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Abstract

Video understanding requires reasoning at multiple spa-
tiotemporal resolutions — from short fine-grained motions
to events taking place over longer durations. Although
transformer architectures have recently advanced the state-
of-the-art, they have not explicitly modelled different spa-
tiotemporal resolutions. To this end, we present Multiview
Transformers for Video Recognition (MTV). Our model con-
sists of separate encoders to represent different views of
the input video with lateral connections to fuse informa-
tion across views. We present thorough ablation stud-
ies of our model and show that MTV consistently per-
forms better than single-view counterparts in terms of ac-
curacy and computational cost across a range of model
sizes. Furthermore, we achieve state-of-the-art results on
six standard datasets, and improve even further with large-
scale pretraining. Code and checkpoints are available at:
https://github.com/google-research/scenic.

1. Introduction

Vision architectures based on convolutional neural net-
works (CNNs), and now more recently transformers, have
made great advances in numerous computer vision tasks.
A central idea, that has remained constant across classi-
cal methods based on handcrafted features [9, 14, 38] to
CNNs [42,43, 84] and now transformers [11, 44, 73], has
been to analyze input signals at multiple resolutions.

In the image domain, multiscale processing is typically
performed with pyramids as the statistics of natural images
are isotropic (all orientations are equally likely) and shift in-
variant [30, 66]. To model multiscale temporal information
in videos, previous approaches such as SlowFast [23] have
processed videos with two streams, using a “Fast” stream
operating at high frame rates and a “Slow” stream at low
frame rates, or employed graph neural networks to model
long-range interactions [4, 70].

When creating a pyramidal structure, spatio-temporal in-
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Figure 1. Overview of our Multiview Transformer. We create mul-
tiple input representations, or “views”, of the input, by tokenizing
the video using tubelets of different sizes (for clarity, we show
two views here). These tokens are then processed by separate en-
coder streams, which include lateral connections and a final global
encoder to fuse information from different views. Note that the
tokens from each view may have different hidden sizes, and the
encoders used to process them can vary in architecture too.

formation is partially lost due to its pooling or subsampling
operations. For example, when constructing the “Slow”
stream, SlowFast [23] subsamples frames, losing temporal
information. In this work, we propose a simple transformer-
based model without relying on pyramidal structures or sub-
sampling the inputs to capture multi-resolution temporal
context. We do so by leveraging multiple input representa-
tions, or “views” of the input video. As shown in Fig. 1, we
extract tokens from the input video over multiple temporal
durations. Intuitively, tokens extracted from long time in-
tervals capture the gist of the scene (such as the background
where the activity is taking place), whilst tokens extracted
from short segments can capture fine-grained details (such
as the gestures performed by a person).

We propose a multiview transformer (Fig. 1) to pro-
cess these tokens, and it consists of separate transformer
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encoders specialized for each “view”, with lateral connec-
tions between them to fuse information from different views
to each other. We can use transformer encoders of vary-
ing sizes to process each view, and find that it is better (in
terms of accuracy/computation trade-offs) to use a smaller
encoder (e.g. smaller hidden sizes and fewer layers) to rep-
resent the broader view of the video (Fig. | left) while an
encoder with larger capacity is used to capture the details
(Fig. 1 right). This design therefore poses a clear contrast
to pyramid-based approaches where model complexity in-
creases as the spatio-temporal resolution decreases. Our
design is verified by our experiments which show clear ad-
vantages over the former approach.

Our proposed method, of processing different “views”
of the input video is simple, and in contrast to previous
work [23] generalizes readily to a variable number of views.
This is significant, as our experiments show that accuracy
increases as the number of views grows. Although our pro-
posed architecture increases the number of tokens processed
by the network according to the number of input views,
we show that we can consistently achieve superior accu-
racy/computation trade-offs compared to the current state
of the art [3], across a spectrum of model sizes, ranging
from “Small” to “Huge”. We show empirically that this
is because processing more views in parallel enables us to
achieve larger accuracy improvements than increasing the
depth of the transformer network. We perform thorough
ablation studies of our design choices, and achieve state-of-
the-art results on six standard video classification datasets.
Moreover, we show that these results can be further im-
proved with large-scale pretraining.

2. Related Work

Evolution of video understanding models. Early
works [34,37,72] relied on hand-crafted features to encode
motion and appearance information. With the emergence
of large labelled datasets like ImageNet [16], Convolutional
Neural Networks (CNNs) [39] showed their superiority over
the classic methods. Since AlexNet [36] won the Ima-
geNet challenge by a large margin, CNNs have been quickly
adopted to various vision tasks, their architectures have
been refined over many generations [12,27,58,63] and later
improved by Neural Architecture Search (NAS) [54,65,85].
At the same time, CNNs and RNNs have quickly become
the de-facto backbones for video understanding tasks [32,

,57]. Since the release of the Kinetics dataset [33], 3D
CNNs [10, 24, 68] have gained popularity, and many vari-
ants [22,62,69,70,78] have been developed to improve the
speed and accuracy. Convolution operations can only pro-
cess one local neighborhood at a time, and consequently,
transformer blocks [71] have been inserted into CNNs as
additional layers to improve modeling of long range inter-
actions among spatio-temporal features [74,75]. Although

achieving great success in natural language [&, 17, 53], pure
transformer architectures had not gained the same popular-
ity in computer vision until Vision Transformers (ViT) [18].
Inspired by ViT, ViViT [3] and Timesformer [6] were the
first two works that successfully adopted a pure transformer
architecture for video classification, advancing the state of
the art previously set by 3D CNNss.

