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Abstract. We introduce OmniSource, a novel framework for leverag-
ing web data to train video recognition models. OmniSource overcomes
the barriers between data formats, such as images, short videos, and long
untrimmed videos for webly-supervised learning. First, data samples with
multiple formats, curated by task-specific data collection and automat-
ically filtered by a teacher model, are transformed into a unified form.
Then a joint-training strategy is proposed to deal with the domain gaps
between multiple data sources and formats in webly-supervised learn-
ing. Several good practices, including data balancing, resampling, and
cross-dataset mixup are adopted in joint training. Experiments show
that by utilizing data from multiple sources and formats, OmniSource is
more data-efficient in training. With only 3.5M images and 800K minutes
videos crawled from the internet without human labeling (less than 2% of
prior works), our models learned with OmniSource improve Top-1 accu-
racy of 2D- and 3D-ConvNet baseline models by 3.0% and 3.9%, respec-
tively, on the Kinetics-400 benchmark. With OmniSource, we establish
new records with different pretraining strategies for video recognition.
Our best models achieve 80.4%, 80.5%, and 83.6% Top-1 accuracies
on the Kinetics-400 benchmark respectively for training-from-scratch,
ImageNet pre-training and IG-65M pre-training.

1 Introduction

Following the great success of representation learning in image recognition [22,
recent years have witnessed great progress in video classification thanks to the
development of stronger models [38,47,3,43] as well as the collection of larger-
scale datasets [3,56,32,31]. However, labelling large-scale image datasets [37,59]
is well known to be costly and time-consuming. It is even more difficult to do
so for trimmed video recognition. The reason is that most online videos are
untrimmed, i.e. containing numerous shots with multiple concepts, making it
unavoidable to first go through the entire video and then manually cut it into
informative video clips based on a specific query. Such procedure requires far
more efforts than image annotation where a simple glance and click is needed.
As a result, while the quantity of web videos grows exponentially over the past 3
years, the Kinetics dataset merely grows from 300K videos in 400 classes [19] to
650K in 700 classes [2], partially limiting the scaling-up of video architectures [3].
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Fig.1: OmniSource Framework. We first train a teacher network on the target
dataset. Then, we use the teacher network to filter collected web data of different
formats, to reduce noise and improve data quality. Specific transformations are con-
ducted on the filtered out data corresponding to their formats. The target dataset and
auxiliary web datasets are used for joint training of the student network

Instead of confining ourselves to the well-annotated trimmed videos, we move
beyond by exploring the abundant visual data that are publicly available on the
Internet in a more labor-saving way. These visual data are in various formats,
including images, short video clips, and long videos. They capture the same
visual world while exhibiting different advantages: e.g. images may be of higher
quality and focus on distinctive moments; short videos may be edited by the
user, therefore contain denser information; long videos may depict an event in
multiple views. We transform the data in different formats into a unified form
so that a single model can combine the best of both worlds.

Recent works [29,12] explore the possibility of pre-training from massive un-
labeled web images or videos only with hashtags. However, they restrict the
scope to the data of a single format. Also, these methods usually require billions
of images to obtain a pre-trained 2D CNN model that is resilient to noise, which
poses great costs and restricts its practicability. Besides, to take advantage of
representation learned from large-scale images for videos, we have to take extra
steps to transfer the 2D ConvNets to the 3D counterparts, either by inflating [3]
or distillation [13], and then perform fine-tuning on the target dataset, which is
tedious and may be suboptimal.

In this work, we propose a simple and unified framework for video classifi-
cation while utilizing multiple sources of web data in different formats simulta-
neously. To enhance data efficiency, we propose task-specific data collection, i.e.
obtaining topmost results using class labels as keywords on search engines, mak-
ing the supervision most informative. Our framework consists of three steps: (1)
We train one (or more) teacher network on the labeled dataset; (2) For each
source of data collected, we apply the corresponding teacher network to obtain
pseudo-labels and filter out irrelevant samples with low confidence; (3) We apply
different transforms to convert each type of web data (e.g. images) to the target
input format (e.g. video clips) and train the student network.
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There are two main obstacles during joint training with the labeled dataset
and unlabeled web datasets. First, possible domain gaps occur. For example, web
images may focus more on objects and contain less motion blur than videos. Sec-
ond, teacher filtering may lead to unbalanced data distribution across different
classes. To mitigate the domain gap, we propose to balance the size of train-
ing batches between the labeled dataset and unlabeled web datasets and apply
cross-dataset mizup. To cope with data imbalance, we try several resampling
strategies. All these techniques contribute to the success of our approach.

