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SYSTEMS AND METHODS FOR FILTERING 
OF COMPUTER VISION GENERATED TAGS 
USING NATURAL LANGUAGE PROCESSING 

TECHNICAL FIELD 

0001. This disclosure relates generally to systems, meth 
ods, and computer readable media for filtering of computer 
Vision generated tags using natural language processing and 
computer vision feedback loops. 

BACKGROUND 

0002 The proliferation of personal computing devices in 
recent years, especially mobile personal computing devices, 
combined with a growth in the number of widely-used 
communications formats (e.g., text, voice, video, image) and 
protocols (e.g., SMTP, IMAP/POP, SMS/MMS, XMPP, etc.) 
has led to a communication experience that many users find 
fragmented and difficult to search for relevant information in 
these communications. Users desire a system that will 
discern meaningful information about visual media that is 
sent and/or received across multiple formats and communi 
cation protocols and provide more relevant universal search 
capabilities, with ease and accuracy. 
0003. In a multi-protocol system, messages can include 
shared items that include files or include pointers to files that 
may have visual properties. These files can include images 
and/or videos that lack meaningful tags or descriptions about 
the nature of the image or video, causing users to be unable 
to discover said content in the future via search or any means 
other than direct user lookup (i.e., a user specifically navi 
gating to a precise file in a directory or an attachment in a 
message). For example, a user may have received email 
messages with visual media from various sources that are 
received through emails in an email system over the user's 
lifetime. However, due to the passage of time, the user may 
be unaware where the particular visual media (e.g., image/ 
picture and video) may have been stored or archived. 
Therefore, the user may have to manually search through the 
visual images or videos so as to identify an object, e.g., an 
animal or a plant that the user remembers viewing in the 
visual media when it was initially received. This can be time 
consuming, inefficient and frustrating for the user. In some 
cases wherein the frequency of visual media sharing is high, 
this process can result in a user not being able to recall any 
relevant detail of the message for lookup (such as exact 
timeframe, sender, filename, etc.) and therefore “lose the 
visual media, even though the visual media is still resident 
in its original system or file location. 
0004 Recently, a great deal of progress has been made in 
large-scale object recognition and localization of informa 
tion in images. Most of this success has been achieved by 
enabling efficient learning of deep neural networks (DNN), 
i.e., neural networks with several hidden layers. Although 
deep learning has been Successful in identifying some infor 
mation in images, a human-comparable automatic annota 
tion of images and videos (i.e., producing natural language 
descriptions solely from visual data or efficiently combining 
several classification models) is still far from being 
achieved. 
0005. In large systems, recognition parameters are not 
personalized at a user level. For example, recognition 
parameters may not account for user preferences when 
searching for content in the future, and can return varying 
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outputs based on a likely query type, importance, or object 
naming that is used conventionally (e.g., what a user calls a 
coffee cup versus what other users may call a tea cup, etc.). 
Therefore... the confidence of the output results may change 
based on the query terms or object naming. 
0006. The subject matter of the present disclosure is 
directed to overcoming, or at least reducing the effects of 
one or more of the problems set forth above. To address 
these and other issues, techniques that enable filtering or 
'de-noising computer vision-generated tags or annotations 
in images arid videos using feedback loops are described 
herein. 

BRIEF DESCRIPTION OF THE DRAWINGS 

0007 FIG. 1A is a block diagram illustrating a server 
entry point network architecture infrastructure, according to 
one or more disclosed embodiments. 
0008 FIG. 1B is a block diagram illustrating a client 
entry point network architecture infrastructure, according to 
one or more disclosed embodiments. 
0009 FIG. 2A is a block diagram illustrating a computer 
which could be used to execute the multi-format, multi 
protocol contextualized indexing approaches described 
herein according to one or more disclosed embodiments. 
0010 FIG. 2B is a block diagram illustrating a processor 
core, which may reside on a computer according to one or 
more disclosed embodiments. 
0011 FIG. 3 is a flow diagram illustrating an example of 
a method for filtering computer vision generated tags, 
according to one or more disclosed embodiments. 
0012 FIG. 4 is a diagram for an exemplary image that 
depicts computer generated tags in order of confidence level. 
0013 FIG. 5 shows an example of a multi-format, multi 
protocol, universal search results page for a particular query, 
according to one or more disclosed embodiments. 

