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IMAGE-BASED SEMANTIC DISTANCE

BACKGROUND

[001] Exploring the semantic relationship between concepts is a hot research
topic recently, since it has wide application on natural language processing, object
detection, and multimedia retrieval, among others. It is important to note that the
semantic relationship is more than synonym (e.g., football-soccer) and concept
similarity (e.g., horse-donkey). It also includes relationships such as meronymy
(e.g.car-wheel) and concurrence (e.g.airplane-airport). In this context,
concurrence denotes that two concepts may appear simultaneously in daily life
rather than in the textual documents. More broadly, the term “concurrence” can
represent concept co-occurrence or background coherence in the visual domain,
as opposed to the term “similarity” which can represent concept co-occurrence in

textual documents.

SUMMARY

[002] Image-based semantic distance technique embodiments described herein
involve establishing a measure of an image-based semantic distance between
semantic concepts. Generally, this entails respectively computing a semantic
concept representation for each concept based on a collection of images
associated with the concept. A degree of difference is then computed between
two semantic concept representations to produce the aforementioned semantic
distance measure for that pair of concepts. In some embodiments, the semantic
concept representation takes the form of a statistical language model of the
images associated with the semantic concept under consideration, and the degree
of difference takes the form of a statistical distribution divergence measure.

[003] Some embodiments also include a latent semantic analysis to capture
variations in the appearance of a concept in a collection of related images used to
compute the semantic concept representations. In such embodiments,
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establishing the image-based semantic distance measure between semantic
concepts generally entails computing a semantic concept representation for each
semantic concept based on images associated with the concept, where each of
the representations accounts for variations in the appearance of the associated
semantic concept. Once the semantic concept representations are in place, a
degree of difference is computed between the pair of semantic concept
representations to produce a semantic distance measure. In this case, a
combination of the degree of differences is computed between each appearance
variation associated with a first of the semantic concept representations and each
appearance variation associated with the other of the semantic concept

representations.

[004] It should be noted that this Summary is provided to introduce a selection
of concepts, in a simplified form, that are further described below in the Detailed
Description. This Summary is not intended to identify key features or essential
features of the claimed subject matter, nor is it intended to be used as an aid in
determining the scope of the claimed subject matter.

DESCRIPTION OF THE DRAWINGS

[005] The specific features, aspects, and advantages of the disclosure will
become better understood with regard to the following description, appended

claims, and accompanying drawings where:

[006] FIG. 1 is a flow diagram generally outlining one embodiment of a process
for establishing a measure of an image-based semantic distance between

semantic concepts.

[007] FIG. 2 is a block diagram illustrating an implementation of the process of
Fig. 1, employing visual language models and Jensen-Shannon divergence for
establishing the image-based semantic distance measure between semantic
concepts.
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[008] FIG. 3 is a flow diagram generally outlining one embodiment of a process
for establishing a measure of an image-based semantic distance between

semantic concepts while accounting for concept appearance variations.

[009] FIG. 4 is a diagram depicting a general purpose computing device
constituting an exemplary system for implementing image-based semantic

distance technique embodiments described herein.

DETAILED DESCRIPTION

[0010] In the following description of image-based semantic distance technique
embodiments reference is made to the accompanying drawings which form a part
hereof, and in which are shown, by way of illustration, specific embodiments in
which the technique may be practiced. It is understood that other embodiments
may be utilized and structural changes may be made without departing from the
scope of the technique.

