectives: a masked
region autoencoder loss, and the standard training loss for the downstream task of interest,
for example, cross-entropy for action recognition, or contrastive loss for visual-language
representation learning.
Turbo training is possible because the visual data contains redundancy. As observed in
the recent self-supervised pre-training work, such as MAE [13] for images and [9, 46] for
videos, it is sufficient to use only a small fraction of the input visual tokens to reconstruct the
visual signal. For example, in images, 75% of the visual tokens can be dropped, whilst in
videos, the dropout can be even more aggressive, and 90% of the spatio-temporal tokens can
© 2022. The copyright of this document resides with its authors.
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be dropped while still being able to learn a strong representation using self-supervision. In
Turbo training, we adopt a similar intuition and target efficient supervised training for video
understanding. In short: given the high redundancy in videos, training Transformers
with sparsely sampled visual tokens is sufficient for the downstream tasks of interest.
This is beneficial for video understanding tasks in two ways: first, training efficiency, it dramatically reduces the computational cost for training transformers; second, memory requirements, videos of longer length can be loaded and directly trained on, leading to improved
performance and new abilities, i.e., end-to-end training the transformer models.
To summarise, we make the following contributions: (1) We propose Turbo training,
a new paradigm for training Transformers on video understanding tasks, that jointly optimises a masked autoencoding and standard training loss for the downstream task of interest.
(2) We illustrate the advantages of Turbo training on three video understanding tasks, including action classification, video-language training, and long-video activity classification,
showing that training on sparsely sampled video patches can largely maintain competitive
performance on most of the video tasks of interest, while achieving almost 4× speed-up
and significant reduction in memory consumption. As a consequence, (3) Turbo training enables long-schedule video-language representation learning and end-to-end long-video activity classification, delivering competitive or superior performance than previous methods.

2

Related Works

Masked Autoencoding has been used in the natural language processing community with
great success to pre-train language models with a fill-in-the-blank task; specifically, the
model is trained to use the context words surrounding a masked token to try to predict what
the masked word should be, a typical example would be BERT [6]. In fact, a similar idea has
also been investigated in computer vision for self-supervised learning in the seminal work
of context autoencoder [32], where the authors proposed to learn a visual representation by
training a ConvNet to inpaint the missing region of an image. However, due to the large
effective spatial receptive fields of ConvNets, severe boundary artefacts weakened the learnt
representation. Recently, with the advent of the Vision Transformers [7], that do not suffer
from the same spatial receptive field problem, masked autoencoding has become popular
again as an effective method to pre-train large-scale Vision Transformers. Examples include
MAE [13], SimMiM [52], and BEiT [2] for images, and [9, 10, 46] for videos.
Efficient Deep Neural Networks. Since the resurgence of deep neural networks, reducing
the computational cost for training or inference has always considered as an important topic.
For instance: in image classification, novel architectures are regularly developed, Binarised
Neural Networks [4, 37], MobileNet [14], ShuffleNet [51], EfficientNet [43]; and in object
detection, single-stage detectors have drastically improved the efficiency of object detection,
e.g., YOLO [38], SSD [29], RetinaNet [27], CornerNet [26], etc. When processing videos,
the efficiency becomes even more critical. In the literature, approaches have been proposed
to intelligently sample the video data, by exploiting the relatively cheap audio modality in
videos [22], to exploit variable mini-batch shapes for fast training [49], or to directly train
on compressed videos without decoding [50].
Efficient Transformers. Transformer model architectures have gained immense interest
due to their effectiveness on a range of tasks, including computer vision, natural language
processing, reinforcement learning, etc. The self-attention mechanism is a critical design in
Transformer that enables each input token to explicitly build relationships with others. In
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Figure 1. Illustration of Turbo training. We train a Video Transformer model by only using sparsely
sampled visual tokens, for faster training and reduced computational cost. To achieve this goal,
we exploit a multi-task training scheme, with one task being partial masked autoencoding, and the
other being the standard supervised loss for the downstream task of interest, for example, contrastive
learning for visual-language pre-training, or cross-entropy for action classification.