DETAILED DESCRIPTION 

0014 Disclosed are systems, methods, and computer 
readable media for extracting meaningful information about 
the nature of a visual item in computing devices that have 
been shared with participants in a network across multiple 
formats and multiple protocol communication systems. 
More particularly, but not by way of limitation, this disclo 
Sure relates to systems, methods, and computer readable 
media to permit computing devices, e.g., Smartphones, tab 
lets, laptops, wearable devices, and the like, to detect and 
establish meaningful information in visual images across 
multi-format/multi-protocol data objects that can be stored 
in one or more centralized servers. Also, the disclosure 
relates to systems, methods, and computer-readable media to 
run visual media through user-personalized computer vision 
learning services to extract meaningful information about 
the nature of the visual item, so as to serve the user more 
relevant and more universal searching capability. For sim 
plicity and ease of understanding, many examples and 
embodiments are discussed with respect to communication 
data objects of one type (e.g., images). However, unless 
otherwise noted, the examples and embodiments may apply 
to other data object types as well (e.g., audio, video data, 
emails, MMS messages). 
0015. As noted above, the proliferation of personal com 
puting devices and data object types has led to a searching 
experience that many users find fragmented and difficult. 
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Users desire a system that will provide instant and relevant 
search capabilities whereby the searcher may easily locate a 
specific image or video which has been shared with them 
using any type of sharing method and which may or may not 
contain any relevant text-based identification matching the 
search query strand Such as a descriptive filename, meta 
data, user-generated tags, etc. 
0016. As used herein, computer vision can refer to meth 
ods for acquiring, processing, analyzing, and understanding 
images or videos in order to produce meaningful informa 
tion from the images or videos. 
0017. In at least one embodiment, a system, method, and 
computer-readable media for filtering Computer Vision 
(CV) generated tags or annotations on media files is dis 
closed. The embodiment may include running or implement 
ing one or more image analyzer (IA) models from an image 
analyzer (IA) server on the media files for generating CV 
tags. In an embodiment, the models can include object 
segmentation, object localization, object detection/recogni 
tion, natural language processing (NLP), and a relevance 
feedback loop model for training and filtering. 
0018. In another embodiment, the image analyzers (IA) 
may be sequenced based on a particular user and the 
evolving nature of algorithms. For example, the sequencing 
of IA analyzer models may change as algorithms for actual 
NLP detection, classification, tagging, etc. evolve. The 
sequencing of IA analyzer models may also be changed 
based on user. For example, knowing that user A typically 
searches for people and not scenery, the AI sequencing may 
be adjusted to run additional models for facial recognition 
and action detection, while avoiding models for scene detec 
tion. 
0019. In another embodiment, the relevance feedback 
model can include a feedback loop where generic' tags that 
are created for objects may be processed or filtered with 
personalized NLP and searches for the filtered tags in the 
specific object or segmentation models, and, if there is a 
match, then the tags confidence may be increased. This loop 
may be repeated until a desired overall confidence threshold 
is reached. 
0020. In another embodiment, an object segmentation 
model may be run on image files that may have been shared 
with the user in a multi-protocol, multi-format communica 
tion system. The object segmentation model may be con 
figured to analyze pictures using one or more algorithms, so 
as to identify or determine distinct objects in the picture. In 
an embodiment, an object localization model may be per 
formed on the image, along with each of the detected 
pixel-level masks (i.e., the precise area that the object 
covers in the image), to identify locations of distinct objects 
in the image. Object localization may be used to determine 
an approximation of what the objects are and where the 
objects are located in the image. 
0021. In an embodiment, deep object detection may be 
implemented by using one or more image corpora together 
with NLP models to filter CV generated tags. NLP methods 
may be used to represent words and contextually analyze 
tags in text form. An NLP model may allow for a semanti 
cally meaningful way to filter the tags and identify outliers 
in the CV generated tags. 
0022. In another embodiment, a relevance feedback loop 
may be implemented, whereby the NLP engine may filter, or 
'de-noise, the CV generated tags by detecting conceptual 
similarities to prioritize similar tags and deprioritize irrel 
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evant tags. For example, when the system detects a ques 
tionable tag (i.e., confidence level is low), the system may 
recheck the tag to ascertain whether discarding the tag is 
advised. Furthermore, a CV tag-filtering engine based on a 
training set annotated at the bounding-box level (objects 
location) may create rules related to the spatial layout of 
objects and therefore adapt the NLP classifier to filter related 
definitions based on these layouts. For example, in everyday 
photos/images, the sky is usually above the sea. The 
system may search for pictures from external datasets based 
on the subject of the discarded tag to verify whether remov 
ing the outlier was accurate. Results obtained from the 
search may be used to train NLP and computer vision using 
the images in the image dataset of the Subject matter of the 
discarded tag. 
0023. In a non-limiting example, a user might want to 
find a picture or image that a certain person (e.g., his friend 
Bob) sent to him that depicts a certain subject (e.g., Bob and 
Bob’s pet Llama), via a general query. The universal search 
approach of this disclosure allows a user to search for 
specific items—but in a general way—using natural lan 
guage, regardless of the format or channel through which the 
message/file came. So, the user could, for example, Search 
for “the picture Bob sent me of him with his Llama' without 
having to tell the system to search for a JPEG file or the like. 
The user could also simply search for “Llama’ or “Bob” and 
animal’ to prompt the search system to identify the image 
via it's CV tags (which contain general concepts such as 
"animal” and specific concepts such as “Bob” and "Llama”), 
as opposed to locating the image via filename, metadata, 
message body context, or any other standard parameter. 
0024. As new data/content is on-boarded into the system, 
the data content can he categorized and sharded, and insights 
that can be derived from analyzing the data, for example, 
language patterns, can be used to create an overarching 
user-personality profile containing key information about 
the user. That key information can be used to influence the 
weights of the various criteria of the index analyzer for that 
particular user. The index analyzer for a particular user can 
be automatically updated on an ongoing, as-needed, as 
appropriate, or periodic basis, for example. Additionally, a 
current instance of an analyzer can be used by a user to 
perform a search, while another (soon to be more current) 
instance of the analyzer updates. Thus, for example, the 
words and expressions that a particular user uses when 
searching, can become part of a machine learned pattern. If 
a user on-hoards email accounts, an index analyzer will pull 
historical data from the accounts and analyze that data. One 
or more analyzers discussed herein can comprise one or 
more variations of algorithms running independently or in 
combination, sequentially, or in parallel. 
0025 Referring now to FIG. 1A, a server-entry point 
network architecture infrastructure 100 is shown schemati 
cally. Infrastructure 100 contains computer networks 101. 
Computer networks 101 include many different types of 
computer networks, such as, but not limited to, the World 
WideWeb, the Internet, a corporate network, and enterprise 
network, or a Local Area Network (LAN). Each of these 
networks can contain wired or wireless devices and operate 
using any number of network protocols (e.g., TCP/IP). 
Networks 101 may be connected to various gateways and 
routers, connecting various machines to one another, repre 
sented, e.g., by sync server 105, end user computers 103. 
mobile phones 102, and computer servers 106-109. In some 
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embodiments, end user computers 103 may not be capable 
of receiving SMS text messages, whereas mobile phones 
102 are capable of receiving SMS text messages. Also 
shown in infrastructure 100 is a cellular network 103 for use 
with mobile communication devices. Cellular networks sup 
port mobile phones and many other types of devices (e.g., 
tablet computers not shown). Mobile devices in the infra 
structure 100 are illustrated as mobile phone 102. Sync 
server 105, in connection with database(s) 104, may serve as 
the central “brains' and data repository, respectively, for the 
multi-protocol, multi-format communication composition 
and inbox feed system to be described herein. Sync server 
can comprise an image analyzer (IA) server, or be in signal 
with an external IA server (not shown). In the server-entry 
point network architecture infrastructure 100 of FIG. 1A, 
centralized sync server 105 may be responsible for querying 
and obtaining all the messages from the various communi 
cation sources for individual users of the system and keeping 
the multi-protocol, multi-format communication inbox feed 
for a particular user of the system synchronized with the data 
on the various third party communication servers that the 
system is in communication with. Database(s) 104 may be 
used to store local copies of messages sent and received by 
users of the system, data objects of various formats, as well 
as individual documents associated with a particular user, 
which may or may not also be associated with particular 
communications of the users. Database(s) can be used to 
store an image dataset organized according to a particular 
Subject matter area and personalization information by a 
particular user. As such, the database portion allotted to a 
particular user can contain image information for a particu 
lar user that maps to a global dataset/corpus of images 
related to a subject matter area. 
0026 Server 106 in the server-entry point network archi 
tecture infrastructure 100 of FIG. 1A represents a third party 
email server (e.g., a GOOGLE(R) or YAHOO! (R) email 
server). (GOOGLE is a registered service mark of Google 
Inc. YAHOO! is a registered service mark of Yahoo! Inc.). 
Third party email server 106 may be periodically pinged by 
sync server 105 to determine whether particular users of the 
multi-protocol, multi-format communication composition 
and inbox feed system described herein have received any 
new email messages via the particular third-party email 
services. Server 107 represents a represents a third party 
instant message server (e.g., a YAHOO! Messenger or 
AOL(R) Instant Messaging server). (AOL is a registered 
service mark of AOL Inc.). Third party instant messaging 
server 107 may also be periodically pinged by sync server 
105 to determine whether particular users of the multi 
protocol, multi-format communication composition and 
inbox feed system described herein have received any new 
instant messages via the particular third-party instant mes 
saging services. Similarly, server 108 represents a third party 
social network server (e.g., a FACEBOOKR) or TWITTER(R) 
server). (FACEBOOK is a registered trademark of Face 
book, Inc.; TWITTER is a registered service mark of Twit 
ter, Inc.). Third party social network server 108 may also be 
periodically pinged by sync server 105 to determine whether 
particular users of the multi-protocol, multi-format commu 
nication composition and inbox feed system described 
herein have received any new social network messages via 
the particular third-party social network services. It is to be 
understood that, in a “push-based’ system, third party serv 
ers may push notifications to sync server 105 directly, thus 
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eliminating the need for sync server 105 to periodically ping 
the third party servers. Finally, server 109 represents a 
cellular service provider's server. Such servers may be used 
to manage the sending and receiving of messages (e.g., 
email or SMS text messages) to users of mobile devices on 
the provider's cellular network. Cellular service provider 
servers may also be used: 1) to provide geo-fencing for 
location and movement determination; 2) for data transfer 
ence; and/or 3) for live telephony (i.e., actually answering 
and making phone calls with a user's client device). In 
situations where two on-network users are communicating 
with one another via the multi-protocol, multi-format com 
munication system itself. Such communications may occur 
entirely via sync server 105, and third party servers 106-109 
may not need to be contacted. 
0027. Referring now to FIG. 1B, a client-entry point 
network architecture infrastructure 150 is shown schemati 
cally. Similar to infrastructure 100 shown in FIG. 1A, 
infrastructure 150 contains computer networks 101. Com 
puter networks 101 may again include many different types 
of computer networks available today, such as the Internet, 
a corporate network, or a Local Area Network (LAN). 
However, unlike the server-centric infrastructure 100 shown 
in FIG. 1A, infrastructure 150 is a client-centric architecture. 
Thus, individual client devices, such as end user computers 
103 and mobile phones 102 may be used to query the various 
third party computer servers 106-109 to retrieve the various 
third party email, IM, social network, and other messages for 
the user of the client device. Such a system has the benefit 
that there may be less delay in receiving messages than in a 
system where a central server is responsible for authorizing 
and pulling communications for many users simultaneously. 
Also, a client-entry point system may place less storage and 
processing responsibilities on the central multi-protocol, 
multi-format communication composition and inbox feed 
system's server computers since the various tasks may be 
distributed over a large number of client devices. Further, a 
client-entry point system may lend itself well to a true, “Zero 
knowledge' privacy enforcement scheme. In infrastructure 
150, the client devices may also be connected via the 
network to the central sync server 105 and database 104. For 
example, central sync server 105 and database 104 may be 
used by the client devices to reduce the amount of storage 
space needed on-board the client devices to store commu 
nications-related content and/or to keep all of a user's 
devices synchronized with the latest communication-related 
information and content related to the user. It is to be 
understood that, in a “push-based’ system, third party serv 
ers may push notifications to end user computers 102 and 
mobile phones 103 directly, thus eliminating the need for 
these devices to periodically ping the third party servers. 
0028 Referring now to FIG. 2A, an example processing 
device 200 for use in the communication systems described 
herein according to one embodiment is illustrated in block 
diagram form. Processing device 200 may serve in, e.g., a 
mobile phone 102, end user computer 103, sync server 105, 
or a server computer 106-109. Example processing device 
200 comprises a system unit 205 which may be optionally 
connected to an input device 230 (e.g., keyboard, mouse, 
touch screen, etc.) and display 235. A program storage 
device (PSI)) 240 (sometimes referred to as a hard disk, flash 
memory, or non-transitory computer readable medium) is 
included with the system unit 205. Also included with 
system unit 205 may be a network interface 220 for com 
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munication via a network (either cellular or computer) with 
other mobile and/or embedded devices (not shown). Net 
work interface 220 may be included within system unit 205 
or be external to system unit 205. In either case, system unit 
205 will be communicatively coupled to network interface 
220. Program storage device 240 represents any form of 
non-volatile storage including, but not limited to, all forms 
of optical and magnetic memory, including solid-state Stor 
age elements, including removable media, and may be 
included within system unit 205 or be external to system unit 
205. Program storage device 240 may be used for storage of 
software to control system unit 205, data for use by the 
processing device 200, or both. 
0029 System unit 205 may be programmed to perform 
methods in accordance with this disclosure. System unit 205 
comprises one or more processing units, input-output (I/O) 
bus 225 and memory 215. Access to memory 215 can be 
accomplished using the communication bus 225. Processing 
unit 210 may include any programmable controller device 
including, for example, a mainframe processor, a mobile 
phone processor, or, as examples, one or more members of 
the INTEL(R) ATOMTM, INTEL(R) XEONTM, and INTEL(R) 
CORETM processor families from Intel Corporation and the 
Cortex and ARM processor families from ARM. (INTEL. 
INTEL ATOM, XEON, and CORE are trademarks of the 
Intel Corporation. CORTEX is a registered trademark of the 
ARM Limited Corporation. ARM is a registered trademark 
of the ARM Limited Company). Memory 215 may include 
one or more memory modules and comprise random access 
memory (RAM), read only memory (ROM), programmable 
read only memory (PROM), programmable read-write 
memory, and Solid-state memory. As also shown in FIG. 2A, 
system unit 205 may also include one or more positional 
sensors 245, which may comprise an accelerometer, urom 
eter, global positioning system (GPS) device, or the like, and 
which may be used to track the movement of user client 
devices. 