1.0 Image-Based Semantic Distance

[0011] A relationship between semantic concepts can involve synonym (e.g.,
football-soccer), or similarity (e.g., horse-donkey). It also includes relationships
such as meronymy (e.g., car-wheel) and concurrence (e.g., airplane-airport).
Some semantic concepts are more closely related, such as “airplane” and
“airport”, and some are more alienated, such as “acropolis” and “alcohol”. The
image-based semantic distance techniqgue embodiments described herein provide
a way to quantify the closeness of the relationship between concepts using
images depicting the concepts. As the relationship between semantic concepts is
the knowledge of human perception, and 80% of human cognition comes from
visual information, it is reasonable to generate artificial knowledge about concept
relationship by visual correlation rather than by concept co-occurrence in textual

documents. In addition, the correlation in visual domain is not only represented by
3
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the frequency of low level visual features in the images, but can also employ
spatial information between these low level visual features in the image. For
example, the same visual feature (i.e., a wheel) frequently co-occurs in “car” and
“‘motorbike” images, but their neighboring features are different. Owing to the
ignorance of spatial information between visual features, these two concepts can
be confused. However, if the neighboring information of these visual features is
considered, the relation between the concepts is clearer. Thus, the arrangement

of the visual features is also informative in representing the concept.

[0012] In view of the foregoing, image-based semantic distance technique
embodiments described herein provide for establishing a measure of an image-
based semantic distance between semantic concepts. Referring to Fig. 1, this
generally involves first respectively computing a semantic concept representation
for each concept based on images associated with the concept (100). A degree
of difference is then computed between two semantic concept representations to
produce the aforementioned semantic distance measure for that pair of
representations (102). In some embodiments, the semantic concept
representation takes the form of a statistical distribution model of the images
associated with the semantic concept under consideration, and the degree of
difference takes the form of a statistical distribution divergence measure (also
sometimes referred to as a statistical distribution distance measure).

[0013] More particularly, as shown in Fig. 2, the image-based semantic distance
techniqgue embodiments described herein, are a novel measurement of the
relationship between semantic concepts 200, 202 (e.g., objects, scenes) in the
visual domain. For each concept, a collection of images 204, 206 is obtained,
based on which, in one embodiment, a visual language model 208, 210 is built to
capture the visual characteristic of the concept. An image-based semantic
distance between different concepts is then measured, which in one embodiment
takes the form of a Jensen-Shannon (JS) divergence computation between the

corresponding visual language models 212.
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1.1 Semantic Concept Image Pool

[0014] As mentioned previously, since 80% of the human cognition comes from
visual information, it makes sense to measure the semantic distance between
concepts by their concurrence in daily life. To simulate concept concurrence in
daily life, the concept relation learning process should be performed in daily life
environment. Similar to the human observation system, the digital cameras in the
world are recording the realistic daily life every day. Statistical semantic relations
between concepts can be mined from a large pool of the daily life photos. To
achieve a less biased estimation of the statistical concept relations, the image

pool should be very large and the source of the images should be independent.

[0015] Luckily, there are web-based image pools available, which include images
that are tagged with terms descriptive of the associated image. These terms often
relate to a semantic concept of interest. For example, there is an on-line photo
sharing website Flickr®. This site has collected more than 10° images that have
been uploaded by independent users. In addition, a large number of these
images have been labeled (i.e., tagged). Thus, it is an ideal dataset for learning

concept semantic relations.

[0016] To provide an unbiased estimation of the semantic distance between
concepts, a sufficiently large and unbiased image dataset is needed. In addition,
the images in the dataset should include the connection information between
images and concepts. These are met by taking the Flickr® photo collection as the
image pool. In one embodiment, only a prescribed number (e.g., 1000) of the top
returned images tagged with the querying concept are used to represent each

query concept. This avoids a problem of noisy tags.

1.2 Semantic Concept Representation

[0017] To analyze the concept correlation in a photo pool, the aforementioned
semantic concept representation is employed. This representation can take the
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form of a statistical distribution model of the images associated with the semantic
concept. There are many models in computer vision that can be used, such as
the bag of words (BOW) model and regions of interest (ROI) based models.
However, in one embodiment of the image-based semantic distance technique, a
visual language model (VLM) is used. A VLM is an efficient visual statistical
analysis method that captures not only local appearance features but also their
spatial dependence. This is more discriminative in characterizing a semantic
concept than the pure visual feature distribution, as described previously. The
training of a VLM is fast, which makes the modeling method especially suitable for
a large scale concept dataset. The output of a VLM is a conditional distribution of
visual features of the image patches, based on which a strict distance metric can
be defined. A VLM can also depress noise. The images that actually contain the
target concept will share some visual features, which actually contribute to the
model. Visual features in noisy samples, which are tagged by mistake, have little

influence on the final VLM.