order to improve the general efficiency, a rich set of ideas have been explored to reduce the
complexity for computing the self-attention affinity matrix, for example, to develop recurrence in the Transformer (Transformer-XL [5]), to reduce the computation consumption by
only exploiting Transformer decoders with a controllable number of queries (Perceiver [17]),
to use learnable attention pooling (Routing Transformer [39], Sinkhorn Transformer [45],
Reformer [21]) to rely on low rank matrix decomposition of the affinity matrix from selfattention (Linformer [48], MotionFormer [34], Performer [3], Linear Transformer [19]), to
exploit sparse representation (Product Key Memory [25]) for the affinity matrix. In this paper, our proposal is orthogonal to the above mentioned techniques, specifically, motivated by
the high redundancy in visual signals, we aim to train the Transformer on videos with only
sparsely sampled visual patches.

3

Method

We start by presenting an overview of Vision Transformers in Section 3.1, and discuss their
pros and cons for video understanding tasks. In Section 3.2, we introduce the Turbo training,
and describe its application for efficiently training the Vision Transformer on videos.

3.1

Vision Transformers for Videos

Generally speaking, given a video with T frames, i.e., V = {I1 , I2 , . . . , IT }, with Ik ∈ RH×W ×3 ,
as input to a Vision Transformer (ViT), the video is first split into non-overlapping spatialtemporal patches, and projected with linear layers to get a sequence of token vectors. After
appending a learnable ‘CLS’ token (vCLS ), the resulting vector sequence is then processed
with series of transformer encoder layers, i.e., z = ΦV I T ([vCLS , v1 , ..., vn ] + PE), where vi denotes one of the n = nt ·nh ·nw spatio-temporal patches of size t ×h×w, with nt = ⌊T /t⌋, nh =
⌊H/h⌋, nw = ⌊W /w⌋, and PE refers to the spatio-temporal positional encodings.
With the self-attention operations along all the spatial-temporal patches, the benefit of
applying ViT on videos is prominent – it can capture the long-term dependency in the videos.
However, the self-attention also incurs the quadratic complexity, i.e., O((nt · nh · nw )2 ), for
scenarios when the input video is long (more than a few seconds), the memory consumption becomes infeasible. As a consequence, the majority of ViT-based architectures are still
limited to only processing short video clips.

3.2

Turbo Training

In this paper, we introduce a Turbo training regime, that aims to exploit the redundancy
in video data, and optimise a video Transformer for multi-task training with only sparsely
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sampled visual tokens. It requires optimizing for two objectives: (i) partial masked autoencoding, that acts as a proxy task to force the model to capture spatio-temporal information
to a full extent, with only the sparsely sampled video patches; and (ii) the default objective
for the considered downstream task, that may refer to cross-entropy or contrastive learning.
In the following, we start by describing the partial masked autoencoder, and then detailing the use of Turbo training on various video understanding tasks, including: action
classification, video-language training and long-video activity classification.
Partial Masked Autoencoder (PMAE). We use a ViT as the visual encoder (ΦViT-enc (.)),
that consists of a number of Transformer encoder blocks, operating on the input visual tokens. Inspired by MAE [13], we also use a shallow decoder with much fewer Transformer
blocks than the encoder (Φdec (.)). After preparing the spatial-temporal patches, we define
three operations for the embedded tokens: (1) masking the input visual tokens with a ratio m,
which means only Ni = nt ·nh ·nw ·(1−m) tokens are fed into the visual encoder (ΦViT-enc (.));
(2) reconstructing at a reconstruction ratio r, that means Nr = nt · nh · nw · r tokens are the
targets of the reconstruction tasks; (3) the unused Nignore = nt · nh · nw · (m − r) tokens are
ignored in the training iteration. Note that a natural constraint r ≤ m holds, and the original
MAE setting [13] can be regarded as the special case when r = m. This training regime
significantly cuts downs the memory consumption, for example, the complexity for selfattention in the encoder layer is only O(Ni2 ), compared to operating on the full token sequence (O((nt · nh · nw )2 )), while the decoder layer can be quite lightweight, with the complexity of self-attention being O((Ni + Nr )2 ).
Action Classification. Here, we apply the Turbo training for Transformers on the video
action classification task. In addition to the above-mentioned partial MAE loss (LPMAE ), we
adopt the standard cross-entropy loss on the short clips. Specifically, when given a labelled
video sample {V, y}, i.e., a short video clip with an action label, we take the ‘CLS’ feature
from the final layer of the visual encoder, then we pass the visual feature to a classifier, that
is parametrised with a single MLP layer (denoted as g(.)), and trained with cross entropy
loss. The overall objective for classification training is
L = λCE · LCE (g(zCLS ), y) + LPMAE