Multiscale processing in computer vision. “Pyramid”
structures [1] are one of the most popular multiscale rep-
resentations for images and have been key in the early com-
puter vision works, where their use has been widespread in
multiple domains including feature descriptors [45], feature
tracking [7,46], image compression [9], etc. This idea has
also been successfully adopted for modern CNNs [27, 58,

] where the spatial dimension of the network is gradually
reduced while the network “depth” is gradually increased
to encode more semantically rich features. Also, this tech-
nique has been used to produce higher resolution output fea-
tures for downstream tasks [42,43, 84]. Multiscale process-
ing is necessary for CNNs because a convolution operation
only operates on a sub-region of the input and a hierarchi-
cal structure is required to capture the whole view of the
image or video. In theory, such a hierarchy is not required
for transformers as each token “attends” to all other posi-
tions. In practice, due to the limited amount of training
data, applying similar multiscale processing in transform-
ers [11,21,44,73] to reduce complexity of the model has

proven to be effective.
Our model does not follow the pyramid structure but di-

rectly takes different views of the video and feeds them
into cross-view encoders. As our experiments validate,
this alternative multiview architecture has consistently out-
performed its single-view counterpart in terms of accu-
racy/FLOP trade-offs. This is because processing more
views in parallel gives us larger accuracy improvements
than increasing the depth of the transformer network. Sig-
nificantly, such improvement persists as we scale the model
capacity to over a billion parameters (e.g., our “Huge”
model), which has not been shown by the previous pyramid-
structured transformers [21, 44, 73].  Conceptually, our
method is most comparable to SlowFast [23] where a two-
stream CNN is used to process two views of the same video
clip (densely sampled and sparsely sampled frames). In-
stead of sampling the input video at different frame rates,
we obtain different view by linearly projecting spatio-
temporal “tubelets” [3] of varying sizes for each view. Fur-
thermore, we empirically show that our proposed method
outperforms [23] when using transformer backbones.

3. Multiview Transformers for Video

We begin with an overview of vision transformer,
ViT [18], and its extension to video, ViViT [3], which our
model is based on, in Sec. 3.1. As shown in Fig. 1, our
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model constructs different “views” of the input video by
extracting tokens from spatio-temporal tubelets of varying
dimensions (Sec. 3.2). These tokens are then processed by
a multiview transformer, which incorporates lateral connec-
tions to efficiently fuse together information from multiple
scales (Sec. 3.3).

3.1. Preliminaries: ViT and ViViT

We denote our input video as V € RT*HXWxC Tyapg.
former architectures [71] process inputs by converting in-
puts into discrete tokens which are subsequently processed
by multiple transformer layers sequentially.

ViT [18] extracts tokens from images by partitioning
an image into non-overlapping patches and linearly pro-
jecting them. ViViT [4] extends this to video by extract-
ing N non-overlapping, spatio-temporal “tubes” [3] from
the input video, z1,2,... 2y € R¥>XXWX¢ where N =
[T) x | 2] x [W].

Each tube, z;, is then projected into a token, z; € R by
a linear operator E, as z; = Exz;. All tokens are then con-
catenated together to form a sequence, which is prepended
with a learnable class token z., € R? [17]. As trans-
formers are permutation invariant, a positional embedding
P < RWV+D*d s also added to this sequence. Therefore,
this tokenization process can be denoted as

0

z° = |2qs, Ex1,Exa, ..., Exy] + p. (1)

Note that the linear projection E can also be seen as a 3D
convolution with a kernel of size ¢ X A x w and stride of
(t, h,w) in the time, height and width dimensions respec-
tively.

The sequence of tokens z is then processed by a trans-
former encoder consisting of L layers. Each layer, /, is ap-
plied sequentially, and consists of the following operations,

y' =MSA (LN (z71)) + 271, )
z' = MLP (LN (y")) +y* 3)

where MSA denotes multi-head self-attention [71], LN is
layer normalization [5] and MLP consists of two linear pro-
jections separated by GeLU [28] non-linearity.

Finally, a linear classifier, W € R4xC maps the en-
coded classification token, zﬁls to one of C' classes.