Compared to the previous methods, our method excels at the following as-
pects: (1) It leverages a mixture of web data forms, including images, trimmed
videos and untrimmed videos into one student network, aiming at an omni-
sourced fashion. (2) It is data-efficient. Empirical results show that only 2M
images, a significantly smaller amount compared to the total frame number of
Kinetics (240K videos, ~ 70M frames), are needed to produce notable improve-
ments (about 1%). For trimmed videos, the required amount is around 0.5M. In
stark contrast, 66M videos are collected to obtain a noise-resilient pre-trained
model in [12,49]. It is also noteworthy that our framework can also benefit from
the massively weakly-supervised pre-training from billions of images or videos.

To sum up, our contributions are as follows:

(1) We propose OmniSource, a simple and efficient framework for webly-
supervised video classification, which can leverage web data in different formats.

(2) We propose good practices for problems during joint training with omni-
sourced data, include source-target balancing, resampling and cross-dataset mixup.

(3) In experiments, our models trained by OmniSource achieve state-of-the-
art performance on the Kinetics-400, for all pre-training strategies we tested.

2 Related work

‘Webly-supervised learning Leveraging information from the Internet, termed
webly-supervised learning, has been extensively explored [25,50,14,11]. Divvala et
al in [7] proposes to automatically learn models from online resources for visual
concept discovery and image annotation. Chen et al reveals that images crawled
from the Internet can yield superior results over the fully-supervised method [5].
For video classification, Ma et al proposes to use web images to boost action
recognition models in [28] at the cost of manually filtering web action images.
To free from additional human labor, efforts have been made to learn video con-
cept detectors [51,20] or to select relevant frames from videos [10,41,52]. These
methods are based on frames thus fail to consider the rich temporal dynamics of
videos. Recent works [29,12] show that webly-supervised learning can produce
better pre-training models with very large scale noisy data (~ 10° images and
~ 107 videos). Being orthogonal to the pre-training stage, our framework works
in a joint-training paradigm and is complementary to large-scale pre-training.

Semi-supervised learning Our framework works under the semi-supervised
setting where labeled and unlabeled(web) data co-exist. Representative classical
approaches include label propagation [61], self-training [36], co-training [1], and
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graph networks [21]. Deep models make it possible to learn directly from unla-
beled data via generative models [20], self-supervised learning [53], or consensus
of multiple experts [54]. However, most existing methods are validated only on
small scale datasets. One concurrent work [19] proposes to first train a student
network with unlabeled data with pseudo-labels and then fine-tune it on the
labeled dataset. Our framework, however, works on the two sources simultane-
ously, free from the pretrain-finetune paradigm and is more data-efficient.
Distillation According to the setting of knowledge distillation [16] and data
distillation [35], given a set of manually labeled data, we can train a base model
in the manner of supervised learning. The model is then applied to the unlabeled
data or its transforms. Most of the previous efforts [35] are confined to the domain
of images. In [13], Rohit et al proposes to distill spatial-temporal features from
unlabeled videos with image-based teacher networks. Our framework is capable
of distilling knowledge from multiple sources and formats within a single network.
Domain Adaptation Since web data from multiple sources are taken as input,
domain gaps inevitably exist. Previous efforts [6,45,4] in domain adaptation focus
on mitigating the data shift [34] in terms of data distributions. On the contrary,
our framework focuses on adapting visual information in different formats (e.g.
still images, long videos) into the same format (i.e. trimmed video clips).
Video classification Video analysis has long been tackled using hand-crafted
feature [24,46]. Following the success of deep learning for images, video classi-
fication architectures have been dominated by two families of models, i.e. two-
stream [38,47] and 3D ConvNets [3,44]. The former uses 2D networks to extract
image-level feature and performs temporal aggregation [17,58,18] on top while
the latter learns spatial-temporal features directly from video clips [44,8,43].

3 Method

3.1 Overview

We propose a unified framework for omni-sourced webly-supervised video
recognition, formulated in Sec. 3.2. The framework exploits web data of various
forms (images, trimmed videos, untrimmed videos) from various sources (search
engine, social media, video sharing platform) in an integrated way. Since web
data can be very noisy, we use a teacher network to filter out samples with low
confidence scores and obtain pseudo labels for the remaining ones (Sec. 3.4). We
devise transformations for each form of data to make them applicable for the
target task in Sec. 3.5. In addition, we explore several techniques to improve the
robustness of joint training with web data in Sec. 3.6.

3.2 Framework formulation

Given a target task (trimmed video recognition, e.g.) and its correspond-
ing target dataset Dy = {(x;,y;)}, we aim to harness information from un-
labeled web resources U = U; U --- U U, where U, refers to unlabeled data
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in a specific source or format. First, we construct the pseudo-labeled dataset
D; from U;. Samples with low confidence are dropped using a teacher model
M trained on Dy, and the remaining data are assigned with pseudo-labels
y = PseudoLabel(M(x)). Second, we devise appropriate transforms 7;(x) :
ﬁi — D4, to process data in a specific format (e.g. still images or long videos)
into the data format (trimmed videos in our case) in the target task. We denote
the union of D4 ; to be the auziliary dataset D 4. Finally, a model M’ (not
necessarily the original M), can be jointly trained on Dy and D 4. In each it-
eration, we sample two mini-batches of data By, B4 from Dy, D4 respectively.
The loss is a sum of cross entropy loss on both By and B4, indicated by Eq 1.