(1)

In practice we set the weight λCE = 1/ log (num_classes) to balance two losses.
Visual-language Pre-training. Recently, visual-language representation learning has attracted growing interest from the community, due to its convenience of data curation procedure and remarkable performance on “zero-shot” generalisation on various image classification tasks [18, 36]. However, the challenge for training the model lies in its requirement for
a significant amount of compute and long training schedule. Turbo training can be applied
to this scenario, to significantly speed up and reduce the memory cost. In addition to the
sparse MAE loss (LPMAE ), here we also adopt a standard InfoNCE loss (noise contrastive
learning [47]) to learn the joint embedding for the visual and language streams.
Specifically, given a paired video-language sample {V, y}, e.g., a video clip and a sentence that describes the visual scene, we use a Transformer-based language model Ψtext (·) to
encode the sentence, and take the language ‘CLS’ token as the representation for the entire
sentence:
zt = Ψtext ([wCLS , w1 , . . . , wn ] + PE)
where wi denotes word embedding after tokenisation, and PE denotes the positional embedding for the language. As for the visual stream, we use the same Transformer-based visual
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encoder (ΦV I T- ENC (·)), as introduced above, and take the final visual ‘CLS’ feature as the
visual feature. The overall visual-language training loss is
L = λNCE · LNCE + LPMAE

(2)

with LNCE denoting a bi-directional (visual-to-language & language-to-visual) InfoNCE loss.


1
exp (zv · zt )
exp (zv · zt )
LNCE = −
log
+ log
2
∑t exp (zv · zt )
∑v exp (zv · zt )
In practice we set the weight λNCE = 1/ log (batch_size) to balance two losses.
Long-video Activity Classification. Turbo training enables to load longer video sequences
for end-to-end training, which was a challenging factor for long-video tasks. By applying
Turbo training, the method for long-video activity classification is largely simplified and is
similar to the method of short-video action classification. Specifically, given a labelled long
video sample {V, y}, we still optimise Eq. 1 as the main objective, whilst applying a larger
masking ratio on the input video V is necessary to reduce computational cost.

4

Experiments

In this section, we validate the effectiveness of Turbo training by experimenting on three
different tasks: video action classification, video-language representation learning, and longvideo activity classification.

4.1

Action Classification

Dataset. We conduct experiments on two datasets, UCF101 [42], containing 13k short
video clips for 101 human actions, and HMDB51 [23], containing 7k short video clips for
51 human actions. We report the Top1 classification accuracy on this task.
Implementation. In accordance with the experiment setting as used in [46], for each short
video clip we decode the video with 5 fps and randomly sample 16 video frames at 224×224
resolution as input, which approximately spans about 3.2 seconds in time. The video frames
are passed to the ΦV I T (·) with a token dropout controlled by the mask ratio m, and we take the
final-layer ‘CLS’ token as the video feature, which is further passed to a linear classifier and
trained with cross-entropy (CE) loss. Also, we keep a light-weight MAE objective controlled
by a reconstruction ratio r, that is to reconstruct some randomly selected (r × 100%) spacetime patches with a light weight ViT decoder. The overall objective function is in equation 1.
We experiment with different combinations of the mask and reconstruction ratios {m, r},
to study their effects on turbo training. For more training details, we refer the reader to
Supplementary Material.

