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Abstract

In this paper, we describe a new paradigm for °
information retrieval in which the retrieval target is based
on a model. Three types of models — linear, finite state,
and knowledge models are discussed. These information
retrieval scenarios often arise from applications such as
environmental epidemiology, oil/gas production and
exploration, and  precision  agriculture/forestry.
Traditional model-based data and information processing
usually requires the processing of each and every data®
points. The proposed new framework, in contrast, will
process the data progressively using a set of progressive
models and utilize indexing techniques specialized for the
model to facilitate retrieval, thus achieving a dramatic
speedup.

1. Introduction

Most existing information retrieval applications are
based on similarity retrieval of templates or examples, °
such as similarity retrieval of text and image documents.
In such retrievals, the query usually consists of a number
of keywords or phrase (for text retrieval), or features of an
image (for image retrieval) [4-10]. Each of the
documents (text or image) in the database is usually
represented as one or more vector(s) in a multi-
dimensional feature space. The query processing of such
similarity retrieval usually involves identifying in the
feature space those vectors that have the smallest

be used to assess the risk of various regions to a
major disease outbreak.

Fire ants: Fire ants can cause severe damages to
crops and livestock. So it is important to be able to
predict when and where these fire ants will fly.
Model already exists for predicting this information
based on a combination of ground moisture (can be
extrapolated from remotely sensed images), and
temperature (which is monitored by the weather
stations).

Oil/gas production and exploration: Oil and gas
explorations frequently require the integration (or
fusing) of information from seismic data and various
instruments. The integration and fusing of
information is frequently performed based on various
knowledge models. As an example, a geologist may
be looking for a strata region consisting of shale, on
top of sandstone, on top of siltstone. Additional
specifications such as the Gamma Ray response has
to be higher than a certain number can also be
included in the specifications.

Precision agriculture and forestry: These applications
usually provide site-specific crop or forest
management. Area of interests may include
monitoring the growth condition, determining the
optimal time for harvesting, monitoring the watershed
condition, etc. Many of these applications may
involve the integration (or fusion) of multi-modal
information to produce the final interpretation.

The main challenge of applying models to large

query target.
This similarity retrieval paradigm, however, is not

only require the retrieval of a very small subset of the
results that maximize or minimize the model, almost all

entirely suitable for many scientific and business decision €Xisting methods require applying the modefuentially
support applications, which are mostly based on models.0ver the entire region of the data. In this paper, we

For examples:
* Environmental epidemiology: Many environmental

propose a model-based information retrieval framework to
address this challenge.

The main components of this

epidemic diseases such as Denge fever, Hantavirustamework include

Pulmonary Syndrome (HPS), malaria, and Lyme
disease are usually carried by insects or rodents.
There already exist various disease outbreak models®
that incorporate remotely sensed images, weather
information, GIS (geographic information system)

and demographic information to predict the location

of the outbreak. The results of these models can then

Decompose the model
represented model,
Decompose the data in the archive into a progressive
data representation which consists of multiple
abstraction levels (raw data, features, semantics and

metadata) and multiple resolutions, and

into a progressively



«  Apply model-specific indexing techniques on the data
in the archive.
By using this framework, we have demonstrated that

loan approval. The complete FICO credit score, which
ranges from 300 to 900, has sevehaindred parameters
with a model similar to the one below:

several order-of-magnitude speedups can be achieved for

those applications described above.

The organization of this paper is as follows: Section 2
describes the preliminary of models that frequently arise
in scientific and business decision support applications.
The proposed model-based information retrieval
framework is described in Section 3. The performance
metric is defined in Section 4. Section 5 briefly
summarizes this paper.

2. Preliminary

In this section, we will describe three types of model
that are commonly encountered in model-based multi-
modal information retrieval: linear model, finite state
model, and knowledge model.

2.1 Linear Time-Invariant Model

A linear time-invariant model refers to a linear
regression model and its variations. The model is time
invariant as none of the coefficients of the model are time
varying. In general, the model has the following form:

Y=aX;+aXs+ ... +aX,,

FICO = 900 — X, -

where the attribute ¥ include

* Late payments

* The amount of time credit that has been established

* The amount of credit used versus the amount of credit
available

» Length of time at present residence

* Employment history

* Negative credit information such as bankruptcies,
charge-offs, collections, etc.

The parameters have been chosen such that this
model can accurately predict the probability of
foreclosures. It has been shown that the probability of
foreclosures is less than 2% when the score is higher than
680, while the probability of foreclosures increases to 8%
if the score is less than 620.