3.2. Multiview tokenization

In our model, we extract multiple sets of tokens,
20 202 20(Y) from the input video. Here, V is
the number of views, and thus z%(*) denotes tokens after ¢
layers of transformer processing for the i!" view. We de-
fine a view as a video representation expressed by a set of
fixed-sized tubelets. A larger view corresponds to a set of
larger tubelets (and thus fewer tokens) and a smaller view

corresponds to smaller tubelets (and thus more tokens). The
0" layer corresponds to the tokens that are input to the
subsequent transformer. As shown in Fig. 1, we tokenize
each view using a 3D convolution, as it was the best to-
kenization method reported by [3]. We can use different
convolutional kernels, and different hidden sizes, d¥), for
each view. Note that smaller convolutional kernels corre-
spond to smaller spatio-temporal “tubelets”, thus resulting
in more tokens to be processed for the i*" view. Intuitively,
fine-grained motions can be captured by smaller tubelets
whilst larger tubelets capture slowly-varying semantics of
the scene. As each view captures different levels of infor-
mation, we use transformer encoders of varying capacities
for each stream with lateral connections between them to
fuse information, as described in the next section.

3.3. Multiview transformer

After extracting tokens from multiple views, we have
Z° = [2%W 292 2%()] from the input, which are
processed with a multiview transformer as shown in Fig. 1.
As self-attention has quadratic complexity [71], processing
tokens from all views jointly is not computationally feasi-
ble for video. As a result, we first use a multiview encoder,
comprising of separate transformer encoders (consisting of
L transformer layers) for the tokens between views, with
lateral connections between these encoders to fuse informa-
tion from each view (Fig. 2). Finally, we extract a token rep-
resentation from each view, and process these jointly with a
final global encoder to produce the final classification token,
which we linearly read-off to obtain the final classification.

3.3.1 Multiview encoder

Our multiview encoder consists of separate transformer en-
coders for each view which are connected by lateral con-
nections to fuse cross-view information. Each transformer
layer within the encoders follows the same design as the
original transformer of Vaswani et al. [71], except for the
fact that we optionally fuse information from other streams
within the layer as described in Sec. 3.3.2. Note that our
model is agnostic to the exact type of transformer layer
used. Furthermore, within each transformer layer, we com-
pute self-attention only among tokens extracted from the
same temporal index, following the Factorised Encoder
of [3]. This significantly reduces the computational cost
of the model. Furthermore, self-attention along all spatio-
temporal tokens is unnecessary, as we fuse information
from other views within the multiview encoder, and also
because of the subsequent global encoder which aggregates
tokens from all streams.

3.3.2 Cross-view fusion
We consider the following three cross-view fusion methods.

Note that the hidden dimensions of the tokens, d(9), can vary
between views.
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(c) An example of MLP fusion.

Figure 2. An illustration of our proposed cross-view fusion methods. In all three subfigures, view ¢ (left) refers to a video representation
using larger tubelets, and thus less input tokens and view ¢ + 1 (right) corresponds to the representation with smaller tubelets and more
input tokens. “+4” denotes summation. Tokens extracted from tubelets are colored red and bottleneck tokens are colored blue. MSA is
short for Multihead Self-Attention and CVA stands for Cross View Attention.

Cross-view attention (CVA). A straight-forward method of
combining information between different views is to per-
form self-attention jointly on all }~, N®) tokens where N (¥
is the number of tokens in the i*" view. However, due to
the quadratic complexity of self-attention, this is prohibitive
computationally for video models, and hence we perform a
more efficient alternative.

We sequentially fuse information between all pairs of
two adjacent views, ¢ and ¢ + 1, where the views are or-
dered in terms of increasing numbers of tokens (i.e. N(*) <
NG+ Concretely, to update the tokens from the larger
view, z(), we compute attention where the queries are 7z,
and the keys and values are z(*t1) (the tokens from the
smaller view). As the hidden dimensions of the tokens be-
tween the two views can be different, we first project the
keys and values to the same dimension, as denoted by

z() = CVA(z!), WPreig(i+1)), (4)
WOxWHEy T
Vdy

Note that W, WX and WV are the query-, key-
and value-projection matrices used in the attention opera-
tion [71]. As shown in Fig. 2a, we also include a residual
connection around the cross-view attention operation, and
zero-initialize the parameters of this operation, as this helps
when using image-pretrained models as is common prac-
tice [3, 6]. Similar studies on cross stream attention have
been done by [ 1] for images.

CVA(x,y) = Softmax ( ) MVASNG))

Bottleneck tokens. An efficient method of transferring in-
formation between tokens from two views, z(9 and z(+1),
is by an intermediate set of B bottleneck tokens. Once
again, we sequentially fuse information between all pairs of
two adjacent views, 7+ 1 and ¢, where the views are ordered
in terms of increasing numbers of tokens.