0030 Referring now to FIG. 2B, a processing unit core 
210 is illustrated in further detail, according to one embodi 
ment. Processing unit core 210 may be the core for any type 
of processor, Such as a micro-processor, an embedded pro 
cessor, a digital signal processor (DSP), a network proces 
Sor, or other device to execute code. Although only one 
processing unit core 210 is illustrated in FIG. 2B, a pro 
cessing element may alternatively include more than one of 
the processing unit core 210 illustrated in FIG. 2B. Process 
ing unit core 210 may be a single-threaded core or, for at 
least one embodiment, the processing unit core 210 may be 
multithreaded, in that, it may include more than one hard 
ware thread context (or “logical processor”) per core. 
0031 FIG. 2B also illustrates a memory 215 coupled to 
the processing unit core 210. The memory 215 may be any 
of a wide variety of memories (including various layers of 
memory hierarchy), as are known or otherwise available to 
those of skill in the art. The memory 215 may include one 
or more code instruction(s) 250 to be executed by the 
processing unit core 210. The processing unit core 210 
follows a program sequence of instructions indicated by the 
code 250. Each instruction enters a front end portion 260 and 
is processed by one or more decoders 270. The decoder may 
generate as its output a micro operation such as a fixed width 
micro operation in a predefined format, or may generate 
other instructions, microinstructions, or control signals 
which reflect the original code instruction. The front end 260 
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may also include register renaming logic 262 and scheduling 
logic 264, which generally allocate resources and queue the 
operation corresponding to the convert instruction for execu 
tion. 
0032. The processing unit core 210 is shown including 
execution logic 280 having a set of execution units 285-1 
through 285-N. Some embodiments may include a number 
of execution units dedicated to specific functions or sets of 
functions. Other embodiments may include only one execu 
tion unit or one execution unit that can perform a particular 
function. The execution logic 280 performs the operations 
specified by code instructions. 
0033. After completion of execution of the operations 
specified by the code instructions, back end logic 290 retires 
the instructions of the code 250. In one embodiment, the 
processing unit core 210 allows out of order execution but 
requires in order retirement of instructions. Retirement logic 
295 may take a variety of forms as known to those of skill 
in the art (e.g., re-order buffers or the like). In this manner, 
the processing unit core 210 is transformed during execution 
of the code 250, at least in terms of the output generated by 
the decoder, the hardware registers and tables utilized by the 
register renaming logic 262, and any registers (not shown) 
modified by the execution logic 280. 
0034. Although not illustrated in FIG. 2B, a processing 
element may include other elements on chip with the pro 
cessing unit core 210. For example, a processing element 
may include memory control logic along with the processing 
unit core 210. The processing element may include I/O 
control logic and/or may include I/O control logic integrated 
with memory control logic. The processing element may 
also include one or more caches. 