L= Y LEF&M)y)+ Y LFEM)S) (1)

x,yeBT x,yEB A

For clarification, we compare our framework with some recent works on
billion-scale webly-supervised learning in Table 1. OmniSource is capable of deal-
ing with web data from multiple sources. It is designed to help a specific task,
treats webly-supervision as co-training across multiple data sources instead of
pre-training, thus is much more data-efficient. It is also noteworthy that our
framework is orthogonal to webly-supervised pre-training [12].

Table 1: Difference to previous works. The notions follow Sec. 3.2: U is the
unlabeled web data, D7 is the target dataset. ||, |D.a| denotes the scale of web data
and filtered auxiliary dataset

Webly-supervised pretrain [29,12]| Web-scale semi-supervised [19] OmniSource (Ours)

2]1. Train a model M on U. 1. Train a model M on D . 1. Train one (or more) model M on Dr. .

.g 2. Fine-tune M on Dy 2. Run M on U to pseudo-labeled D.|2. Run M on |J; U; to pseudo-labeled J; D;.

S 3. Train a student model M’ on D. |(Samples under certain threshold are dropped.)

9 4. Fine-tune M’ on D 3. Apply transforms T; : D; — Dy

A 4. Train model M’ (or M) on D U D 4.

S [3-5B images or 65M videos 1B images or 65M videos [U]: 13M images and 1.4M videos (0.4%~2%)

- | D 4|: 3.5M images and 0.8M videos (0.1%~1%)

3.3 Task-specific data collection

We use class names as keywords for data crawling, with no extra query ex-
pansion. For tag-based system like Instagram, we use automatic permutation and
stemming? to generate tags. We crawl web data from various sources, including
search engine, social media and video sharing platform. Because Google restricts
the number of results for each query, we conduct multiple queries, each of which
is restricted by a specific period of time. Comparing with previous works [29,12]
which rely on large-scale web data with hashtags, our task-specific collection
uses keywords highly correlated with labels, making the supervision stronger.
Moreover, it reduces the required amount of web data by 2 orders of magnitude
(e.g. from 65M to 0.5M videos on Instagram).

After data collection, we first remove invalid or corrupted data. Since web
data may contain samples very similar to validation data, data de-duplication

4 For example, “beekeeping” can be transformed to “beekeep”, and “keeping bee”.
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is essential for a fair comparison. We perform content-based data de-duplication
based on feature similarity. First, we extract frame-level features using an ImageNet-
pretrained ResNet50. Then, we calculate the cosine similarity of features be-
tween the web data and target dataset and perform pairwise comparison after
whitening. The average similarity among different crops of the same frame is
used as the threshold. Similarity above it indicates suspicious duplicates. For
Kinetics-400, we filter out 4,000 web images (out of 3.5M, 0.1%) and 400
web videos (out of 0.5M, 0.1%). We manually inspect a subset of them and find
that less than 10% are real duplicates.

3.4 Teacher filtering

Data crawled from the web are inevitably noisy. Directly using collected web
data for joint training leads to a significant performance drop (over 3%). To
prevent irrelevant data from polluting the training set, we first train a teacher
network M on the target dataset and discard those web data with low confidence
scores. For web images, we observe performance deterioration when deflating 3D
teachers to 2D and therefore only use 2D teachers. For web videos, we find both
applicable and 3D teachers outperform 2D counterparts consistently.

Images to pseudo videos Untrimmed videos to snippets or clips
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Fig. 2: Transformations. Left: Inflating images to clips, by replicating or inflating
with perspective warping; Right: Extracting segments or clips from untrimmed videos,
guided by confidence scores

3.5 Transforming to the target domain

‘Web Images. To prepare web images for video recognition training, we devise
several ways to transform images into pseudo videos. The first naive way is to
replicate the image n times to form an n-frame clip. However, such clips may not
be optimal since there is a visible gap between static clips and natural videos
which visually change over time. Therefore, we propose to generate video clips
from static images by viewing them with a moving camera. Given an image
I, under the standard perspective projection model [9], an image with another
perspective I can be generated by a homographic transform #H which is induced
by a homographic matrix H € R3*3, i.e., I = H(I) = F(I;H). To generate a
clip J ={Jy, - ,Jn} from I, starting from J; = I, we have

Ji=MHi(Ji-1) = (HioHi—10---oHi)(I) (2)
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Each matrix H; is randomly sampled from a multivariate Gaussian distribution
N (1, X), while the parameters p and X' are estimated using maximum likelihood
estimation on the original video source. Once we get pseudo videos, we can
leverage web images for joint training with trimmed video datasets.
Untrimmed Videos. Untrimmed videos form an important part of web data.
To exploit web untrimmed videos for video recognition, we adopt different trans-
formations respectively for 2D and 3D architectures.

