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Abstract

Attributes are descriptive characteristics with cross-
category applicability. They can be used to provide addi-
tional information that is not found in simple object classi-
fication, giving the computer a complete picture of the item
and the state in which it appears. While attribute predic-
tion has been studied extensively in still images, this is not
the case in videos. However, there exist visual clues in a
video that are not present in a still frame. In this paper,
we discover and annotate visual attributes for the Youtube-
BoundingBoxes dataset. This is the largest video attribute
dataset to date. Using the Youtube-Attributes dataset, a
model can be trained for scalable multi-label classification.
We have collected a dataset of 20,000 videos paired with
over 85 attribute annotations describing 10 different classes
of objects. We demonstrate that our dataset can be used
to produce attribute classifiers that are both accurate and
highly scalable.

1. Introduction

Efforts in computer vision have traditionally focused on
categorical object recognition - classification, segmentation,
localization, and so on. But a simple label does not tell
the full story. When humans characterize objects, they cre-
ate distinctions and consider visual clues that cannot be en-
capsulated in a single label. A standard categorical model
will not recognize intra-category variations, such as the dis-
tinction between a “startled cat” and a “’sleeping cat.” This
model limits the information that helps researchers under-
stand the state of objects relative to others. Furthermore,
the recent progress in image and video caption generation
asks for robust attribute prediction models to enhance the
quality of captions.

By definition, attributes are inherent characteristics that
describe objects and the state in which they appear. They
provide visual clues that are instantly detectable to a human
observer. Additionally, they are typically general enough to

apply to a very large number of objects: “startled” applies
not only to cats, but to humans and many other animals.

While attribute prediction has been studied extensively
in images, this is not the case in videos. However, there
exists descriptive information in a video reel that is not de-
tectable in a still frame. There are temporal attributes, such
as descriptive actions, that will only be present in a video;
additionally, a clip will provide more details about a par-
ticular object than will exist in one picture. Although video
attributes are a pertinent area of interest in vision, there is no
modern dataset that can be used for training deep learning
networks.

With current advances in computational architectures,
the research community demands large, diverse video
datasets. In this paper, we provide a human-annotated video
attribute dataset consisting of 20,000 short video clips from
YouTube. These clips describe 10 distinct classes of ob-
jects: bear, bird, cat, cow, dog, elephant, giraffe, horse, per-
son, and zebra. It features video-wise labels from a set of
over 85 characterizing attributes from 3 categories, action
attributes, descriptive attributes, and emotion attributes.

2. Related Work

Many video datasets with attribute” annotations are
available to the community. Below are some of the most
relevant.

e UCF-101 [10], HMDB-51 [4], and the more recent Ki-
netics [3]] provide annotations for a variety of human
actions - however, this is not an attribute dataset be-
cause it does not consider actions as descriptions but
rather as verbs.

e USAA Attributes [1]] consists of 1500 “weakly la-
beled” videos from 8 distinct classes, focusing on so-
cial activity scenes. The 69 “attributes” which are an-
notated can be broken into categories of actions, ob-
jects, scenes, sounds, and camera movements.

e Other datasets, such as WWW Crowd [8]] are highly
specified, containing only video of crowds of people.
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Figure 1. Sample annotated videos from the YouTube-Attributes Dataset. Each row shows frames from one video segment with attributes

that describe the object in the video.

Still image attribute prediction datasets are much more
abundant. Notably, the COCO Attributes [6] dataset,
which includes exhaustive attribute annotation over the ex-
isting pixel-wise object segmentation from the original MS
COCO dataset [3]].

It should be considered that the majority of existing
video attribute datasets maintain a distinct definition of the
term “attribute” than that in this paper and in COCO At-
tributes. In this paper, we consider multi-sourced attributes
rather than event detection "attributes”.