In more detail, we initialize a sequence of bottleneck to-

i+1 (i+1) (i+1) . .
kens, ngr ) ¢ RBUVxd where B(+1) ig the number

of bottleneck tokens in the (i 4 1)*" view and BU+Y «
NG+ As shown in Fig. 2b (where B = 1), the bottleneck
tokens from view 7+ 1, Z(é+1), are concatenated to the input
tokens of the same view, z(**1), and processed with self-
attention. This effectively transfers information between all
tokens from view 7 + 1. Thereafter, these tokens, zgﬂ) are
linearly projected to the depth of view ¢, and concatenated
to z(") before performing self-attention again. This process
is repeated between each pair of adjacent views as shown
in Fig. 2b, and allows us to efficiently transfer information

from one view to the next.

As with cross-view attention, we sequentially perform
fusion between all pairs of adjacent views, beginning from
the view with the largest number of tokens, and proceed-
ing in order of decreasing token numbers. Intuitively, this
allows the view with the fewest tokens to aggregate fine-
grained information from all subsequent views.

Note that the only parameters introduced into the model
from this fusion method are the linear projections of bottle-
neck tokens from one view to the next, and the bottleneck
tokens themselves which are learned from random initial-
ization. We also note that “bottleneck™ tokens have also
been used by [31,49].

MLP fusion. Recall that each transformer encoder layer
consists of a multi-head self attention operation (Eq. 2), fol-
lowed by an MLP block (Eq. 3). A simple method is to fuse
before the MLP block within each encoder layer.

Concretely, as shown in Fig. 2c, tokens from view i + 1,
z(*1) with hidden dimension d(**1) are concatenated with
tokens from view ¢ along the hidden dimension. These to-
kens are then fed into the MLP block of layer 7 and linearly
projected to the depth d(*). This process is repeated between
adjacent views of the network, where once again, views are
ordered by increasing number of tokens per view.
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Fusion locations. We note that it is not necessary to per-
form cross-view fusion at each layer of the cross-view en-
coder to transfer information among the different views,
since each fusion operation has a global “receptive field”
that considers all the tokens from the previous views. Fur-
thermore, it is also possible for the encoders for each indi-
vidual view to have different depths, meaning that fusion
can occur between layer [ of view 7 and layer I’ of view j
where [ # I’. Therefore, we consider the fusion locations
as a design choice which we perform ablation studies on.

3.3.3 Global encoder

Finally, we aggregate the tokens from each of the views
with the final global encoder, as shown in Fig. 1, effec-
tively fusing information from all views after the cross-
view transformer. We extract the classification token from
each view, {zg)s V., and process them further with another
transformer encoder, following Vaswani et al. [71], that ag-
gregates information from all views. The resulting classifi-
cation token is then mapped to one of C classification out-

puts, where C' is the number of classes.

4. Experiments

4.1. Experimental setup

Model variants. For the backbone of each view, we con-
sider five ViT variants, “Tiny”, “Small”, “Base”, “Large”,
and “Huge”. Their settings strictly follow the ones de-
fined in BERT [17] and ViT [18, 59], i.e. number of trans-
former layers, number of attention heads, hidden dimen-
sions. See the supplementary for the detailed settings. For
convenience, each model variant is denoted with the follow-
ing abbreviations indicating the backbone size and tubelet
length. For example, B/2+S/4+Ti/8 denotes a three-view
model, where a “Base”, “Small”, and “Tiny” encoders are
used to processes tokens from the views with tubelets of
sizes 16 x 16 x 2, 16 x 16 x 4, and 16 x 16 x 8, respec-
tively. Note that we omit 16 in our model abbreviations be-
cause all our models use 16 x 16 as the spatial tubelet size
except for the “Huge” model, which uses 14 x 14, following
ViT [18]. All model variants use the same global encoder
which follows the “Base” architecture, except that the num-
ber of heads is set to 8 instead of 12. The reason is that the
hidden dimension of the tokens should be divisible by the
number of heads for multi-head attention, and the number
of hidden dimensions across all standard transformer archi-
tectures (from “Tiny” to “Huge” [18,59]) is divisible by 8.

Training and inference. We follow the training settings of
ViViT reported in the paper and public code [3], unless oth-
erwise stated. Namely, all models are trained on 32 frames
with a temporal stride of 2. We train our model using syn-
chronous SGD with momentum of 0.9 following a cosine
learning rate schedule with a linear warm up. The input

frame resolution is set to be 224 x 224 in both training and
inference. We follow [3] and apply the same data augmenta-
tion and regularization schemes [13,29,64,82], which were
used by [67] to train vision transformers more effectively.
During inference, we adopt the standard evaluation proto-
col by averaging over multiple spatial and temporal crops.
The number of crops is given in the results tables. For re-
producibility, we include exhaustive details in the supple-
mentary.

Initialization. Following previous works [3,6,51], we ini-
tialize our model from a corresponding ViT model pre-
trained on large-scale image datasets [16,61] obtained from
the public code of [18]. The initial tubelet embedding oper-
ator, E, and positional embeddings, p, have different shapes
in the pretrained model and we use the same technique
as [3] to adapt them to initialize each view of our multiview
encoder (Sec. 3.3.1). The final global encoder (Sec. 3.3.3)
is randomly initialized.