[0018] In operation, the VLM captures the statistical semantics of the images by
analyzing the spatial dependency between neighboring image patches. Thus, the
statistical semantics are represented as the image local features and their spatial
dependency. More particularly, for each semantic concept, a collection of related
images is obtained with the help of the aforementioned descriptive tags. It is
assumed that images tagged with the same concept share similar appearance
features as well as their arrangement patterns. This forms the statistical semantic
of the concept. Each image is divided into equal-sized patches, and VLM is then
used to calculate the conditional dependence between these patches to capture
the visual statistical semantics of the concept.

1.2.1 Latent Topic Visual Language Model

[0019] In another embodiment of the image-based semantic distance technique,
a latent semantic analysis is incorporated into the VLM to capture concept
appearance variation. A traditional VLM can be deficient in handling concept

appearance variation. This includes appearance variation due to scale (e.g.,
6
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close/perspective shots) and orientation (e.g., side/front views), and other
attributes such as object shape, illumination, color, texture, and so on. In such
cases, it is possible to incorporate a latent topic analysis into the VLM, and

assume each appearance variation of a concept corresponds to a latent topic z,.

Probabilistic latent semantic analysis (pLSA) can be adopted to analyze the visual
characteristics of the concept under each variation of interest to the user. In the
following paragraphs, this latent topic visual language model is described in more
detail, beginning with a feature extraction phase and ending in a latent topic VLM

generation phase.

[0020] In one embodiment of the feature extraction phase, each image is divided
into uniformly sampled equal-sized patches. This is appropriate since the uniform
sampling requires little computational cost and its performance is comparable to
other methods using salient detection or segmentation based local regions—
although these other methods (and the like) could be employed instead if desired.
For each patch, an 8-dimensional texture histogram is then used to describe it.
Each dimension corresponds to the texture gradient along one of eight quantized
directions. Conventional methods can be used to calculate the texture histogram.

Next, the texture histogram of each patch is converted into a visual word w, . In

one embodiment, a hash coding scheme is employed.

[0021] The latent topic VLM generation phase generally involves incorporating
the latent topic (appearance variation) analysis into the VLM to characterize each

concept C; from the low level visual features arrangement. It provides an efficient

way to model the concept. Each VLM is presented in the form of the conditional
distributions, which describe the spatial dependence between the low level visual
features given its neighbors and the latent topic.

[0022] A visual language model can be sub-categorized into unigram, bigram,
trigram, or in general any n-gram models, according to the number of neighboring
visual words considered. The unigram model assumes that the visual words are
independent of each other. This model actually captures the visual word

7
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distribution. The bigram model assumes that the visual word is dependent on one
of its neighboring features, e.g., the nearest left neighbor. This model calculates
the conditional probability of each visual word given one of its neighboring words.
The trigram model assumes that the visual word is dependent on two of its
neighboring words, e.g., the nearest left and nearest up neighbors. Thus, in
general, an n-gram model assumes that the visual word is dependent on n-1 of its
neighboring words. However, it should be noted that while higher order models
might be more discriminative, as the order of the model increases, the number of
parameters will increase exponentially. Since the parameters are estimated from
the occurrence of n-gram in the training set, if the order n is too large, the
comparatively limited training set will suffer a sparseness problem. Thus, there is
a tradeoff between discrimination and sparseness.

[0023] In addition, it is also possible to employ a combination model. In a
combination model more than one n-gram model is used to generate parameters.
For example, a conditional distribution associated with a VLM could be computed
from parameters generated using first a bigram approach and then a trigram
approach. Any combination of approaches can be employed. However, while
using combinations of approaches might produce more discriminative results, the
increase in the number of parameters will increase processing costs. Thus, there

is a tradeoff between discrimination and cost.