4.2

Video-Language Representation Learning

Dataset. For the experiments on video-language pre-training, we adopt the recent HTMAA dataset, where the video and language description have been temporally auto-aligned
with self-supervision [12]. HTM-AA contains 250K videos sourced from the HowTo100M [30]
dataset, with over 3.3M clip-sentence pairs. For evaluation of the learnt video-language
representation, we benchmark on a temporal action alignment task on the HTM-Align
dataset [12]. Specifically, HTM-Align contains 80 long videos from YouTube with a total

6

HAN, XIE, ZISSERMAN: TURBO TRAINING WITH TOKEN DROPOUT

of 5K ASR sentences, and each visually alignable sentence has a manually labelled temporal segment. Note that, we only use this HTM-Align dataset for evaluation purposes, and
all training is done on the automatically curated HTM-AA dataset, thus it can be seen as a
‘zero-shot’ evaluation on the HTM-Align.
Implementation. In accordance with [28], we choose MPNet [41] as the language encoder. MPNet takes as input a sentence and outputs a textual feature vector. On the visual
side, we use ΦV I T (·) and take the final-layer ‘CLS’ token as the video feature. To demonstrate the effectiveness of Turbo training for the Vision Transformer, we fix the weights of
the language model, and only finetune the weights of the ViT architecture, initialized from
VideoMAE [46] (pretrained on Kinetics-400 [20]). As in Sect. 4.1, the visual encoder takes
as input a 16-frame short video clip extracted with 5 fps, and the language encoder takes
the corresponding sentence associated with the video clip. Overall, we take a batch size of
at most 32 clip-sentence pairs (depending on different masking ratios) for video-language
training, with an InfoNCE loss. We refer the reader to Supplementary Material for more
training and evaluation details.

4.3

Long-video Activity Classification

Dataset. To demonstrate the effectiveness of exploiting Turbo training for end-to-end Transformer training on long video sequences, here we evaluate long-video activity classification
on the Breakfast [24] and COIN [44] datasets. In detail, Breakfast contains 1712 long
videos for 10 cooking activities including ‘making coffee’ and ‘frying egg’. COIN contains
11k long videos covering 180 general activities including ‘car polishing’ and ‘assembling
sofa’. The videos in these two datasets are often minute-long and untrimmed, containing
procedural actions to complete the particular activity.
Implementation. In our experiment, we load n = {16, 32, 64} frames as the video input,
and train the Transformer end-to-end. Note that, such an end-to-end setting was not easily
achievable in previous works due to the large memory footprint. In detail, at the training
time, we randomly choose the start and end timestamp among the first and last 20% duration
of the video, then uniformly take n frames in between. The rest of the architectural design
is similar to that of Sect. 4.1. At inference time, we repeat sampling n frames for 10 times
from each video, and average the prediction probability, resembling the multi-crop test that
has been widely used in existing work [40]. By default, we use a batch size of 16 videos and
train the Transformer for 100 epochs on Breakfast and 50 epochs on COIN.

5

Results

Here, we start by showing the efficiency improvement from Turbo training on action classification (Sect. 5.1.1), then compare with existing works (Sect. 5.1.2). Next, we report the
results for video-language representation learning (Sect. 5.2), followed by long-video activity classification (Sect. 5.3).

5.1

Turbo Training for Action Classification

5.1.1

Ablation Study: the speed and performance trade-off

In action classification, we investigate two of the hyperparameters of the PMAE, namely the
mask ratio m and reconstruction ratio r. For the training, we use ViT-B initialized with the
VideoMAE weights, and then finetune the network on UCF101 for action classification.
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Mask%
0
50
75
75
90
90

Recon%
- (w/o MAE)
50 (MAE)
75 (MAE)
25 (PMAE)
90 (MAE)
10 (PMAE)

GFLOPs
180.6
99.3
57.6
45.9
35.2
18.3

Acc (%)
94.8∗
93.7
91.8
91.6
89.7
89.6

Train (m%,r%)
90, 10
90, 10
90, 10
75, 25
75, 25
75, 25

Inference m%
90
50
0
75
50
0

Acc (%)
89.6
90.1
90.3
91.6
91.9
92.4

Table 1. Left: Speed and performance trade-off on the UCF101 classification task. *: our implementation of [46] on UCF101. Right: Generalisation to different mask ratios at the inference time.