For 2D TSN, snippets sparsely sampled from the entire video are used as
input. We first extract frames from the entire video at a low frame rate (1 FPS).
A 2D teacher is used to get the confidence score of each frame, which also divides
frames into positive ones and negative ones. In practice, we find that only using
positive frames to construct snippets is a sub-optimal choice. Instead, combining
negative frames and positive frames can form harder examples, results in better
recognition performance. In our experiments, we use 1 positive frame and 2
negative frames to construct a 3-snippet input.

For 3D ConvNets, video clips (densely sampled continuous frames) are used
as input. We first cut untrimmed videos into 10-second clips, then use a 3D
teacher to obtain confidence scores. Only positive clips are used for joint training.

Web data before filtering B Web data after filtering

ok (a) Instagram Images(1G-img) 20K (b) Google Images(GG-k400)

(c) Instagram Videos(IG-vid) (d) Samples from GG-k400

i <

Fig. 3: Web Data Distribution. The inter-class distribution of three web datasets is
visualized in (a,b,c), both before and after filtering. (d) gives out samples of filtered out
images (cyan) and remained images (blue) for GG-K400. Teacher filtering successfully
filters out lots of negative examples while making inter-class distribution more uneven

3.6 Joint training

Once web data are filtered and transformed into the same format of that in
the target dataset Dy, we construct an auziliary dataset D 4. A network can
then be trained with both Dy and D4 using sum of cross-entropy loss in Eq. 1.
As shown in Fig. 3, web data across classes are extremely unbalanced, especially
after teacher filtering. Also there exists potential domain gap between Dy and
D 4. To mitigate these issues, we enumerate several good practices as follows.
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Balance between target and auxiliary mini-batches. Since the auxiliary
dataset may be much larger than the target dataset and the domain gap may
occur, the data ratio between target and auxiliary mini-batches is crucial for the
final performance. Empirically, |Br| : |Ba| =2:1 ~ 1: 1 works reasonably well.
Resampling strategy. Web data are extremely unbalanced, especially after
teacher filtering (see Fig 3). To alleviate this, we explore several sampling poli-
cies: (1) sampling from a clipped distribution: classes whose samples exceeds
threshold N, are clipped; (2) sampling from distribution modified by a power
law: the probability of choosing class with N samples is proportional to NP(p €
(0,1)). We find that (2) parameterized by p = 0.2 is generally a better practice.
Cross-dataset mizup. Mixup [55] is a widely used strategy in image recog-
nition. It uses convex combinations of pairs of examples and their labels for
training, thus improving the generalization of deep neural networks. We find
that technique also works for video recognition. When training teacher networks
on D7 only, we use the linear combination of two clip-label pairs as training
data, termed as intra-dataset mixup. When both target and auxiliary datasets
are used, the two pairs are samples randomly chosen from both datasets, termed
as cross-dataset mixup. Mixup works fairly well when networks are trained from
scratch. For fine-tuning, the performance gain is less noticeable.

4 Datasets

In this section, we introduce the datasets on which experiments will be con-
ducted. Then we go through different sources from which web data are collected.

4.1 Target datasets

Kinetics-400 The Kinetics dataset [3] is one of the largest video datasets. We
use the version released in 2017 which contains 400 classes and each category
has more than 400 videos. In total, it has around 240K, 19K, and 38K videos for
training, validation and testing subset respectively. In each video, a 10-second
clip is annotated and assigned a label. These 10-second clips constitute the data
source for the default supervised learning setting, which we refer to K400-tr.
The rest part of training videos is used to mimic untrimmed videos sourced from
the Internet which we refer to K400—untr.

Youtube-car Youtube-car [(0] is a fine-grained video dataset with 10K training
and 5K testing videos of 196 types of cars. The videos are untrimmed, last several
minutes. Following [60], the frames are extracted from videos at 4 FPS.
UCF101 UCF101 [10] is a small scale video recognition dataset, which has 101
classes and each class has around 100 videos. We use the official split-1 in our
experiments, which has about 10K and 3.6K videos for training and testing.