2.2 Finite State Model

A finite state model usually involves the description
of system states through the usage of finite state machines.
Finite state machines have been used intensively for
compiler design, natural language understanding, and
sequential logic synthesis.

where eachX; represents the data itself or derived
attributes/features from the multi-modal information
sources, while the coefficiers; represents the weights
(relative contribution) of the attribute derived from the
data. Well known techniques exist in deriving the
“optimal” weights based on collections of data. As an
example, in the Hantavirus Pulmonary Syndrome (HPS)
example, the risk assessment model for the risk associate
with a location (x,y) is:

R(X,y) = 0.443X+ 0.222% + 0.153% + 0.183 X,,

whereX;, X,, andX; correspond to the pixel value of band
4,5 and 7 of Landsat Thematic Mapper image at location
(x,y), while X, corresponds to the elevation (in meters)
from the corresponding DEM (digital elevation map). In
general, the weights of this model can be “trained” by
using historical data (previous disease incident reports
compiled by those public health officials) in conjunction
with the corresponding images and other data. Method
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Figure 1. Finite state model of the fire ants
scenario.

such as linear regression techniques have been widely

used to derive the optimal coefficients for the model.
A second example of the linear model is the credit

Finite state model is also a sophisticated modeling
framework for many environmental, ecological, and
economical phenomena. An example is the fire ants

risk modeling, such as the one used by FICO (Fair, Isaacgcenario, as shown in Fig. 1, in which the fire ants of a

& Co.) for evaluating the credit scores of individuals for

region will fly if the region has some rain fall, and then



remain dry for at least three days. In addition, the data. Consequently, Bayesian network has become a
temperature needs to reach 25 degrees Celsius or highepopular representation for encoding expert knowledge in
for that region. In general, finite state model is widely expert systems. Recently, methods have been developed

used to describe models with complex behavior. to learn Bayesian networks from data.
As an example, the high risk houses that are
2.3 Bayesian Network and Knowledge Model vulnerable to Hantavirus Pulmonary Syndrome can consist

of the following rules:

» Area of houses, which are

» surrounded by bushes, and has

» weather pattern of raining season followed by a dry
season.

Figure 2 shows an example of such a region based on a
high-resolution satellite image. The Bayesian network
representation of this model is shown in Fig. 3. Note that
this model is multi-modal, as it consists of data from
images and weather pattern.

Another example, as shown in Fig. 3, shows the
riverbed consisting of:
» shale, on top of
* sandstones, on top of
» siltstones, and
* the Gamma ray of these region is higher than 45.
Note that this model is also multi-modal, as it consists of
data from both images and well log traces (1D series).

Figure 2. Regions of high risks to Hantavirus
Pulmonary Syndrome.
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3. Model-Based Information Retrieval

house
surrounded
by bushes

Model-based information retrieval emphasizes

locating data series or subsets which not only satisfy the
High Risk qguery model criterion but also best represent the class of

House selected data. Similar to other types of information

Figure 3. Bayesian network for representing regions retrieval, the top-K choices based on the ranking
with high risk to Hantavirus Pulmonary Syndrome. evaluated by the model is usually desired. Using the

models described in the previous section as examples,
The linear model is used to locate top-K sets of tuples

(X1, Xa,....,X,) where the model described by the



linear regression equationX, + &X, +...+ gX, is
maximized or minimized.
The finite state model is used to locate the top-K data

patterns that satisfy a model that can be described byl.

a finite state machine. When the finite state machine
extracted from the data is slightly different from the
target finite state machine, it is also possible to define

a distance between these two finite state machines3.

based on their similarities.

The Bayesian network and knowledge models are 4.
used to locate the top-K data patterns that satisfy the 5.

fuzzy and/or probabilistic rules specified within the
model.
These models are usually tightly coupled with various
decision support applications, as described in Section 1.
This problem is related to, though different from, the
system identification problem. For single-input single-
output systems, we denote the input to the systeXi(g§s
and the output from the system &4t). The system,

processing usually involve the following process (as
shown in Fig. 5):

Develop a hypothetical decision model (linear model,
finite state model, or knowledge model),

2. Using the available multi-modal data to fit the model
and determine the model coefficients,

Use the model to identify and retrieve subset of the
data that satisfy the model constraints

Use the retrieved data to revise the model.

Apply the revised model to a much bigger data set.