Datasets. We report the performance of our proposed mod-
els on a diverse set of video classification datasets:
Kinetics [33] is a collection of large-scale, high-quality
datasets of 10s video clips focusing on human actions. We
report results on Kinetics 400, 600, and 700, with 400, 600,
and 700 classes, respectively.
Moments in Time [48] is a collection of 800,000 labeled
3 second videos, involving people, animals, objects or nat-
ural phenomena, that capture the gist of a dynamic scene.
Epic-Kitchens-100 [15] consists of 90,000 egocentric
videos, totaling 100 hours, recorded in kitchens. Each video
is labeled with a “noun” and a “verb” and therefore we
predict both categories using a single network with two
“heads”. Three accuracy scores (“noun”, “verb”, and “ac-
tion”) are commonly reported for this dataset with action
accuracy being the primary metric. The “action” label is
formed by selecting the top-scoring noun and verb pair.
Something-Something V2 [26] consists of more than
220,000 short video clips that show humans interacting with
everyday objects. Similar objects and backgrounds appear
in videos across different classes. Therefore, in contrast to
other datasets, this one challenges a model’s capability to
distinguish classes from motion cues.

4.2. Ablation study

We conduct ablation studies on the Kinetics 400 dataset.
In all cases, the largest backbone in the multiview encoder
is “Base” for faster experimentation. We report accuracies
when averaging predictions across multiple spatio-temporal
crops, as standard practice [3, 6, 10, 23]. In particular, we
use 4 x 3 crops, that is 4 temporal crops, with 3 spatial
crops for each temporal crop. We used a learning rate of 0.1
for all experiments for 30 epochs, and used no additional
regularization as done by [3].
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(a) Effects of different model-view assignments.

(c) Comparison of different cross-view fusion methods.

(e) Effects of increasing number of views.

Model variants GFLOPs MParams Top-1 Model variants Method GFLOPs MParams Top-1 Model variants GFLOPs  Top-1
B/8+Ti/2 81 161 773 B/4 145 173 78.3 B/4 145 78.3
BIATI/S 137 1 313 S8 N/A 20 60 741 B/4+Ti/16 168 80.8 (+2.5)
Ti/16 3 13 67.6 B/4+S/8+Ti/16 195 81.1( )
B/8+S/4+Ti/2 202 25 5
Bg:z; 4:T;8 32 " 318 ;? . Ensemble 168 26 777 B/4 (14) 168 78.1 (:0.2)
. : Late fusion 187 306 80.6 B/4 (17) 203 78.4 ( )
B/A+5/8+Ti/l6 195 314 8Ll B/A+S/8+Ti/I6  MLP 202 323 806
Bottleneck 188 306 81.0
(b) Effects of the same model applied to different CVA 195 314 8LL (f) Effects of applying CVA at different layers.
views. Fusion layers GFLOPs MParams Top-1
Model variants GFLOPs MParams Top-1 . . . 0 80.96
(d) Comparison to SlowFast multi-resolution method. :
B/4+S/8+Ti/16 195 314 811 Model variants GFLOPs MParams Top-1 l5 1 . o 2 } 8?)
B/4+B/8+B/16 324 759 81.1 P :

- SlowFast (transformer backbone) 0,1 80.91
B/2+Ti/8 337 221 81.3 Slow-only (B) 79 87 78.0 5.6 203 23 80.96
B/2+B/8 448 465 815 Fast-only (Ti) 63 6 74.6 10, 11 80.81
B/2+S/A+TiS 384 310 318 Slowfast (B+Ti) 202 105 79.7 5,11 81.14
B/2+B/4+B/8 637 751 81.7 B/4+Ti/16 (ours) 168 224 80.8 0,5, 11 210 331 80.95

Table 1. Ablation studies of our method. (a) Assigning larger models to smaller tubelet sizes achieves the highest accuracy. (b) We
apply the same “Base” encoder to all views, and show that there is minimal accuracy difference to the alternatives from (a), but a large
increase in computation. (c) A comparison of different cross-view fusion methods, shows that Cross-View Attention (CVA) is the best. The
“Ensemble” and “late fusion” baselines are detailed in the text. (d) We compare our approach to the alternate temporal multi-resolution

method of [

], implemented in the context of transformers, and show signficant improvements. (e) We achieve substantial accuracy by

adding more views, and this improvement is larger than that obtained by adding more layers to a single encoder. (f) The optimal fusion

layers are at the middle and late stages of the network.

Model-view assignments. Recall that a view is a video
representation in terms of tubelets, and that a larger view
equates to larger tubelets (and hence fewer transformer to-
kens) and smaller views correspond to smaller tubelets (and
thus more tokens).