4.2 'Web sources

We collect web images and videos from various sources including search en-
gines, social medias and video sharing platforms.
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GoogleImage Googlelmage is a search engine based web data source for Kinetics-
400, Youtube-car and UCF101. We query each class name in the target dataset
on Google to get related web images. We crawl 6M, 70K, 200K URLs for Kinetics-
400, Youtube-car and UCF101 respectively. After data cleaning and teacher fil-
tering, about 2M, 50K, 100K images are used for training on these three datasets.
We denote the three datasets as GG-=k400, GG—car, and GG-UCF respectively.
Instagram Instagram is a social media based web data source for Kinetics-400.
It consists of Instagramlmage and InstagramVideo. We generate several tags
for each class in Kinetics-400, resulting in 1,479 tags and 8.7M URLs. After
removing corrupted data and teacher filtering, about 1.5M images and 500K
videos are used for joint training, denoted as IG-img and IG-vid. As shown
in Fig 3, IG-img is significantly unbalanced after teacher filtering. Therefore,
in the coming experiments, IG—-1img is used in combination with GG-k400.
YoutubeVideo YoutubeVideo is a video sharing platform based web data
source for Youtube-car. We crawl 28K videos from youtube by querying class
names. After de-duplicating (remove videos in the original Youtube-car dataset)
and teacher filtering, 17K videos remain, which we denote as YT-car-17k.

5 Experiments

5.1 Video architectures

We mainly study two families of video classification architectures, namely
Temporal Segment Networks [17] and 3D ConvNets [3], to verify the effective-
ness of our design. Unless specified, we use ImageNet-pretrained models for ini-
tialization. We conduct all experiments using MMAction [57].
2D TSN Different from the original setting in [17], we choose ResNet-50 [15] to
be the backbone, unless otherwise specified. The number of segments is set to
be 3 for Kinetics/UCF-101 and 4 for Youtube-car, respectively.
3D ConvNets For 3D ConvNet, we use the SlowOnly architecture proposed
in [8] in most of our experiments. It takes 64 consecutive frames as a video clip
and sparsely samples 4/8 frames to form the network input. Different initializa-
tion strategies are explored, including training from scratch and fine-tuning from
a pre-trained model. Besides, more advanced architecture like Channel Separable
Network [43] and more powerful pre-training (IG-65M [12]) is also explored.

5.2 Verifying the efficacy of OmniSource

We verify our framework’s efficacy by examining several questions.
‘Why do we need teacher filtering and are search results good enough?
Some may question the necessity of a teacher network for filtering under the im-
pression that a modern search engine might have internally utilized a visual
recognition model, possibly trained on massively annotated data, to help gen-
erate the search results. However, we argue that web data are inherently noisy
and we observe nearly half of the returned results are irrelevant. More quanti-
tatively, 70% - 80% of the web data are rejected by the teacher. On the other
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hand, we conduct an experiment without teacher filtering. Directly using col-
lected web data for joint training leads to a significant (over 3%) performance
drop on TSN. This reveals that teacher filtering is necessary to help retain the
useful information from the crawled web data while eliminating the useless.

Does every data source contribute? We explore the contribution of differ-
ent source types: images, trimmed videos and untrimmed videos. For each data
source, we construct auxiliary dataset and use it for joint training with K400-tr.
Results in Table 2 reveal that every source contributes to improving accuracy
on the target task. When combined, the performance is further improved.

Table 2: Every source contributes. We find that each source contributes to the tar-
get task. With all sources combined(we intuitively set the ratio as: K400-tr : Web—img
: IG-vid : K400-untr = 2: 1: 1: 1), the improvement can be more considerable. The
conclusion holds for both 2D TSN and 3D ConvNets (Format: Top-1 Acc/ Top-5 Acc)
Arch/Dataset[ K400-tr [[+GG-k400[+GG&IG-img][+IG-vid[+K400-untr][ + Al

ngé‘z’fcg 70.6/89.4|| 71.5/89.5 | 72.0/90.0 [72.0/90.3| 71.7/89.6 |[73.6/91.0
SlowOnly
x16.R50 || 73-8/90.9|| 74.5/91.4| 75.2/91.6 |75.2/91.7| TA.5/9L.1 |76.6/92.5

For images, when the combination of GG-k400 and IG-img is used, the
Top-1 accuracy increases around 1.4%. For trimmed videos, we focus on IG-vid.
Although being extremely unbalanced, IG—-vid still improves Top-1 accuracy by
over 1.0% in all settings. For untrimmed videos, we use the untrimmed version
of Kinetics-400 (K400—-untr) as the video source and find it also works well.

Do multiple sources outperform a single source? Seeing that web data
from multiple sources can jointly contribute to the target dataset, we wonder
if multiple sources are still better than a single source with the same budget.
To verify this, we consider the case of training TSN on both K400-tr and
Dy = GG-k400 + IG-img. We fix the scale of auxilary dataset to be that of
GG-k400 and vary the ratio between GG-k400 and IG-img by replacing images
from GG-k400 with those in IG-img. From Fig. 4, we observe an improvement
of 0.3% without increasing |D 4], indicating that multiple sources provide com-
plementary information by introducing diversity.