[0024] In tested embodiments, the trigram model was chosen to capture the
concepts, although as indicated previously larger or lesser (or combination) order
models could be employed instead. In a trigram model the idea is to estimate the
conditional distribution

P(w,, |w., ,,C), (1

where C is the semantic concept, and w;_, , represents the bigram w,_, w, .

Since the visual concept may have various appearances, the use of multiple

models to represent a concept is appropriate. To this end a latent variable z is

8
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introduced to represent the concept variation. Since this variable is hidden, pLSA
is incorporated into VLM to model the concept under each variation.

[0025] Thus, a latent topic VLM estimates P(w,, | W’ 1y,zk), where z{ represents

the k" appearance variation of concept C. This latent topic trigram modeling

process can be formulated as follows.

P(w,, | w,,,.d,)= ZP(W Wy, 20)P(z |d)) )

x:l,...,m’yzl,...,n’] :1,...,N‘

th

where d represents the ;* image in concept C. z; is the k" latent topic in

concept C. K is the total number of latent topics, which can be determined
empirically. An expectation-maximization (EM) technique is adopted to estimate
both parameters P(w,, R 1y,zk) and P(z{ |d,). The object function of the EM

technique is to maximize the joint distribution of the concept and its visual word

arrangement 4, .

maximize p(A4,,C) (3)
p(AW’C) HHP(W | xly xyl’ ) (4)
d eC x,y

[0026] In order to obtain analytically tractable density estimation, a cross-

updating scheme is used in which P(w |ze) and P(w’ |z )are simultaneously

xly

estimated. Then, P(w,, |w; .z ) is calculated by these two estimations (Eq.

(11)). The E step and M step are performed as follows.

E step:
QZ(Zk|d xly)<_P(Zk|d )P( x1y|ZkC) )
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C
O,(z; |d5,w,) < P(z, |dS)P(w., | z;) (6)
Oz |dS ,wi) « P(zg |dS)P(w,, | Wy 020 ) (7)

M step:
Zj n(djc’ Wihy )0, (ch | de’ Wi—l,y)

P(Wi |20) « )
Ly | %k Zx,y,jn(df,wffhy)Qz(z,f |ds W)
C 3 C C 3
POi |26y 2t IO 1)) ©
) Zx,y,j n(dJ'C’W;)Qz(Zf |df,Wiy)
P(z; |d}) « 2., M7 W)00 |4 wy) (10)
P nds w0 S W)
P(W., | zf)
P 2 ) e — TR 1"
R TN ()
P(ZC|C)E P(ZC|dC,C)P(dC|C) (12)
k k

d€eC

[0027] The outputs are the conditional distributions of trigrams for each latent

topic, P(w,, W, ,.z0), k=1-K.

-Ly?

1.3 Semantic Distance Measure

[0028] To measure the distance between a pair of semantic concept
representations, in one embodiment, the square root of a Jensen-Shannon (JS)
divergence between the representations is calculated. If two concepts are more
likely to be related, the square root of JS divergence of their visual language
models tends to be small; otherwise large. Both JS and Kullback-Leibler (KL)

divergence are commonly used similarity measurement between two distributions.

10
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While KL can be used, JS divergence has been demonstrated to be symmetric
and satisfies triangle inequality. It is also known that the square root of the

Jensen-Shannon divergence is a metric. Since it is desired to define a distance
metric between concepts, using the square root of JS divergence is appropriate.

[0029] In embodiments of the image-based semantic distance technique that
account for concept appearance variations using latent topic VLMSs, the distance is
generally defined as the square root of the sum of the Jensen-Shannon
divergence between each conditional distribution associated with a first of the
semantic concept representations in a pair and each conditional distribution

associated with the other of the semantic concept representations in the pair.

[0030] For example, in the case where a trigram approach is used to compute
the conditional distributions of latent topic VLMs, let P, and P, be the trigram
conditional distributions under latent topic z* and z{* respectively. z
represents the i latent topic of concept C, and z{* represents the j” latent topic

of concept C,. The K-L divergence between them is defined to be

P ()
Dy, (P, |P.)= P, ()log—
i (P | Pey) Zl: o (D) gPZCZ(l)

(13)

where P, (/), P., (/) correspond to the probability density of the I" trigram in these

two distributions respectively. In the view of information theory, the KL divergency
is in fact a measurement of the mutual entropy between the two visual language

models.