We considered two model-view assignment strategies:
larger models for larger views (e.g., B/8+Ti/2, the larger
“Base” model is used to encode 16 x 16 x 8 tubelets and
the smaller “Tiny” model encodes 16 x 16 x 2 tubelets)
and smaller models for larger views (e.g., B/2+Ti/8). Ta-
ble 1a shows that assigning a larger model to smaller views
is superior. For example, B/2+S/4+Ti/8 scores 81.8% while
B/8+S/4+Ti/2 only scores 78.5%. One may argue that this
is due to the increase of the FLOPs but B/4+S/8+Ti/16 still
outperforms B/8+S/4+Ti/2 by a large margin under similar
FLOPs. Our explanation is that larger views capture the gist
of the scene, which requires less complexity to learn while
the details of the scene are encapsulated by smaller views
so a larger-capacity model is needed.

Another strategy is to assign the same model to all views.
Table 1b shows that in all three examples there is little dif-
ference between assigning a “Base” model and assigning a
“Small” or “Tiny” model to larger views. This result is sur-
prising yet beneficial since we can reduce the complexity of
the model at almost no cost of accuracy.

What is the best cross-view fusion method?. Table Ic
shows the comparison of different fusion methods on a
three-view model. We use one late fusion and an ensem-
ble approach as the baselines. “Ensemble” simply sums the
probabilities produced from each view, where the models
from each view are trained separately. We also tried sum-
ming up the logits and majority voting but both obtained

worse results. This method actually decreases the perfor-
mance compared to the B/4 model since “Small” and “Tiny”
models perform not comparably well. “Late fusion” con-
catenates the final embeddings produced by the transformer
encoder from each view without any cross-view operations
before feeding it into the global encoder. It improves the
B/4 model from 78.3% to 80.6%. All of our fusion methods
except MLP outperform the baselines while CVA is the best
overall. Based on this observation, we choose CVA as the
fusion method for all subsequent experiments. MLP fusion
is the worst performing method of the three and we think it
is because concatenation in the MLP blocks introduces ad-
ditional channels that have to be randomly initialized, mak-
ing model optimization more difficult.

Effect of the number of views. Table le shows perfor-
mance on Kinetics-400 as we increase the number of views.
With two views we achieve a +2.5% in Top-1 accuracy over
the baseline B/4 model. As we increase to three views,
the improvement widens to 2.8%. Furthermore, we show
that such improvement is non-trivial. For example, we also
train a 14-layer and a 17-layer variants of the “Base” model.
They share similar FLOPs with our two-view and three-
view counterparts but their performance remains similar to
that of the baseline.

Which layers to apply cross-view fusion?. Motivated by
Tab. 1c, we fix the fusion method to CVA, and vary the lo-
cations and number of layers where we apply CVA, when
using a three-view B+S+Ti model (each encoder thus has
12 layers) in Tab. 1f. The choices are in the early-, mid-,
and late-stages of the transformer encoders and the number
of fusion layers is set to be one and two. When using one
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Figure 3. Accuracy/complexity trade-off between ViVIiT-FE [3]
(blue) and our MTV (red). MTYV is consistently better and requires
less FLOPs than ViViT-FE to achieve higher accuracy across dif-
ferent model scales (indicated by the dotted green arrows pointing
upper-left). With additional FLOPs, MTV shows larger accuracy
gains (shown by the dotted green arrows pointing upper-right).

fusion layer, the best location for fusion is mid followed
by late, then early. Adding more fusion layers in the same
stage does not improve the performance but combining mid
and late fusion improves the performance. For example, fu-
sion at 5th and 11th layers achieve the best result. Based on
this observation, we set the fusion layers to be {11, 23} for
L+B+S+Ti and {11, 23, 31} for H+B+S+Ti model variants,
respectively, in subsequent experiments.

Comparison to SlowFast. SlowFast [23] proposes a two-
stream CNN architecture that takes frames sampled at two
different frame rates. The “Slow” pathway, built with a
larger encoder, processes the low frame rate stream to cap-
ture the semantics of the scene while the “Fast” pathway
that takes in high frame rate inputs is used to capture motion
information. To make a fair comparison, we implement [23]
in the context of transformers where we use “Base” and
“Tiny” models as the encoders for the Slow and Fast paths
respectively and use CVA for lateral connections. The Slow
path takes four frames as inputs sampled with a temporal
stride of 16 and the Fast path takes 16 frames sampled with
a stride of 4. As SlowFast captures multiscale temporal in-
formation by varying the frame rate to the two streams, the
temporal duration for the tubelets is set to 1 in this case. Ta-
ble 1c shows that our method is significantly more accurate
than the SlowFast method whilst also using fewer FLOPs.

4.3. Comparison to the state of the art

We compare to the state-of-the-art across six different
datasets. We evaluate models with four temporal- and three
spatial-views per video clip, following [3]. To make the
notation more concise, we now use MTV-B to refer to
B/2+S/4+Ti/8, MTV-L to refer to L/2+B/4+S/8+Ti/16 and
MTV-H to refer to H/2+B/4+S/8+Ti/16. Except for Ki-
netics, all our models start from a Kinetics 400 check-

point and then are fine-tuned on the target datasets follow-
ing [3,21,51].