90

No masking
mask_ratio=0.5
mask_ratio=0.75
mask_ratio=0.9

40
30

Test Top1-Acc(%)

Memory footprint (GB)

50

20
10

80
70

No masking
mask_ratio=0.5
mask_ratio=0.75

60
50

8

16

32

64

128

256

Input frame numbers (log scale)

512

0

2

4

6

8

10

wall-clock time (hours)

12

14

16

Figure 2. Memory footprint of training one Figure 3. Training progress on UCF101 with a batch
size of 16 for 100 epochs.
video with different input frames.

Both high mask ratio and low reconstruction ratio can reduce the computation. In Table 1 (left), we compute the GFLOPs for the Transformer model during Turbo training. Note
that GFLOPs contains both the classifier head for action classification and the decoder for
patch reconstruction. It is evident that increasing the masking ratio can reduce the GFLOPs,
e.g., by applying a 50% masking ratio for action classification, the GFLOPs can be reduced
by half at a cost of only 1% Top1 classification accuracy. Additionally, we find reducing the
reconstruction ratio can also reduce the GFLOPs while incurring minimum effect to the final
classification accuracy (91.8 to 91.6, and 89.7 to 89.6). In the following experiments, we use
settings with {m, r} = {0.75, 0.25} and {0.5, 0.5}, that demonstrate a balance between the
performance and the compute operations. Figure 2 and 3 show the reduced memory footprints and the significant speed-up during training.
Generalisation to smaller masking ratio during inference. Here, we take the models
trained with {m, r} = {0.9, 0.1} and {0.75, 0.25}, and test it with different masking ratio
at inference time. In Table 1 (right), we show that the model trained with high-rate token
dropout can be used with a lower mask ratio at inference time. For example, inference with
full patches (m = 0) achieves the best performance regardless of the training masking ratio.
In the following experiments, we thus use m = 0 at inference by default.
5.1.2

Comparison to state-of-the-art

In Table 2, we compare to the existing approaches, which have been pre-trained on video
or multimodal data in a self-supervised manner, and then end-to-end finetuned on the downstream tasks. Note that, the comparison here is by no means fair, due to the differences in
architecture, training data, and resolutions. However, the key message in this comparison is
that, even with only 50% of the visual tokens for finetuning, the model can still achieve competitive performance compared to all other models, while only needing half the training time
as the original finetuning with all visual tokens. Additionally, with further self-supervised

8

HAN, XIE, ZISSERMAN: TURBO TRAINING WITH TOKEN DROPOUT
Finetune Method
Classic
Classic
Classic
Classic†
Classic
Classic
Classic
Classic
Classic
Turbom=0.5,r=0.5
Turbom=0.5,r=0.5

Pretrain Method
CoCLR [11]
CVRL [35]
ρ-BYOL [8]
VideoMAE [46]
VideoMAE [46]
MIL-NCE [31]
TAN [12]
XDC [1]
GDT [33]
VideoMAE [46]
NCE

Backbone
S3D
Slow-R152
Slow-R50
ViT-B
ViT-B
S3D-G
S3D-G
R(2+1)D-18
R(2+1)D-18
ViT-B
ViT-B

Pretrain Dataset
K400
K600
K400
K400
K400+UCF101
HTM
HTM-AA
IG65M
IG65M
K400
HTM-AA