DKL (leq | PZ]CZ)
=—> P, (DlogP,(N+) P, ()log P, (]) (14)
l : Zj l Zz' Zz'

:H(PZ_Cl’PZCz)_H(PZQ)

11
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where H(P,.P.,) is the cross entropy of the two distributions, and H(P,) is the
entropy of P.,. According to the Gibbs’ inequality, D, (P, |P.)=0. ltis zero if

and only if P, equals P, .

[0031] JS divergence is defined based on KL divergence to define the distance
metric between these visual language models (Eq. (15)).

1 1
DJS(le_Cl |PZ]CZ):EDKL(PZZ_C1 |M)+EDKL(PZ]C2 | M) (15)
1
M:E(qu +PZ¢2) (16)

where M is the average of P, and P.,. It has been demonstrated that the
square root of the Jensen-Shannon divergence is a metric. In view of this, the
image-based semantic distance between two concepts C, and C, can be

calculated in one embodiment as the square root of the sum of weighted JS
divergences computed between each conditional distribution associated with the

latent topic VLM of concept C, and each conditional distribution associated with

the latent topic VLM of concept C, as follows:

D(C.C) =\/Zf1 > (e 1G) P 1C) DR 1P (D)

where D (C,,C,)is the semantic distance measure, P(z{" |C, )is a weighting factor
representing the probability of latent topic z* given C, and P(zfz |C2)is a
weighting factor representing the probability of latent topic zfz given C,. The

weighting factors represent the importance (probability, or frequency) of a
particular variation of a concept among the images associated with the concept.
They are used so that the resulting semantic distance measure is influenced to a

12
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greater degree by the variations that are more prevalent in the images of the

semantic concepts being measured.

14 Image-Based Semantic Distance Given Concept Appearance Variations

[0032] In view of the foregoing, embodiments of the image-based semantic
distance technique can implemented so as to establish a measure of an image-
based semantic distance between a pair of semantic concepts while accounting
for concept appearance variations. This is generally illustrated in the exemplary
embodiment of Fig. 3. Referring to Fig. 3, a semantic concept representation for
each semantic concept is computed based on images associated with the
concept, where each of the representations accounts for variations in the
appearance of the associated semantic concept as depicted in the images used to
compute the representation (300). In some embodiments, computing a semantic
concept representation entails using a latent topic visual language model which
captures the visual features of the variations in appearance in the form of a
conditional distribution for each variation considered, as described above. Once
the semantic concept representations are in place, a degree of difference is then
computed between the pair of semantic concept representations to produce the
semantic distance measure, where the computing entails computing a
combination of the degree of differences between each appearance variation
associated with a first of the semantic concept representations and each
appearance variation associated with the other of the semantic concept
representations (302). In some embodiments, the latter task involves computing
the difference degree as the square root of a sum of weighted Jensen-Shannon
divergences computed between each conditional distribution associated with the
first of the semantic concepts and each conditional distribution associated with the
other of the semantic concepts. For each Jensen-Shannon divergence computed,
the weighting can be based on the importance (probability or frequency) of the
variation in the images associated with the conditional distribution of the first
semantic concept and the importance of the variation in the images associated
with the conditional distribution of the other semantic concepit.

13
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2.0 Visual Concept Network

[0033] A visual concept network can be constructed using image-based semantic
distances. A visual concept network (VCNet) is a graph G(V,E, W), where

concepts are nodes v, € V,i=1,---, N and the semantic relationship between two
concepts is the edge e(v,,v;) € E,i, j=1,---,N . The image-based semantic

distance between the nodes is represented by the length (weight) of the edge
wel . If two concepts have a large image-based semantic distance, the edge

between them is long; otherwise short.