0035 FIG. 3 illustrates an example dataflow diagram 300 
for filtering Computer Vision (CV) generated tags or anno 
tations on media files, according to one or more disclosed 
embodiments. Data flow diagram 300 may include running 
or implementing one or more image analyzer (IA) models on 
the media files for generating computer vision tags for a 
user. In some embodiments., data flow 300 may be imple 
mented on images/pictures by static recognition of frames, 
and/or it may be implemented on videos (e.g., on a per-frame 
basis for all frames in the video, or for select frames in the 
Video based on performing a scene change detection analy 
sis), e.g., via the performance of spatiotemporal decompo 
sition of each said frame in the video. In some non-limiting 
embodiments, the IA models can include object segmenta 
tion, object localization, object detection, Scene recognition, 
and other various NLP methods to aid in the tag “fusion” 
process. In another embodiment, the IA models may be 
sequenced based on a particular user and the evolving nature 
of algorithms. For example, the sequencing of IA analyzer 
models may be changed as algorithms for actual NLP 
detection, classification, tagging, etc. evolve through rel 
evance feedback loops. The sequencing of IA analyzer 
models may also be changed based on user preferences. For 
example, knowing that a particular user typically searches 
for people and not scenery, the AI sequencing may be 
adjusted for that particular user to run additional models 
Such as facial recognition and action detection while avoid 
ing models for Scene detection. 
0036) Data flow 300 starts at 302 where messaging 
content may be received and imported into a multi-protocol, 
multi-format communication system on a user client device 
(or user-client). For example, messaging content may be 
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received as messages and/or other shared items that can 
include media files or point to media files within the mes 
sage. Media files may include visual properties Such as, for 
example, pictures or videos that may be included in the 
messaging content. In an embodiment, the messaging con 
tent including the media files (for example, pictures/images 
or videos) may be displayed to the user as messaging content 
in a user interface at a client application. 
0037 Next, one or more image analyzer (IA) models may 
be automatically run on the images and videos to determine 
computer vision tags or annotations for one or more distinct 
objects in the images (in 304) or videos (in 306). Media files 
that are received may be separated into images and videos, 
and one or more IA models may be run on the images and 
videos based on the format of the media files. 
0038. As shown in FIG. 3, messaging content that is 
received as video (in 306) may be decomposed by extracting 
all sequential frames or a discrete sample of frames or 
groups of frames based on a scene detection algorithm in 
340. Next, in 342, tags may be identified and collected from 
output of filtered image tags (in 334). Next, in 344, a 
spatiotemporal fusion model may be run. The spatiotempo 
ral fusion model may combine insights obtained from each 
frame Such as, for example, the tags obtained in 342 may be 
filtered based on spatial and temporal constraints. The 
filtered tags along with the accompanying timestamps may 
be collected to form a semantically meaningful representa 
tion of the video sequence. 
0039. Also shown in FIG. 3, messaging content that is 
received as images may be analyzed using one or more AI 
models. The one or more AI models may be performed in 
parallel or serially. FIG. 3 illustrates a parallel scheme of 
implementing the one or more AI models on images. 
0040. Object detection may be run on the image in 308. 
In an embodiment, object detection may be implemented as 
one or more object detection models to determine generic 
classes of objects. The object detection model analyzes the 
image to determine tags for generic categories of items in the 
image such as, for example, determining tags at different 
abstraction levels such as person, automobile, plant, animal 
or the like, but also dog, domestic doc, Labrador dog. 
Inter-model fusion may be performed in 316, whereby tags 
obtained from running several object detection models on 
the image may be combined to generate tags in 324 defining 
labels for each detected object. 
0041 Object localization may be run on the image in 310. 
In an embodiment, object localization may be implemented 
as one or more object localization models. For example, one 
or more object localization models may be performed on the 
image to identify locations of distinct objects in the image. 
Object localization may be used to determine an approxi 
mation of what the objects are (i.e., labels) and where the 
objects are located (i.e., object window defining pixel coor 
dinates (x, y, width, height) on the image. Inter-model fusion 
may be performed in 318 whereby tags obtained from 
running several object detection models on the image may 
be combined to generate tags in 326 defining labels and 
boundaries for each detected object. 
0042. Object segmentation may be run on the image in 
312. Object segmentation may be implemented as one or 
more object segmentation models. In an embodiment, an 
object segmentation model may analyze the image to iden 
tify or determine distinct objects in the image (i.e., labels) 
and segmentation mask/object outline of the object (i.e., 
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pixels identified to a cluster in which they belong) Such as, 
for example, animal and its mask or table and its mask. 
In an example of a picture/image of a conference room 
having chairs and a conference table, object segmentation 
may be performed to segment the image by identifying one 
or more objects in the picture Such as, for example, identi 
fication of three objects where each object may be one of the 
chairs in the image. In an embodiment, one or more addi 
tional object segmentation models may be applied to rec 
ognize faces and humans in the image. Object segmentation 
may generate a segmentation map that may be used to filter 
tags obtained in other IA models. Inter-model fusion may be 
performed in 320, whereby tags obtained from running 
several object segmentation models on the image may be 
combined to generate tags in 328 that define labels and 
segmentation mask/object outline for each detected object. 
0043 Scene/place recognition may be performed on the 
image in 314. In an embodiment, scene/place recognition 
may be implemented as one or more scene/place recognition 
modes that may be trained to recognize the scenery depicted 
in the image, for example, Scenery defining outdoors, 
indoors, Sea or ocean, seashore, beach, or the like. Model 
fusion may be performed in 322, whereby tags obtained 
from running several scene recognition models on the image 
may be combined to generate tags in 330 that define scenes 
in the image. For example, the scene/place recognition 
model may be used to enrich the set of tags obtained from 
models 308, 310, 312 and drive the filtering of tags in 308, 
310, 312 by filtering out conceptual mismatches to deter 
mine whether an object detected in another model 308, 310, 
312 may be found at the location in the image, for example, 
a dog cannot be detected at a location where sky is identified 
in the image. 
0044. In an embodiment, deep detection may use a deep 
neural network (DNN) that may produce meaningful tags 
that provide a higher precision of detection after proper 
training on a large set of images belonging to all desired 
categories. For training the DNN, one may use one or more 
sets of annotated images (generally referred to as a dataset 
or corpus) as a baseline. An image dataset/corpus may be a 
set of annotated images with known relational information 
that have been manually tagged and curated. In one 
example, a baseline image dataset/corpus that may be used 
can be a Subset of the image-net dataset (which is available 
at http://www.image-net.org/). In an example, the image 
dataset/corpus may be augmented by web crawling other 
image sources and combining these image sources into the 
baseline dataset/corpus for training the image dataset/cor 
pus. In another embodiment, an image dataset/corpus may 
be trained by using textual information that may be received 
in a message that has been shared with the user. For 
example, textual information received in a message, either in 
the body or Subject line Such as, for example, "an image of 
a plane' may be used to identify tags or annotations that may 
be used for content in the image. 
0045. In an embodiment, after generic classification (in 
308), or localization (in 310), or segmentation (in 312), or 
scene detection (in 314), the image in 304 may be further 
analyzed through a specific model based on one or more 
categories that were identified in the image. For example, if 
one of the pieces of the image was classified as belonging to 
a plant category, the image may be analyzed through a 
specific plant dataset/corpus for identifying the specific type 
of plant using the plant dataset/corpus. Alternatively, if the 
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image was classified as a glass category, the image may be 
classified as a specific utensil Such as, for example, classified 
as a cup. These insights may be gathered for the entire image 
using models that may be implemented based on the cat 
egory that were identified for the objects in the image. 
Particularly, the system may gather insights (i.e., identifica 
tion of tags for the image) during implementing one or more 
of the specific models on the pieces of the image and store 
these tags in memory. In an embodiment, results that are 
obtained from implementing one or more models may be 
ranked based on a confidence level. 