3. Methodology
3.1. Base Dataset

We chose to annotate attributes onto the Youtube-
BoundingBoxes Dataset [7]. This dataset is a large-scale
set of video URLs with single-object bounding box anno-
tations. It consists of about 380,000 video clips of 15-
20 seconds taken from a diverse set of publicly-accessible
Youtube videos, featuring 23 distinct object categories. The
objects are primarily in natural settings without editing or
post-processing, with similar quality to a hand-held cell
phone camera. The videos are all hand-annotated with clas-

sification labels and bounding boxes at one frame per sec-
ond. A large fraction of this dataset is from the “’person”
class, which is especially important since the research com-
munity has a vested interest in human-focused vision prob-
lems. However, one of our factors in choosing a base dataset
was increasing video diversity. Annotating attributes over
both animals and humans featured in YT-BB will provide
a more general dataset which will have greater applications
than a set focusing on a single class.

3.2. Attribute Selection

A list of 85 attributes was created by hand to apply to
the 10 categories in the dataset. Of these, more than half
apply to all of the object classes (bear, bird, cat, cow, dog,
elephant, giraffe, horse, human, zebra).

These attributes were generated based on a large subset
of YT-BB, and were written to be as general as possible.
There are a few exceptions, however, particularly pertain-
ing to the human and bird categories. Only birds can be de-
scribed as “perched” or "flying,” and similarly the attribute
”laughing” specifically applies to human objects. However,
the majority have more applications- general emotional de-

scriptions like “happy,” “annoyed,” or “excited,” could ap-



ply to all ten classes, and many additional animal classes
that are not part of YT-BB. This stability makes our dataset
very valuable for attribute prediction on nearly any video
dataset. We determined that an average of 60 attributes were
applicable to each animal or human class, and these were
sorted accordingly.

The list of 85 attributes can be further separated into
three categories: action attributes, emotion attributes , and
descriptive attributes. Action attributes are primarily -ing
adjectives, which describe something that the animal or hu-
man is actively doing, such as “trotting” or ”playing.” Emo-
tion attributes are, as expected, characterizations of the ob-
ject’s emotional state, such as “angry.” Finally, descriptive
attributes are other adjectives that are not actions or emo-
tions, but can be identified in the video clip - for example,
describing a dog as “obedient” if it is walking calmly on a
leash, or ”’strong” if it is shown pulling the leash taut.

Of the 60 attributes that pertain to each category, about
half or 30 terms are action attributes, 20 are descriptive, and
10 are emotions. In our annotation platform (see Section
3.3), attributes were grouped in this manner for greater la-
beling simplicity.

It should be noted that action attributes are distinctly dif-
ferent than action or fine-grained action annotations that
have previously appeared in other action/activity datasets
(See Section 2). This is primarily because the object is
not solely human, but rather one of ten distinct categories.
Hence unlike previous action recognition datasets, a model
which learns ”playing” attribute from our dataset can gener-
alize it to a wide range of human and animal videos, instead
of simply humans.

3.3. Human Annotations

Like most existing large datasets, we used by-hand an-
notations to label the videos from YT-BB. We created an
annotation platform based heavily on a tool created at the
University of California at Berkeley for bounding-box an-
notations [9]. Each video, along with a subset of attributes,
was provided to two different human annotators, who were
instructed to watch the short clip while paying attention to
the animal or human in the bounding box. Then, they would
read through the list of 15-20 provided attributes, and check
the ones that they believe apply to the object in the video. A
user-input text box was also provided, for annotators to add
their own attributes as desired. We required a minimum of
five words for each video, either chosen from the provided
list or added in manually.

We used Amazon Mechanical Turk to annotate attributes
onto YouTube-BB. This allowed for quick results and feed-
back, but reduced quality of annotation that often is the
drawback of crowd-sourcing. This issue was mitigated by
video replication, and showing users a constant set of at-
tributes rather than a new list to be read for each task.
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Figure 2. Attributes and number of applicable categories

An important aspect for generating accurate human an-
notations is the worker’s user experience. We designed our
annotation platform to be as simple as possible, with clear-
cut bulleted instructions and a minimalist layout. Users
were also given the option to write in feedback com-
ments. We used these comments to frequently fine-tune the
tasks, making both functional and aesthetic adjustments as
needed.