Accuracy/computation trade-offs. Figure 3 compares our
proposed MTV to its single-view counterpart, ViViT Fac-
torized Encoder (FE) [3] at every model scale on Kinetics
400. We compare to ViViT-FE using tubelets with a tem-
poral dimension of ¢ = 2, as the authors obtained the best
performance with this.

We can control the complexity of MTV by increasing
or decreasing ¢ used in each view. For example, increas-
ing ¢ from 2 to 4 for the smallest view (and proportionally
increasing ¢ for all other views) will roughly reduce the in-
put tokens by half for each view, and thus halve the total
FLOPs for processing each input. Our method with t = 4
for the smallest view consistently achieves higher accuracy
than ViViT-FE at every complexity level while using fewer
FLOPs, indicated by the green arrows pointing to the upper-
left in Fig. 3. This further validates that processing more
views in parallel enables us to achieve larger accuracy im-
provements than increasing the number of input tokens. If
we set t = 2 as in ViVIiT-FE, we use additional FLOPs, but
increase significantly in accuracy too, as indicated by the
green arrow pointing to the upper-right in Fig. 3.

Furthermore, note how our B/2 model (transformer depth
of 12 layers) outperforms ViViT-L/2 (24 layers), whilst us-
ing less FLOPs. Similarly, our L/2 model outperforms
ViViT-H/2. This shows that we can achieve greater accu-
racy improvements by processing multiple views in parallel
than by increasing the depth for processing a single view. In
the supplementary, we show that our conclusions are also
consistent when using the inference time to measure our
model’s efficiency. Moreover, these trends also hold when
using an unfactorized [3] backbone architecture of ViViT
and MTYV, see the supplementary for details.

Kinetics. We compare to methods that are pretrained on
ImageNet-1K, ImageNet-21K [16] and those that do not uti-
lize pretraining at all in the first part of Tab. 2. In the sec-
ond part of the tables, we compare to methods that are pre-
trained on web-scale datasets such as Instagram 65M [25],
JFT-300M [61], JFT-3B [80], WTS [60], Florence [79] or
HowTo100M [47]. Observe that we achieve state-of-the-art
results both with and without web-scale pretraining.

On Kinetics 400, our ImageNet-21K pretrained “Base”
model improves the “Large” ViViT-FE model [3], which
corresponds to a deeper, single-view equivalent of our
model by 0.1% and 1.2% in Top-1 and Top-5 accuracy,
whilst using 40% of the total FLOPs. Our higher resolu-
tion version improves further by 0.7% and 1.4% while still
using slightly fewer FLOPs. On Kinetics 600, our “Base”
model scores second to [35] whose model structure is de-
rived using architecture search on Kinetics 600 itself. We
show significant improvements over [35] on both Kinetics
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Table 2. Comparisons to state-of-the-art. For “views”, x X y denotes x temporal views and y spatial views. We report the total TFLOPs
to process all spatio-temporal views. We use shorter notation, MTV-B, L, H to denote variants, B/2+S/4+Ti/8, L/2+B/4+S/8+Ti/16, and
H/2+B/4+S/8+Ti/16, respectively. Models use a spatial resolution of 224 x 224, unless explicitly stated by MTV (xp), which refers to a
spatial resolution of = X x. Models are pretrained on ImageNet-21K unless explicitly stated in parenthesis.

(a) Kinetics 400 (b) Kinetics 600 (d) Kinetics 700
Method Topl Top5 Views TFLOPs Method Top1 Top$5 Topl Top5
TEA [40] 76.1 925 10x3 210 SlowFast R101-NL [23] 81.8 951 VidTR-L [83] 70.2 -
TMRENXIOL ) 763 = - omerL 22 956  MoINeASDS | 723 o
mestormer-. - . oViNet- - -

13D NL (74] 717933 1031077 MFormer-HR [ []J 8.7 9.1 MTV-L o 740 913
VidTR-L [83] 791 939 10x3 1053 VIVILL FE 3] 00 046
LGD-3D R101 [52] 794 944 - - MVITB 2] 418 963 CoVeR (JFT-3B) [81]  79.8 -
SlowFast R101-NL [23] 798 939 10x3 7.02 MoViNet-A6 [3] 848 965 MTV-H (JFT) 780 933
X3D-XXL [22] 804 946 10x3 582 MTV-B 83.6 96.1 MTV-H (WTS) 82.2 95.7
OmniSource [20] 80.5 944 - - MTV-B (32 4. 2 K K
TimeSformer-L [6] 807 947 1x3 714 VB (20) 0% (e) Epic-Kitchens-100 Top 1 accuracy
MFormer-HR [51] 81.1 952 10x3 2876 513\]/)1TRI§I E“]TJSI;T[) ] g‘s‘:g 0.5 Method Action Verb Noun
MVIT-B [21] 812 951 3x3 410 TokenLearner-L/10 [55] JFT) 863  97.0 SlowFast [23] 385 656 500
MoViNet-A6 [35] 815 953 1x1 039 Florence [79] (FLD-900M) 878 978 ViViT-L FE [3] 440 664 568
ViViT-L FE [3] 817 938 1x3 1194 CoVeR (JFT-3B) [81] 87.9 - MFormer-HR [51] 445 670 585
MTV-B 818 950 4x3 479 MTV-L (JFT) 854  96.7 MoViNet-A6 [35]  47.7 722 573
MTV-B (320p) 824 952 4x3 1116 MTV-H (JFT) 86.5 973 MTV-B 467 678 605