[0034] To avoid the overlapping of the concept nodes, a force-directed graph
layout technique can be adopted. Generally, edges between nodes are
represented as an attractive force, while nodes that do not share a tie are pushed

apart by some constraint to help prevent overlap.

[0035] The VCNet is useful in many multimedia related tasks, such as knowledge
representation, multimedia retrieval, and so on. This concept net models the
concept relationship in a graphical manner. In addition, it can maintain a much
larger and ever increasing corpus. One of the most direct applications of VCNet is
concept clustering. This task aims to cluster concepts in the image tags or
descriptions to help discover the main topic and summarization about the image.
Using VCNet, concepts with semantic connections are more likely to be clustered
together. Another application of VCNet is content-based web image/video
annotation, where the common paradigm is to annotate the images or video frame
by classification. This is done by either considering the concepts are independent
to each other, or incorporating the concepts relation into the model. VCNet also
has many other potential applications, such as query enpension, annotation

refinement, and so on.

14
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3.0 Concept Clustering

[0036] Image-based semantic distances can also be used directly for concept
clustering. Concept clustering is widely used for topic detection and
summarization in the textural domain. There are many tags and descriptions
associated with web images. Concept clustering approaches often use these tags
and descriptions to detect the main topic or summarization of these images.
However, the focus of the topic summarization in an image may not be the same
with that for the text. For instance, the image is more likely to focus on the main
object or scene, while the text focuses more on the story or point of view of the
author. Thus, an applicable concept distance measurement for textual domain

may not perform as well as the specific distance measurement for visual domain.

4.0 Image Annotation

[0037] Automatically annotating concepts for images is critical in web image
retrieval and browsing. Most of the state-of-the-art image annotation approaches
detect multiple semantic concepts in an isolated manner, which neglects the fact
that the concepts may be correlated to each other. The generative model of the
annotation process can be represented as Eq. (18).

w" =argmax P(w,[ ) (18)
wcl

where w is the annotation keywords, and w" is the best suitable keyword. I,

represents the unlabeled image. This annotation process equals to the

maximization of the joint probability P(w,1 ). The annotation performance may be

further boosted with consideration of the concept relations.

[0038] Based on this motivation, a Dual Cross-Media Relevance Model
(DCMRM) is proposed. This model assumes that the probability of observing the

annotation keyword w and the images 7/, are mutually independent given a

keyword v, and the relevance model is represented as follows.
15
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w' = arg max > P(I,|v)P(w|v)P(v) (19)

we vel
where w and v are two annotation keywords. P(/,|v) denotes the probability of
an untagged image /, given aword v. P(w|v) denotes the probability of a word

w given a word v. The image-based semantic distance is applied to calculate the

conditional probability P(w|v).

50 The Computing Environment

[0039] A brief, general description of a suitable computing environment in which
portions of the image-based semantic distance techniqgue embodiments described
herein may be implemented will now be described. The technique embodiments
are operational with numerous general purpose or special purpose computing
system environments or configurations. Examples of well known computing
systems, environments, and/or configurations that may be suitable include, but
are not limited to, personal computers, server computers, hand-held or laptop
devices, multiprocessor systems, microprocessor-based systems, set top boxes,
programmable consumer electronics, network PCs, minicomputers, mainframe
computers, distributed computing environments that include any of the above
systems or devices, and the like.