0046) Next, in 332, after generic classification (in 308), 
localization (in 310), segmentation (in 312) or scene detec 
tion (in 314), intra-model fusion may be performed on the 
outputs of tags determined in steps 324, 326, 328, and 330. 
In an embodiment, the system may combine tags obtained 
from each model (in 324,326, 328, and 330) (to combine the 
insights from the several models for, in embodiments and 
determine tags of different nature. For example, the results 
from combining insights are concatenated. Information that 
is concatenated is used to break up the image intelligently so 
that each object does not include portions of other objects 
(i.e., an object contour does not include portions of other 
objects in the image). For example, in an image with a 
person and a car, the image may be intelligently broken up 
so that the face of the person is distinct from portions 
associated with the car so that the system can identify 
objects in the image, how big the objects are in relation to 
other objects in the image and their location in the image. 
The output of intra-model fusion may produce tags for 
objects and their confidence values for the object tags in the 
image. 
0047. In an embodiment, in intra-level fusion (in 332), 
the system may weight importance of the objects in the 
image using a depth model. The depth model may determine 
depth or focus in the image in order to perceive if the objects 
identified in the image may be further back or closer in front. 
For example, based on a determination that an object iden 
tified is further hack, a rule may be implemented that rates 
the object as less important. Similarly, another rule may 
weight an object more important if it has less depth. An 
index of weights for the image may be determined based on 
the depth model that may be implemented on the image. 
0048 Next, in 334, a Natural Language Processing 
(NLP) model may be implemented to filter the tags that are 
generated in intra-model fusion (in 332). In some embodi 
ments, tag filtering can include inter-level and intra-level tag 
filtering. Filtering may be used to filter the automatically 
generated tags by selecting tags having the highest confi 
dence values and/or selecting tags that are conceptually 
closer. 
0049 Inter-Level Tag Filtering 
0050 Object detection models may be of similar nature 
or not, i.e. trained to detect a large variety of objects (e.g. 
hundreds of object classes) hereby called generic, or 
trained to detect specific objects (e.g. tens of classes or even 
of single class such as human faces, pedestrians, etc.) hereby 
called specific. 
0051 Running object detection models of similar nature, 