6. Repeat steps 3 and 4 as many times as necessary.

The first two steps calibrate the model based on a training
set, while the remaining steps involve applying the model
for information retrieval, potentially on a very large
archive. There have been intensive studies elsewhere for
developing models based on small training set. Most
existing methods will then require sequentially applying

which is usually characterized by the system transfer the model on the data in the data archive. Substantial re-

function H(s), can be computed from the inpX¥(s) and
the outputY(s) of the system by using the following
relationship:

H(s) =Y(s)XX(s)

whereX(s), Y(s), andH(s) are the Laplace transformation
of X(t), Y(t), and H(t), respectively. Once the system

computation on the entire data set is required even when
there is a small revision of the model. There are very little
investigations on speeding up model executions for large
archives (required at step 5 in the workflow described
above). Consequently, it is extremely difficult to make
small revisions on the model based on the data archive.

In this paper, we propose the following framework to
facilitate a substantial speedup on model-based

transfer function is identified, a system representation thatinformation retrieval: (1)progressive model execution
has the identical system transfer function can then beusing progressive data representatioand, (2) high-

constructed.

Bxample:
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Figure 5. Workflow for utilizing model-based
information retrieval.

Similar to system identification problem, most of the
existing approaches for model-based information

dimensionalndexing supporfor the decision models.
3.1 Progressive Model and Data Representation

Execution of the model progressively allows
incremental generation of model predictions. This will
enable the execution of the more complete version of
the model on those regions that have been predicted to
be high risk, thus resulting in more accurate predictions
for those regions with high interests sooner.

Progressive models usually involve the generation
of increasingly coarse representations of the same
model. In the linear model case, the risk model for the
disease at location (x,y) and time t is

R (X,y,t) =a Xl(x=yvt) & X2 (va7t)+
az Xz (x,y,t)+a R (X, Y, t-1)
If |as,&| >> |&, &| then, a coarser representation of the
model forRisk (x,y,twill be
R*(X,y,t) ~a Xl(XLyvt) & X2 (X1y7t)
ConsequentlyR(x,y,t)andR (x,y,t)represent two levels of
progressive models.

In general, the generation of progressively coarser
representation of a model can be accomplished by
analyzing the relative contribution of each parameter to
the overall model.  This is related to query planning



issues in query optimization for object-relational For finite state and Bayesian-network-based models,
databases. However, query planning usually rearrangesndexing techniques may not be suitable. A dynamic
the execution order so that operations resulting in programming based search space pruning technique,
maximal filtering will be executed earlier. In contrast, SPROC (Sequential Processing of Fuzzy Cartesian
progressive model generation will select those operationsQueries) was proposed in [15] to reduce the
that are most relevant to the final results to be executedcomputational complexity fromO(L™ ) to O(MKL?),
first. wherelL is the size of the databaseV, is the number of

A complementary dimension that further enhances the rules, andK is the number of retrievals. This complexity
incremental model execution is the use of progressive datais further reduced t@©(ML log L + sqrt(LK) + K? log K)
representations. Two orthogonal dimensions exist for in [16].
generating progressive data representationgviulti-
resolution representationsuch as wavelets can be used 4. Model Performance
to provide rough approximations of information at low
resolutions (low data volumes), with more detailed views
at higher resolutions [1-3]. In contrastnultiple

abstraction level representatiomsly on the fact that raw The model accuracy for predicting the risk is captured
information can be processed into alternate formulation_s by two types of errors made at ealdtationt (1) High

such as f_eatures (texture, color, shape, etc.) and se_ma_nUcaSkS regions which are considered to be low risk (misses),
that require lower data volumes at the expense of fidelity. (2) Low risks regions which are considered to be high risk
For example, contours can be computed from a data array(false alarms).  These two types of errors may carry
allowing for very rapid identification of areas with low or different implications, and thus tradeoffs can be made for

highppara}metler valuis, but ‘r’]\'ith a I_osslgf aﬁcurac%/b , minimizing one type of the errors at the expense of the
reviously, we have shown in [ ]t_at a -tlme_s other, or for minimizing the combined errors. We
speedup can be achieved through applying progressive

. ; : assumed that the risk model is used to predict the number
classmcg'_uon_on progress_lvel_y represented dat_a. This tYPe oecurrences of an evenB(x,y) In the formulation
of classmcatlon of S’?“e”'te Images can be viewed as a below, low risk is associated with zero occurrence of an
sEemal case of apﬁlymg Bayesw_m network. dWe have atlsoevent, while high risk is associated with more than zero
shown I [12] that a 4-8 times speedup can D€ .., rence of this event. The cost associated with an error
accomplished through applying feature extraction at a particular locatiorC(x,y) is defined as
progressively on progressively represented data. By C(xy) = CmP, (x,y)P[O(x,y)=0] +
applying progressive model execution on progressively ' c Py (xng/)P,[O(x y)>b]
rr—_zpresented data,_ a substantial speedup compe_lred to us"\%herecm and ¢ are the c,ost of m,aking misses and false
either progressive models or progressive data alarms, respectively. The probability of making the miss
representation can usually be achieved. error, Py(x.y), is defined as