3.3.1 User Interface

Figure [3] shows the user interface as seen by workers in
Amazon Mechanical Turk. For ease of use, a subset of the
60 pertinent attributes were shown to each worker, and the
attributes that were not shown are displayed to a different



worker in the second copy of the task. Turkers are asked
to click the checkboxes of the attributes that they believe
apply, as well as write any additional annotations if they
feel a term is missing from the displayed attribute list. We
determined that each task should take a worker around 30
seconds, before accounting for any sort of browser-based
lag.

The annotation platform also included a landing page for
monitoring active annotation tasks. Part of this is shown in
figure E} Here, we can view annotations from AMT in real
time, and view information like annotation time, operating
system used by workers, and any comments that may have
been included. We used this page to quickly assess annota-
tion quality and track overall progress. Based on feedback
and on resulting annotations, we adjusted the platform to
account for server traffic, user experience bugs, and more.
If tasks are annotated with 5 or more attributes, they are ap-
proved, and if not they are rejected; approved annotations
are stored with information about the video itself, therefore
building YouTube-Attributes.

4. Discussion

In this paper, we introduced YouTube-Attributes, a new
dataset with 20,000 video clips, hand-annotated with over
85 generalized attributes, describing objects in 10 cate-
gories. This represents the largest and most diverse video
attribute dataset (See Section 2) available to the research
community. It can be used for multi-task learning - object
recognition, object localization, and video attribute predic-
tion.

5. Future Work

Future work on the dataset could refine and improve
YouTube-Attributes in a variety of ways. Additional videos
from YT-BB can be annotated in a similar process, to ex-
tend the existing attribute dataset. Or, new videos contain-
ing different object classes could be added and annotated,
generalizing the data even further. Alternatively, existing
annotations could be improved with a review process.

When the YouTube-Attributes dataset is fully annotated,
it will be used for training, validation, and testing using a
deep attribute prediction network. As a baseline, we have
implemented C3D [11]], an established model consisting of
a system 3-D convolution neural networks.

We can then supplement this architecture for improved
performance in recognizing attributes, and tested on a va-
riety of existing video datasets with class labels. Our pro-
posed model for end-to-end attribute prediction in videos
consists of C3D and a T-CNN [2], as shown in figure E}
This model aggregates results from C3D and from the T-
CNN architecture, which employs region proposal networks
as spatio-temporal tubes. We predict that this model will be

a robust system for attribute prediction in videos of many
classes.
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Figure 3. Screenshot of the human annotation tool used to gather video-wise attribute labels. For each short video, users click the attributes
that they believe apply, and can add their own.

Class Annotations? Annotations Verified File Link

person yes [{"color": "#bceefd", "keyframes": [{"x": 114.88, "y": 94.0000032, "w": 50.24000000000001, "h": no AsEWLcMdlaE.mpd view
46.39999679999998, "continuelnterpolation: true, "frame": Q}], "type":
"looking/watching,peaceful alert,*singing, performing"}]

bear no no AA19zjGEPvg.mp4  view
cat no no ZyDgefuyQfu.mp4 view
dog no no AVOYALNUVB4.mpd4  view
cat no no AvdgweWTeeg.mpd  view
cat no no AxXMFQ8340Gg.mp4  view
person no no Ast7TPFTEKdw.mp4  view
horse  no no AlQReB1+AF8- view
Jig.mp4

Figure 4. Screenshot of requester platform, which can be used to manage tasks, track progress, and assess overall annotation quality. Tasks
can be approved/rejected within this interface, or from the command line controls.
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Figure 5. Proposed model for end-to-end attribute prediction, to be trained on the YouTube-Attributes dataset. The top component is C3D,
running concurrently with a T-CNN (on bottom). The results of these two networks are aggregated to make video predictions. This model

can be tested on a variety of video datasets.