i.e., of only generic or only specific, may produce com 
peting lists of tags with the same or similar properties that 
may also containing different assessed confidence values. 
Inter-level tag filtering may use confidence re-ranking and 
NLP-base methods to filter and prioritize those tags by, for 
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example, 1) selecting the tags that are conceptually closer; 
and 2) accumulating the confidence of those tags and 
selecting the most confident ones. For example, as shown in 
FIG. 4, running one or more object detection models may 
produce one or more lists automatically-extracted annota 
tions or tags for the image of a person holding a microphone. 
By filtering and/or sorting the tags as before, Such a system 
may intelligently select the 5 tags with the highest assessed 
confidence values, i.e. gasmask—45%, microphone’— 
22%, lens cap–15%, barbell–10%, dumbbell-8%. NLP 
may be applied in order to infer the “natural” meanings of 
those tags and therefore detect an “outlier, i.e. the tag that 
is conceptually less similar to the rest. For the illustrated 
example in FIG. 4, using a NLP classifier, the outlier could 
be a gasmask. 
0052 Intra-Level Tag Filtering 
0053 Running object detection models of different 
nature, i.e., of generic and specific nature, may produce 
competing or complementary lists of tags and confidence 
values, e.g. tags such as Labrador Retriever, gun dog, 
dog, domestic dog, Canis lupus familiaris, animal, 
cat, street). Intra-level filtering based on NLP methods 
may produce a natural hierarchy of those tags by removing 
the outliers ('cat, street) as in the inter-level filtering case 
and by also creating an abstract-to-less-abstract hierarchy 
(animal, dog, domestic dog, gun dog, Labrador 
Retriever, Canis lupus familiaris). 
0054 Using NLP methods to represent words and con 
textually analyze text, the NLP model may learn to map each 
discrete word in a given vocabulary (e.g., a Wikipedia 
corpus) into a low-dimensional continuous vector space 
based on simple frequencies of occurrence. This low-dimen 
sional representation may allow for a geometrically mean 
ingful way of measuring distance between words, which are 
treated as points in a mathematically tractable manifold. 
Consequently, the top-5 tags of FIG. 4 may be re-ranked 
based on their pairwise distance in the new manifold and 
therefore make possible outliers stand out because of a large 
distance value. In the example of FIG. 4, gasmask may be 
conceptually dissimilar to other tags in the list. 
0055. In an embodiment, a relevance feedback loop may 
be implemented whereby the NLP engine may “de-noise” 
the CV generated tags by detecting conceptual similarities to 
prioritize similar tags and de-prioritize irrelevant tags. For 
example, when the system detects a questionable tag (i.e., 
confidence level is low), the system may recheck the tag to 
ascertain whether discarding the tag is advised. Furthermore, 
the CV tag engine based on a training set annotated at the 
bounding-box level (objects location) may create rules 
related to the spatial layout of objects and therefore adapt the 
NLP classifier to filter related definitions based on these 
layouts. For example, in everyday photos/images, the sky 
is—usually—above the sea. The system may search for 
pictures from external datasets based on the subject of the 
discarded tag to verify whether removing the outlier was 
accurate. Results obtained from the search may be used to 
train NLP and computer vision using the images in the 
image dataset of the Subject matter of the discarded tag.” 
0056 Referring now to FIG. 5, an example of a multi 
format, multi-protocol communication universal search 
results page 560 for a particular query is shown, according 
to one or more disclosed embodiments. At the top of page 
560 may be a search input box 561. A user may enter his or 
her desired query string into the search input box 561 and 
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then click on the magnifying glass icon to initiate the search 
process. Search results row 562 may be used for providing 
the user with a choice of additional search-related features. 
For example, the user may be provided with a selection 
between a “global search, i.e., searching everywhere in the 
application’s ecosystem, and a “narrow” search, i.e., search 
ing only through content on a screen or Small collection of 
screens. As shown in FIG. 5, search results 563 may be 
displayed in a unified feed or can be grouped by type (e.g., 
messages, files, etc.), query type, Search area selection (e.g., 
“global V. “narrow'), or time. Each search result may 
optionally include an indication of the messages format 565 
and/or a time stamp 564 to provide additional information to 
the user. A given implementation may also optionally 
employ an “Other Results' feed 566 as a part of the same 
user interface that displays the search results 563. Such other 
results could include, for example, information pertaining to 
a user's contacts, such as an indication that a user was a 
Source of a particular message or group of messages, or that 
a particular user was the Source of particular documents. 
These results could come from sources other than traditional 
message-related Sources, and exist in other formats, e.g., a 
user's personal file collection stored in a centralized data 
base, data object of various formats (e.g., personal profile 
information from contacts of the user, images files, video 
files, audio files, and any other file/data object that can be 
indexed as disclosed herein). Search results could also 
include tags corresponding to portions of visual files/visual 
data objects. As discussed in detail above, such tags may be 
generated by an image analyzer system, which analyzes 
pictures and/or videos. The possible sources and results 
identified are included by way of illustration, not limitation. 