- — MTV-H (WTS) 89.6 983 MTV-B (320p) 486 680 63.1
Methods with web-scale pretraining
VATT-L [2] (HowTo100M) 821 955 4x3 2980 . ) (f) Moments in Time
ip-CSN-152 [69] (IG) 825 953 10x3 327 (c) Something-Something v2 T
R3D-RS (WTS) [19] 85 - 10x3 921 Method Topl Top5 op op
OmniSource [20] (IG) 83.6 96.0 - - SlowFast R30 [ ; 617 ~ Arss?mb]eNet-lOl [56] 343 62.7
ViViT-H [3] (JFT) 849 958 4x3 4777 TieSformer-HE (6] s B ViViT-L FE [3] 385 o4l
TokenLearner-L/10 [55] JFT) 854 963 4 x 3 4891 VdTR [53] 630 _ i’lqOT\";I‘Iffl-Aﬁ[ 1 :(1)-3 o7
Florence [79] (FLD-900M) 86.5 973 4x3 - VIVIT.L FE [3] 659 899 - - -
CoVeR (JFT-3B) [81] 872 - 1x3 - MViT [21] 67.7 90.9 VATT-L (HT100M) [2]  41.1 67.7
MTV-L (JFT) 843 963 4x3 18.05 MFormer-L [51] 68.1 91.2 MTV-H (JFT) 44.0 70.2
MTV-H (JFT) 858 966 4x3 4447 MTV-B 67.6  90.1 MTV-H (WTS) 456 747
MTV-H (WTS) 891 982 4x3 4447 MTV-B (320p) 685 904 MTV-H (WTS 280p) 472 757
400 and 700 for which the architecture of [35] was not di- Something-Something V2. This dataset consists of class

rectly optimized for.

When using additional JFT-300M pretraining, our
“Huge” model outperforms other recent transformer mod-
els using the same pretraining dataset [3,55]. And when we
utilize the Weak Textual Supervision (WTS) dataset of [60]
for pre-training, we substantially advance the best reported
results on Kinetics: On Kinetics 400, we achieve a Top-
1 accuracy of 89.1%, which improves upon the previous
highest result (CoVeR [81]) by 1.9%. Similarly, on Kinet-
ics 600, we achieve a Top-1 of 89.6%, which is an absolute
improvement of 1.7% on [81]. On Kinetics 700, we achieve
82.2%, which improves even further by 2.4% over [81]. We
also improve upon R3D-RS [19], which also used WTS pre-
training, by 5.6% and 5.3% on Kinetics-400 and -600.

Epic-Kitchens-100. Following the standard protocol [15],
we report Top-1 action-, verb- and noun-accuracies with
action accuracy being the primary metric. Our results are
averaged over 4 x 1 crops as additional spatial crops did
not help. Both our MTV-B and MTV-B(320p) significantly
improve the previous state-of-the-art on noun classes, and
MTV-B(320p) achieves a new state-of-the-art of 48.6% on
actions. We found that additional data augmentation (de-
tailed in the supplementary) has to be used to achieve good
performance (as also observed by [3, 51]) as this is the
smallest dataset of all six with 67,000 training examples.

labels such as “move to left” and “pointing to right” [26].
As the model needs to explicitly reason about direction,
we do not perform random horizontal or vertical flipping
as data augmentation on this dataset as also done by [21].
We improve substantially over ViViT-L-FE [3], which cor-
responds to a deeper single-view equivalent of our model
by 2.6%, and also improve upon MFormer [51] by 0.4%.

Moments in Time. Our MTV-L model significantly im-
proves over the previous state-of-the-art [35] by 1.5% in
Top-1 accuracy. Moreover, our model with ImageNet-21K
pretraining even outperforms VATT [2], which was pre-
trained on HowTo100M [47], a dataset consisting of around
100M video clips. When using WTS pre-training, we im-
prove our accuracy even further, achieving 47.2%.

5. Conclusion

We have presented a simple method for capturing multi-
resolution temporal context in transformer architectures,
based on processing multiple “views” of the input video in
parallel. We have demonstrated that our approach performs
better, in terms of accuracy/computation trade-offs than in-
creasing the depth of current single-view architectures. Fur-
thermore, we have achieved state-of-the-art results on six
popular video classification datasets. These results were
then further improved with large-scale pretraining [60,61].
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