Does OmniSource work with different architectures? We further conduct
experiments on a wide range of architectures and obtain the results in Table 3.
For TSN, we use EfficientNet-B4 [12] instead as the backbone, on which Om-
niSource improves Top-1 accuracy by 1.9%. For 3D-ConvNets, we conduct exper-
iments on the SlowOnly-8x8-ResNet101 baseline, which takes longer input and
has a larger backbone. Our framework also works well in this case, improving the
Top-1 accuracy from 76.3% to 80.4% when training from scratch, from 76.8%
to 80.5% with ImageNet pretraining. The improvement on larger networks is
higher, suggesting that deeper networks are more prone to suffering from the
scarcity of video data and OmniSource can alleviate this.
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71.8%

Arch [ Backbone [ Pretrain [w/o. Omni[ w/. Omni [ A
TSN-3seg ResNet50 [ImageNet|70.6 / 89.4|73.6 / 91.0/+3.0 / +1.6
TSN-3seg ResNet50 | IG-1B [73.1 / 90.4|75.7 / 91.9|+2.6 / +1.5
TSN-3seg |Efficient-b4[ImageNet|73.3 / 91.0[75.2 / 92.0[+1.9 / +1.0
SlowOnly-4x16] ResNetb0 . 72.0 / 90.9]76.8 / 92.5/+3.9 / +1.6
SlowOnly-4x16| ResNet50 [ImageNet|73.8 / 90.9|76.6 / 92.5[+2.8 / +1.6
SlowOnly-8x8 | ResNet101 - 76.3 / 92.6(80.4 / 94.4|+4.1 / +1.8
SlowOnly-8x8 | ResNet101 [ImageNet|76.8 / 92.8(80.5 / 94.4|+3.7 / +1.6 ;0,4 -

irCSN-32x2 | irCSN-152 | IG-65M [82.6 / 95.3[83.6 / 96.0[+1.0 / +0.7  Top1 0% 20% 50% 100%

Acc |1G-imgl/ |1G-img + GG-k400|

71.0%

Table 3: Improvement under various experiment con- Fig.4: Multi-
figurations. OmniSource is extensively tested on various archi- source is better.
tectures with various pretraining strategies. The improvement Mixed sources

is significant in ALL tested choices. Even for the SOTA set- leads to  better
ting, which uses 65M web videos for pretraining, OmniSource performance with a
still improves the Top-1 accuracy by 1.0% (Format: Top-1 / constrained number
Top-5 Acc) of web images

Is OmniSource compatible with different pre-training strategies? As
discussed, OmniSource alleviates the data-hungry issue by utilizing auxiliary
data. One natural question is: how does it perform when training 3D networks
from scratch? Can we simply drop ImageNet pretraining in pursuit of a more
straightforward training policy? Indeed, we find that OmniSource works fairly
well under this setting and interestingly the performance gain is more signifi-
cant than fine-tuning. For example, SlowOnly-(4x16, R50) increases the Top-1
accuracy by 3.9% when training from scratch while fine-tuning only increases
by 2.8%. The model trained from scratch beats the fine-tuned counterpart by
0.2% with OmniSource though being 0.9% lower with only K400-tr. Similar
results can be observed for SlowOnly-(8x8, R101). With large-scale webly super-
vised pretraining, OmniSource still leads to significant performance improvement
(+2.6% Top-1 for TSN-3seg-R50, +1.0% Top-1 for irCSN—32x2)

[ UCF10l-splitl ] HMDB5I-splitl
Arch [w.o. Omni[w/. Omni[[w/o. OmniJw. Omni ETN Q By w

TSN-3seg

R50[FT] 91.5 93.3 63.5 65.9 Drlnklngshals D}rén';;:g;eoer Rolck;;:scrs paper ZS:aZk;h; 1ds

SlowOnly : { x|
4x16, R50[FT] 94.7 96.0 69.4 70.7 i .\

SlowOnly g A SRR y
4x16, RSO[SC] 94.1 96.0 65.8 71.0 Mopping floor 5weepmg$ Eating doughnuts  Eating burger

36.0% 54.0% 18.4% + 8.2 67.3%

Table 4: OmniSource features transfer well. Fig.5: Confusing pairs im-
We finetune on UCF101 and HMDB51 with proved by OmniSource. The
K400-tr pretrained weight. Pretraining with Om- original accuracy and change are
niSource improves the performance significantly denoted in black and in color

Do features learned by OmniSource transfer to other tasks? Although
OmniSource is designed for a target video recognition task, the learned fea-
tures also transfer well to other video recognition tasks. To evaluate the transfer
capability, we finetune the learned model on two relatively smaller datasets:
UCF101 [10] and HMDB51 [23]. Table 4 indicates that on both benchmarks,
pretraining with OmniSource leads to significant performance improvements.
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Following standard evaluation protocol, SlowOnly-8x8-R101 achieves 97.3% Top-
1 accuracy on UCF101, 79.0% Top-1 accuracy on HMDB51 with RGB input.
When combined with optical flow, it achieves 98.6% and 83.8% Top-1 accu-
racy on UCF101 and HMDB51, which is the new state-of-the-art. More results
on transfer learning are provided in the supplementary material.