1 om 1 h
Pm (X,y) = Prob[ R(x,y) > T | O(x,y) = 0]

whereR(x,y)is the risk predicted by the model outlined in
the previous sections, whilkis the decision threshold for

h'V'OStR?f the high'qime”Si?”""' i”d.efing techniques pion visk  Similarly, the probability of making the false
sucn as tree are Optlmlzed or Spatla range queries. alarm error, is defined as

These techniques have also been utilized for processing —

similarity-based queries by pruning the search space e ovePf (y)=Prob[ R(xy) < T]O(xy) > 0]
through range queries [14]. However these techniques areq yefine
sub-optimal for model-based queries, as these indices do

not indicate where to find data points that will maximize

the model. relative importance of the risk at that location, such as the

An indexing technique, Onion, based on convex hull ;o 5t of the location. These factors are not captured
was proposed in [11] to address the issue of locating by C(x.y)

tuples that optimize (either maximize or minimize) a
linear model. Experimental results have shown, with
three-parameter Gaussian distributed data sets, a speed-
of 13,000 fold is achieved for retrieving the top-one
choice while a speed-up of 1,400 fold is achieved for
retrieving the top-ten choices, both measured against
sequential scan of the unindexed data set.

4.1 Model accuracy

3.2 High-Dimensional Model-Based Indexing Support

rall model performanc€s, for the entire region
d as

CT: EEW(Xiy)C(va)
The weight at each locatiow(x,y) is determined by the

Another measure of the model accuracy is related to
the usage of the model prediction. In many applications,
YWe objective is to utilize the model for decision support in
order to identify locations with the highest risk, as
described in the previous section. Consequently, the
measure of accuracy for the top-K retrieval can be defined
in terms of precision and recall. Theecisionis defined



as the percentage of retrieved results that are correctenvironmental epidemilogy, oil/lgas exploration, and
while the recall is defined as the percentage of correct precision agriculture/forestry.
results that are retrieved. The correct results are defined

as those locations within a region whe@(x,y) > O 6. Acknowledgement
Since the risk model is used to predict the occurrence of

events, the top-K retrieval is really based on the ordering This work was funded in part by IBM/NASA CAN
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The efficiency of the model-based information

retrieval is related to both the complexity of the model as
well as the size of the data.

Using the environmental epidemiology as an . . .
example, we are only interested in retrieving K locations [1 J: R. Smith and S.-F. Chang. Joint adaptive space
that have the highest risk to a certain disease. Assuming2nd frequency graph basis selection. In IEEE Proc. Int.
that a linear model is used in assessing the risk, it is CONf- Image Processing (ICIP), Santa Barbara, CA,
necessary to process the linear model on all of the data inOCtoPer 1997.
order to produce the top K choices that have either the
maximum or minimum values when computing the model.
Consequently, it would requiréD(nN) computations,
where n is the computational complexity of the linear
model and is directly related to the number of additions
and multiplications used in computing the model value of
each location, and\ is the total number of locations that . _ . .
are under considerations. Additional computations are [3] J. R. Smith, V Castelli, and C.-S. LL. Adaptwe
required in order to sort the results and produce thekiop storage and retnev_al of large compressce_d IMages. In
output. If this model only needs to be used once, there is'S&T/SPIE Symposium on Electronic Imaging: Science

probably no alternative other than compute every location 21d Téchnology - Storage & Retrieval for Image and
before generating the maximum and/or minimum Yideo Databases Vil, San Jose, CA, January 1999.

locations. . .
In contrast, progressive model execution allows the [4] M- Flickner, H. Sawhney, W. Niblack, J. Ashley, Q.

reduction of the total complexity of the model fra@{nN) Huang,_ B. Dom, M. Gorkani, J.Hafl\"n\er, D. Lee_n D.
to O(N/(pg)) where pn, and py are the effective Petkov_lc, D. Steele, and P. Yanker, Querx by image
complexity reduction ratiodue to progressive execution 2nd video content: The {QBIC} system” IEEE
of the models and data representations, respectively. Computer, vol. 28, no. 9, pp. 23 -- 32, September 1995.
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