Modality
V
V
V
V
V
V+T
V+T
V+A
V+A
V
V+T

UCF101
87.9
93.6
94.2
94.7
96.1
91.3
92.0
94.2
95.2
94.4
95.7

HMDB51
54.6
69.4
72.1
73.3
61.0
67.1
72.8
71.8
73.6

Table 2. Comparing with recent self-supervised methods by finetuning on UCF101 and HMDB51
action classification. We apply Turbo training for finetuning, ‘Classic’ means traditional finetuning
method without any token dropout or not applicable to token dropout. †: our reproduction of finetuning the open-sourced model from [46] which was trained on K400 only. The grey row: The best
result on UCF101 from [46] is pretrained on UCF101 for an additional 3200 epochs, therefore it is
different to their open-sourced model (only trained on K400). We use {m, r} = {0.5, 0.5} for our
Turbo training settings.

Turbo training on video-language data (in Sect. 5.2), the performance can be further boosted.

5.2

Turbo Training for Video-Language Representation Learning

In this section, we experiment with video-language turbo training on the HTM-AA dataset.
In detail, we consider three settings: no masking, {m, r} = {0.5, 0.5}, and {0.75, 0.25}. For
each setting, we use the same implementation and the maximum number of video sequences
a single NVidia A40 GPU can handle. We measure the quality of the video-language representation by monitoring the temporal action alignment performance on the HTM-Align
dataset [12], i.e., training wall-clock time vs. the temporal alignment performance. In detail,
we extract the per-second visual features for the long videos in HTM-Align, then use the
text embeddings to retrieve the corresponding visual moment in the time axis, recall is 1.0
if the predicted timestamp fall into the ground-truth temporal segment. We report Recall@1
(R@1) only on alignable sentences as in [12].
Evaluation Details. We follow the evaluation method of [12] that was applied on the CLIP
and MIL-NCE features. For each minute-long video, there are two steps to evaluate the
backbone feature quality on temporal alignment: (1) use the visual backbone to extract video
features for the whole video at 1 feature-per-second, resulting in a sequence of vectors; (2)
use the given sentence embedding to compute the similarity score with the sequence of visual
features, and determine the most corresponding timestamps. In this paper, we adopt the same
evaluation setting, specifically, we extract the video frames at 16 fps and pass every 16 frames
into our ViT to compute a single feature vector, resulting in a sequence of visual features at
1 feature-per-second. Therefore, in Table 4 our temporal receptive field (R.F.) is 1 second
because there is no long-range temporal modelling in this evaluation.
Discussion. As shown in Figure 3, it is clear that a higher mask ratio significantly increases
the training efficiency. For example, after being trained for 18h, the 0.75 mask ratio achieves
28% R@1, whereas the baseline setup only gets 11% R@1. Additionally, to get the same
performance, the m = 0.75 setting gives a 3.5× speed-up comparing with m = 0.5 (reaching
27% R@1 requires 11.3 hours and 40 hours respectively). For the baseline setting without
Turbo training, it is not feasible to achieve a comparable performance under a single GPU
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training budget, showing that Turbo training indeed leads to improved performance and new
abilities for existing Transformer models to finetune on video tasks in an end-to-end manner.

efficient
training

3.5x speed up

Table 3. Progress of vision-language pretraining monitored by R@1 on HTM-Align dataset.

Method
CLIP [36]
CLIP [36]
MIL-NCE [31]
NCE with TAN† [12]
Ours (m=0.75, r=0.25)
TAN∗ [12]

Arch.
ViT-B-32
ViT-B-16
S3D-G
S3D-G
ViT-B-16
S3D-G & TFM

Pretrain Data
YFCC
YFCC
HTM
HTM-AA
HTM-AA
HTM

Temporal R.F.
1s
1s
1s
1s
1s
64s

R@1
16.8
22.0
31.3
33.6
36.7
49.4

Table 4. Zero-shot text-visual alignment results on the HTM-Align dataset. We adopt the same
setting as [12] and report Recall@1 as the metric. ∗: the result from TAN is not directly comparable
as their model contains transformers (TFM) on the S3D-G features and has a much longer temporal
context (64s) for the temporal alignment task. †: we train the NCE loss on HTM-AA for the same
duration (approx. 60h) for a fair comparison.