[0040] Fig. 4 illustrates an example of a suitable computing system environment.
The computing system environment is only one example of a suitable computing
environment and is not intended to suggest any limitation as to the scope of use
or functionality of image-based semantic distance technique embodiments
described herein. Neither should the computing environment be interpreted as
having any dependency or requirement relating to any one or combination of
components illustrated in the exemplary operating environment. With reference to
Fig. 4, an exemplary system for implementing the embodiments described herein
includes a computing device, such as computing device 10. In its most basic
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configuration, computing device 10 typically includes at least one processing unit
12 and memory 14. Depending on the exact configuration and type of computing
device, memory 14 may be volatile (such as RAM), non-volatile (such as ROM,
flash memory, etc.) or some combination of the two. This most basic
configuration is illustrated in Fig. 4 by dashed line 16. Additionally, device 10 may
also have additional features/functionality. For example, device 10 may also
include additional storage (removable and/or non-removable) including, but not
limited to, magnetic or optical disks or tape. Such additional storage is illustrated
in Fig. 4 by removable storage 18 and non-removable storage 20. Computer
storage media includes volatile and nonvolatile, removable and non-removable
media implemented in any method or technology for storage of information such
as computer readable instructions, data structures, program modules or other
data. Memory 14, removable storage 18 and non-removable storage 20 are all
examples of computer storage media. Computer storage media includes, but is
not limited to, RAM, ROM, EEPROM, flash memory or other memory technology,
CD-ROM, digital versatile disks (DVD) or other optical storage, magnetic
cassettes, magnetic tape, magnetic disk storage or other magnetic storage
devices, or any other medium which can be used to store the desired information
and which can accessed by device 10. Any such computer storage media may be
part of device 10.

[0041] Device 10 may also contain communications connection(s) 22 that allow
the device to communicate with other devices. Device 10 may also have input
device(s) 24 such as keyboard, mouse, pen, voice input device, touch input
device, camera, etc. Output device(s) 26 such as a display, speakers, printer, etc.
may also be included. All these devices are well know in the art and need not be
discussed at length here.

[0042] The image-based semantic distance technique embodiments described
herein may be further described in the general context of computer-executable
instructions, such as program modules, being executed by a computing device.
Generally, program modules include routines, programs, objects, components,

data structures, etc. that perform particular tasks or implement particular abstract
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data types. The embodiments described herein may also be practiced in
distributed computing environments where tasks are performed by remote
processing devices that are linked through a communications network. In a
distributed computing environment, program modules may be located in both local

and remote computer storage media including memory storage devices.

6.0 Other Embodiments

[0043] It is noted that any or all of the aforementioned embodiments throughout
the description may be used in any combination desired to form additional hybrid
embodiments. In addition, although the subject matter has been described in
language specific to structural features and/or methodological acts, it is to be
understood that the subject matter defined in the appended claims is not
necessarily limited to the specific features or acts described above. Rather, the
specific features and acts described above are disclosed as example forms of

implementing the claims.
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Wherefore, what is claimed is:

1. A computer-implemented process for establishing a measure of an
image-based semantic distance between semantic concepts, comprising using a
computer to perform the following process actions:

respectively computing a semantic concept representation for each
concept based on images associated with the concept (100); and

computing a degree of difference between two semantic concept
representations to produce said semantic distance measure for the pair of
corresponding semantic concepts (102).

2. The process of Claim 1, wherein the semantic concept
representations each take the form of a statistical distribution model of the images
associated with the corresponding semantic concept.

3. The process of Claim 2, wherein the statistical distribution models
are visual language models, each of which captures the visual characteristics of
the images associated with the corresponding semantic concept.

4. The process of Claim 2, wherein the degree of difference between
the semantic concept representations takes the form of a statistical distribution
divergence.

5. The process of Claim 4, wherein the statistical distribution
divergence is the square root of a Jensen-Shannon divergence computation
between the statistical distribution models.

6. The process of Claim 1, wherein at least one of the semantic

concepts comprises an object depicted in the images associated with the
corresponding concept.
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7. The process of Claim 1, wherein at least one of the semantic
concepts comprises a scene depicted in the images associated with the

corresponding concept.

8. The process of Claim 1, further comprising the process action of
computing an image-based semantic distance measure between each of multiple
pairs of semantic concepts, and using the measures to construct a visual concept
network comprising a graph having a separate node representing each semantic
concept and edges connecting the nodes representing the image-based semantic
distance measure computed between each connected node.

9. The process of Claim 1, further comprising the process action of
computing an image-based semantic distance measure between each of multiple
pairs of semantic concepts, and using the measures in a semantic concept

clustering application.