EXAMPLES 

0057 The following examples pertain to further embodi 
mentS. 

0058 Example 1 is a non-transitory computer readable 
medium comprising computer readable instructions, which, 
upon execution by one or more processing units, cause the 
one or more processing units to: receive a media file for a 
user, wherein the media file includes one or more objects: 
automatically analyze the media file using computer vision 
models responsive to receiving the media file; generate tags 
for the image responsive to automatically analyzing the 
media file; filter the tags using Natural Language Processing 
(NLP) models; and utilize information obtained during 
filtering of the tags to fine-tune one or more of the computer 
vision models and the NLP models, wherein the media file 
includes one of an image or a video. 
0059 Example 2 includes the subject matter of Example 
1, wherein the instructions to filter the tags using NLP 
models further comprise instructions that when executed 
cause the one or more processing units to select tags that are 
conceptually closer. 
0060 Example 3 includes the subject matter of Example 
1, wherein the instructions to train each of the computer 
vision models and the NLP models further comprise instruc 
tions that when executed cause the one or more processing 
units to recheck outlier tags in an image corpus for accuracy 
of the outlier tag. 
0061 Example 4 includes the subject matter of Example 
1, wherein the instructions to automatically analyze the 
media file further comprise instructions that when executed 
cause the one or more processing units to automatically 
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analyze the media file using one or more of an object 
segmentation model, object localization model or object 
detection model. 
0062) Example 5 includes the subject matter of Example 
1, wherein the instructions further comprise instructions that 
when executed cause the one or more processing units to 
analyze the media file using an object segmentation model 
for identifying the extent of distinct objects in the image. 
0063 Example 6 includes the subject matter of Example 
1, wherein the instructions further comprise instructions that 
when executed cause the one or more processing units to 
implement an object detection and recognition model and an 
object localization model in parallel. 
0064. Example 7 includes the subject matter of Example 
6, wherein the instructions further comprise instructions that 
when executed cause the one or more processing units to 
implement the object detection and recognition model to 
determine tags related to general categories of items in the 
image. 
0065. Example 8 includes the subject matter of Example 
1, wherein the instructions further comprise instructions that 
when executed cause the one or more processing units to 
implement the object localization model to identify the 
location of distinct objects in the image. 
0066 Example 9 is a system, comprising: a memory; and 
one or more processing units, communicatively coupled to 
the memory, wherein the memory stores instructions to 
cause the one or more processing units to: receive an image 
for a user, wherein the image includes one or more objects; 
automatically analyze the image using computer vision 
models responsive to receiving the media file; generate tags 
for the image responsive to automatically analyzing the 
image; filter the tags using Natural Language Processing 
(NLP) models; and utilize information obtained during 
filtering of the tags to fine-tune one or more of the computer 
vision models and the NLP models, wherein the media file 
includes one of an image or a video. 
0067 Example 10 includes the subject matter of Example 
9, the memory further storing instructions to cause the one 
or more processing units to select tags that are conceptually 
closer responsive to filtering the tags using NLP models. 
0068 Example 11 includes the subject matter of Example 
9, the memory further storing instructions to cause the one 
or more processing units to recheck outlier tags in an image 
corpus for accuracy of the outlier tag. 
0069. Example 12 includes the subject matter of Example 
9, the memory further storing instructions to cause the one 
or more processing units to automatically analyze the image 
using one or more of an object segmentation model, object 
localization model or object detection model. 
0070. Example 13 includes the subject matter of Example 
9, the memory further storing instructions to cause the one 
or more processing units to analyze the media file using an 
object segmentation model for identifying the extent of 
distinct objects in the image. 
0071 Example 14 includes the subject matter of Example 
9, the memory further storing instructions to cause the one 
or more processing units to implement an object detection 
model and an object localization model in parallel. 
0072 Example 15 includes the subject matter of Example 
14, the memory further storing instructions to cause the one 
or more processing units to implement the object detection 
model to determine tags related to general categories of 
items in the image. 
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0073. Example 16 includes the subject matter of Example 
9, the memory further storing instructions to cause the one 
or more processing units to implement the object localiza 
tion model for identifying the location of distinct objects in 
the image. 
0074 Example 17 is a computer-implemented method, 
comprising: receiving an image for a user, wherein the 
image includes one or more objects; automatically analyzing 
the image using computer vision models responsive to 
receiving the media file; generating tags for the image 
responsive to automatically analyzing the image; filtering 
the tags using Natural Language Processing (NLP) models; 
and utilizing information obtained during filtering of the tags 
to fine-tune one or more of the computer vision models and 
the NLP models. 
0075 Example 18 includes the subject matter of Example 
17, further comprising selecting tags that are conceptually 
closer responsive to filtering the tags. 
0076 Example 19 includes the subject matter of Example 
17, further comprising rechecking outlier tags in an image 
corpus for accuracy of the outlier tags. 
0077. Example 20 includes the subject matter of Example 
17, further comprising automatically analyzing the image 
using one or more of an object segmentation model, object 
localization model or object detection model. 
0078 Example 21 includes the subject matter of Example 
17, further comprising analyzing the media file using an 
object segmentation model for identifying the extent of 
distinct objects in the image. 
0079. Example 22 includes the subject matter of Example 
17, further comprising implementing an object detection 
model and an object localization model in parallel. 
0080 Example 23 includes the subject matter of Example 
22, further comprising implementing the object detection 
model to determine tags related to general categories of 
items in the image. 
0081 Example 24 includes the subject matter of Example 
17, further comprising implementing the object localization 
model to identify a location of distinct objects in the image. 
0082 Example 25 includes the subject matter of Example 
24, further comprising searching for visually similar objects 
in a dataset. 
0083. Example 26 includes the subject matter of Example 
21, further comprising searching for visually similar objects 
in a dataset. 
0084. In the foregoing description, for purposes of expla 
nation, numerous specific details are set forth in order to 
provide a thorough understanding of the disclosed embodi 
ments. It will be apparent, however, to one skilled in the art 
that the disclosed embodiments may be practiced without 
these specific details. In other instances, structure and 
devices are shown in block diagram form in order to avoid 
obscuring the disclosed embodiments. References to num 
bers without subscripts or suffixes are understood to refer 
ence all instance of Subscripts and Suffixes corresponding to 
the referenced number. Moreover, the language used in this 
disclosure has been principally selected for readability and 
instructional purposes, and may not have been selected to 
delineate or circumscribe the inventive subject matter, resort 
to the claims being necessary to determine Such inventive 
subject matter. Reference in the specification to “one 
embodiment' or to “an embodiment’ means that a particular 
feature, structure, or characteristic described in connection 
with the embodiments is included in at least one disclosed 
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embodiment, and multiple references to “one embodiment' 
or “an embodiment’ should not be understood as necessarily 
all referring to the same embodiment. 
I0085. It is also to be understood that the above descrip 
tion is intended to be illustrative, and not restrictive. For 
example, above-described embodiments may be used in 
combination with each other and illustrative process steps 
may be performed in an order different than shown. Many 
other embodiments will be apparent to those of skill in the 
art upon reviewing the above description. The scope of the 
invention therefore should be determined with reference to 
the appended claims, along with the full scope of equivalents 
to which such claims are entitled. 