In Table 4, our video-language representation gets a higher R@1 (36.7) than previous
strong methods, including CLIP (22.0) and MIL-NCE (31.3), and the S3D model after endto-end finetuning on the HTM-AA dataset (33.6), showing the superior quality of the joint
video-language embedding learnt from Turbo training. Note that, the best alignment results (49.4) from TAN [12] is not directly comparable with our method, as their model builds
on pre-extracted S3D base features and learns long-range temporal Transformers that scan
the surrounding 64-second temporal context for the temporal alignment task. Here, we aim
to evaluate the quality of base features, which is orthogonal to the long-term modelling in
TAN [12].

5.3

Turbo Training for Long-video Activity Classification

Turbo training enables the end-to-end training of Transformers on long-video tasks, that used
to be a critical bottleneck. We compare three settings: (1) F16 denotes 16-frame input with
{m, r} = {0.5, 0.5}, (2) F32 denotes 32-frame input with {m, r} = {0.75, 0.25}, and (3) F64
denotes 64-frame input with {m, r} = {0.875, 0.125}. The number of frames and masking
ratios are chosen such that each of the setting has the same number of visible patches to the
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encoder but with different temporal extent. For frame sampling, we first sample the starting
and ending positions from the beginning and the last 20% of the video, then we uniformly
sample frames within this segment.
Effect of loading longer sequences. In Table 5, increasing the frame numbers from 16
to 32 (row B vs. C) shows the longer temporal extent is beneficial for activity classification
(e.g. 91.3 vs. 88.2 on Breakfast), we conjecture a denser temporal sampling has a higher
chance to sample the characteristic moment in the long video. However, further increasing
the frame numbers to 64 does not help the activity classification task. It might be because
the high token masking ratio (m = 0.875) could frequently miss the key objects or actions in
the video frame.
Temporal Method
Timeception [16]
VideoGraph [15]
GHRM [53]
Transformer [28]
Transformer [28]
Transformer [28]
[A] Turbo F32
[B] Turbo F16
[C] Turbo F32
[D] Turbo F64

Clip Model
3D-ResNet
I3D
I3D
TimeSformer
TimeSformer
TimeSformer
N/A (end-to-end)
N/A (end-to-end)
N/A (end-to-end)
N/A (end-to-end)

Pretrain Supervision
[✓] action labels
[✓] action labels
[✓] action labels
[✓] action labels
[✗] k-mean on ASR
[✗] Dist. Sup
[✗] VideoMAE
[✗] NCE
[✗] NCE
[✗] NCE

Pretrain Data
K400
K400
K400
K400
HTM
HTM+WikiHow
K400
HTM-AA
HTM-AA
HTM-AA

BF
71.3
69.5
75.5
81.1
81.4
89.9
86.8
88.2
91.3
87.3

COIN
83.5
85.3
88.9
82.3
81.2
87.5
86.8

Table 5. Procedural activity classification on the Breakfast (BF) and COIN dataset. [✓] denotes
supervised training and [✗] denotes training without manual labelling.

Comparison with other works. When learning from 32 frames on the Breakfast dataset
end-to-end, our simple one-stage method outperforms previous methods (91.3 vs. 89.9)
which typically require a two-stage setting: extracting short-clip features, then training temporal models on these pre-extracted features. On the COIN dataset, our one-stage method
achieves comparable results (87.5 vs. 88.9). We conjecture a longer temporal context with
smaller masking ratio could further improve the performance on uncurrated natural videos
like COIN, which inevitably demands higher hardware requirements. Comparing row C and
row A further shows the effectiveness of our vision-language training from Sect. 5.2.

6

Conclusion

We propose a simple and versatile Turbo training paradigm for Vision Transformers. We
show that it is applicable to multiple video tasks including action classification, videolanguage training, and long-video activity classification, and can achieve superior performance, while significantly reducing the required computation and memory cost. Turbo training has demonstrated the ability to lower the resource requirements and enable end-to-end
Transformer training for long videos.
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