Does OmniSource work in different target domains? Our framework is
also effective and efficient in various domains. For a fine-grained recognition
benchmark called Youtube-car, we collect 50K web images (GG-car) and 17K
web videos (YT-car—17k) for training. Table 5 shows that the performance gain
is significant: 5% in both Top-1 accuracy and mAP. On UCF-101, we train a
two-stream TSN network with BNInception as the backbone. The RGB stream
is trained either with or without GG-UCF. The results are listed in Table 6. The
Top-1 accuracy of the RGB stream improves by 2.7%. When fused with the flow
stream, there is still an improvement of 1.1%.

Where does the performance gain come from? To find out why web data
help, we delve deeper into the collected web dataset and analyze the improvement
on individual classes. We choose TSN-3seg-R50 trained either with or without
GG-k400, where the improvement is 0.9% on average. We mainly focus on the
confusion pairs that web images can improve. We define the confusion score of
a class pair as Sij = (Tlij + nji)/(nij + nj; +ng + ’/ljj), where Nij denotes the
number of images whose ground-truth are class ¢ while being recognized as class
j. Lower confusion score denotes better discriminating power between the two
classes. We visualize some confusing pairs in Fig 5. We find the improvement can
be mainly attributed to two reasons: (1) Web data usually focus on key objects
of action. For example, we find that in those pairs with the largest confusion
score reduction, there exist pairs like “drinking beer” wvs.“drinking shots”, and
“eating hotdog” ws.“eating chips”. Training with web data leads to better ob-
ject recognition ability in some confusing cases. (2) Web data usually include
discriminative poses, especially for those actions which last for a short time. For
example, “rock scissors paper” vs.“shaking hands” has the second-largest confu-
sion score reduction. Other examples including “sniffing”-“headbutting”, “break

dancing”-“robot dancing”, etc.
Table 7: Comparisons with Kinetics-400 state-of-the-art

Table 5: Youtube-car Method backbone  pretrain Top-1 Top-5
_ TSN-7seg [17] Inception-v3 ImageNet 73.9 91.1
Setting Top-1 mAP TSM-8seg [27] ResNet50 ImageNet 72.8 N/A
Baseline 77.05 71.95 TSN-3seg (Ours) ResNet50 ImageNet 73.6 91.0
+GG-car 80.96 77.05 TSN-3seg (Ours) Efficient-b4 ImageNet 75.2 92.0
++égicar’;;f Zi'gg ;Z'g; SlowOnly-8x8 [5] __ ResNetl01 : 759 N/A
[GG-1+[¥T-] 8l. : SlowFast-8x8 [3]  ResNet101 - 779 03.2
Table 6: UCF-101 SlowOnly-8x8 (Ours) ResNet101 - 80.4 94.4
13D-64x1 [3] Inception-V1 ImageNet 72.1 90.3
Setting + Flow Top-1 NL-128x1 [48] ResNet101 ImageNet 77.7 93.3
Baseline %6.04 SlowFast-8x8 [3] ResNet101 ImageNet 77.9 93.2
T GG-UCF R8.74 LGD-3D (RGB) [33] ResNet101 ImageNet 79.4 94.4
Basoline 7 093.47 STDFB [30] ResNet152 ImageNet 78.8 93.6
T GG-UCF ¥ 04.58 SlowOnly-8x8 (Ours) ResNet101 ImageNet 80.5 94.4
irCSN-32x2 [12] irCSN-152  IG-656M 82.6 95.3

irCSN-32x2 (Ours) irCSN-152 IG-65M 83.6 96.0
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5.3 Comparisons with state-of-the-art

In Table 7, we compare OmniSource with current state-of-the-art on Kinetics-
400. For 2D ConvNets, we obtain competitive performance with fewer segments
and lighter backbones. For 3D ConvNets, considerable improvement is achieved
for all pre-training settings with OmniSource applied. With IG-65M pre-trained
irCSN-152, OmniSource achieves 83.6% Top-1 accuracy, an absolute improve-
ment of 1.0% with only 1.2% relatively more data, establishing a new record.
Table 8: Different ways to transform  Table 9: Mixup technique can be beneficial
images into video clips. Still inflation  to the model performance, both for intra- and
is a strong baseline, while agnostic  cross-dataset cases. However, it works only

perspective warping performs best when the model is trained from scratch
Inflation Top-1 Top-5 Pretraining w. mixup w.GG-img Top-1 Top-5
N/A 73.8 90.9 ImageNet 73.8  90.9
replication (still) 74.1  91.2 ImageNet v 73.6 91.1
translation (random) 73.7 90.9 None 72.9 90.9
translation (constant) 73.8 90.8 None v 73.3  90.9
perspective warp [spec] 74.4 91.3 None v 74.1  91.0
perspective warp [agno] 74.5 91.4 None v v 74.4  91.4