10.  The process of Claim 1, further comprising the process action of
computing an image-based semantic distance measure between each of multiple
pairs of semantic concepts, and using the measures in an image annotation

application.

11. A system for establishing a measure of an image-based semantic

distance between a pair of semantic concepts, comprising:

a general purpose computing device; and

a computer program having program modules executable by said
computing device, wherein the computing device is directed by the program
modules of the computer program to,

respectively compute a semantic concept representation for

each semantic concept based on images associated with the concept, wherein
each of said representations accounts for variations in the appearance of the
associated semantic concept as depicted in the images used to compute the
representation (300), and
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compute a degree of difference between the pair of semantic
concept representations to produce said semantic distance measure, wherein
computing the degree of difference comprises computing a combination of the
degree of difference between each appearance variation associated with a first of
the semantic concept representations and each appearance variation associated
with the other of the semantic concept representations (302).

12.  The system of Claim 11, wherein said variations in appearance are
attributable to at least one of differences in scale, orientation, object shape,

illumination, color and texture.

13.  The system of Claim 11, wherein the program module for computing
a semantic concept representation comprises a sub-module for computing each
semantic concept representation using a latent topic visual language model which
captures the visual features of said variations in appearance in the form of a
conditional distribution for each variation considered.

14.  The system of Claim 13, wherein prior to computing the latent topic
visual language model for a semantic concept representation, each image
associated with the semantic concept of the representation is characterized as a

collection of visual words.

15.  The system of Claim 13, wherein the program module for computing
the degree of difference between a pair of semantic concept representations,
comprises a sub-module for computing the difference degree as the square root of
a sum of weighted Jensen-Shannon divergences computed between each
conditional distribution associated with the first of the semantic concept
representations and each conditional distribution associated with the other of the
semantic concept representations, wherein for each Jensen-Shannon divergence
computed, the weighting is based on the importance of the variation in the images
associated with the conditional distribution of the first semantic concept
representation and the importance of the variation in the images associated with

the conditional distribution of the other semantic concept representation.
21



WO 2010/062625 PCT/US2009/062264

100 Respectively Compute A Semantic
Concept Representation For Each Concept
Based On Images Associated With The

Concept

'

Compute A Degree Of Difference
Between Two Semantic Concept
Representations To Produce A Semantic
Distance Measure For The Corresponding
Pair Of Concepts

FIG. 1

\

Concept 1

Images Depicting 204

Concept 1

/208

Visual Language Model
of Concept 1

Concept 2

Images Depicting 206

Concept 1

/210

Visual Language Model
of Concept 2

I

Jensen-Shannon
Divergence Computation

212
/

FIG. 2

1/2



WO 2010/062625

PCT/US2009/062264

300

Compute A Semantic Concept
Representation For Each Semantic
Concept Based On Images Associated
With The Concept, Where Each Of The
Representations Accounts For Variations
In The Associated Concept’s Appearance

I

302 \

Compute A Degree Of Difference
Between The Pair Of Semantic Concept
Representations To Produce The
Semantic Distance Measure By Computing
A Combination Of The Degree Of
Difference Between Each Appearance
Variation Associated With A First Of The
Semantic Concept Representations And
Each Appearance Variation Associated
With The Other Of The Semantic Concept
Representations

FIG. 3

System Memory

Removable
Storage I

Non-Removable
Storage I

Volatile

Processing Unit

Output Device(s)

Non-Volitile

24

Input Device(s) H/

22

Communication
Connection(s)




	Page 1 - front-page
	Page 2 - front-page
	Page 3 - description
	Page 4 - description
	Page 5 - description
	Page 6 - description
	Page 7 - description
	Page 8 - description
	Page 9 - description
	Page 10 - description
	Page 11 - description
	Page 12 - description
	Page 13 - description
	Page 14 - description
	Page 15 - description
	Page 16 - description
	Page 17 - description
	Page 18 - description
	Page 19 - description
	Page 20 - description
	Page 21 - claims
	Page 22 - claims
	Page 23 - claims
	Page 24 - drawings
	Page 25 - drawings