What is claimed is: 
1. A non-transitory computer readable medium compris 

ing computer readable instructions, which, upon execution 
by one or more processing units, cause the one or more 
processing units to: 

receive a media file for a user, wherein the media file 
includes one or more objects; 

automatically analyze the media file using computer 
vision models responsive to receiving the media file; 

generate tags for the image responsive to automatically 
analyzing the media file; 

filter the tags using Natural Language Processing (NLP) 
models; and 

utilize information obtained during filtering of the tags to 
fine-tune one or more of the computer vision models 
and the NLP models, 

wherein the media file includes one of an image or a 
video. 

2. The non-transitory computer readable medium of claim 
1, wherein the instructions to filter the tags using NLP 
models further comprise instructions that when executed 
cause the one or more processing units to select tags that are 
conceptually closer. 

3. The non-transitory computer readable medium of claim 
1, wherein the instructions to train each of the computer 
vision models and the NLP models further comprise instruc 
tions that when executed cause the one or more processing 
units to recheck outlier tags in an image corpus for accuracy 
of the outlier tag. 

4. The non-transitory computer readable medium of claim 
1, wherein the instructions to automatically analyze the 
media file further comprise instructions that when executed 
cause the one or more processing units to automatically 
analyze the media file using one or more of an object 
segmentation model, object localization model or object 
detection model. 

5. The non-transitory computer readable medium of claim 
1, wherein the instructions further comprise instructions that 
when executed cause the one or more processing units to 
analyze the media file using an object segmentation model 
for identifying the extent of distinct objects in the image. 

6. The non-transitory computer readable medium of claim 
1, wherein the instructions further comprise instructions that 
when executed cause the one or more processing units to 
implement an object detection and recognition model and an 
object localization model in parallel. 

7. The non-transitory computer readable medium of claim 
6, wherein the instructions further comprise instructions that 
when executed cause the one or more processing units to 
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implement the object detection and recognition model to 
determine tags related to general categories of items in the 
image. 

8. The non-transitory computer readable medium of claim 
1, wherein the instructions further comprise instructions that 
when executed cause the one or more processing units to 
implement the object localization model to identify the 
location of distinct objects in the image. 

9. A system, comprising: 
a memory; and 
one or more processing units, communicatively coupled 

to the memory, wherein the memory stores instructions 
to cause the one or more processing units to: 
receive an image for a user, wherein the image includes 

one or more objects; 
automatically analyze the image using computer vision 

models responsive to receiving the media file; 
generate tags for the image responsive to automatically 

analyzing the image: 
filter the tags using Natural Language Processing 

(NLP) models; and 
utilize information obtained during filtering of the tags 

to fine-tune one or more of the computer vision 
models and the NLP models, 

wherein the media file includes one of an image or a 
video. 

10. The system of claim 9, the memory further storing 
instructions to cause the one or more processing units to 
select tags that are conceptually closer responsive to filtering 
the tags using NLP models. 

11. The system of claim 9, the memory further storing 
instructions to cause the one or more processing units to 
recheck outlier tags in an image corpus for accuracy of the 
outlier tag. 

12. The system of claim 9, the memory further storing 
instructions to cause the one or more processing units to 
automatically analyze the image using one or more of an 
object segmentation model, object localization model or 
object detection model. 

13. The system of claim 9, the memory further storing 
instructions to cause the one or more processing units to 
analyze the media file using an object segmentation model 
for identifying the extent of distinct objects in the image. 

14. The system of claim 9, the memory further storing 
instructions to cause the one or more processing units to 
implement an object detection model and an object local 
ization model in parallel. 
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15. The system of claim 14, the memory further storing 
instructions to cause the one or more processing units to 
implement the object detection model to determine tags 
related to general categories of items in the image. 

16. The system of claim 9, the memory further storing 
instructions to cause the one or more processing units to 
implement the object localization model for identifying the 
location of distinct objects in the image. 

17. A computer-implemented method, comprising: 
receiving an image for a user, wherein the image includes 

one or more objects; 
automatically analyzing the image using computer vision 

models responsive to receiving the media file; 
generating tags for the image responsive to automatically 

analyzing the image: 
filtering the tags using Natural Language Processing 

(NLP) models; and 
utilizing information obtained during filtering of the tags 

to fine-tune one or more of the computer vision models 
and the NLP models. 

18. The method of claim 17, further comprising selecting 
tags that are conceptually closer responsive to filtering the 
tags. 

19. The method of claim 17, further comprising recheck 
ing outlier tags in an image corpus for accuracy of the outlier 
tags. 

20. The method of claim 17, further comprising automati 
cally analyzing the image using one or more of an object 
segmentation model, object localization model or object 
detection model. 

21. The method of claim 17, further comprising analyzing 
the media file using an object segmentation model for 
identifying the extent of distinct objects in the image. 

22. The method of claim 17, further comprising imple 
menting an object detection model and an object localization 
model in parallel. 

23. The method of claim 22, further comprising imple 
menting the object detection model to determine tags related 
to general categories of items in the image. 

24. The method of claim 17, further comprising imple 
menting the object localization model to identify a location 
of distinct objects in the image. 

25. The method of claim 24, further comprising searching 
for visually similar objects in a dataset. 

26. The method of claim 21, further comprising searching 
for visually similar objects in a dataset. 
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