5.4 Validating the good practices in OmniSource

We conduct several ablation experiments on techniques we introduced. The
target dataset is K400—-tr and the auxiliary dataset is GG—k4 00 unless specified.
Transforming images to video clips. We compare different ways to transform
web images into clips in Table 8. Naively replicating still image brings limited
improvement (0.3%). We then apply translation with randomized or constant
speed to form pseudo clips. However, the performance deteriorates slightly, sug-
gesting that translation cannot mimic the camera motion well. Finally, we resort
to perspective warping to hallucinate camera motion. Estimating class-agnostic
distribution parameters is slightly better, suggesting that all videos might share
similar camera motion statistics.

Cross-Dataset mixup In Table 9, we find that mixup is effective for video
recognition in both intra- and cross-dataset cases when the model is trained
from scratch. The effect is unclear for fine-tuning. In particular, mixup can lead
t0 0.4% and 0.3% Top-1 accuracy improvement for intra- and inter-dataset cases.
Impact of teacher choice. Since both teacher and student networks can be 2D
or 3D ConvNets, there are 4 possible combinations for teacher network choos-
ing. For images, deflating 3D ConvNets to 2D yields a dramatic performance
drop. Therefore, we do not use 3D ConvNet teachers for web images. For videos,
however, 3D ConvNets lead to better filtering results comparing to its 2D coun-
terpart. To examine the effect of different teachers, we fix the student model to be
a ResNet-50 and vary the choices of teacher models (ResNet-50, EfficientNet-b4,
and the ensemble of ResNet-152 and EfficientNet-b4). Consistent improvement
is observed against the baseline (70.6%). The student accuracy increases when
a better teacher network is used. It also holds for 3D ConvNets on web videos.
Effectiveness when labels are limited. To validate the effectiveness with
limited labeled data, we construct 3 subsets of K400-tr with a proportion of
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3%, 10%, and 30% respectively. We rerun the entire framework including data
filtering with a weaker teacher. The final results on the validation set of K400-tr
is shown in Fig 7. Our framework consistently improves the performance as the
percentage of labeled videos varies. Particularly, the gain is more significant
when data are scarce, e.g. a relative increase of over 30% with 3% labeled data.

o~ w/o. Distill == w/.GG-k400 + IG-imy
—@— w/. GG-k400 w/. GG-k400 + 1G-img . —@— Teacher Distill w/. GG-k400 O v/ G 1400 " . o0 ‘mmz -
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Teacher Accuracy Amount of labeled data Auxiliary ratio (Target:Source)

Fig.6: Better teachers Fig.7: OmniSource on Fig.8: Accuracy with dif-
leads to better students subsets of Kinetics ferent ratios |Br| : |Bal
Balancing between the target and auxiliary
dataset. We tune the ratio between the batch size mup1e  10: Resampling
of the target dataset |[Br| and the auxiliary dataset g¢rategies. Simple resam-
|B4| and obtain the accuracy on Fig 8. We test pling strategies lead to non-
3 scenarios: (1) the original GG-k400, clarified in trivial improvement
Sec 4.2; (2) [GG+IG]1-k400, the union of GG-k400
and IG-img; (3) [GG+IG]-k400-half which is the Stategy Top-1/5
. None (original) 71.5/89.5
half of (2). We observe that the performance gain ~fpped (N, = 5000) 71.9/90.0
is robust to the choice of |Br|/|Ba| in most cases. Power (~ N”,p = 0.5)71.8/89.7
However, with less auxiliary data, the ratio has to be “2¥ (~ N7, p = 0.2)72.0/90.0
treated more carefully. For example, smaller |D 4| but
larger |B.4| may cause overfitting auxiliary samples and hur the overall result.
Resampling strategies. The target dataset is usually balanced across classes.
The nice property doesn’t necessarily hold for the auxiliary dataset. Thus we pro-
pose several resampling strategies. From Table 10, we see that simple techniques
to tailor the distribution into a more balanced one yield nontrivial improvements.

6 Conclusion

In this work, we propose OmniSource, a simple yet effective framework for

webly-supervised video recognition. Our method can utilize web data from mul-
tiple sources and formats by transforming them into a same format. In addition,
our task-specific data collection is more data-efficient. The framework is applica-
ble to various video tasks. Under all settings of pretraining strategies, we obtain
state-of-the-art performance on multiple benchmarks.
Acknowledgment This work is partially supported by the SenseTime Collab-
orative Grant on Large-scale Multi-modality Analysis (CUHK Agreement No.
TS1610626 & No. TS1712093), the General Research Fund (GRF) of Hong Kong
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